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2.13 An illustration of the modified green channel Fundus Image. The red

circle marks the regions with vessel modifications. . . . . . . . . . . . 47

2.14 An illustration of the U-Net backbone based Colorization model archi-

tecture. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.15 An illustration of the Encoder block used in the design of the coloriza-

tion model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.16 Retinal fundus images having different optic disc position (red square),

and corresponding Linear Injective Function g({ImG , InG}) augmented im-

age having two optic discs. . . . . . . . . . . . . . . . . . . . . . . . . 52

2.17 Computation of the OD region for t = 150: (a) green channel image, (b)

vessel removed image using eq. (3), (c-f) represents OD region based on

the computation of eq. (7) having output values 109.04, 83.15, 126.13,

and 153.78. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.18 Computation of the augmented image: (a) green channel images, (b)

isolation of the OD region, (c) OD alignment with Ĉ equal to 98.43%,
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Chapter 1

Introduction

1.1 An Overview

Ocular diseases, such as diabetic retinopathy, glaucoma, age-related macular degen-

eration (AMD), and cataracts, are among the leading causes of visual impairment

and blindness across the globe [1]. The challenges of these conditions are increas-

ing primarily due to the aging population and the increased incidence of diabetes,

hypertension, and other chronic ailments. In this regard. traditional diagnostic prac-

tices [2], although effective, heavily rely on the availability of skilled ophthalmologists

and subjective interpretation of ocular images, which introduces challenges related

to scalability, accessibility, and diagnostic variability. In regards to the limitations,

the development and deployment of automated ocular disease detection systems have

emerged as a crucial advancement in contemporary ophthalmology [3].

Automated detection systems employ advanced algorithms, particularly based on

machine learning and deep learning, to interpret ocular images and recognize patho-

logical traits with unprecedented accuracy [4]. Furthermore, the detection systems

offer efficient analysis that is important in high-throughput screening situations [5].

Additionally, the development of the technologies present the potential to provide uni-

form access to eye care by addressing geographical and resource-based inequalities.

The following overview explores the holistic importance of automated eye disease de-

tection systems, including the technological, clinical, economic, and societal aspects.

• Addressing the Global Burden of Ocular Diseases : According to the

World Health Organization (WHO), nearly 2.2 billion people worldwide live

with some degree of vision impairment, among which at least one billion have

preventable or uncorrected vision impairment as a result of insufficient access to

care [6]. In low and middle-income nations, inadequate quantity of trained eye

care personnel further accelerate the issue, especially in rural and remote areas.

Instead, computerized ocular disease diagnosis systems offer a budget solution

to the emergency. By analyzing for the early detection of ocular pathologies

through AI-enlisted diagnostics, these systems can provide pathways for timely

referral and treatment.
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Additionally, in screening programs, conducted on a community basis, au-

tomation can be implemented in primary healthcare facilities such that non-

specialists can take ocular photos to be interpreted by intelligent systems [7].

Such a model increases the coverage of eye care services, particularly in remote

areas, and has the potential to significantly decrease the prevalence of avoidable

blindness. Additionally, early detection through automation helps to improve

long-term results by avoiding the advancement of disease towards advanced

stages.

• Enhancing Diagnostic Accuracy and Objectivity : One of the primary

advantages of automated ocular diagnostic systems is the ability to improve

diagnostic accuracy and reduce subjectivity [7]. Ocular image interpretation by

humans is prone to variability, as it is affected by the subjective experience of

the evaluator, mental state and analytical judgment of the clinician. Automated

systems, having learned on large annotated datasets, perform according to stable

algorithms with reduced intra as well as inter-observer variability [8].

In this regard, for example, deep convolutional neural networks (CNNs) have

demonstrated a considerably superior performance in identifying tiny retinal

structures such as microaneurysms, hemorrhages, and exudates [9]— all of which

are diagnostic hallmarks of diabetic retinopathy. Similarly, algorithms can pre-

cisely calculate cup-to-disc ratios in optic nerve head analysis to assess and

diagnose glaucoma. Such systems create uniformity in image interpretation,

thereby facilitating standard screening protocols as well as the overall quality

of care [10].

• Reducing Clinical Workload and Improving Efficiency : Demographic

changes and epidemiological upward demand trends for ophthalmic services are

increasing the workload of clinicians [11]. In order to limit the burden on clin-

icians, automated detection systems can be extremely helpful. These systems

can automatically categorize images as normal or pathological, acting as the

initial screening level, thus alleviating the workload on clinicians to concentrate

on cases that need more investigation.

As a result, patient throughput is increased, waiting times are decreased, and

clinical workflows are greatly optimized by this triaging capability [12]. Further-

more, automated systems can work continuously without getting tired, which

increases the ability of eye care services to handle extensive screenings like those

carried out in national eye care missions, workplace health checks, and school

health programs.
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• Facilitating Teleophthalmology and Remote Diagnosis : Tele-medicine

has emerged as a competitive alternative to in-person consultations, especially

during public health emergencies such as the COVID-19 pandemic [13]. The

success of teleophthalmology initiatives depends on automated systems for de-

tecting ocular diseases. According to this model, ocular images taken in mobile

clinics or outlying health centers are electronically sent to centralized facilities

for automated analysis. This makes remote diagnosis possible by allowing pa-

tients with conditions that could endanger their vision to be referred to tertiary

care facilities in a timely manner. The method lessens the need for patient travel

and improves access to specialized care for populations in remote locations. Ad-

ditionally, by making routine monitoring and follow-up easier, teleophthalmol-

ogy and automation promote continuity of care.

• Enabling Personalized Medicine : The shift from generalized to preci-

sion medicine can be aided by automated ocular analysis systems. AI models

can identify individual disease trajectories by longitudinally monitoring retinal

changes and comparing them with lifestyle, genetic, and systemic health fac-

tors. This makes it possible to create individualized treatment programs that

consider each patient’s particular profile.

For instance, even with glycemic control, some patients with diabetic retinopa-

thy show rapid disease progression. Automated systems can direct more inten-

sive monitoring or intervention strategies and assist in the early identification of

such high-risk individuals. Results and resource use are optimized at this level

of personalization.

• Cost-Effectiveness and Resource Optimization : Healthcare systems have

adopted approaches for significant monetary benefits by putting automated de-

tection systems into practice [14]. The long-term advantages of lower diagnostic

errors, early detection, and more efficient workflows outweigh the initial costs of

deploying AI infrastructure, which include training and technology investments.

Automated systems minimize needless referrals and lessen reliance on limited

specialist consultations.

Furthermore, these systems are particularly useful for mass screening programs

in public health settings because they can process large volumes of images with

little recurring cost. They contribute significantly to preventing the high ex-

penses of advanced disease management, surgery, and vision rehabilitation by

identifying conditions early [14].
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However, automated ocular disease detection systems present a plethora of ob-

stacles in spite of their potential. These include addressing algorithmic biases, se-

curing regulatory approvals, protecting data privacy, and making model decisions

interpretable. Furthermore, in clinical settings, the ”black-box” nature of certain

deep learning models raises questions regarding trust and accountability.

The present state of research literature is conducted to create explainable AI

(XAI) systems that provide clear justification for predictions. Furthermore, for large-

scale adoption to be sustained, imaging protocols need to be standardized, validated

across a range of populations, and developed collaboratively by clinicians, engineers,

and policymakers. It is anticipated that these systems will develop into essential

instruments for comprehensive, just, and intelligent eye care. In the following section,

a historical overview of the evolution of ocular diagnostic modalities is presented.

1.2 Imaging Modalities for Ocular Disease Detec-

tion

The imaging modality used to gather comprehensive data about the anatomy and

health of the eye is an essential part of automated ocular disease detection sys-

tems [15]. The sensitivity, specificity, and diagnostic performance of automated algo-

rithms are influenced by the imaging modality selection. Numerous imaging meth-

ods have been developed over time, each with special benefits and to meet varying

diagnostic needs. Among the ophthalmic imaging modality includes, but is not lim-

ited to, confocal microscopy, fluorescein angiography, scanning laser ophthalmoscopy

(SLO), color fundus photography, optical coherence tomography (OCT), and ultra-

sound imaging. An extensive review of these modalities is given in the subsequent

sub-sections, with particular attention paid to their technical features, clinical uses,

and applicability in the context of automated disease detection.

1.2.1 Color Fundus Photography

One of the most popular imaging methods for obtaining close-up imaging of the retina

is color fundus photography. A full-color image of the fundus, including the optic disc,

macula, blood vessels, and peripheral retina, can be obtained using the non-invasive

technique. Fundus photography is perfect for extensive screening programs because

it is very accessible, affordable, and simple to use. To find indications of Age-related

Macular Degeneration (AMD), hypertensive retinopathy, diabetic retinopathy, and

other retinal conditions, the generated images can be examined manually or by AI-
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based systems. A high-intensity light source and a low-powered microscope coupled

to a camera form the basis for a standard fundus camera. The fundamental optical

system consists of:

Objective lens: Focuses light onto the retina.

Illumination system: Typically a xenon flash or LED source, co-axially aligned to

reduce corneal reflections.

Beam-splitting mirrors: Direct the illumination and imaging paths.

Imaging sensor: High-resolution CCD or CMOS sensor capable of capturing color

images.

The primary advancement in contemporary fundus cameras is the incorporation

of non-mydriatic capabilities, which enable image acquisition without the need for

pharmaceutical pupil dilation. AI-based diagnostic tools and telemedicine software

are also integrated with digital fundus cameras. Many deep learning models have been

trained to detect microaneurysms, hemorrhages, exudates, and neovascularization and

rely on fundus images as their main source of data [16]. Additionally, because of the

superior contrast, the green channel of fundus images is especially instructive for

vessel segmentation. The position of Fundus photography as a mainstay in ocular

diagnostics is further solidified by its widespread availability and compatibility with

machine learning models. Figure 1.1 represents a set of standard fundus images

captured using fundus camera [17].

Figure 1.1: An illustration of a set of Fundus images.

1.2.2 Optical Coherence Tomography (OCT)

Optical Coherence Tomography (OCT), a non-invasive imaging technique, creates

high-resolution cross-sectional retinal images using low-coherence interferometry. It

provides fine detail of structures like the macula, retinal nerve fiber layer, and pho-

toreceptor integrity, enabling accurate visualization of the retina’s internal microar-

chitecture. It uses near-infrared light (usually around 840 nm for retinal imaging) in

low-coherence interferometry. Among the crucial elements are:
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Broadband light source: Superluminescent diodes or swept-source lasers.

Michelson interferometer: Splits the light into a reference arm and a sample arm.

Scanning system: Galvanometric mirrors control lateral scanning.

Detector and spectrometer: Capture the interference signal and reconstruct cross-

sectional images using Fourier-domain processing.

Two main types of OCT systems exist: Time-Domain OCT (TD-OCT) and Spectral-

Domain OCT (SD-OCT), the latter offering higher resolution and faster acquisition

rates. Swept-source OCT (SS-OCT) further improves imaging depth and penetration.

Clinically, OCT is essential for the early detection and continued treatment of many

retinal and optic nerve conditions, such as glaucoma, central serous chorioretinopa-

thy, diabetic macular edema, and age-related macular degeneration (AMD). OCT

facilitates the quantitative and objective evaluation of disease progression, which is

particularly important for treatment planning and therapeutic efficacy assessment.

OCT has promoted the creation of sophisticated AI systems that can perform layer-

wise segmentation, automated classification, and change detection from the viewpoint

of clinical informatics. OCT devices are costly and frequently need specific training

for operation and interpretation, despite their diagnostic advantages. These obstacles

prevent them from being integrated into primary care or rural clinics, which bear the

burden of the undiagnosed ocular disease. Figure 1.2 represents a set of standard oct

images captured using interferometry [18].

Figure 1.2: An illustration of a set of Optical Coherence Tomography images.

1.2.3 Fluorescein Angiography (FA)

In order to assess retinal and choroidal blood flow, Fluorescein Angiography entails

injecting sodium fluorescein dye intravenously and then taking serial photos of the

retina with a specialized camera. For the detection and tracking of retinal vascular

disorders, including diabetic retinopathy, retinal vein occlusions, and choroidal neo-

vascularization in AMD, FA is still the clinical gold standard. A fundus camera with

extra optical filters frequently incorporates the camera setup as follows:

Excitation filter: Selects the wavelength (around 490 nm) for fluorescein excitation.
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Barrier filter: Allows emitted light (520–530 nm) while blocking reflected excita-

tion light.

High-sensitivity detector: Captures sequential images as the dye circulates.

Timely acquisition of images that is coordinated with the injection protocol is es-

sential. To track the dye’s progression, the system needs to be able to process data in

real time and at high frame rates. FA is used in clinical settings to evaluate vascular

leakage, neovascular complexes, microaneurysms, and capillary non-perfusion. It is

extremely useful in complicated diagnostic situations due to its high specificity and

dynamic imaging capability. FA is intrusive, though, and may cause adverse effects

that range from mild nausea to severe allergic reactions. Its use is limited to tertiary

centers due to the need for intravenous access, dye preparation, and skilled interpre-

tation in real time. Due to a lack of extensive, well-annotated datasets and variations

in image quality, automated systems for FA interpretation are still in their infancy.

Figure 1.3 represents a set of standard Fluorescein Angiography images [19].

Figure 1.3: An illustration of a set of Fluorescein Angiography images.

1.2.4 Scanning Laser Ophthalmoscopy (SLO)

Confocal laser scanning techniques are used in Scanning Laser Ophthalmoscopy to

produce high-contrast retinal images. Through autofluorescence imaging, it is espe-

cially useful for observing optic nerve structures and detecting pathologic alterations

in the retinal pigment epithelium. The SLO employs a laser beam to scan the retina

point-by-point, which is then reconstructed into an image. Key components include:

Laser source: Multiple lasers for different imaging modes (e.g., autofluorescence,

infrared reflectance).

Beam deflectors: Galvo mirrors scan the beam horizontally and vertically.

Confocal pinhole: Ensures that only in-focus light reaches the detector, enhancing

contrast.

Photodetectors: Avalanche photodiodes or PMTs collect the reflected signal.
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The precision optics and alignment are critical in SLO. Integration with other

modalities like OCT enables multimodal platforms. To enable multimodal imaging in

a single device, SLO-based systems frequently integrate with other modalities, such as

OCT. Clinically, SLO is used to assess lipofuscin accumulation in hereditary retinal

diseases, optic nerve head cupping in glaucoma, and retinal thinning in degenerative

disorders. Early detection of choroidal neovascularization and geographic atrophy

has shown promise in regards to AI models trained on SLO data. However, SLO

is not widely accessible outside of advanced clinical centers due to its high cost and

maintenance needs. Future accessibility may be expanded by additional advancements

in portable and affordable SLO systems. Figure 1.4 represents a set of standard

Scanning Laser Ophthalmoscopy images [20].

Figure 1.4: An illustration of a set of Scanning Laser Ophthalmoscopy images.

1.2.5 Confocal Microscopy and Adaptive Optics

Retinal tissues can be perceived at cellular resolution using confocal microscopy and

adaptive optics. Confocal systems enhance axial resolution by rejecting out-of-focus

light. In retinal imaging, adaptive optics (AO) systems further correct optical aber-

rations in real time.

Wavefront sensor: Hartmann–Shack sensor detects optical aberrations.

Deformable mirror: Adjusts the optical path to compensate for eye-induced dis-

tortions.

Confocal scanning system: Combines with AO to achieve cellular-level resolution.

These systems are complex and require active feedback loops, making them more

suited to research and advanced clinical centers. These modalities are mainly em-

ployed in specialized diagnostics and research to examine the density and morphology

of microglia, photoreceptors and retinal pigment epithelium. Adaptive optics corrects

optical aberrations to improve image resolution, while confocal techniques improve

contrast by rejecting out-of-focus light.
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The contemporary technology has made it easier to identify photoreceptor loss in

retinitis pigmentosa and cone dysfunction in color vision disorders early in clinical

research. In order to interpret ultra-high-resolution imagery, automated image anal-

ysis in this field is still in its infancy and requires complex algorithms. Their use

is restricted to specialized centers due to the infrastructure and technical know-how

required. Figure 1.5 represents a set of standard Confocal Microscopy images [21].

Figure 1.5: An illustration of the set of Confocal Microscopy images denoting retinal
blood vessels.

1.2.6 Ultrasound B-Scan Imaging

In the event of the ocular media turning opaque as a result of trauma, dense cataracts,

or vitreous hemorrhage, ultrasound B-scan is a useful diagnostic technique. It makes

the posterior segment visible for the purpose of identifying foreign bodies, intraocular

tumors, and retinal detachment. Ultrasound is essential in emergency and low-vision

situations because it does not rely on clear visual pathways unlike optical methods.

Ocular ultrasound uses high-frequency probes (10–20 MHz) to image the posterior

segment when direct visualization is obstructed. Key components include:

Piezoelectric transducer: Emits and receives ultrasound waves.

Display console: Digitally processes echoes to generate B-mode images.

Manual positioning arm: Allows dynamic manipulation to target specific regions.

The major challenges include speckle noise and operator dependence. Neverthe-

less, it remains critical in trauma and opaque media diagnosis. The low resolution

and high speckle noise of B-scan images make automated interpretation challenging.

However, to categorize diseases and segment anatomical features, machine learning

methods such as convolutional neural networks have been used. Ultrasound imaging

may increase diagnostic capacity when integrated into automated detection systems,
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especially in areas without access to cutting-edge optical equipment. Figure 1.6 rep-

resents a set of standard Ultrasound B-Scan images [22].

Figure 1.6: An illustration of a set of Ultrasound B-Scan images.

1.2.7 Comparative Evaluation of Imaging Modalities

Every imaging modality presents a unique set of clinical advantages and disadvan-

tages. OCT lacks color detail but is excellent at resolving intra-retinal architecture.

FA is invasive and resource-intensive, but it offers unparalleled vascular mapping.

SLO provides more contrast, but it comes at a price. Although it lacks structural

detail, ultrasound aids in the evaluation of opaque media. High resolution imaging

is possible with confocal and adaptive optics, but they are not practical for everyday

use.

In contrast, color fundus photography provides the best possible balance of cost-

effectiveness, usability, non-invasiveness, and AI system compatibility. It is the pre-

ferred modality for screening and teleophthalmology applications due to its capacity

to capture an entire retinal overview in a single image. Thus, fundus imaging plays a

crucial part in the creation and implementation of automated systems for detecting

ocular diseases.

1.3 Importance of Fundus Imaging in Automated

Detection of Ocular Diseases

In both clinical and non-clinical contexts, such as primary care units, optometry

clinics, and mobile screening units, fundus imaging is extensively accessible. Its use-

fulness in outreach initiatives and settings with limited resources is further increased

by portable fundus cameras. High-throughput screening is made possible by fun-

dus imaging’s non-invasiveness and fast acquisition time, which also helps in patient

compliance. Some useful characteristics of fundus images are listed below:
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• Rich Pathological Bio-Markers [23]: Fundus images are perfect for training

AI models because of their rich pathological markers, organized layout and

consistent resolution. Fundus imaging broadens the diagnostic scope of AI-

based models by allowing the detection of several conditions from a single image,

such as glaucoma, AMD, diabetic retinopathy, and hypertensive retinopathy. A

sample fundus image with marked bio-markers is shown in Figure 1.7.

Figure 1.7: A sample fundus image with marked bio-markers [24].

• Versatility Across Disease Conditions [16]: Fundus images can be used

to diagnose a variety of eye conditions because they can show the optic nerve

head, macula, retinal vessels, and peripheral retina. A thorough evaluation of

ocular health can be obtained by using automated systems trained on fundus

images to identify microaneurysms, hemorrhages, vessel tortuosity, drusen, and

disc cupping.

• Integration with Teleophthalmology [25]: The digital format of Fundus

imaging, ease of transmission, and low hardware requirements make it a good

fit for tele-ophthalmology. It serves as the foundation for remote screening

programs, which use cloud-based AI platforms to analyze images collected in

peripheral centers. In under-served and remote areas, this integration improves

access to care.

• Cost-Effectiveness and Scalability [26]: Fundus imaging is substantially

less expensive than OCT, SLO, and FA in terms of both equipment and oper-

ating costs. Because of this, it is very scalable for public health campaigns that

try to lower avoidable blindness. Adoption barriers are further decreased by the

broad availability of fundus cameras that run on smartphones.
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In conclusion, because of the accessibility, adaptability, and compatibility with AI

techniques, fundus imaging has become the most appropriate modality for automated

ocular disease detection. Other modalities have special diagnostic benefits, but their

use is frequently constrained by their expense, intricacy and invasiveness. In the

following section, a brief discussion on the ethical and legal aspects associated with

fundus imaging is studied.

1.4 Ethical and Legal Considerations in Automated

Fundus Image Analysis

Important moral and legal questions do arise by the creation and application of au-

tomated systems in fundus image analysis. Stakeholders must consider the effects on

patient rights, data protection, bias, accountability, and equitable access as artificial

intelligence (AI) is progressively incorporated into clinical workflows for the detection

of ocular diseases. The complex legal and ethical frameworks governing AI-based

fundus analysis are covered in this section, particularly as they relate to low-resource

environments such as rural India.

• Patient Privacy and Data Protection [27]: Large retinal image datasets,

frequently containing private medical data, are the foundation of automated

fundus imaging systems. Strict adherence to privacy and data protection laws

is thus necessary for the ethical use of such data. The General Data Protec-

tion Regulation (GDPR) establishes strict guidelines for gathering, storing, and

processing of personal health data in countries such as the European Union. In

a similar vein, India’s proposed Digital Personal Data Protection Act (DPDP

Act), which prioritizes informed consent, purpose limitation, and data mini-

mization, is anticipated to conform to international standards.

Data anonymization and secure encryption are essential when it comes to fun-

dus imaging. Data needs to be stored in safe, access-controlled environments,

and researchers and developers need to ensure that identifying markers are elim-

inated. Furthermore, to control the use of images for clinical trials, algorithm

training, or commercial purposes, clear data-sharing guidelines and data gover-

nance frameworks must be in effect.

• Informed Consent and Autonomy: A fundamental component of ethical

medical practice is informed consent. Patients need to know exactly how their

photos will be used, whether it will be analyzed automatically, and who will be
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able to view the results. In automated systems, where human oversight may be

minimal, this is especially crucial.

• Accountability and Liability [28]: Determining responsibility for incorrect

decisions becomes difficult when automated systems are used for screening or

diagnosis. Depending on the deployment context, the developer, healthcare

provider, or regulatory body may be held liable if diseased fundus images is

mistakenly classified as normal and treatment is missed.

In these situations, legal frameworks must specify the person responsible. This

entails defining the function of human oversight, formalizing redress procedures,

and setting clinical validation standards. The fact that AI tools are assistive

rather than autonomous and that the clinician has the final say over diagnosis

must be emphasized in professional guidelines.

• Transparency and Explainability: Transparency in the system is directly

related to trust in AI-driven diagnostics. If the reasoning behind the system’s

output can be understood, both patients and clinicians are more likely to accept

automated fundus analysis. Adoption in high risk environment such as health-

care is hampered by black-box models, which are prevalent in deep learning.

Explainable AI (XAI) methods that visually represent the areas of the retina

influencing a given decision, like saliency maps, class activation maps (CAMs),

or attention mechanisms, must be used. These characteristics help with clinical

validation and quality assurance in addition to enhancing trust.

• Regulatory Compliance and Standards: Globally, laws governing AI-

powered medical devices are still being developed. Software as a medical device

(SaMD) standards are being outlined by the Central Drugs Standard Control

Organization (CDSCO) in India. Internationally, clinical evaluation, risk classi-

fication, and post-market surveillance are necessary for the European CE mark-

ing process and the U.S. FDA.

Obtaining regulatory approval for automated fundus analysis tools requires

proving their efficacy, safety, and conformity to clinical guidelines. Addition-

ally, regulatory agencies might request proof of cyber-security, robustness, and

bias reduction. To comply with these requirements, developers need to keep

up-to-date documentation, version control, and audit trails.

• Intellectual Property and Commercialization Ethics: There are ethi-

cal concerns with the commercialization of AI systems that were trained using
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patient-contributed images or publicly funded datasets regarding the rightful

ownership of the algorithms.

Transparency regarding funding sources, benefit-sharing arrangements, and in-

tellectual property rights is required by ethical commercialization. Public-

private partnerships and open-source frameworks can assist in striking a bal-

ance between innovation, accessibility, and equity. Furthermore, it is ideal for

the money made from AI products to be put back into public health research

and infrastructure.

Abiding by the ethical and legal guidelines listed, a few gold standard and medi-

cally relevant annotated fundus image datasets have been designed in past literature.

In the following section, a subset of different annotated retinal fundus images is pre-

sented for a detailed study on respective uses cases.

1.5 Datasets

Fundus image segmentation is a fundamental aspect of automatic retinal image anal-

ysis, which is the key to early diagnosis and monitoring of eye diseases like diabetic

retinopathy, glaucoma, and hypertensive retinopathy. Segmentation facilitates the

structural outline of significant anatomical features such as blood vessels, optic disc,

and pathological findings such as exudates and microaneurysms. To develop and

test segmentation algorithms, particularly deep learning-based ones, high-quality an-

notated datasets are essential. In this regard, an exhaustive description of some of

the key publicly available fundus image segmentation datasets is provided, including

DRIVE, STARE, CHASEDB1, HRF, and IDRiD among the most used in scientific

and clinical studies.

These datasets not only differ in the number of images and annotations types

offered but also in image resolutions, disease profiles, and imaging devices. Each

dataset possesses distinct features that qualify it for different segmentation tasks such

as blood vessel segmentation, optic disc segmentation, or lesion detection. A study of

these datasets is a key aspect to choose the appropriate benchmark for training and

testing deep learning models.

1.5.1 DRIVE: Digital Retinal Images for Vessel Extraction

[29]

Prior to the advent of large-scale medical imaging databases, the DRIVE dataset was

one of the first and most prominent datasets used for the segmentation of blood vessels
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in retinal images. It was published alongside a retinal vessel segmentation competition

and has since been the de-facto standard for testing segmentation models. Figure 1.8

illustrates a set of DRIVE dataset images.

• Dataset Overview:

The DRIVE dataset contains 40 color fundus images of size 768×584 pixels. The
images were captured with a Canon CR5 non-mydriatic 3CCD camera with a 45-

degree field of view (FOV). The data was obtained from a diabetic retinopathy

screening program in the Netherlands and covers normal and pathological cases.

• Annotations:

Manual segmentation of the vasculature were created by two observers: one

was available for training/testing and the other was available for comparative

studies. The dataset is segregated into 20 training and 20 test images. Each

image includes a binary mask delimiting the vessel structures, as well as the

Field of View (FOV) mask for the purpose of evaluation.

• Significance:

DRIVE has become the de-facto standard dataset for designing and evaluat-

ing retinal vessel segmentation algorithms. The compact size promotes effi-

cient model development and rapid experimentation. But the limited variability

makes supplementary use with other datasets necessary for generalized perfor-

mance evaluation.

Figure 1.8: Some sample images from of the DRIVE dataset.

1.5.2 STARE: Structured Analysis of the Retina [30]

With the increase in retinal image analysis, a requirement for databases that encom-

passed a larger variety of pathologies was identified. In this regard, STARE dataset
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came to address this requirement by offering an image dataset with a diverse range

of retinal diseases, thus being particularly useful for model training in pathological

environments. Figure 1.9 illustrates a set of STARE dataset images.

• Dataset Overview:

The STARE dataset consists of 20 fundus images obtained at a resolution of

700× 605 pixels. The images were recorded through a TopCon TRV-50 fundus

camera with a 35-degree FOV. In contrast to DRIVE, STARE has a greater

number of images with pathological conditions, such as lesions, hemorrhages,

and irregular vessels.

• Annotations:

The images had been annotated manually by two skilled observers. Annota-

tions consisted of binary vessel masks and are used extensively for comparative

assessment. A subset of the dataset also contains optic nerve annotations.

• Significance:

STARE is usually combined with DRIVE to further improve model training and

validation through increased pathological diversity. The dataset plays a critical

role in evaluating the robustness of segmentation models in more challenging

clinical cases, particularly for disease-specific vessel pathology abnormalities.

Figure 1.9: Some sample images from the STARE dataset

1.5.3 CHASEDB1: Child Heart and Health Study in Eng-

land Database [31]

Most retinal image analysis datasets target adult population, however, pediatric anal-

ysis remained largely unaddressed. CHASEDB1 acts as a bridge by presenting vessel
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annotated retinal fundus images of a child for pediatric study. This renders it excep-

tionally rich for the creation of algorithms specific to pediatric ophthalmology. Figure

1.10 illustrates a set of CHASEDB1 dataset images.

• Dataset Overview:

CHASEDB1 has 28 color fundus photographs (14 pairs) from 14 children aged

between 7 and 9 years. These photographs were captured with a Nidek NM-

200-D fundus camera of 1280 × 960 pixels resolution and 30-degree field of

view.

• Annotations:

Each of the images is annotated manually by two professional graders for the

segmentation of blood vessels. The vessel masks contain both veins and arteries,

and the dataset has been utilized by some studies for vessel classification as well.

There is also a FOV mask available.

• Significance:

Because of the increased resolution and distinct subject population, CHASEDB1

is best suited for high-accuracy pediatric-specific vessel segmentation applica-

tions. The dataset ensures models generalize across age ranges and are not

skewed toward adult fundus features.

Figure 1.10: Some sample images from the CHASEDB1 dataset

1.5.4 HRF: High-Resolution Fundus Image Database [32]

With the improvement of deep learning algorithms, high-resolution fundus datasets

have been increasing in demand. The HRF dataset was proposed to satisfy this

requirement, and images can be used to provide detailed analysis for fine structures

such as microvasculature and boundaries. Figure 1.11 illustrates a set of HRF dataset

images.
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• Dataset Overview:

HRF dataset contains 45 fundus images, each of which has a very high resolution

of 3504 × 2336 pixels. There are three categories of images: healthy (15 images),

diabetic retinopathy (15 images), and glaucomatous eyes (15 images). This

segmentation into diseases supports disease-specific segmentation analysis.

• Annotations:

Manual annotations of vessels are given for all the images. Optic disc and cup

segmentations are included in some versions of the dataset. High resolution

of the dataset makes it appropriate for testing models that need fine spatial

accuracy.

• Significance:

The high-quality annotations and large image sizes make it a good choice for

fine detail demanding tasks and high diagnostic accuracy. It is especially useful

for training models that will be used for early disease detection and to test

performance at various spatial scales.

Figure 1.11: Some sample images from the HRF dataset.

1.5.5 IDRiD: Indian Diabetic Retinopathy Image Dataset

[33]

With an increase in emphasis on deep learning as the fundamental aspect of di-

abetic retinopathy screening, datasets with multimodal annotations were required.

The IDRiD dataset is noteworthy as a rich resource for lesion segmentation, diabetic

retinopathy grading, and anatomical structure localization. Figure 1.12 illustrates a

set of IDRiD dataset images.
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Figure 1.12: Some sample images from the IDRiD dataset

• Dataset Overview:

IDRiD comprises of 516 retinal fundus images taken at a resolution of 4288 ×
2848 pixels with a Kowa VX-10a camera. The dataset is separated into training

and test sets, which cover a range of diabetic retinopathy grades.

• Annotations:

The dataset offers precise pixel-level annotations for a range of lesion types such

as microaneurysms, hemorrhages, hard exudates, and soft exudates. It also

offers optic disc segmentation and fovea localization. The multi-label aspect of

the annotations enables a broad range of research tasks.

• Significance:

The extensive and multilayered annotations in the dataset render it precious for

the development of a multi-task learning model. It allows researchers to come up

with algorithms that not only do lesion segmentation but also classification and

localization. Therefore, it facilitates end-to-end diagnosis pipelines for diabetic

retinopathy screening.

1.6 Literature Survey

Biomarker segmentation within fundus images [34], including blood vessels, optic disc,

fovea, and lesions of microaneurysms or exudates, plays a pivotal role in the diagnosis

of retinal disorders such as diabetic retinopathy, glaucoma, and age-related macular

degeneration. The direction of research has evolved significantly from traditional

image processing approaches towards deep learning-based approaches. The following

sub-sections provide a brief overview of these approaches as found in literature.
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1.6.1 Data Augmentation for Fundus Image Analysis:

Data augmentation is an essential approach for enhancing model robustness, partic-

ularly in light of the limited number of annotated fundus images and the high cost

of professional annotations. Basic augmentation approaches such as rotation, flip-

ping, scaling, and brightness [35] changes are also commonly used to enhance data

variability. However, these might not be sufficient in replicating clinical variations or

uncommon pathological patterns.

Consecutively, advanced augmentation techniques have been utilized in recent

studies, such as elastic distortions and local intensity perturbations approaches [36].

Generative models such as GANs and VAEs [37] have also been utilized to attempt

generating photorealistic lesions or vessel morphology, which might help to generalize

better way and avoid overfitting. However, pathology-specific augmentation, includ-

ing in a disease progression modeling or the generation of artifacts such as blur or

occlusion and vessel region variability, is still an underutilized area of research explo-

ration [38].

1.6.2 Handcrafted Feature-Based Approaches:

Early approaches for segmentation were based on handcrafted features and image

processing pipelines [39]. It comprised of preprocessing approaches such as contrast

enhancement (e.g., CLAHE), noise filtering, and morphological processing to em-

phasize important structures in Fundus Images. For vessel segmentation of blood

vessels, techniques such as matched filtering, multiscale line detection (Frangi filter),

and Gabor filters were commonly employed to detect vessel-like structures. Addi-

tionally, thresholding and region growing approaches were employed for segmentation

of the optic disc, commonly with intensity and color cues in the red or green chan-

nels of RGB fundus images. For segmentation of lesions, specifically microaneurysms

and exudates, past literature comprises of works utilizing color features (e.g., inten-

sity within the green channel), shape descriptors, and texture features (e.g., LBP,

GLCM). SVMs, decision trees, and k-NN classifiers were employed to classify lesion

and non-lesion pixels on the basis of such features. These methods, although provid-

ing interpretability and decent performance, were usually not robust against imaging

quality variation, illumination, and pathology appearance [40].
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1.6.3 Deep Learning-Based Methods:

The advent of deep learning significantly boosted the automatic biomarker segmen-

tation in Fundus Images [41]. Fully Convolutional Networks (FCNs), particularly

U-Net [42] and its variants, have become the de-facto standard due to their ability to

learn hierarchical features from raw pixels without manual engineering. These mod-

els can effectively segment vessels, optic discs, and lesions using end-to-end training.

Additionally, tasks such as computer vision [43–45] and natural language process-

ing [46], heavily rely on attention mechanisms. By updating the weights at each

point, the attention mechanism improves the model potential for classification. The

dynamic weights, which are determined from the feature maps, further enhance the

model’s adaptability. Furthermore, the issue of extracting region-specific informa-

tion while disregarding unnecessary regions could be resolved by an attention mech-

anism. Specifically, Self-Attention approach, initially suggested for machine trans-

lation tasks [46], has demonstrated superiority in natural language understanding.

Self-attention mechanism was introduced into the image segmentation task by non-

local neural networks [47]. In order to augment the feature representation for seman-

tic understanding, DANet [48] enhances self-attention in both spatial and channel

dimensions for semantic segmentation. This allows for the modeling of long-range

interdependence. Self-attention modules, however, require significant memory and

processing resources. Hence, a number of studies in the literature have focused on

making them less complex [43].

For vessel segmentation, models such as U-Net [42], DeepVessel [49], and Dense

U-Net [50] proved to be more accurate on public benchmarks (e.g., DRIVE, STARE).

Attention mechanisms and multiscale fusion blocks [51] further enhanced performance

by paying special attention to thin vessels and difficult-to-segment regions.

In optic disc and optic cup segmentation, CNNs such as Mask R-CNN and encoder-

decoder models [52] performed well in terms of accuracy, particularly when structural

priors or boundary-aware loss functions were added. Lesion segmentation for mi-

croaneurysms and hemorrhages was also well-handled with hybrid methods that inte-

grated CNNs with recurrent or transformer models [53] to handle spatial dependencies

and contextual features. Present stream of research investigates domain adaptation,

self-supervised learning, and few-shot learning to combat data shortage and domain

drift, which are prevalent in clinical datasets. In spite of the advancements, there

are limitations in generalization between datasets, disease artifacts management, and

segmenting small or low-contrast biomarkers.

It is thus to be noted, although handcrafted approaches provided the foundation
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for segmentation of fundus biomarkers, however, deep learning based approaches have

extended the limits of performance and automation. In spite of this, there is room for

future work to harvest the benefits of both paradigms, particularly in interpretable

and low-resource scenarios with more adaptability to diseased cases.

The highlighted literature survey provides a broad glimpse into the existing works

in both the fields of augmentation as well as segmentation in Fundus Images. Based

on the presented literature survey, a detailed gap analysis for research exploration is

discussed in the following section.

1.7 Research Gap Analysis

In spite of research advancements in biomarker segmentation from deep learning,

there are a number of research gaps yet to be addressed in literature. Firstly, the

unavailability of varied and high-quality annotated datasets is a major limitation of

contemporary models, which impede the generalization across different populations

and imaging conditions. Most current models are prone to overfitting because they

are trained on limited data, which illustrates the need for robust data augmenta-

tion techniques [54]. However, current state-of-the-art augmentation techniques (e.g.,

basic geometric transformations or color jittering) might fail to reflect the intricate

variations found in actual fundus images. Furthermore, basic geometric transforma-

tions lack providence when used in rotation invariant model designs. Thus, there

is an essential need for more task-focused and pathology-conscientious augmentation

methods, especially simulating unusual lesions or vasculature abnormalities.

Blood vessel segmentation is still very challenging because of the existence of thin,

low-contrast vessels and overlapping structures. While attention-based and multi-

scale architectures have enhanced accuracy [55], they are still poor in detecting fine

capillaries or vessels in pathological areas. Additionally, the majority of deep models

use conventional pixel-wise losses [56], which fail to capture clinical importance. In

segmentation of biomarkers, particularly when targets are small or sparse, as in the

case of exudates or bifurcations of vessels, such losses can result in inferior recall.

Loss optimization methods is thus needed that more accurately capture spatial struc-

ture, class imbalance, and clinical priorities. The incorporation of such approaches

can encourage networks to pay attention to clinically relevant but hard regions, thus

enhancing the overall utility of segmentation in real-world screening and diagnosis

applications.

In the following section, the scope of research work addressed in this thesis is

discussed in detail followed by an outline of the chapter organization respectively.
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1.8 Scope of the Thesis

The aim of the thesis is to tackle ongoing challenges in biomarker segmentation from

fundus images, with specific emphasis on enhancing the accuracy, robustness, and

clinical validity of automated approaches. While deep learning approaches have made

substantial progress, data heterogeneity limitations, partitioning of intricate struc-

tures such as blood vessels, and inadequate loss function engineering still constraints

the application of such models in real-world clinical environments. In regards to the

observations of research gaps identified, the thesis addresses the following specific

research paradigms:

Importance of pathology-aware data augmentation in enhancing general-

ization and robustness of biomarker segmentation models for fundus im-

ages

Fundus image segmentation annotated datasets tend to have limited availability and

suffer from under-representation of rare pathological cases, contributing to poor model

generalization. Current augmentation methodologies are generally restricted to generic

geometric or color-scale aberrations, which are not representative of the disease-based

pathological variations. The thesis presents an exploration of structure-based aug-

mentation approaches to generate functional datasets for retinal blood vessel segmen-

tation. Furthermore, augmentation techniques that mimic acquisition artifacts (i.e.,

illumination variability) is also investigated. Through better diversity and representa-

tiveness in training data, a study of performance of the model across different clinical

conditions is also undertaken.

Consideration of the topological characteristics of retinal blood vessels to

enhance blood vessel segmentation, particularly for thin and interrupted

vessels

Segmenting blood vessels, especially thin capillaries and bifurcations, is an open-ended

problem because of their intricate, sparse, and tree-like structure. Traditional CNN-

based approaches tend to lose fine vessels or sacrifice anatomical continuity. Novel

architectures proposed in this thesis combines multiscale feature fusion and attention

representation to recognize both local and global connectivity of vessels. Additionally,

topological priors and vessel connectivity constraints is studied in the network design

and training for better emphasis.
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Modification of loss functional computation to better capture clinically

relevant anatomy and deal with class imbalance in biomarker segmentation

problems

Loss functions determine the behavior of models during training. Standard losses such

as binary cross-entropy and Dice tend to perform below par in regards to segmentation

of small and sparsely located biomarkers. This can be attributed to the fact that bio-

markers such as Exudates are highly sensitive to class imbalance and boundary quality.

This work attempts to create and test a recomputed projection of loss functions that

are specific to fundus biomarker segmentation. The objective of the presented work

is to optimize model improvements in harmony with clinical objectives such as low

count of false negatives.

1.9 Thesis organization

In this thesis, the problem of enhancing Convolution-based Neural Networks in Aug-

mentation and Segmentation of Bio-Markers in Retina using the Fundus Imaging

Modality has been studied. The study presented in this thesis has been sub-divided

into three distinct stages, namely, Data Augmentation, Deep Convolutional Neural

Network-based Architecture design and Computation of Loss Projection to improve

Segmentation output. The thesis is organized and represented in a structure as high-

lighted below:

• Chapter 1: Introduction- This chapter introduces the importance of the

study undertaken in the thesis.

• Chapter 2: Data Augmentation for Fundus Images- This chapter dis-

cusses the techniques and recent approaches in the field of fundus image augmen-

tation. Subsequently, three different novel approaches are presented to improve

the quality of medically coherent fundus image augmentation.

• Chapter 3: Retinal Blood Vessel Segmentation from Fundus Images-

This chapter discusses the novel architectures proposed in this thesis and a com-

parative study with the existing literature is presented to highlight the respective

efficacies.

• Chapter 4: Bio-Marker Segmentation from Fundus Images- This chap-

ter studies the implications of the novel architectures proposed in Chapter 2 in

a broader scale for bio-marker segmentation. Furthermore, to improve upon the
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achieved performance, a novel loss projection computation approach is high-

lighted in this chapter as well.

• Chapter 5: Conclusion- This chapter concludes the study presented in this

thesis and presents directions of research that can be undertaken in future to

improve upon the work.
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Chapter 2

Data Augmentation for Fundus Images

2.1 Introduction

The application of Artificial intelligence (AI) and Deep Learning (DL)-based ap-

proaches is witnessing a renewed development and research in the field of ophthal-

mology, especially in the automated diagnosis of diseases in fundus images. Figure

2.1 highlights the impact of AI-based models in the automatic detection of three oph-

thalmic diseases, namely, Macular Degeneration, Diabetic Retinopathy and Retinopa-

thy of Prematurity.

Figure 2.1: Statistical illustration depicting the interest trend in adopting Artificial
Intelligence in Ophthalmology [57]

It is noted, from Fig. 2.1, that the trend of AI-based diagnostics increased by

almost 20× folds within a span of approximately 10 years. In this regard, Fundus

Imaging modalities play an important role in the widespread adoption of AI-based

approaches for diagnosis. In spite of the trend, the potential of AI-based diagnostic

systems, to be widely adopted, in this domain is limited by two key challenges: data

scarcity and data divergence across imaging modalities [58]. These problems inher-

ently impede the reliability, accuracy, and generalizability of diagnostic algorithms,

hence limiting their real-world clinical value.
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2.1.1 Annotated Data Scarcity in Fundus Imaging

Fundus image datasets for disease diagnosis with annotated visual features are crucial

for designing an automated system for identifying eye diseases or monitoring dis-

ease progression. However, the scarcity of such annotated data [59] is a challenge in

training as well as validation of deep learning-based models. In contrast to common

image recognition applications with millions of labeled samples (e.g., ImageNet [60]),

annotated fundus imaging data are usually small and, at most, comprise of only a

few hundred samples combined. The lack of data availability can be attributed to an

array of issues as follows:

• Privacy and Ethical Restrictions: Medical information is privately owned

by each individual as per the law and its collection and dissemination are strin-

gently controlled by legal and ethical regulations [61]. Thus, it becomes chal-

lenging to share large volumes of data between institutions.

• Annotation Cost: Annotating fundus images requires skilled ophthalmologists

to label the existence, absence and/or stage of disease accurately. Furthermore,

the visual characteristics of a Fundus Image are equally important and act as a

biomarker for monitoring and detecting disease progression. However, labeling

is a time and cost-consuming process, which restricts the amount of available

annotated data [62].

• Unavailability of Samples of Varying Retinal Conditions: Certain retinal

conditions are fairly uncommon, so it is challenging to obtain a sufficient number

of examples to adequately represent all these classes [63]. This creates class

imbalance where frequent conditions get overrepresented, and infrequent ones

get underrepresented, making model performance biased.

Due to these constraints, models trained on small or biased datasets tend to over-

fit [64], where the model learns patterns that are specific to the training set but does

not generalize to new, unseen data of varying modality. This is especially risky in

ophthalmic applications, where a misdiagnosis can potentially tend to major compli-

cations [65]. Furthermore, limited availability of training data also restricts the model

capacity to learn the finer visual biomarkers of early stages of disease, which makes

early detection less trustworthy.

2.1.2 Data Divergence Across Fundus Imaging Modalities

For fundus image-based disease diagnosis, data divergence [66] presents a significant

challenge that arises not only from differences in imaging modality but also from
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variations introduced by differences in image acquisition protocols. In this regard,

the heterogeneity of image acquisition can potentially have a marked influence on the

reliability and consistency of AI-driven diagnostic systems.

Fundus images are acquired with various imaging systems, ranging from high-end,

hospital-grade equipments to handheld, smartphone-based acquisition units [67]. The

imaging systems vary with respect to the sensor resolutions, field of view (FOV), color

rendering, quality of illumination, and compression algorithms used in images. Figure

2.2 illustrates the variability among different fundus imaging modalities.

Figure 2.2: An illustration of the fundus imaging modalities using varying equip-
ments. [68]

Subsequently, the same anatomical ocular structure may appear considerably dif-

ferent based on the imaging system utilized. For example, a hemorrhage or mi-

croaneurysm could be readily seen in high-resolution scans but become masked or

misrepresented on lower-graded images [69]. The subtle variations in the acquisition

approaches presents inter-device heterogeneity, which tend to misguide the learning

ability of the deep learning models for a particular class of image data. This impacts

the generalization ability of a trained model upon deployment in varying clinical set-

tings. A model trained on high-resolution Fundus images of one imaging system alone

might perform poorly on another imaging system. This is especially challenging for

real-world deployment, where health facilities might use heterogeneous equipments,

primarily due to economic, regional, or logistical considerations. Furthermore, pub-

licly available datasets tend to be idealistic in experimental settings, which results in

a lack of sufficient quality-based heterogeneous data during training phase [70].
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2.1.3 Literature Survey

In regards to the overall challenge of fundus image analysis, retinal blood vessel seg-

mentation is a pre-requisite task that aids in the detection and monitoring of ocular

diseases [71]. Reliable segmentation of the vascular structure facilitates quantitative

measurement of blood vessel parameters such as vessel tortuosity, branching patterns,

and arteriovenous ratio [72]. These characteristics are the clinically relevant markers

for medical diagnosis of ocular diseases such as diabetic retinopathy [73], hypertensive

retinopathy [74], retinal vein occlusion [75], and glaucoma [76] as well as cardiovas-

cular and neurological well-being. In addition, retinal blood vessel segmentation also

serves as a significant biomarker for more challenging diagnosis such as anatomical

landmark localization ( the optic disc and macula ) [77], improves lesion detection

by outlining normal anatomy from a diseased one [78] and supports the reduction of

false positives in classification pipelines through geometric and spatial constraints [79].

Retinal Blood Vessel segmentation, therefore, is not an independent task but rather

a vital pre-processing stage for diagnostic challenges [71].

However, high-performance retinal blood vessel segmentation models are difficult

to train due to dataset related challenges [80]. Firstly, the retinal blood vessels con-

stitute a miniscule area of Region of Interest in comparison to the overall fundus

image area [81]. This results in a severe class imbalance between retinal blood vessels

and background pixels. Furthermore, manual annotation of vessel maps has been

well-established in literature but found to be time-consuming and prone to observer

bias, traditionally demanding pixel-level accuracy from skilled experts [82]. Therefore,

publicly available vessel segmentation datasets are both smaller in size and poorer in

imaging diversity, often causing trained models to be prone to overfitting and lack of

generalization abilities between different imaging conditions and modalities [83]. To

overcome these limitations, data augmentation [84] is necessary. Through artificial

modifications of the existing images of the training dataset, data augmentation adds

a controlled variability that can mimic real-world imaging variations within the con-

text of existing publicly available datasets. In this regard, popular approaches such

as rotation [85], flipping [85], scaling [85], contrast adjustment [86], and gamma cor-

rection [87] generates different vessel orientations and lighting modalities for model

training. Augmentations using elastic deformation [88] and Gaussian noise [89] mimic

minor anatomical or acquisition-related distortions as well.

Furthermore, advanced methodologies target vessel-aware fundus image augmen-

tations, wherein the image transformation is informed of the retinal vessel structure to

maintain anatomical topology [90]. Similarly, generative adversarial networks (GANs)
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based fundus image augmentation approaches [91–93] have been studied in the con-

text of synthetic fundus image generation to mimic realistic fundus images. The

generated synthetic datasets can be used to train existing models to produce more

robust outcomes with respect to domain shift and low-contrast or occluded vessels. In

order to better train models capable of handling the diversified distributions spread

across different sensor modality, past works have highlighted the need to obtain a vast

volume of data comprising of varying distributions for the purpose of model learn-

ing [94]. However, obtaining data from such a large set of possible fundus imaging

sensors along with subsequent labelling of the data is a massive task, both in terms

of cost and required man-hours. Previous works [95] have emphasized on the use

of transfer learning as a possible measure for addressing the issue of unavailability of

diverse data as well as to handle probable bias in the available data. Transfer learning

works by training the model on a similar source domain and subsequently, fine tuning

the training of the model on the target data domain. Although providing superior

performances on most image processing and segmentation tasks, the transfer learning

approach is yet to achieve superior performance in the domain of medical image seg-

mentation primarily due to the need for sufficiently large number of training data and

their associated ground truths during fine tuning of the model in the target domain.

To overcome these shortcomings of the supervised learning models for medical image

segmentation tasks, the Domain Generalization (DG) approach has been studied ex-

tensively as an active topic of research in the medical research community [96]. The

DG approach works by active learning from a diversified set of training data which act

as a measure to improve the network performance in unseen target domains. Domain

Generalization problems can be further separated into two active areas of research,

namely, Data Manipulation [97,98] and Representation Learning [99,100] approaches.

In recent times, Data Manipulation has been observed as a suitable option for miti-

gating the issue of unavailability of diversified training data, primarily, by modifying

the existing training data distribution of a dataset and generating new samples to

better align with real world test distribution. Data Augmentation [101] is one such

approach of data manipulation that has been used extensively for application of DG

approach in medical image segmentation previously [97].

Transformation based image modification approaches is a popular technique for

image augmentation, which not only preserves anatomical but as well as structural

characteristics of the images. One such field of research in transformation based

augmentation is the Manual Transformation (MT) based approaches which generates

variational image characteristic models in the target domain with desired proper-

ties [94]. However, designing of an effective augmentation based on MT approach is
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both laborious and often requires requisite expertise along with a thorough knowledge-

base in medical imaging. As an example, image deformation can act as an effective

measure for data augmentation in case of prostate segmentation [102], however, in

the field of Fundus image analysis, it might be ineffective. The nerve vessels in the

Fundus images originate from the optic disc region which is an important property

of the vessel network and thus needs to be preserved across all augmented dataset.

Automated augmentation policies have been proposed in the past to address this

drawback of MT approaches [102], however, the learning capabilities of the model are

often times limited by the scope of the training set distribution and thus, inherently

assume the similarity of the test set distribution to the training set distribution which

can be erroneous. Approaches have been studied in past literature to convert Low

Resolution Fundus Images into High Resolution Fundus Images as an initial attempt

at image generation [103]. In this aspect, ESRGAN had been proposed in literature

for generating realistic fundus images [104]. However, the model suffers from struc-

tural distortion anomaly in retinal fundus images. A similar approach was undertaken

in Med-SRGAN by Gu et al. [105] as well. Kim et al. proposed an image turing test

to generate synthetic retinal images [106]. However, generative models are difficult

to adopt for bio-marker segmentation in Fundus Images owing to the need for hu-

man ground truth annotation and/or machine generated accurate and gold standard

annotation.

To address the bottleneck of generating annotated synthetic retinal fundus image

dataset, three different sets of Fundus image augmentation approaches are presented

in the subsequent sections.

2.2 Vessel Curvature-based Fundus Image Augmen-

tation

The highlighted research gaps are identified in the domain of Retinal Fundus Image

augmentation and a solution is designed to generate a vessel structure modified retinal

fundus images along with the respective ground truths. The contribution in the work

can be briefly summarized as follows:

1. The representation of a Retinal Vessel Fundus Image (I) as a decomposable

MT-based function F is designed which is parameterized on a modifiable set

of parameters. The functional formulation of the image space as a decompos-

able function permits the design of a controllable set of parameters that can be

modulated to generate new data samples which conform to the anatomical and
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structural principles of Retinal Fundus Images. Additionally, the functional ap-

proach provides greater flexibility in Data Generation as opposed to traditional

approaches such as translation, skew, rotation and cropping.

2. A framework for the modulation of the Background Region properties is de-

signed based upon the functional definition F, which separates an input image

space into three uniform regions, namely, Optic Disc, High Contrast and Low

Contrast regions.

3. A vessel curvature modulation algorithm is designed that can be used to modify

the existing vessel structure and curvature to generate new vessel network for

data augmentation.

An overview of the Vessel Curvature-based Augmentation approach is shown in

Figure 2.3.

Figure 2.3: Block Diagram of the Vessel Curvature-based Fundus Image Augmen-
tation

An input fundus image I ∈ R2 as an intensity surface model which can be repre-

sented mathematically using Equation 2.2.1 as

I(x, y) = z (2.2.1)

where x and y are the positional coordinates of I and z is the pixel intensity at the

position (x,y).

We define a function f , such that

F = f(B,V) (2.2.2)

where B is a surface that adheres to the Euclidean properties and V is a set of curvature

surfaces conjoined on the planar surface B.
From Equation 2.2.2, mathematically, we define f as a function that operates on

the two surfaces B and V such that

F =

∫
(x,y)

[B(x, y)−m] ∗ V(x, y) d(x, y) (2.2.3)
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where m refers to a bias constant. The visual representation of F is shown in Figure

2.4.

Figure 2.4: A Surface heatmap representing the spatial intensity (F in Equation
2.2.3) for a fundus image [107].

Equation 2.2.3 highlights an integration over the surface product of B and V for

each positional coordinate (x,y). As evidenced from Equation 2.2.3, the surfaces of B
and V dictate the overall surface model of F. Thus, input image I can be formulated as

a surface, defined based on two sub-surfaces, namely, Background Non-Vessel Region

(B) and Foreground Vessel Region (V). The modification of the sub-surface properties

of B and V would result in the modification of the function F which would result in

a new image being generated.

2.2.1 Sub-Surface Formulation

The surface properties of B and V can be defined with respect to an input fundus

image I. It is postulated that the image surface B is a superposition of k image

surfaces having varying levels of stability. In this regard, stability of a surface can
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Figure 2.5: An illustration of the image surface (Bk, ∀k ∈ [0, 1, 2]) homogeneity. (a)
The original RGB Fundus Image. (b) Sub-Surface Regions Bk super-imposed on (a).
Each sub-region is marked with a separate visual aid, namely, Yellow: Optic Disc
Region, Red: High Contrast Region, Green: Low Contrast Region.

be constituted as a state of an image surface where all the points possess the same

intensity. Mathematically, it can be represented as

∀(x,y)Bk(x, y)− zk = 0 (2.2.4)

such that zk is the stability level for image surface Bk at surface level k. A visual

representation of the image surface Bk is shown in Figure 2.5.

Image I can be postulated to comprise of three stable regions based on anatomi-

cal and visual characteristics, namely, Optic Disc, High Contrast and Low Contrast

regions respectively. The optic disc is a bright, roundish region through which the

optic nerve exits the retina; it is highly textured and bright and can therefore be

easily identified in a fundus image. By comparison, high contrast regions usually con-

tain notable retinal structures such as vessels or lesions (e.g., hemorrhages, exudates),

where intensity variations from the background are clear and diagnostically signifi-

cant. Low contrast regions, in contrast, depict fairly homogeneous regions such as

the background retina or minimal pathological changes without prominent intensity

variation but possibly clinically useful information. Thus, it is safe to postulate that

k = 3 corresponding to the three stable regions. Additionally, the vessel surface V can

be defined as a set of B -Spline Curves with an individual set of control parameters

for each curve. By modulating the control parameters, its respective curvature can

be modified structurally to generate new vessel structures.
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2.2.2 Background Region Manipulation

A background region (B) in a Fundus image can be defined as the set of all pixels

which do not belong to the vessel set. For an input green channel Fundus image IG,
region B is sub-partitioned into three homogeneous regions, namely, Optic Disc, High

Contrast and Low Contrast regions respectively. The algorithm to partition the region

B into sub-regions can be formulated as follows. A block diagram of the method is

demonstrated in Figure 2.6.

Figure 2.6: Steps for Background Region Partitioning

Firstly, the pixels belonging to the vessel map annotated image Igt are removed

from the corresponding input green channel fundus image IG. The choice of the

green channel of image I for analysis is based on an observation made by Liskowski

et al. [108]. Let the vessel removed image be termed as I′G. For each pixel in I′G,
two features, namely, Pixel Intensity (f1) and Neighborhood Difference (f2) are to

be computed for separating the background region into a set of three homogeneous

regions, namely, Optic Disc (IOD), High Contrast (Ihigh) and Low Contrast regions

(Ilow) respectively. It is noted that the image domain sub-regions IOD, Ihigh and

Ilow correspond to real-world domain of B0, B1 and B2 respectively and can be used

interchangeably based on the domain of study.

The pixel intensity value of the vessel removed image I′G for each pixel P is con-

sidered as the first feature, namely, f1. For each pixel P in I′G, the second feature,

namely, Neighborhood Difference (f2), is calculated based on the intensity of pixel P

and the intensities of the pixels present in the 8-neighborhood of the pixel P . The

intensity value of pixel P is subtracted from the 8-neighborhood pixel intensities and

the average intensity of the neighborhood is considered as value of feature f2. The

neighborhood pixels, which have minimal intensity difference with the central pixel

P , correspond to regions having low contrast in the Fundus Image. Similarly, the

neighborhood pixels having high intensity difference with the central pixel P corre-

spond to regions having high contrast in the Fundus Image. Figure 2.7 illustrates the

computation of the Neighborhood Difference (f2).

The two features, namely, f1 and f2, are collectively used to compute the region
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Figure 2.7: An illustration of the computation of the Neighborhood Difference (f2)
feature for Background Region Separation.

separation using a k-Means clustering algorithm, having a total of three different

clusters, each corresponding to one region in the image, namely, Optic Disc, High

Contrast Region, and Low Contrast Region. To identify the clusters and associate

the same with the respective regions in the obtained output, the feature values of

f1 and f2 of each cluster is used. The cluster having the highest pixel intensity (f1)

data points correspond to the Optic Disc region, IOD. The cluster having the highest

neighborhood difference intensity (f2) data points correspond to the high contrast

region Ihigh and the remaining data cluster corresponds to the low contrast region Ilow
in the input image I′G. An illustration of the partitioned background region masks is

demonstrated in Figure 2.8.

Figure 2.8: Obtained region identifying masks for an input fundus image I (a)
Input Fundus Image I (b) Optic Disc Region CO (c) High Contrast Region CH (d)
Low Contrast Region CL

The separation of the background region B into three separate sub-regions provides

an opportunity to individually control the characteristic properties of the respective

sub-region. As per the definition of image sub-surface Bk, it is observed that the
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surface Bk is a function of the properties of the region. In other words, functional

properties of the region defines the shape and structure of the sub-surface Bk. For

background region manipulation, two such functional properties of the sub-surface B,

viz., Brightness (Br) and Contrast (Cr) are considered. The properties of Br and Cr

for the region Bk can be depicted, mathematically, using Equation 2.2.5 and Equation

2.2.6 as.

Brkt (x, y) = ((255− Brk(t−1)(x, y))/255) ∗ Bk(x, y) + Brk(t−1)(x, y) (2.2.5)

Crkt (x, y) = α ∗ Bk(x, y) + γ (2.2.6)

where α = ((131∗(Crk(t−1)(x, y)+127))/(127∗(131−Crk(t−1)(x, y)))) and γ = 1−α.
Brkt (x, y) and Crkt (x, y) represents the brightness and contrast respectively at a time

period t for point (x, y).

Equations 2.2.5 and 2.2.6 reflects two important parameters for modulation of sub-

surface Bk, i.e., Br factor and Cr factor. The modulation of the Br factor varies the

brightness quotient of the region with values greater than zero increase the brightness

of the region whereas values lesser than zero decrease the brightness of the region.

Similarly, the modulation of the Cr factor varies the contrast quotient of the region

Bk accordingly.

It should be noted that modulation of the background sub-surface region can

cause Noise to be introduced into the image due to variations across different imaging

modalities. To mitigate the issue, two constraints are imposed on the Br and Cr

factors respectively. Firstly, the overall brightness factor Br being an image-centric

measure instead of being region specific, the modulation across the various background

sub-surface regions is performed maintaining the same Brightness factor Br for all

regions Bk. Secondly, the contrast factor Cr is a region specific measure. However, in

Fundus imaging, the measure of contrast for a sub-region Bk is defined as a difference

in the visual clarity between the background sub-surface Bk and the set of vessel pixels

contained within the sub-regional space of Bk. As a result, the contrast factor Cr

needs to be limited by an empirically adopted threshold λ as otherwise the variation

of the factor Cr beyond λ would violate the inherent visual clarity of the vessel

pixels near the vessel boundaries which might lead to poor learning results during

segmentation.
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2.2.3 Vessel Curvature Modification

The vessel sub-surface V can be defined as a set of intersecting B -Spline curves having

origin points inside the Optic Disc Region (IOD). Each vessel can be considered as a

B-Spline curve that adheres to the curve form given in Equation 2.2.7.

C(u) = Σn
i=0N(i,p)(u).Pi (2.2.7)

However, the B-Spline curve shown in Equation 2.2.7 represents a single curve,

however, in a Fundus image, there are multiple vessels with a number of branches.

The vessel surface V can thus be summarized as a superimposition of a set of B -Spline

curves. In order to modulate an individual vessel, firstly, isolated and independent

B -Spline curves need to be extracted from the vessel set. The vessel surface V can

thus be mathematically formulated as

V = ∪i{Vi} (2.2.8)

As evidenced from Equation 2.2.7, it can be observed that modification of indi-

vidual vessel curvatures directly result in the change of V surface. To isolate the

individual vessel surfaces Vi, firstly, the Optic Disc Region IOD is extracted from

image I. The centroid (mo) of IOD is computed using a standard region centroid

detection algorithm [109] and a circular region (IbOD) centred at mo that encompasses

all pixels that belong to IOD is delineated. IbOD is represented mathematically as

IbOD = ∃ϵ ∈ [1,∞){(x, y) | (x, y)−mo ≤ ϵ,∀(i, j) ∈ IOD → (i, j) ∈ IbOD} (2.2.9)

The threshold of ε in Equation 2.2.9 is a dynamic radius for the circular region

of IbOD and is inherently dependent on the pixels that belong to IOD. In other words,

it can be stated that IbOD is an approximation of the optic disc region IOD. The

approximation of the optic disc region by IbOD is necessary to incorporate probable

pixels, which are supposed to be part of IOD, which might have been missed by the

Background Extraction algorithm. The optic disc region IOD is approximated by a

circular surface as it is evident that in a Fundus Image, Optic Disc is circular in nature

mostly.

Subsequently, we remove all vessel pixels in V which are part of the approximated

optic disc region IbOD to form an approximately disjoint set of vessels. This approach

for vessel manipulation is motivated by a biological aspect observable in Fundus Im-

ages: all vessels originate and are inter-twined inside the Optic Disc Region. The
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removal of the vessel region inside the Optic Disc region creates a disjoint vessel set

such that there exists no such vessel Vi having end points overlapping with end points

of another vessel. A modified set of vessels V′
is defined, mathematically as,

V′
= {∪iVi ∈ V | end points(Vi) ̸= end points(Vj)} (2.2.10)

Although the definition of V
′
in Equation 2.2.10 is meant to create an approximate

disjoint set of vessels, it fails to take into consideration the incident of vessel overlap.

To mitigate the issue, the definition of V
′
is further modified such that

V” = ∪i,jVi,Vj ∈ V (2.2.11)

such that

∀Vj ∈ V, end points(Vi) ̸= end points(Vj),∀(x, y) ∈ Vi → (x, y) /∈ Vj (2.2.12)

To implement the approach and remove the vessel overlap points, firstly, a skele-

tonization algorithm [110] is applied on V′
to generate a vessel spine image V′

S. To

identify the vessel overlap points in V′
S, we define a pixel set P, mathematically, as

P = {Pi | ∀Pi ∈ V′

S, connectivity(Pi) ≥ 2 ∈ 8-connected(Pi)} (2.2.13)

Where connectivity(Pi) is a function that returns the number of pixels connected

to Pi in its 8-connected neighborhood.

From the definition of P, it can be observed that the pixels Pi occur at the

intersection points in vessel spine image V′
S. The pixels in set P are removed from

the vessel spine image V′
S which forms a complete vessel disjoint set, in accordance

of the definition of V”. The set of vessels present in V” forms the basis for the vessel

curve manipulation algorithm. Firstly, a function fmod(.) is formed which is applied

on the set V” to generate new vessel spines to augment the vessel set V”. The function

fmod(.) is defined as a rotation operation only on vessels belonging to vessel spine set

V”. A set of n vessels from the vessel set V” are selected and the rotation function

fmod(.) is applied to generate augmented vessels and substituted in the vessel set V”.

To maintain uniformity, the vessels are selected from different positions, distributed

uniformly across the fundus image. The rotational limit of fmod(.) is randomly selected

within a limit of | λ′ |. Finally, the vessel spines in V” are region-filled with a Region

Growing algorithm [111] to regenerate original vessel structures from the vessel spine

to reform vessel set V. Additionally, the vessels that were removed from within IbOD
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are also substituted in the vessel set V to complete the vessel surface.

The modified vessel network V is to be added back to the background region based

on Equation 2.2.14.

Irecon = (∪kBk) ∪ V (2.2.14)

to obtain the final augmented fundus image. It should be noted that (∪kBk) would

henceforth be referred to as B′
for better understanding.

However, upon augmentation to form Irecon, the original position of the modified

vessels would contain no data which would be erroneous as the empty region would

constitute neither a background region nor a vessel region. To mitigate the issue, a

raster scan approach is used to fill the region gaps present in the background region

image B′
prior to appending the vessel set V in Equation 2.2.14. Two independent

images Bt and Bl are formed from B′
. The background image B′

is raster scanned from

left to right and a gap-fill algorithm G is applied to form an image Bl. Similarly, the

background image B′
is raster scanned from top to bottom and a gap-fill algorithm G

is applied to form an image Bt. An element-wise maximum operation, between pixels

at each location (x, y), of images Bl and Bt is performed and a cumulative image Bm is

obtained. Finally, the modified background image Bm is merged and the vessel image

V to form the augmented image I′recon.
The ground truth associated with the augmented data is also generated conjointly

with I′recon. Figure 2.9 highlights a detailed overview of the set of steps to generate

the augmented images.

2.2.4 Experimental Results and Discussions

The augmented set of data is used to train a vanilla U-Net model [42] for testing the

applicability of the augmentation approach. The augmentation approach is validated

on the DRIVE [112] dataset for Retinal Vessel Segmentation challenge, which inher-

ently implies all generated data is a derivation of the data samples in the DRIVE

dataset. However, the approach is motivated to augment the sample set to form a

distribution agnostic dataset. To check the validity of the augmented dataset distri-

bution, the trained model is cross-tested on the STARE [30] dataset to validate the

augmentation approach.

Firstly, the trained model is tested on the DRIVE dataset that comprises of 20

test images along with their respective ground truths. Similarly, the trained model is

additionally tested on the STARE dataset as well. However, as the STARE dataset

does not provide any bifurcation between the training and testing dataset, all the

41



Figure 2.9: Overall Architecture of the Proposed Approach. (a) Input Green Chan-
nel image IG (b) Background Region B (c) Gap-Filled Maxima Background Image (d)
Vessel Surface Image V (e) Vessel Image V′

with all pixels within Optic Region IbOD

removed (f) Disjointed Vessel Set V”

images present in the dataset can be used for testing purposes. Table 2.1 highlights

the Accuracy, Sensitivity and Specificity results obtained for DRIVE dataset. A

similar comparative analysis is provided for STARE dataset in Table 2.2. Two forms

of segmentation approach have been recorded in Table 2.1 and Table 2.2, namely,

patch-based and full-scale image. Patch-based approaches split a given input image

into a set of patches and individually perform segmentation on each patch. In contrast,

full-scale approaches segment the entirety of the image in a single pass.

It can be observed from Table 2.1 and Table 2.2, that the vessel curvature ap-

proach has achieved comparable results on Sensitivity in the DRIVE dataset as well

as STARE dataset when compared with both patch-based as well as full image segmen-

tation approaches of the past. Additionally, the approach has achieved appreciable

results in both Accuracy as well as Specificity measures with most benchmark ap-

proaches in literature. The performance of the augmentation approach is especially

noticeable for the Sensitivity measure. The performance of a model on Sensitivity

dictates the ability of the network to detect the vessel pixels more accurately. In

medical image analysis, especially Fundus Imaging, the detection of true vessel pixels

is of utmost importance to detect probable ocular abnormalities. Accuracy, although

an important metric of performance, fails to truly dictate the strength of a model in
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Table 2.1: Performance Comparison on DRIVE dataset

Methods Accuracy Specificity Sensitivity
Jiang et al. [113] 0.891 0.900 0.830
Staal et al. [29] 0.944 0.977 0.719
Ricci et al. [114] 0.959 0.972 0.775
Roychowdhury et al. [115] 0.949 0.978 0.739
Liskowski et al. [108] 0.925 0.924 0.916
Yan et al. [56] 0.954 0.981 0.765
CE-Net [116] 0.954 0.975 0.821
IterNet [117] 0.957 0.983 0.779
HAnet [118] 0.958 0.983 0.797
Genetic U-Net [119] 0.957 0.976 0.830
TP-Net [120] 0.963 0.976 0.875
Vessel Curvature 0.940 0.947 0.917

Table 2.2: Performance Comparison on STARE dataset

Methods Accuracy Specificity Sensitivity
Jiang et al. [113] 0.901 0.900 0.857
Staal et al. [29] 0.952 0.981 0.697
Ricci et al. [114] 0.965 0.939 0.903
Roychowdhury et al. [115] 0.956 0.984 0.732
Liskowski et al. [108] 0.931 0.930 0.931
Yan et al. [56] 0.961 0.985 0.758
CE-Net [116] 0.966 0.984 0.829
IterNet [117] 0.970 0.988 0.771
HAnet [118] 0.967 0.984 0.818
Genetic U-Net [119] 0.971 0.984 0.865
TP-Net [120] 0.972 0.982 0.885
Vessel Curvature 0.915 0.920 0.911
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vessel segmentation tasks, primarily, as almost upto 90% of a fundus image is filled

with non-vessel pixels. In such a scenario, the performance of the model on Sensitivity

becomes of utmost importance and a superior result is achieved while maintaining a

balance with the other performance metrics. This highlights the strength of the ap-

proach of Vessel Curvature-based Data Augmentation to train Deep Learning models

for obtaining superior results in Vessel Segmentation. The slight drop in the per-

formance on STARE dataset can be attributed to a fundamental drawback of the

approach. The augmented data samples are derived from the DRIVE dataset which

introduces an inherent bias in the data generation process. As a result, the model

performs slightly better in DRIVE dataset than on STARE dataset.

Furthermore, two commonly used metrics: Frechet Inception Distance (FID) and

Multi-scale Structural Similarity Index Measure (MS-SSIM) [121] are additionally

used to evaluate the augmented images in comparison to real images. An overall FID

score of 1.8342 is obtained compared to a score of 3.5583 for traditional augmentation

(TA) [16]. Similarly, an MS-SSIM score of 0.6431 is obtained compared to 0.6119

for traditional augmentation approaches. The lower FID scores of Vessel Curvature

data augmentation indicates that the images it generates are of higher quality when

compared to the TA method. In addition, the augmentation method produced more

coherent images with respect to real dataset than TA method due to the higher

average MS-SSIM value.

2.2.5 Ablation Study

Data Augmentation forms the crux of the vessel curvature approach. To highlight the

efficacy of the augmentation approach, a comparative analysis is required between

the segmentation performance of the pre-augmented dataset and the post-augmented

dataset. However, the pre-augmented dataset comprises of only 20 annotations for

DRIVE and STARE dataset respectively. To propose a solution on such a small-scale

dataset, hand-crafted featured approaches had been proposed in the past in litera-

ture [29, 113–115]. Alternatively, Deep Learning approaches had been attempted on

the pre-augmented dataset [56,108], in which the input images have been sub-divided

into a set of patches for enhancing the volume of data available for experimentation.

As highlighted in Table 2.1 and Table 2.2, the vessel curvature approach of augmen-

tation surpasses the performance obtained in the past literature. Additionally, the

vessel curvature augmentation approach has a superior performance in comparison to

traditional augmentation approaches, as evidenced in Table 2.1 and 2.2.
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2.3 Vessel Curvature-based Fundus Image Augmen-

tation v2.0

A primary drawback of the earlier version of the Vessel Curvature-based Segmentation

approach exists in the incoherent structure generated. Figure 2.10 demonstrates the

shortcomings of the augmentation approach. It is observed that the generated fundus

images are medically and structurally incoherent with present disconnected vessel

network. Although suitable for the task of vessel segmentation, however, the v1.0

of the approach does not add to the congruence of the dataset in terms of medical

relevance. In this regard, the vessel curvature approach presented earlier is modified

and v2.0 of the approach is highlighted next.

Figure 2.10: An illustration of the drawback of Vessel Curvature approach shown
in Section 2.2. The RED circles highlight the incongruent regions in the augmented
images.

2.3.1 Proposed Methodology

Let us consider a fragment of a vessel skeleton, as shown in Figure 2.11. To elaborate

on the vessel augmentation approach, firstly, a terminalpoint is defined, in the context

of a vessel skeleton, as the last end point of the vessel skeleton. It is observed from

the vessel skeletal structure, that two cases can arise:

Case 1: A vessel skeletal strand is connected at both points by joint points, i.e.,

end points(Vi) ̸= terminal point.

Case 2: A vessel skeletal strand is connected at one end point by joint point and

other end by terminal point, i.e., terminal point ∈ end points(Vi).
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Sub-figure (a) in Figure 2.11 demonstrates Case 1 whereas Sub-figure (b) demon-

strates Case 2 respectively.

Figure 2.11: An illustration of the conditions for Vessel Curvature v2.0 approach
(a) Case 1 (b) Case 2.

To bend the respective vessels, a displacement force is applied along the positive y-

axis of the respective vessel skeleton. The directionality and intensity of displacement

applied is implicated in Figure 2.12. The larger arrow depicts a larger displacement

as per Equation shown in Figure 2.12. By using the given approach, the augmented

dataset obtained is shown in Figure 2.13.

Figure 2.12: An illustration of the force displacement of vessel skeletal strand.
(a) Direction and Force of displacement along the skeletal strand (b) Equations for
displacement of (x, y) to new points (x̃, ỹ) respectively.
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Figure 2.13: An illustration of the modified green channel Fundus Image. The red
circle marks the regions with vessel modifications.

2.3.2 Colorization Model Architecture

The Vessel Curvature v2.0 approach generates images in Green color channel. How-

ever, for realistic use-case scenarios, an RGB color-scale model is necessary. In this

regard, a U-Net backbone based Colorization model is used to convert Green channel

Fundus Images into RGB color-scale images. Figure 2.14 outlines the architecture of

the colorization model.

The architecture of the Encoder block used in Figure 2.14 is shown in Figure

2.15. Self-Attention mechanism [122] is used in the design to enable the model to

place additional emphasis on learning the critical regions of the image. The model is

trained by a combination of the standard loss functions Dice Loss and MSE Loss as

shown in Equation 2.3.1

Lcolor = LDice + Lmse (2.3.1)

2.3.3 Experimental Results and Discussion

A vanilla U-Net model [42] is trained for testing the applicability of the v2.0 aug-

mentation approach. The augmentation approach is validated on the DRIVE [112]

dataset for Retinal Vessel Segmentation challenge. Furthermore, the trained model is

cross-tested on the STARE [30] dataset to validate the augmentation approach. Table

2.3 highlights the Accuracy, Sensitivity and Specificity results obtained for DRIVE

dataset. A similar comparative analysis is provided for STARE dataset in Table 2.4.

It can be observed from Table 2.3 and Table 2.4, that the vessel curvature v2.0

approach has achieved better performance than earlier approach in the DRIVE dataset

as well as STARE dataset. However, the performance of the updated augmentation

approach is reduced for the Sensitivity measure. The performance of the approach on
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Figure 2.14: An illustration of the U-Net backbone based Colorization model archi-
tecture.
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Figure 2.15: An illustration of the Encoder block used in the design of the coloriza-
tion model.

Table 2.3: Performance Comparison on DRIVE dataset

Methods Accuracy Specificity Sensitivity
Jiang et al. [113] 0.891 0.900 0.830
Staal et al. [29] 0.944 0.977 0.719
Ricci et al. [114] 0.959 0.972 0.775
Roychowdhury et al. [115] 0.949 0.978 0.739
Liskowski et al. [108] 0.925 0.924 0.916
Yan et al. [56] 0.954 0.981 0.765
CE-Net [116] 0.954 0.975 0.821
IterNet [117] 0.957 0.983 0.779
HAnet [118] 0.958 0.983 0.797
Genetic U-Net [119] 0.957 0.976 0.830
TP-Net [120] 0.963 0.976 0.875
Vessel Curvature 0.940 0.947 0.917
Vessel Curvature v2.0 0.960 0.980 0.800
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Table 2.4: Performance Comparison on STARE dataset

Methods Accuracy Specificity Sensitivity
Jiang et al. [113] 0.901 0.900 0.857
Staal et al. [29] 0.952 0.981 0.697
Ricci et al. [114] 0.965 0.939 0.903
Roychowdhury et al. [115] 0.956 0.984 0.732
Liskowski et al. [108] 0.931 0.930 0.931
Yan et al. [56] 0.961 0.985 0.758
CE-Net [116] 0.966 0.984 0.829
IterNet [117] 0.970 0.988 0.771
HAnet [118] 0.967 0.984 0.818
Genetic U-Net [119] 0.971 0.984 0.865
TP-Net [120] 0.972 0.982 0.885
Vessel Curvature 0.915 0.920 0.911
Vessel Curvature v2.0 0.960 0.980 0.810

Sensitivity can be attributed to a similarity of data space between the original images

and the augmented images. To address the shortcoming of the approach in terms of

data variability, the Lambda-Coherence Measure-guided Cartesian-Square (λCMgC2)

Augmentation is demonstrated in the following section.

2.4 Lambda-Coherence Measure-guided Cartesian-

Square (λCMgC2) Augmentation

Conventional data augmentation techniques such as scaling, rotation, and flipping

are ineffective for small-scale datasets [123]. To mitigate the issue, effective data

augmentation strategy had been proposed in [124], which generates an augmented

image by combining training samples. However, it is challenging to directly adopt

this model in medical imaging, specifically for fundus images, which requires a strict

adherence to structural coherence. Thus, the Lambda-Coherence Measure-guided

Cartesian-square (λCMgC2) model for fundus image augmentation is better suited

for contemporary approaches.

2.4.1 Problem Formulation

Let IG : I→ R2 be the green channel image plane of I. Each pixel px,y,v in an image

plane(⊂ R2) is characterized by a triplet <x, y, v>, where the index pair (x, y), x =

1, 2, . . . , h and y = 1, 2, . . . , w, represents the pixel location in the image domain Θ,

v(∈ R+) signifies the pixel value, and h,w(∈ R+) are the height and width of the

image. Let ImG and InG, m ̸= n, be two retinal fundus images from a dataset D, and
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Imgt, Ingt are their respective binary pixel-wise ground-truth images, where 0 denotes

non-mask pixels and 1 denotes mask pixels. A standard notation of qx,y,0 for all

non-mask pixels and qx,y,1 for all mask pixels in any binary image is used. Inspired

from [124], the augmented image Iaug can be defined as the output of an injective

function g(.) on a subset of the Cartesian Product on dataset D as,

Iaug = g({ImG , InG}) | {ImG , InG} ⊂ D2 (2.4.1)

In Equation 2.4.1, g : D2 → R2 maps the Cartesian-Square set D2 to the domain of

green-channel image plane. The injective function is used to combine the two images

ImG , InG into a single structurally sound fundus image. In most retinal image datasets,

it is often times difficult to define such an injective function g(.) while preserving

structural anatomy of a retinal fundus image. For example, as shown in Figure 2.16,

using a simple linear function g({ImG , InG}) = 0.5.ImG + 0.5.InG on the DRIVE [112]

dataset can lead to the formation of medically incoherent and impossible images.

Lambda-Coherence Measure-guided Cartesian-Square Sampling (λCMgC2) aug-

mentation model performs superior in such scenarios to generate fundus images. The

Coherence measure denoted by Ĉ, evaluates the structural coherence between two

input images before generating augmented image using the Injective function g(.).

Formally, we define Ĉ(ImG , InG) as the degree of positional overlap of the optic disk re-

gions, ImOD and InOD, of images ImG and InG respectively. The λCMgC2 is thus primarily

a two-stepped model. Firstly, the OD region from both selected fundus images ImG
and InG and computed the coherence (Ĉ) between them. Subsequently, the augmented

images using injective function g(.) are generated after the optic disc alignment.

2.4.2 Optic Disc Region Isolation

Definition 1 (Optic Disc Region). Optic disc region IOD(⊆ IG) in a retinal fundus

image IG is a connected and cohesive region such that 1
NOD

∑
{v|px,y,v ∈ IOD} >

1
N−NOD

∑
{v|px,y,v ∈ (IG − IOD))}, where NOD represents the number of pixels in IOD

and N = h× w.

Here, OD region of a fundus image is considered as a marker to measure structural

coherence between a pair of images. Thus, identification of OD regions in fundus

images is a primary step to the λCMgC2 method. An iterative method is used to

quantitatively depict and identify the OD region from a retinal fundus image which

is discussed as follows. Firstly, vessel regions are removed from the pair of images,

i.e., ImG and InG, using Equation 2.4.2.
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Figure 2.16: Retinal fundus images having different optic disc position (red square),
and corresponding Linear Injective Function g({ImG , InG}) augmented image having two
optic discs.
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ImVR = {px,y,v|∀(x, y), (px,y,v ∈ ImG ) ∧ (qx,y,0 ∈ Imgt)} (2.4.2)

In Equation 2.4.2, ImVR signifies the vessels removed set of pixels of ImG and Imgt
is the ground truth of ImG . Similar method is used to generate InV R. It is noted

that vessel pixels are disregarded when computing Ĉ as OD coherence is measured

on the region as a whole which is mostly concerned with background region rather

than vessel pixels. For simplicity, ImVR and InV R are represented together as I{l|l=m,n}
V R .

Similar naming convention is also used for ImG and InG, i.e., I
{l|l=m,n}
G . It is assumed

that I{l|l=m,n}
B and I{l|l=m,n}

OD are two sets representing background region and optic disc

region respectively. At the beginning, I{l|l=m,n}
B and I{l|l=m,n}

OD are initialized as empty

set, i.e., I{l|l=m,n}
B = Φ and I{l|l=m,n}

OD = Φ. Now, at every iteration, the pixel having

minimum intensity is computed from I{l|l=m,n}
V R for further processing as,

m̂ = min({v|∀px,y,v ∈ (I{l|l=m,n}
V R − I{l|l=m,n}

B )}) (2.4.3)

Subsequently, based on the value of m̂, all pixels in I{l|l=m,n}
V R are partitioned into

two groups, namely background pixel set I{l|l=m,n}
B and OD pixel set I{l|l=m,n}

OD , using

Equation 2.4.4 and 2.4.5 in order, as

I{l|l=m,n}
B = {px,y,v|∀px,y,v ∈ I{l|l=m,n}

V R , v ⩽ m̂} (2.4.4)

I{l|l=m,n}
OD = {px,y,v|∀px,y,v ∈ {I{l|l=m,n}

V R − I{l|l=m,n}
B }} (2.4.5)

After which, the average intensity of pixel elements in I{l|l=m,n}
B is computed and

compared with the average intensity of I{l|l=m,n}
OD , which can be defined in Equation

2.4.6.

(∑h,w
x=1,y=1{v|∀px,y,v ∈ I{l|l=m,n}

OD }
NOD

−
∑h,w

x=1,y=1{v|∀px,y,v ∈ I{l|l=m,n}
B }

NB

)
> t (2.4.6)

In Equation 2.4.6, NOD and NB signify the number of pixels in I{l|l=m,n}
OD and

I{l|l=m,n}
B respectively, and t is a threshold whose value is selected empirically set

as 150. If the difference is less than t, the process will stop, and the resulting set

I{l|l=m,n}
OD will only contain the approximate OD region pixels. Otherwise, the earlier

steps are repeated till conclusion of the algorithm (as shown in Figure 2.17). After

the completion, the set I{l|l=m,n}
OD is treated as binary mask set for OD region, denoted
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by qx,y,0, qx,y,1 notations.

2.4.3 Coherence Measure

After OD region identification, the coherence measure Ĉ(ImG , InG) can be defined for-

mally as:

Ĉ(ImG , InG) = n({qx,y,1 | ∀(x, y), qx,y,1 ∈ (ImOD ∩ InOD)}) (2.4.7)

In Equation 2.4.7, n(.) is the cardinality of a set. It is noted that the coherence Ĉ

needs to be measured until the OD region set InOD of InG, has maximal intersection with

the OD region set ImOD of ImG . A rotation operation is thus performed on the respective

green channel images ImG , InG until Ĉ is maximized. For simplicity, the image ImG is kept

unchanged and rotated InG through an angle of 10o at every iteration and subsequently

measured the coherence.

Figure 2.17: Computation of the OD region for t = 150: (a) green channel image,
(b) vessel removed image using eq. (3), (c-f) represents OD region based on the
computation of eq. (7) having output values 109.04, 83.15, 126.13, and 153.78.

Let AĈ = {(Ĉ(ImG , ÎnG), θ)|∀θ, θ ∈ [0o, 360o], ÎnG = ROTATE(InG, θ)} be a set

comprising of elements of the pair form < Ĉ, θ >. Here, Ĉ denotes the Coher-

ence Measure computed between images ImG and output of function ROTATE(InG, θ).
ROTATE(., θ) denotes a function which rotates an input Image by θo and returns

the output image respectively. Finally, the element pair < Ĉ, θ > is selected from AĈ

for which Ĉ is highest and rotate the image InG by the corresponding pair value of θ,

as shown in Equation 2.4.8.

θ = argθ(maxĈ(AĈ)) (2.4.8)

Let ÎnG denote the final θo rotated image of InG. It is noted that the ground-truth

Ingt of InG is also rotated with the same angle of θo and denoted as Îngt. Finally, the

λ-weighted linear injective function g(.) is defined to map the set {ImG , InG} to a green-

channel image plane to generate the augmented image Iaug along with ground truth

Iauggt as
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Iaug = λImG + (1− λ)̂InG
Iauggt = Imgt ∪ Îngt

(2.4.9)

In Equation 2.4.9, λ ∈ (0, 1). Figure 2.18 shows the image pairs and corresponding

augmented image and respective ground-truth.

Figure 2.18: Computation of the augmented image: (a) green channel images, (b)

isolation of the OD region, (c) OD alignment with Ĉ equal to 98.43%, (d) λCMgC2

image with enlarge optic disc region, and (e-f) image pairs and corresponding aug-
mented image and respective ground-truth.

2.4.4 Proof of Structural Integrity in Augmented Image

In this regard, to prove the structural integrity of the augmented image Iaug, the
following Theorem is needed.

Theorem 1. Given λ-weighted linear injective function g : D2 → R2, any vessel

region perceptible in I{l|l=m,n}
G remains perceptible in Iaug.

Proof. Let IaugV R be defined as a vessel removed augmented image. Let neighborhood

intensity difference set be defined as N−
8 (px,y,v) = {ṽ−v | ∀px̃,ỹ,ṽ ∈ N8(px,y,v)} for any

pixel px,y,v, where N8 is the 8-neighborhood of a pixel. Thus, from this formulation,

it is trivial to state that for any pixel px,y,v ∈ (Iaug − IaugV R)
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(N−
8 (px,y,v) ⊂ O) =⇒ (∄qx̃,ỹ,0 ∈ Iauggt ), where x̃ = x±1, ỹ = y±1 and O represents

set of infinite zero elements.

Let a hypothetical pixel px,y,v ∈ (Iaug− IaugV R) be considered such that N−
8 (px,y,v) ⊂

O and ∃qx̃,ỹ,0 ∈ Iauggt . That implies ∃px̃,ỹ,ṽ ∈ N8(px,y,v) such that ṽ = v. We consider

ṽ{l|l=m,n}, v{l|l=m,n} as pixel values at (x̃, ỹ) and (x, y) in I{l|l=m,n}
G respectively. It

follows thus from the formulation of the associated injective function g(.),[λ.ṽm+(1−
λ).ṽn]− [λ.vm + (1− λ).vn] = 0. Rearranging, λ.[ṽm − vm] + (1− λ).[ṽn − vn] = 0 is

obtained. As the theorem is applicable for all 0 < λ < 1, it is concluded that ṽm = vm

and ṽn = vn respectively, thus implicating that the respective background pixel and

vessel pixel in images ImG , InG are imperceptible. This is a fallacy, as otherwise the

original annotations would not have been possible due to imperceptibility. Hence all

vessel pixels perceptible in ImG , InG remain perceptible in Iaug and the theorem is proven

by law of contradiction.

2.4.5 Experimental Results and Discussions

The ability of the λCMgC2 method in generating structurally coherent fundus images

is evaluated. Firstly, the λCMgC2 model is evaluated using t-distributed stochastic

neighbor embedding (t-SNE) and principal component analysis (PCA) plots. A ro-

bust visualization of real images and λCMgC2 images is plotted for the DRIVE and

STARE datasets (Figure 2.19-2.20). Three sets of 200 unique synthetic images have

been selected from the λCMgC2 generated synthetic image dataset for visual com-

parison with real images respectively. All synthetic images have been selected from

λCMgC2 dataset having λ ∈ 0.4, 0.5, 0.6 to demonstrate better visualization between

real images and synthetic images which are most dissimilar to original datasets. From

Figure 2.19 and 2.20, it can be seen that the generated images closely match the

distribution of original images. Most of the synthetic images are positioned close to

real images, however, Figure 2.19 depicts that the synthetic image distribution is not

centered in one region. This demonstrates the proposed method’s ability to generate

realistic data even with limited training data.

Furthermore, two commonly used metrics: Frechet Inception Distance (FID) and

Multi-scale Structural Similarity Index Measure (MS-SSIM) [121] are computed to

assess the discriminative features of the λCMgC2-generated images in comparison to

real images. FID is highly correlated with image visual quality. A low FID score is

usually indicative of the visual authenticity of synthetic data. In addition, MS-SSIM

scores of 600 randomly selected pairs of synthetic images are computed to assess the

diversity of the images in the real and synthetic datasets. The higher mean MS-SSIM

score correlates with higher similarity between the real and synthetic datasets. An
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Figure 2.19: t-SNE plots to illustrate the distribution of real and λCMgC2-
generated images: (a-c) for DRIVE dataset, and (d-f) for STARE dataset.

Figure 2.20: PCA plots to illustrate the distribution of real and λCMgC2-generated
images: (a-c) for DRIVE dataset, and (d-f) for STARE dataset

57



overall FID score of 1.5418 is obtained compared to a score of 3.5583 for traditional

augmentation (TA) [16]. Similarly, an MS-SSIM score of 0.6948 is obtained compared

to 0.6119 for traditional augmentation approaches. The lower FID scores of λCMgC2

indicate that the images it generates are of higher quality when compared to the TA

method. In addition, the λCMgC2 method produced more coherent images with

respect to real dataset than TA method due to the higher average MS-SSIM value. In

medical imaging, it is important to not only generate new images but also medically

sound and coherent image. Thus, a balance in similarity with existing data is more

important along with diversity in medical domain which is achieved by the model.

Quantitative analysis is performed in two stages. Firstly, the consistency of the

λCMgC2 vessel segmentation results is evaluated with the ground-truths annotated

by experts. Subsequently, the augmentation model is trained and tested on two

baseline networks having similar architectures, viz., the U-Net [125], and the FC-

Densenet [126]. Four performance measures have been considered for evaluation,

namely, sensitivity (Se), specificity (Sp), and accuracy (Ac) [127]. For a better com-

parative analysis, the baseline model performances have been evaluated on both Tra-

ditional Augmentation [16] as well as λCMgC2 Augmentation (Table-2.5).

Table 2.5: Comparison of the proposed method with the baseline models.

Traditional λCMgC2

DB Methods Se Sp Ac Se Sp Ac

[1
12
]

FC-DNet [126] 0.801 0.974 0.960 0.826 0.976 0.965
U-Net [125] 0.790 0.972 0.959 0.812 0.976 0.962

[3
0] FC-DNet [126] 0.799 0.980 0.970 0.830 0.981 0.973

U-Net [125] 0.774 0.978 0.965 0.839 0.979 0.970

[1
28
] FC-DNet [126] 0.810 0.979 0.962 0.835 0.982 0.966

U-Net [125] 0.799 0.982 0.965 0.841 0.985 0.972

[1
29
] FC-DNet [126] 0.799 0.981 0.965 0.811 0.981 0.969

U-Net [125] 0.784 0.979 0.964 0.815 0.980 0.968

A significant improvement in baseline model performance is observed when trained

upon λCMgC2 augmentation. This empirically validates the importance of the

λCMgC2-based training paradigm.

2.5 Summary

This chapter delved into the function and effect of data augmentation methods in

improving the performance of deep learning models in fundus image analysis. Since

there is limited access to and variability of annotated medical fundus images, data
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augmentation is essential in model generalization improvement, overfitting reduction,

and modeling real-world imaging variability.

Three strategies of augmentation were studied in detail, viz., Vessel Curvature-

based Fundus Image Augmentation, Vessel Curvature-based Fundus Image Augmen-

tation v2.0 and Lambda-Coherence Measure-guided Cartesian-Square (λCMgC2) Aug-

mentation. Vessel Curvature-based Fundus Image Augmentation andVessel Curvature-

based Fundus Image Augmentation v2.0 dealt with conventional geometric and struc-

tural transformations. The augmentations were used to artificially increase the dataset

and make the model aware of variations usually seen in real-world clinical practice.

This approach was straightforward yet effective in enhancing robustness without com-

promising the anatomical integrity of retinal structures.

Lambda-Coherence Measure-guided Cartesian-Square (λCMgC2) Augmentation,

however, utilized a more sophisticated approach utilizing domain-specific augmen-

tations that combined two existing fundus images into a single fundus image with

aligned optic discs. This approach sought to increase not just the volume but also

diversity and pathological integrity of the training data.

All augmentation approaches demonstrate improvement in segmentation accuracy

and diagnostic validity with λCMgC2 Augmentation empirically evaluated to be su-

perior. The chapter emphasizes that the augmentation should be clinically relevant,

and that it is possible to achieve an efficient training pipeline.
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Chapter 3

Retinal Blood Vessel Segmentation from

Fundus Images

3.1 Introduction

The retina is a light-sensitive tissue layer at the posterior section of the eye that is

responsible for visual perception [130]. Among the innumerable anatomical structures,

the retinal blood vessel network contains essential diagnostic information, essential

for detecting ocular and systemic illness [131]. In this regard, Fundus imaging, a

two-dimensional representation of the retina, is utilized extensively in ophthalmology

because it is non-invasive and highly diagnostic. In these fundus images, retinal blood

vessel segmentation — the identification and outlining of the vascular structures —

has become a key task in medical image analysis.

Segmentation of the retinal vasculature enables clinicians and computer systems to

examine the morphology, distribution, and structural integrity of blood vessels, which

are key biomarkers for ophthalmic diseases [131]. In addition, new developments

in artificial intelligence have placed an even greater emphasis on the importance of

accurate segmentation in constructing robust diagnostic and screening devices [25].

The importance of retinal blood vessel segmentation in fundus images and its wider

implications for clinical diagnosis, public health, and technological development is

discussed henceforth.

3.1.1 Clinical Significance of Retinal Vessel Analysis

One of the most important reasons for segmenting blood vessels in fundus images

is the early diagnosis and tracking of retinal diseases which present through typi-

cal alterations in the vasculature. These are microaneurysms [132], neovasculariza-

tion [133], hemorrhages [134], and vascular tortuosity [135] — all of which can be

quantified more accurately once the vessels are properly segmented. Additionally,

the retinal vasculature is a non-invasive biomarker for systemic diseases such as hy-

pertension [136], diabetes [137], and even cardiovascular diseases [138]. Alterations

in the caliber [139], branching pattern [140], and/or density of retinal vessels [141]

usually occur before symptoms or observable signs in other organs. For instance, nar-
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rowing of arterioles [142] and elevated arteriolar-to-venular ratio [142] may indicate

hypertension. Abnormalities of vessel walls and leakage imply diabetic changes [143].

Retinal vessel segmentation, therefore, aids systemic health monitoring via routine

eye exams. Segmented retinal vessels can facilitate treatment planning, e.g., in laser

photocoagulation [144] or intravitreal injections [145], by displaying a precise map of

vessel positions and pathologies. In addition, monitoring throughout the time du-

ration of disease helps evaluate therapeutic responses in conditions such as Diabetic

Retinopathy [146].

3.1.2 Automated Screening in Computer-Aided Diagnosis (CAD)

Systems

As the retinal diseases, particularly in elderly and low-resource populations, continue

to progress, automated screening systems are becoming increasingly important [147].

In this regard, blood vessel segmentation serves as a central building block in such

systems, providing critical features to machine learning models for classification or

anomaly detection. Also, segmentation maps of blood vessels in deep learning models

can serve as attention masks or features to enhance the performance of disease classi-

fiers [148]. The models are aided by explicit anatomical data, resulting in more inter-

pretability and robustness. Vessels segmented can also be utilized in cross-modality

image registration, where Optical Coherence Tomography (OCT) or fluorescein an-

giography images are aligned with fundus images [149]. It facilitates multi-modal

analysis, which is essential in advanced diagnostic systems. Thus, automatic segmen-

tation of blood vessels in fundus images is necessary for quick and effective detection

of pathological cases. The most recent trend found in solving this problem is to

apply Convolutional Neural Networks (CNNs) under the framework of Deep Learn-

ing(DL) [108].

3.2 Literature Review

The vessel segmentation algorithms can be broadly categorized into unsupervised and

supervised algorithms. The unsupervised algorithms comprise of techniques such as

line detectors [150], matched filtering [151], morphological transformations [152–154],

model-based methods [78, 155, 156] and multi-scale segmentation methods [32, 115,

157, 158]. However, these algorithms are often computationally complex [159] and

perform poorly on images with pathology.

Supervised algorithms, in contrast, rely on the use of classifiers that learn to seg-
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ment from labeled ground truth images. Algorithms such as the k-Nearest Neighbor

[160], Gaussian Mixture Model (GMM) [161], Support Vector Machine (SVM) [114],

Neural Networks [162], Decision Trees [31], AdaBoost [163] and Conditional Random

Fields [164] have been proposed in the literature as classifiers for vessel and non-

vessel pixels. In 2016, Liskowski et al. [108] published a paper highlighting the use of

Convolutional Neural Networks (CNNs) for automated self-learning of features and

classification using ground truth images. DL based approach for blood vessel segmen-

tation in Fundus images is further pursued by Yan et al. [56]. In the corresponding

work, they introduced a joint loss function for the CNN by taking care of traditional

pixel wise losses treating all vessel pixels, thick or thin, with equal importance and

the segment level loss giving more importance on thin vessel pixels compared to thick

ones. Table 3.1 highlights a brief outline of the state-of-the-work deep learning based

approaches in the domain of retinal blood vessel segmentation.
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Table 3.1: Overview of the State Of The Art Deep Learning Methodologies (SOTA)
for Retinal Vessel (RV) Segmentation Methods.

Authors Methodology Backbone Loss

Z.Yan et al.
(2018) [56]

Segment-level loss
emphasizing more on
vessel thickness

Fully Convolutional
+Skip-Connection

Segment Loss
+Pixel-Loss

Q. Jin et al.
(2019) [165]

U-Net shaped
architecture with
deformable convolution
kernel

U-Net Softmax Loss

Z. Gu et al.
(2019) [166]

Encoder-Decoder
network with a
context extractor
module.

U-Net
Dice Loss+
Regularization
Loss

L. Li et al.
(2020) [167]

Multiple iterations of
separated miniaturized
U-Net architectures

U-Net
Sigmoid-Cross
Entropy Loss

D. Wang et al.
(2020) [168]

End-to-End Deep
Attention Network with
dual decoder for Hard
Region segmentation

U-Net
Binary Cross
Entropy +
Jaccard Loss

Y. Wu et al.
(2020) [169]

Inter-network skip
connection-based
multi-scale deep
learning model.

Fully Convolutional
+Skip-Connection

Binary Cross
Entropy Loss

Z. Lin et al.
(2021) [170]

A multi-path scale
based High-resolution
representation network

Fully Convolutional
+ Skip-Connection

Hard-focused
Cross Entropy
Loss

J. Wei et al.
(2021) [171]

Genetic algorithm
inspired search space
optimized U-shaped
CNN model

U-Net Focal Loss

H. Wu et al.
(2021) [172]

Scale-aware feature
aggregation model with
dynamic receptive
field

Fully Convolutional
+Skip-Connection

Binary Dice
Loss

Y. Li et al.
(2022) [173]

Combined the Global
Transformer model with
a dual attention
model for segmentation

U-Net
+Transformer

Cross Entropy
Loss

J. Li et al.
(2023) [55]

Dual-path progressive
fusion network

Convolutional Model
Binary Cross
Entropy Loss

However, despite significant advancements in both model architecture based de-

signs [55, 166, 167, 169–171, 173] as well as training paradigms [56, 165, 174], several
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challenges remain unaddressed [175]. This includes the automated analysis of vessel

structure complexity, image intensity variations, marginal contrast difference between

vessels and the background region, and limited availability of blood-vessel annotated

datasets for training and evaluation. In the subsequent sections, three different ap-

proaches of retinal blood vessel segmentation is demonstrated and an empirical eval-

uation is conducted to comparatively assess the respective performances.

3.3 Multi-Scale Layer Pixel-based Segmentation Net-

work

Multi-Scale Layer Pixel-based Segmentation Network is inspired from the work of

Chaudhuri et al. [176] and Hart et al. [177]. A multi-scale patch size is adopted

for each image region in order to better isolate the blood vessel pixels in the image.

Since, it is difficult to select or incorporate the multi-scale patch sizes for each region,

a convolutional based neural network model is used to combine the different patch

sizes into a single feature vector which is finally classified into vessel or non-vessel

pixels using a softmax fully connected ANN classifier.

3.3.1 Patch Transformation

A broad outline of the proposed approach is highlighted in Figure 3.1. The first stage

of the approach involves the extraction of the three different patch sizes for each pixel

present in the Fundus image. Based on the principle highlighted by Hart et al., the

green channel of the image is only considered for the algorithm. As reported by Hart

et al., the green channel of the Fundus image provides a better contrast between blood

vessel pixels and non-blood vessel pixels than other channels or a grayscale image.

From the green channel image, three different patch sizes are extracted for each pixel.

The patch sizes selected for this work are 9×9, 11×11 and 13×13. The patch sizes are

selected based on the knowledge that the blood vessel thickness in the Fundus images

usually varies between 1 to 22 pixels. Thus the average pixel width is computed to

be approximately 11 pixels. Thus, the three patch sizes are identified for the work.

After the extraction of the patches, the system applies different Convolutional Neural

Networks on each one of the patches followed by a flatten layer to transform the

patches into feature vectors.
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Figure 3.1: An illustration of the flowchart depicting the Multi-Scale Layer Pixel-
based Segmentation Network
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3.3.2 Convolutional Neural Network

The patches extracted from the image pixel are transformed into a one-dimensional

feature vector with the help of three different uniform Convolutional Neural Network

(CNN). Each of the CNN models comprise of an input layer which takes as input

the patches of the image as input. The input layer of the model is followed by four

consecutive Convolutional layers comprising of the structure in Table 3.2.

Table 3.2: Convolutional Neural Network Structure

Layer # Layer Name # Filters Filter Size Activation

Layer 1 Convolution [178] 4 (3,3) ReLU [179]

Layer 2 Convolution [178] 4 (3,3) ReLU [179]

Layer 3 Convolution [178] 4 (5,5) ReLU [179]

Layer 4 Convolution [178] 4 (5,5) ReLU [179]

The output obtained from the final Convolutional Layers is then consecutively

passed through separate Flatten layers which converts the features into a one-dimensional

feature vector for each patch type. The symbolic representation of the three different

feature vectors are x1, x2 and x3. As the obtained feature vector shape is different for

each patch type, with 9×9 having least number of elements in the vector and 13×13

having the highest number of elements, the feature vectors for 9× 9 and 11× 11 are

padded with zeros for uniformity of their shape with 13×13 patch feature vector. The

feature vectors finally obtained from this segment of the model is then provided as an

input to the Multi-Scale Layer for feature combination of the model. An illustration

of the neural architecture is shown in Figure 3.2.

3.3.3 Multi-Scale Layer

The Multi-Scale layer takes as input three separate feature vectors x1, x2 and x3 as

input and combines them on the basis of their importance for classification of the

pixel based on its context or adjacent pixel properties. The philosophy behind the

layer is that each pixel classification can be modeled as combination of classification

decisions based on the pixel adjacent contexts. A low contrast vessel can be better

classified if a larger patch size can be used. The use of a smaller patch size for the

low contrast pixels will result in failure as sufficient context will not be present for its

proper classification. Most of the low contrast pixels are better classified by taking

into consideration a larger patch size for a more informed classification. However, the

use of a larger patch size might lead to the detection of spurious vessel pixels around
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Figure 3.2: An illustration of the applied Convolutional Neural Network

the vascular structures of a thick blood vessel. A smaller patch size is better suited

in such a scenario for a more accurate segmentation. In the Multi-Scale layer, the

features from all three of the patch types are combined in a weighted combination to

arrive at the final feature vector for the pixel in the image. The representation of the

Multi-Scale Layer is provided in Figure 3.3.

The equation used for the combination of the feature vector is shown below.

σ(x1 ⊗Wr1 ⊕Br1) = R1 (3.3.1)

σ(x2 ⊗Wr2 ⊕Br2) = R2 (3.3.2)

σ(x3 ⊗Wr3 ⊕Br3) = R3 (3.3.3)

R1 ⊕R2 ⊕R3 = z (3.3.4)

Wh1 ⊗R1 = h1 (3.3.5)

Wh2 ⊗R2 = h2 (3.3.6)
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Figure 3.3: An illustration of the Multi-Scale Layer. The illustration is partitioned
into two parts demonstrating the complete architecture of the layer.
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Wh3 ⊗R3 = h3 (3.3.7)

(x1 ⊕ x2 ⊕ x3)⊕ z ⊗ (h1 ⊕ h2 ⊕ h3) = Y (3.3.8)

The values of Wr1 ,Wr2 ,Wr3 ,Wh1 ,Wh2 ,Wh3 , Br1 , Br2 , Br3 of the layer are trainable

parameters which are learned by the network based on the training provided. The σ

operator is used to denote a sigmoid function through which the final set of values

for R1, R2 and R3 are computed. Lastly, the output feature vector is provided as an

input to the fully connected layer for final classification.

3.3.4 Classification

The combined feature vector Y is taken as an input to a fully connected model of the

neural network for final classification. The structure of the fully connected network

is shown as below in Table 3.3.

Table 3.3: Classifier Structure

Layer # Network Structure

Layer Name # Neurons Activation

Layer 1 Dense Layer 50 ReLU

Layer 2 Dense Layer 10 ReLU

Layer 3 Dense Layer (Softmax) 2 –

The classification network is trained using the ground truth images provided with

the Fundus image dataset. The softmax function is used in the final layer of the

model for predicting the final classification of the pixel as vessel or non-vessel. An

illustration of the classification layer is demonstrated in Figure 3.4.

3.3.5 Experimental Results

The performance of the model is evaluated using the DRIVE [112] dataset. The

model is trained with all the training images of the dataset and its performance on

the test images are recorded using Accuracy (Acc), Specificity (Sp) and Sensitivity

(Se) as the performance indicators. Accuracy of the model computes the percentage

of total number of pixels which are correctly classified as Vessel and Non-Vessel pixels.

Specificity computes the total number of Non-Vessel Pixels that were correctly clas-

sified while Sensitivity calculates the total number of Vessel pixels that are correctly

70



Figure 3.4: An illustration of the Multi-Scale Layer-based Classifier Network.

classified. Table 3.4 presented below highlights the performance comparison of our

approach with some of the existing works in the literature.

In addition to the training and testing data, the DRIVE dataset also provides

two sets of Ground Truths, annotated by two different Human Observers. For the

purpose of evaluation, existing researches have utilized the first set of ground truth

as the gold standard and the second set of ground truths as a means of measuring

Human performance for the segmentation task. The performance has been computed

using the DRIVE dataset images and compared with the first set of ground truth

images provided along with the dataset. The Human performance is also computed

using the second set of ground truths and has been presented in Table 3.4.

From Table 3.4, it is observed that the presented work performs comparably better

compared to existing state of the art works in this field. The current state of the art

accuracy obtained is by Wankhede et al. [183] with an accuracy of 97.2% whereas

the given model has obtained an accuracy of 94% which is comparable to the other

past works. However, the model produced a better Sensitivity value of 78% compared

to 74.2% by Wankhede et al. [183]. Overall, the measure of Sensitivity is seen to

be better than most of the state of the art systems, bested only by the works done

by Jiang et al. [113] and Liskowski et al. [108]. However, the model achieved a

Specificity of 95.6% compared to 90% obtained by Jiang et al. [113]. Also, the work

achieves a better Accuracy and Specificity when compared to the respective metrics

achieved by Liskowski et al. [108]. The value of Sensitivity plays an equally important

role as Accuracy in the evaluation of our system as Sensitivity correlates with the

number of vessel pixels correctly segmented. It can be seen that Sensitivity achieved

is comparable with almost all the state-of-the-art systems while achieving a standard
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Table 3.4: Comparison of different research approaches on performance metrics

Performance Comparison

# Research Work Type Accuracy Specificity Sensitivity

1 [113] Supervised 0.891 0.900 0.830

2 [180] Supervised 0.952 0.983 0.725

3 [114] Supervised 0.959 0.972 0.775

4 [181] Unsupervised 0.954 0.982 0.742

5 [160] Unsupervised 0.942 0.969 0.689

6 [182] Unsupervised 0.951 0.972 0.731

7 [161] Unsupervised 0.946 0.978 0.733

8 [183] Unsupervised 0.972 0.971 0.742

9 [16] Deep Learning 0.925 0.924 0.916

10 [184] Deep Learning 0.965 0.988 0.731

11 [185] Deep Learning 0.954 0.981 0.765

12 Human Observer – 0.947 0.968 0.789

13 Proposed Approach Deep Learning 0.940 0.956 0.780

performance in other metrics. The visual output of the system on DRIVE test images

is presented in Figure 3.5.

3.4 Structural Asymmetric Sampling-based Probability-

Map Choquet-Fusion Prediction Network

This section presents the Structural Asymmetric Sampling-based Probability-Map Choquet-

Fusion Prediction Network (PrSASfNet) RV segmentation approach. Each of the

steps is discussed in detail in the following subsections. An overview of the proposed

method is shown in Fig 3.6.

The PrSASfNet architecture is inspired from the design of an encoder-decoder

structure with skip connection as the backbone. It mainly comprises of two units,

namely, Structural Asymmetric Sampling based Encoder-Decoder Network (SASNet)

and Probability-Map Choquet-Fusion based Prediction Network (PrfNet). Figure

3.6 depicts the architecture of the proposed PrSASfNet. The motivation for the

operation of the PrSASfNet is founded on two primary features used in delineation

of the vessel structure in fundus images, namely, intensities of vessel regions and

contrasting difference at vessel margins between vessel region and background region.

In the following sub-sections, a detailed overview of each individual unit of the network
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Figure 3.5: Qualitative depiction of the model performance on the DRIVE dataset.
(a) Original RGB Fundus Image (b) Human annotated Vessel Ground Truth (c)Multi-
Scale Layer Pixel-based Segmentation Network Achieved Output
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Figure 3.6: An overview of the proposed convolution-based PrSASfNet architecture.
(a) Block Diagram of the proposed model. Here, l1/l2 represents the penultimate
layer of the respective decoder. (b) Architectural Design of the proposed encoder. (c)
Architectural Design of Decoder n, where n ∈ {1, 2}. (d) Design of the Structural
Asymmetric Sampling (SAS) Layer. The output obtained from l1|2 comprises of 4
channels which is further passed through a 3 × 3 Convolution to generate IC and
IP respectively. Simultaneously, the output from l1|2 is passed through the PrfNet
block, as depicted in (a), to obtain final segmented image IF .
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is presented.

3.4.1 Identification of the approximate structure of RVs us-

ing SASNet

This section presents the Structural Asymmetric Sampling based Encoder-Decoder Net-

work (SASNet) for identifying approximate vessel regions in fundus images. SASNet

is structurally based on a standard Encoder-Decoder architecture with skip connec-

tions (as shown in Figure 3.6), with a fundamental change made to the network’s

pooling and upsampling module for both the encoder and decoder arms respectively.

A Structural Asymmetric Sampling (SAS) Layer in used, inspired from [186], instead

of a standard pooling and upsampling operation. It employs two trainable asymmet-

ric matrices to perform a sampling of features, which ensures feature preservation and

representation. Figure 3.6(d) illustrates the functioning of our proposed SAS layer.

The mathematical formulation of SAS Layer is detailed below.

Let FH×W×C
out,l be denoted as the convolution feature map output at layer l having

dimension of H ×W × C, where H, W and C signify height, width, and channels,

respectively. The feature maps generated post convolution operation can be formally

defined as

FH×W×C
out,l = concati(∀i,max(0,FH×W×C1

in,l ∗ K3×3×C1
i,l )) (3.4.1)

where FH×W×C1
in,l is the feature map input at layer l of the model having a dimension

of H ×W × C1, K3×3×C1
i,l is the ith kernel at layer l having dimension 3 × 3 × C1, ∗

signifies the convolution operation. The feature map FH×W×C
out,l , generated from a

specific convolution layer l, is taken as input to the SAS layer.

PH2×W2×C
out,l = (Mcol × (Mrow ×FH×W×C

out,l )T )T (3.4.2)

where, × represents matrix multiplication, Mcol and Mrow are two trainable asym-

metric matrices with dimensions H2 ×H and W2 ×W respectively. (.)T signifies the

matrix transpose operation for each filter along the channel dimension and PH2×W2×C
out,l

is the final output of the SAS layer. Here, the value of H2 and W2 is considered to

be equal to H
2

and W
2

respectively for the encoder arm of the network. Similarly,

the values of 2H and 2W is calculated respectively for H2 and W2 in the decoder

arm. Thus, SASNet acts as a Classification model for RV segmentation to generate

a coarse segmentation map (IC) with respect to the vessel annotated ground truth

(IGT ). The SASNet Classification model is trained using the generalized Dice-Loss
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function (LDice) [187].

In parallel to the primary Decoder arm (shown as Decoder 1 in Fig. 3.6(a)), a

secondary structurally identical Decoder arm (shown as Decoder 2 ) is also designed.

The secondary Decoder is trained to generate the probability of a vessel pixel to

be a vessel boundary. To train Decoder 2, a boundary-probability map is prepared

separately as ground truth (IProb) to train the regression model. The probability-

map based ground truth is prepared derived from vessel-annotated ground truth as

explained next.

Firstly, a Canny Edge Detection algorithm [188] is applied on the vessel annota-

tion IGT to obtain the boundary pixels (as shown in Fig. 3.7(b)). However, most

annotated ground truths suffer from annotation bias [189] which may lead to drop in

model performance. To achieve a balance between annotation bias and model perfor-

mance, a Boundary Region in this work. A Boundary Region is defined as a set of

all pixels with proximity near Canny Edge generated boundary pixels. A proximity

distance of 2 is considered. In consequence, a Boundary Region based Probability-

Map is thus generated by iterating over all edge pixels obtained from Canny Edge

detection algorithm. At each edge pixel, a 5 × 5 kernel (as proximity is 2) is placed

with the center on the edge pixel. The kernel center point is assigned a probability

of 1. The remaining points within the kernel are assigned a probability of 0.5. The

output image is considered as the Boundary Region based Probability-Map ground

truth image (Iprob) of image IGT . The generated Iprob is finally used to train the De-

coder 2 arm of SASNet as a regression model using the Mean-Squared Error function

(LMSE) [190] and predict the boundary probability image (IP ).

A detailed algorithm for Region-based Probability Map computation (Iprob) is

presented in Algorithm 1.

Algorithm 1 Computation of Region based Probability-Map Ground Truth Iprob for
PrfNet model

1: Input: IGT

2: Output: Iprob
3: Initialize: Iedge ← fCanny(IGT )
4: for h=2 to H − 2 do ▷ As kernel is of size 5× 5
5: for w=2 to W − 2 do ▷ As kernel is of size 5× 5
6: if Iedgeh,w ∈ {1} then
7: P ← Iedgeh−2:h+2,w−2:w+2 ▷ Extract 5× 5 patch centered at (h,w)
8: Set P2,2 ← 1 and ∀i,j /∈{2}Pi,j ← 0.5

9: Set Iprobh−2:h+2,w−2:w+2 ← P
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Figure 3.7: An illustration of the Probability Map generation (IProb). (a) An input
vessel annotated image IGT (b) A Canny Edge Detector is applied on IGT . At each
edge coordinate, a 5× 5 kernel is applied. (c) Probability Map image (IProb) for the
input image IGT .
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Figure 3.8: An illustration of the Probability-Map Choquet-Fusion based Prediction
Network (PrfNet). µ set represents the learnable Fuzzy Measure.

3.4.2 Identification of the boundary of RVs using PrfNet

The difference in the contrast between vessel boundaries and background region varies

across different regions of the Fundus Image. This poses an additional challenge in the

design of any automated RV segmentation model. The vessel-boundary surface is often

misclassified owing to the complexities [191]. To mitigate the issue, a Regression-based

model is designed to predict a Boundary Probability-Map (IP ). The coarse segmen-

tation image IC and the predicted Boundary Probability-Map IP are combined using

a Choquet-Fusion guided unit PrfNet to generate the final vessel segmented image

IF . The design of the PrfNet is detailed as follows.

Feature set from the penultimate layers of each decoder arm (namely, l1 and l2

respectively) is extracted and channel-wise concatenated to form an 8-channel feature

map (shown in Figure 3.8). At each pixel coordinate, a 3× 3× 8 patch is extracted,

as shown in the figure. The extracted patch is spatially squashed [192] per channel

to a shape of 1 × 1 × 8 and, finally, flattened to form a single 8-dimensional feature

vector. The flattened vector is passed through an ANN (Fig. 3.8) to extract a vector

V of length three, viz., V = {σ(v1), σ(v2), σ(v3)}, (shown in Figure 3.8), where σ is

the Sigmoid function. Set V is considered as a feature set, in this work, to classify

each pixel coordinate of the final IF image as vessel pixel or background pixel. To

classify set V , we take inspiration from the Choquet Integral [193] for data fusion in

fuzzy systems. Firstly, a feature correlation is determined in set V by defining a fuzzy

measure set (µ : 2V → [0, 1]) as a trainable parameter in this work. Mathematically,

µ is formulated as

µ = {wp | ∀p ∈ P(V )− φ, 0 ≤ wp ≤ 1} (3.4.3)

where P(V ) is defined as the Power Set [194] of V , φ is the null element and wp
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represents an element of the trainable parameter set µ. Two additional constraints

on the fuzzy set µ to simplify the optimization, viz., µ({v1}) = µ({v2}) = µ({v3})
and µ({v1, v2}) = µ({v1, v3}) = µ({v2, v3}). A function π : [0, 1]n → N is defined in

this work which selects the smallest value in a set of cardinality n and returns the

position of the element in the set. The formulations are combined of µ and π and

thus formulate a prediction score Cµ(V ) based on principles of Choquet Integral as

shown in Algorithm 2.

Algorithm 2 Computation of Fuzzy Prediction Score for PrfNet model

1: Input: V , µ, π
2: Output: Cµ(V )
3: Initialize: Aπ = {}, Cµ(V )← 0, e← 0
4: for steps=1 to 3 do
5: Cµ(V )← Cµ(V ) + |Vπ(V−Aπ) − e|.µ(V − Aπ) ▷ Compute the prediction score
6: e← Vπ(V−Aπ) ▷ Extracting smallest element from Set V − Aπ

7: Aπ ← Aπ ∪ {e} ▷ Adding the extracted element to set Aπ

All pixel coordinates having Cµ(V ) > 0.5 are finally classified as Vessel Pixel. To

train the fuzzy measure set µ, the Binary-Cross Entropy function (LBCE) [195] has

been used in this work to update the fuzzy measure set across iterations. The fuzzy

measure updation is defined as

µiter+1 = µiter − η
∂LBCE

∂µ
(3.4.4)

where iter signifies the iteration and η is the learning rate. The final obtained

image is denoted by IF . It is, however, noted that boundary conditions and mono-

tonicity constraints have not been imposed on the fuzzy set µ in this case to limit

the computational overhead. Additionally, the SASNet unit and the PrfNet unit of

the proposed work are trained separately, in sequence of mention, to achieve overall

performance.

The proposed convolutional architecture is coded in the PyTorch environment [196]

having 32GB RAM with a 15GB T4 GPU for faster processing. Each individual

module of the platform is trained using the Adam optimizer [197]. The training is

performed for a maximum iteration of 1000 and, for each iteration, the learning rate

is fixed at 3e−4, constrained on an Early Stopping criterion based on the Loss per

iteration. A batch size of 4 is considered for each iteration to limit the need for excess

memory.
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3.4.3 Experimental Results

In this section, a detailed qualitative as well as quantitative analysis of the proposed

PrSASfNet architecture is presented on four public benchmark datasets, namely,

DRIVE [112], STARE [198], CHASEDB1 [199] and HRF [200] respectively. The

DRIVE dataset comprises of RGB fundus images captured at a resolution of 768 ×
584 pixels and segregated into 20 training and 20 testing vessel annotated sets of

images for retinal vessel segmentation. The STARE dataset includes a retinal vessel

annotated gold standard of 20 RGB fundus images. In this approach, the dataset is

split at random into a set of 10 images for training and a set of 10 images for testing

as the dataset does not provide any segregation. CHASEDB1 dataset comprises of

28 color fundus images captured with a resolution of 1280 × 960 pixels each. The

dataset is also partitioned at random into a set of 14 images for training and 14 images

for testing respectively. The HRF dataset is a high-resolution fundus image dataset

consisting of 45 fundus images with annotated vessel segmentations. Each image is

captured at a resolution of 3504 × 2336 pixels. The dataset is split at random into a

set of 23 images for training and 22 images for testing respectively. To increase the

volume of data for model training, standard data augmentation approaches had been

applied on the training set and the performance achieved on the test set is highlighted

in subsequent sections. All images, both training and testing, have been resolved to

a dimension of 512× 512 in this work.

Figure 3.9: An illustration for the qualitative analysis of the segmented output
obtained on (a) DRIVE (b) STARE (c) CHASEDB1 (d) HRF datasets respectively.
The first row corresponds to the original color fundus images. The second row corre-
sponds to the human-annotated ground truth for vessel segmentation. The last row
corresponds to the segmented output obtained from the proposed PrSASfNet model.
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Figure 3.10: An illustration of the ROC Curve for computaion of AUC on (a)
DRIVE (b) STARE (c) CHASEDB1 (d) HRF dataset

3.4.4 Performance Evaluation of Vessel Segmentation

Fig. 3.9 highlights the segmentation outputs obtained for each set of fundus images

from DRIVE, STARE, CHASEDB1 and HRF datasets respectively for a qualitative

analysis. The first two rows correspond to the color fundus images and their cor-

responding vessel annotated ground truths respectively. The last row presents the

obtained vessel segmentation output. It is observed from the figure that the seg-

mented output bears significant resemblance to the human annotated ground truth.

However, apart from qualitative aspects, quantitative assessment is also necessary

for complete evaluation of the approach. To perform a quantitative analysis, firstly,

PrSASfNet model is compared with a vanilla U-Net model [125]. The U-Net model is

selected for comparative analysis as it follows a similar skip-connection based encoder-

decoder architecture. Also, U-Net model is a popular model in literature and is most

commonly used for biomedical image segmentation. Table 3.5 highlights the statis-

tical performance between a vanilla U-Net model and our proposed architecture in

Retinal Blood Vessel segmentation task. It is observed that the architecture achieves

a better performance overall in comparison to vanilla U-Net model. For a compara-

tive analysis, four standard benchmarks for biomedical segmentation evaluation have

been used in this work, namely, Sensitivity (Se), Specificity (Sp), Accuracy (Acc) and

Area Under Curve (AUC) respectively [108]. Figure 3.10 highlights the obtained ROC

Curve for the model across all four benchmark datasets. It is noted from Table-3.5

achieves almost 5.1%, 3.7%, 1.5% and 0.2% increase in Sensitivity performance in

contrast to baseline U-Net model. Simultaneously, an increase of 0.7%, 1.1% and

2.0% in Accuracy is observable. The approach has a minimal impact on the HRF

dataset however, as noted from Table-3.5. The dimensionality reduction of the HRF

data to a resolution of 512× 512 might have attributed to loss of information which

reduces the impact. Nonetheless, the significant boost in performance across the other

datasets establishes the efficacy of the approach.

To establish the achieved performance, the PrSASfNet model is additionally com-
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Table 3.5: Comparison of the PrSASfNet architecture with a vanilla U-
Net model.

Databases Methods Sensitivity Specificity Accuracy AUC

DRIVE U-Net [125] 0.809 0.972 0.955 0.979
This Work 0.860 0.972 0.962 0.984

STARE U-Net [125] 0.818 0.979 0.965 0.986
This Work 0.855 0.988 0.976 0.992

CHASEDB1 U-Net [125] 0.829 0.983 0.965 0.986
This Work 0.844 0.988 0.985 0.987

HRF U-Net [125] 0.821 0.979 0.964 0.985
This Work 0.823 0.980 0.964 0.985

pared against other SOTA methods in literature. Table 3.6 highlights the compara-

tive analysis across all four benchmark datasets. Additionally, the scores obtained are

compared beyond three decimal places in the event of a tie. It is noted that the model

has achieved highest Sensitivity (0.860) and second-best AUC (0.984) score amongst

contemporary works listed on the DRIVE dataset. For the STARE dataset, the model

performs superior across three parameters in comparison to other methods, namely,

Specificity (0.988), Accuracy (0.976) and AUC (0.992) respectively. With context to

CHASEDB1 dataset, the model achieves better performance in terms of Specificity

(0.988) and Accuracy (0.985) scores. On the HRF dataset, the architecture achieves

a superior performance in terms of Sensitivity (0.824). Additionally, the model also

achieves a second-best performance in terms of AUC (0.984) on DRIVE dataset, Sen-

sitivity (0.844) on CHASEDB1 dataset and AUC (0.985) on HRF dataset respectively.

In the following section, an ablation study is presented to investigate the individual

unit performance independently.

3.4.5 Ablation Study

To better gauge the efficacy of the approach, a series of Ablation Studies have been

conducted and the results obtained are reported in this section. The following sub-

sections indepedently highlight the noted observations.

3.4.5.1 Efficacy of SAS-Layer

Firstly, the efficacy of the proposed Structural Asymmetric Sampling layer is evalu-

ated. To gauge the efficacy of the layer, the structural architecture of Encoder -Decoder

1 skip connected architecture is replicated. The SAS layer is replaced by standard

MaxPooling layer in Encoder and UpSampling Layer in Decoder-1. The model, thus
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formed, is similar in structure as a U-Net model but with lesser parameters. The

term LwU-Net is coined to address this architecture. In parallel, a similar architec-

ture is also designed but with the SAS Layer in both the Encoder and Decoder-1 arms

(coined as LwU-Net+SAS). Table-3.7 is a brief highlight of the proposed architectures

respectively. Each layer highlighted in Table comprises of a series of dual successive

blocks of operations with each block comprising of 3 × 3 Convolution with stride

as 1 and zero-padding of depth 1. Each convolution operation is followed by Batch

Normalization and ReLU Activation layers respectively. The LwU-Net model as well

as the LwU-Net+SAS Layer model is trained using Dice Loss and used to predict

the vessel segmentation output. Table-3.8 highlights the achieved performance across

Sensitivity (Se), Specificity (Sp) and Accuracy (Acc) respectively, across DRIVE and

STARE datasets. It is noted that the U-Net+SAS layer model performs better than

the base U-Net model with an improvement of almost 3% and 4% in Accuracy on the

respective datasets. Furthermore, an improvement of almost 8% and 9% is also noted

on the respective datasets. This establishes the efficacy of SAS Layer integration.

Table 3.7: Structural Comparison between LwU-Net and LwU-Net+SAS.

LwUNet (#Channels)LwU-Net+SAS (#Channels)

Encoder Decoder Encoder Decoder

I/O 3 1 3 1

Layer1 32 32 32 32

Layer2 64 64 64 64

Layer3 128 128 128 128

Layer4 256 256 256 256

Table 3.8: Statistical Results of Ablation Study between LwU-Net and
LwU-Net+SAS model.

Databases LwU-Net LwU-Net+SAS

Se Sp Acc Se Sp Acc

DRIVE 0.750 0.940 0.930 0.830 0.980 0.960

STARE 0.730 0.930 0.910 0.820 0.970 0.950

3.4.5.2 Efficacy of PrfNet module

The efficacy of the Probability-Map Fusion Based Prediction Network is evaluated in

this sub-section. As the PrfNet module is computed in adjunct with the Probability
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Map Iprob, the subsequent modules are removed and the LwU-Net+SAS model, shown

in Table-3.7, is considered. The comparative analysis between the LwU-Net+SAS

model and our proposed PrSASfNet model is presented under Table-3.9, as shown.

It is noted that a significant impact is observed on Sensitivity across both datasets,

with an improvement of almost 3% noted. The change in Sensitivity is also reflected

in the achieved Accuracy, as a boost of almost 1% and 2%, respectively, is noted

across both datasets. However, a small aberration 1% in Specificity is noted on

the DRIVE dataset which might be attributed to a drop in performance across low

contrast regions.

Table 3.9: Statistical Results of Ablation Study between LwU-Net+SAS
and PrSASfNet model.

Databases LwU-Net+SAS Our Work

Se Sp Acc Se Sp Acc
DRIVE 0.830 0.980 0.960 0.860 0.970 0.960

STARE 0.820 0.970 0.950 0.850 0.980 0.970

3.4.5.3 Performance in Cross-Validation

To gauge the generalization potential of the approach, Cross-Validation is used to

evaluate the performance of the model. Two standard datasets, namely, DRIVE

and STARE, is used to conduct the cross-validation studies. Initially, the PrSASfNet

model is trained on the augmented DRIVE dataset and tested on the STARE dataset.

Subsequently, the model is trained on the augmented STARE dataset and tested on

the DRIVE dataset. Table highlights the achieved performance on cross-validation ex-

periments. A comparative analysis is also presented with the state-of-the-art DPF-Net

model [55] for elucidating the capabilities of the work. It is noted that the approach

achieves an overall average increase of 0.5% in Specificity and 0.1% in Accuracy across

both cross-validation studies with respect to benchmark performances. However, an

overall drop of 2.55% is noted in Sensitivity across both studies.

3.4.5.4 Performance in Diseased Samples

To better evaluate the practicality of the proposed approach, the model performance

on Diseased data samples is studied in this section. Seven diseased images from

DRIVE dataset and ten diseased images from STARE dataset is selected for testing

the pre-trained model performance in this work. Table-3.11 highlights the achieved

performance across disease data samples. It is noted that the proposed approach
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Table 3.10: Statistical Results of Cross-Validation on proposed PrSASfNet
model.

Train Test Model Sensitivity Specificity Accuracy

U-Net [125] 0.613 0.947 0.904

DRIVE STARE DPF-Net [55] 0.749 0.983 0.953

Our Work 0.711 0.988 0.953

U-Net [125] 0.655 0.931 0.889

STARE DRIVE DPF-Net [55] 0.746 0.984 0.948

Our Work 0.733 0.989 0.950

achieves an overall superior performance in comparison to past literature. This es-

tablishes the practical applications of the proposed model in real-life scenarios.

Table 3.11: Statistical Results of Diseased Samples on proposed
PrSASfNet model.

Model DRIVE STARE

Se Sp Acc Se Sp Acc

U-Net [125] 0.755 0.979 0.957 0.778 0.978 0.963

CE-Net [166] 0.815 0.979 0.965 0.794 0.983 0.969

IterNet [167] 0.823 0.982 0.968 0.809 0.979 0.966

Our Work 0.847 0.981 0.968 0.822 0.982 0.970

3.5 2pCePd-Net: Two-Path Cross-context Encoder

with Probability Map-based Band-pass Decoder

for Retinal Vessel Segmentation

Let R3 signify a 3D continuous space, and I : Θ → R3 be the RGB fundus image,

where Θ(⊂ R3) = (x, y, z)|x, y, z ∈ Z is defined as the image domain. Typically, I
consists of three distinguishable sub-regions, namely, retinal vessels (Irv), optic disc

(Iod), and background (Ib).
The 2pCePd -Net architecture is inspired from the design of an encoder-decoder

structure as the backbone with three distinct sections, namely, Two-path Cross-

Dictionary Residual (2pCd+) Encoder, Context-Aware Encoder Resampler Gate (CERg)

and Probabilistic Band-Pass Fusion (p̂BPf) Module. Figure 3.11 illustrates the struc-
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ture of the proposed model. As can be observed in the figure, each horizontal segment

of the network is referred to as a level, denoted by l. This notation is used exten-

sively across subsequent model discussion. The following sub-sections provide detailed

explanation of each individual section of the network.

3.5.0.1 Two-Path Cross-Dictionary Residual (2pCd+) Encoder

The model starts from the Encoder section as highlighted in Figure 3.11. The En-

coder module is structured in alignment with an Encoder-Decoder module with skip

connections, as is common in literature [125]. However, such a structure also in-

troduces challenges in the Vessel Segmentation tasks in Retinal Fundus images [55].

Notably, the continuous downsampling of features using a generic MaxPooling layer

does not preserve the subtle features necessary for decoding thin vessel regions [173].

To address this issue, a 2pCd+ Encoder is introduced which preserves the important

features for segmentation by introducing a Cross-Dictionary based Attention module,

as depicted in Figure 3.12.

Firstly, a chain of Strided-Convolutions (stride=2) is deployed, which runs par-

allel to the Encoder stream and acts as an auxiliary stream of features. It is noted

that the MaxPooling operation in Encoder stream enhances the translation invariance

capabilities in CNN models whereas the Strided Convolution in auxiliary stream pre-

serves better feature information [201]. To combine the advantages of both modules,

a Cross-Dictionary guided Encoder block, named Cd+, is designed in the work. Let

the auxiliary stream input for a given Enc block at level l be denoted as faux
in and the

encoder stream input from Enc block at level l-1 as f enc
in respectively. To enhance

the feature representation in the downsampled encoder output, inspiration is taken

from Cross-Attention [46] mechanism and compute the dictionary value matrices Denc
v

and Daux
v , along with dictionary key matrix Denc

k and dictionary query matrix Daux
q

respectively, defined as follows:

Denc
v = f̂ enc

in ∗ Φenc
v

Denc
k = f̂ enc

in ∗ Φenc
k

Daux
v = faux

in ∗ Φaux
v

Daux
q = faux

in ∗ Φaux
q

(3.5.1)

In Equation 3.5.1, f̂ enc
in represents downsampled feature vector of f enc

in and Φenc
v ,Φenc

k ,

Φaux
v ,Φaux

q represent the Convolutional Weight matrices respectively. Subsequently,

the salient features are merged from the two dictionaries and cross-attention is com-
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Figure 3.11: An illustration of the 2pCePd -Net model. (a) The symbolic block
based depiction of the proposed 2pCePd -Net. The symbolic interpretations of the
network blocks are highlighted within the Legend. (b) The detailed symbolic design
of the Double Convolution Block (marked as DC Block in (a)). (c) The detailed
symbolic design of the Up-Transpose Decoder Block (marked as Dec in (a)).88



puted on the downsampled feature space f̂ enc
in as follows:

f temp = softmax(
(Denc

k )T ⊙Daux
q√

d
)⊙Denc

v (3.5.2)

In Equation 3.5.2, f temp represents cross-attention feature vector, d represents the

channel dimension, (Denc
k )T represents the transposed matrix and ⊙ represents the

Hadamard Product. Finally, the output of the Cd+ Encoder block (fCd+

out ) is computed

as follows:

fCd+

out = f temp + f̂ enc
in + σ(Daux

v ) (3.5.3)

In Equation 3.5.3, σ(.) denotes the Sigmoid function. The addendum of the

σ(Daux
v ) in Equation 3.5.3 incorporates an additional pathway for f temp to recover

any depreciated feature of importance due to the initial MaxPooling operation. Fur-

thermore, the resultant feature (f temp+σ(Daux
v )) is added to the Encoder stream input

f enc
in , similar to a Residual block [202]. This enforces the network to learn the Differ-

ence transformation [202] function between input and output instead of the complete

transformation, which leads to better encoding. However, it is noted that although

the Cd+ Encoder block is capable of capturing relevant features, it might get biased

towards certain patterns and dependencies, a common phenomenon in single-head

attention mechanisms as discussed in [203]. To mitigate such issues, a multi-block

n−Cd+ Encoder module is deployed to avoid local fitting and preferential dependen-

cies, where n represents the number of Cd+ blocks. The value of n = 2 is empirically

set for maintaining a balance between quality of output with computational resources

and thus design the proposed 2−Cd+ Encoder block as shown in Figure 6. The out-

puts obtained from each encoder are combined as a Channel concatenation followed

by subsequent convolution operations, as shown in figure, to obtain the final combined

encoder output f enc
out . The combined encoder architecture with multiple Cd+ blocks

and combinatorial layers is denoted as 2pCd+ block in this work.

3.5.0.2 Context-Aware Encoder Resampler Gate (CERg)

Similar to standard CNN architectures, a skip-connection bridge is employed between

the Encoder section and Decoder section respectively for better segmentation. How-

ever, the usage of skip-connections present an alternate pathway to the network to by-

pass the deeper layers, leading to dependence of the network on shallower features [16].

Additionally, traditional skip-connections duplicate the less-informed features of the

model from shallower layers which often lead to incorrect target boundary detection

in medical image segmentation [204]. To simultaneously mitigate both the issues in

89



Figure 3.12: A depiction of the 2pCd+ Encoder Block.
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traditional skip-connections, a Context-Aware Encoder Resampler Gate is employed.

Firstly, three axioms are presented relevant to all learned encoded feature space in a

CNN model for retinal vessel segmentation.

Axiom 1: A well-learned feature space F would represent all vessel regions separate

from background regions irrespective of local vessel properties.

Axiom 2: A well-learned feature space F would be devoid of any influence from

noise.

Axiom 3: A feature space F̂ derived from F would preserve all information present

in F .
To incorporate the axioms in the network, an inspiration is taken from past

context-sensitive networks [205]. Thus, a Context-Aware Skip connection bridge is

designed to incorporate information from deeper layers. This introduces a framework

to modulate an over-dependence of the network on less-informed features on skip-

connections, shown in Figure 3.13. As can be observed in the figure, the CERg block

comprises of three distinct sub-modules, namely, Feature Modulation (fFM), Outlier

Filter (fOF ) and Vector Resampler (fV R) respectively.

Let us consider a CERg module on skip-connection at level l. It is well-documented

in literature that Encoder outputs at level l̂ < l are more susceptible to noisy inputs

[125] than deeper layers. A simple skip-connection at shallower layers would transmit

a noise-infused feature onto the Decoder, inducing an additional difficulty on the

Decoder to adhere to Axiom 1. In such scenarios, an emphasis on Axiom 2 might aid

to mitigate an additional workload on Decoders. Furthermore, it is also important

to preserve the relevant features on the skip connection for improving segmentation.

These observations lead to the inspiration of the CERg Skip connection module.

Firstly, a Feature Modulation unit takes an encoder output f enc
out at level l as input

as well as the CERg block output at level l + 1 and computes fFM . In this context,

it is noted that Encoder outputs at deeper layers are less prone to noise [170] while

preserving the relevant features necessary for segmentation (Axiom 3). Thus, fFM is

equated mathematically as

fFM = f enc
out ⊙ σ(f̂CERg

l+1 ∗ ΦCERg
1,l+1 ) (3.5.4)

In Equation 3.5.4, f̂CERg
l+1 represents De-Convoluted matrix and ΦCERg

1,l+1 represents

the convolutional weights respectively. Equation 3.5.4 highlights a modulation where

less represented features from deeper layers are suppressed in fFM (due to σ(.)), thus

putting emphasis on useful information. An Outlier Filter unit is appended to the

Feature Modulation unit to further boost informative signal in the output fFM while

depreciating the less-represented features. Mathematically, it is represented as
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fOF = fFM + (σ(f̂CERg
l+1 ∗ ΦCERg

2,l+1 ))

⊙(tanh (f̂CERg
l+1 ∗ ΦCERg

3,l+1 ))
(3.5.5)

In Equation 3.5.5, ΦCERg
2,l+1 ,ΦCERg

3,l+1 represents the convolutional weights respectively.

Equation 3.5.5 highlights that a less represented feature in f̂CERg
l+1 would generate a

tangent value closer to 0 or even negative whereas a well-represented feature would

generate a value closer to 1. This property of hyperbolic tangent is used as an additive

input to boost or depreciate the features respectively. Due to the additive nature of

the design, a sigmoid function is multiplied with the tangent output to potentially

limit the range of feature fluctuation for a stabilized learning. Finally, to limit the

feature values within range [-1,1] (a zero-centered distribution [201]) and prevent

gradient abnormality [206], a Vector Resampler unit is introduced. It is desirable that

informative features have a higher representation in the feature vector in comparison

to less-informative features in the final output. Thus, the feature space is resampled

in the Vector Resampler unit and compute the final output as

fV R = tanh {(fOF ∗ ΦOF )⊙ (f̂CERg
l+1 ∗ ΦCERg

4,l+1 )} (3.5.6)

In Equation 3.5.6, ΦCERg
4,l+1 ,ΦOF represents the convolutional weights respectively.

The obtained feature map fV R is channel-concatenated with the input f enc
out and sent

as an input to the decoder module as represented in Figure 3.13.

3.5.0.3 Probabilistic Band-Pass Fusion (p̂BPf)

An Up-Transpose Decoder module is incorporated in the Decoder Section of the net-

work, as shown in Figure 3.11. An Up-Transpose Decoder at level l takes inputs from

CERg block at level l and Up-Transpose Decoder block from level l + 1 respectively.

It is noted that a model performance not only depends on model architecture but also

on the training methodology which directs the gradients in the network to adjust the

weights optimally. In this work, the model is directed to optimally segment a chal-

lenging region, defined herewith as Margin-of-Error (MoE) region (shown in Figure

3.14). The MoE region is defined as a vessel region having poor contrast with the

adjacent background region. This enhances the difficulty in identifying the boundary

of the vessels as well as proper delineation of thin vessels in RV segmentation task.

It is trivial to state that all thin vessel regions are subset of MoE regions as well. To

better augment the learning process, especially in MoE region, the use of a probability

map is proposed to direct the model learning as discussed next.
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Figure 3.13: A depiction of the CERg Resampler Block.
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Let us consider Iauggt be the ground-truth image of the fundus image Iaug. Initially,
a Canny edge detector [207] is applied on the image Iauggt to obtain a binary vessel edge

map ICgt, which highlights the vessel edges in the ground-truth, as shown in Figure

3.15. The local pixel direction dx,y is calculated for qx,y,1 ∈ ICgt as highlighted in [207].

Additionally, d⊥x,y is denoted as the orthogonal direction to dx,y which is directed

towards the vessel. To illustrate the formulation, a fragment of a vessel i is considered

comprising of two vessel edge fragments Ei
1 and Ei

2 which form the boundary of the

vessel i, as shown in Figure 3.15. For each pixel qx1,y1,1 ∈ Ei
1, a traversal is conducted

along d⊥x1,y1
till the pixel qx2,y2,1 ∈ Ei

2 is reached. A hypothetical edge Ei
CV is defined,

parallel to dx1,y1 which passes through the mid-point between pixels qx1,y1,1 and qx2,y2,1,

as shown in Figure 3.15. A window Wk is defined of size k×1, positioned on Ei
CV and

oriented along d⊥x1,y1
, intersecting qx1,y1,1 and qx2,y2,1 (shown in Figure 3.16). Here. k

is equal to the Euclidean distance between pixels qx1,y1,1 and qx2,y2,1. All pixels are

denoted, which lie within window Wk, as uj with j = 0, . . . , k − 1, where u0 = qx1,y1,1

and uk−1 = qx2,y2,1. The probability of a pixel uj to be the edge pixel is thus computed

as

P(qj) = δj(1− δ)|(k/2)−j| (3.5.7)

In Equation 3.5.7, δ = 0.25 is empirically set in this work. Eq. 16 assigns the

highest probability to the edge pixels qx1,y1,1, qx2,y2,1 and gradually decreases as j

approaches the edge Ei
CV , as shown in Figure 3.16. The process is repeated across all

pixels qx,y,1 in ICgt to generate the final vessel boundary map IPr. Finally, the generated

probability map IPr is used as an auxiliary ground truth to train the model.

Figure 3.14: illustrates the MoE. (a) fundus image patch, (b) corresponding ground-
truth patch, and (c) denotes the MoE (green line).

A Probabilistic Band-Pass Fusion module is proposed to incorporate the proba-

bility map in the training process of the network, as shown in Figure 3.17 (Part-1).
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Figure 3.15: (a) vessel segment from a ground-truth, (b) vessel boundary after
applying Canny-edge detector, and (c) edge pair searching in context of point px1,y1,1

of edge Ei
1.

Figure 3.16: Computation of the probability map for vessel i at point px1,y1,1. (a)
represents the window Wk of length k × 1 at point px1,y1,1, (b) computation of Prob-
ability at point qj (Eq. 13), and (c) probability map generated for vessel i at point
px1,y1,1.
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As depicted in figure, the probability map is convoluted and concatenated, at lower

as well as higher-feature level in order to generate two feature maps, namely, m1 and

m2 respectively. The model is thus further tasked to predict the probability map

along with the vessel segmentation, putting emphasis on the MoE region specifically.

However, this emphasis on MoE region introduces a susceptibility in the model to

noise [208] which in turn gets encoded into the m1 feature vector. To address the

issue, a Self-Rectified High Pass Gate (sRHP) is introduced which enables the fea-

ture map m1 to rectify the encoded space and reduce the influence of low-frequency

background noise (low contrast regions). In addition, a Self-Rectified Low Pass Gate

(sRLP) is proposed which enables the higher-order m2 feature map to remove high

frequency spikes in intensities which manifest as speckle noise in segmented outputs

of standard CNN models [209]. The sRHP and sRLP gates can be represented math-

ematically as

sRHP = m1 + σ(m1)

sRLP = m2 − σ(m2)
(3.5.8)

In Equation 3.5.8, it is noted that sRHP module effectively enhances the promi-

nence of dominant features due to the additive operation. Additionally, it enhances

the bandwidth between low-frequency noise and information in the feature space, thus

making noise more noticeable. In contrast, sRLP depreciates dominant features which

leads to better representation of less-prominent features. Simultaneously, a higher fre-

quency noise in the feature space gets better suppressed as well due to the subtractive

operation. The combined sRHP+sRLP Gates (coined as Band-Pass Gates) thus pos-

sess the ability to counter-act the effect of noise induced due to MoE detection. The

final segmented output IRV is thus obtained from the p̂BPf fusion module along

with the predicted probability map ILPr, as shown in Figure 3.17 (Part-2). In the

subsequent section, the training paradigm used in this work is discussed to train the

model.

3.5.0.4 Training and Implementation Details

The proposed 2pCePd-Net is trained using a generalized Dice Loss function [126],

denoted as LIRV , for a better overall segmentation. In addition, the network is trained

with an auxiliary objective to optimize the predicted probability map, which is trained

using a Mean Squared Error (MSE) function [125], termed as LILPr .

The loss functions are combined and the final loss function is presented as:
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Figure 3.17: A depiction of the p̂BPf Fusion Block.

L = α ∗ LIRV + β ∗ LILPr (3.5.9)

In Eq. 18, α, β are loss coefficient weights, empirically set to 0.6 and 0.4 respectively.

3.5.1 Experimental Results and Discussion

In this section, the segmentation performance of the method is systematically assessed

on four public benchmark datasets. Firstly, the fundus images dataset used for ex-

perimentation is described. Secondly, the efficacy of the proposed data augmentation

method λCMgC2 is evaluated. Finally, the efficacy of the presented segmentation

results with respect to individual blocks of the proposed 2pCePd -Net model is eval-

uated. The model is coded in the PyTorch environment having 64GB of RAM with

2×RTX 3060 GPUs for faster processing. Each individual module of the platform is

trained using the Adam optimizer with a maximum iteration of 1000 and a learning

rate of 3e−4, constrained on an Early Stopping criterion based on the Loss per itera-

tion. To prevent overfitting, an L2 Regularization is used in the training as well. All

modules are trained with a batch size of 3 to limit the need for excess memory.
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3.5.1.1 Qualitative Evaluation of the segmentation Result

Figure 3.18 illustrates examples of fundus images from the DRIVE, STARE, CHASEDB1,

and HRF databases and the corresponding segmentation results obtained using the

proposed model. First row highlights the original fundus images from DRIVE, STARE,

CHASEDB1, and HRF. The second and third rows depict corresponding green channel

images and ground-truths. The fourth row highlights the segmentation results from

the proposed model. Comparing the segmentation results of the proposed model with

the respective ground-truths, it can be observed that the proposed model holds an

excellent agreement with the ground-truths.

Figure 3.18: Comparison of the method’s segmentation results and ground-truths.
(a) DRIVE, (b) STARE, (c) CHASEDB, (d) HRF

3.5.1.2 Quantitative Evaluation of the segmentation Result

Quantitative analysis is performed in two stages. Firstly, the consistency of the

2pCePd-Net segmentation results is evaluated with the ground-truths annotated by

experts. In this context, the linear regression plots and the Bland-Altman plots are

constructed, shown in Figure 3.19. It can be observed that there is a high correla-

tion (R2) between the proposed model’s segmentation results and the ground-truths

for all the four databases, with values of 0.9335 (DRIVE), 0.9212 (STARE), 0.9691

(CHASEDB1), and 0.9502 (HRF), respectively. It is also seen that there are very few

vessel regions outside of the 95% confidence interval for all four databases [see lower

row of Figure 3.19]. Furthermore, the Cohen’s kappa coefficient (κ) [16] is calculated

to evaluate the agreement of the proposed method’s segmentation results with the
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ground-truths. In general, the value of k varies in between 0 and 1, and κ ≥ 0.8

signify high consistency between proposed model’s results and that of the ground-

truths. The obtained kappa (κ) values for the four datasets are: 0.86 (DRIVE), 0.91

(STARE), 0.89 (CHASEDB1), and 0.85 (HRF) respectively. These results ensure that

the proposed model is highly consistent with the ground truths.

Figure 3.19: Linear Regression and Bland-Altman plots of 2pCePd-Net against the
ground-truths. (a) DRIVE, (b) STARE, (c) CHASEDB1, (d) HRF

3.5.1.3 Comparative Analysis with State-of-the-Art

Table-3.12 highlights that the model achieves a significantly higher Se (0.832) and at

par AUC (0.987) score compared to the other methods listed on the DRIVE dataset.

Furthermore, the overall Ac (0.976), Sp (0.989) and F1 (0.857) scores achieved by

2pCePd-Net are highest compared to those of the other methods. Furthermore,

the model outperforms the existing methods in terms of Ac (0.981), Sp (0.989), Se

(0.867), AUC (0.993) and F1 (0.869) scores on the STARE dataset. It is also noted

that the achieved Se (0.867) is far superior in comparison to other models. For the

CHASEDB1 dataset, 2pCePd-Net outperforms the other competing methods in terms

of Sp (0.990), Se (0.884), Ac (0.982), F1 (0.871) and AUC (0.992) scores. Table-3.13

highlights that the achieved performance on HRF dataset. It is observed that the pro-

posed model outperforms existing literature with an overall score of Se (0.8259), Sp

(0.9896), Ac (0.9770), F1 (0.8468) and AUC (0.9869) respectively. To further inves-

tigate the performances, a series of assessment have been conducted on the proposed

work and the observations are reported next.
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Figure 3.20: The ROC Plot and the AUC scores of Table-I. (a) DRIVE, (b) STARE,
(c) CHASEDB1, and (d) HRF

Table 3.13: Performance Comparison on HRF dataset.

Methods Se Sp Acc F1 AUC
JSL-PWL [56] 0.8087 0.9417 0.9437 – –
DU-Net [165] 0.7464 0.9874 0.9651 – 0.9831
HA-Net [168] 0.7803 0.9843 0.9654 0.8074 0.9837
SCS-Net [172] 0.8114 0.9823 0.9687 – 0.9842
Genetic U-Net [171] 0.8220 0.9818 0.9667 0.8179 0.9872
LA-Net [211] 0.8022 0.9814 0.9677 0.7921 0.9807
TransUNet [212] 0.8116 0.9834 0.9702 0.8068 0.9841
PLVS-Net [213] 0.8059 0.9819 0.9684 0.7970 0.9827
GT-DLA-dsHFF [173] 0.8178 0.9823 0.9698 – 0.9853
DPL-GTF-EFA [127] 0.8225 0.9840 0.9716 0.8165 0.9867
This Work 0.8259 0.9896 0.9770 0.8468 0.9869

Table 3.14: Comparison of the proposed method with the baseline models.

Traditional λCMgC2

Database Methods Se Sp Acc Se Sp Acc
DRIVE [112] 2pCePd 0.825 0.986 0.972 0.832 0.989 0.976
STARE [30] 2pCePd 0.859 0.987 0.978 0.867 0.989 0.981
CHASEDB1 [128] 2pCePd 0.851 0.989 0.979 0.884 0.990 0.982
HRF [129] 2pCePd 0.822 0.988 0.972 0.826 0.989 0.977

Additionally, the improvement in performance of the 2pCePd-Net is assessed on

the λCMgC2 augmented dataset. The choice of λCMgC2 augmentation approach for

the performance analysis hinges on the superior performance of the chosen approach

in comparison to other approaches. It is thus noted that the use of augmented data

further improves the model performance and establishes a new state-of-the-art in this

regard.

3.5.2 Ablation Study

To evaluate the utility of the modules designed for the 2pCePd-Net model, a series of

comparative assessment have been conducted with respect to the DRIVE and STARE
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datasets and the obtained results are as follows.

Table 3.15: Comparison of Computational Complexity

Methods Params. FLOPS Mem. Time Acc
(1x106) (1x109) (MB) (s)

U-Net [125] 8.03 51.04 30.67 0.071 0.962
CE-Net [166] 13.40 124.48 110.77 0.076 0.954
Iter-Net [167] 13.60 194.65 52.05 0.107 0.954
TransUNet [212] 36.46 225.40 142.14 0.092 0.969
LA-Net [211] 0.44 72.19 1.69 0.306 0.968
PLVS-Net [213] 0.54 75.17 1.90 0.069 0.968
DPF-Net [55] 3.63 56.99 40.44 0.124 0.957
GT-DLA-dsHFF [173] 26.08 473.92 125.68 0.445 0.970
DPL-GTF-EFA [127] 16.86 256.09 194.73 0.153 0.970
This Work 25.14 198.32 105.51 0.108 0.976

3.5.2.1 Computational Complexity

An assessment of the computational complexity of the proposed 2pCePd-Net is con-

ducted and relevant observations are reported in Table-3.15. The complexity analysis

is evaluated across four major metrics, namely, structural parameters, floating-point

operations per second (FLOPS), memory required and inference time needed for each

test sample. The respective Accuracy (Ac) is also presented in Table-3.15 for ease of

readability. It is observed that the proposed model has a greater number of struc-

tural parameters in comparison to baseline models (such as U-Net [125]). However, the

number of parameters is slightly lesser than recent GT-DLA-dsHFF [173] model while

achieving a higher overall Accuracy. Additionally, the achieved overall performance

is significantly higher than TransUNet model [212] (Table-3.12) in spite of having

nearly 24% less parameters. Similar trend is also observed with respect to FLOPS

metric. The 2pCePd-Net model achieves a better Accuracy whilst requiring only 50%

of FLOPS in comparison to models having comparable number of parameters such as

GT-DLA-dsHFF. Furthermore, the work has a far lesser memory requirement of mod-

est 105.51 MB and inferential time of 0.1083 seconds in contrast to recent models such

as GT-DLA-dsHFF and DPL-GTF-EFA [127]. Noticeably, the proposed model has a

lesser floating point operation in comparison to DPL-GTF-EFA model in spite of hav-

ing a larger set of parameters. This can be attributed to the design of an End-to-End

Convolutional model in our work which reduces the activation memory footprint [206]

and enhances speed of execution. It can thus be inferred that the 2pCePd-Net model

comprises of a moderate complexity and better memory utilization while achieving an

improved performance compared to other state-of-the-art approaches. The moderate

quantity of parameters coupled with low memory and inferential time establishes the
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Figure 3.21: Network Block Diagram used for Ablation Study. (a) U-Net (b) U-
Net+2pCd+ (c) U-Net+CERg (d) U-Net+p̂BPf

practicality of the approach.

3.5.2.2 Structural Block-Wise Performance

The individual performances of the proposed 2pCd+ Encoder, CERg Block and p̂BPf

Fusion block, separately, is analyzed by considering a U-Net architecture [125] with

level l = 5 as a baseline for the ablation study (as shown in Fig. 3.21(a)).

Table 3.16: Ablation Study of the Network Blocks with U-Net.(↑ indicates the
increase compared to baseline U-Net.)

DB Methods Se (↑x100) Sp (↑x100) Acc (↑x100)

D
R
IV

E

U-Net 0.812 0.976 0.962
U-Net+2pCd+ 0.815 (↑ 0.3) 0.981 (↑ 0.5) 0.967 (↑ 0.5)
U-Net+CERg 0.814 (↑ 0.2) 0.978 (↑ 0.2) 0.964 (↑ 0.2)
U-Net+(w/o) 0.817 (↑ 0.5) 0.978 (↑ 0.2) 0.963 (↑ 0.1)
U-Net+p̂BPf 0.821 (↑ 0.9) 0.978 (↑ 0.2) 0.965 (↑ 0.3)

S
T
A
R
E

U-Net 0.839 0.979 0.970
U-Net+2pCd+ 0.842 (↑ 0.3) 0.981 (↑ 0.2) 0.972 (↑ 0.2)
U-Net+CERg 0.841 (↑ 0.2) 0.979 (− 0.0) 0.970 (− 0.0)
U-Net+(w/o) 0.843 (↑ 0.4) 0.981 (↑ 0.2) 0.972 (↑ 0.2)
U-Net+p̂BPf 0.849 (↑ 1.0) 0.983 (↑ 0.4) 0.974 (↑ 0.4)

Efficacy with 2pCd+ Block: To test the capabilities of the Enc block, a simple

U-Net model is considered and the Encoder arm is replaced with 2pCd+ Encoder (as

103



shown in Figure 3.21(b)). Table 3.16 highlights the statistical results obtained for both

DRIVE and STARE datasets, with and without the proposed block. The obtained

results for the U-Net+2pCd+ structure demonstrates an overall increase in the perfor-

mance across different metrics, viz., a mean increase of 0.35% in Accuracy, 0.35% in

Specificity and 0.3% in Sensitivity in the presence of the 2pCd+ block. To gauge the

feature representation, the 2pCd+ block output at l = 5 (denoted by f enc) is extracted.

A U-Net inspired AutoEncoder is subsequently trained on the annotated vessel im-

ages and the bottleneck feature output (fauto) is extracted. fauto is selected for this

comparison as it comprises of a compact feature representation on vascular struc-

ture [215]. Finally, the correlation measure of Mutual Information (I(.)) is selected

for feature comparison in this work. A correlation measure of I(fauto, f enc) = 0.121 is

achieved for 2pCd+ block. In contrast, the bottleneck layer of baseline U-Net (funet)

achieved score of I(fauto, funet) = 0.061 respectively. This highlights that f enc en-

codes a better vascular structure information in encoded space, in alignment with the

annotated vessel map.

Efficacy with CERg Block: Similar to the above study, the capabilities of the

CERg block is tested by designing a U-Net architecture with our proposed CERg skip-

connection block (as shown in Fig. 3.21(c)). Table 3.16 highlights the obtained results.

Only a marginal improvement is noticeable in the model performance. To further

investigate the strength of the CERg block in noise filtration, Gaussian Noise [16] is

added into the test dataset and the respective performances are noted. It is observed

that baseline U-Net model achieves Se, Sp and Ac mean scores of 0.681, 0.919 and

0.905 respectively on the Gaussian Noise induced data. In contrast, U-Net+CERg

model achieves a superior 0.741, 0.947 and 0.934 scores respectively in the same task.

Thus, the introduction of CERg block enhanced the noise tolerance efficacy in the

model, as was the objective.

Efficacy with p̂BPf Fusion Block: To test the p̂BPf Fusion Block, the last

output layer of a U-Net architecture (as shown in Fig. 3.21(d)) is replaced and

recorded the impact of the proposed block. Two sets of tests are reported in Ta-

ble 3.16, viz., a. without Band-Pass Gate (marked U-Net+w/o) and b. with both

modules (marked U-Net+p̂BPf). As can be observed in Table 3.16, the fusion block

enhances the capabilities of a standard U-Net model with an overall mean increase

of 0.35% in Accuracy, 0.3% in Specificity and 0.95% in Sensitivity respectively. It is

noted that p̂BPf Fusion block has the highest overall impact on STARE dataset per-

formance. This can be attributed to the use of a secondary objective function (MSE

Loss) which leads to improvement. However, the presence of lower contrast regions

in DRIVE enforces additional complexity on MoE detection [16]. A well-informed
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feature space is thus necessary to tackle this challenge. Hence, 2pCd+ achieves a

better performance on DRIVE. Furthermore, w/o set achieves a slightly diminished

performance in comparison. This can be attributed to a poor performance on noise

filtration, introduced by the MoE objective [208], without Band-Pass Gate. The

complete p̂BPf layer however does not suffer from such issues and achieves a better

performance. Thus, it is noted that all three modules have individual roles in the

network and are co-dependent to achieve the overall performance.

3.5.2.3 Encoder Scalability

It is observed from the approach that a more generalized Encoder system can be

designed with an npCd+ architecture, wherein n represents the number of Cd+ blocks.

Table-3.17 represents the performance analysis of such a generalized encoder block

with differing values of n. Both the quantitative performance and the computational

complexity of the overall model have been reported for each value of n. It is noted

that the model is fairly robust in terms of complexity and scales modestly as shown

in Table-3.17. Each addition of an encoder block to the model incurred only 3 MB of

additional memory. Furthermore, it is observed that the cumulative computational

complexity is still at par with current state-of-the-art models (Table-3.15) in spite of

additional encoder blocks in the model. However, addition of Encoder blocks results

in a dip of Accuracy, as shown in Table-3.17, beyond n = 2. This can be attributed to

overfitting of features by the Encoder blocks due to excess complexity. Thus, n = 2

had been empirically selected in this work which lead to the design of the 2pCePd-Net

model.

Table 3.17: Encoder Scalability Performance Analysis

#Cd+ Blocks Parameters FLOPS Memory Accuracy
(1x106) (1x109) (MB)

1− Cd+ 26.87 266.37 102.30 0.961
2− Cd+ 27.65 273.82 105.51 0.976
3− Cd+ 28.44 281.26 108.19 0.972
4− Cd+ 29.23 288.71 111.97 0.973
5− Cd+ 30.01 296.16 114.50 0.970
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Table 3.18: Comparative Assessment on Diseased Images

Database Method Sensitivity Specificity Accuracy
U-Net [125] 0.7546 0.9790 0.9573
CE-Net [166] 0.8149 0.9794 0.9650

DRIVE Iter-Net [167] 0.8234 0.9818 0.9679
GT-DLA-dsHFF [173] 0.8259 0.9821 0.9684
Our Work 0.8309 0.9811 0.9692
U-Net [125] 0.7783 0.9779 0.9631
CE-Net [166] 0.7945 0.9829 0.9689

STARE Iter-Net [167] 0.8087 0.9791 0.9665
GT-DLA-dsHFF [173] 0.8328 0.9835 0.9724
Our Work 0.8451 0.9847 0.9749

3.5.2.4 Segmentation in Complex Regions

To evaluate the robustness of the model on diseased images, 2pCePd-Net performance

is evaluated on seven diseased images from DRIVE dataset and ten diseased images

from STARE dataset respectively. Table 3.18 presents the comparative analysis of

the achieved results. It is observed that the proposed model achieves a better overall

performance on the diseased data compared to other contemporary models. In com-

parison to 2pCePd-Net performance in Table 3.12, the proposed model experiences a

modest drop of 0.3% in Accuracy across both datasets on diseased images. Notably,

a marginal drop of only 0.1% in comparison to literature is noted in Specificity on

DRIVE dataset. However, the Sensitivity attained is far superior in contrast to ex-

isting literature. This establishes the performance attained by the work in diseased

dataset. Fig. 3.22 visually represents the model performance on diseased images.

3.5.2.5 Cross-Validation

To evaluate the generalization of 2pCePd-Net, a cross-validation experiment was per-

formed on the DRIVE and STARE dataset respectively. Table-3.19 highlights the

comparative assessment of the statistical results. It is noted from Table 3.19 that

the work achieves a better overall performance compared to literature. The model

trained on DRIVE and tested on STARE dataset achieves an overall increase of 0.4%

and 0.5% with respect to current benchmark approaches across Specificity and Ac-

curacy respectively. A drop of 0.3% in Sensitivity is noted which can probably be

attributed to a better generalized vessel feature learned from DRIVE dataset in DPL-

GTF-EFA model [127]. Nonetheless, in the approach, a better overall performance

is achieved when trained on STARE and tested on DRIVE dataset with an increase

of 0.9%, 0.2% and 0.3% respectively across the three parameters of evaluation. This
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Figure 3.22: Qualitative Analysis of 2pCePd-Net segmentation Results in Diseased
images. Odd rows display the images with critical regions marked in green. Even rows
display the magnified view of the marked green regions. Yellow markers highlight the
areas of major challenges.

indicates the robustness and generalization potential of the work.

Table 3.19: Comparative Assessment of Cross-Validation Results

Train Test Model Sensitivity Specificity Accuracy
DPF-Net [55] 0.749 0.983 0.953

DRIVE STARE DPL-GTF-EFA [127] 0.825 0.984 0.972
Our Work 0.822 0.988 0.977
DPF-Net [55] 0.746 0.984 0.948

STARE DRIVE DPL-GTF-EFA [127] 0.810 0.982 0.967
Our Work 0.819 0.984 0.970

3.5.2.6 Extendibility

The 2pCePd-Net model with λCMgC2 augmentation is shown to improve upon ex-

isting works in literature. However, one point of study is the scalability. As shown in

Fig.3.23(a), the number of parameters rises in cubic series if the number of kernels is

increased in each layer. In Fig.3.23(a), x-axis corresponds to the number of kernels

in layer l = 1 and denotes an equivalent increase across all model layers overall. A

similar trend is, however, also observed in a baseline U-Net model (as shown in Fig.

3.23(a)). It is thus noted that scalability is an architectural challenge inherent to

Encoder-Decoder models. Simultaneously, the choice of speed against accuracy is an

additional challenge in deep learning (DL) paradigm. The number of floating point

operations increases with increasing layer complexity, in alignment with DL paradigm

(shown in Fig. 3.23(b)). However, in contrast, Accuracy is observed to increase with
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layer complexity and reach a peak at 64 (Fig. 3.23(c)). The subsequent increase in

complexity leads to overfitting which diminishes the achieved Accuracy. As diagnos-

tic accuracy is crucial in medical image segmentation, providence has been given to

Accuracy over Speed and layer complexity of 64 is chosen. It is also noted, from

Fig.3.23(d), that an increase in image resolution leads to an exponential demand on

FLOPS. This limits the current model to consider image resolutions upto 512 × 512

dimension for inference in reasonable computing time.

Figure 3.23: An comparative assessment of limitations. (a)-(b) Scalability Analysis
of Computational Complexity (c)-(d) Speed vs Accuracy Analysis

Furthermore, the application of 2pCePd -Net model on other bio-markers of Fun-

dus Images, viz., Optic Disc and Exudates, presents opportunity for further improve-

ment. To establish a baseline, the 2pCePd -Net+(w/o) model is used to evaluate the

potential of the model for biomarker segmentation, apart from retinal blood vessels.

The (w/o)- model version is utilized as the probability-map fusion module requires a

probability map to be generated which is inconsequential at a minute scale such as

Exudates. Table 3.20 highlights the results obtained upon application of the model

on the Optic Disc and Hard Exudates segmentation challenges from IDRiD dataset.

The model performance with training on Dice Loss, Dice Loss + L2 Regularization

and Dice Loss + Binary Crossentropy Loss is highlighted in the tabulation.
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Table 3.20: Performance Comparison of 2pCePd-Net+(w/o) model on IDRiD
dataset

Task Loss Dice

LDC 0.820

Optic Disc LDC+L2 0.822

LDC+BCE 0.825

LDC 0.671

Hard Exudates LDC+L2 0.592

LDC+BCE 0.702

It is noted that the Dice Loss + Binary Crossentropy Loss presents a better

performance in comparison to other losses. In the subsequent Chapter, a study is

presented along with the exploration of a loss projection approach for improving the

performance of the model in the domain of Bio-Marker segmentation.

3.6 Summary

This chapter introduced the development and evaluation of new deep learning models

specific to the analysis of retinal fundus images. Utilizing the latest developments

in convolutional and attention architectures, the models were crafted to meet fun-

damental challenge of fundus image interpretation, viz., vessel segmentation. The

models were exhaustively tested on publicly available and augmented data to guar-

antee an adequate performance evaluation. The findings proved that the methodolo-

gies suggested in this study outperformed all the current state-of-the-art solutions on

measures, specifically, accuracy, specificity, and sensitivity respectively. These results

prove the effectiveness of the architectures designed for identifying intricate visual

patterns present within retinal images. Overall, the conclusions present evidence for

the growing body of research on AI-supported ophthalmic retinal blood vessel seg-

mentation and prove the usefulness of deep learning in improving automated screening

devices for retinal conditions.
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Chapter 4

Bio-Marker Segmentation from Fundus

Images

4.1 Introduction

The ocular network is a complex biological structure which is examined for diagnosis

and possible prevention of blindness-inducing diseases such as Glaucoma and Diabetic

Retinopathy [216]. The objective of fundus image bio-marker segmentation is to

properly outline anatomical features like the optic disc, vessels, and macula. In this

regard, Fundus Imaging is an imaging modality that provides a detailed view of the

retinal structures. Successful and correct analysis of the retinal components thus forms

an important aspect for the design of an automated system. Past researches with

hand-crafted features [30, 112, 217, 218] had made significant progress in this regard

in spite of data scarcity and limited technology. However, the vascular complexity

of the retina, Optic Oclusion and Irregular Contrast, often increases the challenge of

automated segmentation of components, especially in low-contrast regions of images.

Deep learning based models have attempted, in past literature [219], to address the

complexity of bio-marker segmentation in Fundus Images. End-to-end Convolutional

network models [220], [221], [222], have especially proven their ability to outperform

the traditional hand-crafted benchmark models in this regard. The ability to extract

localized features and infer complex structures layer by layer have collectively en-

hanced the prowess of neural models in segmentation tasks. It is however noted that

the performance of a neural model is dependent simultaneously on the architecture,

training paradigm and loss-based objective functions [223].

4.1.1 Understanding Loss Functions

A loss function measures the disparity between the segmentation output predicted by

the model and the ground truth annotation [224]. The deep learning model adjusts

its parameters during training to reduce this loss. The design and selection of the

loss function have a direct impact on what the model learns from data, especially in

domains like medical image segmentation where data can be imbalanced or noisy [225].
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4.1.1.1 Segmentation Challenges in Fundus Imaging

• Class Imbalance [226]: Class imbalance is a common predicament found in

Fundus images. For instance, blood vessels will cover a minimal area of the

image in relation to the background. Standard loss functions such as cross-

entropy are not necessarily good at such imbalances and hence perform poorly

on minority classes.

• Fine Structures [227]: Anatomical features of fundus images tend to be slen-

der and complex. Their recording should be with a loss function that penalizes

mismatches more severely in the case of small, complex regions than in large

uniform areas.

• Boundary Precision [228]: Precise boundary delineation is another impor-

tant aspect in automated segmentation, particularly for boundaries such as optic

disc and optic cup. Loss functions used for training a model must be boundary-

sensitive to mismatches.

4.1.1.2 Commonly Utilized Loss Functions

• Binary Cross-Entropy (BCE) Loss [229]: BCE is commonly used in bi-

nary segmentation tasks. Each pixel is independently considered for computa-

tion, and the loss between the predicted class labels and ground-truth labels is

computed. However, it is susceptible to class imbalance and might fail for thin

objects such as blood vessels.

• Dice Coefficient Loss [230]: The Dice loss, which is based on the Dice sim-

ilarity coefficient, measures the overlap between predicted and ground truth

masks directly. It is especially helpful for imbalanced data since it concentrates

on the region of interest.

• Jaccard Loss (IoU Loss) [231]: Similar to Dice loss, Jaccard loss also calcu-

lates the intersection over union of the predicted and ground truth masks. It is

stronger than Dice and can result in improved boundary alignment.

• Tversky Loss [232]: It is an extension of the Dice loss that adds trainable

parameters to regulate the balance between false positives and false negatives.

It is particularly useful for segmenting small structures in fundus images.

• Focal Loss [233]: Initially developed for object detection, focal loss corrects

class imbalance by reducing the weight of simplistic training samples and re-
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warding more attention to difficult samples. It is usually used with Dice or

BCE for better segmentation performance.

• Boundary Loss [234]: This loss function specifically targets reducing the

distance between the boundaries of the predicted and ground truth masks. It

is useful in enhancing edge alignment.

4.1.1.3 Regularization Through Loss Functions

Loss functions have the ability to regularize the learning process implicitly by in-

structing the model to attend to relevant patterns while deterring overfitting. Reg-

ularization via loss functions promotes generalizability [235], particularly in fundus

image segmentation where labeled data is sparse and highly diverse.

• Boundary Regularization [235]: Boundary loss functions prompt the model

to take more notice of the exact borders of anatomical structures. It serves

as regularization by favoring structural correctness rather than pixel-level cor-

rectness. By doing so, the model discourages overfitting to the dominant back-

ground class and becomes more sensitive to decisive boundaries, for example,

boundaries of the optic disc and optic cup.

• Attention-Based Losses [236]: Losses that include spatial or channel atten-

tion mechanisms enable the model to pay attention to diagnostically significant

regions. These mechanisms act as implicit regularizers by emphasizing informa-

tive features and reducing noise and redundancy. In the case of fundus images,

this translates to improved attention on lesions, vessels, and the macula.

• Topological Regularization [237]: Topology-sensitive loss functions guaran-

tee the model retains the appropriate topological relationships of the segmented

structures. For instance, maintaining continuity in blood vessel segmentation

ensures clinical interpretability is maintained. Such regularization prevents the

model from learning anatomically unrealistic representations.

• Adversarial Losses as Regularizers [238]: In segmentation models based

on GAN, adversarial loss is a powerful regularizer in terms of inducing global

coherence in the predictions. The discriminator forces the segmentation model

to produce outputs close to real anatomical masks and avoids unrealistic seg-

mentations that fit training data perfectly but are incorrect on novel images.

• Uncertainty-Aware Losses [239]: The incorporation of uncertainty into the

loss function enables the model to communicate its confidence in its predictions.
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The regularization here avoids overconfident but inaccurate outputs, hence pro-

moting conservative, trustworthy predictions particularly in uncertain regions.

• Multi-Task Losses [240]: Loss functions that optimize segmentation concur-

rently with auxiliary tasks (such as classification or landmark detection) incor-

porate implicit regularization. The shared task representation avoids overfitting

on a specific goal and results in more robust learning.

In this regard, the efficacy of the Dice Loss [241] and its variants in medical

image segmentation tasks have been highlighted extensively in recent works [55, 173,

174]. However, in such scenarios, the projection of per pixel loss, solely based on

distance between model predicted probability and ground truth, might achieve sub-

par performance [242]. A dynamic loss computation paradigm for each pixel is hence

necessary to account for limitations due to model architecture. Subsequently, the per-

pixel loss projection is modified based upon additional parameters, namely, adjacent

pixel performance, pixel saturation etc. To address the issue of loss performance,

Regularization [243] had been highlighted as a measure in past literature to prevent

model overfitting. In addition, the use of a secondary objective function [56, 170]

is also often highlighted in related works. However, both measures lack a dynamic

framework to address and modify the loss projections based upon individual pixel

performances. To address the issues, a dynamic framework of loss computation for

individual pixel performances is presented henceforth.

4.2 Methodology

Let us consider a trainable modelMθ for region segmentation of an image I of size

HxW with model weight configuration θ. Additionally, the segmentation ground truth

(GT) of image I is defined as Igt respectively, comprising of two classes of regions,

namely, Background Pixels (denoted as 0) and GT Mask Pixels (denoted as 1). The

prediction loss (L) of modelMθ, is formulated mathematically, as

L = Φ(Mθ(I), Igt) (4.2.1)

where Φ represents the objective function andMθ(I) ∈ [0, 1]. A successful learn-

ing is usually attributed to the minimization of the loss L. For a pair of iterations

î =< i − k, i >, the respective loss pair is considered as < Li−k,Li > and define

Iterative Difference of Loss at iteration i (∇îL) as
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∇îL = Li − Li−k = Φ(Mθ
i (I), Igt)− Φ(Mθ

i−k(I), Igt) (4.2.2)

where 0 < k ≤ i is the window of iteration pair. Eq. 4.2.2 refers to difference

of loss ∇îL havingMθ
i denoted as the prediction of modelM at a given iteration i.

Equation 4.2.2 is generalized by computing the partial derivative of L with respect to

iterations as

∂L
∂i

=

(
∂L
∂P

)(
∂P

∂i

)
(4.2.3)

where P corresponds to predicted probability at the output layer of model Mθ.

From Equation 4.2.3, it is trivial to note that the rate of change of loss is directly

correlated with the rate of change of predicted probabilities (P ) with respect to iter-

ations (i). Additionally, it can be observed from Eq. 4.2.3 that the saturation of loss

convergence (∂L
∂i
→ 0) can be attributed to two possible scenarios:

Case 1: Maximal optimization of objective function, i.e., limi→∞Mθ
i (I) = Igt.

Case 2: Negligible update across iterations for a subset of predicted probabilities,

i.e., ∂P
∂i
→ 0.

Case 2 highlights a critical issue which often results in an unstable training envi-

ronment for the model leading to a state of impaired learning [244]. In such scenarios,

a modification of the computed loss [243] is often times beneficial to mitigate the sub-

par learning. To address Case 2, an Iteration-Directed Differential Weighted Kernel

with Counter-based Depreciation Normalized (LαN++
) loss projection can be used.

4.2.1 Iteration-Directed Differential Weighted Kernel

Let us consider the model predictions for class C set of pixels at iteration pair î =<

i − k, i > as < MθC
i−k(I),M

θC
i (I) >. Iterative Difference of Probabilities (∇PC

î
) at

iteration pair î is defined as

∇PC
î
=| MθC

i (I)−MθC
i−k(I) | (4.2.4)

It is noted that pixel having ∇PC
î
≃ 0 exhibit the issue highlighted in Case 2. To

emphasize on the pixels exhibiting ∇PC
î
≃ 0, a weighted-kernel is required to increase

the loss projection of non-performing pixels based on the difference of predicted prob-

abilities. With this motivation, an Iteration-Directed Differential Weighted Kernel αC
î

for class C and iteration pair î is defined, and equated as
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αC
î
=

(MθC
i (I)− Igt)

| MθC
i (I)− Igt |

⊙

(
1−

∇PC
î

|
∑
∇PC

î
|

)
(4.2.5)

where ⊙ is the Hadamard Product,
(MθC

i (I)−Igt)

|MθC
i (I)−Igt|

introduces direction to the kernel

(Positive for Background Pixels and Negative for GT Mask Pixels) as well as attenuate

the projected loss for pixels which satisfy Case 1. |
∑
∇PC

î
| is used for normalization

in Equation 4.2.5. The weight-kernel αC
î
is thus incorporated as an objective function

Ω to form the LαN++
loss projection, which is equated as

LαN++

i =
∑
C

Ω((1 + αC
î
)⊙MθC

i (I), Igt)

∂LαN++

i

∂θ

=
∑
C

(1 + αC
î
) Ω

′
((1 + αC

î
)⊙MθC

i (I), Igt)

(
∂MθC

i (I)
∂θ

) (4.2.6)

where LαN++

i is the proposed projected loss at iteration i. LαN++
is thus added

to the loss function, defined by Eq. 4.2.1, to form a dual-loss objective and approach

better convergence. It is also highlighted that differentiation with respect to αC
î
is not

accounted for in Equation 4.2.6 as the kernel is recomputed at every iteration and is

thus modified with respect to θ already. Equation 4.2.1 is thus modified and the total

loss is defined at iteration i as

Lproj
i = β1Φ(Mθ(I), Igt) + β2LαN++

i (4.2.7)

where β1, β2 are coefficients empirically set to 0.5. As can be observed in Equation

4.2.6, the loss projection term is differentiable iff the objective function Ω used is

differentiable thus establishing its usability.

It is noted that all formulations have been defined considering a loss minimiza-

tion framework. Furthermore, background pixels are denoted as 0 and mask pixels

as 1 in conformance with literature. The following characteristics are noted from

the formulation. Firstly, αC
î
is bound within limits [−1, 1] as 0 ≤ ∇PC

î

|
∑

∇PC
î
| ≤ 1 and

(MθC
i (I)−Igt)

|MθC
i (I)−Igt|

∈ {−1, 1}. Furthermore, it can be implied from limits of αC
î
that for all

pixels, 0 ≤ (1 + αC
î
) ≤ 2. To gauge the impact of the formulation, three independent

observations are noted as follows.

• ((1 + αC
î
) >> 1): It is noted that for all (1+αC

î
) >> 1, (1+αC

î
)⊙MθC

i (I) >>

MθC
i (I). This implies that for all background pixels in Igt ∈ {0}, iff ∇PC

î
≃ 0,
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then for an objective function Ω(.), Ω((1+αC
î
)⊙MθC

i (I), Igt) >> Ω(MθC
i (I), Igt)

(asMθC
i (I) > Igt). In other words, the loss projection of a non-performing pixel

is elevated for background pixels having Igt ∈ {0}, irrespective of the choice of

Ω(.).

• ((1 + αC
î
) << 1): It is noted that for all (1+αC

î
) << 1, (1+αC

î
)⊙MθC

i (I) <<

MθC
i (I). This implies that for all mask pixels in Igt ∈ {1}, iff ∇PC

î
≃ 0, then

Ω((1 + αC
î
) ⊙MθC

i (I), Igt) >> Ω(MθC
i (I), Igt) (as MθC

i (I) < Igt). In other

words, the loss projection of a non-performing pixel is elevated for mask pixels

in Igt ∈ {1}, irrespective of the choice of Ω(.).

• | (1 + αC
î
) |≃ 1: It is noted that for all pixels in Igt, iff ∇PC

î
>> 0, then

| 1 + αC
î
|≃ 1. This implies that (1 + αC

î
) ⊙ MθC

i (I) ≃ MθC
i (I). Thus, in

other words, the impact on remaining pixels, having ∇PC
î
>> 0, is considered

negligible.

Thus, the weighted kernel αC
î
impacts specifically non-performing pixels in con-

formance with the Case 2 objective. A graphical illustration of the formulation is

depicted in Figure 4.1.

Figure 4.1: A graphical illustration of the αC
î
formulation. (a) Represents the Back-

ground Pixel scenario. (b) Represents the Mask Pixel scenario.
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However, Equation 4.2.7 suffers from a major drawback. It is noted that repeated

emphasis across iterations on a non-performing pixel having ∇PC
î
≃ 0 might hamper

the overall learning of the model. To address this drawback, a Counter-based De-

preciated Normalization to readjust the computed weight-kernel is defined which is

discussed in following section.

4.2.2 Counter-based Depreciated Normalization

Let us consider a spatial location (h,w) ∈ Igt. Intuitively, if the magnitude of αC
î
(h,w)

is greater than λ (where 0 ≤ λ ≤ 1), consistently across iterations, then such a point

(αC
î
(h,w)) exhibits the drawback highlighted earlier. The emphasis on such a pixel

position should depreciate accordingly to overcome the drawback. In this regard, a

Counter Depreciation Matrix D̃C of dimension HxW is defined separately for each

class C. The depreciation matrix D̃C is initialized to zero and subsequently computed,

across (h,w) at every iteration as

( | αC
î
(h,w) | > λ) =⇒ (D̃C(h,w) = D̃C(h,w) + 1)

( | αC
î
(h,w) | ≤ λ) =⇒ (D̃C(h,w) = 0)

(4.2.8)

The Counter-based Depreciation Normalized Iterative-Differential Weighted Ker-

nel ᾱC
î
is thus defined as

ᾱC
î
=

αC
î
⊙ e−D̃C

| ΣαC
î
⊙ e−D̃C |

(4.2.9)

where | ΣαC
î
⊙ e−D̃C | is used to normalize the kernel weights. Thus, the final

projected loss LαN++

i is computed as

LαN++

i =
∑
C

Ω((1 + ᾱC
î
)⊙MθC

i (I), Igt) (4.2.10)

The Counter-based Depreciation Normalized Iterative-Differential Weighted Ker-

nel ᾱC
î
is defined as ᾱC

î
=

αC
î
⊙e−D̃C

|ΣαC
î
⊙e−D̃C |

. It is trivial to note that e−D̃C is a depreciating

factor used to modulate the value of ᾱC
î
. A higher value in D̃C accordingly reduces

the respective magnitude of ᾱC
î
and vice-versa. To ensure a consistent weightage of

each position in ᾱC
î
with respect to all predictions inMθC

i (I), the values in ᾱC
î
have

been normalized.

The scope of study is limited within k = 2 to reduce the computational over-
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Figure 4.2: A plot depicting the performance of our proposed Lproj based on window
size k. The x-axis depicts the choice for the value k and the y-axis depicts the
Dice Coefficient Score. Here, RVS, ODS and HES respectively imply Retinal Vessel
Segmentation, Optic Disc Segmentation and Hard Exudates Segmentation.

head. The performance of the αN++ loss projection is dependent on the choice of the

hyper-parameter k, which represents the window size for iteration pair î, as shown in

Figure 4.2. It is noted that the Dice Coefficient drops for all the three segmentation

challenges, namely, RVS, ODS and HES, beyond k > 2. A larger value for k would

thus generate weighted-kernels which are ill-suited to track the performance of each

pixel, as evident from Figure 4.2. Thus, k is set to 2, empirically, to obtain better

performances. In addition, as LαN++
is not applicable for iterations less than k, only

the original loss defined by Equation 4.2.1 is used in these cases.

4.3 Experimental Results & Discussion

To establish the efficacy of our approach, a standard segmentation objective function,

viz., Dice Loss [241], had been selected as Φ in Equation 4.2.10 along with U-Net [125]

architecture as the modelMθ. In addition, the standard BCE Loss [173] is employed

as the objective function Ω in Equation 4.2.10 to maintain the Dice-BCE dual loss

parity, popularly observed in medical image segmentation [168].
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4.3.1 Dataset

To conduct the experiment, two benchmark fundus datasets, namely, STARE [30]

and IDRiD [33] had been earmarked for this work. The STARE dataset comprises of

Retinal Vessel Segmentation (RVS) task in Fundus images. It contains 20 annotated

RGB Fundus images, randomly separated into 15 training and 5 test data for this

work. The IDRiD dataset, in contrast, comprises of 54 Fundus images as training

data as well as 27 images as test data and provides lesion annotations for five different

tasks, out of which, two tasks, namely, Hard Exudate Segmentation (HES) and Optic

Disc Segmentation (ODS), have been addressed in this work for comparative study.

4.3.2 Implementation Details

The PyTorch framework [245] had been used in this work for computation design.

For data augmentation, traditional augmentation approach of rotation is used in this

work with a rotation interval of 45o. All computations reported in this work had been

performed on a 4.2 GHz processor with 64GB RAM and 2×RTX 3060 GPUs, each

having 12GB VRAM. The Adam optimizer has been used for all computations in this

work with an epoch cycle of 500 with Early Stopping Criterion enabled and learning

rate set to 3x10−4.

4.3.3 Results

To begin with the experimentation, a value of λ is assigned in Equation 4.2.8 prior to

further computation. In order to ascertain an optimal value, an iterative computation

with incremental values of λ is conducted as shown in Table-4.1. The obtained results

are evaluated on the Dice Coefficient (DC) [241] along with Precision (Pr) and Recall

(Re) measures, as highlighted. The proposed Lproj loss projection, with Dice Loss as

Φ and BCE Loss as Ω functions respectively, performed better in terms of DC for

λ = 0.7 (from Table-4.1). Thus, all further experimentation in this work is reported

with λ empirically set as 0.7.

Table 4.1: Iterative Computation of Counter Threshold (λ) in LαN++

RVS HES ODS
λ Pr Re Dice Pr Re Dice Pr Re Dice
0.3 0.80 0.80 0.80 0.69 0.66 0.67 0.80 0.77 0.78
0.5 0.85 0.77 0.81 0.72 0.69 0.70 0.80 0.81 0.80
0.7 0.82 0.82 0.82 0.70 0.70 0.70 0.82 0.80 0.81
0.9 0.83 0.79 0.81 0.66 0.58 0.62 0.81 0.80 0.80
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Subsequently, the performance of Lproj is compared with respect to two benchmark

approaches, namely, Dice Loss with L2 normalization (LDC+L2) and Dice Loss with

BCE Loss (LDC+BCE). Furthermore, two additional loss functions, namely, Distance

Map Loss (LDM) [246] and Structure Loss (LSL) [247], are also chosen for comparative

analysis. The selected loss functions are also based on a weighted-kernel approach for

loss computation.

Table 4.2: Performance Comparison of αN++ Loss Projection with baseline model.
(↑ indicates the % increase in performance.)

Task Loss Precision Recall Dice

LDC 0.720 0.830 0.770

Vessel LDC+L2 0.690 0.720 0.700

LDC+BCE 0.820 0.780 0.800

LDM 0.750 0.760 0.750

LSL 0.770 0.810 0.790

Lproj 0.820 0.820 0.820

LDC 0.730 0.770 0.750

Optic Disc LDC+L2 0.680 0.810 0.740

LDC+BCE 0.690 0.750 0.720

LDM 0.720 0.690 0.700

LSL 0.760 0.780 0.770

Lproj 0.820 0.800 0.810

LDC 0.580 0.670 0.620

Hard Exudates LDC+L2 0.430 0.510 0.470

LDC+BCE 0.670 0.640 0.650

LDM 0.510 0.550 0.530

LSL 0.650 0.680 0.660

Lproj 0.700 0.700 0.700

Table-4.2 highlights the respective performances obtained across all three data

used. To better gauge the performance, all approaches are compared with a baseline

U-Net model, trained with Dice Loss, (LDC) and the percentage of improvement

is reported as an additional parameter in Table-4.2. The Lproj loss achieves the

highest overall increase in performance across all parameters in comparison to other

approaches (highlighted in Table-4.2). Additionally, the framework supersedes the

performance of contemporary loss functions significantly, as observed in Table-4.2.

Figure 4.3 depicts a visual representation of the obtained results on the respective

challenges.

To study the overall impact of the approach, a comparison of the Lproj loss is

presented in Table-4.3 for Retinal Vessel Segmentation on the STARE dataset with

respect to other state of the art models in literature. To maintain a parity in com-
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Figure 4.3: A visual depiction of the segmentation achieved by respective U-Net
models. Each row depicts Vessel, Optic Disc and Hard Exudates Segmentation re-
spectively. Row 1 corresponds to STARE dataset for RVS. Row 2-3 corresponds to
IDRiD dataset for ODS and HES respectively. (a) Original Fundus Images (b) Ground
Truths (c) U-Net+LDC output (d) U-Net+Lproj output.
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parison, all the state-of-the-art models are faithfully implemented on both Dice Loss

(LDC) as well as the Lproj loss. Furthermore, the study also includes the 2pCePd-

Net+(w/o) model performance on STARE dataset, as highlighted in Chapter 3.

Table 4.3: Performance Comparison of αN++ Loss Projection with STARE dataset
for Retinal Vessel Segmentation.

Dice (LDC) Dice+αN++ (Lproj)
Models Pr Re Dice Pr Re Dice

U-Net [125] 0.721 0.829 0.771 0.822 0.824 0.823

SCS-Net [248] 0.770 0.821 0.795 0.811 0.827 0.819

HA-Net [168] 0.852 0.818 0.835 0.860 0.826 0.843

CE-Net [166] 0.842 0.828 0.836 0.845 0.835 0.841

MISSFormer [221] 0.851 0.832 0.842 0.867 0.838 0.852

H2Former [222] 0.852 0.841 0.847 0.855 0.847 0.853

2pCePd 0.871 0.867 0.869 0.874 0.870 0.872

It is observed from Table-4.3, the Lproj loss improves the performance of exist-

ing models significantly. An average improvement of almost 2% is observed on the

Dice Coefficient measure across all methods. It is noted from Table-4.3 that major

improvements in performance are observable in simpler baseline models. The use of

Lproj improves the Dice Coefficient in U-Net by almost 5%. In contrast, state-of-the-

art models such as H2Former registers an increase of 0.6% in Dice Coefficient. The

2pCePd-Net also achieves a similar performance, as highlighted in Table-4.3. This can

be attributed to the design of sophisticated learning blocks in complex models which

inherently reduces the dependence on learning paradigms. Hence, the improvement

in performance is relatively lower for sophisticated state-of-the-art models. Nonethe-

less, the addendum of loss projection is observed to improve the respective model

performances. As a visual study, Figure 4.4 depicts the training loss curve for LDC

loss against the loss curve of Lproj approach on U-Net model. It is observed that the

loss function achieves a higher convergence across all tasks when compared to baseline

Dice Loss under similar environmental constraints.

4.3.4 Ablation Study

To conduct an ablation study of the work, the choice of objective functions, namely,

Φ and Ω respectively is modified. It is trivial to note that the choice of objective

functions in Equations 4.2.7 and 4.2.10 can dictate the performance of model Mθ

that is achievable by the approach on a given task. To study the extent of such an

impact, both objective functions Φ and Ω are set to the Dice Loss in Equation 4.2.7

and the observed results are presented as a comparative study across all datasets in
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Figure 4.4: Comparative Analysis of the Training Loss Curve between LDC and
Lproj on (a) Vessel (b) Optic Disc and (c) Hard Exudate Segmentation Tasks.

Table-4.5. Table-4.5 highlights that the combination of Dice Loss with BCE Loss as Ω

function performs superior for the work, however, LαN++
with Dice Loss as Ω function

still has a higher performance when compared to a baseline U-Net model (LDC), as

inferred from Table-4.2 and Table-4.5 respectively. Table-4.5 highlights that a cross-

domain Φ and Ω functions in Equation 4.2.7 projects a better overall performance in

contrast to homogeneous-domain objective functions.

Table 4.4: Comparative Analysis of Dice Loss with different Ω in αN++ Loss Pro-
jection with U-Net model.

Segmentation Ω Precision Recall Dice
Task Function Coefficient

Vessel Dice 0.731 0.840 0.780

BCE 0.822 0.824 0.823

Optic Disc Dice 0.811 0.749 0.779

BCE 0.823 0.798 0.810

Hard Exudates Dice 0.652 0.732 0.689

BCE 0.695 0.696 0.695

Table 4.5: Comparative Analysis of U-Net baseline model with 2pCePd-Net+(w/o)
model using αN++ Loss Projection and Lproj Loss.

Segmentation Model Precision Recall Dice
Task Coefficient

Optic Disc U-Net 0.823 0.798 0.810

2pCePd-Net+(w/o) 0.829 0.833 0.831

Hard Exudates U-Net 0.695 0.696 0.695

2pCePd-Net+(w/o) 0.730 0.738 0.734
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4.4 Summary

This chapter introduced the development and evaluation of new training approach

specific to the analysis of bio-marker segmentation in retinal fundus images. The

αN++ Loss Projection is demonstrated in this chapter to leverage the potential of

non-performing pixel positions to improve the bio-marker segmentation performance

of well-known standard models along with the 2pCePd-Net+(w/o) model in Fundus

Images. The models were exhaustively tested on publicly available STARE and IDRiD

datasets retinal blood vessel, optic disc and hard exudate segmentation. The findings

proved that the methodology suggested in this study outperformed all the current

state-of-the-art solutions on measures, specifically, Precision, Recall, and Dice Score

respectively. Overall, the conclusions present evidence for the efficacy of the loss

projection approach for retinal bio-marker segmentation in Fundus Images.
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Chapter 5

Conclusion

5.1 Introduction

In this dissertation, the goal of study was to investigate three related topics forming a

necessary pipeline for retinal fundus image analysis: data augmentation approaches to

increase annotated dataset for segmentation, a more precise retinal blood vessel seg-

mentation approach to increase model robustness and a novel loss projection-based

biomarker segmentation method. By addressing past bottlenecks in literature for

fundus image analysis pipeline, the approaches highlighted in this work conjointly

produced a comprehensive framework improving segmentation performance. The pri-

mary conclusions, contributions, implications, limitations, and future directions are

discussed in this concluding chapter in the following sub-sections.

5.2 Summary of Key Contributions

The first and foremost objective of the dissertation is to address the problem of

imbalanced and limited datasets in bio-marker annotated segmentation datasets in

Fundus Images, which is a prevalent problem in fundus imaging, especially with the

advent of Deep Neural Networks. In this regard, it is observed from literature that,

conventional deep neural network models have a tendency to overfit distributions

when trained on smaller datasets with high class imbalance.

Chapter 2 in this dissertation introduces a collection of data augmentation approaches,

namely, Vessel Curvature, Vessel Curvature v2.0 and λCMgC2, designed in order to

address the bottleneck dataset challenges in retinal fundus images. The augmentation

approaches emphasized on utilizing retinal blood vessels in fundus images to be used

as anchor points for novel vessel structure-based augmentation approaches. In this

regard, a strong emphasis had been placed in proposing vessel-preserving structural

deformations to maintain structural coherence while increasing the variation of the

standard datasets.

An experimental evaluation demonstrated the efficacy of the augmentation ap-

proaches and presented a significant performance improvement with respect to reti-
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nal blood vessel segmentation in Fundus Images. Particularly, models trained on the

proposed augmented datasets consistently performed better than the non-augmented

as well as traditional-based augmented approaches in terms of generalization. Addi-

tionally, the thesis demonstrated that λCMgC2 augmentation that replicated real-

istic pathological vessel connectivity had a greater impact than traditional or vessel

disconnected augmentations. The results obtained highlight the importance of struc-

tural augmentation approaches, designed to address the bottleneck associated with

segmentation in retinal imaging.

Chapter 3 in this dissertation introduces a collection of retinal blood vessel segmenta-

tion approaches, namely, Multi-Scale Layer based Network, PrSASfNet and 2pCePd-

Net, designed in order to segment the augmented datasets formed earlier as well as

traditional retinal blood vessel segmentation datasets. The existence of thin retinal

blood vessel branches as well as the poor vessel contrast sensitivity with background

poses a significant challenge to precisely segment the vessel structure. A set of three

extended Convolutional Neural Network architectures enhanced with novel feature

computation blocks and attention mechanisms is proposed as a solution in this re-

gard. It is observed qualitatively that the attention-based layers assisted the model

concentration on prominent vascular patterns whereas the multiscale block allowed

the model to capture finer vessel structures.

Standard benchmark datasets, namely, DRIVE, STARE, CHASEDB 1 and HRF,

are used to assess the respective model architectures. The results demonstrated that

the porposed methodologies considerably improved segmentation performance as well

as decreasing noisy artifacts such as broken vessels and false positives. Notably, the

vessel probability map boundary-aware fusion module enhanced the segmented vas-

cular continuity significantly by improving capillary and boundary delineation. This

dissertation highlighted the congruence of 2pCePd − Net approach with λCMgC2

data augmentation to better address the challenging task of retinal blood vessel seg-

mentation.

Chapter 4 in this dissertation introduces the performance of the standard benchmark

segmentation models on bio-marker segmentation task such as optic disc and hard

exudates segmentation. It is observed that the standard segmentation models face

difficulties, primarily due to the structural imbalances, resulting in usually small,

sparse, and frequently indistinct vessel structures. In this regard, the performance of

2pCePd−Net+ (w/o) model is tested on a standard benchmark IDRiD dataset for

extended bio-marker segmentation in Fundus Images. To improve the achieved perfor-
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mance, the novel αN++ loss projection approach is demonstrated in the dissertation

to exceed the model performance beyond standards. Targeted loss recomputed learn-

ing is made possible by this projection, which highlights saturated learning localities

and introduces an informed readjustment to progress the model convergence. This

approach achieved a superior performance, particularly in hard exudates challenge

based on standard metrics of evaluation, namely, precision, recall and Dice scores.

Compared to conventional loss computation approaches, the proposed approach was

better at delineating minute lesions and reducing false negatives, which is critical for

early disease detection. This work showcases the potential of saturated pixel-wise

loss-aware computation in improving the localization and segmentation of clinically

important structures.

The individual components of the pipeline, namely, retinal fundus image augmen-

tation, vessel segmentation and bio-marker segmentation forms an important compo-

nent, each dealing with a challenging task, to create a coherent pipeline for reliable

and accurate fundus image analysis. The 2pCePd-Net architecture trained for vessel

and biomarker segmentation tasks had broader implications primarily due to the data

augmentation approaches highlighted. The appearance of major pathological mark-

ers near or along retinal blood vessels offers an anatomical context that is utilized to

guide biomarker detection. Furthermore, the concentration of learning on diagnosti-

cally relevant regions through loss projection demonstrates an approach to enhance

weak supervision of benchmark models.

From a clinical point of view, an improved and benchmark segmentation model of

retinal bio-markers in fundus images is important for the design of automated retinal

diseases grading unit, releasing a significant workload of ophthalmologists, and allow

large-scale screening to be conducted in rural places with few resources. Accurate

vessel segmentation is additionally important for measuring changes in blood vessels

over time, which is used for tracking the progress of a disease and treatment plan.

The approaches that have been developed in this dissertation, presents new areas of

research in fundus imaging for attention-guided learning and multi-task supervision.

The dissertation presents a better understanding on approaches to combine multi-

domain segmentation tasks, as well as augmentation pipelines that demonstrate the

use of retinal anatomical priors in deep learning architectures. These contributions

presents new frontiers to lead further research in retinal fundus image analysis.
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5.3 Limitations and Future Scope

The approaches presented in this dissertation demonstrate an effective end-to-end

pipeline for segmenting important retinal bio-markers in fundus images. However,

in spite of the progress achieved, there are scopes for further improvement. Firstly,

the datasets used, in spite of being accepted benchmarks, might not present the full

range of real-world fundus imaging conditions. The data augmentation approaches,

being a derivative of existing standard benchmarks, suffer from a similar drawback as

a result. The efficacy of the models in context of real-world scenario requires further

experimentation and study. Secondly, the design of the presented segmentation archi-

tectures, with the use of attention mechanisms and dual-branch processing, require

more computing power than standard baseline models. This imposes restrictions on

the applicability of the models on edge devices or clinical settings lacking significant

hardware infrastructure. Finally, the quality of the annotations itself has an impact on

the accuracy of the training and evaluation processes. The levels of accuracy for fine

vessels and small lesions is a subjective standard depended upon the inter-observer

bias. This difference between observers adds noise that presents additional challenges

for both model learning and reported metrics.

Building on this thesis’s contributions, a number of interesting avenues for fur-

ther study become apparent. The investigation of few-shot or semi-supervised learn-

ing techniques is one such avenue that can lessen the reliance on sizable, annotated

datasets. These methods may allow for efficient training with a large amount of

unlabeled data and a small number of labeled samples.

Future research could also focus on temporal analysis of fundus images. Models

that can analyze image sequences over time may provide insights into the progression

and prognosis of many retinal conditions, many of which are progressive. Current

static image analysis methods would gain a dynamic dimension if longitudinal data

were integrated.

In future studies, a detailed exploration of the contributions presented in this dis-

sertation can present a number of interesting research domains for further study. The

investigation of few-shot or semi-supervised learning approaches for retinal fundus

image segmentation is one such possibility that can significantly reduce the depen-

dence on annotated gold-standard fundus imaging datasets. The exploration of such

approaches may provide a more suitable interface for efficient training with a large

volume of unlabeled data and a small volume of labeled samples.

Future research could also focus on temporal analysis of fundus images to track

progression of disease more efficiently. Models that can analyze image sequences
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and video frames over a sequence of time might provide additional insights into the

progression and prognosis of multiple retinal conditions, some of which are progressive

in nature. Current static image analysis approaches would add a more dynamic

dimension if time-series based data were integrated. It is also crucial to implement

the developed models in clinical settings and conduct extensive studies to validate

the effectiveness of designed deep neural network models. In addition to evaluating

the applicability of models, iterative improvement of current benchmarks is also a

domain of study. To support the design of a thorough diagnostic tool, future need to

integrate multimodal data sources such as OCT images, patient demographics, and

clinical history for a more holistic diagnosis. Finally, improving the explainability and

transparency of segmentation models is still a major challenge for contemporary model

designs. Interpretable frameworks are required in future research to help clinicians

better understand model decisions, boosting confidence and ease practice adoption

among general populous.
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[29] J. Staal, M. D. Abràmoff, M. Niemeijer, M. A. Viergever, and B. van Ginneken,

“Ridge-based vessel segmentation in color images of the retina,” IEEE Trans.

Med. Imaging, vol. 23, no. 4, pp. 501–509, Apr. 2004.

135



[30] A. Hoover, V. Kouznetsova, and M. Goldbaum, “Locating blood vessels in reti-

nal images by piecewise threshold probing of a matched filter response,” IEEE

Trans. Med. Imaging, vol. 19, no. 3, pp. 203–210, 2000.

[31] M. M. Fraz, P. Remagnino, A. Hoppe, B. Uyyanonvara, A. R. Rudnicka, C. G.

Owen, and S. A. Barman, “An ensemble classification-based approach applied

to retinal blood vessel segmentation,” IEEE Trans. Biomed. Eng., vol. 59, no. 9,

pp. 2538–2548, Sep. 2012.

[32] A. Budai, R. Bock, A. Maier, J. Hornegger, and G. Michelson, “Robust vessel

segmentation in fundus images,” Int. J. Biomed. Imaging, vol. 2013, p. 154860,

Dec. 2013.

[33] P. Porwal and et al., “Idrid: Diabetic retinopathy – segmentation and grading

challenge,” Med. Image Anal., vol. 59, p. 101561, 2020.

[34] R. Li, Y. Hui, X. Zhang, S. Zhang, B. Lv, Y. Ni, X. Li, X. Liang, L. Yang,

H. Lv, Z. Yin, H. Li, Y. Yang, G. Liu, J. Li, G. Xie, S. Wu, and Z. Wang,

“Ocular biomarkers of cognitive decline based on deep-learning retinal vessel

segmentation,” BMC Geriatr., vol. 24, no. 1, p. 28, Jan. 2024.

[35] E. Goceri, “Medical image data augmentation: techniques, comparisons and

interpretations,” Artif. Intell. Rev., vol. 56, no. 11, pp. 1–45, Mar. 2023.

[36] A. Raj, N. A. Shah, and A. K. Tiwari, “A novel approach for fundus image

enhancement,” Biomed. Signal Process. Control, vol. 71, no. 103208, p. 103208,

Jan. 2022.

[37] A. Q. Saeed, S. N. H. Sheikh Abdullah, J. Che-Hamzah, A. T. Abdul Ghani,

and W. A. K. Abu-ain, “Synthesizing retinal images using end-to-end VAEs-

GAN pipeline-based sharpening and varying layer,” Multimed. Tools Appl., Oct.

2023.

[38] R. Leonardo, J. Goncalves, A. Carreiro, B. Simoes, T. Oliveira, and F. Soares,

“Impact of generative modeling for fundus image augmentation with improved

and degraded quality in the classification of glaucoma,” IEEE Access, vol. 10,

pp. 111 636–111 649, 2022.

[39] L. Rundo and C. Militello, “Image biomarkers and explainable AI: handcrafted

features versus deep learned features,” Eur. Radiol. Exp., vol. 8, no. 1, p. 130,

Nov. 2024.

136



[40] J. Ma, X. Jiang, A. Fan, J. Jiang, and J. Yan, “Image matching from hand-

crafted to deep features: A survey,” Int. J. Comput. Vis., vol. 129, no. 1, pp.

23–79, Jan. 2021.

[41] B. Goutam, M. F. Hashmi, Z. W. Geem, and N. D. Bokde, “A comprehen-

sive review of deep learning strategies in retinal disease diagnosis using fundus

images,” IEEE Access, vol. 10, pp. 57 796–57 823, 2022.

[42] O. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutional networks for

biomedical image segmentation,” in Lecture Notes in Computer Science, ser.

Lecture notes in computer science. Cham: Springer International Publishing,

2015, pp. 234–241.

[43] Z. Huang, X. Wang, L. Huang, C. Huang, Y. Wei, and W. Liu, “Ccnet: Criss-

cross attention for semantic segmentation,” in 2019 IEEE/CVF International

Conference on Computer Vision (ICCV), 2019, pp. 603–612.

[44] J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation networks,” in 2018

IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2018,

pp. 7132–7141.

[45] M. Ren and R. S. Zemel, “End-to-end instance segmentation with recurrent

attention,” 2017. [Online]. Available: https://arxiv.org/abs/1605.09410

[46] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez,

L. Kaiser, and I. Polosukhin, “Attention is all you need,” in Proc. 31st Int.

Conf. Neural Inf. Process. Syst., ser. NIPS’17. Red Hook, NY, USA: Curran

Associates Inc., 2017, p. 6000–6010.

[47] X. Wang, R. Girshick, A. Gupta, and K. He, “Non-local neural networks,”

in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,

2018, pp. 7794–7803.

[48] J. Fu, J. Liu, H. Tian, Y. Li, Y. Bao, Z. Fang, and H. Lu, “Dual attention

network for scene segmentation,” in 2019 IEEE/CVF Conference on Computer

Vision and Pattern Recognition (CVPR), 2019, pp. 3141–3149.

[49] H. Fu, Y. Xu, S. Lin, D. W. Kee Wong, and J. Liu, “DeepVessel: Retinal vessel

segmentation via deep learning and conditional random field,” in Medical Image

Computing and Computer-Assisted Intervention – MICCAI 2016, ser. Lecture

notes in computer science. Cham: Springer International Publishing, 2016, pp.

132–139.

137

https://arxiv.org/abs/1605.09410


[50] C. Wang, Z. Zhao, Q. Ren, Y. Xu, and Y. Yu, “Dense u-net based on patch-

based learning for retinal vessel segmentation,” Entropy (Basel), vol. 21, no. 2,

p. 168, Feb. 2019.

[51] Z. Li, M. Xu, X. Yang, and Y. Han, “Multi-label fundus image classification

using attention mechanisms and feature fusion,”Micromachines (Basel), vol. 13,

no. 6, p. 947, Jun. 2022.

[52] P. Bharati and A. Pramanik, “Deep learning techniques—R-CNN to mask R-

CNN: A survey,” in Computational Intelligence in Pattern Recognition, ser.

Advances in intelligent systems and computing. Singapore: Springer Singapore,

2020, pp. 657–668.

[53] H. Zhang, W. Ni, Y. Luo, Y. Feng, R. Song, and X. Wang, “TUnet-LBF: Retinal

fundus image fine segmentation model based on transformer unet network and

LBF,” Comput. Biol. Med., vol. 159, no. 106937, p. 106937, Jun. 2023.

[54] J. Han, Y. Wang, and H. Gong, “Fundus retinal vessels image segmentation

method based on improved u-net,” IRBM, vol. 43, no. 6, pp. 628–639, Dec.

2022.

[55] J. Li, G. Gao, L. Yang, G. Bian, and Y. Liu, “Dpf-net: A dual-path progressive

fusion network for retinal vessel segmentation,” IEEE Trans. Instrum. Meas.,

2023.

[56] Z. Yan, X. Yang, and K.-T. Cheng, “Joint segment-level and pixel-wise losses for

deep learning based retinal vessel segmentation,” IEEE Trans. Biomed. Eng.,

vol. 65, no. 9, pp. 1912–1923, Sep. 2018.

[57] S. E. Christopher Kent, “AI & Ophthalmology: The Pros and Cons — re-

viewofophthalmology.com,” https://www.reviewofophthalmology.com/article/

ai-and-ophthalmology-the-pros-and-cons, [Accessed May-2025].

[58] K. Jin and J. Ye, “Artificial intelligence and deep learning in ophthalmology:

Current status and future perspectives,” Adv. Ophthalmol. Pract. Res., vol. 2,

no. 3, p. 100078, Nov. 2022.

[59] A. K. Upadhyay and A. K. Bhandari, “Advances in deep learning models for

resolving medical image segmentation data scarcity problem: A topical review,”

Arch. Comput. Methods Eng., vol. 31, no. 3, pp. 1701–1719, Apr. 2024.

138

https://www.reviewofophthalmology.com/article/ai-and-ophthalmology-the-pros-and-cons
https://www.reviewofophthalmology.com/article/ai-and-ophthalmology-the-pros-and-cons


[60] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei, “ImageNet: A

large-scale hierarchical image database,” in 2009 IEEE Conference on Computer

Vision and Pattern Recognition. IEEE, Jun. 2009.

[61] H. Jin, Y. Luo, P. Li, and J. Mathew, “A review of secure and privacy-preserving

medical data sharing,” IEEE Access, vol. 7, pp. 61 656–61 669, 2019.

[62] G. Quellec, M. Lamard, P.-H. Conze, P. Massin, and B. Cochener, “Automatic

detection of rare pathologies in fundus photographs using few-shot learning,”

Med. Image Anal., vol. 61, no. 101660, p. 101660, Apr. 2020.

[63] T. Krzywicki, P. Brona, A. M. Zbrzezny, and A. E. Grzybowski, “A global

review of publicly available datasets containing fundus images: Characteristics,

barriers to access, usability, and generalizability,” J. Clin. Med., vol. 12, no. 10,

May 2023.

[64] M. Aftab, T. Ahmad, S. Adeel, S. H. Bhatti, and M. Irfan, “Hyper-parameter

tuning through innovative designing to avoid over-fitting in machine learning

modelling: a case study of small data sets,” J. Stat. Comput. Simul., vol. 95,

no. 7, pp. 1595–1609, May 2025.

[65] A. Rashid and F. A. Jakobiec, “Avoiding the major complication of ophthalmic

pathology: misdiagnosis. a review of three common diagnostic challenges,”

Semin. Ophthalmol., vol. 29, no. 5-6, pp. 468–474, Sep. 2014.

[66] S. Chokuwa and M. H. Khan, “Divergent domains, convergent grading: Enhanc-

ing generalization in diabetic retinopathy grading,” in 2025 IEEE/CVF Winter

Conference on Applications of Computer Vision (WACV), 2025, pp. 3667–3677.

[67] V. Kumar and K. Paul, “Fundus imaging-based healthcare: Present and future,”

ACM Trans. Comput. Healthc., vol. 4, no. 3, pp. 1–34, Jul. 2023.

[68] S. Das, H. J. Kuht, I. De Silva, S. S. Deol, L. Osman, J. Burns, N. Sarvanan-

than, U. Sarodia, B. Kapoor, T. Islam, R. Sampath, A. Poyser, V. Konidaris,

R. Anzidei, F. A. Proudlock, and M. G. Thomas, “Feasibility and clinical util-

ity of handheld fundus cameras for retinal imaging,” EYE, vol. 37, no. 2, pp.

274–279, Feb. 2023.

[69] P. Khojasteh, B. Aliahmad, and D. K. Kumar, “Fundus images analysis using

deep features for detection of exudates, hemorrhages and microaneurysms,”

BMC Ophthalmol., vol. 18, no. 1, Dec. 2018.

139



[70] A. Raj, A. K. Tiwari, and M. G. Martini, “Fundus image quality assessment:

survey, challenges, and future scope,” IET Image Process., vol. 13, no. 8, pp.

1211–1224, Jun. 2019.

[71] K. S. Kumar and N. P. Singh, “Retinal disease prediction through blood

vessel segmentation and classification using ensemble-based deep learning ap-

proaches,” Neural Comput. Appl., vol. 35, no. 17, pp. 12 495–12 511, Jun. 2023.

[72] S. W. Franklin and S. E. Rajan, “Computerized screening of diabetic retinopa-

thy employing blood vessel segmentation in retinal images,” Biocybern. Biomed.

Eng., vol. 34, no. 2, pp. 117–124, 2014.

[73] A. W. Stitt, T. M. Curtis, M. Chen, R. J. Medina, G. J. McKay, A. Jenkins,

T. A. Gardiner, T. J. Lyons, H.-P. Hammes, R. Simó, and N. Lois, “The progress
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