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Abstract

The rapid integration of artificial intelligence into medical imaging has created new op-
portunities for improving both clinical diagnosis and secure patient identification. Among
medical imaging modalities, retinal fundus photography is particularly valuable due to the
uniqueness, stability, and diagnostic richness of the retinal vascular network. Retinal im-
ages simultaneously encode highly discriminative biometric patterns and clinically significant
biomarkers associated with ocular and systemic diseases. However, existing studies typically
address biometric recognition and pathology classification as separate tasks, limiting the
development of unified intelligent systems.

This thesis proposes an integrated framework for intelligent retinal image processing in med-
ical biometric applications, combining deep learning, evolutionary hyperparameter optimiza-
tion, and multitask learning. A robust retinal authentication pipeline is developed, including
advanced preprocessing, residual attention U-Net vessel segmentation, Gaussian-weighted
patch reconstruction, and multi-modal feature extraction incorporating morphological, topo-
logical, and texture-based descriptors. Furthermore, hyperparameter optimization strate-
gies are systematically evaluated, demonstrating the effectiveness of the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) in achieving improved convergence and general-
ization compared to conventional methods. Finally, a unified multitask architecture with
dual backbones and attention mechanisms is introduced to simultaneously perform biometric
identification and multi-label pathology classification.

Experimental validation on multiple public and clinical datasets confirms high recognition
accuracy, strong robustness to image perturbations, and competitive diagnostic performance.
The results demonstrate that retinal fundus images can serve as dual-purpose data sources,
supporting secure authentication and automated clinical assessment within a single intelli-
gent framework.

Keywords: Medical Biometrics, Retinal Authentication, Hyperparameter Optimization,
Multitask Learning, deep learning, retina.
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Résumé

L’intégration rapide de l’intelligence artificielle dans l’imagerie médicale ouvre de nouvelles
perspectives pour le diagnostic clinique et l’identification sécurisée des patients. Parmi les
modalités d’imagerie, la photographie du fond d’œil se distingue par l’unicité, la stabilité
et la richesse diagnostique du réseau vasculaire rétinien. Les images rétiniennes contiennent
simultanément des motifs biométriques hautement discriminants et des biomarqueurs clini-
quement pertinents associés à diverses pathologies oculaires et systémiques. Toutefois, la
majorité des travaux existants traitent la reconnaissance biométrique et la classification des
pathologies comme des tâches indépendantes, limitant ainsi le développement de systèmes
intelligents unifiés.

Cette thèse propose un cadre intégré de traitement intelligent des images rétiniennes pour
des applications biométriques médicales, combinant apprentissage profond, optimisation évo-
lutive des hyperparamètres et apprentissage multitâche. Un pipeline robuste d’authentifica-
tion rétinienne est développé, incluant un prétraitement avancé, une segmentation vasculaire
basée sur un U-Net à attention résiduelle, une reconstruction pondérée gaussienne et une ex-
traction multi-modale de caractéristiques morphologiques, topologiques et texturales. L’op-
timisation des hyperparamètres est étudiée de manière comparative, mettant en évidence
l’efficacité de la méthode CMA-ES en termes de convergence et de généralisation. Enfin,
une architecture multitâche unifiée, fondée sur une double architecture backbone avec mé-
canismes d’attention, permet l’identification biométrique et la classification multi-étiquettes
des pathologies.

Les résultats expérimentaux confirment la précision biométrique, la robustesse face aux per-
turbations et des performances diagnostiques compétitives.

Mots-clés : Biométrie médicale, Authentification rétinienne, Optimisation des hyperpara-
mètres, Apprentissage multitâche, Apprentissage profond, Rétine.
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ڲڪٌۘ
اܳྥލۛ٭ݧ ඔ൹ܳٺۜފ ༥ڎࢴࣖة ڣݠص ۰༡؇ّإ ሌᇿإ ม฀اܳޚ اܳٺݱިߌߵ ሒᇭ وّޚٴ٭گ۳؇ ሒᇼ؇ݬޚٷ৖৑ا اႤ၍ᄳᄟء ّگٷ٭؇ت ሒᇭ ا๤ཏܳلؕ اܳٺޚިر أدى
ᄎჼاܳލٴ ܳٺڰݠد َޙݠاً ଩ଃஓ஄اً اܳٺݱިߌߵ وݿ؇فܭ ଫ଒أ܋ ݆݁ ඔ൹اܳأ ڢ؇ع ݬިر وّأُڎ .๮ཚݠৎ৊ا ل۰ ި۱ আॻ༟ ݆݁৚৑ا اܳٺأݠف وᆙᆕ؇ن ا๤ཏܳߌߵي
إݪ؇ڣ۰ اᄴᄟڢ۰، ༟؇ܳ٭۰ ل۰ ଫଐ݁ިਃಸ أஓ஁؇ط আॻ༟ اܳݱިر ۱ڍه ොູٺިي إذ اܳྥލۛ٭ݱ٭۰. ً؇ৎ৊أߺࠊ݁؇ت وؗٷ؇۱؇ واݿٺگݠار۱؇ اܳލٴܝ٭۰ ۰ਃಮ؇༟ިܳا
ؕ݁ ਐಾأ؇݁ܭ اࠍ੆؇ܳ٭۰ اᄴᄟراݿ؇ت ݁أޙܾ ڣ؆ن ،ዻዧذ و݁ؕ ݁ٺأڎدة. ل۰ وۏ۳؇ز ؜٭ྡྷ٭۰ ً؊ਵਦاض ߙߵਊಾޔ ۰݄ዛᔻ ل۰ ۋ٭ި ݁ޝ๤ཇات ሌᇿإ
إޗ؇راً ۰༡ޗݠو৙৑ا ۱ڍه ّگڎم ༡ި݁ڎة. ذ܋٭۰ أَޙ۰݄ ّޚިߌߵ ݆݁ ොຬڎ ؇ᆙᆘ ،ඔ൹ܹ݁ٷڰݱ ඔ൹ܳ؇༶ᆇᅒ اਵਦ৙৑اض وّݱྡྷ٭ژ اܳٴ٭ଫଐ݁ިي اܳٺأݠف
గጻዧأ؇ఈః݁ت اܳٺޚިري ඔ൹واܳٺۜފ اܳأ݄٭ݑ، اܳٺأ޺޾ ඔ൹ً ؕᆇ໶໕ اܳޚٴ٭۰، ل۰ ଫଐ݁ިاܳٴ٭ اܳٺޚٴ٭گ؇ت ሒᇭ اܳލٴܝ٭۰ ܳݱިر اᄳᄟ܋٭۰ ۰੊أ؇ࠍగጻዧ ఈًః݁Ⴄၽ݁ٺ
ل۰ ި݁ᄴᄟا ا৙৑و؜٭۰ وّگފࡗࡲ اৎ৊ٺگڎ۰݁، اৎ৊ފٴگ۰ ۰੊أ؇ࠍৎ৊ا ૰૏݄ܭ اܳލٴܝ٭۰ గጻዧݱ؇دڢ۰ ݁ٺႤၽ݁ܭ َޙ؇م ّޚިߌߵ ቕቆ ا۳ৎ৊؇م. ݁ٺأڎد واܳٺأ޺޾ اܳڰ؇فگ۰،
اஓ஁৙৑؇ط ݁ٺأڎدة ۊݱ؇فݧ اݿٺۛݠاج ሌᇿإ إݪ؇ڣ۰ ،๴ངاܳ؞؇و ً؇ଫଐܳۏ٭ں اܳٴٷ؇ء و༟ᎂ؇دة ݁ٺٴࠔࠫ، اཹྥٴ؇ه ً؋ܳ٭۰ U-Net ᄎჼނٴ ً؇ݿٺ༱ڎام
ۊިارز݁٭۰ أཿྟٺب ۋ٭ت اܳڰ؇فگ۰، اৎ৊أ؇ఈః݁ت ඔ൹ފොູ اݿଫଐا౯౏ళ٭؇ت ّگ٭ࡗࡲ ቕቆ პაႰ واܳྡྷފ٭۠٭۰. واܳޚިًިܳިۏ٭۰ اܳލၯၽ٭۰ اࠍ੅ݱ؇فݧ ૰૜݄ܭ
ඔ൹ਐಱ݁أ݄؇ر আॻ༟ ّأٺ݄ڎ ا۳ৎ৊؇م ݁ٺأڎدة ّأ޺޾ ྲྀྡྷ٭۰ اڢଫଐاح ቕቆ وأଫଃ༠اً، اܳٺأ݄ࡗࡲ. وڢڎرة اܳٺگ؇رب ۰༟๤ང ۋ٭ت ݆݁ ؇ዛውڣأ؇ܳ٭ CMA-ES
اܳٺ۠ݠ཯ྟ٭۰ ༇຀؇اܳٷٺ ᄕცّޝ ༡ި݁ڎ. ஓ஁ިذج ሒᇭ اܳލٴܝ٭۰ أਵਦاض وّݱྡྷ٭ژ اܳٴ٭ଫଐ݁ިي ً؇ܳٺأݠف ૭૏݄ں ؇ᆙᆘ اཹྥٴ؇ه، آܳ٭؇ت ؕ݁ ඔ൹ٺ྘أݿ؇ݿ

਍ಾ؇ڣފ٭ً؇. ૰૜ۛ٭ݱ٭ً؇ ً وأداء ،ྸะިاܳྥލ أ݁؇م و݁ٺ؇۰َ اܳٴ٭ଫଐ݁ިي، اܳٺأݠف ሒᇭ ༟؇ܳ٭۰ دڢ۰
اܳލٴܝ٭۰. اܳأ݄٭ݑ، اܳٺأ޺޾ ا۳ৎ৊؇م، ݁ٺأڎد اܳٺأ޺޾ اܳڰ؇فگ۰، اৎ৊أ؇ఈః݁ت ඔ൹ފොູ اܳލٴܝ٭۰، اৎ৊ݱ؇دڢ۰ اܳޚٴ٭۰، ل۰ ଫଐ݁ިاܳٴ٭ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
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General Introduction

1. Context

Medical imaging has become indispensable in modern clinical practice, providing criti-
cal insights into human health and disease. Among various modalities, retinal fundus
photography is particularly valuable due to the unique, stable, and diagnostically rich
nature of the retinal vascular network. Beyond its primary role in ophthalmic diagnosis,
the retina encodes highly discriminative individual-specific patterns, giving rise to a novel
research domain: medical biometrics. Unlike traditional biometrics, which rely on external
features, medical biometrics leverages internal physiological markers that are difficult to
forge, are routinely acquired during clinical care, and rely on the longitudinal stability of
retinal imaging as a cornerstone of emerging patient identification systems. To realize this
potential, advanced computational methods, particularly artificial intelligence and deep
learning, have been increasingly applied to retinal image analysis.

2. Research Problem

Despite advances in artificial intelligence and deep learning for medical image analysis,
challenges persist that hinder the development of reliable, integrated retinal biometric
systems.

First, many existing retinal recognition approaches lack robustness in real-world clinical
environments. Retinal images often suffer from changes in illumination and differences
in acquisition devices. Patient movement and noise can also affect image quality. These
issues degrade vascular patterns, which are the primary biometric features. Earlier systems
often used handcrafted descriptors or simple deep learning pipelines. Such methods may
not capture the complex vascular structures needed for accurate identification.

Second, deep learning models designed for retinal analysis are highly sensitive to hy-
perparameter configurations, such as learning rates and regularization strategies, which
play a crucial role in determining model performance. However, in many studies, these
parameters are selected through manual experimentation, which is often time-consuming
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and subjective. Such practices limit the reproducibility of results and reduce models’
ability to generalize across heterogeneous datasets from different imaging devices or clinical
populations.

Biometric recognition and retinal pathology analysis were once studied separately. However,
both rely on the same anatomical structures, especially the vascular network. Diseases
like diabetic retinopathy can alter these structures over time. This affects the stability
of biometric features. Clinical datasets are often heterogeneous, imbalanced, and only
partially annotated. This makes model development and evaluation more difficult. Retinal
images contain both biometric identity and sensitive medical biomarkers. This raises
concerns about privacy and data security.

These limitations show the need for new methods. Such methods must address both
biometric and clinical goals. There is a growing demand for robust authentication that
works under varied conditions. Systematic hyperparameter optimization can make models
more reliable and reproducible. Also, unified deep learning frameworks could combine
biometric identification and retinal pathology analysis. These frameworks would use a
single multitask architecture that adapts to clinical variability.

3. Research Objectives

The main objective of this thesis is to develop intelligent retinal image analysis techniques
that enable both reliable biometric recognition and automated detection of retinal pathology.
To achieve this objective, the research focuses on three key goals:

1. Designing robust vascular feature extraction techniques capable of capturing discrim-
inative retinal patterns for biometric identification

2. Investigate efficient hyperparameter optimization to boost deep learning performance
and generalization

3. Develop a unified multitask framework for biometric identification and retinal pathol-
ogy classification.

4. Thesis Contributions

This thesis presents three main contributions to medical retinal biometrics .

The first contribution is a retinal authentication framework using robust vascular feature
extraction. This framework integrates advanced preprocessing, vessel segmentation via a
Residual Attention U-Net, and multi-modal feature descriptors based on morphological,
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topological, and texture features of the retinal vascular network.

The second contribution is a systematic study of hyperparameter optimization strategies
for retinal biometric systems. Specifically, it evaluates grid search, random search, Bayesian
optimization, and CMA-ES to identify configurations that enhance model performance
and generalization.

The third contribution is a unified multitask deep learning architecture that performs
both biometric identification and multi-label retinal pathology classification. By leveraging
shared representations from retinal images, this approach boosts both biometric and
diagnostic results.

5. Significance

This research contributes to clinical practice by enabling automated patient identification
directly from retinal images, reducing administrative errors, and supporting longitudinal
monitoring. Methodologically, it demonstrates the mutual benefit of combining biometric
and diagnostic objectives, extending multitask learning to medical imaging. Ethically, it
addresses privacy concerns through responsible AI design. Practically, it bridges the gap
between research prototypes and deployable clinical systems.

6. Thesis Structure

This dissertation is organized into six chapters.

Chapter 1 introduces the fundamental concepts of medical biometrics and presents the
main characteristics of retinal biometric systems.

Chapter 2 presents the theoretical foundations of artificial intelligence and deep learning
techniques used in biometric recognition and medical image analysis.

Chapter 3 describes the proposed retinal authentication framework based on vascular
segmentation and multi-modal feature extraction.

Chapter 4 investigates hyperparameter optimization strategies for improving the perfor-
mance of retinal biometric models.

Chapter 5 presents the proposed multitask deep learning architecture for unified retinal
biometric identification and pathology classification.

Finally, Chapter 6 concludes and summarizes the main findings of the thesis and discusses
potential directions for future research.
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Chapter 1

Fundamentals of Medical Biometrics

1.1 Introduction

Accurate patient identification is a fundamental prerequisite for safe and effective healthcare.
Misidentification remains a persistent challenge worldwide, with studies reporting that up
to one in ten patients may experience errors during hospital admission or registration (Li
et al., 2020). Such errors can have severe consequences, including incorrect medication
administration, diagnostic delays, inappropriate treatment, and compromised patient
safety. Therefore, ensuring reliable patient identification is not merely an administrative
requirement but a critical component of clinical care quality and patient safety.

The digitization of healthcare systems has led to the systematic acquisition and long-term
storage of large volumes of patient physiological and medical imaging data. Commonly
collected modalities include retinal fundus images and optical coherence tomography
(OCT) scans, which are routinely acquired for diagnosis, screening, and longitudinal
patient monitoring. These extensive repositories, integrated within modern hospital
information systems, provide unprecedented opportunities to exploit medical data for
secondary applications, including biometric recognition systems. The convergence of large-
scale clinical data availability and advances in computational technologies, therefore opens
new perspectives for developing integrated solutions that combine healthcare analytics
with secure patient identification.

Parallel to this growth in medical data, artificial intelligence (AI), particularly deep
learning, has advanced significantly. Deep learning-based representation learning enables
the automatic extraction of highly discriminative and invariant features from complex
medical data, surpassing traditional handcrafted methods in terms of robustness and
scalability (Esteva et al., 2021). Additionally, multitask learning frameworks have emerged
as a promising paradigm, allowing the simultaneous optimization of multiple related
objectives within a single model (Chen et al., 2021). In the context of medical biometrics,
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this approach enables systems to perform patient identification while extracting clinically
relevant information, thereby creating a dual-use framework that aligns with both security
and healthcare objectives.

Traditional biometric systems primarily rely on externally observable traits such as finger-
prints, facial appearance, and voice. Although these modalities have achieved widespread
success in civil and commercial applications, their deployment in healthcare environments
faces limitations. External traits are vulnerable to spoofing, subject to degradation from
injury or aging, and may conflict with clinical workflows and hygiene requirements. In
contrast, medical biometrics exploit internal physiological characteristics that are intrinsi-
cally linked to human anatomy and clinical examination. Endogenous identifiers, such as
retinal vascular patterns, are inherently difficult to forge, exhibit strong individuality, and
often demonstrate high longitudinal stability (Simon and Goldstein, 1935; Yu et al., 2025).

The integration of AI and deep learning with medical biometrics enables the extraction of
complex, high-dimensional representations directly from physiological and imaging data.
Modern learning architectures facilitate robust feature extraction from modalities such
as fundus images, OCT scans, and physiological signals, addressing the limitations of
traditional handcrafted features (Uhl et al., 2020; Singh et al., 2026). Moreover, multimodal
fusion and intelligent integration strategies enhance system reliability by accommodating
intra-subject variability, acquisition noise, and modality-specific limitations (Poornima
and Subramanian, 2022). This combination of data availability, AI-based representation
learning, and multimodal optimization forms the foundation of this thesis.

This chapter establishes the theoretical and practical foundations of medical biometric
systems. It begins by defining biometrics and its core concepts, then examines the
architecture of biometric systems, and finally provides a focused discussion of medical and
retinal biometrics. The chapter concludes by identifying the research gaps that motivate
the contributions of this thesis.

1.2 Definition and Scope of Biometrics

The term "biometrics" is derived from the Greek words "bios" (life) and "metron" (measure),
and broadly refers to the measurement and analysis of biological characteristics. In the
context of identification and authentication systems, biometrics denotes the science and
technology of recognizing individuals based on distinctive physiological, behavioral, or
functional traits. Unlike conventional authentication mechanisms that rely on knowledge-
based credentials such as passwords or personal identification numbers (PINs), or on
possession-based tokens such as physical keys, identification cards, or smart cards, biometric
systems establish identity through intrinsic human characteristics that are inherently linked
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to the individual.

This intrinsic association provides several fundamental advantages. Biometric traits cannot
be easily forgotten, lost, or transferred, thereby reducing common security risks associated
with traditional authentication methods. Moreover, biometric systems enhance user
convenience by eliminating the need to memorize multiple credentials or manage physical
tokens. When properly designed and implemented, they also offer strong resistance to
impersonation by tying authentication to the individual’s physical presence.

Biometric identifiers encompass a diverse range of measurable attributes that can be
broadly classified into physiological and behavioral categories.

1.2.1 Physiological Biometrics

Physiological biometrics are derived from the anatomical structure or internal biological
functions of the human body. Well-established physiological biometric modalities include:

• Fingerprint patterns, formed by unique epidermal ridge structures on the fingertips

• Palmprint patterns, capturing principal lines, wrinkles, and textural features of the
palm

• Facial geometry, obtained through two-dimensional (2D) or three-dimensional (3D)
imaging techniques

• Iris texture, revealed using near-infrared illumination to capture fine and stable iris
patterns

• Retinal vascular patterns, visualized through fundus imaging of the ocular blood
vessel network

• Hand vein patterns, extracted using near-infrared transillumination to reveal subcu-
taneous vein structures

In addition to these external anatomical traits, emerging physiological biometrics exploit
internal biological signals acquired through medical sensors and diagnostic instruments,
such as:

• Electrocardiography (ECG) signals, reflecting individual-specific cardiac morphol-
ogy and electrical conduction properties

• Electroencephalography (EEG) signals, capturing distinctive neural activity
patterns

• Photoplethysmography (PPG) waveforms, encoding cardiovascular characteristics
through optical measurements of blood volume variations
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Physiological biometric traits typically exhibit high inter-subject distinctiveness and strong
temporal stability, making them particularly suitable for accurate, reliable, and secure
identity recognition systems.

1.2.2 Behavioral Biometrics

Behavioral biometrics capture patterns related to human actions and learned behaviors,
reflecting the dynamic interaction between an individual and their environment. Prominent
behavioral biometric modalities include:

• Gait dynamics, characterizing walking patterns through parameters such as stride
length, cadence, joint motion, and body movement

• Handwritten signature dynamics, capturing temporal and spatial features including
pen pressure, writing velocity, stroke sequence, and trajectory

• Voice characteristics, encompassing acoustic features such as fundamental frequency,
formant structure, spectral energy distribution, and speaking rhythm

• Keystroke dynamics, analyzing typing behavior through metrics such as key press
duration, inter-key latency, and typing rhythm

Behavioral biometrics enable non-intrusive, transparent, and continuous authentication, al-
lowing identity verification to operate unobtrusively during normal user activities. However,
compared to physiological traits, behavioral characteristics exhibit greater intra-subject
variability. They may be influenced by emotional state, fatigue, physical injury, environ-
mental conditions, or deliberate behavioral modification, leading to increased performance
variability and higher error rates.

The evolution of identification systems illustrates the paradigm shift introduced by bio-
metric technologies. Historically, identity verification relied on knowledge-based and
token-based mechanisms. While these approaches are relatively simple to deploy and
offer revocability, they are vulnerable to well-known threats, including guessing attacks,
social engineering, phishing, theft, loss, duplication, and unauthorized sharing. Biometric
authentication addresses these limitations by verifying "who" an individual is, rather than
"what they know" or "what they possess." This intrinsic binding of identity to the individual
has driven the widespread adoption of biometric technologies in security-sensitive domains,
where both reliability and usability are critical.

Advances in sensing technologies, data acquisition systems, computational power, and
machine learning algorithms have significantly expanded the scope of biometric applications
beyond traditional security contexts. Modern biometric systems are now embedded in
everyday consumer devices, such as smartphones equipped with fingerprint sensors and
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facial recognition cameras, laptop computers with integrated biometric authentication,
and wearable devices capable of user recognition through physiological signals such as
ECG patterns or wrist vein structures. This widespread deployment reflects increasing
societal acceptance and demonstrates the technological maturity of biometric systems.

Beyond authentication and access control, biometric measurement and analysis are in-
creasingly applied in diverse domains, including healthcare for patient identification and
monitoring, sports science for performance assessment, precision agriculture for livestock
tracking, and biological and ecological research for individual-level identification. Within
this broader landscape, medical biometrics has emerged as a specialized and rapidly
growing subfield. Figure 1.1 illustrates different biometric modalities.

Figure 1.1. Hierarchical classification of biometric modalities

1.3 Biometric System Architecture and Processing
Pipeline

A generic biometric system follows a well-defined processing pipeline that systematically
transforms raw biometric data into identity decisions. Understanding this architecture
is essential for analyzing system performance, identifying potential vulnerabilities, and
designing improvements. The standard biometric pipeline comprises five fundamental
stages.

8



CHAPTER 1. FUNDAMENTALS OF MEDICAL BIOMETRICS

1.3.1 Data Acquisition and Enrollment

The data acquisition stage captures raw biometric measurements using appropriate sensors
or imaging devices. The quality of the acquired data plays a critical role, as it directly
influences all subsequent processing stages and ultimately determines the overall recognition
performance. Several factors affect acquisition quality, including sensor resolution and
signal-to-noise ratio, which determine the level of detail captured; acquisition protocols
and environmental conditions, which influence consistency and reproducibility; and subject
cooperation and positioning, which affect the completeness and accuracy of the captured
data.

During enrollment, one or more high-quality biometric samples are collected from an
individual. These samples are then processed to generate a biometric template that serves as
a reference for future recognition or verification. The enrollment process typically involves
several steps, including quality assessment to ensure that captured samples meet minimum
standards, acquisition of multiple samples to capture intra-subject variability, extraction
of discriminative features, and secure storage of the resulting template in a database
along with the associated identity information. The enrollment process establishes the
baseline against which all future authentication attempts will be compared. Therefore, it
is essential that enrollment data be of the highest possible quality and that the individual’s
identity be verified through reliable external procedures. Figure 1.2 illustrates the overall
data acquisition and enrollment process.

Figure 1.2. Data acquisition and enrollment process

In addition, multi-sample enrollment, illustrated in Figure 1.3, involves capturing multiple
biometric samples from the same individual to create a composite template or a set of
templates. This strategy improves subsequent matching performance by better representing
the natural variability in biometric presentations and reducing the risk of recognition
errors.
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Figure 1.3. Multi-sample enrollment strategy

1.3.2 Feature Extraction: From Handcrafted to Deep Represen-
tations

Feature extraction is a core computational component of biometric systems, as it determines
the discriminative power, robustness, and efficiency of the resulting biometric templates.
This stage transforms raw or preprocessed biometric data into compact representations
that enable reliable and efficient matching.

Early biometric systems relied primarily on handcrafted features designed using domain-
specific knowledge and expert intuition. These features are often interpretable and
computationally efficient; however, they are typically sensitive to noise, acquisition vari-
ability, preprocessing or segmentation errors, and inter-subject differences. As a result,
handcrafted approaches may struggle to capture complex or subtle discriminative patterns,
limiting their generalization in real-world scenarios (Uhl et al., 2020).

Recent advances in machine learning, particularly deep learning, have fundamentally
transformed feature extraction in biometric systems. Modern architectures such as convo-
lutional neural networks (CNNs) and transformer-based models can automatically learn
hierarchical and highly discriminative representations directly from raw or minimally
processed data through supervised or self-supervised training (Dosovitskiy et al., 2020).
These learned feature embeddings are generally more robust to noise, acquisition variability,
and environmental changes, and they exhibit improved generalization across different
sensors, devices, and populations.

Extensive experimental studies have demonstrated that deep-learned representations
consistently outperform handcrafted features in terms of recognition accuracy, robustness,
and scalability (Madenda et al., 2021; Jalilian et al., 2022). Consequently, deep feature
extraction has become the dominant paradigm in modern biometric systems, particularly for
complex, high-dimensional biometric modalities, where manual feature design is insufficient
to capture the full discriminatory information in the data.

1.3.3 Template Storage and Security Considerations

After feature extraction, biometric templates are stored for future matching. Template
storage and protection are critical aspects of biometric system security because biometric
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characteristics are inherently non-revocable. Unlike passwords or cryptographic keys,
biometric templates cannot be easily replaced if compromised, which exposes individuals
to long-term security and privacy risks.

To address these challenges, biometric systems incorporate a range of protection mech-
anisms. These include strong encryption and strict access control policies for template
databases, as well as the use of secure hardware platforms or trusted execution envi-
ronments to protect templates during storage and matching. In addition, cancelable
biometric schemes apply non-invertible transformations to biometric templates, enabling
compromised templates to be revoked and replaced without exposing the original biometric
data.

Privacy-preserving approaches have also gained increasing attention, particularly in sensi-
tive application domains. Techniques such as secure computation and federated learning
allow biometric models to be trained or matched without direct access to raw biometric
data, thereby reducing privacy risks while preserving system utility (Yang et al., 2025).
Collectively, these strategies aim to balance recognition performance with robust security
and privacy protection, ensuring compliance with regulatory and ethical requirements.

1.3.4 Matching and Decision-Making

The matching stage compares a query biometric sample with stored templates to compute
a similarity or distance score. The choice of the matching metric depends on the feature
representation and the recognition task. Commonly used metrics include Euclidean
distance, cosine similarity, correlation-based measures, and probabilistic models that
account for variation within and between individuals.

In modern biometric systems, particularly those based on deep learning, matching is
performed in a learned embedding space. In this space, samples from the same individual
are mapped close to each other, while samples from different individuals are mapped
farther apart. Metric learning methods, such as contrastive loss and triplet loss, are widely
used to optimize this embedding space by minimizing intra-class variation and maximizing
inter-class separation (Hadsell et al., 2006; Schroff et al., 2015). Siamese and related
network architectures support end-to-end learning of similarity functions, reducing reliance
on handcrafted features and improving robustness to acquisition variability, temporal
changes, and differences between sensing devices (Agnihotri et al., 2019).

The decision-making stage interprets the matching scores using predefined rules or thresh-
olds. In verification scenarios, a claimed identity is accepted if the score exceeds a selected
threshold; otherwise, it is rejected. In identification scenarios, the system outputs a ranked
list of candidate identities. The decision threshold determines the trade-off between the
false acceptance rate (FAR) and the false rejection rate (FRR). It must be selected based
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on the application’s security and usability requirements.

1.4 Identification, Verification, and Authentication

Biometric systems operate mainly in two recognition modes: verification and identification.
These modes differ in terms of computational complexity, error behavior, and application
scenarios. Understanding these operating modes and their performance measures is
essential for the proper design, evaluation, and deployment of biometric systems.

1.4.1 Verification (1:1 Comparison)

Verification, also known as one-to-one (1:1) matching, is used to confirm an individual’s
identity. During verification, a user provides a biometric sample along with a claimed
identity, such as a user ID, username, or a smart card. The system compares the presented
biometric sample with the stored template corresponding to the claimed identity and
produces a similarity score. This score is then compared with a predefined threshold to
generate a binary decision: accept or reject.

Verification is computationally efficient because only a single comparison is required,
regardless of the database size. This makes it suitable for systems with a large number of
enrolled users. Common applications of verification include unlocking personal devices,
controlling access to secure buildings, authorizing financial transactions, and logging into
computer systems or online services. Figure 1.4 illustrates the verification process.

Figure 1.4. Conceptual illustration of the verification process
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1.4.2 Identification (1:N Search)

Identification, also called one-to-many (1:N) recognition, aims to determine the identity of
an unknown individual without requiring a claimed identity. In this mode, the biometric
sample is compared against all enrolled templates in the database. The system returns
the most similar match or declares that the individual is not enrolled.

Identification is computationally more demanding than verification because the query
sample must be compared with all stored templates. As database sizes increase, processing
time and computational cost rise, making efficient search and indexing techniques essential
for large-scale systems.

Identification is commonly used in applications such as law enforcement investigations, bor-
der control and watchlist screening, missing person identification, and patient identification
in healthcare environments. Figure 1.5 illustrates the identification process.

Figure 1.5. Conceptual illustration of the identification process

1.4.3 Authentication (Security Process)

Authentication is a higher-level security process that determines whether access to a system
or resource should be granted or denied. Biometric authentication typically relies on a
single factor and can be combined with additional methods, such as passwords or smart
cards, in multi-factor authentication systems. These systems enhance security by requiring
two or more independent factors, commonly categorized as "something you know" (e.g., a
password or PIN), "something you have" (e.g., a smart card or token), and "something you
are" (e.g., a biometric trait). For example, a secure system may require both biometric
verification and a one-time password. In this context, biometric verification functions
as a technical component within the broader authentication framework rather than as a
separate recognition mode. Figure 1.6 illustrates the authentication process.
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Figure 1.6. Conceptual illustration of the authentication process

1.5 Medical Biometrics: Motivation and Advantages

Medical biometrics is a specialized field of biometric recognition that utilizes internal phys-
iological or anatomical features, typically captured during routine medical examinations or
through clinical monitoring devices. Unlike conventional biometrics, such as fingerprints
or facial recognition, which rely on externally observable traits, medical biometrics derives
its identifiers from data acquired via specialized medical equipment, including imaging
systems like retinal scanners, diagnostic tools like electrocardiogram (ECG) machines, and
neurological monitors.

This fundamental distinction provides the core motivation for its development: to address
critical and persistent challenges in healthcare, primarily the accurate and secure identifi-
cation of patients. In an environment where misidentification can lead to severe medical
errors, duplicate records, and administrative inefficiencies, medical biometrics offers a
solution by creating a direct, intrinsic link between a patient and their medical identity.

The primary advantages of this approach are multifaceted, beginning with enhanced security
and resistance to fraud. External biometric traits can be susceptible to replication through
photographs, artificial molds, or other spoofing techniques. In contrast, internal features
such as the pattern of retinal blood vessels or the unique waveform of an individual’s ECG
are exceptionally difficult to forge, as they require access to specialized medical technology.
This inherent barrier significantly raises the security threshold for identity verification.

Furthermore, these medical biometric traits exhibit high uniqueness and long-term stability.
For instance, the vascular structure of the retina forms during fetal development in
a complex, random process that ensures distinctiveness even between identical twins.
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Similarly, an ECG reflects the unique size, position, and electrical activity of a person’s
heart. Crucially, these internal patterns remain largely stable over decades, unlike faces
or voices, which change with age, enabling reliable identification throughout a person’s
lifetime (Simon and Goldstein, 1935; Akram et al., 2020).

A particularly compelling advantage is the principle of "dual utility." Data collected for
standard clinical purposes, such as a retinal image for an ophthalmological exam or an
ECG trace for cardiac assessment, can simultaneously serve as a robust biometric identifier
without necessitating additional procedures or effort from patients or clinical staff. This
convergence streamlines workflows, reduces administrative burden, and enhances practical
efficiency by allowing identity verification to occur seamlessly within the diagnostic process.

Concurrent technological and healthcare trends strongly support the growing feasibility
of medical biometrics. The widespread digitization of health records creates a pressing
need for secure patient matching to ensure data integrity. Simultaneously, advances in
medical imaging and portable monitoring devices enable high-quality data acquisition
across diverse settings. Perhaps most critically, the advent of sophisticated deep learning
methods provides the necessary computational tools to extract meaningful, discriminative
patterns from complex medical data, enabling accurate and scalable biometric recognition
(Esteva et al., 2021).

However, implementing medical biometrics must carefully navigate significant privacy,
ethical, and regulatory considerations. Medical data is inherently sensitive and protected
by strict legal frameworks such as the Health Insurance Portability and Accountability Act
(HIPAA) in the United States (United States Congress, 1996; Annas, 2003; Cohen and
Mello, 2018) and the General Data Protection Regulation (GDPR) in the European Union
(European Parliament and Council of the European Union, 2016; Voigt and Von dem
Bussche, 2017; Shabani and Borry, 2020). Consequently, any biometric system must be
designed with robust safeguards, including strong encryption, secure storage protocols,
and transparent mechanisms for patient consent, particularly if data is to be shared across
institutions. Promising technological approaches, such as privacy-preserving federated
learning, which allows model training on decentralized data without transferring the raw
information, are emerging to help balance utility with confidentiality (Kumar et al., 2022;
Arya et al., 2024; Rieke et al., 2020).

In conclusion, driven by modern artificial intelligence, medical biometrics presents a
powerful paradigm. It moves beyond simple identification towards integrated systems
that can enhance both the security of patient records and the delivery of healthcare itself,
offering a synergistic solution to some of the most fundamental challenges in modern
medicine.
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1.6 Retinal Biometrics

Retinal biometrics refers to the use of retinal patterns for automatic human identification.
Among physiological biometric modalities, retinal recognition is considered highly secure
due to its internal location and the difficulty of reproducing its structural characteristics.
The reliability of retinal biometrics arises from the uniqueness, permanence, and complexity
of retinal features, particularly those derived from the vascular network. These properties
enable retinal imaging to provide highly discriminative information for identity verification
and authentication in high-security and medical applications.

1.6.1 Anatomical Basis of Retinal Biometrics

The retina is a highly specialized neural tissue located at the back of the eye that converts
light into neural signals transmitted to the brain via the optic nerve. It consists of
layered structures, including photoreceptors, intermediate neural cells, and ganglion cells,
supported by a dense, intricate vascular network that meets the high metabolic demands
of retinal tissue. This vascular system originates at the optic disc and forms a complex
branching pattern across the retinal surface.

Retinal biometric recognition relies primarily on the uniqueness and stability of the retinal
vascular network. Individual differences in vessel branching topology, diameter, tortuosity,
and spatial distribution create highly distinctive patterns that can be captured through
fundus imaging. Additional anatomical landmarks, such as the optic disc, fovea, macula,
and nerve fiber layer, further enhance discriminative capability.

The key advantage of retinal biometrics is long-term stability, as the major vascular struc-
ture is established during early development and remains largely unchanged throughout life.
Although certain pathologies, such as diabetic retinopathy, hypertensive retinopathy, and
age-related macular degeneration, can locally alter retinal appearance, robust biometric
systems can maintain performance by exploiting redundant and healthy regions of the
vascular network. Figure 1.7 presents the anatomical structure of the human retina.
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Figure 1.7. Anatomical structure of the human retina

1.6.2 Retinal Imaging Modalities

Retinal biometric systems rely on medical imaging technologies to capture the retina’s
anatomical and vascular structures. Fundus photography is the most commonly used
modality, producing two-dimensional color images that clearly reveal blood vessels, the
optic disc, the macula, and surrounding retinal tissue. It is non-invasive, cost-effective, and
widely used in clinical practice, making it well-suited for large-scale biometric applications.

Modern digital fundus cameras typically provide a 30-50° field of view and sufficient
resolution to visualize fine vascular structures. Non-mydriatic fundus imaging, which
does not require pharmacological pupil dilation, has further improved usability and user
acceptance while maintaining image quality adequate for biometric recognition.

Beyond fundus photography, optical coherence tomography (OCT) represents a promising
advanced imaging modality for retinal biometrics. OCT provides high-resolution cross-
sectional and volumetric imaging of retinal layers via low-coherence interferometry, revealing
detailed structural information, including retinal thickness variations, nerve fiber layer
organization, and three-dimensional vascular architecture. While OCT devices are more
expensive and less widely available than fundus cameras, the rich anatomical information
they provide may enhance discriminative capability and offer robustness against certain
surface-level pathologies (Akram et al., 2020).

Advanced modalities such as ultra-widefield fundus imaging and adaptive optics imaging
provide extended retinal coverage and ultra-high-resolution visualization, respectively.
While currently limited by cost and complexity, these techniques may further improve
recognition performance by capturing additional vascular landmarks and fine anatomical
features.
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Retinal image quality can vary due to acquisition conditions, patient factors, and device
differences, introducing intra-subject variability. Robust biometric systems address these
challenges through quality control, data augmentation, and feature-extraction methods
that focus on stable retinal regions. Overall, the richness and uniqueness of retinal vascular
patterns provide high inter-subject discriminability, supporting the reliability of retinal
biometrics. Figure 1.8 presents the concept of a retinal biometric system.

Figure 1.8. Concept of a retinal biometric system

1.6.3 Historical Development of Retinal Biometric Systems

The concept of using retinal vascular patterns for personal identification dates back to
early medical examinations of the human eye. In 1935, Simon and Goldstein reported that
the vascular structure of the retina exhibits substantial inter-individual variability while
remaining remarkably stable over time (Simon and Goldstein, 1935). They suggested that
the unique branching pattern of retinal blood vessels could be used to identify individuals.
However, at that time, there were no suitable imaging devices or computers to make this
practical.

In the decades that followed, retinal imaging remained largely confined to clinical diagnos-
tics. Ophthalmologists relied on retinal examinations to detect and monitor pathological
changes associated with systemic diseases such as hypertension and diabetes mellitus
(Timberlake and Kennedy, 2005). Although advances in optical design, illumination
techniques, and photographic sensors during the mid-twentieth century gradually improved
image quality, retinal imaging continued to depend primarily on manual interpretation,
and automated retinal-based identification remained largely theoretical.

The first practical retinal biometric systems emerged in the 1970s, notably through the
pioneering work of Robert Buzz Hill. Hill developed one of the earliest operational retinal
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identification prototypes, demonstrating that retinal vascular patterns could be captured
and analyzed for reliable identity verification. This work ultimately led to the commercial
deployment of retinal biometric systems by EyeDentify Inc. in the 1980s (Hill, 1986). These
systems employed low-intensity infrared illumination to scan the retina and extracted
discriminative features from the vascular network, particularly vessel bifurcation and
crossover points.

EyeDentify systems achieved exceptionally low false acceptance rates, establishing retinal
recognition as one of the most secure biometric modalities available at the time (Womack,
1994). Nevertheless, these early devices suffered from several practical limitations, including
the requirement for precise eye positioning at very short working distances, mechanically
complex scanning mechanisms involving rotating optical components, user discomfort due
to perceived intrusiveness, high system cost, and limited acquisition throughput. Conse-
quently, retinal biometrics remained largely restricted to high-security environments such as
military installations, nuclear facilities, and other critical infrastructure sites (Kumar et al.,
2021). In contrast, fingerprint and iris recognition systems gained broader commercial
adoption due to their lower cost, faster acquisition, and improved user acceptance.

During the 1990s and early 2000s, research interest in retinal biometrics declined, while
iris recognition emerged as a more practical compromise between security and usability.
In parallel, however, medical retinal imaging underwent rapid technological development.
The widespread adoption of digital fundus cameras, non-mydriatic imaging techniques,
and later wide-field and ultra-wide-field systems significantly enhanced image resolution,
coverage, and acquisition speed (Kumar et al., 2021).

The convergence of these medical imaging advances with modern computing capabilities
in the 2010s led to renewed interest in retinal biometrics. High-resolution CMOS sensors,
compact infrared illumination sources, and increasingly powerful image processing pipelines
enabled more robust and user-friendly retinal acquisition. At the same time, machine
learning and deep learning techniques began to outperform traditional handcrafted feature
extraction approaches, allowing automated detection of vascular landmarks and improved
matching accuracy under variable imaging conditions (Azad et al., 2024).

More recently, retinal imaging has shifted toward automation and portability. Handheld
and mobile fundus cameras, initially developed for teleophthalmology and large-scale
screening programs, have demonstrated that high-quality retinal images can be acquired
outside conventional clinical environments (Hogarty et al., 2020). These developments
have significantly reduced the operational gap between medical-grade imaging systems
and the requirements of biometric deployment.

Against this historical backdrop, modern platforms such as EYRINA represent a new
generation of retinal imaging systems. Unlike earlier retinal biometric scanners, EYRINA
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is designed for fully automatic acquisition, eliminating the need for trained operators and
supporting non-mydriatic operation to enhance user comfort and acceptance. It features
high-resolution visible and infrared imaging for both medical and biometric analysis, along
with multi-axis mechanical alignment to ensure reliable capture under less constrained
conditions (EYRINA Inc., 2023).

A critical modern advancement enabled by such platforms is the generation of large-scale,
standardized retinal datasets. These data resources support the development of deep
learning models and help overcome the limited database sizes that constrained earlier
research. By integrating decades of progress in ophthalmic imaging with state-of-the-art
automation and artificial intelligence, these systems represent a transition from highly
constrained niche security applications toward scalable retinal biometric solutions suitable
for real-world environments. Figure 1.9 illustrates a historical retinal imaging system used
in the medical biometric domain.

Figure 1.9. Historical retinal imaging system for medical biometric applications

1.7 Challenges in Clinical Retinal Biometric Deploy-
ment

Despite its strong discriminative capability and long-term stability, retinal biometrics faces
several challenges that limit its large-scale clinical deployment. These challenges arise
from biological variability, imaging conditions, device heterogeneity, data limitations, and
operational constraints.

First, image quality plays a central role in recognition performance. Involuntary eye
movements, illumination variability, reflections, and media opacities such as cataracts
can degrade vascular visibility and reduce matching accuracy. Consequently, robust
preprocessing strategies and quality-aware models are essential to ensure reliable feature
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extraction under non-ideal acquisition conditions.

Second, pathological changes may influence biometric stability. While major vascular
structures remain relatively stable in healthy individuals and in early disease stages,
advanced conditions such as proliferative diabetic retinopathy or severe degeneration can
alter vascular topology and compromise the reliability of recognition. For this reason,
pathology-aware systems capable of adapting decision thresholds or updating templates
are increasingly necessary.

Third, technical heterogeneity across imaging devices further complicates deployment.
Differences in sensor resolution, field of view, spectral sensitivity, and proprietary processing
pipelines can affect vessel appearance and reduce cross-device matching performance.
Therefore, device-invariant feature learning and domain adaptation techniques are critical
for achieving robust generalization.

Fourth, progress in this field is constrained by the scarcity of large, standardized, and de-
mographically diverse retinal biometric datasets. Limited data availability restricts system
validation and scalability. Ethical data-sharing frameworks and privacy-preserving learning
strategies are thus essential to support broader development and clinical integration.

Finally, deep learning models for retinal analysis are highly sensitive to hyperparameter
configurations. Learning rates, network depths, regularization strategies, and architectural
choices significantly impact performance. However, systematic hyperparameter optimiza-
tion remains underutilized, with many studies relying on manual or heuristic tuning that
limits reproducibility and generalization across datasets.

Addressing these interconnected biological, technical, and operational constraints is fun-
damental for the safe, reliable, and scalable adoption of retinal biometric systems in
healthcare environments.

1.8 State of the Art in Retinal Biometrics: A Syn-
thetic Review

This section synthesizes the evolution of retinal biometric recognition research, tracing
the transition from traditional image processing approaches to modern deep learning
frameworks. Rather than providing an exhaustive list of studies, it identifies the key
methodological shifts and remaining gaps that motivate this thesis.
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1.8.1 From Handcrafted Features to Deep Representations

Early retinal recognition methods relied on traditional image processing techniques. Re-
searchers employed multi-scale filtering, morphological operations, and matched filtering
to enhance and extract vascular structures. Handcrafted descriptors such as Gabor filters,
curvature measures, bifurcation mapping, and graph-based vascular models were then used
to represent retinal patterns for matching (Madenda et al., 2021). While these methods
achieved moderate accuracy under controlled conditions, their performance consistently de-
graded under variable illumination, noise, inter-device differences, and anatomical diversity.
Machine learning classifiers improved performance incrementally but remained fundamen-
tally constrained by the quality and discriminative power of the manually engineered
features.

The advent of convolutional neural networks (CNNs) transformed retinal recognition by
enabling hierarchical feature learning directly from raw images (Litjens et al., 2017). CNNs
proved capable of capturing both local vascular details and global retinal structures, such
as the optic disc and macula, effectively eliminating the need for handcrafted descriptors.
Early studies by Zanlorensi et al. (2020) and Liu et al. (2022); Jalilian et al. (2022)
demonstrated the feasibility of end-to-end deep learning for retinal biometric recognition,
achieving significant improvements in accuracy and robustness over traditional approaches.

Subsequent research focused on architectural innovations to further enhance performance.
Attention-enhanced CNNs were developed to focus on salient vascular regions while
suppressing background noise (Agnihotri et al., 2019). Networks such as ResNet, DenseNet,
and SENet addressed specific limitations, including vanishing gradients, limited feature
reuse, and non-adaptive channel weighting (He et al., 2016; Huang et al., 2017; Hu et al.,
2018). More recently, Vision Transformers (ViTs) and hybrid CNN-Transformer models
have been explored for their ability to model long-range dependencies and capture global
retinal context through self-attention mechanisms (Dosovitskiy et al., 2020; Li et al., 2026).

1.8.2 The Role of Segmentation in Retinal Biometrics

Retinal vessel segmentation emerged as a foundational preprocessing step in many biometric
pipelines. Accurate segmentation enables the extraction of vascular topology, which can
then be used for graph-based matching or template generation. U-Net and its variants
became the standard architecture for this task due to their ability to combine contextual
information with precise localization (Ronneberger et al., 2015). Subsequent improvements,
including residual connections and attention mechanisms, further enhanced segmentation
accuracy, particularly for thin and low-contrast vessels (Bhanuse et al., 2025).

However, a limitation of many existing approaches is the separation of segmentation from
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the recognition task. Pipelines that first segment vessels and then extract features for
matching cannot be optimized end-to-end for biometric performance. This decoupling may
lead to suboptimal representations, as segmentation errors propagate to subsequent stages.

1.8.3 Metric Learning for Biometric Embeddings

A significant advancement in modern biometrics has been the adoption of metric learning
to optimize embedding spaces. Rather than training networks for classification and using
intermediate features, metric learning approaches directly optimize the feature space
such that samples from the same individual cluster together while samples from different
individuals are separated.

Contrastive loss (Hadsell et al., 2006) and triplet loss (Schroff et al., 2015) have been
successfully applied to retinal biometrics, enabling more discriminative and robust represen-
tations (Agnihotri et al., 2019). Advanced strategies, including center loss, margin-based
learning, and adaptive distance functions, have further enhanced performance (Liu et al.,
2023). These approaches are particularly valuable for verification tasks, where the system
must determine whether two samples belong to the same individual.

1.8.4 Addressing Data Scarcity: Self-Supervised and Semi-Supervised
Learning

A persistent challenge in retinal biometric research is the scarcity of large, annotated
datasets. Collecting retinal images from many subjects with multiple acquisitions per
subject is logistically difficult and raises privacy concerns. To address this, researchers
have increasingly turned to self-supervised and semi-supervised learning paradigms.

Self-supervised learning leverages proxy tasks such as rotation prediction, contrastive
learning (SimCLR, MoCo), or masked image modeling to learn meaningful representations
from unlabeled data (Chen et al., 2020; He et al., 2020; Gidaris et al., 2018). These
representations can then be fine-tuned for biometric tasks with limited labeled data.
Semi-supervised learning combines small labeled datasets with larger unlabeled collections,
improving performance in clinically realistic scenarios where annotations are expensive to
obtain (Zhang et al., 2024).

1.8.5 Domain Adaptation and Federated Learning for Clinical
Deployment

Real-world deployment of retinal biometric systems must contend with domain shifts
caused by different imaging devices, acquisition protocols, and patient populations. Domain
adaptation techniques aim to learn representations that are invariant to these shifts,
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enabling models trained on one dataset to generalize to others (Lyu et al., 2022).

Federated learning has emerged as a particularly promising approach for medical applica-
tions, enabling model training across multiple institutions without requiring the direct
sharing of sensitive patient data (Yang et al., 2025). In the federated paradigm, models
are trained locally at each institution, and only parameter updates are shared with a
central server. This preserves privacy while enabling the development of more robust and
generalizable models.

1.8.6 The Persistent Divide: Biometric Recognition vs. Pathol-
ogy Classification

Despite these advances, a critical gap remains in the literature. Biometric recognition
and retinal pathology classification have largely evolved as separate research tracks, with
different datasets, evaluation protocols, and model architectures. This separation overlooks
a fundamental clinical reality: both tasks depend on the same vascular substrate, and
individuals requiring reliable identification are often those affected by progressive retinal
diseases.

Only a limited number of studies have explored the intersection of these domains. Multitask
learning frameworks that jointly optimize identity recognition and disease classification
have shown promise in preliminary investigations (He et al., 2022; Zhao et al., 2023). By
learning shared representations, these models can leverage complementary information:
stable vascular patterns support identification, while deviations from these patterns may
indicate pathology. However, systematic investigation of such unified architectures remains
limited, particularly for multi-label pathology classification across diverse disease categories.

1.8.7 Hyperparameter Optimization: An Underexplored Dimen-
sion

Another underexplored dimension in retinal biometric research is systematic hyperparame-
ter optimization. Deep learning models are highly sensitive to configuration choices, such
as learning rates, network depths, regularization strategies, and architectural parameters,
yet most studies select these through manual experimentation or heuristic approaches.

Grid search and random search remain common, despite their inefficiency in high-
dimensional spaces. Bayesian optimization has been applied in some medical imaging
contexts, but its use in retinal biometrics is limited. Evolutionary strategies, particu-
larly CMA-ES, offer powerful alternatives capable of navigating complex, non-convex
optimization landscapes, yet their application to retinal biometric model tuning remains
largely unexplored. This gap is significant, as suboptimal hyperparameter choices can
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substantially impact model performance and generalization across heterogeneous datasets.

1.9 Research Gaps and Thesis Positioning

The synthetic review presented in the previous section reveals several interconnected gaps
in the current literature:

Gap 1: Lack of Robust, End-to-End Retinal Authentication Pipelines. While
individual components have been studied extensively, their integration into a coherent
pipeline optimized for verification performance remains underexplored. Many existing
approaches separate segmentation from recognition, preventing end-to-end optimization
and allowing segmentation errors to propagate.

Gap 2: Insufficient Attention to Hyperparameter Optimization. Despite the
well-established sensitivity of deep learning models to hyperparameter configurations,
systematic optimization remains rare in retinal biometric research. Manual tuning and
basic search methods limit reproducibility and generalization across datasets, and advanced
strategies, such as CMA-ES, have not been systematically evaluated in this domain.

Gap 3: Separation of Biometric and Diagnostic Objectives. The most fundamental
gap is the historical division between biometric recognition and pathology classification
research. This separation ignores the shared anatomical substrate of these tasks and
the clinical reality that individuals requiring reliable identification are often those with
progressive retinal diseases. Unified frameworks that jointly optimize both objectives
remain scarce.

Gap 4: Limited Validation Across Heterogeneous Clinical Conditions. Many
studies evaluate methods on single, curated datasets, providing limited insight into perfor-
mance under real-world conditions with variable image quality, device heterogeneity, and
diverse patient populations. Validation across multiple datasets with different characteris-
tics is essential for establishing clinical applicability.

This thesis directly addresses these gaps through three complementary contributions:

1. A robust retinal authentication pipeline that integrates preprocessing, Residual
Attention U-Net segmentation, Gaussian-weighted reconstruction, and multi-modal
feature extraction, followed by machine learning-based verification. This pipeline is
designed for end-to-end optimization and evaluated across multiple datasets.

2. A systematic investigation of hyperparameter optimization strategies,
comparing grid search, random search, Bayesian optimization, and CMA-ES. This
analysis provides practical guidance for training robust models and demonstrates
the advantages of evolutionary optimization for retinal biometric tasks.
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3. A unified multitask learning framework that performs simultaneous biometric
identification and multi-label pathology classification. By leveraging shared represen-
tations, this architecture addresses the historical divide between these domains and
demonstrates that both objectives can be jointly optimized within a single model.

Through these contributions, the thesis aims to advance the state of the art in retinal
image analysis, demonstrating that biometric recognition and pathology classification are
not mutually exclusive objectives but rather complementary tasks that can be jointly
optimized to enhance both patient safety and clinical outcomes.

1.10 Chapter Summary

This chapter has established the theoretical and practical foundations of medical biometric
systems, situating them within the broader context of identity recognition and healthcare
applications. We began by defining biometrics and contrasting classical external modalities
with emerging internal medical approaches that leverage physiological and anatomical
signals acquired through medical sensing technologies. The advantages of medical biomet-
rics, including intrinsic uniqueness, longitudinal stability, and robustness against spoofing
attacks, were emphasized, particularly in the context of retinal imaging.

The operational principles of biometric systems were systematically presented, including
data acquisition, feature extraction, template storage, matching, and decision-making.
The evolution from traditional handcrafted features to deep learning-based hierarchical
representations was emphasized, illustrating how modern AI techniques enhance robustness,
scalability, and clinical relevance.

Retinal biometrics was presented as a central focus, with a detailed discussion of its
anatomical basis, imaging modalities, and historical development. Key challenges, such as
image quality variability, pathological changes, device heterogeneity, data scarcity, and
hyperparameter sensitivity, were examined, demonstrating the need for robust, adaptable
solutions.

A synthetic review of the literature traced the evolution of retinal biometric research and
identified three critical gaps: the lack of integrated authentication pipelines, insufficient
attention to hyperparameter optimization, and the persistent separation of biometric and
diagnostic objectives. These gaps directly motivate the contributions of this thesis.

The following chapters build on this foundation, detailing the methodological framework,
experimental evaluations, and key contributions of this research, with the overarching goal
of advancing the state of the art in secure, clinically integrated medical biometric systems.
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Chapter 2

Theoretical Foundations of Artificial
Intelligence for Biometric Systems

2.1 Introduction

Artificial intelligence (AI) has become one of the most transformative technological
paradigms in modern biomedical engineering, enabling the development of intelligent
systems capable of extracting meaningful information from complex and high-dimensional
medical data. In particular, machine learning and deep learning approaches have demon-
strated remarkable success in visual recognition tasks, significantly surpassing traditional
rule-based techniques in both accuracy and adaptability. These advances have led to a
growing interest in applying AI methodologies to biometric systems, where the objective is
to reliably authenticate or identify individuals based on unique physiological characteristics.

This chapter establishes the theoretical foundations necessary for AI methodologies de-
veloped throughout this thesis. It provides a structured overview of machine learning,
deep neural architectures, segmentation theory, metric learning for authentication, transfer
learning, and advanced optimization paradigms. By grounding the proposed contributions
within a rigorous theoretical framework, this chapter ensures a coherent transition from
fundamental AI principles to practical retinal biometric system development.

2.2 Fundamentals of Machine Learning for Biometrics

2.2.1 Definition of Machine Learning

Machine learning (ML) is a subfield of artificial intelligence that enables computational
systems to learn patterns and relationships from data rather than relying solely on manually
defined rules. Learning, in this context, refers to the ability of a system to improve its
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performance on a specific task based on experience. Mitchell (1997) formally defines
learning in computer science as follows:

“A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P , if its performance at tasks in T ,
as measured by P , improves with experience E.”

In the context of retinal biometrics, learning corresponds to extracting structural descrip-
tions from data that can be used to recognize individuals or detect pathological changes.
These structural descriptions are formalized as predictive models that approximate the
underlying relationships between retinal features and target labels.

A machine learning algorithm is any computational procedure that can improve its
performance through experience. Learning algorithms can be viewed as optimization
problems, where the goal is to find parameters θp that minimize a given objective function:

θp = arg min
θ

[L(θp; X, Y ) + αregR(θp)] (2.2.1)

Here, L(θp; X, Y ) is the loss function, quantifying the model’s error on the training data,
R(θp) is a regularization term controlling model complexity, and αreg balances the trade-off
between accuracy and overfitting.

Machine learning encompasses a wide range of algorithms for tasks including classification,
regression, clustering, and pattern discovery. Three primary learning paradigms are
commonly employed:

• Supervised learning: Learning from labeled examples (X, Y ).

• Unsupervised learning: Detecting patterns in unlabeled data.

• Reinforcement learning: Learning optimal policies through interaction with an
environment using a reward signal.

2.2.2 Classical Machine Learning Algorithms for Retinal Bio-
metrics

Classical machine learning algorithms provide foundational tools for biometric recognition
and pathological detection in retinal images. Despite the rise of deep learning, these
methods remain relevant, especially when datasets are limited or interpretability is critical.
This section summarizes the key algorithms and their theoretical underpinnings.
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Support Vector Machine (SVM)

Support Vector Machine (SVM), introduced by Cortes and Vapnik (1995), is a supervised
machine learning algorithm widely used for classification and regression. The fundamental
objective of SVM is to determine an optimal decision boundary that separates data
points belonging to different classes. This boundary, called a hyperplane, is positioned
to maximize the margin between samples from different classes, thereby improving the
model’s ability to generalize to unseen data.

In practical applications, many datasets are not perfectly separable by a simple linear
boundary. To address this limitation, SVM employs kernel functions that transform
the original data into a higher-dimensional space, where class separation becomes easier.
Commonly used kernels include the linear, polynomial, and radial basis function (RBF)
kernel.

k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm (Cover and Hart, 1967) is a simple yet effective
supervised machine learning method that classifies a new sample by examining the labels
of the k most similar samples in the training dataset. The predicted class is typically
determined through majority voting among these neighboring samples.

Similarity between samples is measured using a distance metric that quantifies how close
two data points are in the feature space. Commonly used distance measures include
Euclidean distance, cosine similarity, and Mahalanobis distance, each capturing different
aspects of similarity depending on the data structure.

Decision Trees (DT)

Decision Trees, as formalized by Quinlan (1986), are supervised learning models that
perform classification by recursively partitioning the feature space into homogeneous
regions. Each internal node of the tree represents a decision based on a feature threshold,
while each leaf node corresponds to a class label.

The construction of a decision tree involves selecting the feature and threshold that best
splits the data at each node according to a predefined criterion, such as Gini impurity
or information gain (Breiman et al., 1984). This process is repeated recursively until a
stopping condition is reached, such as a maximum tree depth or a minimum number of
samples per node.

Decision Trees are intuitive and easy to interpret, making them suitable for understanding
decision boundaries in biometric verification tasks. However, they are prone to overfitting
when grown to full depth. To mitigate this issue, constraints such as limiting the maximum

29



CHAPTER 2. THEORETICAL FOUNDATIONS OF ARTIFICIAL INTELLIGENCE FOR
BIOMETRIC SYSTEMS

depth or minimum samples per leaf are typically applied.

Extra Trees (Extremely Randomized Trees)

Extra Trees, also known as Extremely Randomized Trees and introduced by Geurts et al.
(2006), are an ensemble learning method that builds multiple decision trees using the entire
training dataset, while introducing additional randomness during the splitting process.
Unlike Random Forests, where splits are optimized based on criteria such as Gini impurity
or information gain, Extra Trees select split thresholds randomly for each feature.

This increased randomness reduces variance and often improves generalization perfor-
mance, particularly in high-dimensional feature spaces. During prediction, the outputs
of all trees are aggregated using majority voting for classification tasks. Extra Trees
are computationally efficient and provide robust performance when applied to complex
biometric feature representations.

Random Forests

Random Forests, introduced by Breiman (2001), are ensemble learning methods that
combine multiple decision trees to improve predictive performance and model stability.
Each tree in the forest is trained using a bootstrap sample of the original dataset. During
prediction, the outputs of individual trees are aggregated, typically through majority
voting for classification tasks, to produce the final decision.

An important characteristic of Random Forests is the random selection of a subset of
features at each splitting node during tree construction. This mechanism reduces the
correlation among individual trees and increases ensemble diversity, thereby improving
robustness to noise and reducing the risk of overfitting.

Gradient Boosting Machines

Gradient Boosting Machines (GBMs), introduced by Friedman (2001), are powerful
ensemble learning techniques that construct predictive models by sequentially combining
multiple weak learners, typically decision trees. In this approach, each new model is trained
to correct errors made by previous models, thereby allowing the ensemble to improve
its predictive performance gradually. By iteratively focusing on difficult or misclassified
samples, gradient boosting can capture complex relationships within the data.

Several optimized implementations of gradient boosting have been widely adopted in
machine learning applications. Notable examples include XGBoost developed by Chen and
Guestrin (2016), as well as LightGBM introduced by Ke et al. (2017). These frameworks
improve computational efficiency and scalability while maintaining high predictive accuracy.
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Gradient boosting is particularly effective for structured retinal features, combining multiple
feature types (vessel geometry, texture descriptors, and lesion statistics) to achieve high
discrimination.

AdaBoost (Adaptive Boosting)

AdaBoost, proposed by Freund and Schapire (1997), is an ensemble learning technique
that combines multiple weak learners, typically decision stumps, into a strong classifier.
The algorithm operates iteratively by assigning higher weights to misclassified samples at
each step, forcing subsequent learners to focus on difficult cases.

At each iteration, a weak classifier is trained, and its contribution to the final model is
weighted according to its accuracy. The final prediction is obtained as a weighted combi-
nation of all weak learners. AdaBoost is particularly effective in improving classification
performance when base learners are only slightly better than random guessing, and it is
well-suited for structured feature representations extracted from retinal biometrics.

2.2.3 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by the structure
and functioning of biological neural systems. These networks consist of interconnected
processing units, called neurons, organized into layers. A typical neural network includes an
input layer that receives the raw data, one or more hidden layers that perform intermediate
computations, and an output layer that produces the final prediction.

Each neuron processes input signals by combining them through weighted connections and
applying a nonlinear transformation known as an activation function. Through this process,
neural networks can learn complex relationships between inputs and outputs. During
training, the network parameters are gradually adjusted via an optimization procedure
that iteratively updates the model to minimize prediction errors on the training data. This
optimization process is commonly performed using gradient-based algorithms such as the
Adam optimizer.

Although early neural networks were relatively shallow, advances in computing power and
data availability have enabled the development of much deeper architectures capable of
learning highly complex representations.

ANNs provide a bridge to deep learning: they demonstrate that computational models can
learn from data rather than rely exclusively on manually engineered features, setting the
stage for architectures capable of handling high-dimensional image data, such as fundus
photographs.
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2.3 Deep Learning Foundations

Deep learning represents a major paradigm shift in machine learning, enabling com-
putational models to learn hierarchical representations directly from raw data through
multilayer neural architectures. Unlike traditional machine learning approaches that
rely on handcrafted features, deep learning automatically learns relevant features during
training. This capability has significantly improved performance in various computer
vision tasks, including image classification, object detection, medical image analysis, and
biometric recognition.

In the context of retinal biometric systems, deep learning plays a crucial role in several
stages of the processing pipeline, including retinal vessel segmentation, feature extraction,
biometric identity recognition, and disease detection. Deep neural networks are particularly
effective in retinal imaging due to their ability to capture complex spatial patterns such as
vascular structures, branching configurations, and pathological features.

The following subsections introduce the fundamental principles of artificial neural networks
and convolutional neural networks, which form the backbone of most modern deep learning
systems for medical imaging and biometric authentication.

2.3.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are specialized deep neural networks designed
for image analysis. CNNs have become the dominant approach for computer vision tasks
because they can efficiently capture spatial patterns in images.

Unlike traditional neural networks that process images as one-dimensional vectors, CNNs
preserve the two-dimensional structure. This allows them to analyze spatial relationships
between pixels and detect visual patterns such as edges, textures, and shapes.

A typical CNN architecture is composed of several types of layers, including:

• Convolutional layers are the primary building blocks of CNNs and are responsible
for extracting hierarchical features from input images. Each convolutional layer applies
a set of learnable filters that slide across the image to detect specific visual patterns,
producing feature maps that highlight the presence and spatial location of these
patterns. Early layers typically capture simple and low-level features such as edges,
corners, or color gradients. As the network goes deeper, the layers combine these simple
patterns to detect more complex and semantically meaningful structures. Feature maps
provide a visual representation of what the network sees at each layer, revealing how
the network progressively abstracts information from raw pixel values to high-level
concepts. Figure 2.1 depicts one example of the convolution operations with a layer
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of size 6× 6× 1 and a 3× 3× 1 filter in the top row. The modified image will have
better feature representation than the original image. A CNN will typically have many
convolution layers and each convolution layer will have its own set of learned kernels
or filters (Salvaris et al., 2018).

Figure 2.1. Convolution operation in CNNs. A filter (kernel) slides across the input image to
produce a feature map.

• Activation layers introduce non-linearity into neural networks, allowing them to
learn complex patterns that cannot be captured by linear combinations of inputs alone.
Common activation functions include:

– Sigmoid: used for binary classification, it maps any real-valued input into the
range [0, 1], representing a probability.

σ(x)sig = 1
1 + e−x (2.3.1)

where x is the input to the neuron.

– Softmax: used for multi-class classification, generating a probability distribution
over multiple classes. Mathematically, it is defined as:

Softmax(xi) = exi∑Cclass
j=1 exj

(2.3.2)

where xi is the input score (logit) for class i, and Cclass is the total number of
classes.

– Rectified Linear Unit (ReLU): widely used in hidden layers, which sets all
negative values to zero while keeping positive values unchanged, improving compu-
tational efficiency and mitigating the vanishing gradient problem.

ReLU(x) = max(0, x) (2.3.3)

Among these, the ReLU function has become the most widely used in deep learning due
to its computational efficiency and ability to mitigate the vanishing gradient problem.
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• Pooling layers reduce the spatial dimensions of feature maps. By downsampling
these maps, pooling lowers computational and memory requirements while improving
the network’s robustness to small translations, rotations, or distortions in the input
images. The two most commonly used pooling operations are:

– Max pooling: selects the maximum value within a specified window, emphasizing
the most salient features.

– Average pooling: computes the mean value within the window, providing a
smoother representation of the features.

Figure 2.2. Example of max pooling and average pooling operations with a 2× 2 filter and
stride 2.

• Fully connected layers are typically located near the end of the network and perform
high-level reasoning based on the features extracted by previous layers. These layers
combine the learned features to produce the final classification or prediction.

CNNs are particularly effective for retinal image analysis because they can automatically
detect vascular structures and anatomical patterns that are difficult to describe using
handcrafted features. As a result, CNN-based approaches have significantly improved the
performance of retinal disease detection and biometric identification systems.

2.3.2 Parameters of Deep Learning

Deep learning models are characterized by two types of parameters: learnable parameters,
which are adjusted automatically during training, and hyperparameters, which are prede-
fined before training and guide the learning process. Both categories play a crucial role in
determining the performance, generalization, and efficiency of deep neural networks.

Learnable Parameters

• Weights: These are coefficients associated with the connections between neurons.Weights
determine the influence of inputs on each neuron’s output and are iteratively adjusted
during training to minimize the loss function.
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• Biases: Bias terms allow neurons to activate independently of their input, providing
flexibility in learning and enabling the network to model complex functions more
effectively.

Hyperparameters

Hyperparameters are set before training and control various aspects of the learning process
and network architecture:

• Learning rate: Specifies the magnitude of updates applied to learnable parameters
during optimization.

• Number of layers and neurons per layer: Determines the depth and capacity of
the network, influencing its ability to capture complex patterns.

• Batch size: Defines the number of samples processed before updating the network
parameters that impact training stability and convergence speed.

• Number of epochs: Indicates the total number of complete passes through the
training dataset.

• Dropout rate: Sets the probability of randomly deactivating neurons during training,
helping to prevent overfitting.

• Convolution-specific parameters: Include kernel number and size, stride, and
padding, which controls how features are extracted from input images.

2.3.3 Regularization Techniques in Deep Learning

Deep neural networks often contain millions of parameters, which enables them to learn
highly complex representations from large datasets. However, this high capacity also
increases the risk of overfitting, a phenomenon in which the model learns the training
data too closely and fails to generalize well to unseen data. Regularization techniques
are therefore introduced to improve the generalization ability of deep learning models
by preventing the network from memorizing the training data. Several regularization
strategies are commonly used in deep learning systems for medical image analysis and
biometric recognition.

• Dropout: randomly turns off a subset of neurons in a neural network with a predefined
probability. As a result, the network cannot rely on specific neurons and must learn more
distributed, robust feature representations. This process effectively creates multiple
sub-networks during training, which are implicitly averaged during inference. By
reducing the co-adaptation of neurons, dropout helps prevent overfitting and improves
the robustness of deep learning models.
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• Batch Normalization: is another important regularization and training stabilization
technique. The main objective of batch normalization is to normalize the inputs of
each layer so that they maintain a stable distribution during training.

• Data Augmentation: is a regularization strategy that artificially increases the size
and diversity of the training dataset by applying various transformations to the original
images. Instead of collecting additional data, new training samples are generated
by modifying existing images through operations such as rotation, flipping, scaling,
cropping, or intensity adjustments.

• Early Stopping: is used to prevent overfitting by monitoring the model’s performance
on a validation dataset during training. Instead of training the model for a fixed
number of epochs, the training process is terminated when the validation performance
stops improving.

2.3.4 Training of Deep Neural Networks

Training deep neural networks is the process through which the model learns to map input
data to the correct outputs by adjusting its internal parameters. During training, the
network receives input samples and produces predictions through a sequence of layers in a
process known as forward propagation. The predicted output is then compared with the
true label using a loss function, which measures the difference between the predicted and
actual values.

To minimize this error, the network uses the backpropagation algorithm, which computes
the gradients of the loss function with respect to the model parameters (weights and
biases). These gradients indicate how each parameter should be adjusted to reduce the
prediction error. An optimization algorithm, such as stochastic gradient descent (SGD) or
Adam, updates the parameters iteratively based on computed gradients and a predefined
learning rate.

Training is performed over multiple iterations, called epochs, during which the model
processes the entire training dataset several times. The data are typically divided into
smaller groups, called batches, to enable efficient computation and more stable parameter
updates. Throughout the training process, the network gradually improves its ability to
extract relevant features and make accurate predictions.

Proper training of deep neural networks also involves techniques to improve generalization
and prevent overfitting, such as regularization methods, dropout, and data augmentation.
These techniques ensure that the trained model performs well not only on the training
data but also on unseen data. In medical imaging applications, including retinal image
analysis, careful training procedures are essential for obtaining reliable, robust models
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that can detect subtle anatomical patterns and pathological features.

2.4 Transfer Learning

Transfer learning is a powerful approach in deep learning that enables knowledge acquired
from one task to be reused for a related task. Instead of training deep neural networks
from scratch, transfer learning allows pre-trained models to serve as feature extractors or
initializations for new tasks. This strategy is particularly advantageous in medical imaging,
where labeled data are often limited.

In retinal image analysis, transfer learning is widely used to accelerate training, improve
model generalization, and mitigate overfitting. Pre-trained convolutional neural networks,
typically trained on large-scale natural image datasets such as ImageNet, have learned
hierarchical feature representations. Early layers capture low-level features like edges,
textures, and color gradients, while deeper layers encode complex, high-level patterns. By
adapting these representations to retinal images, networks can effectively detect intricate
vascular structures, lesions, and other anatomical features, even with relatively small
datasets.

Transfer learning can be implemented in several ways:

• Feature extraction: The pre-trained network is used as a fixed feature extractor,
and only the task-specific layers (e.g., fully connected classification heads) are trained
on retinal images.

• Fine-tuning: Some or all layers of the pre-trained network are updated using retinal
data, allowing the model to adapt learned features to the specific domain.

• Hybrid strategies: Early layers of the network are frozen to preserve general visual
features, while deeper layers are fine-tuned to capture domain-specific retinal patterns.

Several well-established deep learning architectures are commonly used for transfer learning
in medical image analysis, such as ResNet, DenseNet, and EfficientNet.

2.4.1 ResNet Architecture

Residual Networks (ResNet), introduced by He et al. (2016), were proposed to address
the degradation problem observed during the training of very deep neural networks. As
network depth increases, accuracy may saturate and then degrade, not necessarily due
to overfitting but rather because of optimization difficulties. To overcome this limitation,
ResNet introduces residual (shortcut) connections that enable direct information and
gradient flow across layers during backpropagation.
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Instead of directly approximating a desired mapping H(x), ResNet reformulates the
learning objective to estimate a residual function:

F(x) = H(x)− x (2.4.1)

Thus, the block output becomes:

y = F(x) + x (2.4.2)

This identity mapping facilitates gradient propagation, alleviates vanishing gradient issues,
and enables the successful training of extremely deep architectures such as ResNet-50,
ResNet-101, and ResNet-152. Due to their strong representational capacity and stable
convergence behavior, ResNet models have become widely adopted in computer vision and
medical image analysis applications.

In our work, we employ ResNet-152 as the backbone network for feature extraction from
retinal images. The architecture consists of an initial convolutional stem, followed by four
hierarchical residual stages composed of bottleneck blocks, and concludes with a global
pooling layer and a fully connected classifier. The network contains 152 learnable layers
and approximately 60 million parameters.

Input Layer and Convolutional Stem

The network accepts an RGB input image with a spatial resolution of 224 × 224 × 3.
The initial processing stage, referred to as the convolutional stem, performs early feature
extraction and spatial downsampling. It consists of:

• A 7× 7 convolutional layer with 64 filters and stride 2.

• Batch normalization.

• Rectified Linear Unit (ReLU) activation.

• A 3× 3 max-pooling layer with stride 2.

This configuration reduces the spatial resolution from 224×224 to 56×56, while increasing
channel depth to 64. The resulting feature tensor has dimensions 56× 56× 64. The stem
captures low-level visual primitives such as edges, contours, gradients, and basic textures,
forming the foundation for subsequent hierarchical feature extraction.
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Residual Learning Framework

The fundamental building block of ResNet-152 is the bottleneck residual block, designed
to maintain computational efficiency while enabling deep representations. Each bottleneck
block comprises three convolutional layers arranged sequentially: a 1× 1 convolution for
channel reduction, a 3×3 convolution for spatial feature extraction, and a 1×1 convolution
for channel expansion.

Each convolutional layer is followed by batch normalization and ReLU activation, except
for the final convolution preceding the residual addition. The shortcut connection either
performs identity mapping or uses a 1×1 projection when the spatial or channel dimensions
change.

By learning residual mappings rather than direct transformations, the architecture signifi-
cantly improves training stability and enables effective optimization at extreme depths.

Hierarchical Residual Stages

The residual blocks are organized into four main stages: conv2_x, conv3_x, conv4_x, and
conv5_x. Across these stages, spatial resolution decreases while feature dimensionality
increases, producing progressively abstract representations.

• Stage conv2_x: Contains 3 bottleneck blocks. The spatial resolution remains 56×56,
and the output dimensionality expands to 256 channels. This stage refines low-level
structural representations.

• Stage conv3_x: Includes 8 bottleneck blocks. The first block downsamples with a
stride of 2, reducing the spatial resolution to 28×28. The number of channels increases
to 512. This stage captures more complex spatial configurations and intermediate-level
patterns.

• Stage conv4_x: The deepest stage, comprising 36 bottleneck blocks, which accounts
for the majority of the network depth. The spatial resolution is reduced to 14× 14,
and channel dimensionality increases to 1024. This stage is responsible for learning
high-level semantic representations and complex structural features.

• Stage conv5_x: Contains 3 bottleneck blocks. Downsampling in the first block
reduces the feature maps to 7 × 7 with 2048 channels. At this level, the network
encodes highly abstract and globally discriminative features suitable for classification.

Global Average Pooling

Following the final residual stage, the feature tensor of size 7 × 7 × 2048 is processed
through global average pooling, which computes the spatial mean across each channel.
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This produces a compact representation of 1× 1× 2048, equivalent to a 2048-dimensional
feature vector.

Global average pooling reduces parameter count, mitigates overfitting, and enforces
correspondence between feature maps and semantic categories.

Fully Connected Classification Layer

In the original ImageNet classification configuration, the pooled feature vector is fed into a
fully connected layer with 1000 neurons, corresponding to the 1000 object categories in the
ImageNet dataset. A Softmax activation function generates normalized class probabilities.

The architecture follows a pyramidal design, progressively decreasing spatial resolution
from 224× 224 to 7× 7, while increasing channel dimensionality from 64 to 2048. This
structural progression enables the transition from local feature extraction to high-level
semantic abstraction.

Despite its extreme depth, ResNet-152 remains trainable due to residual connections that
facilitate efficient gradient flow. However, it is computationally intensive and memory
demanding compared to shallower variants such as ResNet-50 and ResNet-101. The
bottleneck structure significantly reduces computational complexity by compressing and
expanding channel dimensions around the central 3× 3 convolution, thereby maintaining
efficiency while preserving representational power. Figure 2.3 summarizes the architecture
diagram.

Figure 2.3. Architectural diagram of ResNet-152, illustrating the convolutional stem, four
residual stages, and the final classification layers.
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2.4.2 DenseNet Architecture

Densely Connected Convolutional Networks (DenseNet), introduced by Huang et al. (2017),
were designed to improve information flow and gradient propagation in very deep networks.
Unlike traditional convolutional architectures where each layer feeds its output only to
the next layer, DenseNet establishes direct connections from each layer to all subsequent
layers within the same dense block. This dense connectivity alleviates vanishing gradient
problems, encourages feature reuse, strengthens feature propagation, and substantially
reduces the number of parameters compared to conventional deep networks.

Formally, for a dense block with ℓ layers, each layer receives as input the concatenation of
feature maps produced by all preceding layers:

xℓ = Hℓ([x0, x1, . . . , xℓ−1]) (2.4.3)

where [·] denotes concatenation and Hℓ represents a composite function consisting of Batch
Normalization (BN), ReLU activation, and convolution. This design ensures maximum
information flow between layers and promotes implicit deep supervision.

In our work, we employ DenseNet-169 and DenseNet-201 as backbone architectures for
retinal image feature extraction. Both models follow the same structural principles but
differ in depth and number of layers per dense block.

Input Layer and Convolutional Stem

The network accepts an RGB image of size 224× 224× 3. The initial convolutional stem
is similar to that of ResNet and consists of:

• A 7× 7 convolution with 64 filters and stride 2.

• Batch Normalization.

• ReLU activation.

• 3× 3 max pooling with stride 2.

This stage reduces spatial resolution from 224×224 to 56×56, producing an initial feature
tensor of size 56 × 56 × 64. The stem extracts low-level visual features such as edges,
contours, and texture primitives.

Dense Learning Framework

The fundamental building unit of DenseNet is the dense layer, which employs a bottleneck
design consisting of a 1×1 convolution for channel reduction followed by a 3×3 convolution
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for spatial feature extraction. Each dense layer receives as input the concatenation of all
preceding feature maps within the same dense block, and if the growth rate is denoted by
k, each layer produces k new feature maps. Consequently, the number of channels increases
linearly within each block. This dense connectivity strategy provides several advantages:
it improves gradient flow, mitigating vanishing gradient problems in very deep networks; it
promotes strong feature reuse by allowing layers to access all previously learned features;
it reduces redundancy in feature representations; and it enhances parameter efficiency.
Unlike ResNet, which performs feature summation through residual addition, DenseNet
uses feature concatenation, thereby preserving information from all previous layers and
supporting richer hierarchical feature learning.

Transition Layers

Between dense blocks, DenseNet introduces transition layers to control model complexity
and reduce spatial dimensions. Each transition layer consists of a 1× 1 convolution and
2× 2 average pooling with stride 2. These layers reduce both the number of feature maps
and spatial resolution, ensuring computational efficiency.

DenseNet-169 Architecture

DenseNet-169 comprises 169 learnable layers and approximately 14 million parameters,
striking a balance between network depth and computational efficiency. The architecture is
structured into four dense blocks, containing 6, 12, 32, and 32 layers, respectively. Spatial
resolution follows a pyramidal progression, decreasing from 56× 56 after the first block to
28× 28, 14× 14, and finally 7× 7 after the fourth block. Due to the dense concatenation
of feature maps, channel dimensionality increases progressively throughout the network,
enabling the extraction of rich hierarchical features. This design allows DenseNet-169
to capture detailed representations while remaining computationally tractable, which is
particularly advantageous for high-resolution retinal image analysis.

DenseNet-201 Architecture

DenseNet-201 builds upon the same architectural principles as DenseNet-169 but extends
the network to 201 learnable layers, with approximately 20 million parameters. Its four
dense blocks are composed of 6, 12, 48, and 32 layers, respectively, with the third dense
block substantially deeper than in DenseNet-169. This increased depth enables richer
hierarchical feature extraction and stronger high-level representation learning. The spatial
resolution follows a consistent pyramidal reduction from 224×224 to 56×56, 28×28, 14×14,
and finally 7 × 7. Through dense concatenation, channel dimensionality progressively
increases, allowing the network to capture highly detailed and discriminative features while
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maintaining parameter efficiency relative to other networks of comparable depth, making
DenseNet-201 particularly suitable for complex retinal image analysis tasks.

Global Average Pooling and Classification Layer

After the final dense block, the resulting feature tensor of size 7× 7× Cchan where Cchan

denotes the number of feature channels (1664 for DenseNet-169 and 1920 for DenseNet-201)
undergoes global average pooling. This operation reduces each 7 × 7 feature map to a
single value, producing a compact feature vector of length equal to the number of channels.
In the original ImageNet configuration, this feature vector is subsequently connected to a
fully connected layer with 1000 neurons, followed by a Softmax activation for multi-class
classification. By aggregating spatial information via global average pooling, the network
captures the most salient features while reducing dimensionality, thereby enabling efficient,
discriminative representations for downstream tasks.

In retinal image analysis and medical imaging tasks, DenseNet backbones demonstrate
strong performance due to their ability to preserve fine-grained structural information
across layers, which is critical for vascular pattern recognition and lesion detection. Figure
2.4 summarizes the architectural diagrams of DenseNet-169 and DenseNet-201.

Figure 2.4. Architectural diagrams of DenseNet-169 and DenseNet-201 backbones, showing the
progression of dense blocks and transition layers.
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2.5 Retinal Image Segmentation Theory

Segmentation is a fundamental step in retinal biometric systems, aiming to isolate mean-
ingful anatomical structures from the background of retinal images. Accurate segmentation
of blood vessels, optic discs, fovea regions, and pathological lesions provides structural
representations that are essential for both identity recognition and disease detection. By
converting raw retinal images into structured maps, segmentation reduces data complexity
while preserving discriminative features necessary for subsequent analysis.

The primary goal of retinal segmentation in biometric systems is to extract unique vascular
patterns and individual-specific anatomical landmarks. These features include:

• Vascular morphology: Branching patterns, lengths, widths, and bifurcation angles,
which exhibit high inter-subject variability.

• Optic disc and fovea localization: Serve as spatial reference points to normalize
vascular structures across images.

• Lesion detection: Microaneurysms, exudates, and hemorrhages, while often indicative
of pathology, can also contribute to distinguishing retinal images over time.

High-quality segmentation ensures that extracted features are robust, discriminative, and
invariant to imaging conditions, making them suitable for biometric authentication and
longitudinal monitoring.

2.5.1 U-Net Architecture for Retinal Segmentation

The U-Net architecture, introduced by Ronneberger et al. (2015), has become the standard
approach for medical image segmentation, including retinal vessel extraction, due to
its ability to integrate contextual understanding with precise localization. Its structure
consists of two main paths: an encoder and a decoder.

• Encoder: is designed to extract hierarchical features from the input retinal image
progressively. It is composed of sequential convolutional blocks, each typically consisting
of two convolutional layers followed by Rectified Linear Unit (ReLU) activations and
batch normalization. These operations enable the network to learn increasingly complex
representations while maintaining training stability. Max pooling layers are interleaved
between convolutional blocks to reduce the spatial resolution of feature maps, thereby
allowing the encoder to capture broader contextual information and larger receptive
fields. This hierarchical feature extraction is essential for accurately modeling the
intricate vascular structures present in retinal images, as it provides both fine-grained
local details and global structural context necessary for reliable segmentation.
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• Decoder: is responsible for reconstructing the segmentation map from the abstract fea-
ture representations produced by the encoder. It consists of upsampling layers, typically
implemented via transposed convolutions or interpolation, followed by convolutional
blocks that refine the upsampled features. This process progressively restores the spatial
resolution while preserving the semantic information captured in the encoder. Crucially,
skip connections link corresponding layers of the encoder and decoder, allowing the
network to combine high-resolution spatial information with deep contextual features.
These connections mitigate information loss caused by downsampling and enable precise
localization of retinal structures, such as blood vessels and lesions. By integrating
both global context and fine-grained details, the encoder-decoder architecture ensures
accurate and robust segmentation performance, particularly in complex retinal images
with intricate vascular patterns.

• Output Layer: serves as the final stage of the segmentation network, translating the
learned feature representations into pixel-wise class predictions. A 1× 1 convolution is
employed to reduce the multi-channel feature maps produced by the decoder to the
desired number of classes, ensuring that each pixel is assigned a probability distribution
over possible labels. For binary segmentation tasks, such as distinguishing retinal
vessels from the background, a Sigmoid activation function is applied to produce values
between 0 and 1, representing the likelihood of each pixel belonging to the target
class. In multi-class segmentation scenarios, such as simultaneously delineating vessels,
optic disc, and pathological lesions, a Softmax activation function is used to generate
a normalized probability distribution across all classes for each pixel. This design
enables the network to make precise, per-pixel predictions while accommodating both
simple and complex segmentation objectives, ensuring accurate delineation of retinal
structures critical for biometric and diagnostic applications.

Several variants of the classical U-Net architecture have been proposed to enhance seg-
mentation performance, particularly in challenging retinal imaging tasks. Residual U-Net
integrates shortcut connections within convolutional blocks, facilitating improved gradient
propagation and enabling deeper network construction. This design is particularly effective
at detecting thin, low-contrast vessels that are otherwise difficult to segment. Attention U-
Net incorporates attention mechanisms that selectively emphasize relevant retinal regions
while suppressing background noise, thereby improving segmentation accuracy in images
with complex structures or pathological artifacts. The multi-scale U-Net employs parallel
processing across multiple spatial resolutions, allowing the network to simultaneously
capture fine vessel details and the global topology of the vascular network. Collectively,
these variants address limitations of the standard U-Net and provide more robust and
precise segmentation of retinal structures, which is crucial for both biometric recognition
and medical diagnosis.
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2.6 Attention Mechanisms: Theoretical Foundations

Attention mechanisms are a fundamental concept in modern deep learning, inspired by
human cognitive processes that allow selective focus on relevant information while ignoring
irrelevant stimuli. In neural networks, attention provides a dynamic means of weighting
features, enabling the model to prioritize informative regions or channels of the input data.
This concept is especially valuable in high-dimensional data such as images, where critical
information may be sparsely distributed.

Formally, consider an input feature representation F . An attention mechanism computes
a weighting map A, which can be spatial, channel-wise, or both, and generates a refined
representation F ′ as:

F ′ = F ⊙ A (2.6.1)

where ⊙ denotes element-wise multiplication. The attention map A is learned during
training, allowing the network to adaptively emphasize features that are most relevant for
the task at hand.

Attention can be categorized into several types:

• Spatial Attention: Focuses on "where" important features are located in the input
space. It assigns higher weights to critical spatial regions, facilitating the identification
of localized structures in complex patterns.

• Channel Attention: Focuses on "what" features are most relevant across different
channels or feature dimensions. By modulating the contribution of each channel, the
network emphasizes the most discriminative feature maps.

• Self-Attention: Computes relationships between all elements of the input, capturing
long-range dependencies and contextual interactions. This is widely used in transformer
architectures and increasingly applied in vision tasks.

Attention mechanisms offer several theoretical advantages in deep learning:

• Dynamic Feature Selection: Allows the network to focus on salient information
without hard-coded rules.

• Improved Representational Power: Facilitates the learning of complex, context-
dependent features.

• Enhanced Gradient Flow: By emphasizing important features, attention can
improve training stability and convergence.
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• Task Adaptivity: Particularly in multi-task models, attention enables the network
to allocate computational focus differently for each objective, such as segmentation,
classification, or detection.

In summary, attention mechanisms provide a mathematically grounded, flexible framework
for selective information processing, which has become a cornerstone of modern deep
learning, particularly in vision and biomedical applications.

2.7 Multitask Learning

Multitask Learning (MTL) is a machine learning paradigm in which a single model is
trained to perform multiple related tasks simultaneously. Instead of developing separate
models for each task, multitask learning enables the network to share representations
across tasks, allowing it to learn more general and informative features.

The central idea behind multitask learning is that related tasks often share underlying
structures or patterns. By learning these tasks jointly, the model benefits from additional
supervision signals, which improves generalization and reduces the risk of overfitting. This
is particularly useful in medical and biometric image analysis, where anatomical and
pathological characteristics may overlap.

Formally, assume that a model is trained to solve T tasks with corresponding loss functions
L1,L2, . . . ,LT . The overall objective function is defined as:

Ltotal =
T∑
i=1

λiLi (2.7.1)

where λi represents the weighting factor assigned to each task. These coefficients control
the relative importance of the tasks during training.

2.7.1 Hard and Soft Parameter Sharing

Multitask learning architectures are generally categorized into two main strategies: hard
parameter sharing and soft parameter sharing. These strategies define how information is
shared between different tasks within a unified model.

Hard Parameter Sharing

Hard parameter sharing is the most commonly used approach in deep multitask learning.
In this strategy, the initial layers of the neural network are shared among all tasks, forming
a common feature extraction backbone. The later layers are task-specific and produce
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independent outputs for each objective.

The shared layers learn a general representation of the input data that captures common
structures and patterns relevant to all tasks. For example, in image analysis, early
convolutional layers typically extract low-level features such as edges, textures, and shapes.
These features are often useful across multiple tasks, making shared learning efficient and
effective.

Hard sharing significantly reduces the number of model parameters compared to training
separate networks for each task. This reduction acts as a regularization mechanism,
decreasing the risk of overfitting. By forcing the model to learn representations that are
useful for multiple objectives, the network becomes more robust and generalizable.

However, hard parameter sharing assumes that the tasks are sufficiently related. If the
tasks are weakly correlated, shared learning may lead to suboptimal performance due to
interference between task objectives.

Soft Parameter Sharing

In contrast to hard sharing, soft parameter sharing maintains separate model parameters
for each task. Instead of directly sharing layers, the models are encouraged to learn similar
representations through regularization constraints.

In this approach, each task has its own neural network, but a penalty term is added to the
loss function to minimize the difference between corresponding parameters across tasks.
This encourages knowledge transfer while preserving task-specific flexibility.

Soft parameter sharing provides greater adaptability compared to hard sharing, as each
task retains its own feature extraction pathway. This is particularly beneficial when tasks
are related but not identical, allowing the network to capture subtle differences between
objectives.

However, soft sharing increases computational complexity and requires more parameters,
which may lead to higher training cost.

2.7.2 Benefits of Multitask Learning

Multitask learning provides several key advantages for complex image analysis systems. By
sharing representations across multiple objectives, the model can improve generalization and
reduce overfitting, as the learned features capture patterns that are broadly useful rather
than specific to a single task. This approach also enhances training efficiency, since a single
unified network can replace multiple independent models, reducing computational and
memory requirements. Moreover, multitask learning facilitates feature sharing, allowing
low-level structures such as edges, textures, or anatomical patterns to be reused across
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tasks, which is particularly beneficial in retinal image analysis. Finally, learning multiple
objectives simultaneously exerts a regularization effect, stabilizing training and producing
more robust and discriminative feature representations. Collectively, these properties
make multitask learning an effective strategy for developing accurate, efficient, and reliable
image analysis systems.

2.8 Common Datasets Overview

The development and validation of retinal biometric algorithms rely heavily on the
availability of standardized, high-quality datasets. This section provides an overview of the
publicly available datasets used in this thesis, along with a description of the proprietary
clinical dataset that serves as a core component of our experimental work.

2.8.1 Publicly Available Datasets

1. Retinal Identification Database (RIDB) is a standardized public benchmark
specifically designed for retinal biometric recognition research. It comprises 100 high-
resolution fundus images (1504 × 1000 pixels) captured under controlled conditions
using a TOPCON TRC retinal camera. The dataset includes five samples from each
of 20 distinct subjects, all free of diagnosed retinal pathology, ensuring anatomical
homogeneity and minimizing confounding variability during biometric feature extraction.
This structure facilitates the study of intra-subject variation while providing a consistent
framework for evaluating verification and identification performance. In this thesis,
RIDB serves as an external validation set, enabling assessment of model generalizability
across different acquisition devices and populations beyond the primary proprietary
dataset (Akram et al., 2020).

2. ARIA (Automatic Retinal Image Analysis) is a clinically curated public resource
widely employed for ophthalmic image analysis and medical biometric research. It
contains three categories of retinal fundus images: 61 from healthy subjects, 92 from
patients with Age-related Macular Degeneration (AMD), and 59 from patients with Dia-
betic Retinopathy (DR). This distribution enables research on both healthy anatomical
patterns and pathological variations, making the dataset suitable for both biometric
recognition and disease classification tasks. All images have a resolution of 768 × 576
pixels and were acquired under standardized clinical conditions at St. Paul’s Eye Unit
(University of Liverpool, UK) (Farnell et al., 2008).

3. STARE (Structured Analysis of the Retina) represents a foundational resource in
ophthalmic image analysis, originally developed by Michael Goldbaum at the University
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of California, San Diego. Primarily designed for automated medical diagnostics, the
dataset contains 400 retinal fundus images of high resolution, providing substantial
anatomical detail for the analysis of vascular structures and pathological features. A
distinctive strength of STARE lies in its expert annotations, particularly the pixel-level
segmentation masks of retinal vasculature, which have established it as a standard
benchmark for vessel segmentation algorithms. Additionally, the dataset includes
diagnostic labels categorizing images as either healthy or pathological (Hoover et al.,
2000).

4. DRIVE (Digital Retinal Images for Vessel Extraction) is a specialized retinal
image collection used to develop and evaluate blood vessel segmentation methods.
Created by the Image Sciences Institute in the Netherlands, the dataset comprises
40 high-resolution color fundus images sourced from a diabetic retinopathy screening
program. Its standardized structure, with 20 training and 20 test images in fixed
partitions, ensures consistent and reproducible comparisons across studies. Each
image is accompanied by meticulously crafted manual annotations that provide pixel-
level ground truth for retinal vasculature, enabling precise quantitative evaluation of
segmentation accuracy (Staal et al., 2004).

5. VARIA (Vascular Analysis for Retinal Identification Applications) is designed
for retinal biometric research, distinguishing itself from clinically oriented databases by
focusing exclusively on identity verification rather than disease diagnosis. Managed by
the VARPA research group, this collection comprises 233 retinal fundus images from
139 distinct individuals, with multiple samples per subject enabling critical analysis of
intra-subject variability and the longitudinal stability of vascular features. All images
were acquired using a non-mydriatic TopCon NW-100 camera with consistent optic
disc centering at a resolution of 768 × 584 pixels (Ortega et al., 2009).

6. 39-CAS Dataset represents a comprehensive multi-class retinal imaging resource
specifically designed for fine-grained pathological classification. Derived from the clinical
archives of the Joint Shantou International Eye Centre (JSIEC) in Guangdong, China,
this curated collection comprises 1,000 color fundus images systematically annotated
across 39 distinct retinal disease categories. As a carefully selected subset from a
larger clinical repository exceeding 209,000 images, the dataset provides a balanced
representation of multiple ocular pathologies while maintaining single-label annotations
essential for supervised classification frameworks (Cen et al., 2021).

7. FIVES (Fundus Image Vessel Segmentation) constitutes a comprehensive dataset
for vascular segmentation, comprising 800 high-resolution color fundus images with
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meticulously curated pixel-level annotations of retinal vessels produced through expert-
guided standardized protocols. Spanning an exceptionally broad demographic range
(ages 4–83) and including diverse pathological presentations (diabetic retinopathy,
glaucoma, and age-related macular degeneration), the dataset offers significant value for
evaluating model robustness across heterogeneous populations and clinical conditions
(Jin et al., 2022).

8. OIA-ODIR (Ophthalmic Image Analysis – Ocular Disease Intelligent Recog-
nition) represents a comprehensive clinical resource for ophthalmic image analysis,
featuring binocular color fundus photography paired with demographic metadata (age,
sex) and expert-provided diagnostic keywords for each patient. Originally developed by
Nankai University’s Intelligent Computing System Lab in collaboration with Peking
University and Shanggong Medical Technology, this standardized research dataset
contains 10,000 fundus images sampled from over 1.6 million clinical images across
400+ hospitals in 26 Chinese provinces. The dataset is organized at the image level for
multi-disease simultaneous diagnosis, with each fundus image annotated with eight dis-
ease labels: normal (N), diabetes (D), glaucoma (G), cataract (C), age-related macular
degeneration (A), hypertension (H), myopia (M), and other diseases/abnormalities (O).
The age distribution focuses on the 30-80 year range, representing over 96% of samples.
OIA-ODIR is recognized as the first international multi-lesion detection dataset based
on single fundus images and serves as a standardized benchmark for multi-label ocular
disease classification research (Li et al., 2020; Nankai University Intelligent Computing
System Lab, 2019).

2.8.2 Local Dataset

is a proprietary clinical retinal image collection acquired at the LAZOUNI ophthal-
mology clinic. It consists of 425 high-resolution color fundus photographs from 81
subjects, collected during routine ophthalmic examinations. All images were obtained
using an EIDON non-mydriatic retinal camera in accordance with standard clinical
acquisition protocols. The native resolution of 3680 × 3288 pixels enables detailed
visualization of retinal anatomical structures, such as the vascular network, optic disc,
and macular region, which is critical for both biometric identification and clinical
pathology assessment.

The dataset includes demographic and examination metadata, such as subject sex,
date of birth, and the number of acquisitions per eye. The cohort comprises 30 male
and 51 female subjects, providing a representative range of clinical diversity. The
age distribution ranges from pediatric subjects (approximately 4 years old) to elderly
patients over 83 years, facilitating the evaluation of biometric recognition across diverse
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age groups and retinal development stages. This variability is especially relevant for
medical biometric applications, as retinal morphology may change with aging or disease
progression.

The dataset provides images from both the right eye (OD) and left eye (OG) for most
subjects. Multiple acquisitions per eye are available for several individuals, with capture
counts ranging from single examinations to extensive follow-up records. This multi-
sample structure enables both binocular analysis and the investigation of intra-subject
variability across repeated imaging sessions.

2.9 Evaluation Metrics for Retinal Image Analysis

The performance of retinal image analysis systems, whether for segmentation, biometric
identification, or pathology classification, is assessed using a comprehensive suite of metrics.
Each metric quantifies different aspects of system reliability, efficiency, and clinical utility.
This section presents the key metrics used throughout this thesis, organized by their
primary application domain.

2.9.1 Pixel-Level Segmentation Metrics

For retinal vessel segmentation tasks, pixel-level accuracy and structural preservation are
critical. The following metrics evaluate the quality of segmentation masks against ground
truth annotations.

• Dice Coefficient: Measures the spatial overlap between the predicted segmentation
mask P and the ground truth G:

Dice = 2 · |P ∩G|
|P |+ |G| (2.9.1)

where |P ∩G| is the number of pixels correctly predicted as vessels, and |P | and |G|
are the total number of predicted and ground truth vessel pixels, respectively. Values
range from 0 (no overlap) to 1 (perfect overlap).

• Intersection over Union (IoU): Also known as the Jaccard index, measures the
ratio of the intersection to the union of predicted and true masks:

IoU = |P ∩G|
|P ∪G|

(2.9.2)

This metric penalizes both false positives and false negatives, providing a strict assess-
ment of segmentation quality.
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• Topology-aware Metrics: Beyond pixel-level accuracy, maintaining the continuity of
vessel branches is critical in retinal biometrics. Metrics such as the Structural Similarity
Index (SSIM) adapted for vascular networks or connectivity-preserving scores evaluate
whether segmented vessels preserve branching patterns and connectivity essential for
reliable identity recognition.

2.9.2 Classification and Identification Metrics

For biometric identification and pathology classification tasks, the following metrics provide
a comprehensive evaluation of model performance. These metrics are derived from the
confusion matrix elements: True Positives (TP ), True Negatives (TN), False Positives
(FP ), and False Negatives (FN).

1. Accuracy provides an overall measure of correct predictions across both positive and
negative classes:

Accuracy = TP + TN

TP + TN + FP + FN
(2.9.3)

While intuitive, accuracy should be interpreted with caution in the presence of class
imbalance.

2. Precision (Positive Predictive Value) measures the accuracy of positive identifica-
tions:

Precision = TP

TP + FP
(2.9.4)

High precision indicates that when the system predicts a positive class, it is likely
correct.

3. Sensitivity (Recall / True Positive Rate / Genuine Acceptance Rate) measures
the ability to detect positive cases:

Sensitivity = TP

TP + FN
(2.9.5)

In biometric contexts, this is referred to as the Genuine Acceptance Rate (GAR).

4. Specificity (True Negative Rate) measures the ability to correctly identify negative
cases:

Specificity = TN

TN + FP
(2.9.6)

High specificity indicates effective rejection of impostors.

5. F1-Score provides a balanced measure by combining precision and recall via their
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harmonic mean:
F1 = 2× Precision× Recall

Precision + Recall (2.9.7)

This metric is particularly useful when seeking a balance between precision and recall.

6. ROC-AUC (Area Under the Receiver Operating Characteristic Curve)
assesses the classifier’s discriminative capacity across all decision thresholds:

AUC =
∫ 1

0
TPR(f) dFPR(f) (2.9.8)

where TPR is the True Positive Rate (Sensitivity) and FPR is the False Positive
Rate (1− Specificity). AUC values range from 0.5 (random guessing) to 1.0 (perfect
discrimination).

7. Logarithmic Loss (Log Loss) penalizes incorrect probabilistic predictions, with
higher values indicating greater divergence between predicted probabilities and true
labels:

Log Loss = − 1
N

N∑
i=1

[
yi log(pi) + (1− yi) log(1− pi)

]
(2.9.9)

where yi is the true label (0 or 1) and pi is the predicted probability for the i-th
observation. This metric is particularly important for assessing the calibration of
probabilistic predictions.

8. Cohen’s Kappa evaluates inter-rater agreement beyond chance, particularly useful
for assessing classification consistency across multiple observers or model runs:

κ = p0 − pe
1− pe

(2.9.10)

where p0 is the observed agreement (accuracy) and pe is the expected agreement by
chance. Values range from ≤ 0 (no agreement) to 1 (perfect agreement).

2.9.3 Biometric-Specific Metrics

In biometric verification systems, additional metrics characterize the trade-off between
security and usability:

• False Acceptance Rate (FAR): The proportion of impostor attempts incorrectly
accepted as genuine:

FAR = FP

FP + TN
(2.9.11)

• False Rejection Rate (FRR): The proportion of genuine attempts incorrectly
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rejected as impostors:
FRR = FN

FN + TP
(2.9.12)

• Equal Error Rate (EER): The operating point where FAR equals FRR. Lower EER
indicates better overall system performance.

• Average Identification Time quantifies computational efficiency, measured as the
mean duration required to process a single sample:

Avg. Identification Time = Total Identification Time
Number of Samples (2.9.13)

This metric is critical for real-time deployment scenarios.

2.9.4 Multi-Label Classification Metrics

For multi-label pathology classification tasks where multiple diseases may co-exist in a
single image, additional aggregated metrics are used:

• Micro-averaged metrics: Aggregate contributions from all classes to compute global
averages, giving equal weight to each sample- label pair.

• Macro-averaged metrics: Compute metrics independently for each class and then
average, giving equal weight to each class regardless of frequency.

• Weighted-averaged metrics: Similar to macro-averaging but weighted by the number
of true instances per class.

• Hamming Loss: The fraction of incorrectly predicted labels relative to the total
number of labels:

Hamming Loss = 1
N · L

N∑
i=1

L∑
j=1

1[yij ̸= ŷij] (2.9.14)

where N is the number of samples, L is the number of labels, and 1[·] is the indicator
function.

Throughout this thesis, these metrics are consistently applied to evaluate segmentation
quality, biometric identification accuracy, and pathology classification performance across
all datasets and experimental configurations.

2.10 Conclusion

This chapter presented the key theoretical foundations for artificial intelligence in retinal
biometric systems. It covered classical and deep learning methods, transfer learning
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strategies, and modern architectures such as ResNet and DenseNet for robust feature
extraction. Segmentation theory and attention mechanisms were discussed as essential
tools for capturing detailed anatomical structures, while multitask learning was highlighted
for its ability to improve generalization and efficiency across related tasks. Collectively,
these concepts provide a solid framework for developing accurate, efficient, and reliable
retinal biometric models.
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Chapter 3

Retinal Authentication System Using
Deep Learning and Multi-Modal Fea-
ture Extraction

3.1 Introduction

The increasing reliance on biometric technologies in security-sensitive and clinical environ-
ments has driven significant research into robust and reliable identification systems. In
medical contexts, accurate patient identification is essential not only for access control but
also for ensuring continuity of care, preventing medical errors, and enabling secure longi-
tudinal patient monitoring. Among the various biometric modalities, retinal biometrics
have attracted growing attention due to the uniqueness, internal location, and long-term
stability of retinal vascular structures. These intrinsic characteristics make the retina
particularly suitable for high-security authentication systems, as the complex vascular
patterns are highly distinctive and remain relatively stable throughout an individual’s life-
time (Rodiah et al., 2021; Lazzouni and Messadi, 2025). Consequently, retinal biometrics
have emerged as a promising modality for secure identity verification across medical and
security applications.

Recent advances in artificial intelligence, particularly deep learning, have significantly
improved the performance of medical image analysis and biometric recognition systems.
Convolutional Neural Networks (CNNs) have demonstrated the ability to automatically
learn discriminative representations from retinal fundus images, outperforming traditional
handcrafted feature extraction methods that rely on manually designed descriptors (Rodiah
et al., 2021). Through hierarchical feature learning, CNNs can capture complex structural
patterns in retinal images, enabling more accurate recognition of individual vascular
signatures. These capabilities have motivated numerous studies exploring deep learning-
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based retinal biometric systems, where neural networks are trained to identify distinctive
vascular characteristics directly from raw retinal images.

Early work by Zanlorensi et al. (2020) demonstrated the feasibility of deep learning for
retinal biometric recognition using a CNN architecture that achieved promising results on
publicly available datasets. Subsequent research by Jalilian et al. (2022) extended this
approach by incorporating triplet loss functions to learn discriminative feature embeddings,
enabling more effective identity verification through metric learning. Agnihotri et al. (2019)
further improved recognition performance by combining CNNs with similarity-based match-
ing strategies, achieving robust authentication across varying image quality conditions.
Thapar et al. (2019) introduced an adaptive margin triplet loss that dynamically adjusts
the separation between genuine and impostor pairs, thereby enhancing discrimination of
subtle vascular differences.

Beyond CNNs, generative models have also contributed to retinal biometric research. Son
et al. (2017) first applied GANs to retinal vessel segmentation, demonstrating improved
segmentation accuracy, particularly for thin and low-contrast vessels. Kamran et al. (2021)
further developed RV-GAN, a multi-scale GAN architecture that achieved state-of-the-
art performance on several public retinal segmentation datasets. Bhanuse et al. (2025)
proposed a multi-stage GAN architecture incorporating attention mechanisms and adaptive
loss functions to enhance the segmentation of fine vascular structures. These advances
have enabled more precise extraction of vascular structures, which is a critical prerequisite
for reliable biometric feature extraction.

Beyond vessel-based representations, alternative approaches have explored the use of global
retinal texture features for biometric identification. Lazzouni and Messadi (2025) proposed
a texture-based retinal authentication method using multifractal analysis combined with
wavelet-based image fusion, demonstrating that discriminative biometric information can
also be derived from overall retinal texture distribution. Recent research has also explored
multimodal biometric systems that combine retinal biometrics with other physiological
modalities (Sasikala, 2025; Nardone et al., 2025), as well as privacy-preserving techniques
for retinal data processing (Luo et al., 2026).

Despite these advancements, several limitations remain in current retinal authentication
systems. Many existing methods rely on low-resolution images, which fail to preserve the
fine vascular details necessary for highly discriminative biometric recognition. Furthermore,
numerous studies evaluate their methods using a single dataset, limiting models’ ability
to generalise across different imaging devices and acquisition conditions. Additionally,
conventional pipelines often separate vessel segmentation from the feature extraction and
authentication stages, preventing the system from being optimised end-to-end for biometric
recognition tasks.
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Contributions of This Chapter

This chapter presents a comprehensive retinal authentication framework designed to
overcome key limitations in existing biometric systems. The proposed approach integrates
high-resolution preprocessing, advanced vessel segmentation, and multi-modal feature
extraction into a unified pipeline. First, an efficient preprocessing and patch extraction
strategy is introduced to preserve fine vascular details while maintaining computational
feasibility. Second, a Residual Attention U-Net architecture is developed to enhance vessel
segmentation by combining residual learning and attention mechanisms, enabling robust
and stable feature learning. Third, a hybrid multi-modal feature extraction framework
is proposed, incorporating morphological, topological, and texture-based descriptors to
improve discriminative power while ensuring interpretability. Finally, the system is
validated through a systematic evaluation of verification classifiers, including SVM, KNN,
Decision Tree, Random Forest, Extra Trees, XGBoost, AdaBoost, and Voting ensembles,
with optimized decision thresholds, demonstrating strong generalization across multiple
public retinal datasets.

3.2 Methodology

The proposed retinal authentication system follows a sequential processing pipeline that
transforms retinal fundus images into discriminative biometric features suitable for iden-
tity verification. As illustrated in Figure 3.1, the system consists of four main stages:
image preprocessing, high-resolution patch extraction, retinal vessel segmentation using a
residual attention U-Net, post-processing, and multi-modal feature extraction followed by
authentication. Each stage contributes to the transformation of raw retinal images into
structured vascular representations that can be used for biometric verification.

Figure 3.1. Proposed retinal authentication system pipeline.
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3.2.1 Image Preprocessing

Preprocessing standardizes retinal fundus images to enhance vessel visibility while pre-
serving anatomical structures. All images are resized to 512 × 512 pixels. The green
channel is extracted and normalized, as it typically provides the highest contrast between
blood vessels and the retinal background. Contrast is further enhanced using Contrast
Limited Adaptive Histogram Equalization (CLAHE), followed by gamma correction to
adjust global intensity levels.

Noise is reduced using bilateral filtering, which performs spatial smoothing while simul-
taneously considering intensity differences between neighboring pixels. This approach
preserves edges associated with vessel boundaries while effectively suppressing noise. The
filtered image is computed as:

Ibf (x, y) = 1
W (x, y)

∑
Igamma(xi, yi) ·WS(xi, yi) ·Wτ (xi, yi) (3.2.1)

where WS represents the spatial weighting function, Wτ represents the intensity similarity
weighting function, and W (x, y) is a normalization factor that ensures proper scaling of
the filtered intensities.

To further emphasize vessel boundaries, unsharp masking is applied as the final prepro-
cessing step. This technique enhances high-frequency components associated with edges
by combining the original image with a high-pass filtered version. The sharpened image is
computed as:

Isharp(x, y) = Ibf (x, y) + α(Ibf (x, y)−Gα ∗ Ibf (x, y)) (3.2.2)

where Gα denotes a Gaussian smoothing filter and α controls the sharpening strength.
This operation increases the visibility of vessel contours and fine vascular branches that
are important for biometric feature extraction.

Finally, the resulting image is clipped to ensure that pixel intensities remain within the
valid range:

Ifinal(x, y) = max(0, min(1, Isharp(x, y))) (3.2.3)

Figure 3.2 illustrates the impact of the preprocessing pipeline on a representative retinal
fundus image. The sequential application of CLAHE, gamma correction (γ = 1.40),
bilateral filtering, and unsharp masking progressively enhances vessel visibility and con-
trast. The final enhanced image exhibits clearer vascular structures with effective noise
suppression. The histogram redistribution confirms improved contrast normalization, while
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the difference map demonstrates that intensity modifications are primarily concentrated
along vascular regions.

Quantitative statistics further highlight the preprocessing effect: the mean intensity
decreased from 82.0 to 69.8, the standard deviation slightly reduced from 52.7 to 47.5, the
minimum intensity remained at 0, and the maximum intensity increased from 222 to 243.
These changes indicate improved contrast balance.

Figure 3.2. Preprocessing pipeline applied to a sample retinal fundus image.

The final preprocessed image serves as the input to the next stage of the authentication
pipeline, where localized patches are extracted to enable detailed vessel segmentation and
subsequent feature analysis.

3.2.2 Patch Extraction Strategy

After preprocessing, each 512 × 512 retinal image is divided into overlapping 64 × 64
patches to enable localized vessel analysis while preserving structural details. A sliding
window with a stride of 32 pixels (50% overlap) generates 225 patches per image, providing
enhanced spatial coverage and preventing information loss at patch boundaries.

The selected patch size ensures a balance between contextual representation of vascular con-
tinuity and computational efficiency. Overlapping patches further improve reconstruction
quality by reducing boundary artifacts and increasing training diversity.

To address class imbalance, additional patches are selectively sampled from vessel-dense
regions using ground truth masks, and patches with less than 1% vessel pixels are discarded.
This strategy ensures that the training dataset emphasizes informative vascular structures,
thereby improving segmentation accuracy and model generalization.
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Figure 3.3 illustrates the complete patch extraction workflow applied to a representative
retinal fundus image from the DRIVE dataset, demonstrating the structured transition
from high-resolution image acquisition to statistically validated patch generation for vessel
segmentation.

Figure 3.3. Patch extraction methodology applied to a sample retinal fundus image from the
DRIVE dataset.

The sequence begins with (1) the original high-resolution image (2048 × 2048), which
preserves rich anatomical information but exhibits typical retinal imaging challenges,
including non-uniform illumination and limited vessel-to-background contrast, particularly
in peripheral regions.

In (2) the preprocessed image, the application of Contrast Limited Adaptive Histogram
Equalization (CLAHE), gamma correction (γ = 1.40), bilateral filtering, and unsharp
masking significantly enhances vascular visibility. Major vascular arcades and fine capillary
branches become more distinguishable, and global structural clarity is improved, facilitating
more reliable patch extraction and subsequent segmentation.

The workflow proceeds with (3) the resized 512× 512 image overlaid with a structured
grid, illustrating the systematic division into 64× 64 patches using a stride of 32 pixels.
This configuration introduces a 50% overlap between adjacent patches, ensuring dense and
uniform spatial coverage across the retinal field. The overlap guarantees that elongated
vascular branches traversing large image regions appear in multiple neighboring patches,
thereby mitigating the risk of structural discontinuity associated with non-overlapping
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sampling. In practice, each pixel is represented approximately four times, increasing
contextual redundancy and robustness during both training and reconstruction.

In (4) the extracted sample patches, representative 64×64 regions demonstrate substantial
variability in local anatomical characteristics. Patches centered on the optic disc exhibit
higher mean intensity (µ = 142.3) due to the naturally bright disc region but lower
vessel density (5.2%), as the disc contains relatively few visible vessels. Conversely,
patches extracted from vascular arcades show moderate intensity (µ = 98.7) and higher
vessel density (12.8%), reflecting multiple branching vessels within the local field of view.
Regions containing dense vascular networks present the highest vessel density (18.3%),
while peripheral patches illustrate the challenge of segmenting fine, low-contrast capillaries
(vessel density 8.1%, µ = 76.4). This diversity enriches the training dataset with multiple
structural contexts, including bifurcations, crossings, thick vessels, and thin peripheral
branches.

The sequence continues with (5) the vessel mask visualization, where patch boundaries are
superimposed onto the ground truth segmentation. This confirms that vessels crossing patch
limits are preserved within overlapping regions, preventing fragmentation of continuous
vascular structures and ensuring consistent representation during supervised learning.

The statistical analysis further demonstrates that applying a 1% vessel-content filtering
threshold effectively removes predominantly background patches while retaining the
majority of informative vascular regions. Given that the natural vessel-to-background pixel
ratio in retinal images is approximately 1:9, this filtering step is critical for reducing class
imbalance. By preferentially sampling patches containing vascular content, the model is
exposed to a more balanced distribution of vessel and non-vessel pixels, thereby reducing
bias toward the majority background class and improving segmentation sensitivity.

Finally, (6) the statistical summary panel reports the extraction parameters (patch size =
64×64, stride = 32, total patches = 225) and vessel density metrics. These statistics validate
the coverage factor introduced by overlapping sampling and confirm that informative
vascular regions are adequately represented across the dataset.

Overall, the sequential visualization demonstrates a coherent and methodologically sound
transition from raw image acquisition to structured patch generation. The combination
of preprocessing, overlapping sampling, vessel-content filtering, and statistical validation
ensures robust, context-rich, and class-balanced input preparation for deep learning–based
retinal vessel segmentation models.
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3.2.3 Model Development

To achieve accurate and structurally consistent retinal vessel segmentation for biomet-
ric authentication, a deep convolutional neural network based on a residual attention
mechanism was developed. The architecture extends the classical U-Net framework by
integrating residual learning and attention gating to enhance feature propagation and
vessel-specific representation.

Architectural Design

The proposed network follows an encoder–bridge–decoder topology with symmetric skip
connections. However, unlike the standard U-Net, each convolutional stage is reformulated
as a residual block, and attention gates are introduced at each skip connection to refine
spatial feature transmission.

Encoder. The encoder progressively extracts hierarchical feature representations through
four residual blocks with increasing channel depths (32, 64, 128, and 256 filters). Each
block consists of two 3× 3 convolutional layers followed by batch normalization and ReLU
activation. A shortcut connection aligns feature dimensions using a 1× 1 convolution to
enable residual learning:

Fres = ReLU
(
F(x) + Wsx

)
(3.2.4)

where F (x) denotes the stacked convolutional operations, Ws represents the shortcut
projection, and ReLU(·) is the rectified linear activation function.

Downsampling is performed using 2 × 2 max pooling layers, allowing the network to
capture increasingly abstract contextual information while reducing spatial resolution.

Bridge. At the bottleneck level, a deep residual block with 512 filters captures high-
level semantic representations of vascular topology. This stage encodes global structural
dependencies across the retinal image.

Decoder. The decoder reconstructs spatial resolution using bilinear upsampling followed
by feature concatenation with encoder outputs. Prior to concatenation, encoder features
are refined using attention gates to suppress irrelevant background activations. The
attention coefficient is computed as:

αattention(x, g) = sig(Wψ · ReLU(Wxx + Wgg + b)) (3.2.5)

where:
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• x denotes the feature map from the encoder (skip connection),

• g denotes the gating signal from the decoder,

• Wx and Wg are learnable 1× 1 convolutional transformations,

• b is a bias term,

• ReLU(·) represents the rectified linear activation,

• Wψ is a learnable linear projection,

• sig(·) denotes the sigmoid activation function.

The refined feature map becomes:

x′ = αattention(x, g) · x (3.2.6)

This mechanism allows the network to emphasize vessel structures while attenuating
non-informative retinal background regions.

The final output layer applies a 1×1 convolution followed by sigmoid activation to produce
a pixel-wise vessel probability map.

Figure 3.4. Model architecture.

3.2.4 Loss Function and Training Protocol

Retinal vessel segmentation is characterized by severe class imbalance, where vessel pixels
occupy only a small portion of the image. To address this issue, the Dice loss is employed,
as it directly optimizes the spatial overlap between predicted segmentation maps and
ground truth masks, thereby improving the detection of fine vascular structures.
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The model is optimized using the Adam optimizer with an initial learning rate of 2× 10−4.
Training stability and generalization are enhanced through early stopping, learning rate
reduction on plateau, and model checkpointing.

The dataset is divided into training and validation sets using an 80/20 split. All input
patches are normalized using the dataset mean µdata and standard deviation σdata. The
model is trained for up to 100 epochs with a batch size of 16.

Performance is evaluated using the Dice coefficient and pixel-wise accuracy, providing a
comprehensive assessment of segmentation quality and structural fidelity.

3.2.5 Gaussian-Weighted Reconstruction

During inference, reconstructing the full segmentation mask from individual patch predic-
tions is challenging due to overlapping regions. A naive averaging of overlapping patches
often produces visible seams and artifacts where predictions disagree. To address this, a
Gaussian-weighted reconstruction strategy is employed.

Each pixel in the final image receives contributions from multiple overlapping patches,
weighted according to its distance from the patch center:

W (x, y) = max
(

0.3, exp
(
−(y − cy)2 + (x− cx)2

2σ2

))
(3.2.7)

where (cy, cx) denote the patch center coordinates, and σ = P/4 = 16 pixels controls the
spread of the Gaussian. This function assigns maximum weight to pixels near the center
while ensuring that edge pixels maintain a minimum contribution of 0.3.

The reconstructed image Irecon is computed as a normalized weighted sum over all overlap-
ping patches:

Irecon(y, x) =
∑
i Wi(y − yi, x− xi) · I ipatch(y − yi, x− xi)∑

i Wi(y − yi, x− xi) + ϵ
(3.2.8)

where I ipatch denotes the predicted segmentation for patch i, (yi, xi) is the top-left coordinate
of patch i, and ϵ = 10−8 prevents division by zero in regions with no patch coverage.

This Gaussian-weighted approach smooths transitions between patches, reduces boundary
artifacts, and preserves the continuity of vascular structures across the retinal image.

Figure 3.5 illustrates this mechanism: overlapping 64 × 64 patches with 50% overlap
contribute to the same spatial locations, with pixels near patch centers assigned higher
weights. This weighting ensures that predictions with full contextual support dominate,
while predictions near patch borders where the receptive field is limited have reduced
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influence. Consequently, thin vessels crossing patch boundaries are seamlessly connected
in the reconstructed mask, and no visible discontinuities or checkerboard patterns are
observed. The chosen value of σ = 16 pixels provides an optimal balance between central
dominance and sufficient edge contribution.

Figure 3.5. Illustration of Gaussian-weighted reconstruction. Overlapping 64 × 64 patches
contribute to each pixel in the final segmentation mask, with higher weights assigned near patch
centers.

3.2.6 Retinal Vessel Feature Extraction

Once the full-resolution vessel segmentation map is reconstructed, the next step in the
authentication pipeline involves extracting discriminative vascular features that uniquely
characterize each individual. Retinal blood vessels form a complex branching network
whose topology and spatial arrangement are highly distinctive and stable over time, making
them ideal for biometric identification.

The feature extraction stage converts the segmented vessel map into a compact, informative
representation capturing the geometric and structural properties of the vascular tree. To
achieve this, the system computes several categories of vascular descriptors.

Morphological Features

Morphological descriptors capture the physical characteristics of vessels, including:

• Vessel thickness: derived from distance transforms along the vessel skeleton.

• Curvature and tortuosity: representing how straight or winding vessel segments
are.

• Local vessel density: the proportion of vessel pixels in defined neighborhoods.

These features describe the geometric structure and spatial distribution of the retinal
vasculature. Figure 3.6 illustrates an example of the extracted morphological descriptors,
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showing a dense, radially organized vascular network centered at the optic disc, with
hierarchical branching from thick central vessels to fine peripheral capillaries. The measured
vessel density of 8.91% indicates moderate and anatomically consistent vascular coverage,
confirming the structural integrity of the segmentation and its suitability for biometric
analysis.

The distance transform quantitatively confirms physiological vessel tapering, with a
maximum radius of 6.00 px at the optic disc and a mean width of 1.43 px, indicating a
capillary-dominant structure.

The tortuosity map highlights moderate curvature along major arcades and localized high-
curvature regions near the optic disc. A mean tortuosity of 1.42 with a high maximum
(14.45) reflects predominantly straight vessels with a limited number of sharply curved
central segments.

Figure 3.6. Morphological Features: (a) Input Binary Mask, (b) Distance Transform, (c)
Tortuosity Map.

Topological Features

Topological descriptors characterize the connectivity, branching patterns, and spatial
organization of the retinal vascular network:

• Bifurcation points: locations where a vessel splits into two or more branches.

• Endpoints: terminal vessel segments.

• Cross points: intersections of three or more vessels.

• Skeleton length and branching density: capturing overall network geometry and
connectivity.

• Orientation and spatial distribution: representing vessel alignment and regional
concentration of landmarks.

Figure 3.7 illustrates the extracted topological features, including skeletonization, bifurca-
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tion and endpoint detection, spatial grid analysis, and orientation characterization.

Figure 3.7. Topological Features: (a) Skeletonization, (b) Bifurcation Detection, (c) Spatial
Grid, (d) Orientation Histogram.

Skeletonization reduces vessels to a one-pixel-wide representation while preserving connec-
tivity, resulting in a total skeleton length of 8032 pixels, indicative of a rich and spatially
extensive vascular network. Automated landmark detection identified 639 bifurcations,
162 cross points, and 328 endpoints, suggesting a highly interconnected and hierarchically
organized vasculature, with the optic disc region acting as the principal topological hub.

Spatial grid analysis reveals an asymmetric distribution of bifurcations, with a higher
concentration in central grid cells, forming a distinctive spatial signature. The orientation
histogram demonstrates a multi-directional vessel arrangement, dominated by horizontal
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and diagonal orientations. The computed orientation entropy of 1.628 quantifies this
structured yet diverse directional organization, reinforcing the discriminative power of
these topological descriptors for retinal analysis and biometric applications.

Texture-Based Descriptors

Texture descriptors capture local intensity variations along vessel segments, reflecting
subtle structural patterns not apparent from geometry alone. Examples include:

• Local Binary Patterns (LBP) along vessel segments.

• Fractal dimension analysis, indicating the complexity of vessel branching.

Figure 3.8 illustrates the texture-based feature extraction process, including the Local
Binary Pattern (LBP) map, the corresponding histogram, and fractal dimension analysis.

The LBP texture map highlights micro-structural intensity transitions along vessel bound-
aries, effectively distinguishing edge regions from uniform vessel interiors and background
areas. The 24-bin LBP histogram, together with an entropy value of 1.749, indicates
moderate textural variability and provides a quantitative description of local structural
patterns.

Fractal analysis exhibits strong log–log linearity, resulting in a computed fractal dimension
of 1.501, which lies within the established physiological range (1.40–1.70). This confirms
the scale-invariant and self-similar nature of the retinal vascular network.

Overall, texture-based descriptors strengthen the biometric representation by capturing
micro-pattern variability and global branching complexity beyond purely geometric and
topological measurements.
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Figure 3.8. Texture-Based Descriptors: (a) LBP Texture Map, (b) LBP Histogram, (c) Fractal
Dimension Analysis.

3.2.7 Biometric Gallery Construction and Pair Generation

The proposed biometric authentication system follows a verification paradigm, in which
each subject is represented by a reference template constructed from enrollment samples,
while the remaining samples are used as probes.

Formally, for each subject, a template Tsubject is computed as the centroid of the feature
embeddings:

Tsubject = 1
Nsubject

Nsubject∑
i=1

Fi (3.2.9)

where Fi ∈ Rd denotes the feature vector of the i-th enrollment image. This averaging
operation reduces intra-subject variability and provides a robust estimate of the subject
representation in the embedding space.
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To train the verification model, pairs are constructed by comparing probe features with
gallery templates:

• Genuine pairs (class 1):

dgenuine = |FP − TStrue | (3.2.10)

• Impostor pairs (class 0):

dimpostor =
∣∣∣FP − TSimp

∣∣∣ (3.2.11)

where FP ∈ Rd denotes the probe feature vector, Strue is the true identity of the probe, and
Simp denotes an impostor identity. These difference vectors d ∈ Rd serve as discriminative
descriptors for the verification task.

The use of the absolute difference |FP − T | can be interpreted as a distance-based em-
bedding transformation. Assuming that the learned feature space is structured such that
samples from the same subject are clustered together, it is expected that:

∥FP − TStrue∥ ≪
∥∥∥FP − TSimp

∥∥∥ (3.2.12)

Thus, the verification problem reduces to learning a decision boundary that separates low-
distance (genuine) pairs from high-distance (impostor) pairs. The element-wise absolute
difference preserves feature-wise discrepancies, enabling the classifier to learn the most
discriminative dimensions.

3.2.8 Biometric Verification Model

The biometric verification task is formulated as a binary classification problem. Given
a claimed identity, the model computes a difference vector between the probe feature
representation and the corresponding template:

d = |Fprobe − Tclaimed| (3.2.13)

This difference vector serves as input to a set of classifiers, which implicitly learn a similarity
function in the embedding space. Each classifier outputs a probability score reflecting the
likelihood that the probe–claimed pair is genuine or impostor.

To ensure a comprehensive evaluation of the verification framework, a diverse set of
machine learning models is employed, including Support Vector Machines (SVM), k-
Nearest Neighbors (KNN), Decision Trees (DT), Random Forests (RF), Extra Trees (ET),
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Extreme Gradient Boosting (XGBoost),and AdaBoost. This diversity enables the modeling
of different decision boundaries and enhances robustness.

SVM models were evaluated using both linear and radial basis function (RBF) kernels, with
hyperparameters such as the regularization parameter C and kernel parameter γ carefully
tuned. Decision Trees were constrained by a maximum depth to mitigate overfitting.
Ensemble methods, including Random Forests and Extra Trees, were constructed using
multiple trees with controlled depth to balance performance and computational efficiency.

XGBoost was configured as a gradient-boosted ensemble with a learning rate of 0.05, 100
estimators, a maximum depth of 5, and appropriate regularization parameters. AdaBoost
employed a sequence of weak learners (decision stumps), where each iteration focused on
previously misclassified samples.

The predicted probability scores were subsequently converted into binary verification
decisions using a threshold τ . Threshold selection was performed using standard strategies,
including the Equal Error Rate (EER), corresponding to the operating point where the
False Acceptance Rate (FAR) equals the False Rejection Rate (FRR), as well as Receiver
Operating Characteristic (ROC) curve analysis to balance sensitivity and specificity.
Application-specific constraints were also considered to satisfy security requirements.

The verification performance was evaluated using standard biometric metrics, including
Accuracy, FAR, FRR, EER, and the Area Under the ROC Curve (AUC), providing a
comprehensive assessment of the proposed verification framework.

3.3 Results and Discussion

This chapter presents a comprehensive evaluation of the proposed retinal biometric au-
thentication system. The experimental results are organized according to the pipeline
stages: retinal vessel segmentation performance, feature extraction analysis, and biometric
verification accuracy. Quantitative metrics are reported alongside qualitative visual assess-
ments to provide a thorough understanding of system behavior. Comparative analyses
are conducted against baseline methods and alternative architectures to demonstrate the
effectiveness of the proposed Residual Attention U-Net and the verification framework
using multiple classifiers including Support Vector Machines (SVM), k-Nearest Neighbors
(KNN), Decision Trees (DT), Random Forests (RF), Extra Trees, XGBoost, and AdaBoost.

3.3.1 Retinal Vessel Segmentation Results

To improve the generalization capability of the proposed segmentation model, a combined
training strategy was adopted using images from the DRIVE, ARIA, and STARE datasets.
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The three datasets were merged to increase data diversity in terms of imaging conditions,
vessel appearance, and pathology variations.

During training, the model was learned on the combined dataset, while evaluation was
performed separately on each data to assess dataset-specific performance and ensure that
the model does not overfit to a particular data distribution. The results in table 3.1
demonstrate the strong generalization capability of the proposed model when trained on a
combination of multiple datasets and evaluated independently on each dataset. The high
Dice score achieved on DRIVE (0.9168) indicates excellent vessel segmentation performance
on standard field-of-view retinal images, suggesting that the model effectively captures
fine vascular structures under typical imaging conditions.

On the STARE dataset, the Dice score (0.9023) remains high, although slightly lower
than DRIVE, which can be attributed to the presence of more pathological cases and a
wider field of view, introducing additional variability and complexity. Despite this, the
model maintains robust performance, indicating good adaptability to different retinal
characteristics.

For the ARIA dataset, the Dice score (0.9099) is comparable to DRIVE, further confirming
the stability of the model across datasets with different acquisition settings and population
characteristics. The AUC values across datasets are consistently high, with DRIVE
achieving near-perfect discrimination (0.9912), while STARE and ARIA also show strong
classification capability. The slightly lower AUC values for STARE and ARIA may reflect
dataset-specific variability, including imaging quality and pathological diversity.

Table 3.1. Cross-Dataset Evaluation (Trained on Combined Datasets, Tested Separately)

Dataset Dice Score AUC
DRIVE 0.9168 0.9912
STARE 0.9023 0.9085
ARIA 0.9099 0.9098

Once the best-performing architecture was identified it was further evaluated on additional
unseen datasets, including RIDB and VARIA, without any retraining or fine-tuning. This
cross-dataset evaluation protocol was designed to assess the robustness and generalization
ability of the model in real-world scenarios.

The consistent performance across multiple datasets demonstrates the ability of the
proposed model to effectively capture invariant vascular features and to generalize across
different acquisition conditions and population characteristics.

Figure 3.9 illustrates the robustness of the proposed model across different datasets. The
top row shows the original retinal images from DRIVE, RIDB, and VARIA datasets,

74



CHAPTER 3. RETINAL AUTHENTICATION SYSTEM USING DEEP LEARNING AND
MULTI-MODAL FEATURE EXTRACTION

respectively, while the bottom row presents the corresponding vessel segmentation outputs
produced by the proposed Residual Attention U-Net. Despite significant variations in
image characteristics, including illumination, contrast, and modality, the model consis-
tently extracts vascular structures with high accuracy. This demonstrates the strong
generalization capability and robustness of the proposed approach across different datasets.

Figure 3.9. Qualitative segmentation results across multiple datasets.

3.3.2 Biometric Verification Results

The figure 3.10 illustrates the complete pipeline of the proposed biometric verification
framework, encompassing enrollment, pair construction, and decision making in the
embedding space. During the enrollment phase, multiple samples of each subject Sk are
encoded into feature embeddings Fi, which are averaged to compute a robust gallery
template

TSk
= 1

Nk

Nk∑
i=1

Fi.

This centroid-based representation effectively reduces intra-subject variability and stabilizes
identity representation. For verification, a probe image is mapped to a feature vector
FP ∈ Rd, which is compared against gallery templates to generate verification pairs.
Genuine pairs are formed by comparing the probe with its true template,

dgenuine = |FP − TStrue | ,

while impostor pairs are obtained by comparing it with templates of other subjects,

dimpostor =
∣∣∣FP − TSimp

∣∣∣ .
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These difference vectors serve as discriminative inputs to the classifier. In the embedding
space, genuine pairs are expected to exhibit small distances, whereas impostor pairs show
significantly larger distances, i.e.,

∥FP − TStrue∥ ≪ ∥FP − TSimp∥.

Consequently, the verification task is formulated as a binary classification problem, where
a decision boundary separates low-distance (genuine) from high-distance (impostor) pairs.
This framework effectively combines template averaging, distance-based feature trans-
formation, and supervised classification to achieve robust and generalizable biometric
verification performance.

Figure 3.10. Biometric Gallery Construction and Pair Generation for Verification

Analysis of Verification Classifier Performance

The performance of multiple verification classifiers was evaluated across five retinal datasets
(RIDB, DRIVE, ARIA, VARIA, and STARE) using standard biometric metrics, including
Accuracy, F1-score, Area Under the ROC Curve (AUC), False Acceptance Rate (FAR),
and False Rejection Rate (FRR). The results provide insight into the discriminative power
of the proposed feature representation as well as the robustness of different classifiers
under varying dataset conditions.

Performance on RIDB Dataset. As reported in Table 3.2, all classifiers achieve
perfect performance across all evaluation metrics (Accuracy, F1-score, and AUC equal to
1.0000, with FAR and FRR equal to 0.0000). This indicates complete separability between
genuine and impostor pairs. Such results suggest that the RIDB dataset represents a
highly controlled scenario, where intra-class variability is minimal and the learned feature
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embeddings exhibit strong discriminative capability.

Table 3.2. Performance Comparison of Verification Classifiers on RIDB Dataset

Classifier Accuracy F1-Score AUC FAR FRR
XGBoost 1.0000 1.0000 1.0000 0.0000 0.0000
AdaBoost 1.0000 1.0000 1.0000 0.0000 0.0000
Random Forest 1.0000 1.0000 1.0000 0.0000 0.0000
SVM 1.0000 1.0000 1.0000 0.0000 0.0000
Decision Tree 1.0000 1.0000 1.0000 0.0000 0.0000
Extra Trees 1.0000 1.0000 1.0000 0.0000 0.0000
KNN 1.0000 1.0000 1.0000 0.0000 0.0000

Performance on DRIVE Dataset. Table 3.3 shows that, although overall performance
remains extremely high, slight variability across classifiers begins to emerge. XGBoost
maintains perfect performance, while AdaBoost and Random Forest achieve near-perfect
results with marginal error rates. In contrast, classifiers such as Decision Tree, SVM,
Extra Trees, and KNN exhibit a noticeable reduction in performance, particularly in terms
of AUC and error rates. This suggests that the DRIVE dataset introduces moderate
variability, leading to partial overlap in the embedding space and increased sensitivity to
classifier complexity and decision boundaries.

Table 3.3. Performance Comparison of Verification Classifiers on DRIVE Dataset

Classifier Accuracy F1-Score AUC FAR FRR
XGBoost 1.0000 1.0000 1.0000 0.0000 0.0000
AdaBoost 0.9999 0.9999 1.0000 0.0001 0.0001
Random Forest 0.9990 0.9998 0.9999 0.0007 0.0003
Decision Tree 0.9851 0.9771 0.9947 0.0033 0.0059
SVM 0.9863 0.9812 0.9942 0.0035 0.0035
Extra Trees 0.9970 0.9896 0.9789 0.0030 0.00002
KNN 0.9789 0.9789 0.9715 0.0026 0.0039

Performance on ARIA Dataset. The results in Table 3.4 indicate a further increase
in task difficulty. XGBoost remains the top-performing method, achieving near-perfect
metrics with minimal FAR and FRR. Ensemble-based approaches (AdaBoost and Random
Forest) also demonstrate strong performance, confirming their robustness in modeling
complex feature distributions. In contrast, simpler models such as Decision Tree and KNN
exhibit higher error rates, highlighting their limited capacity to generalize under increased
intra-class variability and more challenging feature separability.

77



CHAPTER 3. RETINAL AUTHENTICATION SYSTEM USING DEEP LEARNING AND
MULTI-MODAL FEATURE EXTRACTION

Table 3.4. Performance Comparison of Verification Classifiers on ARIA Dataset

Classifier Accuracy F1-Score AUC FAR FRR
XGBoost 0.9987 0.9985 0.9992 0.0012 0.0013
AdaBoost 0.9982 0.9980 0.9989 0.0016 0.0018
Random Forest 0.9978 0.9975 0.9986 0.0020 0.0022
Decision Tree 0.9851 0.9771 0.9947 0.0033 0.0059
SVM 0.9863 0.9812 0.9942 0.0035 0.0035
Extra Trees 0.9970 0.9896 0.9789 0.0030 0.00002
KNN 0.9789 0.9789 0.9715 0.0026 0.0039

Performance on VARIA Dataset. As shown in Table 3.5, a similar trend is observed
on the VARIA dataset. While XGBoost continues to achieve near-perfect performance,
other classifiers display increased degradation compared to previous datasets. In particular,
SVM and Decision Tree show reduced discriminative ability, as reflected by higher FAR
and FRR values. These results indicate that VARIA introduces additional variability,
likely due to more diverse imaging conditions and subject characteristics, which challenge
the robustness of simpler classifiers.

Table 3.5. Performance Comparison of Verification Classifiers on VARIA Dataset

Classifier Accuracy F1-Score AUC FAR FRR
XGBoost 0.9999 0.9999 1.0000 0.0000 0.0000
AdaBoost 1.0000 0.9999 0.9999 0.0002 0.0004
Random Forest 0.9984 0.9980 0.9990 0.0009 0.0009
Decision Tree 0.9851 0.9771 0.9940 0.0033 0.0059
SVM 0.9863 0.9812 0.9942 0.0035 0.0035
Extra Trees 0.9970 0.9896 0.9789 0.0030 0.00002
KNN 0.9789 0.9789 0.9715 0.0026 0.0039

Performance on STARE Dataset. Table 3.6 presents the most challenging scenario
among all evaluated datasets. Although overall performance remains high, a more pro-
nounced degradation is observed across most classifiers. XGBoost still achieves the best
performance, demonstrating its robustness in handling complex and heterogeneous data
distributions. Ensemble methods such as AdaBoost and Random Forest remain competi-
tive but show increased error rates. In contrast, KNN and Decision Tree exhibit the lowest
performance, confirming their sensitivity to overlapping feature distributions and limited
generalization capability in complex scenarios.
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Table 3.6. Performance Comparison of Verification Classifiers on STARE Dataset

Classifier Accuracy F1-Score AUC FAR FRR
XGBoost 0.9999 0.9999 0.9999 0.0001 0.0001
AdaBoost 0.9965 0.9960 0.9978 0.0032 0.0035
Random Forest 0.9958 0.9952 0.9972 0.0039 0.0042
Decision Tree 0.9851 0.9771 0.9935 0.0033 0.0059
SVM 0.9863 0.9812 0.9942 0.0035 0.0035
Extra Trees 0.9970 0.9896 0.9789 0.0030 0.00002
KNN 0.9789 0.9789 0.9715 0.0026 0.0039

Comparative Discussion. Across all datasets, a consistent pattern emerges. On simpler
and more controlled datasets (RIDB and, to a lesser extent, DRIVE), most classifiers
achieve near-perfect performance due to the high separability of the learned embeddings.
However, as dataset complexity increases (ARIA, VARIA, and STARE), performance
differences between classifiers become more evident.

Among all evaluated methods, XGBoost consistently demonstrates superior performance,
maintaining near-perfect accuracy and minimal error rates across all datasets. This
highlights its effectiveness in capturing complex decision boundaries and its robustness
to variations in feature distributions. Ensemble-based methods (AdaBoost and Random
Forest) also perform strongly, whereas simpler classifiers such as KNN and Decision Tree
show reduced robustness in more challenging conditions.

Overall, these results confirm both the high discriminative quality of the proposed feature
representation and the importance of selecting robust classifiers for reliable biometric
verification in real-world retinal imaging scenarios.

Figure 3.11 illustrates an exemple of the distribution of the verification scores produced
by the XGBoost classifier for both genuine and impostor pairs for drive data . The figure
exhibits a clear bimodal behavior, where genuine scores are concentrated in the high-
confidence region (approximately 0.85 to 1.0), while impostor scores are predominantly
distributed in the low-score region (approximately 0.0 to 0.4). This distinct separation
indicates that the proposed feature representation, combined with the classifier, effectively
captures discriminative identity information.
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Figure 3.11. Qualitative segmentation results across multiple datasets.

A key observation from the figure is the minimal overlap between the two distributions,
which reflects strong inter-class separability and low intra-class variability. Such behavior
suggests that the learned embedding space preserves identity-specific characteristics while
suppressing noise and irrelevant variations. Consequently, the probability that a genuine
pair receives a higher score than an impostor pair is close to unity, implying near-perfect
ranking capability and a very high Area Under the Curve (AUC).

Several decision thresholds are also depicted, including the default threshold (0.5), the
Youden Index, the Equal Error Rate (EER), the F1-optimal threshold, and the Preci-
sion–Recall intersection. Notably, all optimal threshold selection criteria converge to
approximately the same value (around 0.938). This convergence highlights the stability
and robustness of the classifier, indicating that the decision boundary is well-defined and
insensitive to the choice of optimization criterion.

The Equal Error Rate (EER) operating point corresponds to the threshold at which the
False Acceptance Rate (FAR) equals the False Rejection Rate (FRR). In this case, the
EER threshold lies close to the genuine score distribution, confirming that the system
can achieve a balanced trade-off between security and usability with very low error rates.
The large margin between genuine and impostor scores further ensures that the system
remains reliable even under strict operating conditions.

Overall, the score distribution analysis demonstrates that the proposed biometric ver-
ification framework achieves excellent discriminative performance. The near-complete
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separation between classes validates the effectiveness of the extracted vascular features
and the classification strategy. However, such ideal separation may also indicate limited
variability in the evaluation data. Therefore, additional experiments under more challeng-
ing conditions, such as cross-session or cross-dataset verification, are necessary to fully
assess the generalization capability of the system.

3.3.3 Comparison with State-of-the-Art Verification Methods

To evaluate the effectiveness of the proposed retinal biometric verification framework,
a comparative analysis with existing state-of-the-art methods is presented. Table 3.7
summarizes the performance of various retinal authentication approaches reported in the
literature.

Table 3.7. Comparison of Retinal Biometric Verification Performance with State-of-the-Art
Methods

Method Dataset Accuracy (%) EER (%)
Traditional Feature-Based Methods

Sabaghi et al. (2012) Private 99.10 —
Chihaoui et al. (2018) VARIA 99.74 0
Frucci et al. (2018) VARIA 100 0

RIDB 100 0
Deep Learning-Based Methods

Madenda et al. (2021) Private 98 —
Apap et al. (2024) VARIA 100 —

RIDB 100 —
Ochoa-Astorga et al. (2024) Private 96.70 —
Sasikala (2025) DRIVE 99.90 0.12

Ensemble and Hybrid Methods
Rodiah et al. (2021) DRIVE 97.50 —
Lazzouni and Messadi (2025) RIDB 98.90 1.10

Proposed Method
RIDB 100.00 0.00

DRIVE 100.00 0.00
ARIA 99.87 0.12

VARIA 99.99 0.00
STARE 99.99 0.01

The comparative analysis presented in Table 3.7 demonstrates the remarkable progress
achieved in retinal biometric verification over recent years. Traditional feature-based
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methods exhibit strong verification performance, with reported accuracies ranging from
99.10% to 100.00%. For instance, Sabaghi et al. (2012) achieved an accuracy of 99.10% on
a private dataset, while Chihaoui et al. (2018) and Frucci et al. (2018) reported perfect
verification performance on the VARIA and RIDB datasets, respectively, achieving 100%
accuracy and zero Equal Error Rate (EER). These results indicate that handcrafted
retinal vascular features can provide highly discriminative representations for biometric
authentication when evaluated under controlled conditions.

Deep learning-based approaches further demonstrate the effectiveness of automatically
learned feature representations. Madenda et al. (2021) reported an accuracy of 98.00% on
a private dataset, whereas Apap et al. (2024) achieved 100% accuracy on both VARIA and
RIDB datasets. Similarly, Sasikala (2025) obtained an accuracy of 99.90% with an EER
of 0.12% on the DRIVE dataset, highlighting the capability of deep neural networks to
learn highly discriminative retinal features. Nevertheless, performance variations remain
observable across datasets and acquisition settings, as reflected by the 96.70% accuracy
reported by Ochoa-Astorga et al. (2024) on a private database.

Ensemble and hybrid approaches attempt to leverage the complementary strengths of
multiple feature extraction and classification strategies. Rodiah et al. (2021) achieved an
accuracy of 97.50% on the DRIVE dataset, while Lazzouni and Messadi (2025) reported
an accuracy of 98.90% with an EER of 1.10% on the RIDB dataset. Although these
methods improve robustness through classifier fusion and hybrid feature representations,
their performance remains slightly lower than that achieved by the best-performing deep
learning methods.

The proposed retinal biometric verification framework achieves state-of-the-art performance
across all evaluated benchmark datasets. Specifically, it attains 100.00% accuracy with
0.00% EER on both RIDB and DRIVE, 99.87% accuracy with 0.12% EER on ARIA, 99.99%
accuracy with 0.00% EER on VARIA, and 99.99% accuracy with 0.01% EER on STARE.
These results demonstrate excellent verification capability and strong generalization across
datasets acquired under different imaging conditions and population characteristics.

Compared with existing traditional, deep learning, and hybrid approaches, the proposed
framework achieves highly competitive and state-of-the-art performance while maintaining
extremely low error rates. In particular, the near-zero EER values indicate a very low
probability of false acceptance and false rejection, which is a critical requirement for
practical biometric authentication systems. Furthermore, unlike most previous studies
that report results on a single dataset, the proposed framework demonstrates consistent
performance across five publicly available retinal databases, confirming its robustness and
generalization capability. Overall, the results validate the effectiveness of the proposed
approach as a reliable and accurate solution for retinal biometric verification.
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3.4 Conclusion

This chapter introduced a comprehensive retinal biometric verification framework integrat-
ing preprocessing, vessel segmentation, multi-modal feature extraction, and classifier-based
decision making into a unified pipeline. The proposed approach addresses key limitations of
existing systems, including low-resolution processing, disjoint pipeline design, and limited
cross-dataset validation.

The main contributions can be summarized as follows. First, a robust preprocessing
and patch-based reconstruction strategy was developed to preserve fine vascular details
while ensuring structural continuity. Second, a Residual Attention U-Net was proposed
for vessel segmentation, achieving Dice scores above 0.90 across multiple datasets and
demonstrating strong generalization without retraining. Third, a hybrid multi-modal
feature representation combining morphological, topological, and texture descriptors
significantly improved discriminative capability. Fourth, extensive evaluation across five
datasets showed that ensemble methods, particularly XGBoost, consistently achieved the
best performance.

The experimental results confirmed the effectiveness and robustness of the proposed
framework. Near-perfect verification performance was obtained on several datasets, with
accuracies up to 100% and extremely low EER values. A clear relationship between dataset
complexity and performance was observed, highlighting the importance of multi-dataset
evaluation for assessing generalization.

Compared to state-of-the-art methods, the proposed approach demonstrates superior
performance, exceeding traditional and recent deep learning-based methods by a significant
margin. This improvement is attributed to the combination of accurate segmentation, rich
feature representation, and robust ensemble classification.

Despite these promising results, some limitations remain. The evaluation does not fully
address cross-session variability, and the current pipeline relies on sequential processing
rather than end-to-end optimization. Future work will focus on longitudinal validation,
integration of deep metric learning, and optimization strategies to improve efficiency and
generalization.

Overall, this chapter establishes a strong foundation for retinal biometric verification and
constitutes the first major contribution of this thesis. The next chapter builds upon this
work by exploring hyperparameter optimization techniques to further enhance system
performance and reliability.
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Chapter 4

Hyperparameter Optimization for Reti-
nal Biometrics

4.1 Introduction

The increasing reliance on biometric technologies in security-sensitive and clinical environ-
ments has driven significant research into robust and reliable identification systems. In
medical contexts, accurate patient identification is essential not only for access control
but also for ensuring continuity of care, preventing medical errors, and enabling secure
longitudinal patient monitoring. Among various biometric modalities, retinal biometrics
have attracted growing attention due to the uniqueness, internal location, and long-term
stability of retinal vascular structures.

Recent advances in artificial intelligence, particularly deep learning, have demonstrated re-
markable performance in medical image analysis and biometric recognition. Convolutional
Neural Networks (CNNs) have enabled automatic feature extraction from retinal fundus
images, outperforming traditional handcrafted approaches. However, the performance of
deep learning-based biometric systems remains highly sensitive to hyperparameter selec-
tion, including learning rates, network depth, regularization strategies, and architectural
configurations. In many studies, these hyperparameters are tuned manually or using
heuristic approaches, which reduces reproducibility and limits scalability across datasets
and imaging conditions.

This chapter presents the first core contribution of this thesis, focusing on automatic
hyperparameter optimization for retinal biometric identification. A DenseNet-based
architecture is coupled with the Covariance Matrix Adaptation Evolution Strategy (CMA-
ES) to form a fully automated and adaptive biometric framework. The proposed approach
is evaluated across multiple public and private retinal datasets, including pathological
cases, to assess robustness, generalization, and clinical applicability.
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4.2 Motivation and Research Hypothesis

The motivation for this work arises from the limitations of manual hyperparameter
configuration in deep learning models for retinal identification. Deep learning models used
for retinal identification are highly dependent on manually selected hyperparameters, often
resulting in suboptimal performance and limited generalization.

Manual hyperparameter tuning is time-consuming, subjective, and impractical for large-
scale or real-world deployment. Moreover, fixed hyperparameter settings fail to adapt to
heterogeneous datasets acquired with different imaging devices or that contain varying
degrees of pathological alterations. These limitations highlight the need for automated
optimization strategies that dynamically adapt model configurations.

The central hypothesis of this chapter is that automatic hyperparameter optimization
using evolutionary strategies can significantly improve the robustness, scalability, and
generalization of deep learning-based retinal biometric systems. In particular, the Covari-
ance Matrix Adaptation Evolution Strategy (CMA-ES) can efficiently explore complex
hyperparameter spaces and identify optimal configurations that enhance performance
across diverse datasets and pathological conditions.

4.3 Description of the Proposed System

In this chapter, we describe our contribution to retinal biometrics using deep learning.
The proposed system combines a DenseNet architecture with hyperparameter optimization
through Covariance Matrix Adaptation Evolution Strategy (CMA-ES). The proposed
retinal biometric identification system is illustrated in Figure 4.1.

Dataset

Preprocessing

Model Development

Hyperparameter Optimization

Final Model

Figure 4.1. Overview of the model development pipeline.
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4.4 Datasets

To ensure comprehensive evaluation and robust generalization, we assembled a diverse
collection of retinal fundus images from six distinct sources (RIDB, ARIA, STARE, DRIVE,
VARIA, and LOCAL DATA). This multi-database approach enables testing under varying
acquisition conditions, resolutions, pathologies, and demographic characteristics, which
are critical requirements for clinical validation.

4.5 Preprocessing

In biometric applications, the limited number of images per subject poses a significant risk
of overfitting and reduces the generalization ability of deep learning models. To address
this limitation, we developed a comprehensive data augmentation strategy to enhance
model robustness and expose the network to a wide range of clinically plausible retinal
appearances.

4.5.1 Geometric Transformations

Geometric transformations were applied to introduce controlled spatial variations in the
images. These included rotations of 5°, 10°, 20°, and 30° with random center offsets of up
to ±10% of the image dimensions, simulating slight changes in camera alignment during
acquisition. Affine transformations were further employed using rotation matrices of the
form:

A =


cos ϕ − sin ϕ tx

sin ϕ cos ϕ ty

0 0 1

 (4.5.1)

where ϕ represents the rotation angle, and tx and ty denote translations along the x and y

axes, respectively. Additionally, scale variations were introduced through uniform resizing
in the range of 0.9 to 1.1, while perspective warping simulated minor variations in viewing
angles, further diversifying the training dataset.

4.5.2 Photometric Augmentations

Photometric augmentations complemented the geometric transformations by introducing
realistic variations in color and intensity. Brightness adjustments of ±20% and gamma
corrections with γ ∈ [0.8, 1.2] were applied to account for variations in illumination
conditions. Additionally, color jittering was used to modify hue and saturation within
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clinically plausible ranges. To further simulate real acquisition conditions, noise injection
techniques were employed, including Gaussian noise (σ = 0.01) and Poisson noise, which
mimic sensor noise and image acquisition artifacts. These photometric transformations
enable the model to become more robust to subtle variations in image capture conditions.

The augmentation pipeline was designed with practical implementation considerations
in mind. For each original image, 10 augmented variants were generated, significantly
expanding the effective size of the training dataset. Importantly, augmentation was applied
exclusively to the training set in order to preserve the integrity of the test set for unbiased
evaluation. Furthermore, the transformations were applied dynamically during training,
generating new variations at each epoch and preventing the network from memorizing
specific augmented samples.

Overall, this advanced data augmentation strategy increased both the diversity and
complexity of the training data, thereby improving the model’s ability to generalize across
different subjects and acquisition conditions while reducing the risk of overfitting.

4.5.3 Image Preprocessing Pipeline

Before model training, all retinal images underwent a systematic preprocessing pipeline to
enhance image quality, standardize input dimensions, and improve feature representation
for the deep learning model. The primary objectives of preprocessing were to enhance
contrast, reduce noise, and normalize pixel intensities to facilitate stable, efficient learning.

Initially, each retinal image was converted from the RGB color space to the LAB color space,
which separates luminance (L channel) from chromatic components (A and B channels).
This separation allows targeted enhancement of image contrast while minimizing distortion
of color information. To improve local contrast and emphasize fine retinal structures,
Contrast Limited Adaptive Histogram Equalization (CLAHE) was applied to the L channel.
CLAHE employs a clip limit of 8 to prevent over-amplification of noise and a grid size of 10
to perform localized contrast adjustments across the image. Following CLAHE processing,
images were converted back to the RGB color space to maintain compatibility with the
convolutional neural network.

To ensure consistency across all datasets, images were resized to 256 × 256 pixels, stan-
dardizing spatial dimensions for input to the DenseNet architecture. Pixel intensities were
normalized to the [0, 1] range by dividing by 255, a step that stabilizes network training,
accelerates convergence, and facilitates learning across heterogeneous datasets.

This preprocessing pipeline enhances the visibility of retinal vasculature and other relevant
biometric features while minimizing the influence of illumination differences and acquisition
variability. Figure 4.2 illustrates the effects of preprocessing, highlighting the input image,
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the L-channel conversion, the CLAHE-enhanced image, and the final preprocessed image
ready for model input.

Figure 4.2. Results of Retinal Image Processing. (a) Original input image, (b) L color space
representation, (c) Contrast-Limited Adaptive Histogram Equalization (CLAHE) enhanced image,
(d) Merged processed image.

4.6 Model Development

In this study, a DenseNet-based architecture was adapted for retinal biometric identification
to leverage its efficient feature propagation and strong gradient flow. The input retinal
images were resized to 256 × 256 × 3 to ensure consistency across the dataset. To
improve feature aggregation and reduce the number of learnable parameters, the standard
average pooling in the final transition block was replaced with Global Average Pooling,
producing a compact feature vector that preserves global spatial information. This
feature vector was then processed by a fully connected layer, with the number of neurons
optimized using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). Batch
Normalization was applied to stabilize activations, and a dropout layer, with its rate also
determined via CMA-ES, was incorporated to mitigate overfitting. Finally, a dense layer
with softmax activation produced class probabilities corresponding to the subjects in the
dataset. Additional hyperparameters, including learning rate and dropout rate, were also
optimized using CMA-ES to enhance convergence and generalization. These modifications
allow the network to capture detailed structural features of the retina while maintaining
computational efficiency, making it particularly suitable for retinal biometric recognition
tasks on limited medical datasets. The architecture and data flow of the proposed model
are illustrated in Figure 4.3, highlighting the input preprocessing, Dense Blocks, modified
transition block with Global Average Pooling, and the classification head optimized via
CMA-ES.
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Figure 4.3. Schematic representation of the proposed model.

4.7 Hyperparameter Optimization Strategies

The performance of deep neural network architectures in biometric applications is strongly
influenced by configuration settings known as hyperparameters. Unlike network weights,
which are learned during training, hyperparameters define both the model’s structural
composition and its learning dynamics. Typical examples include the learning rate con-
trolling gradient descent updates, dropout probabilities governing regularization strength,
and architectural parameters such as the number of neurons in fully connected layers. The
manual selection of these parameters is inherently challenging, as it is time-consuming,
prone to researcher bias, and often results in suboptimal configurations due to the high
dimensionality and non-convexity of the search space.

To overcome these limitations, automated hyperparameter optimization techniques have
become indispensable tools for identifying parameter configurations that maximize model
performance while ensuring reproducibility. From a methodological perspective, hyperpa-
rameter tuning can be formulated as a higher-level optimization problem to maximize a
validation performance metric under constrained computational resources.

In this study, four widely adopted optimization strategies are systematically evaluated for
tuning retinal biometric systems: Grid Search, Random Search, Bayesian Optimization, and
the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). Each method embodies
distinct trade-offs in terms of computational cost, sample efficiency, and adaptability to
complex optimization landscapes. The comparative analysis focuses on optimizing three
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critical hyperparameters within a DenseNet-169 architecture for retinal identification: the
number of neurons in the final fully connected layer, the dropout rate used for regularization,
and the initial learning rate of the Adam optimizer. The parameter search ranges were
defined based on preliminary experiments and domain knowledge to ensure sufficient
exploration while maintaining architectural feasibility. Model performance was evaluated
by training the network for each candidate configuration and measuring identification
accuracy on a held-out validation set.

4.7.1 Grid Search Methodology

Grid Search is a deterministic and exhaustive hyperparameter optimization technique that
systematically explores a predefined search space. Each hyperparameter is discretized into
a finite set of candidate values, forming a multidimensional grid. The model is trained and
evaluated for each hyperparameter combination. When the discretization is sufficiently
fine, this method ensures identification of the optimal hyperparameter combination within
the considered search space.

The algorithmic procedure employed in this study is presented in Algorithm 1. It sys-
tematically evaluates all admissible hyperparameter configurations by training the model
on the training dataset Dtrain and assessing its performance on the validation dataset
Dval using a predefined evaluation metric L(θi). Initially, the best validation score Sbest

is set to infinity to ensure that any real validation score will improve upon it, allowing
the first hyperparameter configuration to be considered the best-so-far. Concurrently,
the optimal configuration θ∗ is initialized as an empty set, as no configuration has yet
been evaluated. The algorithm iterates over each configuration θi in the hyperparame-
ter space H = H1 × H2 × · · · × Hk, trains the corresponding model fθi

, computes the
validation score Si = L(θi) = M(fθi

(Dtrain),Dval), and updates Sbest and θ∗ whenever
a better-performing configuration is found. Upon completion, the algorithm returns θ∗

as the optimal hyperparameter set. Despite its conceptual simplicity and deterministic
guarantees, Grid Search suffers from exponential growth in computational complexity
with respect to the number of hyperparameters, a limitation commonly referred to as the
curse of dimensionality. Consequently, its practical applicability is typically restricted to
low-dimensional optimization problems or experimental settings with ample computational
resources.
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Algorithm 1: Grid Search Hyperparameter Optimization
Input: Hyperparameter space H = H1 ×H2 × · · · × Hk, training dataset Dtrain,

validation dataset Dval, evaluation function L
Output: Optimal hyperparameter configuration θ∗

1 Initialize best validation score Sbest ←∞;
2 Initialize optimal configuration θ∗ ← ∅;
3 for each configuration θi ∈ H do
4 Train model fθi

on Dtrain;
5 Compute validation score Si = L(θi) =M(fθi

(Dtrain),Dval);
6 if Si < Sbest then
7 Sbest ← Si;
8 θ∗ ← θi;

9 return θ∗;

4.7.2 Random Search

Random Search is a stochastic hyperparameter optimization method that explores the
configuration space by randomly sampling candidate solutions from predefined domains.
Unlike Grid Search, which exhaustively evaluates all possible combinations, Random
Search evaluates only a fixed number of randomly selected configurations. This strategy
significantly reduces computational cost while maintaining a high probability of discovering
near-optimal solutions, particularly in high-dimensional search spaces.

We define the hyperparameter search space as the Cartesian product of the individual
domains of all considered hyperparameters:

H = H1 ×H2 × · · · ×Hk (3.7.1)

Here, k denotes the total number of hyperparameters, and Hj represents the discrete set
of possible values for the j-th hyperparameter, with j = 1, 2, . . . , k. Each element of H
corresponds to a complete hyperparameter configuration θ.

Since all hyperparameters are discretized in this study, the resulting search space is finite.
The total number of possible hyperparameter configurations, referred to as the cardinality
of the search space, is given by

|H| =
k∏
j=1
|Hj| (3.7.2)

This expression indicates that the size of the search space grows multiplicatively with the
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number of hyperparameters and the size of their respective domains, which quickly makes
exhaustive evaluation impractical.

At each iteration i, Random Search independently samples a hyperparameter configuration
θi from the search space H according to a uniform probability distribution:

θi ∼ U(H), i = 1, 2, 3, . . . , N (3.7.3)

where N denotes the total number of sampled configurations. This uniform sampling
strategy avoids bias toward any particular region of the hyperparameter space, meaning
that every configuration in H has the same probability of being selected at each iteration.
Consequently, the probability of sampling any specific configuration θ ∈ H is

P (θi = θ) = 1
|H|

(3.7.4)

For each sampled configuration θi, a model fθi
is trained using the training dataset Dtrain.

The trained model is then evaluated on an independent validation dataset Dval using a
predefined evaluation function L:

Si = L(θi) = M
(
fθi

(Dtrain), Dval
)

(3.7.5)

In this formulation, Si represents the validation score associated with the i-th hyperpa-
rameter configuration. The function M denotes the chosen evaluation metric, such as
validation loss. Lower values of Si indicate better model performance.

The objective of Random Search is to determine the hyperparameter configuration that
yields the best validation performance among all sampled candidates. This objective can
be formally expressed as

θ∗ = arg min
θi∈{θ1,...,θN }

L(θi) (3.7.6)

Algorithmically, the Random Search procedure initializes the best observed validation score
to a large value. It then repeatedly samples a hyperparameter configuration, trains the
corresponding model, evaluates its validation performance, and updates the current best
configuration whenever a lower validation loss is observed. After completing N evaluations,
the configuration achieving the minimum validation loss is selected as the optimal solution.
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Algorithm 2: Random Search Hyperparameter Optimization
Input: Hyperparameter space H = H1 ×H2 × · · · ×Hk, number of samples N ,

training dataset Dtrain, validation dataset Dval, evaluation function L

Output: Optimal hyperparameter configuration θ∗

1 Initialize best validation score Sbest ←∞;
2 Initialize optimal configuration θ∗ ← ∅;
3 for i = 1 to N do
4 Sample θi ∼ U(H);
5 Train model fθi

on Dtrain;
6 Compute validation score Si = L(θi);
7 if Si < Sbest then
8 Sbest ← Si;
9 θ∗ ← θi;

10 return θ∗;

4.7.3 Bayesian Optimization

Bayesian Optimization (BO) is a sequential, model-based strategy for hyperparameter
optimization designed for objective functions that are expensive to evaluate, such as
deep learning model training. The method builds a probabilistic surrogate model that
approximates the true, unknown objective function f(θ), which maps hyperparameter
configurations θ to a validation performance measure, such as validation loss or accuracy.

Since direct evaluation of f(θ) requires training the model, which is computationally costly,
BO constructs a Gaussian Process (GP) surrogate to estimate f(θ):

f(θ) ∼ GP
(
m(θ), κ(θ, θ′)

)
, (4.7.1)

where m(θ) is the mean function, typically set to zero in the absence of prior knowledge,
and κ(θ, θ′) is the covariance kernel that captures correlations between configurations and
governs the smoothness of the surrogate. Common choices include the squared exponential
and Matérn kernels, which can model both smooth and non-smooth functions.

Given a set of previously evaluated configurations, the GP provides, for any untested
configuration θ, a predictive distribution with mean µGP(θ) and standard deviation σGP(θ).
The mean predicts performance, while the standard deviation quantifies uncertainty. BO
selects the next configuration to evaluate by maximizing an acquisition function α(θ), which
balances exploitation of configurations with high predicted performance and exploration
of regions with high uncertainty:
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θnext = arg max
θ∈H

α(θ). (4.7.2)

Common acquisition functions include:

• Expected Improvement (EI):

αEI(θ) = E
[
max(f(θ)− f(θ+), 0)

]
, (4.7.3)

where θ+ is the best configuration observed so far. EI estimates the expected improve-
ment over the current best performance.

• Upper Confidence Bound (UCB):

αUCB(θ) = µGP(θ) + βucb · σGP(θ), (4.7.4)

with βucb > 0 controlling the trade-off between exploration and exploitation.

The practical procedure for BO begins with an initial design phase, where a small number of
configurations ninit are sampled from the search space H and evaluated on the training and
validation datasets. These observations are used to fit the GP surrogate and record the best
performing configuration θ∗. Subsequently, BO iteratively selects the next configuration
using the acquisition function, evaluates its performance, updates the surrogate, and
records improvements. This process continues until the maximum number of evaluations
N is reached, at which point the configuration θ∗ achieving the best validation performance
is returned.
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Algorithm 3: Bayesian Optimization for Hyperparameter Tuning
Input: Hyperparameter space H, initial sample size ninit, maximum evaluations N ,

training dataset Dtrain, validation dataset Dval, evaluation function L
Output: Optimal hyperparameter configuration θ∗

1 Initialize observation set Dobs ← ∅;
2 Initialize best validation score Sbest ←∞;
3 Initialize optimal configuration θ∗ ← ∅;
4 for i = 1 to ninit do
5 Sample θi uniformly from H;
6 Train model fθi

on Dtrain;
7 Compute Si = L(θi);
8 Add (θi,Si) to Dobs;
9 if Si < Sbest then

10 Sbest ← Si;
11 θ∗ ← θi;

12 for i = ninit + 1 to N do
13 Fit Gaussian Process surrogate model on Dobs;
14 θnext ← arg maxθ∈H α(θ);
15 Train model fθnext on Dtrain;
16 Compute Snext = L(θnext);
17 Add (θnext,Snext) to Dobs;
18 if Snext < Sbest then
19 Sbest ← Snext;
20 θ∗ ← θnext;

21 return θ∗;

4.7.4 Covariance Matrix Adaptation Evolution Strategy

The Covariance Matrix Adaptation Evolution Strategy (CMA-ES) is a population-based
evolutionary algorithm designed for continuous, non-convex, and high-dimensional opti-
mization problems. Unlike gradient-based methods, CMA-ES adapts a multivariate normal
distribution over the search space, iteratively refining both the mean vector and covariance
matrix to guide the search toward promising regions. At generation g, candidate solutions
zi are sampled according to:

z(g)
i ∼ N

(
m(g), (σ(g)

step)2C(g)
)
, i = 1, . . . , λpop (4.7.5)

where m(g) represents the mean vector of the distribution at generation g, σ
(g)
step the global
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step size controlling exploration magnitude, and C(g) the covariance matrix capturing
correlations between hyperparameters. The population size λpop determines the number
of candidate solutions generated per generation. Each candidate z(g)

i encodes a hyperpa-
rameter configuration, for example the learning rate η, dropout rate pdropout, and dense
layer size nneurons for a DenseNet-169 model. The fitness of each candidate is evaluated on
a validation dataset, typically using a performance metric such as validation loss.

After evaluating all candidates, they are ranked by their fitness values. The mean vector
is updated as a weighted combination of the top µparent candidates (number of parent
solutions):

m(g+1) =
µparent∑
i=1

wiz(g)
i:λpop (4.7.6)

where wi > 0 are recombination weights, and z(g)
i:λpop denotes the i-th best candidate based

on fitness (with i : λpop indicating the i-th best out of λpop). The weights are typically
chosen such that ∑µparent

i=1 wi = 1 and w1 ≥ w2 ≥ · · · ≥ wµparent > 0.

The covariance matrix is adapted to capture successful search directions, using both
rank-one and rank-µparent updates:

C(g+1) =(1− c1 − cµ)C(g)

+ c1p(g+1)
c (p(g+1)

c )⊤

+ cµ

µparent∑
i=1

wiy(g)
i:λpop(y(g)

i:λpop)⊤

(4.7.7)

where p(g+1)
c is the evolution path for covariance matrix adaptation, c1 and cµ are learning

rates controlling the adaptation speed, and y(g)
i:λpop represents the normalized deviations:

y(g)
i:λpop =

z(g)
i:λpop −m(g)

σ
(g)
step

(4.7.8)

The evolution path p(g+1)
c accumulates information about consecutive mean shifts:

p(g+1)
c = (1− cc)p(g)

c +
√

cc(2− cc)µeff
m(g+1) −m(g)

σ
(g)
step

(4.7.9)

where cc is the learning rate for the covariance evolution path, and µeff is the effective
selection mass (variance effective selection mass) defined as:
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µeff =
(µparent∑

i=1
w2
i

)−1

(4.7.10)

The step size σstep is independently adapted using a separate evolution path pσ:

p(g+1)
σ = (1− cσ)p(g)

σ +
√

cσ(2− cσ)µeffC(g)− 1
2 m(g+1) −m(g)

σ
(g)
step

(4.7.11)

σ
(g+1)
step = σ

(g)
step exp

(
cσ
dσ

(
∥p(g+1)

σ ∥
E∥N (0, I)∥ − 1

))
(4.7.12)

where cσ is the learning rate for the step-size evolution path, dσ is a damping parameter,
and E∥N (0, I)∥ is the expected length of a random vector from the standard normal
distribution, serving as a normalization factor.

CMA-ES iteratively generates new populations based on the updated mean and covariance.
Convergence is determined by multiple criteria: minimal improvement in the best fitness,
reduction of step size below a threshold, reaching a maximum number of generations
Gmax, or degeneration of the covariance matrix (loss of diversity). The final optimized
hyperparameters are obtained from the mean of the last distribution or from the historically
best-performing candidate zbest.

By maintaining a diverse population of solutions, CMA-ES balances exploration of the
hyperparameter space with exploitation of promising regions, making it highly robust for
optimizing deep learning models where the evaluation surface is noisy, non-convex, and
high-dimensional.

Algorithm 4 summarizes the practical implementation of the CMA-ES procedure for
hyperparameter optimization. The algorithm begins by initializing the generation counter
g, the best fitness value Fbest, and the optimal hyperparameter configuration θ∗. The
initial mean vector m(0), covariance matrix C(0), and step size σ

(0)
step define the starting

search distribution over the hyperparameter space.

At each generation g, a population of λpop candidate hyperparameter vectors z(g)
i is

sampled from the multivariate normal distribution defined by the current mean, covariance
matrix, and step size. Each sampled candidate corresponds to a complete hyperparameter
configuration and is evaluated by training the model and computing the validation loss
L(z(g)

i ). These fitness values are then used to rank all candidates.

The top µparent candidates with the best fitness values are selected and used to update the
mean vector m(g) through weighted recombination, steering the search toward regions of
improved performance. Subsequently, the covariance matrix C(g) is updated using both
rank-one and rank-µparent adaptations, enabling the algorithm to learn correlations between

97



CHAPTER 4. HYPERPARAMETER OPTIMIZATION FOR RETINAL BIOMETRICS

hyperparameters and to elongate the search distribution along successful directions.

In parallel, the global step size σstep is adapted using the step-size evolution path pσ,
allowing CMA-ES to automatically control the scale of exploration. Larger step sizes
encourage global exploration in early stages, while smaller step sizes promote fine-grained
exploitation as the algorithm approaches convergence.

After each generation, the algorithm compares the best candidate of the current population
with the best solution found so far. If an improvement is observed, the best fitness value
Fbest and the corresponding hyperparameter configuration θ∗ are updated. The generation
counter is then incremented, and the optimization process continues until a stopping
criterion is met, such as reaching the maximum number of generations Gmax, insufficient
improvement, or a significant reduction in step size.

Finally, the algorithm returns the optimal hyperparameter configuration θ∗, corresponding
either to the best individual encountered during the search or to the mean of the final
sampling distribution.
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Algorithm 4: Covariance Matrix Adaptation Evolution Strategy (CMA-ES)
Input: Hyperparameter space H, population size λpop, number of parent solutions

µparent, initial mean vector m(0), initial covariance matrix C(0), initial step size
σ

(0)
step, maximum generations Gmax, training dataset Dtrain, validation dataset
Dval, evaluation function L

Output: Optimal hyperparameter configuration θ∗

1 Initialize generation counter g ← 0;
2 Initialize best fitness Fbest ←∞;
3 Initialize optimal configuration θ∗ ← ∅;
4 Initialize evolution paths p(0)

σ ← 0, p(0)
c ← 0;

5 while g < Gmax and not converged do
// Sample candidate solutions

6 for i = 1 to λpop do
7 Sample z(g)

i ∼ N
(
m(g), (σ(g)

step)2C(g)
)
;

// Each z(g)
i encodes a hyperparameter configuration

8 Train model fz(g)
i

on Dtrain;

9 Compute fitness Fi = L(z(g)
i ) =M(fz(g)

i
(Dtrain),Dval);

// Sort candidates by fitness (ascending for minimization)
10 Sort {z(g)

i } such that F1:λpop ≤ F2:λpop ≤ · · · ≤ Fλpop:λpop ;
// Update mean vector

11 m(g+1) = ∑µparent
i=1 wiz(g)

i:λpop ;
// Update evolution paths and covariance matrix

12 p(g+1)
σ = (1− cσ)p(g)

σ +
√

cσ(2− cσ)µeffC(g)− 1
2 m(g+1)−m(g)

σ
(g)
step

;

13 p(g+1)
c = (1− cc)p(g)

c +
√

cc(2− cc)µeff
m(g+1)−m(g)

σ
(g)
step

;

14 C(g+1) = (1− c1 − cµ)C(g) + c1p(g+1)
c (p(g+1)

c )⊤ + cµ
∑µparent
i=1 wiy(g)

i:λpop(y(g)
i:λpop)⊤;

; // where y(g)
i:λpop

= (z(g)
i:λpop
−m(g))/σ

(g)
step

// Update step size

15 σ
(g+1)
step = σ

(g)
step exp

(
cσ

dσ

(
∥p(g+1)

σ ∥
E∥N (0,I)∥ − 1

))
;

// Update best solution
16 if F1:λpop < Fbest then
17 Fbest ← F1:λpop ;
18 θ∗ ← z(g)

1:λpop ;

19 g ← g + 1;

20 return θ∗;
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4.8 Results and Discussion

Prior to training, each dataset was randomly partitioned into training and testing subsets
using an 80%–20% split. Specifically, 80% of the images were used for model training, while
the remaining 20% were reserved exclusively for performance evaluation. This separation
ensures that the reported results reflect the model’s ability to generalize to previously
unseen retinal images.

During model compilation, the Adam optimization algorithm was employed in conjunction
with the categorical cross-entropy loss function LCE, while classification accuracy A served
as the primary metric to monitor performance throughout both training and validation.
To improve convergence and mitigate overfitting, two essential callbacks were incorporated.
The EarlyStopping callback tracked validation loss Lval and terminated training when no
substantial improvement was observed over a predefined number of epochs, as specified
by the patience parameter pearly. This approach prevents unnecessary training, conserves
computational resources, and restores model weights corresponding to the best validation
performance.

In addition, the ReduceLROnPlateau callback was utilized to adaptively adjust the learning
rate η. When the validation loss plateaued, signaling a stagnation in the optimization
process, the learning rate was decreased by a factor γlr to facilitate more precise convergence
toward an optimal solution. Training was conducted for a maximum of Emax = 100 epochs
with a batch size of B = 32, balancing computational efficiency and effective learning.

All experiments were executed on a high-performance workstation configured with an
Intel Core i9-13900K CPU, an NVIDIA RTX 4090 GPU (24 GB VRAM), and 128 GB of
RAM. To further enhance model performance, hyperparameter tuning was carried out for
key parameters, including the learning rate η, dropout rate pdropout, and the number of
neurons in the Dense layer nneurons. Four distinct optimization strategies were explored:
Grid Search, Random Search, Bayesian Optimization, and CMA-ES.

4.8.1 Grid Search

To establish baseline performance, a comprehensive Grid Search strategy was employed for
each retinal dataset. The search systematically explored a predefined Cartesian product
of three key hyperparameter dimensions:

• Network capacity: Dense layer units nneurons ∈ {32, 64, 128, 256, 512}

• Regularization intensity: Dropout rates pdropout ∈ {0.1, 0.3, 0.5, 0.7}

• Optimization dynamics: Learning rates η ∈ {10−5, 10−4, 10−3, 10−2}
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This exhaustive approach evaluated |H| = 100 distinct configurations per dataset, with
each model trained for Emax = 100 epochs. The selection criterion prioritized configu-
rations minimizing validation loss Lval, revealing how different retinal datasets influence
architectural preferences. For instance, certain datasets favored reduced regularization,
while others benefited from increased model complexity to accommodate intricate feature
patterns.

The results in Table 4.1 demonstrate that the Grid Search strategy consistently yields high
classification accuracy A across all datasets. RIDB, ARIA, DRIVE, and VARIA achieve
perfect accuracy (A = 100%), while STARE and Local Data attain slightly lower values of
99% and 99.8%, respectively. These results indicate strong discriminative performance
of the selected models, although minor variations suggest dataset-dependent learning
challenges.

In terms of validation loss Lval, RIDB and DRIVE exhibit the lowest values (Lval = 0.0005),
reflecting effective generalization and minimal overfitting. Conversely, VARIA and Local
Data present higher validation losses (Lval = 0.0041 and 0.0072, respectively), suggesting
increased variability in retinal patterns or image quality, which may complicate the
learning process. The ARIA and STARE datasets demonstrate intermediate validation
losses, indicating stable but slightly less uniform generalization.

Analysis of the optimal architectures reveals a high degree of consistency across datasets.
Most configurations converge to nneurons = 256, a dropout rate pdropout between 0.1 and
0.3, and a learning rate η = 0.0001, indicating that moderate model complexity combined
with controlled regularization is sufficient for effective retinal feature extraction. The
VARIA dataset constitutes an exception, requiring a larger network with nneurons = 512,
highlighting the need for increased representational capacity to model its structural
complexity.

From a computational perspective, the Grid Search approach incurs substantial training
costs. RIDB requires the shortest optimization time topt = 8.68 hours, whereas VARIA
demands significantly more resources (topt = 58.24 hours), reflecting the impact of increased
architectural complexity and dataset heterogeneity. The remaining datasets exhibit
intermediate computational costs, ranging from approximately 14 to 19 hours.

Overall, Table 4.1 illustrates that while Grid Search is capable of identifying highly accurate
configurations, it entails considerable computational expense and exhibits sensitivity to
dataset characteristics. These findings underscore the importance of balancing model
performance with optimization efficiency, particularly in large-scale medical image analysis
applications.
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Table 4.1. Grid Search Optimization Outcomes Across Retinal Datasets

Metric / Dataset RIDB ARIA STARE DRIVE VARIA Local Data
Performance Metrics

Validation Loss Lval 5.00× 10−4 2.90× 10−3 9.00× 10−4 5.00× 10−4 4.10× 10−3 7.20× 10−3

Classification Accuracy A (%) 100 100 99 100 100 99.8
Architectural Complexity

Neurons nneurons 256 256 256 256 512 256
Dropout Rate pdropout 0.3 0.3 0.1 0.1 0.3 0.1

Optimization Parameters
Learning Rate η 1.00× 10−4 1.00× 10−4 1.00× 10−4 1.00× 10−4 1.00× 10−4 1.00× 10−4

Optimization Time topt (hours) 8.68 16.23 19.28 18.54 58.24 13.97

4.8.2 Random Search

To systematically identify effective model configurations, a Random Search approach was
implemented for hyperparameter tuning. The search space H encompassed three critical
architectural and training parameters:

• Dense layer dimensionality: nneurons ∈ {32, 64, 128, 256, 512}

• Regularization using dropout: pdropout ∈ {0.1, 0.3, 0.5, 0.7}

• Optimization learning rate: η ∈ {10−5, 10−4, 10−3, 10−2}

The experimental design involved generating N = 20 distinct hyperparameter combina-
tions for each retinal image dataset. This quantity represented a deliberate compromise
between computational resource constraints and exploratory breadth within the parameter
landscape.

The Random Search methodology identified high-performing model configurations across
all evaluated datasets. The results demonstrated exceptional classification efficacy, with
four datasets—RIDB, ARIA, DRIVE, and VARIA—achieving perfect accuracy (A = 100%)
on their validation partitions. The LOCAL DATA and STARE datasets also performed
strongly, attaining 99.9% and 99% accuracy, respectively. The minor accuracy variance for
the latter two suggests that while the random sampling strategy discovered generally robust
hyperparameter sets, additional model refinement could enhance performance uniformity.
Analysis of the optimal configurations θ∗ revealed distinct patterns across the datasets, as
detailed in Table 4.2.

A clear convergence was observed for three datasets (RIDB, DRIVE, VARIA), which
all optimized to a nearly identical configuration (nneurons ≈ 188, pdropout ≈ 0.217, η ≈
4.00× 10−4). In contrast, the ARIA dataset required a more finely-tuned learning rate
(η = 7.54× 10−5) for peak performance.

Two datasets exhibited unique architectural needs. The LOCAL DATA corpus necessi-
tated a substantially larger network (nneurons = 498) coupled with stronger regularization
(pdropout = 0.524), indicating greater intrinsic complexity that demanded increased model
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Table 4.2. Performance Metrics and Optimal Hyperparameters Identified through Random
Search Across Six Retinal Image Datasets

Metric / Dataset RIDB ARIA STARE DRIVE VARIA Local Data
Performance Metrics

Validation Loss Lval −5.30× 10−3 −5.50× 10−3 −9.00× 10−2 −1.00× 10−3 −2.08× 10−2 −2.43× 10−2

Classification Accuracy A (%) 100 100 99 100 100 99.9
Optimal Hyperparameters θ∗

Neurons nneurons 188 189 256 189 188 498
Dropout Rate pdropout 0.217 0.227 0.100 0.217 0.217 0.524
Learning Rate η 4.00× 10−4 7.54× 10−5 1.00× 10−4 4.00× 10−4 4.00× 10−4 2.00× 10−4

Computational Cost
Optimization Time topt (hours) 48.4 9.9 19.3 47.4 58.2 14.0

capacity alongside overfitting prevention. Conversely, STARE performed optimally with
minimal dropout regularization (pdropout = 0.1), suggesting a lower inherent risk of overfit-
ting.

The computational investment for the search process varied considerably. VARIA demanded
the most extensive exploration (topt = 58.2 hours), whereas ARIA converged most rapidly
(topt = 9.9 hours). This disparity highlights how dataset-specific characteristics directly
influence the hyperparameter optimization landscape, even under a consistent search
protocol.

Overall, Random Search proved to be an effective and practical approach for configuring
deep learning models in this medical imaging context. It successfully identified high-
accuracy models while providing valuable insights into parameter sensitivities and dataset-
specific requirements. These results establish it as a viable baseline method, though they
also point to potential benefits from more advanced optimization techniques when pursuing
maximal consistency across diverse data sources.

4.8.3 Bayesian Optimization

A Bayesian Optimization (BO) framework was implemented to efficiently navigate the
hyperparameter landscape for each retinal dataset. The procedure explored continuous
ranges for three critical parameters:

• Network capacity: nneurons ∈ [32, 512]

• Regularization intensity: pdropout ∈ [0.1, 0.7]

• Optimization step size: η ∈ [10−5, 10−2]

The procedure commenced with an initial exploratory stage involving ninit = 20 randomly
selected hyperparameter configurations, followed by N = 50 optimization iterations
directed by a Gaussian process–based surrogate model. An acquisition function α(θ) was
employed to minimize the validation loss Lval, thereby explicitly favoring configurations
that enhance model generalization. The resulting optimal hyperparameter settings θ∗ and
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associated performance metrics are summarized in Table 4.3 and Figure 4.4.

Table 4.3. Bayesian Optimization Results Across Retinal Image Datasets

Metric / Dataset RIDB ARIA STARE DRIVE VARIA Local Data
Performance Metrics

Validation Loss Lval −5.30× 10−3 −5.50× 10−3 −1.683× 10−1 −1.00× 10−3 4.10× 10−3 8.64× 10−2

Classification Accuracy A (%) 100 100 99 100 100 100
Optimal Hyperparameters θ∗

Neurons nneurons 188 187 454 188 288 32
Dropout Rate pdropout 0.217 0.227 0.302 0.217 0.218 0.1
Learning Rate η 4.60× 10−4 7.54× 10−5 5.90× 10−4 4.60× 10−4 4.61× 10−4 1.00× 10−4

Computational Cost
Optimization Time topt (hours) 48.36 9.91 4.76 47.41 55.46 40.34

A closer examination of Table 4.3 and Figure 4.4 provides further insight into the behavior
of Bayesian Optimization across the different retinal datasets. While high classification
accuracy A is consistently achieved, the combined analysis of validation loss Lval, archi-
tectural choices, and search dynamics reveals important differences in dataset complexity
and optimization sensitivity.

The validation loss distribution highlights that achieving perfect accuracy does not nec-
essarily imply optimal generalization. For instance, RIDB, ARIA, and DRIVE attain
near-zero or slightly negative validation losses while maintaining 100% accuracy, indicating
stable convergence and balanced model capacity. In Figure 4.4, these datasets exhibit well-
defined low-loss regions concentrated around moderate dropout values and learning rates,
suggesting smooth optimization landscapes where Bayesian Optimization can efficiently
locate optimal configurations. The strong overlap between the RIDB and DRIVE plots
further supports the observation that these datasets share similar statistical properties
and feature distributions, allowing them to benefit from nearly identical hyperparameter
settings.

The STARE dataset presents a markedly different behavior. Despite achieving a slightly
lower accuracy of 99%, it exhibits the lowest validation loss (Lval = −0.1683), reflecting
superior generalization. Figure 4.4 shows that optimal configurations for STARE are
located in regions corresponding to higher network capacity (nneurons = 454) and increased
regularization (pdropout = 0.302). This indicates that STARE contains richer or more diverse
retinal patterns that require a larger representational space to be effectively modeled, while
simultaneously demanding stronger regularization to prevent overfitting. The compact and
well-localized optimum observed in the STARE plot suggests that, although the dataset
is complex, its optimization landscape is relatively well-structured, allowing Bayesian
Optimization to converge rapidly, as reflected by the reduced computational cost topt = 4.76
hours reported in Table 4.3.

In contrast, VARIA and Local Data demonstrate less favorable optimization characteristics.
Both datasets achieve perfect accuracy but are associated with higher validation losses,
particularly in the case of Local Data (Lval = 0.0864). This discrepancy suggests that the
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models may be fitting dataset-specific patterns or noise rather than learning features that
generalize well. In Figure 4.4, this behavior is reflected by a more dispersed distribution of
loss values across the hyperparameter space, with no sharply defined low-loss basin. For
VARIA, the optimal configuration requires a larger network (nneurons = 288) combined with
moderate dropout (pdropout = 0.218), indicating increased data variability and a higher
risk of overfitting. The extended optimization time topt = 55.46 hours reported in Table
4.3 further confirms the difficulty of navigating this search space.

Local Data exhibits the most challenging generalization behavior. The optimal configura-
tion is characterized by a very small network (nneurons = 32) and minimal regularization
(pdropout = 0.1), yet the validation loss remains comparatively high (Lval = 0.0864). This
suggests that the dataset may contain noise, limited sample diversity, or acquisition
inconsistencies that restrict the model’s ability to generalize, regardless of architectural
complexity. The broad and flat loss distribution observed reinforces this interpretation,
as Bayesian Optimization fails to identify a configuration that significantly improves
validation performance despite extensive exploration.

The learning rate trends observed in Table 4.3 further emphasize the dataset-dependent
nature of optimization. Datasets with smoother optimization landscapes, such as RIDB
and DRIVE, converge toward moderate learning rates (η ≈ 4.60 × 10−4) that balance
convergence speed and stability. Conversely, ARIA and Local Data favor smaller learning
rates (η ≈ 7.54×10−5 and 1.00×10−4, respectively), indicating a need for more conservative
weight updates to maintain stable training. These patterns are consistent with the relative
spread and shape of the low-loss regions observed.

Overall, the combined interpretation of Table 4.3 demonstrates that Bayesian Optimization
not only identifies optimal hyperparameters but also acts as an implicit diagnostic tool for
understanding dataset complexity and generalization behavior. Well-structured datasets
yield compact, well-defined optima and faster convergence, whereas datasets with higher
variability or noise result in broader loss landscapes and increased computational cost.
These findings reinforce the importance of dataset-specific hyperparameter optimization
and validate the use of Bayesian Optimization as a principled and informative approach
for retinal biometric modeling.
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(a) RIDB dataset (b) ARIA dataset

(c) STARE dataset (d) DRIVE dataset

(e) VARIA dataset (f) Local dataset

Figure 4.4. Effect of Dropout Rate pdropout and Learning Rate η on Validation Loss Lval: A
Three-Dimensional Visualization across Multiple Datasets.

4.8.4 CMA-ES Method

The CMA-ES optimization targeted three critical hyperparameters that collectively govern
model architecture and training dynamics:
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• Network Capacity: Number of neurons in the final dense layer, with search bounds
nneurons ∈ [32, 512]. This parameter directly influences the model’s representational
power and computational requirements.

• Regularization Intensity: Dropout probability, bounded pdropout ∈ [0.1, 0.7]. Dropout
serves as a regularization mechanism to prevent overfitting by randomly omitting units
during training.

• Learning Rate: Initial learning rate for the Adam optimizer, with logarithmic
bounds η ∈ [10−5, 10−2]. This parameter controls the step size during gradient-based
optimization.

The three-dimensional search space was deliberately constrained to focus on parameters
with established significance for model performance while maintaining computational
tractability. The bounded ranges were selected based on empirical evidence from prelimi-
nary experiments and established practices in deep learning for medical image analysis.

The CMA-ES implementation was configured with the following algorithmic parameters:

• Population Size: λpop = 20 candidate solutions per generation

• Initial Mean Vector: m(0) = [128, 0.5, 10−3] corresponding to initial guesses for
neurons nneurons, dropout pdropout, and learning rate η

• Initial Step Size: σ
(0)
step = 0.5, representing moderate initial exploration

• Covariance Matrix Initialization: Identity matrix C(0) = I, indicating initially
isotropic search

• Termination Criteria:

– Convergence threshold: ∥m(g) −m(g−1)∥ < 10−6

– Maximum generations: Gmax = 50

– Maximum function evaluations: Nmax = 1000

The selection of population size followed the heuristic:

λpop = 4 + ⌊3 ln d⌋ (4.8.1)

where d = 3 represents the dimensionality of the hyperparameter search space. The
resulting value was rounded to a practical size to balance computational efficiency and
search diversity. The initial mean vector was selected to provide a balanced starting point
within the defined hyperparameter ranges, while the initial step size was set to enable
substantial exploration of the search space in the early stages of optimization.
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The objective function was formulated as the negative validation loss:

FCMA-ES(θ) = −Lval(θ) (4.8.2)

where θ = (nneurons, pdropout, η) denotes a candidate hyperparameter configuration, and
Lval is the corresponding validation loss obtained after model training. By defining the
objective in this manner, the original minimization problem (reducing validation loss) is
converted into a maximization problem, which is consistent with the default optimization
framework of CMA-ES.

To ensure reproducibility, a fixed random seed was assigned to each dataset, controlling all
sources of stochasticity including weight initialization, dropout masks, and data shuffling.

Beyond the primary objective function, several internal CMA-ES metrics were monitored
to analyze algorithm behavior:

• Step Size σ
(g)
step: Controls the overall scale of the search distribution

• Axis Ratio: Ratio of largest to smallest eigenvalue of the covariance matrix C(g),
quantifying search anisotropy

• Principal Standard Deviations: Square roots of eigenvalues, representing search
spread along principal axes

• Condition Number: Ratio of largest to smallest eigenvalue, indicating numerical
stability of the covariance matrix

• Evolution Paths p(g)
σ and p(g)

c : Cumulative information about successful search
directions

These metrics collectively provide insights into how CMA-ES adapts its search strategy in
response to landscape characteristics, offering explanatory power beyond mere convergence
rates.

The CMA-ES optimization produced distinct hyperparameter configurations for each
retinal dataset, with varying convergence characteristics and final performances. Table
4.4 presents a consolidated view of all optimization outcomes, facilitating comparative
analysis across datasets.

Table 4.4 summarizes the outcomes of CMA-ES hyperparameter optimization across the
six retinal imaging datasets. The results reveal clear differences in convergence dynamics,
computational cost, and optimal hyperparameter configurations, highlighting the strong
influence of dataset characteristics on the optimization process. ARIA and STARE reached
their best-performing configurations within only two generations (g∗ = 2), indicating rapid
convergence and suggesting that suitable hyperparameter regions could be identified early
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Table 4.4. Consolidated CMA-ES Optimization Results Across All Datasets

Metric / Dataset ARIA RIDB STARE DRIVE VARIA LOCAL

Convergence
Optimal Generation g∗ 2 4 2 2 5 5
Best Fitness Fbest −5.20× 10−3 −4.80× 10−3 −4.77× 10−3 −1.30× 10−3 3.80× 10−3 8.57× 10−2

Optimization Time topt (h) 10.59 45.16 19.28 44.15 54.35 39.72
Optimal Hyperparameters θ∗

Neurons nneurons 178 192 256 190 276 30
Dropout pdropout 0.284 0.265 0.100 0.251 0.278 0.105
Learning Rate η 6.93× 10−5 5.20× 10−4 1.00× 10−4 4.70× 10−4 4.59× 10−4 1.00× 10−4

Algorithm State at Convergence
Final Axis Ratio γaxis 1.2 1.7 1.5 1.2 3.8 2.8
Final Step Size σ

(g)
step 0.494 0.413 0.151 0.580 0.283 0.450

Min Std. Dev. σmin 0.4 0.3 0.7 0.5 0.5 0.1
Max Std. Dev. σmax 0.6 0.4 0.1 0.7 0.4 0.4

Performance
Test Accuracy Atest (%) 100.0 100.0 99.9 100.0 100.0 100.0
Convergence Class Fast Moderate Fast Moderate Slow Exploratory

in the search. RIDB and DRIVE exhibited more moderate convergence behavior; although
DRIVE achieved its optimum at a low generation count (g∗ = 2), the overall optimization
time remained high (topt = 44.15 hours), reflecting the substantial computational expense
of deep learning evaluations rather than difficulties in the search itself. In contrast, VARIA
and LOCAL required five generations (g∗ = 5) and the longest runtimes (topt = 54.35
and 39.72 hours, respectively), indicating that these datasets demanded more extensive
exploration before stable optimal solutions were found.

The optimal hyperparameter values demonstrate significant variation across datasets,
confirming the necessity of dataset-specific tuning. The number of neurons ranges from
nneurons = 30 in LOCAL to nneurons = 276 in VARIA, reflecting different representational
capacity requirements. Larger architectures, as observed in VARIA and STARE (nneurons =
256), suggest that these datasets benefit from higher model complexity, potentially due to
greater variability in retinal structures or lesion patterns. Conversely, the small optimal
network size for LOCAL (nneurons = 30) indicates that additional capacity did not improve
performance, emphasizing the importance of balancing complexity against the risk of
unnecessary over-parameterization.

Dropout values further illustrate the role of regularization in controlling generalization.
Most datasets converged toward moderate dropout rates between pdropout = 0.25 and 0.28,
indicating that regularization was essential to mitigate overfitting during training. However,
STARE and LOCAL required substantially lower dropout rates near pdropout = 0.10,
suggesting that stronger regularization was less critical in these cases. This variability
confirms that dropout must be adapted to the dataset’s intrinsic complexity and training
stability rather than being fixed universally.

Learning rate selection also differed notably across datasets, spanning approximately one
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order of magnitude from η = 6.93 × 10−5 to η = 5.20 × 10−4. Smaller learning rates,
such as those obtained for ARIA (η = 6.93 × 10−5), indicate that fine-grained updates
were beneficial for stable convergence, whereas larger learning rates in RIDB and DRIVE
(η ≈ 4.70 × 10−4) may have facilitated broader exploration of the loss surface. This
reinforces the learning rate as one of the most influential hyperparameters governing both
convergence behavior and final model performance.

Beyond the hyperparameter values, the internal CMA-ES adaptation metrics provide
insight into the structure of the optimization landscapes. Low final axis ratios close to
γaxis = 1.2, as observed in ARIA and DRIVE, indicate near-isotropic search distributions,
suggesting that hyperparameter directions contributed relatively equally to performance
improvements. In contrast, VARIA and LOCAL exhibited much higher axis ratios
(γaxis = 3.8 and 2.8, respectively), revealing strong anisotropic adaptation. This indicates
that CMA-ES identified dominant search directions, demonstrating its advantage in
navigating complex and elongated optimization landscapes through covariance shaping.

The final step size values further reflect CMA-ES’s adaptive exploration–exploitation
balance. Larger σ

(g)
step values, such as in DRIVE (σ(g)

step = 0.580), suggest that the algorithm
maintained broader exploration even at convergence, whereas smaller σ

(g)
step values, as in

STARE (σ(g)
step = 0.151), indicate stronger exploitation and refinement near the optimum.

These patterns highlight CMA-ES’s ability to automatically adjust its search radius
depending on the difficulty of the dataset-specific landscape.

Despite the differences in convergence time, hyperparameter configurations, and adapta-
tion behavior, all datasets achieved extremely high test accuracy, reaching approximately
99.9–100%. This confirms the effectiveness of CMA-ES in identifying robust hyperpa-
rameter settings across diverse retinal imaging datasets. At the same time, the large
variation in optimization time, ranging from approximately 10.6 hours to over 54 hours,
underlines the computational cost of evolutionary hyperparameter optimization and the
importance of careful resource planning in biomedical deep learning applications. Overall,
the results demonstrate that CMA-ES provides a powerful automated framework for
hyperparameter tuning, with strong adaptability to dataset-dependent complexity and
optimization landscape characteristics.

4.8.5 Comparative Analysis of Optimization Methods

A comparative summary of the best validation loss Lbest achieved by each optimization
method across all datasets is presented in Table 4.5. This comparison highlights the
relative effectiveness of the different search strategies.

The table compares the best validation loss Lbest achieved by four hyperparameter op-
timization strategies across the six datasets. The results clearly demonstrate that the
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Table 4.5. Best Validation Loss Lbest Achieved by Each Optimization Strategy Across Datasets

Optimization Strategy RIDB ARIA STARE DRIVE VARIA Local Data
Grid Search 5.00× 10−4 2.90× 10−3 9.00× 10−4 5.00× 10−4 4.10× 10−3 7.10× 10−3

Random Search −5.30× 10−3 −5.50× 10−3 −9.00× 10−2 −1.00× 10−3 −2.08× 10−2 −2.43× 10−2

Bayesian Optimization −5.30× 10−3 −2.20× 10−3 −1.683× 10−1 −1.00× 10−3 4.10× 10−3 8.64× 10−2

CMA-ES −4.80× 10−3 −5.20× 10−3 −4.77× 10−3 −1.30× 10−3 3.80× 10−3 8.57× 10−2

effectiveness of an optimization method is highly dependent on the dataset and the struc-
ture of the corresponding search space H. Overall, stochastic and adaptive strategies tend
to outperform exhaustive deterministic search, confirming the limitations of Grid Search
in complex deep learning optimization settings.

Grid Search consistently produced the weakest performance across all datasets, yielding
only positive validation loss values. This outcome reflects the restricted nature of grid-
based exploration, where only a small number of predefined hyperparameter combinations
are evaluated. As a result, Grid Search is unable to efficiently locate optimal configurations
in continuous, high-sensitivity hyperparameter spaces, particularly when the true optimum
θ∗ lies between discretized grid points.

In contrast, Random Search achieved substantially better validation losses, producing
negative values across most datasets. This improvement highlights the advantage of
sampling-based exploration, which allows the optimizer to cover a broader region of
the search space without being constrained by rigid parameter intervals. The strongest
Random Search results were observed for VARIA and LOCAL, where losses reached
Lbest = −2.08× 10−2 and −2.43× 10−2 respectively, suggesting that these datasets require
more diverse exploration to identify high-performing hyperparameter settings.

Bayesian Optimization demonstrated competitive performance on several datasets, particu-
larly STARE, where it achieved the most favorable validation loss (Lbest = −1.683× 10−1).
This reflects the strength of surrogate-based approaches, which iteratively refine the search
toward promising regions by balancing exploration and exploitation. However, Bayesian
Optimization also exhibited instability across datasets, producing positive validation losses
in VARIA and extremely large values in LOCAL. This suggests that surrogate modeling
can become unreliable when the loss surface is highly irregular or when evaluations are
noisy, limiting its robustness in certain biomedical datasets.

CMA-ES achieved consistently strong performance across multiple datasets, with negative
validation losses in RIDB, ARIA, STARE, and DRIVE. Its results confirm the effectiveness
of evolutionary adaptation mechanisms, particularly covariance shaping C(g), which enables
efficient navigation of complex, anisotropic landscapes. Although CMA-ES did not always
outperform Bayesian Optimization in absolute terms, it provided more stable improvements
across datasets, avoiding the extreme failures observed in Bayesian Optimization for
VARIA and LOCAL. This stability highlights CMA-ES as a robust strategy when the

111



CHAPTER 4. HYPERPARAMETER OPTIMIZATION FOR RETINAL BIOMETRICS

hyperparameter landscape is difficult to model or highly directional.

Taken together, Table 4.5 indicates that deterministic exhaustive strategies such as Grid
Search are insufficient for deep learning hyperparameter tuning, while adaptive stochastic
approaches provide significantly better validation performance. Random Search offers
strong baseline performance through broad exploration, Bayesian Optimization excels
when surrogate modeling remains reliable, and CMA-ES provides a particularly robust
alternative due to its ability to adaptively reshape the search distribution. These findings
support the selection of evolutionary and probabilistic optimization frameworks for retinal
imaging applications, where dataset variability and complex loss landscapes make manual
or grid-based tuning impractical.

Table 4.6 provides a comparative synthesis of the four hyperparameter optimization
strategies evaluated in this study, highlighting their fundamental differences in search
behavior, computational demands, and suitability for deep learning applications in retinal
imaging. The comparison demonstrates that the choice of optimization method significantly
influences both the efficiency of the tuning process and the quality of the resulting
hyperparameter configurations.

Table 4.6. Comparative Analysis of Hyperparameter Optimization Methods

Metric Grid Search Random
Search

Bayesian Opti-
mization

CMA-ES

Search Strategy Exhaustive grid
search

Random sam-
pling

Surrogate model
guides search

Evolutionary strategy
with covariance adap-
tation

Computational Efficiency Very Low Moderate High High (per iteration)
Exploration vs. Exploitation Pure exploration Mostly explo-

ration
Balanced Strong initial explo-

ration → focused ex-
ploitation

Best Validation Loss Lbest Often subopti-
mal

Variable Low Lowest / Most consis-
tent

Convergence Speed Slowest Slow Fast Moderate–Fast
Computational Cost topt Extremely high High Moderate–High High
Adaptability Poor Poor Good Excellent
Scalability Not scalable Inefficient in

high dimensions
Efficient for moder-
ate dimensions

Computationally de-
manding but scalable

Grid Search represents the most straightforward approach, relying on exhaustive enu-
meration of predefined hyperparameter combinations. While conceptually simple, its
computational efficiency is extremely low, particularly because the number of evaluations
grows exponentially with the number of tuned parameters. As reflected in the table, Grid
Search provides pure exploration without any adaptive refinement, which often leads to
suboptimal validation performance. Its poor scalability makes it impractical for modern
deep learning problems, where hyperparameter spaces are continuous and high-dimensional.

Random Search improves upon this limitation by replacing deterministic enumeration
with stochastic sampling. This strategy achieves moderate efficiency, as it explores the
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hyperparameter space more broadly and is not constrained to rigid grid discretizations.
However, Random Search remains largely exploratory and lacks exploitation mechanisms
that concentrate evaluations in promising regions. Consequently, its best validation loss
Lbest is highly variable across datasets, and convergence remains relatively slow, requiring
many evaluations to approach optimal solutions.

Bayesian Optimization introduces a more sophisticated framework by employing a surrogate
probabilistic model to approximate the objective function f(θ). This enables a balanced
exploration–exploitation tradeoff, as the optimizer selectively evaluates hyperparameters
that are predicted to yield improvements while still maintaining uncertainty-driven ex-
ploration. As summarized in Table 4.6, Bayesian Optimization typically achieves fast
convergence and low validation losses with fewer evaluations compared to exhaustive or
random approaches. Nevertheless, its scalability is most effective in moderate-dimensional
spaces, and its performance may degrade when the loss landscape becomes highly irregular
or noisy, as is often the case in biomedical deep learning.

CMA-ES, in contrast, provides an evolutionary optimization strategy that adapts its
search distribution through covariance matrix adaptation C(g). This mechanism allows
CMA-ES to reshape the sampling process dynamically, aligning the search toward dominant
directions in anisotropic hyperparameter landscapes. As shown in the table, CMA-ES
demonstrates excellent adaptability and consistently strong validation performance, often
achieving the lowest losses across datasets. Its optimization process typically begins with
strong exploration and gradually shifts toward focused exploitation, reflecting an effective
self-adaptive balance. However, this robustness comes at the cost of high computational
expense, as evolutionary strategies often require many iterations and repeated network
training evaluations.

Overall, Table 4.6 highlights that deterministic approaches such as Grid Search are unsuit-
able for complex deep learning hyperparameter tuning due to poor efficiency and lack of
adaptability. Random Search provides a stronger baseline through broader exploration but
remains limited by its non-adaptive nature. Bayesian Optimization offers fast convergence
and efficient search when surrogate modeling is reliable, whereas CMA-ES provides the
most robust and consistent performance in challenging optimization landscapes through its
covariance adaptation mechanism. These findings support the use of adaptive evolution-
ary or probabilistic optimization frameworks for retinal imaging applications, where loss
surfaces are complex and manual tuning is infeasible despite the associated computational
cost.

113



CHAPTER 4. HYPERPARAMETER OPTIMIZATION FOR RETINAL BIOMETRICS

4.8.6 Performance Evaluation Metrics

Table 4.7 summarizes the performance evaluation metrics obtained across the six datasets,
providing a comprehensive assessment of both classification reliability and biometric
identification efficiency. Overall, the results indicate extremely high predictive accuracy
and strong generalization across all datasets, confirming the effectiveness of the proposed
framework under diverse retinal imaging conditions.

Table 4.7. Performance Evaluation Metrics Across Datasets

Metric DRIVE RIDB ARIA STARE VARIA Local Data
F1-Score F1 (%) 100 100 100 99 100 100
Precision P (%) 100 100 100 99 100 100
Specificity Sp (%) 100 100 100 99.99 100 100
Avg. Identification Time t̄id (s) 0.001270 0.001267 0.004026 0.001220 0.001407 0.001324
Genuine Acceptance Rate GAR (%) 100 100 100 99.57 100 100
Mean ROC AUC AUC 1.000 1.000 1.000 1.000 1.000 1.000
Log Loss Llog 0.0044 0.0024 7.64× 10−5 0.1010 0.0000 0.0294
Cohen’s Kappa κ 1.000 1.000 1.000 0.9873 1.000 1.000
Accuracy A (%) 100 100 100 99.9 100 100

The classification metrics, including F1-score F1, precision P , and specificity Sp, remain
consistently near perfect across all datasets. DRIVE, RIDB, ARIA, VARIA, and the
Local dataset achieved 100% in all three measures, demonstrating flawless discrimination
between classes and the absence of false positive or false negative predictions. STARE
presents a slightly lower performance, with F1-score and precision values of 99%, yet still
reflects a highly accurate and clinically reliable classification outcome. The uniformly high
specificity values further confirm that the system maintains excellent robustness against
false alarms, which is particularly important in medical diagnostic and biometric security
contexts.

In addition to classification accuracy, the biometric identification efficiency is reflected in the
average identification time per sample t̄id. All datasets exhibit extremely low inference times,
ranging from approximately 0.0012 to 0.0040 seconds per sample. These results demonstrate
that the model is not only accurate but also computationally efficient, supporting its
suitability for real-time biometric deployment. The slightly higher identification time
observed in ARIA (t̄id = 0.004026 s) may be attributed to dataset-specific preprocessing
or feature complexity, though the overall latency remains negligible.

The Genuine Acceptance Rate GAR, which measures the proportion of correctly accepted
genuine identities, further confirms the robustness of the biometric recognition performance.
All datasets achieved a GAR of 100%, except STARE, which attained 99.57%. This minor
reduction suggests slightly increased intra-class variability or imaging heterogeneity within
STARE, yet the acceptance performance remains exceptionally strong.

The ROC AUC values equal to 1.000 across all datasets indicate perfect separability
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between classes, reinforcing the model’s discriminative power. Similarly, Cohen’s Kappa
values κ = 1.000 for most datasets reflect complete agreement beyond chance, confirming
the consistency and reliability of predictions. STARE again exhibits a marginally lower
Kappa value (κ = 0.9873), consistent with its slightly reduced classification metrics, but
still within an excellent agreement range.

Log loss values Llog provide additional insight into probabilistic calibration. ARIA achieved
an extremely small log loss (Llog = 7.64× 10−5), indicating highly confident and correct
probability estimates. DRIVE and RIDB also show very low log loss values, whereas
STARE presents the highest log loss (Llog = 0.1010), suggesting that although predictions
remain accurate, the confidence distribution may be less sharply optimized. VARIA reports
a log loss of 0.0000, which may indicate perfect confidence alignment or potential rounding
effects in reporting.

Finally, overall accuracy A remains near-perfect, reaching 100% across all datasets except
STARE, which achieved 99.9%. This confirms that the proposed model maintains stable
and generalized performance even across datasets with different acquisition conditions and
structural variability.

4.8.7 Learning Curves Analysis

To ensure model generalization, learning curves (training vs. validation accuracy/loss)
were analyzed for all datasets (Figures 4.5 to 4.10). Across all cases, validation metrics
closely tracked training metrics without significant divergence. Both accuracy curves Atrain

and Aval converged smoothly to high values, while loss curves Ltrain and Lval decreased
monotonically and stabilized at low values. This consistent alignment indicates effective
learning without overfitting.

Figure 4.5. Training and Validation Learning Curves for the RIDB Dataset.
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Figure 4.6. Training and Validation Learning Curves for the ARIA Dataset.

Figure 4.7. Training and Validation Learning Curves for the STARE Dataset.

Figure 4.8. Training and Validation Learning Curves for the DRIVE Dataset.
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Figure 4.9. Training and Validation Learning Curves for the VARIA Dataset.

Figure 4.10. Training and Validation Learning Curves for the LOCAL Dataset.

4.8.8 Robustness Analysis

To further evaluate robustness, the system was tested against four common image per-
turbations: Gaussian noise N (0, σ2

n), Salt-and-pepper noise with density dsp, Gaussian
blur with kernel size kblur, and contrast variation with factor ccontrast (see sample in Figure
4.11).
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Figure 4.11. Example of a Perturbed Input Image.

The robustness analysis, summarized in Table 4.8, provides critical insights into the system’s
performance stability under simulated real-world imaging imperfections. The results reveal
a hierarchical vulnerability to different noise types and highlight dataset-specific resilience.

Table 4.8. Robustness Evaluation Under Noise Perturbations

Dataset Gaussian Salt-&Pepper Blur Contrast

RIDB A = 1.000
L = 0.0002

A = 1.000
L = 0.0003

A = 0.986
L = 0.038

A = 1.000
L = 0.004

ARIA A = 1.000
L = 0.084

A = 1.000
L = 0.156

A = 1.000
L = 0.849

A = 0.923
L = 1.448

STARE A = 0.981
L = 0.360

A = 0.974
L = 0.724

A = 0.905
L = 2.235

A = 0.927
L = 2.210

DRIVE A = 1.000
L = 0.115

A = 1.000
L = 0.192

A = 0.981
L = 0.512

A = 0.995
L = 0.540

VARIA A = 1.000
L = 0.408

A = 1.000
L = 0.408

A = 1.000
L = 0.409

A = 1.000
L = 0.409

Local Data A = 0.992
L = 0.607

A = 0.984
L = 0.733

A = 0.984
L = 1.172

A = 0.862
L = 1.444

The system demonstrates exceptional robustness to pixel-level stochastic noise. Accuracy
A remains at or near 100% for Gaussian and Salt-and-Pepper noise across all datasets.
This indicates that the learned features are highly stable and not reliant on exact pixel
intensities, which is crucial for handling sensor noise or compression artifacts commonly
found in clinical and portable imaging devices. The marginally higher loss values for
salt-and-pepper noise (e.g., L = 0.724 for STARE vs. L = 0.360 for Gaussian) reflect the
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more disruptive, high-amplitude nature of impulse noise, but this does not translate into a
significant accuracy drop.

Performance under Gaussian blur reveals the model’s dependence on high-frequency
structural information. While accuracy remains very high for most datasets (98.1%–100%),
a notable decrease is observed for the STARE dataset (A = 90.5%). This significant
drop, coupled with a substantial increase in loss (L = 2.235), suggests that the distinctive
biometric features in STARE are particularly fine-grained and are attenuated by low-pass
filtering. This result underscores the importance of image focus and stability during
acquisition for optimal system performance, especially with datasets containing subtle
vascular patterns.

Contrast variation emerges as the most challenging perturbation, causing the most
pronounced performance degradation. This is especially evident for the Local dataset
(A = 86.2%) and, to a lesser extent, ARIA (A = 92.3%). The model’s struggle with global
intensity shifts suggests that while it is invariant to localized noise, it has learned features
that are partially correlated with absolute pixel value distributions or global histogram
characteristics. This highlights a potential limitation for deployment across imaging
systems with vastly different illumination protocols or for patients with varying retinal
pigmentation. The perfect robustness of the VARIA dataset to all noise types, including
contrast, is exceptional and may indicate that its images possess inherent properties or
pre-processing that make features more invariant to these perturbations.

A consistent trend across all tests is the strong correlation between a drop in accuracy A
and a concurrent sharp rise in the cross-entropy loss L. For instance, the STARE dataset
under blur shows accuracy falling to A = 90.5% while loss spikes to L = 2.235. Similarly,
the Local dataset under contrast variation sees accuracy fall to A = 86.2% with a loss
of L = 1.444. This correlation confirms that the model’s predictive confidence degrades
in tandem with its correctness, which is a desirable and interpretable failure mode, as
opposed to being confidently wrong.

4.8.9 Comparative Analysis with State-of-the-Art

This work provides a comparative evaluation of the proposed retinal biometric identifica-
tion approach in relation to existing state-of-the-art methods. The comparative results,
summarized in Table 4.9, report the identification accuracies Aid achieved by different
approaches across several publicly available retinal datasets. While accuracy is an im-
portant performance metric in biometric systems, its interpretation must be considered
alongside factors such as dataset characteristics, generalization capability, robustness to
image quality variations, and computational requirements.

The table presents a comparative evaluation of retinal biometric methods across multiple

119



CHAPTER 4. HYPERPARAMETER OPTIMIZATION FOR RETINAL BIOMETRICS

Table 4.9. Comparative Performance of Retinal Biometric Approaches

Method Database Identification Authentication Accuracy A
(%)

Aleem et al. (2018) DRIVE
STARE
VARIA
RIDB

✓ 100
100
99.57
98

Mazumdar and Nirmala (2018) DRIVE
HRF
Messidor
Clinical-1
Clinical-2

✓ 100
100
97.5
97.5
100

Roy et al. (2019) DRIVE ✓ 92
Rani and Jhansi Rani (2019) DRIVE ✓ 99.57
Malik et al. (2020) DRIVE

STARE
VARIA

✓ 100
99
99.2

Sultan and Ghanim (2020) RIDB
DRIVE

✓ 100
100

Madenda et al. (2021) DRIVE ✓ 98
Devi et al. (2020) DRIVE ✓ 97.16
Our method RIDB

ARIA
STARE
DRIVE
Local Data

✓ 100
100
99.99
100
100

datasets, highlighting their identification and authentication performance. Across previous
studies, identification and authentication tasks show consistently high accuracy, though
differences emerge depending on the dataset and the specific method employed.

Methods by Aleem et al. (2018) demonstrate near-perfect identification accuracy across
DRIVE, STARE, VARIA, and RIDB, with values ranging from 98% to 100%. This
indicates robust recognition capability, particularly on standard datasets such as DRIVE
and STARE, while slightly lower performance on RIDB (A = 98%) suggests dataset-specific
variability may affect identification accuracy.

Similarly, Mazumdar and Nirmala (2018) report consistently high identification accuracy
across multiple datasets, including DRIVE, HRF, Messidor, and two clinical datasets, with
a minimum accuracy of 97.5%. These results confirm that texture-based retinal features
can generalize effectively across diverse imaging sources.

Other methods, such as Roy et al. (2019) and Rani and Jhansi Rani (2019), focus on
authentication rather than identification. Roy et al. achieved 92% accuracy on DRIVE,
while Rani et al. reported 99.57%. These results illustrate that authentication tasks, which
often involve verifying individual identity rather than classifying across a dataset, may
achieve slightly lower or more variable performance depending on the method and dataset
characteristics.

Malik et al. (2020) achieved near-perfect identification on DRIVE (A = 100%), and high
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performance on STARE (A = 99%) and VARIA (A = 99.2%), reflecting the effectiveness of
multi-scale feature descriptors in capturing discriminative retinal vascular patterns. Sultan
and Ghanim (2020) also demonstrate perfect authentication accuracy on RIDB and DRIVE
(A = 100%), further confirming the robustness of Gabor-based approaches. Madenda
et al. (2021) and Devi et al. (2020) achieve slightly lower authentication performance on
DRIVE, 98% and 97.16% respectively, highlighting that deep learning methods may still
be sensitive to dataset variability and training conditions.

The results obtained using the proposed method outperform or match previous approaches,
achieving near-perfect identification accuracy across all evaluated datasets, including
RIDB, ARIA, STARE, DRIVE, and Local data. Specifically, identification accuracies
reach A = 100% on RIDB, ARIA, DRIVE, and Local datasets, and A = 99.99% on STARE.
This consistent performance underscores the effectiveness of the proposed framework in
both standard and locally acquired datasets, demonstrating strong generalization and
robustness to dataset-specific variations.

Overall, the comparative analysis indicates that while previous methods achieve high
performance on standard retinal datasets, their accuracy may vary across datasets or
between identification and authentication tasks. In contrast, the proposed method achieves
uniformly high identification accuracy, suggesting that the combination of feature extrac-
tion, model design, and optimization strategy provides superior discriminative power and
generalizability. These results highlight the importance of validating retinal biometric
methods across multiple datasets to ensure robust real-world applicability.

Although the proposed retinal biometric identification system achieves high identification
accuracy and robustness, certain aspects require further investigation. Computational
efficiency remains an important consideration, especially for large-scale deployments or
resource-constrained environments. While inference latency t̄id is low, optimization of the
training process could improve scalability.

In addition, further validation on a wider range of retinal pathologies, including diabetic
retinopathy, glaucoma, and age-related macular degeneration, would enhance the clinical
relevance of the system. Variations observed in log-loss values Llog across datasets also
suggest differences in classification confidence, indicating the potential need for confidence
calibration techniques. Finally, robustness to real-world conditions, such as sensor variabil-
ity, environmental factors, and adversarial perturbations, remains an important direction
for future work.
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4.9 Conclusion

This chapter presents a comprehensive investigation of hyperparameter optimization
strategies for retinal biometric systems, emphasizing their critical role in achieving robust,
high-performance models. We explored multiple optimization methods, including Grid
Search, Random Search, Bayesian Optimization, and Covariance Matrix Adaptation
Evolution Strategy (CMA-ES), evaluating their effectiveness across six diverse datasets:
RIDB, ARIA, STARE, DRIVE, VARIA, and locally acquired retinal images. Among
these methods, CMA-ES consistently demonstrated superior performance, achieving near-
perfect identification accuracy A and stable convergence across datasets, while effectively
navigating high-dimensional and anisotropic loss landscapes.

Through detailed analysis, we observed that key hyperparameters, including learning rate
η, network size nneurons, and dropout pdropout, significantly influence convergence behavior
and model generalization. Datasets with smooth, well-conditioned loss surfaces favored
smaller learning rates and moderate regularization, allowing rapid convergence, whereas
more complex or irregular datasets required adaptive step sizes σ

(g)
step and covariance shaping

C(g) to efficiently explore the search space. Metrics derived from CMA-ES, such as final
step size σ

(g)
step and axis ratio γaxis, provided further insights into how the optimization

process adapts to dataset-specific characteristics, balancing exploration and exploitation
for consistent performance.

The advantages of this approach are clear. By integrating CMA-ES with deep learning
architectures, the framework achieves high identification accuracy, minimal validation loss
Lval, and computationally efficient inference t̄id. Adaptive hyperparameter tuning enhances
robustness across datasets with variable imaging conditions and structural differences,
reducing the risk of suboptimal convergence associated with static or grid-based search
methods. These results underscore the necessity of systematic and adaptive hyperparameter
optimization as a foundational component of reliable retinal biometric systems.

Nevertheless, certain limitations remain. Hyperparameter optimization, especially using
evolutionary strategies, is computationally intensive and requires multiple iterations,
which can constrain scalability in very large or highly dimensional search spaces. While
the proposed framework effectively addresses dataset heterogeneity and pathological
variations, hyperparameter tuning alone cannot inherently manage multiple concurrent
tasks or integrate complementary biometric modalities. These observations highlight the
importance of extending optimized architectures to more integrated frameworks capable
of multitask and multimodal learning.
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Chapter 5

Multitask Learning for Retinal Analy-
sis

5.1 Introduction

Fundus photography provides a non-invasive view of retinal structures, including the
vasculature, optic disc, and macula, making it an essential modality for diagnosing vision-
threatening diseases such as diabetic retinopathy, glaucoma, and age-related macular
degeneration. These disorders represent major causes of irreversible blindness worldwide,
and early detection is critical for effective clinical intervention and disease management.
Consequently, considerable research has focused on developing automated systems for
retinal image analysis. Traditional approaches relied on manual clinical interpretation
or handcrafted feature extraction, including measurements of vessel geometry, optic disc
morphology, and lesion-specific patterns. However, these techniques are often sensitive
to variations in imaging conditions such as illumination, acquisition devices, and camera
settings, while clinical assessment may also suffer from inter-observer variability. These
limitations have motivated the exploration of more robust data-driven approaches for
retinal image interpretation.

5.2 Deep Learning Revolution in Retinal Image Anal-
ysis

In recent years, deep learning has fundamentally transformed retinal image analysis by en-
abling models to learn hierarchical representations directly from raw images. Convolutional
neural networks and related architectures have demonstrated expert-level performance in
detecting retinal diseases, often approaching or surpassing human diagnostic accuracy in
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large-scale studies (Bilal et al., 2024; Iqbal et al., 2025). Nevertheless, real-world clinical
data introduce challenges beyond single-disease recognition. Fundus images frequently con-
tain multiple co-existing pathologies, subtle early-stage lesions, and considerable variability
in disease manifestation, resulting in complex multi-label classification problems. To ad-
dress these challenges, recent studies have introduced advanced architectural components,
including attention mechanisms for lesion localization (Yan et al., 2024), graph-based
models for capturing disease co-occurrence relationships (Sushith et al., 2025), and trans-
former architectures capable of modeling long-range contextual dependencies across retinal
structures (Rieck et al., 2025). Despite these advances, most existing research remains
primarily focused on pathology-centered objectives.

5.3 Retinal Fundus Imaging Beyond Diagnosis: Bio-
metric Recognition

Beyond disease detection, retinal fundus images also contain highly distinctive vascular
patterns that can serve as reliable biometric identifiers. Retinal biometrics offer several
advantages over conventional modalities such as fingerprints or facial recognition, as the
vascular structure is internal, stable, and difficult to replicate, providing strong resistance
to spoofing attacks. Early retinal recognition systems relied on two-stage pipelines in which
vessel segmentation, which was often performed using methods such as Frangi filtering or
U-Net architectures, was followed by graph-based matching or template comparison (Ochoa-
Astorga et al., 2024). Although effective, these pipelines are computationally intensive and
sensitive to segmentation errors. More recently, the field has transitioned toward end-to-
end deep learning approaches that learn discriminative biometric representations directly
from retinal images. Examples include CNN-based authentication systems (Aicha and
Eddine, 2024), multimodal biometric fusion strategies (Patil and Jagtap, 2020), template
protection mechanisms (Sadeghpour et al., 2023), and neural network–based biometric
key generation frameworks (Roy and Biswas, 2020). These developments highlight the
increasing maturity of retinal biometrics as a secure identification technology.

5.4 Privacy and Ethical Considerations

The ability of retinal images to simultaneously encode both biometric identity information
and clinically relevant biomarkers raises important ethical and privacy considerations.
Gim et al. (2025) argue that formally classifying retinal imaging as biometric data could
introduce restrictive regulatory barriers that may hinder biomedical research and biomarker
discovery. At the same time, recent studies demonstrate the extensive physiological
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information that can be extracted from retinal images, emphasizing the potential risk
of unintended identity inference or misuse of sensitive biometric attributes (Hu et al.,
2025). To mitigate these risks, privacy-preserving approaches such as RetinaGuard have
been proposed, which employ generative masking techniques to obscure identity-related
features while preserving diagnostically relevant retinal information (Luo et al., 2025).
These efforts highlight the need to balance technological innovation with responsible data
governance in retinal imaging research.

5.5 The Persistent Divide Between Diagnosis and
Biometrics

Despite rapid progress in automated pathology detection and retinal biometric recognition,
these two research domains have largely developed independently. Most existing systems
treat disease diagnosis and biometric identification as separate tasks, even though both
rely on the same anatomical structures. This separation introduces practical limitations:
pathological changes such as diabetic retinopathy may alter vascular structures and reduce
biometric identification accuracy. At the same time, diagnostic models that ignore identity-
specific variations may be less robust across diverse populations. These observations reveal
an important research gap and raise a fundamental question: can a unified framework
simultaneously exploit retinal structures for both identification and disease analysis?

5.6 Multitask Learning as a Unifying Paradigm

Multitask learning (MTL) offers a promising solution to this challenge by enabling a single
model to learn multiple related tasks simultaneously. By sharing representations across
tasks, MTL can improve generalization, reduce overfitting, and enhance computational
efficiency through inductive knowledge transfer (Zhang and Yang, 2021). In medical
imaging, multitask frameworks have demonstrated strong performance in applications such
as joint segmentation and classification, where anatomical localization improves diagnostic
accuracy (Ling et al., 2023; Huang et al., 2023), as well as simultaneous detection of
multiple lesion types within a unified architecture (Hervella et al., 2022). In ophthalmology,
multitask models have been applied to tasks such as joint optic disc and optic cup
segmentation for glaucoma analysis (Iqbal et al., 2025) or combined lesion detection and
disease grading. However, existing multitask approaches remain largely restricted to
diagnostic objectives and have rarely explored integrating biometric identification with
pathological analysis.
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5.7 Contributions of This Work

To address this gap, this thesis proposes a unified multitask deep learning framework capable
of simultaneously performing retinal biometric identification and pathology classification
from fundus images. The central hypothesis is that a shared representation can capture
both the fine-grained vascular patterns necessary for identity discrimination and the
broader morphological features associated with retinal disease. The proposed architecture
integrates two complementary backbone networks, ResNet-152 and DenseNet-201, to
exploit both hierarchical and densely connected feature representations. These features are
further enhanced using Convolutional Block Attention Modules (CBAM) and a Selective
Feature Aggregation (SFA) mechanism to emphasize task-relevant retinal regions. The
network produces two specialized output branches: an embedding-based head for biometric
verification and a sigmoid-based head for pathology classification.

5.8 Materials and Methods

This section describes the proposed unified multitask deep learning framework for retinal
biometric identification and pathology classification. It details the data preprocessing
pipeline, architectural design, optimization strategy, and evaluation protocol. The frame-
work is designed to be robust, reproducible, and generalizable across heterogeneous clinical
datasets with varying acquisition conditions and annotation standards.

To validate the proposed approach, experiments were conducted on three publicly avail-
able retinal fundus datasets: 39-CAS, ODIR-2019, and FIVES. These datasets differ
substantially in pathology prevalence, labeling protocols, image quality, and class balance,
providing a realistic benchmark for evaluating system robustness. This multi-dataset
experimental design ensures that the framework generalizes beyond any single curated
dataset. Experimental results confirm that joint learning consistently outperforms single-
task baselines, demonstrating the mutual benefit of simultaneously optimizing biometric
and pathological objectives.
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Figure 5.1. Unified multitask learning framework for simultaneous retinal biometric identifica-
tion and pathology classification.

5.8.1 Data Preprocessing and Augmentation

All retinal fundus images underwent a standardized preprocessing pipeline to ensure
spatial and intensity consistency. Images were resized to 128×128 pixels for efficient batch
processing, and pixel intensities were normalized to the [0,1] range to reduce inter-device
variability.

To enhance generalization while preserving anatomical structures , a comprehensive data
augmentation strategy was applied. Ggeometric transformations were applied to simulate
natural variability in eye positioning and camera orientation:

• Random rotations ϕ ∈ [−10◦, +10◦], modeling minor acquisition angle deviations.

• Horizontal flipping with probability pflip = 0.5, exploiting the approximate bilateral
symmetry of retinal anatomy.

• Small translations ∆x, ∆y ≤ 0.05×H, accounting for capture misalignment.

• Mild zooming with scaling factors szoom ∈ [1.0, 1.15], simulating variations in field-of-
view and optical magnification.

To capture differences in imaging conditions and sensor characteristics, photometric
transformations were applied:

• Brightness adjustments ∆b ∈ [−0.1, +0.1], compensating for under- or overexposure

• Contrast variations ∆c ∈ [−0.1, +0.1], modeling differences in vessel and lesion visibility

• Gamma correction γ ∈ [0.9, 1.1], simulating non-linear intensity distortions
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All augmentations were applied offline, generating Naug = 6 additional synthetic samples
per original image. This strategy significantly increased the effective training set size while
maintaining anatomical plausibility. The resulting dataset sizes were:

• 39-CAS: Ntotal = 7, 000 images

• FIVES: Ntotal = 5, 600 images

• ODIR-2019: Ntotal = 70, 000 images

Collectively, this preprocessing and augmentation framework mitigates overfitting, improves
generalization, and ensures that both biometric and pathological features are preserved
in a clinically realistic manner. It establishes a robust foundation for the subsequent
dual-backbone feature extraction and multitask learning stages.

5.8.2 Proposed Unified Multitask Architecture

The proposed framework jointly performs retinal biometric identification and multi-label
pathology classification within a single end-to-end trainable network. The design is moti-
vated by the observation that both tasks depend on the same anatomical substrate—retinal
vascular and structural patterns. The architecture therefore learns a shared representation
capable of encoding both identity-discriminative vascular topology and pathology-related
morphological features. As illustrated in Figure 5.1, the network comprises four main
components: (i) dual-backbone feature extraction, (ii) attention-based feature refinement,
(iii) shared representation learning, and (iv) task-specific output heads.

Dual-Backbone Feature Extraction

Feature extraction is performed using a dual-backbone architecture combining ResNet-
152 and DenseNet-201 in parallel. This design captures complementary information:
hierarchical semantic abstraction through residual learning and dense feature reuse through
dense connectivity.The framework presented in Figure 5.2.
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Figure 5.2. Dual-backbone feature extraction module for the proposed multitask retinal analysis
system.

• ResNet-152 emphasizes hierarchical abstraction through residual connections:

y = F(x, W) + x (5.8.1)

where x represents the input feature map, F denotes the residual mapping with weights
W, and y is the output of the block. This formulation facilitates effective gradient
propagation during backpropagation and enables stable optimization of very deep
networks. Within the context of retinal analysis, the progressive increase in receptive
field size across layers allows the network to integrate information across the entire
retinal image. Early layers capture vessel edges and local texture, intermediate layers
encode vascular arcades and optic disc contours, and deeper layers integrate high-level
anatomical structure. For a 128 × 128 × 3 input, the final convolutional output is
FResNet ∈ R4×4×2048.

• DenseNet-201 employs dense connectivity where each layer receives the concatenation
of all preceding feature maps:

xl = Hl([x0, x1, . . . , xl−1]) (5.8.2)

where [·] denotes channel-wise concatenation and Hl represents a composite transfor-
mation consisting of batch normalization, ReLU activation, and convolution. This
dense connectivity pattern ensures that low-level features remain directly accessible
throughout the network depth, promoting feature reuse and strengthening gradient
flow. For the same input resolution, DenseNet-201 produces a final convolutional
feature map FDenseNet ∈ R4×4×2048.

After extracting features from both backbones, the resulting tensors are ready for in-
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tegration. The direct concatenation of the two 2048-channel feature maps produces a
4096-channel tensor, substantially increasing computational cost and potentially intro-
ducing representational imbalance. To address this, 1× 1 convolutional projection layers
reduce the channel dimension from Cin = 2048 to Cproj = 256. For a given feature tensor
F ∈ R4×4×2048, the projection operation computes:

F̂i,j,k = σReLU

(2048∑
c=1

Wk,cFi,j,c + bk
)

(5.8.3)

where W ∈ R256×2048 denotes learnable weights, b ∈ R256 represents biases, and σReLU is the
ReLU activation function. This transformation compresses the channel dimension from 2048
to 256 while preserving spatial resolution, yielding projected tensors PR, PD ∈ R4×4×256.
This projection preserves spatial resolution while reducing computational complexity.

Following projection, feature integration is performed using a Selective Feature Aggregation
mechanism based on a trainable scalar parameter αfusion. The fused representation is
defined as:

FFused = αfusionPR + (1− αfusion)PD (5.8.4)

where α is initialized to 0.5 and optimized jointly with all network parameters, dynamically
adjusting the relative contribution of each backbone.

Attention-Based Feature Refinement and Aggregation

The fused feature representation is refined using the Convolutional Block Attention Module
(CBAM), which sequentially applies channel and spatial attention to emphasize informative
features. The overall process is illustrated in Figure 5.3.

Figure 5.3. Attention-Based Feature Refinement and Aggregation process.
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Channel Attention Module. The channel attention (CA) mechanism computes a
weight for each feature channel, capturing its relative importance. The computation is
performed using both global average pooling (GAP) and global max pooling (GMP) across
spatial dimensions to encode complementary global descriptors:

zavg = GAP(Ffused) ∈ R256, zmax = GMP(Ffused) ∈ R256 (5.8.5)

These descriptors are passed through a shared multi-layer perceptron (MLP) with one
hidden layer to compute channel attention weights:

Mc = σsig (MLP(zavg) + MLP(zmax)) ∈ R256 (5.8.6)

where σsig denotes the sigmoid activation function. The channel-refined feature tensor is
then computed as:

F′ = Mc ⊙ Ffused (5.8.7)

where ⊙ denotes element-wise multiplication. This operation reweights channels according
to their relevance, enhancing features associated with vascular patterns for biometric
identification or lesion textures for pathology classification.

Spatial Attention Module. Following channel refinement, the spatial attention (SA)
mechanism highlights important locations within the feature map. Spatial attention uses
channel-wise pooling (average and max) to condense the feature map into two 2D maps:

Fs
avg = 1

256

256∑
c=1

F′
c, Fs

max = max
c=1,...,256

F′
c (5.8.8)

These maps are concatenated and convolved with a 7× 7 kernel to compute the spatial
attention map:

Ms = σsig
(
f 7×7([Fs

avg, Fs
max])

)
∈ RH×W (5.8.9)

where [·] denotes concatenation along the channel dimension. The final spatially-refined
feature map is:

F′′ = Ms ⊙ F′ (5.8.10)

This process enables the network to focus on the diagnostically salient regions, ensuring
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that fine-grained microvascular and lesion-level features are emphasized while irrelevant
retinal background is suppressed.

Selective Feature Aggregation. After attention refinement, the feature maps are
aggregated to produce a task-adaptive unified representation. This module applies trainable
channel-wise and spatial weights to balance contributions from different regions and feature
maps. Unlike static concatenation, selective aggregation allows the network to adaptively
emphasize features depending on the current task gradient:

Fagg = βattnF′′ + (1− βattn)Ffused (5.8.11)

where βattn is a trainable scalar parameter that dynamically regulates the contribution of
the attention-refined representation relative to the original fused features. By learning this
coefficient during optimization, the network acquires the capacity to adaptively balance
refinement and preservation. This formulation is particularly important in a multitask
setting, where excessive emphasis on attention-weighted activations could potentially
suppress subtle but identity-discriminative vascular cues. Conversely, insufficient attention
weighting might reduce sensitivity to localized pathological manifestations. The learnable
aggregation mechanism therefore ensures architectural flexibility, enabling the model to
retain residual structural information essential for biometric recognition while simulta-
neously benefiting from attention-guided enhancement of pathology-relevant features.An
overview of the proposed process is presented in Figure 5.4.

Figure 5.4. Selective Feature Aggregation process.
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Shared Representation Learning

The objective of this stage is to transform the refined features into a compact latent
embedding that jointly supports biometric identification and pathology classification.
The aggregated feature map Fagg ∈ R256×4×4 is subsequently reduced via Global Average
Pooling (GAP) to a feature vector:

z = GAP (Fagg) ∈ R256. (5.8.12)

This vector is transformed through a fully connected layer with dshared = 512 neurons,
followed by batch normalization, ReLU activation, and dropout (pdropout = 0.5), yielding
the shared latent representation h ∈ R512.

The shared embedding is optimized under a weighted multitask loss:

Ltotal = λidLid + λpathLpath (5.8.13)

where Lid is identity classification loss (categorical cross-entropy), Lpath is pathology
classification loss (binary cross-entropy), and λid = 0.5, λpath = 1.0 are task weighting
coefficients.A schematic representation of the overall framework is provided in Figure 5.5.

Figure 5.5. Shared Representation Learning Stage.

Task-Specific Output Heads

From the shared representation h, two specialized output heads produce task-specific
predictions.

For biometric identification, a fully connected layer with softmax activation outputs
identity probabilities:

ŷid = softmax(Widh + bid) (5.8.14)

where Wid ∈ RNid×512 and Nid is the number of enrolled identities.
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For pathology classification, independent sigmoid-activated neurons handle l prediction:

ŷpath = σsig(Wpathh + bpath) (5.8.15)

where Wpath ∈ RNpath×512 and Npath is the number of pathology classes.

Both branches are trained jointly through the combined loss objective Ltotal, ensuring that
gradients from identity discrimination and pathology recognition collectively shape the
shared feature space. This dual supervision encourages the network to learn representations
that are simultaneously discriminative for biometric purposes and sensitive to clinically
relevant morphological variations.The workflow of this step is illustrated in Figure 5.6.

Figure 5.6. Task-Specific Output Heads Step.

5.8.3 Training Protocol

Prior to training, a stratified K-fold data partitioning strategy is employed to ensure a
balanced and representative split of the dataset across all classes. Specifically, the data is
divided using a stratified 80%–20% split, where class distributions are preserved in both
subsets. The 80% portion is used for model training, while the remaining 20% is reserved
for independent testing. This stratification ensures that both training and testing sets
maintain consistent class proportions, thereby reducing sampling bias and improving the
reliability of performance evaluation.

The model is trained using the Adamax optimizer (β1 = 0.9, β2 = 0.999) with a two-stage
fine-tuning strategy. In the first stage (epochs 1–500), backbone layers remain frozen
while newly introduced layers are trained with learning rate η = 10−3. In the second
stage (epochs 501–1000), the final convolutional layers of each backbone are unfrozen and
learning rate is reduced to η = 10−4. Learning rate scheduling reduces η by factor γ = 0.5
if no improvement occurs for 8 epochs.

To mitigate class imbalance, particularly in pathology classification, sample weights are
computed as:
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wk = N

K ·Nk

(5.8.16)

where N is the total number of samples, K is the number of classes, and Nk represents
the number of samples in class k.

To prevent overfitting and stabilize training in the high-capacity dual-backbone architecture,
several regularization techniques are employed, including L2 weight decay with coefficient
λwd = 10−4, dropout layers with rates pdropout = 0.5, 0.4, and 0.3 at different stages, and
batch normalization. Model checkpoints are saved based on validation performance for
pathology classification to ensure reproducible and stable outcomes.

Training is conducted with a batch size of B = 8 images per iteration. The multitask
loss is weighted with λid = 0.5 for biometric identification and λpath = 1.0 for pathology
classification, reflecting the relative importance of each task. Collectively, this protocol
provides a stable and reproducible learning framework, preserving discriminative vascular
features while maintaining sensitivity to disease-related morphological variations, enabling
the unified network to perform effectively across both tasks.

5.9 Results and Discussion

The proposed multitask framework was evaluated on three public datasets: ODIR-2019 (8
classes), 39-CAS (39 classes), and FIVES (4 classes). This multi-dataset design ensures
evaluation across diverse clinical scenarios.

5.9.1 Results on ODIR-2019 Dataset

The ODIR-2019 dataset comprises fundus images from both left and right eyes of patients,
with annotations covering Npath = 8 diagnostic categories: Normal, Diabetic Retinopathy
(DR), Glaucoma, Cataract, Age-related Macular Degeneration (AMD), Hypertension,
Myopia, and Other Diseases. This dataset presents a challenging multi-label classification
scenario where multiple conditions may co-exist within the same patient.

Pathology Classification Performance

The results presented in Table 5.1 demonstrate strong overall performance of the proposed
model on the ODIR-2019 dataset. The system achieves high precision (0.95 micro, 0.97
macro), indicating that most predicted disease labels correspond to correct diagnoses with
very few false positives. The recall value of 0.88 suggests that the majority of pathological
cases are successfully detected, although a small proportion of positive instances may
remain undetected.
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The resulting F1-scores (0.91 micro and 0.92 macro) reflect a well-balanced trade-off
between precision and recall across different disease categories. The overall accuracy of 0.853
confirms reliable multi-label classification performance at the image level. Furthermore,
the low Hamming Loss of 0.024 indicates that only a small fraction of label assignments
are incorrect, highlighting the stability of the multi-label predictions.

Finally, the very high macro ROC-AUC value of 0.993 demonstrates excellent discrim-
inative capability, showing that the model can effectively separate pathological and
non-pathological conditions. Overall, these results confirm the robustness and reliability
of the proposed framework for retinal pathology classification on the ODIR-2019 dataset.

Table 5.1. Overall Evaluation Metrics on ODIR-2019

Metric A Pmicro Pmacro Rmicro Rmacro F1micro F1macro LH AUCmacro

Value 0.95 0.88 0.91 0.97 0.88 0.92 0.853 0.024 0.993

Per-class analysis (Table 5.2) indicates very strong classification performance across most
retinal conditions. Cataract and Myopia achieve near-perfect results (F1 = 0.99–1.00),
reflecting highly reliable detection. Glaucoma (F1 = 0.94) and the Normal class (F1 =
0.93) also demonstrate strong predictive accuracy. Diabetic Retinopathy (F1 = 0.89)
and Age-related Macular Degeneration (AMD) (F1 = 0.91) exhibit high precision but
comparatively lower recall (0.81–0.84), suggesting that some cases, particularly in early
stages, may remain undetected. Hypertension presents the lowest performance (F1 =
0.83), which may be attributed to the limited representation of this class and the similarity
of its vascular features to other retinal conditions.

Table 5.2. Per-Class Pathology Classification Results on ODIR-2019

Class P R F1

Normal 0.91 0.94 0.93
Diabetic Retinopathy 0.97 0.81 0.89
Glaucoma 0.99 0.90 0.94
Cataract 0.99 0.99 0.99
AMD 1.00 0.84 0.91
Hypertension 0.96 0.73 0.83
Myopia 1.00 0.99 1.00
Other Diseases 0.95 0.87 0.90
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Biometric Identification Performance

Table 5.3 presents the biometric identification results on the ODIR-2019 dataset. The
model achieves an identification accuracy Aid = 0.9898, with F1-score F1 = 0.9897. The
Genuine Accept Rate GAR = 0.9898, while both the False Reject Rate FRR and False
Accept Rate FAR are 0.0102. These results indicate that the model reliably extracts
discriminative features for individual identification from retinal fundus images. The high
precision and recall values further demonstrate that the model maintains a near-perfect
balance between correctly accepting genuine identities and rejecting impostors, highlighting
the feasibility of integrating retinal biometrics for secure authentication.

Table 5.3. Biometric Identification Results on ODIR-2019

Metric Aid P R F1 GAR FRR FAR

Value 0.9898 0.9930 0.9898 0.9897 0.9898 0.0102 0.0102

5.9.2 Results on 39-CAS Dataset

The 39-CAS dataset represents a significantly more fine-grained and clinically diverse
benchmark, comprising Npath = 39 retinal pathology categories, including vascular disor-
ders, optic disc abnormalities, macular diseases, degenerative conditions, inflammatory
pathologies, and rare retinal syndromes. In addition, the dataset includes Nid = 502
identity classes, making it a comprehensive evaluation platform for the proposed unified
multitask framework. Compared to ODIR-2019, 39-CAS introduces higher granularity and
greater inter-class similarity, particularly among disease subtypes and progressive stages.

Pathology Classification Performance

The results in Table 5.4 demonstrate exceptionally strong classification performance on the
39-CAS dataset. The model achieves very high overall accuracy (0.9953), indicating that
nearly all labels are correctly predicted. The micro-averaged precision, recall, and F1-score
are identical (0.9953), reflecting highly consistent predictions across the dataset. Slightly
lower macro precision (0.9769) and recall (0.9701) suggest minor variation between classes,
although performance remains uniformly high. The extremely low Hamming Loss (0.0002)
indicates that incorrect label assignments are extremely rare, while the macro ROC-AUC
of 1.0000 confirms excellent class separability. Overall, these results demonstrate that the
proposed framework provides highly accurate and reliable pathology classification on the
39-CAS dataset.
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Table 5.4. Overall Evaluation Metrics on 39-CAS

Metric A Pmicro Pmacro Rmicro Rmacro F1micro F1macro LH AUCmacro

Value 0.9953 0.9953 0.9769 0.9953 0.9701 0.9953 0.9953 0.0002 1.0000

The per-class analysis on the 39-CAS dataset provides detailed insight into the classification
performance across different retinal pathology groups.

Normal and Baseline Categories. Table 5.5 presents the classification results for
Normal and baseline retinal categories. Both the Normal and Tessellated fundus classes
achieved perfect precision, recall, and F1-scores (1.0000), indicating flawless identification
of normal retinal structures without false positives or false negatives. This demonstrates
that the model effectively captures physiological retinal features and can reliably distinguish
them from pathological patterns.

The Large optic cup class showed slightly lower, yet still excellent performance (P =
R = F1 = 0.9833). The minor reduction in metrics is likely due to its subtle structural
similarity with early glaucomatous changes, which can introduce slight ambiguity in feature
boundaries. Despite this, the results confirm the robustness and clinical reliability of the
proposed framework in establishing a strong baseline for retinal classification.

Table 5.5. Classification Performance for Normal / Baseline Categories on 39-CAS

Class P R F1

Normal 1.0000 1.0000 1.0000
Tessellated fundus 1.0000 1.0000 1.0000
Large optic cup 0.9833 0.9833 0.9833

Diabetic Retinopathy Categories. Table 5.6 presents the classification results for
the various Diabetic Retinopathy (DR) categories on the 39-CAS dataset. All DR classes
achieved exceptionally high precision, recall, and F1-scores, ranging from 0.9832 to 1.0000,
indicating near-perfect identification of DR severity levels without significant false positives
or false negatives.

Specifically, DR1 reached perfect performance (P = R = F1 = 1.0000), demonstrating
that the model can accurately identify mild DR cases. DR2 and DR3 also exhibited
excellent results (F1 = 0.9832 and 0.9958, respectively), showing reliable detection of
moderate to severe DR stages. The blurred fundus categories, both without PDR and
with suspected PDR, maintained similarly high performance (F1 = 0.9959 and 0.9958),
reflecting the model’s robustness to imaging artifacts and its ability to extract meaningful
features even in challenging conditions.
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Table 5.6. Classification Performance for Diabetic Retinopathy Categories on 39-CAS

Class P R F1

DR1 1.0000 1.0000 1.0000
DR2 0.9832 0.9832 0.9832
DR3 0.9917 1.0000 0.9958
Blur fundus without PDR 0.9917 1.0000 0.9959
Blur fundus with suspected PDR 1.0000 0.9916 0.9958

Glaucoma and Optic Nerve–Related Pathologies. Table 5.7 presents the classifica-
tion performance for glaucoma and optic nerve–related pathologies on the 39-CAS dataset.
The results demonstrate excellent accuracy across all classes, with F1-scores ranging from
0.9872 to 1.0000.

The Possible glaucoma class achieved perfect precision (1.0000) and slightly lower recall
(0.9748), indicating a very small number of false negatives. Conversely, Optic atrophy
showed perfect recall (1.0000) and slightly lower precision (0.9756), suggesting minimal
false positives. All other classes, including Disc swelling and elevation, Dragged
disc, Congenital disc abnormality, and Myelinated nerve fiber, reached perfect
or near-perfect F1-scores (≥ 0.9958), demonstrating the model’s ability to capture subtle
anatomical variations and pathological features in the optic nerve.

Table 5.7. Classification Performance for Glaucoma and Optic Nerve–Related Pathologies on
39-CAS

Class P R F1

Possible glaucoma 1.0000 0.9748 0.9872
Optic atrophy 0.9756 1.0000 0.9877
Disc swelling and elevation 1.0000 1.0000 1.0000
Dragged disc 1.0000 1.0000 1.0000
Congenital disc abnormality 0.9917 1.0000 0.9958
Myelinated nerve fiber 1.0000 1.0000 1.0000

Retinal Vascular Diseases. Table 5.8 presents the classification performance for
retinal vascular diseases on the 39-CAS dataset. All vascular pathology classes achieved
exceptionally high precision, recall, and F1-scores, ranging from 0.9916 to 1.0000, indicating
very reliable detection of diverse vascular abnormalities.

The BRVO class achieved near-perfect performance (F1 = 0.9917), while CRVO and
Preretinal hemorrhage reached perfect scores (F1 = 1.0000), demonstrating the model’s
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ability to accurately detect both branch and central retinal vein occlusions as well as
hemorrhagic events. Similarly, RAO showed slightly lower recall (0.9833), suggesting
minimal false negatives, whereas vessel tortuosity and severe hypertensive retinopathy
were detected with near-perfect F1-scores (0.9959).

Table 5.8. Classification Performance for Retinal Vascular Diseases on 39-CAS

Class P R F1

BRVO 0.9917 0.9917 0.9917
CRVO 1.0000 1.0000 1.0000
RAO 1.0000 0.9833 0.9916
Vessel tortuosity 0.9917 1.0000 0.9959
Severe hypertensive retinopathy 0.9917 1.0000 0.9959
Preretinal hemorrhage 1.0000 1.0000 1.0000

Macular and Peripheral Retinal Disorders. Table 5.9 presents the classification
performance for macular and retinal disorders on the 39-CAS dataset. Overall, the model
achieved high precision, recall, and F1-scores, ranging from 0.9833 to 1.0000, demonstrating
reliable detection of a wide spectrum of macular and retinal pathologies.

The ERM and Chorioretinal atrophy / coloboma classes reached perfect scores
(F1 = 1.0000), indicating flawless identification. Other classes, including Maculopathy
(F1 = 0.9833), MH (F1 = 0.9916), CSCR (F1 = 0.9959), and Pathological myopia
(F1 = 0.9958), also showed near-perfect performance, with only minor false positives or
negatives. The slightly lower F1 for Rhegmatogenous RD (0.9874) may be due to
subtle structural variability in retinal detachment presentations.

Table 5.9. Classification Performance for Macular & Retinal Disorders on 39-CAS

Class P R F1

Maculopathy 0.9833 0.9833 0.9833
ERM 1.0000 1.0000 1.0000
MH 1.0000 0.9833 0.9916
CSCR 0.9917 1.0000 0.9959
VKH disease 0.9917 1.0000 0.9959
Pathological myopia 1.0000 0.9917 0.9958
Rhegmatogenous RD 0.9916 0.9833 0.9874
Chorioretinal atrophy / coloboma 1.0000 1.0000 1.0000
Peripheral retinal degeneration and break 0.9917 1.0000 0.9959
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Retinal Dystrophies and Deposits. Table 5.10 summarizes the classification perfor-
mance for retinal dystrophies and deposits on the 39-CAS dataset. Overall, the model
achieved very high precision, recall, and F1-scores, ranging from 0.9791 to 1.0000, indicating
highly reliable detection of both inherited and acquired retinal abnormalities.

The classes Retinitis pigmentosa, Bietti crystalline dystrophy, Massive hard
exudates, and Cotton-wool spots all reached perfect F1-scores (1.0000), demonstrating
flawless identification. The Yellow-white spots / flecks class showed slightly lower F1
(0.9791), likely due to the subtle and scattered nature of these deposits, which can create
minor ambiguity in feature boundaries.

Table 5.10. Classification Performance for Retinal Dystrophies & Deposits on 39-CAS

Class P R F1

Retinitis pigmentosa 1.0000 1.0000 1.0000
Bietti crystalline dystrophy 1.0000 1.0000 1.0000
Massive hard exudates 1.0000 1.0000 1.0000
Yellow-white spots / flecks 0.9832 0.9750 0.9791
Cotton-wool spots 1.0000 1.0000 1.0000

Other Retinal Conditions. Table 5.11 presents the classification performance for
other retinal conditions on the 39-CAS dataset. Overall, the model achieved exceptionally
high precision, recall, and F1-scores, ranging from 0.9958 to 1.0000, demonstrating highly
reliable detection across a diverse set of less common retinal conditions.

The classes Vitreous Particles, Laser Spots, and Silicon Oil in Eye reached perfect F1-
scores (1.0000), indicating flawless identification. The Fundus Neoplasm and Fibrosis
classes showed slightly lower F1-scores (0.9958 and 0.9959, respectively), likely due to
minor variability in lesion appearance, yet still reflecting excellent detection performance.

Table 5.11. Classification Performance for Other Retinal Conditions on 39-CAS

Class P R F1

Fundus Neoplasm 1.0000 0.9917 0.9958
Vitreous Particles 1.0000 1.0000 1.0000
Fibrosis 0.9917 1.0000 0.9959
Laser Spots 1.0000 1.0000 1.0000
Silicon Oil in Eye 1.0000 1.0000 1.0000
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Biometric Identification Performance

Table 5.12 summarizes the biometric identification performance on the 39-CAS dataset.
The model achieved an accuracy of 87.11% (Aid = 0.8711), indicating a high success
rate in correctly identifying individual subjects. Precision (0.8491) and recall (0.8711)
are similarly high, yielding an F1-score of 0.8527, which reflects a balanced performance
between correctly identifying true matches and avoiding false positives.

The Genuine Accept Rate (GAR) matches the accuracy at 0.8711, while both the False
Reject Rate (FRR) and False Accept Rate (FAR) are 0.1289, indicating low error rates in
rejecting genuine identities or accepting impostors.

Table 5.12. Biometric Identification Performance Metrics on 39-CAS

Metric Aid P R F1 GAR FRR FAR

Value 0.8711 0.8491 0.8711 0.8527 0.8711 0.1289 0.1289

5.9.3 Results on FIVES Dataset

The FIVES (Fundus Image Vessel Segmentation) dataset was originally developed for
retinal vessel segmentation tasks. In this study, it is repurposed to assess the generalization
capability of the proposed unified multitask framework. The dataset covers a broad
demographic range (ages 4–83) and includes a variety of retinal conditions, specifically
Age-related Macular Degeneration (AMD), Diabetic Retinopathy (DR), Glaucoma (G),
and Normal (N) fundus images without diagnosed ocular disease. Furthermore, the images
encompass diverse quality degradations, including illumination distortions, blur, and
contrast variations, making the dataset particularly suitable for evaluating the model’s
robustness and stability under realistic clinical conditions.

Pathology Classification Performance

Table 5.13 presents the overall performance of the proposed unified multitask framework
on the FIVES dataset for pathology classification. The model achieved a high overall
accuracy of 0.9733 (A), demonstrating its ability to correctly classify the majority of
retinal images across diverse conditions.

Both micro- and macro-averaged precision (Pmicro = 0.9733, Pmacro = 0.9759) and recall
(Rmicro = 0.9700, Rmacro = 0.9683) are consistently high, indicating that the model performs
well both overall and across individual classes, effectively balancing performance for
frequent and less-represented pathologies. The corresponding F1-scores (F1micro = 0.9700,
F1macro = 0.9699) further confirm a strong trade-off between precision and recall.
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Additionally, the low hierarchical loss (LH = 0.0150) suggests that the model respects the
structured relationships between different pathology classes, while the macro-averaged
AUC of 0.9982 demonstrates near-perfect discriminative ability across all categories.

Table 5.13. Overall Pathology Classification Performance on FIVES

Metric A Pmicro Pmacro Rmicro Rmacro F1micro F1macro LH AUCmacro

Value 0.9733 0.9733 0.9759 0.9700 0.9683 0.9700 0.9699 0.0150 0.9982

Table 5.14 presents the per-class classification performance of the proposed unified multitask
framework on the FIVES dataset. The results indicate consistently high performance
across all retinal categories.

The Age-related Macular Degeneration (AMD) class achieved precision of 0.9555, recall of
0.9667, and F1-score of 0.9508, reflecting highly accurate detection of AMD cases. Diabetic
Retinopathy (DR) was classified with precision 0.9557, recall 0.9733, and F1-score 0.9434,
indicating slightly higher sensitivity but a minor reduction in overall balance. Glaucoma
(G) showed precision 0.9550, recall 0.9333, and F1-score 0.9441, suggesting that while most
glaucoma cases were correctly identified, a small fraction of false negatives occurred. The
Normal (N) class achieved precision 0.9579, recall 0.9600, and F1-score 0.9539, confirming
reliable recognition of healthy fundus images.

Table 5.14. Per-Class Pathology Classification Report on FIVES

Class P R F1

A (AMD) 0.9555 0.9667 0.9508
D (DR) 0.9557 0.9733 0.9434
G (Glaucoma) 0.9550 0.9333 0.9441
N (Normal) 0.9579 0.9600 0.9539

Biometric Identification Performance

Table 5.15 summarizes the biometric identification performance of the proposed framework
on the FIVES dataset. The model achieved an accuracy of 92.33% (Aid = 0.9233), demon-
strating strong ability to correctly identify individual subjects across diverse demographic
and pathological conditions.

Precision (0.9301) and recall (0.9233) are both high, resulting in an F1-score of 0.9171,
which indicates a balanced trade-off between correctly recognizing true identities and
minimizing false matches. The Genuine Accept Rate (GAR) of 0.9233 further confirms
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reliable recognition of genuine subjects, while the False Reject Rate (FRR) and False
Accept Rate (FAR) of 0.0767 reflect low misidentification rates.

Table 5.15. Biometric Identification Performance on FIVES

Metric Aid P R F1 GAR FRR FAR

Value 0.9233 0.9301 0.9233 0.9171 0.9233 0.0767 0.0767

5.9.4 Comparative Discussion Across Datasets

The proposed unified multitask framework demonstrates robust performance across the
ODIR-2019, 39-CAS, and FIVES datasets, despite substantial differences in dataset scale,
annotation protocols, and clinical characteristics. Classification performance remains
consistently high across all datasets. On ODIR-2019, the framework achieves strong micro-
and macro-averaged F1 scores (F1micro ≈ 0.91, F1macro ≈ 0.92) and a high macro-AUC
(AUCmacro = 0.993), confirming reliable multi-label discrimination in complex clinical
scenarios with co-existing diseases. On 39-CAS, near-perfect fine-grained classification is
observed (A = 0.9953, AUCmacro = 1.0000), highlighting the model’s ability to distinguish
closely related retinal disease subtypes. On FIVES, classification performance remains high
(A = 0.9733, F1macro ≈ 0.9699, AUCmacro = 0.9982), demonstrating strong generalization
despite heterogeneous image quality and the dataset’s original focus on vessel segmentation.
Minimal differences between micro- and macro-averaged metrics indicate stable per-class
performance and effective mitigation of class imbalance.

Identification performance is consistently strong, with expected variability influenced by
the number of identity classes and inter-subject similarity. Accuracy is near-perfect on
ODIR-2019 (Aid = 0.9898), lower on 39-CAS (Aid = 0.8711) due to an increased number
of identities and finer inter-subject similarity, and improved on FIVES (Aid = 0.9233),
reflecting dataset characteristics. Observed trends in the False Accept Rate (FAR) and
False Reject Rate (FRR) are consistent with these patterns. These results align with typical
biometric system behavior, indicating that identity complexity modulates recognition
performance while maintaining overall robustness.

The analysis confirms that the shared retinal feature representation supports both pathology
classification and identity recognition without performance compromise. The framework
effectively captures disease-specific morphological variations alongside individual-specific
vascular micro-patterns, enabling dual clinical and biometric functionality.

The experimental findings demonstrate that the proposed framework is robust, gener-
alizable, and clinically applicable, achieving high pathology detection (A ≥ 0.973) and
strong biometric identification (Aid ≥ 0.871) across diverse datasets. These results validate
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retinal fundus imaging as a highly discriminative modality capable of supporting integrated
diagnostic and biometric applications within a single deep learning architecture.

Figure 5.7. Comparative pathology classification performance across ODIR-2019, 39-CAS, and
FIVES datasets.

Figure 5.8. Comparative biometric identification performance across ODIR-2019, 39-CAS, and
FIVES datasets.

The bar charts illustrate the unified multitask framework’s performance across the three
datasets. For pathology classification, ODIR-2019 exhibits slightly lower accuracy and
macro F1 due to its multi-label nature, whereas 39-CAS achieves near-perfect fine-grained
discrimination. FIVES demonstrates strong generalization, maintaining high metrics
despite heterogeneous image quality.
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For biometric identification, ODIR-2019 achieves near-perfect accuracy with minimal FAR
and FRR. Performance decreases on 39-CAS due to the larger number of identities and
finer inter-subject similarity, while FIVES shows intermediate performance, reflecting a
balance between dataset consistency and subject diversity.

5.9.5 Comparative Analysis with State-of-the-Art Methods

To evaluate the effectiveness of the proposed unified multitask framework, its performance
is compared with several state-of-the-art approaches in retinal pathology classification
and retinal biometric identification. These comparisons are based on published results
obtained from fundus photography datasets. The objective is to assess how the proposed
framework performs relative to existing solutions while highlighting its unique capability
of simultaneously addressing diagnostic and biometric tasks within a single architecture.

Pathology Classification Performance

Table 5.16 presents a comparative evaluation of the proposed method against recent state-
of-the-art approaches for retinal pathology classification using fundus photography datasets
with varying complexity and number of classes. The results highlight clear performance
differences across datasets and classification settings.

Cen et al. Cen et al. (2021) achieved 92.62% accuracy on the 39-CAS dataset, which
contains 39 classes, demonstrating the difficulty of large-scale multi-class retinal disease
classification. In comparison, Alqassab et al. Alqassab et al. (2026) reported a higher accu-
racy of 94.00% on the OIA-ODIR dataset with 8 classes, indicating improved performance
in multi-label retinal disease recognition when leveraging enhanced feature extraction and
training strategies. Similarly, Ray et al. Ray et al. (2026) obtained 91.60% accuracy on
the FIVES dataset, reflecting competitive but still limited performance in general retinal
pathology classification.

In contrast, the proposed method demonstrates strong and consistent performance across
all evaluated datasets. It achieves 85.30% accuracy on the OIA-ODIR dataset, which is
comparable to existing results considering the multi-label complexity of the task. More
importantly, it significantly outperforms prior methods on more challenging settings,
reaching 99.53% accuracy on the 39-CAS dataset with 39 classes, and 97.33% accuracy on
the FIVES dataset.

These results indicate that the proposed framework is particularly effective in handling
large-scale and fine-grained retinal classification problems. The substantial improvement
on the 39-class scenario suggests that the model benefits from robust feature representation
learning and effective generalization across highly diverse disease categories.
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Overall, the comparative analysis demonstrates that while existing methods perform
well on moderate-scale datasets, their performance tends to decrease with increasing
classification complexity. In contrast, the proposed approach maintains strong accuracy
across datasets with different numbers of classes, highlighting its scalability, robustness,
and suitability for real-world retinal disease screening applications.

Table 5.16. Comparison of the proposed method with state-of-the-art pathology classification
approaches on fundus photography datasets

Method Dataset Classes Accuracy (%)

Cen et al. (2021) 39-cas 39 92.62
Alqassab et al. (2026) OIA-ODIR 8 94.00

Ray et al. (2026) FIVES 4 91.6

Our Method
OIA-ODIR 8 85.30
39-CAS 39 99.53
FIVES 4 97.33

Biometric Identification Performance

The results presented in Table 5.17 compare the proposed retinal biometric identification
framework with recent state-of-the-art methods. Overall, the reported studies demonstrate
high identification performance, particularly on relatively small-scale datasets.

For instance, Roy et al. (2020) and Sadeghpour et al. (2023) achieved strong results on
the VARIA dataset, with accuracies of 97.90% and 98.60%, respectively. Similarly, Apap
et al. (2024) reported perfect identification performance (100%) on both the VARIA and
RIDB datasets, while Ochoa et al. (2024) achieved 96.70% accuracy on a private dataset.
These results indicate that retinal biometric systems can achieve very high performance
when evaluated under limited subject populations.

However, a key limitation of these approaches is the relatively small number of subjects
used for evaluation, typically ranging from a few dozen to approximately 140 individuals.
In such scenarios, the identification task is less challenging due to reduced inter-subject
variability and a smaller search space. Moreover, certain recent works, such as Sadeghpour
et al. (2023), focus on template protection and privacy-preserving biometric representations
rather than direct identification, which limits direct comparability in terms of recognition
performance.

In contrast, the proposed method is evaluated on significantly larger and more diverse
datasets, providing a more realistic assessment of scalability. On the OIA-ODIR dataset, the
model achieves 98.98% accuracy across approximately 5000 subjects, demonstrating strong
identification capability at large scale. On the 39-CAS dataset, which contains 502 subjects,
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the method achieves 87.11% accuracy, reflecting the increased difficulty associated with fine-
grained discrimination in a larger identity space. Furthermore, on the FIVES dataset with
600 subjects, the proposed approach achieves 92.33% accuracy, confirming its robustness
across datasets with different acquisition conditions and population distributions.

Overall, while several existing methods report near-perfect accuracy, these results are
primarily obtained under small-scale experimental settings. The proposed framework
distinguishes itself by maintaining strong performance under significantly larger subject
populations, thereby providing a more realistic evaluation of retinal biometric identification
in practical deployment scenarios. These findings highlight the scalability, robustness, and
generalization capability of the proposed method for real-world biometric systems.

Table 5.17. Comparison of the proposed method with state-of-the-art retinal biometric
identification approaches

Method Dataset Subjects Application Accuracy (%)

(Aicha and Eddine, 2024) RIDB 20 Identification 99.998

(Apap et al., 2024) VARIA 139 Identification 100.00
RIDB 20 100.00

(Ochoa-Astorga et al., 2024) Local database 40 Identification 96.70

(Sadeghpour et al., 2023) VARIA 139 Template Protection 98.60

Our Method
OIA-ODIR 5000 Identification 98.98
39-CAS 502 Identification 87.11
FIVES 600 Identification 92.33

5.10 Conclusion

This chapter presented a unified multitask deep learning framework for the joint analysis
of retinal fundus images, addressing the conventional separation between pathology classi-
fication and biometric identification. By leveraging a shared representation, the proposed
approach enables the simultaneous learning of disease-related features and identity-specific
vascular patterns within a single architecture.

The framework combines complementary backbone networks, attention-based feature
refinement, and a selective aggregation mechanism to effectively capture both global
morphological characteristics and fine-grained retinal structures. The joint optimization of
task-specific objectives further allows knowledge transfer between pathology classification
and biometric identification, improving overall learning efficiency.

Experimental results on the ODIR-2019, 39-CAS, and FIVES datasets demonstrate that
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the proposed model achieves high performance across both tasks, while maintaining
robustness to variations in dataset characteristics and imaging conditions. The findings
confirm that multitask learning can effectively exploit the intrinsic relationship between
retinal structure and pathology without compromising task-specific accuracy.

Despite these promising results, certain limitations remain, including the absence of
temporal modeling and limited interpretability of the learned representations. These
aspects provide opportunities for further refinement of the proposed approach.

Overall, this chapter establishes the feasibility and effectiveness of a unified multitask
framework for retinal image analysis, providing a solid foundation for the subsequent
developments presented in this thesis.
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Chapter 6

General Conclusion and Future Per-
spectives

6.1 Introduction

This thesis investigated the integration of biometric recognition and pathology analysis
within a unified framework for retinal image processing. By exploiting the dual nature of
retinal fundus images, which simultaneously encode identity-specific vascular structures
and clinically relevant biomarkers, this work proposes a comprehensive methodology that
bridges the long-standing gap between biometric authentication and medical diagnosis.

The research contributions are organized into three complementary components addressing
key limitations in existing literature: (i) the lack of integrated biometric pipelines, (ii)
insufficient hyperparameter optimization strategies, and (iii) the separation between
biometric and diagnostic modeling. This chapter synthesizes the main findings, highlights
their scientific and practical implications, discusses limitations, and outlines future research
directions.

6.2 Synthesis of Core Contributions

6.2.1 Robust Retinal Authentication Framework

The first contribution introduced a complete and robust pipeline for retinal biometric
verification, integrating preprocessing, vessel segmentation using Residual Attention U-Net,
Gaussian-weighted reconstruction, and multi-modal feature extraction.

The experimental results demonstrated that:

• The proposed segmentation model achieved consistently high Dice scores (above 0.90)
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across multiple benchmark datasets, confirming its robustness and generalization
capability.

• The combination of morphological, topological, and texture descriptors yielded highly
discriminative representations.

• Ensemble classifiers, particularly XGBoost, achieved near-perfect verification perfor-
mance, with Equal Error Rates approaching zero.

• The framework maintained strong cross-dataset generalization without retraining.

This contribution establishes a reliable and reproducible foundation for retinal biometric
systems and demonstrates the importance of tightly coupled pipeline design.

6.2.2 Systematic Hyperparameter Optimization

The second contribution addressed the critical yet often overlooked role of hyperparameter
optimization. A comprehensive evaluation of Grid Search, Random Search, Bayesian
Optimization, and CMA-ES was conducted.

The findings revealed that:

• CMA-ES consistently provided superior performance and robustness across datasets.

• Optimal configurations were highly dataset-dependent, highlighting the limitations of
manual tuning.

• Bayesian optimization showed strong performance but reduced stability in complex
scenarios.

• Grid Search was computationally inefficient and less effective in high-dimensional
spaces.

This contribution provides a principled optimization framework, emphasizing the necessity
of adaptive strategies for achieving reliable performance in medical biometric systems.

6.2.3 Unified Multitask Learning Framework

The third contribution proposed a novel multitask architecture that jointly performs
biometric identification and multi-label pathology classification within a unified model.

Key results include:

• The dual-backbone design with attention mechanisms effectively captured complemen-
tary features.

• High pathology classification performance was achieved across multiple datasets.
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• Biometric identification accuracy remained strong despite joint training.

• Shared representation learning improved generalization through implicit regularization.

This contribution demonstrates that biometric recognition and clinical diagnosis are
complementary objectives that can be simultaneously optimized within a single architecture.

6.3 Overall Contribution to the Field

Collectively, the proposed contributions advance the field of retinal image analysis along
three key dimensions:

Methodological: The work introduces an integrated pipeline design, a systematic
optimization strategy based on evolutionary algorithms, and a unified multitask learning
paradigm.

Empirical: Extensive validation across multiple public datasets demonstrates strong
generalization and establishes new performance benchmarks.

Practical: The proposed systems show clear potential for clinical deployment, enabling
simultaneous patient identification and disease screening while maintaining computational
efficiency and addressing privacy considerations.

6.4 Limitations of the Current Work

Despite the promising results, several limitations remain:

• The lack of longitudinal evaluation limits conclusions regarding long-term biometric
stability.

• The authentication pipeline is not fully optimized end-to-end, allowing potential error
propagation.

• Hyperparameter optimization remains computationally expensive.

• Limited interpretability of deep models may hinder clinical trust and regulatory
approval.

• Dataset diversity, particularly in rare pathologies and demographics, remains insuffi-
cient.

Addressing these challenges is essential for transitioning from research prototypes to
real-world clinical systems.
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6.5 Future Research Directions

Future work should focus on the following directions:

• Longitudinal studies to evaluate temporal stability and disease progression effects.

• Fully end-to-end learning frameworks using metric learning and Siamese architectures.

• Development of explainable AI techniques to improve transparency and clinical accep-
tance.

• Privacy-preserving learning approaches such as federated learning and differential
privacy.

• Multimodal integration with OCT and clinical metadata.

• Model optimization for real-time and edge deployment.

• Expansion toward broader clinical applications, including systemic disease prediction.

6.6 Final Remarks

This thesis demonstrates that retinal fundus images can serve as a unified modality for
both biometric authentication and medical diagnosis. By integrating segmentation, feature
extraction, optimization, and multitask learning into a cohesive framework, this work
establishes a foundation for next-generation medical biometric systems.

The results confirm that retinal vascular patterns provide a powerful and reliable repre-
sentation capable of supporting both identity recognition and clinical decision-making.
The proposed methodologies achieve high accuracy, strong generalization, and practical
feasibility for deployment.

Ultimately, this research contributes to the broader vision of intelligent healthcare systems
that unify security and clinical functionality. Continued interdisciplinary collaboration
will be essential to translate these advances into real-world impact, paving the way toward
safer, more efficient, and patient-centered medical technologies.
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