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Abstract

Ophthalmological disorders, such as diabetic retinopathy, glaucoma, age-related macular

degeneration, and cataracts, are among the leading causes of vision impairment and blindness

worldwide. Early detection and accurate diagnosis are crucial for effective treatment and

management of these conditions. Traditional diagnostic methods rely heavily on manual

examination by ophthalmologists, which can be time-consuming, subjective, and prone to

variability. This thesis explores the potential of medical image processing techniques to

develop an automated, efficient, and accurate system for detecting ophthalmological disorders.

The research focuses on preprocessing, feature extraction, and classification of retinal and

ocular images using advanced image processing and machine learning algorithms. Various

enhancement techniques, such as contrast adjustment, noise reduction, and edge detection, are

employed to improve image quality. Feature extraction methods, including texture analysis,

morphological operations, and deep learning-based feature representation, are used to identify

key biomarkers associated with different eye diseases. The extracted features are then analyzed

using machine learning and deep learning models, such as convolutional neural networks

(CNNs), support vector machines (SVMs), and random forests, to classify ophthalmological

disorders with high accuracy.

The proposed framework has been validated using publicly available and clinical datasets,

achieving promising results in terms of precision, recall, sensitivity, specificity, and overall

classification accuracy. Comparative analysis with existing state-of-the-art methods

demonstrates the effectiveness of the approach in improving diagnostic accuracy and reducing

false-positive and false-negative rates.

This study contributes to the field of computer-aided diagnosis (CAD) by providing a robust,

automated tool that can assist ophthalmologists in early disease detection, thereby facilitating

timely treatment and improving patient outcomes. Future work will focus on further optimizing

the model, integrating multi-modal imaging data, and developing a real-time clinical decision

support system for ophthalmological disorder detection.

Keywords: Ophthalmological Disorders, Medical Image Processing, Deep Learning, Retinal

Image Analysis, Computer-Aided Diagnosis, Machine Learning.
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Chapter I

Ophthalmological Disorder Detection Using

Medical Image Processing: An Introduction

The human eye, a vital and incredibly complex sensory organ found in humans,

functions as a critical source of information, transmitting around 80% of the

surrounding environmental data to the brain. Consequently, the impairment of vision

can significantly curtail an individual's capabilities, comparable to experiencing 80%

paralysis. Routine eye examinations play a crucial role in early identification and

assessment of ocular and cardiovascular ailments. Furthermore, by promptly detecting

latent eye disorders, appropriate medical interventions can be implemented to halt their

advancement. This chapter aims to introduce the motivation behind the study, delve

into ophthalmic disorders and their effects on the human body, and tackle the

challenges encountered in this field.
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1.1. Why Employ Automated Image Detection for Retinal Pathology?

Certainly, why is this happening? What factors are propelling the advancement of automated

computer-based identification and measurement of retinal abnormalities? What prompts the

collaboration among a variety of experts such as medical professionals, healthcare

practitioners, medical physicists, biomedical engineers, and computer scientists to create

systems that can autonomously identify retinal disorders?

In this section, we will explore why several research groups have undertaken the task of

developing methods and computer software for automating the detection of retinal pathology

in images. We will observe:

1. The demand within clinical practice for more effective and economical means of

identifying, managing, and treating retinal diseases.

2. The research community's aspiration to gain deeper insights into the root causes and

progression of diseases necessitates an intricate analysis of extensive collections of

ophthalmological representations.

3. The current developments in tech gear and system efficiency, integrated with

progressively advanced approaches in feature analysis, originate the numerous

possibilities. These advancements can address the requirements of clinical practice and

the eye research field.

4. The duality of retinal images serves both as a valuable resource and a challenging

terrain for applying digital image processing and machine learning techniques. These

techniques can be rewarding for recent graduates and simultaneously challenging for

even the most skilled and inventive engineers.

We commence by examining the driving force that emerges within the medical field, urging

the development of novel, cost-effective, and enhanced methods for identifying and controlling

retinal ailments. This impetus originates from various sources, all of which we will sequentially

explore.

1.1.1.  The General Clinical Need

Due to the increasing elderly population on a global scale, there has been a rise in eye-related

diseases, resulting in a proportional decrease in access to ophthalmic services, particularly in

rural regions and developing nations. The World Health Organization has introduced "Vision
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2020," a worldwide campaign aimed at preventing avoidable visual impairments by the year

2020 [1]. Enhancing eye health involves a range of strategies, including expanding efforts to

raise awareness about ocular well-being, identifying diseases at an early stage, providing

accurate diagnoses, and implementing targeted preventive measures to enhance outcomes.

Recent statistics indicate that globally, there are 37 million individuals suffering from blindness

and 124 million with impaired vision, not accounting for those with untreated refractive issues.

 Whereas the international agenda on Vision 2020 has made progress in reducing avoidable

blindness, especially stemming from ocular infections, there remains a necessity for more

extensive efforts to address issues such as cataracts, glaucoma, and diabetic retinopathy [2].

Among these concerns, diabetic retinopathy stands out as the most urgent challenge, and

consequently, much research on automated detection has been concentrated in this area.

1.1.2.  Hyperglycemia: A worldwide medical crisis

Insulin resistance, type 2 diabetes, creates several aftereffects like ophthalmological, heart

related or even kidney related problems. In the United States, the current prevalence of diabetes

stands at 6.3%, with certain ethnic groups and socioeconomic strata displaying even higher

rates [6–8]. According to statistical data disseminated by the International Diabetes Federation

(IDF), India experiences a more elevated prevalence of type II diabetes in comparison to other

nations. The IDF's ongoing research approximates that about 62 million people in India grapple

with this condition, marking a surge of roughly 10 million since 2011. Should this trend persist,

it is anticipated that India's caseload will surpass 100 million by 2030, mirroring the situation

in New Zealand [3]. Similarly, in Australia, diabetes affects approximately one million

individuals (5% of the population), and the expenses linked to managing its complications incur

costs amounting to roughly AUS$7 billion [9]. Diabetes constitutes a noteworthy and

financially demanding health concern in Western countries, displaying an incidence rate that

approaches levels akin to an epidemic. To effectively address this mounting issue, fresh and

inventive approaches for identification, diagnosis, treatment, and subsequent monitoring are

imperative.

1.1.3.  Ophthalmological Disorders

An ophthalmological disorder denotes a medical condition or anomaly that impacts the eyes or

the visual system. These disorders may affect different components of the eye, such as the

cornea, lens, retina, optic nerve, or related structures, potentially leading to vision impairment

or other disturbances in visual function. Ophthalmological disorders encompass a range of
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conditions, including cataracts, glaucoma, macular degeneration, retinal detachment, and

various types of refractive errors like myopia (near-sightedness) and hyperopia

(farsightedness). It is crucial to receive timely diagnosis and appropriate treatment from

ophthalmologists to effectively manage these conditions and safeguard visual well-being.

1.1.3.1. Diabetic Retinopathy

Elevated blood sugar levels linked to diabetes serve as the established trigger for diabetic

retinopathy (DR), a progressive degenerative ailment of the retina. This condition possesses a

latent phase that can initiate well before the actual onset of diagnosed diabetes, and it unfolds

without noticeable symptoms. Diabetic retinopathy is categorized into multiple phases. The

initial indications are retival arteries and veins occlusion, bleeding from broken vessels, blood

spots [10–12]. Further advancement of the ailment is signaled by the leakage of fluids from

retinal capillaries. If this leakage occurs in the region of sharpest vision (macula), it can lead to

sight-threatening diabetic retinopathy (STDR) [13–15]. Among diabetic individuals, diabetic

macular edema stands as the foremost cause of vision deterioration. The rate of new cases in

ophthalmology due to hyperglycemia is also rapidly growing with a rise in hyperglycemia

ubiquity. The recent works of literature explain that nearly 60% of the population is affected

by type 2 hyperglycaemia [17].

The range of several attributes that are apparent to the ophthalmologist or trained person

signifies retinal hyperglycemia. Some attributes related to hyperglycemic retinopathy (e.g.,

hemorrhages, microaneurysms) are correlated with the severity of the retinal disorder in the

early stage [23, 24]. Those attributes indicate a precise objective that helps to create an

automated retinal analysis system that can generate valuable information related to retinal

hyperglycemia. It is also necessary that common people should know that hyperglycemia is

treatable if it is observed in the initial stages. The governments, along with the World Health

Organization, are also trying to help patients identify, control, and cure hyperglycemia through

different funding [22]. By observing hyperglycemia through fundus images, the condition can

be treated. It is also a more constructive and systematic process that helps to reduce the cost.

1.1.3.2. Hypertensive Retinopathy

The uplifted vascular pressure due to the blood flow is the main concern of the hypertensive

retinopathy. It impacts the vascular tube found in the retina. Prolonged and uncontrolled

hypertension can lead to detrimental effects on the small retinal blood vessels, causing them to

narrow, leak, or become obstructed.
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The severity of hypertensive retinopathy is categorized into several stages:

 Mild hypertensive retinopathy: In the initial stage, there might be a slight narrowing of

the retinal blood vessels.

 Moderate hypertensive retinopathy: The blood vessels experience more constriction,

and there could be swelling (edema) in the retina.

 Severe hypertensive retinopathy: This stage is characterized by significant narrowing

and twisting of the blood vessels, accompanied by more prominent retinal edema and

bleeding.

 Malignant hypertensive retinopathy: This represents an advanced and critical stage with

severe damage to the retinal blood vessels, resulting in the formation of cotton-wool

spots (areas of nerve fiber layer infarcts) and optic disc swelling (papilledema).

Hypertensive retinopathy can lead to a range of visual problems, including unclear eyesight,

diminished peripheral vision, and, in more serious instances, complete vision impairment. It's

crucial for people with high blood pressure to consistently check their blood pressure levels

and follow medical advice in order to effectively handle the condition. Managing blood

pressure by making lifestyle adjustments, taking prescribed medications, and routinely

consulting an eye specialist can work towards avoiding or lessening the effects of hypertensive

retinopathy on both vision and general eye health. Timely identification and intervention

significantly contribute to achieving improved results.

1.1.3.3.  Retinopathy of Prematurity (ROP)

Retinopathy of Prematurity (ROP) is an ocular condition that has the potential to cause

blindness in premature infants, especially those born before 31 weeks of gestation or weighing

less than 1,500 grams (approximately 3 pounds 5 ounces). Immature retinal vascular structure

is the main reason of developing this type of situation. In a normal gestation period, retinal

blood vessels develop progressively from the optic nerve toward the outer regions of the retina.

However, in premature infants, the available time for these vessels to fully mature before birth

might be inadequate. As a result, abnormal blood vessels can develop and multiply on the

surface of the retina, leading to various stages of ROP:

 Mild ROP: Characterized by mildly abnormal blood vessel growth.

 Moderate ROP: Involves more pronounced abnormal vessel growth.

 Severe ROP: Exhibits severely abnormal blood vessel growth, potentially leading to

scarring and retinal detachment.
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If not promptly detected and treated, severe ROP can cause significant visual impairment or

even complete blindness. The condition usually develops about 2-3 weeks after birth and

progresses rapidly. Nevertheless, in many cases, ROP can spontaneously resolve as the baby

grows and the blood vessels mature.

Diagnosis of ROP involves regular eye examinations conducted by a pediatric ophthalmologist,

who closely monitors the infant's eyes. If ROP is detected, the ophthalmologist may

recommend specific treatments to prevent vision loss. Common treatment options include:

1. Laser therapy: This treatment method aims to halt abnormal blood vessel growth and

reduce the risk of retinal detachment.

2. Cryotherapy: In some situations, cryotherapy, which involves freezing treatment, may

be used as an alternative to laser therapy to target abnormal blood vessels.

3. Anti-VEGF injections: Intravitreal injections of anti-VEGF medications can help

suppress abnormal vessel growth.

The decision regarding which treatment to pursue depends on the severity of ROP and the

baby's overall health.

Prevention and early detection are crucial in managing ROP. Neonatal intensive care units

(NICUs) often adhere to guidelines for monitoring and managing premature infants' eye health.

Ensuring that premature infants receive appropriate medical care and regular eye examinations

can significantly reduce the risk of severe visual impairment caused by ROP.

1.1.3.4. Central Serous Retinopathy (CSR)

Central Serous Retinopathy, also referred to as Central Serous Chorioretinopathy, is a condition

of the retina that impacts central eyesight by inducing the build-up of fluid beneath the retina.

The retinal neuroepithelium is segregated from the inherent pigment epithelial layer of the

retina due to the accumulation of fluid.

The exact cause of CSR is not always clear, but it often seems to be linked to RPE dysfunction,

which is responsible for nourishing and supporting retinal cells. Several factors that may

contribute to CSR development include:

 Stress: High levels of stress or anxiety have been associated with CSR in some cases.

 Corticosteroids: The use of systemic or local corticosteroid medications can increase

the risk of CSR.
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 Pregnancy: CSR is more common in pregnant women, possibly due to hormonal

changes.

 Type A personalities: Individuals with Type A personalities, known for competitive and

high-stress behavior, may have a higher risk of developing CSR.

Symptoms of CSR include blurred or distorted central vision, reduced color perception, and

micropsia (objects appearing smaller than they are). While CSR typically affects one eye, it

can occur in both eyes in some cases.

CSR often resolves spontaneously within a few months as the fluid under the retina is

reabsorbed. However, it may persist or recur in some instances, leading to chronic or recurrent

CSR, which can cause permanent vision changes due to accumulated fluid damaging the retinal

cells.

A complete ocular health screening along with an inflated ophthalmoscopic assessment,

tomographic imaging, and retinal fluorescein imaging to observe the retinal structure and

identify the presence of fluid is needed to diagnose the CSR.Treatment for CSR depends on its

severity and duration. In many cases, no specific treatment is required as the condition resolves

on its own. However, if CSR persists or significantly affects visual acuity, the following

treatment options may be considered:

 Observation: Close monitoring may be advised in mild cases to see if the condition

resolves without intervention.

 Photodynamic Therapy (PDT): This treatment employs a photosensitizing agent and a

low-power laser to target abnormal blood vessels, reducing fluid leakage.

 Focal Laser Photocoagulation: In certain cases, laser treatment can seal leaking blood

vessels and decrease fluid accumulation.

For any eye condition, seeking prompt evaluation and appropriate management by an

ophthalmologist is crucial if experiencing visual changes or symptoms related to CSR.

1.1.3.5. Retinal Vein Occlusion (RVO)

Retinal Vein Occlusion (RVO) refers to a vascular ailment that impacts the retina, the light-

sensitive tissue accountable for vision at the rear of the eye. The occurrence of RVO transpires

when any of the retinal veins encounter blockage, leading to a disturbance in the usual blood

circulation and resulting in a range of vision-related complications.
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Two primary categories of retinal vein occlusion exist:

1. Central Retinal Vein Occlusion (CRVO): This occurs when the central retinal vein,

responsible for draining blood from the entire retina, becomes obstructed. CRVO can

be categorized into two subtypes:

 Non-ischemic CRVO: In this variation, there is a partial hindrance to blood flow

in the retina, carrying a relatively lower risk of experiencing substantial vision

loss.

 Ischemic CRVO: Ischemic CRVO involves a notable impairment of blood flow,

resulting in an elevated likelihood of severe vision loss.

2. Branch Retinal Vein Occlusion (BRVO): BRVO occurs when one of the branches of

the central retinal vein becomes obstructed. The degree of vision impairment is

determined by the seriousness and location of the blockage.

The leading cause of RVO is frequently linked to arteriosclerosis (the hardening of arteries) or

the existence of blood clots within blood vessels. Additional risk factors contributing to the

development of RVO encompass high blood pressure, diabetes, glaucoma, and specific blood

disorders.

Signs of RVO may differ according to the type and intensity of the blockage, but potential

indicators encompass abrupt painless loss of vision or a blurry quality in the impacted eye. In

more severe instances, individuals may observe floaters or experience defects in their visual

field.

Detecting RVO encompasses a thorough eye assessment, which comprises gauging visual

sharpness, conducting an expanded fundus examination, and utilizing imaging techniques like

optical coherence tomography (OCT) and fluorescein angiography (FA) to analyze the

circulation of blood in the retina. The selection of treatments for RVO is contingent on the

occlusion's kind, intensity, and root factors. Even though certain instances of RVO might

naturally alleviate with the passage of time, potential courses of treatment encompass:

 Intravitreal Injections: Injection of anti-VEGF medications into the eye to reduce

macular edema (swelling) and improve vision.

 Laser Therapy: The use of laser treatment to seal leaking blood vessels and reduce

macular edema.
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 Corticosteroids: In some instances, corticosteroids may be administered to reduce

inflammation and edema in the eye.

 Anti-coagulation therapy: In certain situations, anti-coagulant medications may be

prescribed to prevent blood clots.

Prompt diagnosis and timely intervention are crucial in managing retinal vein occlusion and

preventing further vision loss. If you experience sudden changes in vision or other symptoms

of RVO, seeking an immediate evaluation by an eye care specialist is essential.

1.1.3.6. Retinal Artery Occlusion (RAO)

Retinal Artery Occlusion (RAO) is a severe eye condition that occurs when one of the retinal

arteries, responsible for supplying blood to the retina, becomes blocked or obstructed. This

blockage disrupts the normal blood flow to the affected part of the retina, causing a sudden and

significant loss of vision.

RAO can be divided into two primary categories:

1. Central Retinal Artery Occlusion (CRAO): This occurs when the central retinal artery,

responsible for supplying blood to the entire retina, becomes obstructed. This form of

RAO often leads to an immediate and significant loss of central vision.

2. Branch Retinal Artery Occlusion (BRAO): In this type, one of the branch retinal

arteries, which provides blood to a specific retinal area, becomes blocked. The degree

of vision loss is contingent on the size and location of the blocked branch. 

The leading cause of RAO is typically a blood clot or embolus that travels and lodges within

the retinal artery, impeding blood flow. These emboli may originate from various sources like

the heart or carotid arteries.

Symptoms of retinal artery occlusion are abrupt and may include:

 Sudden, painless, and severe vision loss in the affected eye.

 Blurred or completely black vision in the affected area.

 The affected eye may appear pale or whitish due to reduced blood supply.

Retinal artery occlusion requires urgent medical attention, as vision loss is often irreversible if

not promptly treated. There is a narrow time window for intervention to potentially restore

blood flow and preserve vision.
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Immediate evaluation and intervention by an ophthalmologist or an emergency room physician

are critical when experiencing symptoms of RAO. Treatment may involve efforts to dislodge

the embolus or enhance blood flow to the retina. Some treatment options include:

 Employing a soft digital massage in the vicinity of the eye to assist in dislodging the

embolus.

 Employing controlled breathing into a paper bag in specific scenarios raises carbon

dioxide levels, potentially widening blood vessels and enhancing blood circulation.

 Utilizing intra-arterial thrombolysis, a technique in which medications are introduced

directly into the impacted artery to dissolve the clot.

 Engaging in hyperbaric oxygen therapy, a process wherein pure oxygen is inhaled

within a pressurized chamber to augment blood flow.

It's important to acknowledge that even with intervention, the potential improvement in visual

outcomes could be constrained by the extent of the occlusion and the duration of the blockage.

Taking steps to avoid retinal artery occlusion includes addressing risk factors like hypertension,

diabetes, and heart conditions that could contribute to the development of emboli. Consistent

eye check-ups and comprehensive health assessments play a vital role in promptly identifying

and managing these risk factors.

1.1.3.7. Retinitis Pigmentosa (RP)

Retinitis Pigmentosa (RP) is a collection of hereditary ocular disorders that impact the retina.

The defining characteristic of RP is the progressive decay of retinal cells, particularly the

photoreceptors (rods and cones), which have a crucial role in detecting light and transmitting

visual information to the brain.

The primary source of RP is rooted in genetic mutations transferred from parents to their

offspring. These mutations interfere with the operation and structure of retinal cells, causing

them to degrade gradually over time. Consequently, people with RP encounter a deterioration

in their vision, initially struggling with low-light vision (night blindness) and facing diminished

peripheral sight (tunnel vision). As the condition advances, there is a possibility of central

vision impairment, which may eventually result in legal blindness.

The symptoms and progression of RP can exhibit significant variations among individuals,

contingent on the specific genetic mutation at play. Some individuals might undergo a gradual
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decline in vision over an extended period, whereas others could experience a more swift

deterioration in their vision quality. The diagnosis of RP commonly entails a thorough eye

evaluation, encompassing assessments of visual sharpness, visual field, and the utilization of

imaging techniques like electroretinography (ERG), which gauges the retina's reaction to light

stimuli.

Currently, RP lacks a remedy due to the inability to correct the underlying genetic mutations

responsible for the condition. Nevertheless, ongoing research has unveiled promising

experimental remedies, such as gene therapies and retinal implants, with the goal of retarding

disease advancement or potentially reinstating partial vision.

The management of retinitis pigmentosa (RP) centres around preserving the existing visual

capabilities and optimizing functional independence. This can involve various strategies such

as:

 Employing low-vision aids like magnifiers, electronic devices, or telescopes to enhance

visual perception and aid in daily activities.

 Participating in orientation and mobility training to acquire skills for safe navigation

and movement in the presence of diminished vision.

 Engaging in genetic counselling to gain insights into the hereditary aspects of RP and

consider options related to family planning.

In addition, maintaining regular appointments with an ophthalmologist or retina specialist is of

utmost importance for individuals with RP. This allows for continuous monitoring of their

visual condition and the potential exploration of novel treatments or supportive interventions

that may emerge over time.

Coping with RP can bring about difficulties, yet with the right assistance, people can adjust

and enjoy meaningful lives. A range of associations and support collectives provide tools and

communal bonds to help individuals with RP and their loved ones in managing the effects of

this condition.

1.1.3.8. Sickle Cell Retinopathy

Sickle Cell Retinopathy is an eye ailment that specifically develops in individuals affected by

sickle cell disease, an inherited blood disorder distinguished by anomalous hemoglobin within

red blood cells. This condition emerges as a result of the atypical morphology of these blood

cells, which subsequently causes obstructions within blood vessels. This, in turn, diminishes
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the blood circulation within the minute vessels of the retina, the photosensitive tissue

positioned at the rear of the eye and accountable for visual perception.

The occlusions within the blood vessels of the retina can lead to a range of retinal alterations,

encompassing:

 Occlusions of retinal vessels: The obstruction of the tiny blood vessels in the retina,

resulting in diminished blood delivery to particular retinal regions.

 Retinal hemorrhages: The escape of blood from injured blood vessels, giving rise to

small areas of bleeding on the retina.

 Neovascularization refers to the abnormal development of fresh blood vessels on the

retina. These vessels are often delicate and can easily leak, leading to further

complications with vision. 

The stages of Sickle Cell Retinopathy are categorized according to the extent of retinal

alterations. During its initial phases, this condition usually doesn't exhibit prominent

symptoms. Nevertheless, as it advances, individuals might encounter issues with their vision

such as unclear eyesight, distorted visual perception, or even a reduction in their field of vision.

Individuals with more severe forms of sickle cell disease, like sickle cell anaemia, are at a

heightened risk of developing sickle cell retinopathy. As a result, it is crucial to undergo regular

eye examinations conducted by an ophthalmologist. These examinations play a crucial role in

promptly identifying and tracking retinal changes linked to sickle cell retinopathy.

The appropriate course of treatment for sickle cell retinopathy hinges on the condition's stage

and severity. For milder instances, vigilant monitoring might be sufficient. Conversely, as the

condition progresses, treatment options may involve utilizing laser therapy or administering

anti-VEGF injections. These interventions aim to manage neovascularization and mitigate the

potential for significant vision loss.

To effectively manage their condition and mitigate potential complications, like sickle cell

retinopathy, individuals with sickle cell disease should maintain close communication with

their healthcare team, which should include an ophthalmologist. Furthermore, adopting

practices that bolster overall health and ensuring proper hydration can contribute to diminishing

the risk of sickling and associated complications throughout the body, including the eyes.

The above descriptions provide only a few illustrations of retinopathy disorders. Each type of

retinopathy can be caused by distinct factors, present varying symptoms, and require different
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treatments. If you notice any changes in your vision or are at risk for these conditions, seeking

prompt medical attention is vital. An eye specialist or ophthalmologist is best equipped to offer

a precise diagnosis and provide suitable care for retinopathy disorders.

1.1.4. Impact on Human Body:

Retinal conditions can profoundly influence human well-being, especially concerning vision.

The retina, a crucial ocular element responsible for converting light into neural signals sent to

the brain, holds a pivotal role in our visual capacity. Disorders affecting the retina can lead to

an array of detrimental outcomes, including:

1. Vision Impairment or Loss: Retinal disorders frequently lead to unclear eyesight,

diminished visual sharpness, or even absolute blindness in severe instances, impacting an

individual's visual clarity.

2. Visual Field Constriction: Specific retinal disorders result in reduced visual field, causing

loss of peripheral or central vision, thereby affecting day-to-day navigation and activities.

3. Photophobia: Certain retinal disorders trigger photophobia, rendering bright surroundings

uncomfortable or painful.

4. Color Perception Challenges: Some retinal disorders result in challenges with color vision,

making accurate color differentiation difficult.

5. Night Blindness: Certain retinal disorders induce night blindness, complicating vision in

low-light situations.

6. Metamorphopsia: Conditions like macular degeneration can induce metamorphopsia,

distorting straight lines and causing a wavy appearance.

7. Emotional Consequences: Vision loss or impairment due to retinal disorders can have

substantial emotional and psychological impacts, leading to feelings of anxiety, depression,

and frustration.

8. Decreased Mobility and Autonomy: Impaired vision can curtail mobility and self-

sufficiency, making navigation and daily tasks more challenging without external aid.

9. Interference with Daily Tasks: Reading, driving, recognizing faces, and tasks requiring fine

detail become arduous or unachievable for individuals grappling with retinal disorders.

10. Limitations in Functionality: Retinal disorders can impede a person's capacity to work,

engage socially, and maintain an active lifestyle.

The objective of addressing and controlling retinal disorders is centred around maintaining and

reinstating vision to the highest extent achievable. Timely detection and proactive measures
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are imperative to achieve more favourable results. Consistent eye evaluations and swift medical

care play a vital role in recognizing retinal disorders promptly and halting their advancement,

thus minimizing their effect on an individual's overall well-being.

1.2. Digital Analysis of Retinopathy

The treatment of blindness due to the variety of retinal disorders is more valuable in the the

digital analysis of retinopathy. The incorporation of digital systems driven analysis of

ophthalmological disorder provides the maximum effective clinical analysis. In recent ages,

the digital analysis is the fundamental step to evaluate ophthalmological parameters in various

countries like Scotland. Numerous retinal attributes can easily and automatically be identified

by this assessment that analyses the digital fundus retinal images [62-68]. Additionally,

hypertension, hyperglycemia or even cardio-vascular disorder can affect the retinal vascular

structure by narrowing and widening them or blocking them which can also be identified by

this digital analysis. Some results of digital fundus analysis are being depicted below.

1.2.1.  Detection of Optic Nerve Head

The optic nerve head is the signature hallmark of the human retina. The characteristics of this

attribute are likely its brighter, circular shape with a color variation from whitish to yellowish,

its size, which is generally constant for individuals, and it is the source of the vascular structure.

The identification of the optic disk in retinal fundus images and the quantitative study of the

evolution of its shape and size play an important role in diagnosing different pathologies, and

the abnormalities related to the retina of the human eye. Most of the abnormalities which are

related to an optic disc may lead to a structural change in the inner and outer areas of the optic

disc. Optic disc identification and segmentation on the level of the whole retinal image reduces

the detection sensitivity for those parts. Searching the portions with maximum brightness

[99,102,103], finding circular perimeter with highly intensed pixels by fitting a snakes model

[105,106] or Hough transformation [101] and by finding vascular curvature, the optic nerve

head can be identified. .

1.2.2.Optic Vascular Structure Classification

The identification of blood vessels in retinal fundus images and quantitative study of the

evolution of its shape and size plays an important role in diagnosing different abnormal

conditions correlated to the retinal structure of the human eye. Most of the abnormalities, which
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relate to blood vessels, may tends to a structural change of the blood vessels. Segmentation of

blood vessels corresponding to entire retinal image reduces the sensitivity for those areas.

Describing the vascular pattern of retinal fundus [62, 114, 115] and optical fluorescein images

[99, 112, 113] in the literature is very wide-ranging and the justification of this field in the

introduction does not match. Various strategies like filtering [116], threshold selection [117],

morphology [118, 119], region growing [120], etc., can be convenient to identify the vessel

pattern. Tracking vessel patterns is fundamentally done from the initial seed point of the

vascular tree and by approaching in small steps to the vessel's direction. 

1.2.3.  Change in Vascular Diameter

Marking of retinal vascular pattern is worldwide validated phenomenon in hyperglycemia and

hypertension. The escalation of hyperglycemia and hypertension impacts the retinal vascular

pattern by narrowing or widening the veins and arteries and their sprigs. These modifications

in blood vessels aren't exclusive to diabetes; research by Wong and colleagues has indicated

that they can also contribute to the likelihood of experiencing cardiovascular and

cerebrovascular diseases [55, 110]. Microvascular abnormalities within the retina, like the

narrowing of both general and specific arterioles, arteriovenous nicking, and retinopathy,

portray the cumulative harm inflicted on blood vessels due to factors such as hypertension and

aging. Studies in population demographics suggest that these irregularities are observable in

about 2% to 15% of individuals without diabetes, and they consistently show a strong

association with high blood pressure. The narrowing of general arterioles and arteriovenous

nicking also seem to act as enduring indicators of hypertension, reflecting not only current but

also past levels of blood pressure [60, 111].

1.2.4.  Identification of Capillary Aneurysms

In early 1980s, the findings of the small aneurysms in the macula region of human retina by a

computational procedure are being attempted but at the end of 1990s some important and

dependable datas have been captured [70]. The Aberdeen group was able to provide the first

proven procedure of identification of small capillary aneurysms within the fluorescein images

[71, 72]. Now in various laboratories several ongoing researches on RGB fundus images are

being discussed. Many well-established documentations can be found on the detection of small

capillary aneurysms and their direct relations to the degree of illness like hyperglycemia and

hypertension [23,24]. The small aneurysms are formed dynamically over the retina and it has
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a direct link to the hyperglycemia screening system [24, 73-75]. So, it is very obvious that

findings of those small aneurysms in fundus RGB are very important.

1.2.5.  Hemorrhages

Hemorrhages, basically the discharge of fluid in the macula due to the vessel’s bulge, are a

very important attribute related to hypertension and hyperglycemia. These are found in the

macula of the retinal fundus in a small and very arbitrary structure. Their size and color are

like the small aneurysms. So, it is very complicated to differentiate them and identify them.

The literature survey on the detection of hemorrhages is very limited compared to that of small

aneurysms. The Spyder-Net technique [72] is being widely used to detect the larger

hemorrhages [79]. Some other techniques like Neural Network, Artificial Algorithm [80], or

segmentation-related techniques [64] and morphological analysis are also used to identify those

spots.

1.3. Significance of the Study

The significance of this research extends beyond achieving technical accuracy in

ophthalmological disorder detection. The proposed work aims to address a pressing clinical

and societal need — the early, affordable, and accessible diagnosis of vision-threatening eye

diseases such as Diabetic Retinopathy (DR), Age-related Macular Degeneration (AMD), and

Diabetic Macular Edema (DME). These conditions are major causes of preventable blindness

worldwide, particularly in low- and middle-income populations where specialist availability

and diagnostic infrastructure are limited.

By developing image processing–based diagnostic techniques that are both computationally

efficient and clinically reliable, this research contributes toward reducing the burden of

avoidable blindness, enabling large-scale screening, and supporting ophthalmologists in

making faster and more consistent diagnoses. Thus, the study not only advances technical

methodologies but also holds significant implications for public health, healthcare cost

reduction, and improved patient outcomes.

1.4. Conclusion

In conclusion, the introduction provides a comprehensive overview of the significance and

challenges surrounding the detection of ophthalmological disorders through the utilization of

medical image processing techniques. The field of ophthalmology plays a critical role in

diagnosing and treating various eye conditions, making the accurate and timely detection of
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these disorders of utmost importance. With the rapid advancements in medical imaging

technology and computational methods, there is a growing potential to revolutionize the way

ophthalmic diseases are identified and managed.

The introduction highlights the complexity of ophthalmic disorders and emphasizes the

limitations of traditional diagnostic approaches. It underscores the need for efficient and

accurate methods that can enhance early detection, leading to improved patient outcomes. By

harnessing the power of medical image processing, researchers and practitioners can leverage

digital images obtained through multiple digital imaging processes like macula captured by

fundus camera or captured by OCT to develop sophisticated algorithms capable of identifying

subtle patterns and anomalies that might elude the human eye.

Moreover, the introduction provides a glimpse into the key challenges associated with

ophthalmological disorder detection using medical image processing. These challenges range

from dealing with large and complex datasets to addressing issues related to noise, variability,

and interpretability of results. The integration of machine learning and artificial intelligence

techniques holds great promise in overcoming these obstacles, as these approaches can learn

from vast amounts of data and adapt to evolving patterns.

In essence, the introduction sets the stage for the subsequent chapters of this study, highlighting

the importance of advancing the field of ophthalmological disorder detection through the fusion

of medical image processing and cutting-edge technologies. As researchers continue to

innovate and refine their methodologies, there is an exciting opportunity to enhance diagnostic

accuracy, reduce the burden on healthcare professionals, and ultimately improve the quality of

life for individuals affected by ophthalmic conditions. The journey towards achieving these

goals requires collaboration between medical experts, computer scientists, and engineers, as

well as a commitment to pushing the boundaries of knowledge and technology in service of

better eye care.
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Chapter II

Literature Review

Within the realm of medical imaging and ophthalmology, retinal image processing stands

as a prominent area of research. It encompasses the analysis and improvement of images

derived from the retina to support the diagnosis, monitoring, and treatment of diverse

retinal disorders. Commonly studied retinal disorders employing retinal image processing

techniques comprise diabetic retinopathy, age-related macular degeneration (AMD),

glaucoma, and retinal vein occlusion.
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2.1. Retinal Image Quality Assessment

In the past, the main emphasis of image quality assessment was on evaluating the impact of storage,

transmission, or compression on image quality [150]. However, in the medical domain, it has

become imperative to consider the suitability of an image for precise medical diagnosis. Ensuring

that medical images possess sufficient quality is vital to prevent potential inaccuracies in diagnoses

that may arise from analyzing low-quality images. By conducting an image quality assessment, it

is possible to ascertain whether an image is appropriate for use in medical diagnosis.

2.1.1.Retinal Image Quality

The evaluation of retinal image quality aims to determine if the image is suitable for accurate

medical diagnosis. Several factors can impact retinal image quality, such as the natural curvature

of the retina, differences in pupil dilation among patients, patient fixation or blinking, the presence

of diseases, the experience of the personnel operating the equipment, ocular media opacity, and

camera settings (e.g., poor focus or inadequate illumination) [151-153]. In general, high-quality

retinal images are characterized by two crucial elements: clear visual details and relevant content.

 Clarity: To make retinal images appropriate for analysis, they must display distinct and

well-defined structures. This requires adequate sharpness, appropriate overall illumination,

and uniformity. The clarity of retinal images is vital for automated systems to differentiate

retinal anatomical structures and potential abnormalities during the pre-diagnosis phase.

Additionally, it guarantees that medical experts have a precise and sufficient view for

precise examination and diagnosis.

 Content: For a dependable disease diagnosis [154], it is crucial for retinal images to capture

all necessary retinal structures. Even if the clarity of the images is satisfactory, an

incomplete portrayal of these structures could make the image unsuitable for precise

diagnosis. Furthermore, to avoid potential misdiagnosis caused by outlier images, ARSS

should eliminate non-retinal images during subsequent processing.

Retinal images that suffer from clarity issues, such as blurriness, inadequate illumination, or non-

homogeneities, are considered unsuitable for medical diagnosis. Figure 2.1 provides examples of

both high-quality and poor-quality retinal images. When insufficient-quality retinal images are

presented for medical examination, an ophthalmologist may require a new capture of the image to

ensure a dependable diagnosis. In many cases, the image-capturing process and the involvement
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of the medical expert are independent [150], resulting in potentially time-consuming and costly

image recapture for the patient. In more serious situations, the analysis of low-quality retinal

images by an Automated Retinal Screening System (ARSS) could lead to misdiagnosis, falsely

identifying a diseased eye as healthy, and causing delays in essential treatment. Additionally,

telemedicine techniques that involve retinal image technologies often capture images at one

location and send them for specialized medical analysis at another. In such scenarios, receiving a

poor-quality retinal image can be problematic, especially when the patient is not easily accessible

for image recapture [155]. Therefore, it is imperative to conduct a Retinal Image Quality

Assessment (RIQA) immediately after image acquisition to determine promptly whether image

recapture is necessary for a reliable subsequent diagnosis.

Fig 2.1: Representative retinal images from the DRIMDB dataset illustrating variations in image

quality: (a–b) depict clear, well-focused retinal images with good illumination and contrast, while

(c–e) present poor-quality images affected by issues such as blurring, uneven lighting, or low

contrast [156].

2.1.2. Types of RIQA Images

Generally, Retinal Image Quality Assessment (RIQA) methods can be classified into two

categories: subjective and objective, depending on their approach to evaluating image quality.

Initially, RIQA predominantly relied on subjective assessments, wherein human experts would

visually inspect and assess the images. However, subjective methods are unsuitable for real-time



Literature Review

Page | 22

applications due to their impracticality, as they are cumbersome, expensive, and time-consuming

[157].

Conversely, objective methods for retinal image quality assessment (RIQA) automatically

evaluate the quality of retinal images based on specific criteria that align with subjective human

assessments [150]. These objective methods are increasingly preferred over subjective methods

due to their efficiency.

Objective image quality measures can be categorized into three types: full reference, reduced

reference, and no-reference methods, depending on whether a reference image is used for

assessment. Full reference methods require an original high-quality image as a reference and focus

primarily on overall image quality rather than the diagnostic perspective. They are more suitable

for evaluating image degradation caused by compression or storage and for assessing improvement

through enhancement algorithms.

On the other hand, reduced-reference methods use only partial information from the original image

and are suitable for assessing the quality of images affected by noise [158]. In contrast, no-

reference objective image quality assessment methods do not require any information from a

high-quality reference image. These methods blindly assess image quality and are suitable for

scenarios where a reference image is unavailable, such as in RIQA. However, it's worth noting

that the field of no-reference IQA is still in its early stages and is considered one of the most

challenging problems in image analysis [159].

2.1.3. Challenges in RIQA

Presently, there is considerable emphasis on developing robust RIQA (Retinal Image Quality

Assessment) algorithms, particularly those capable of seamless integration into ARSS (Automated

Retinal Screening Systems). Nevertheless, several hurdles must be surmounted to achieve reliable

and efficient algorithms for assessing retinal image quality. These challenges can be succinctly

outlined as follows:

 RIQA remains subjective: An established, universally recognized standard to assess the

acceptable quality of retinal images remains elusive [150]. Furthermore, the definition of

a high-quality retinal image depends on the specific diagnostic needs [160]. To illustrate,

an image with dark regions might be deemed acceptable for diagnosing glaucoma as long
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as the optic disc (OD) is clearly visible. However, the same image might be insufficient for

detecting early signs of diabetic retinopathy (DR) hidden within those dark regions.

 Limited Dataset: The main obstacle in Retinal Image Quality Assessment (RIQA) is the

scarcity of publicly annotated retinal image datasets with quality labels. Due to this

limitation, many research algorithms end up evaluating their techniques on private datasets.

Moreover, there exists considerable variation in the quality of retinal images within the

public datasets, leading to instances where images deemed of poor quality in one dataset

are deemed acceptable in another. Consequently, comparing the performance of various

existing RIQA algorithms in the literature becomes a challenging task. Furthermore, the

majority of publicly available datasets only categorize retinal images broadly as either good

or bad quality without specifying the particular quality issues (such as blur or poor

illumination) that make them unsuitable for reliable medical diagnosis. As a result, the

development of RIQA algorithms that target specific quality issues becomes a formidable

undertaking.

 Variation in imaging devices: Moreover, significant progress has been made in retinal

photography over the last decade. Notably, retinal cameras have seen enhancements,

leading to higher resolutions and improved image quality [161]. Nevertheless, the majority

of automatic Retinal Image Quality Assessment (RIQA) systems have been designed and

evaluated using specific datasets captured using a single device. This oversight has resulted

in a failure to consider the effects of variations in retinal images captured by different

apparatuses on the performance of developed algorithms.

Consequently, a pressing need arises for the development of comprehensive and efficient Real-

Time Image Quality Assessment (RIQA) algorithms that can deliver reliable results

instantaneously, even when dealing with images captured using different cameras, exhibiting

diverse resolutions, and varying quality levels.

2.2. Optic Disk Detection and Segmentation

The analysis of the optic disc can be categorized into two main components: optic disc detection

and segmentation. Within ophthalmology and medical imaging, considerable research has focused

on automating the identification and examination of the retinal optic disk. Numerous image-
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processing algorithms and methodologies have been proposed to achieve this, leading to various

prevalent approaches and techniques in this field.

In their work, Youssif et al. [162] employed template matching for the purpose of locating the

optic disc (OD) center in retinal images. Initially, they applied illumination equalization-based

and adaptive histogram equalization techniques using a 40  ×  40 running window to smooth the

image. This was followed by adaptive histogram equalization and normalization to enhance the

image contrast. To extract blood vessels, a Matched filter was utilized at a specific scale and 12

directions to approximate the vessel's orientation in the OD area. The OD was then identified based

on the pixel with the least accumulation.

In a separate study, Abramoff and Niemeijer [163] acknowledged the potential of this approach in

detecting the OD's location in retinal images, especially in cases with few or no abnormalities,

where the OD is typically positioned at the center of the image. To achieve the correlation between

the parameters related to the optical nerve head centre point of vector attributes measuring around

the circular disk parameter, the K-NN regression model has been employed.

Haar [164] employed illumination equalization on the green-band of the RGB fundus image,

followed by the creation of gaussian pyramid by the use of discrete wavelet transform based on

Haar model. The gleaming picture elements at the fifth level of gaussian pyramid are being

considered to measure the area of the optical nerve head.. Haar also suggested an alternative

approach involving polyhedron factorization vessel’s structure and the green component. The

optical nerve head detection using Hough Circular Transform is used by Ghafar et al. Here retinal

green component is used to detect the ONH. In this green image the complete vessel structure has

been subdued by using morphological closing operation. Then Sobel filter and the thresholding is

used to pullout the edges in those images. Finally the biggest circle ring that explains the ONH is

being identified by applying Hough Circular Transform.

Akita et al. [166] employed a method for localizing the optic disc (OD) by tracing back the vessels

to their origin. Although it is a reliable technique, it relies on time-consuming vascular tree

segmentation. A shape-oriented geometric alignment model of the retinal vessel system has been

proposed by Grison et al. [167]. That model inherently contains information about the OD position

as the convergence point of vessels. By utilizing vessel centre-line points and corresponding

directions obtained through vessel identification, they estimated model parameters using stochastic
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optimization. The position of the optic nerve head is being calculated by those predicted

parameters.

Rangayyan et al. [168] adopted phase-portrait analysis to detect the OD, assuming it to be near the

focal point of retinal vessel convergence. They extracted the vasculature network using a Gabor

filter and obtained the optic nerve head (ONH) through phase portrait analysis and intensity-based

conditions. In [169], the boundary of the optic disc was found using morphological filtering

techniques and active contours. Thomas et al. [170] employed mathematical morphology for OD

detection, split into two parts. The radiance of the papilla and the blood supply network are initially

being identified as that region exhibits higher gray level variation than other parts of the retinal

structure. Additionally, a shade correction technique was applied to remove background variation.

Secondly, the boundary was detected using the watershed transform with external and internal

markers.

The optical nerve head has been detected by Sinthanayothin et al. [171] by recognizing the region

of greatest instability within neighbouring pixels by using a window with the same diameter as the

optic nerve head [172].. The moving average filter has been implemented by Chrastek et al. to the

green component of the retinal fundus image to identify the optic nerve head at peak intensity

point.

Koozekanani et al. [173] employed the minimal effort maximum effect technique for ONH

identification. The confluence of the macula and the vivid portion in the fundus imaging is

presumed to be the optical nerve head.

In a study by Muhammad Nauman Zahoor et al. [175], they introduced an innovative hierarchical

approach aimed at swiftly and accurately localizing and segmenting the Optic Disc. The process

involved removing retinal vasculature and pathologies through morphological operations during

the preprocessing stage. To locate the Optic Disc, Circular Hough Transform was employed. To

obtain the precise boundary of the Optic Disc, they calculated the region of interest and applied a

unique polar transform-based adaptive thresholding technique. The effectiveness of their

methodology was assessed on various publicly available retinal image datasets, including

MESSIDOR, DIARETDB1, DRIONS-DB, HRF, DRIVE, and RIM-ONE. The results

demonstrated substantial improvements in terms of both accuracy and processing time compared

to existing methods.
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Various methods have been proposed for Optic Disc (OD) detection and localization.

Sinthanayothin et al. [176] utilized intensity changes caused by blood vessels to localize the OD.

Mahfouz et al. [177] employed image feature projection for OD localization. Walter et al. [178]

introduced the idea of using the watershed transformation to find the OD contour. The onset

vascular development is focused by Hoover et al. [179] to identify the optic nerve head andusing

fuzzy convergence logic with a voting-type algorithm to determine the vessel convergence point.

Another approach [180] involved simulating the optical nerve head as a spherical body and

executing contour-based template matching [181, 182] by using the edge map obtained from the

fundus image. However, this method was limited by the presence of blood vessels inside and

around the OD. To address this issue, image pre-processing was applied using morphological

operations prior to template matching [182].

The circular template matching methodology was improved by considering intensity changes and

information inside and outside the OD. Nevertheless, the shape-based modelling approach faced

challenges due to the asymmetry of the optic nerve head, the pathological alteration observed in

the abnormal tissue, and variance in perspective of optical nerve head.

Abdullah et al. [183] employed numerous morphology-based operations to improve the quality of

the optic nerve head, removing any pathologies and retinal vasculature. To approximate the OD

center, the Hough transform was employed.

Joshi et al., in their studies [185] and [186], employed vessel kinks as a key property for accurately

detecting the boundary of the Optic Disc (OD). To better capture irregularities in the OD's shape,

they utilized gradient-based active contour models, where a contour is manually initialized [187]

or automatically initialized [195], and then an energy term derived from image gradients deforms

the contour. Initially, the OD boundary detection utilized a gradient vector flow-based active

contour model [196], followed by minimizing the impact of high gradient values at blood vessel

locations in the energy term. This minimization process can be achieved through pre-processing

of images [187] or by imposing on the result showing the segmented optic nerve head, from disk

shaped structure [188, 189]. Alternative studies implicated a shape-adaptive model approach

utilizing the snake model [190] to enhance vessel occlusion detection accurately. This method

comprised two phases: knowledge-based clustering and smoothing update. The concept was to
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deform the snake at locations with minimum energy and then self-cluster into two distinct groups,

with these clustering groups being updated using locally and globally obtained information.

Abdullah et al. [183] employed the grow-cut algorithm for OD boundary segmentation, while Yu

et al. [191] utilized a level-set approach and directional matching for the same purpose. Sandra et

al. [192], on the other hand, utilized PCA and mathematical morphology for OD segmentation.

Table 2.1 presents a comprehensive performance analysis of various well-established image

processing techniques used for retinal optic disk detection and segmentation.

Table 2.1: Comparative evaluation of existing methods for retinal optic disc detection and
segmentation based on performance metrics.

Author Dataset Sensitivity Specificity Accuracy

A. Youssif et al.- Matched Filter [162] STARE 98.8 - -
R. Rangayyan et al. - Gabor Filters and 
Phase Portrait Analysis [168]

STARE 71.6 - -

F. Haar et al.- Template matching and Hough
filtering [164]

STARE 70.4 - -

A. Hoover et al.- fuzzy
convergence [174]

STARE 65.4 - -

T. Walter, J.C Klein et al.- Morphological 
filtering and the watershed transformation 
[170]

STARE 58 - -

C. Sinthanayothin-principal component 
analysis [171]

STARE 42 - -

S.Roychowdhury et al.- Minimum Intensity 
Maximum Solidity [173]

STARE 98.68 100 -

Sopharak, Uyyanonvara et al.-mathematical 
morphology [193]

DIARETDB1 46.03 99.94 -
DRIVE 21.04 99.93 -

Kande, Subbaiah et al.-Spatially Weighted 
Fuzzy c-Means [194]

DIARETDB1 88.08 98.78 -
DRIVE 69.99 98.88 -

Seo, Kim et al.- Morphological filtering 
[195]

DIARETDB1 61.03 99.87 -
DRIVE 50.29 99.83 -

Walter, Klein et al.-Intensity based watershed
transform [196]

DIARETDB1 65.69 99.93 -
DRIVE 49.88 99.81 -

Lupascu, Tegolo et al.- Hough transform 
[197]

DIARETDB1 68.48 99.69 -
DRIVE 77.68 99.68 -

Stapor, Świtonski et al.- mathematical
morphology [198]

DIARETDB1 84.98 99.64 -
DRIVE 73.68 99.20 -

Basit and Fraz et al.-Boundary extraction 
[199]

DIARETDB1 73.47 99.44 -
DRIVE 89.21 99.21 -

Abdullah, Fraz et al.- circular Hough 
transform and grow-cut algorithm [183]

DIARETDB1 85.10 99.84 97.72
DRIONS-DB 85.08 99.66 99.89
MESSIDOR 89.54 99.95 99.89

DRIVE 81.88 99.66 96.72
DRIONS-DB 93.12 99.56 -
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Mitra et al.- Deep learning [201] MESSIDOR - 99.05 99.14
Liu et al.-Deep learning [202] HRF 86.7 96.5 91.60

2.3.Vessels Segmentation

The segmentation of blood vessels in retinal fundus images holds significant diagnostic value for

various chronic vascular conditions, including arteriosclerosis, diabetic retinopathy, hypertension,

and more. This review paper focuses on presenting the current algorithms that have been developed

for precisely segmenting vessels in the fundus.

2.3.1.  Match Filtering Approaches

The matched filter (MF) is utilized to process retinal images for vessel segmentation. Gaussian

Convolution Kernel (2D) with fundus image, particularly acknowledging to arteries and veins with

the similar standard deviation as a Gaussian Karnel, as explained by Fraz et al. [203].  As a result,

post-processing steps become essential to improve segmentation accuracy. Common post-

processing techniques include thresholding, the use of morphological operators, and clustering

techniques.

Chaudhuri et al. [204] introduced the MF with 12 templates to detect blood vessels by searching

for them at each pixel and post-processing the maximum response to identify vessel segments.

Vessel segmentation involved using region-based and local attributes along with thresholding and

iterative probing on the MF response image, resulting in a substantial reduction of false positives

compared to the basic MF response (Hoover et al., 2000).

For the measurement of vessel width and diameter, Gang et al. [205] employed a second-order

amplitude-modified Gaussian filter. However, this method proved susceptible to false positives in

cases of local deformations.

Sofka and Stewart [206] proposed a combined approach using responses from the MF, vessel

boundary measure, and confidence measure.  Al-Rawi et al. [207] developed a two-stage MF that

utilized an optimization technique to automatically find filter parameters. While this outperformed

the single-pass MF, it was solely tested on the DRIVE database, limiting its broader applicability.

Yao and Chen [208] implemented vessel enhancement using Gaussian MF and vessel

segmentation through a pulse-coupled neural network.  Cinsdikici and Aydin [209] proposed a

method combining MF, ANT colony algorithm, and length filtering for segmenting the complete
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vasculature of retinal blood vessels.  Zhang et al. [210] introduced a technique that consolidates

the matched filtering and gaussian edge detector for partitioning vascular network. This approach

successfully reduces false vessel detections, but it struggles to eliminate certain noisy patterns

when using the logical OR operation. Amin and Yan [211] utilized phase congruency to improve

computational speed and employed log-Gabor filters to classify vessels. Their method proved to

be robust in handling changes in image contrast and luminance. Odstrcilik et al. [212] discussed

an enhanced matched filtering technique on the HRF (Human Retinal Fundus) database. The pre-

processed image was convolved with five MF in 12 different orientations, covering vessels of

varying thickness. Post-processing with morphological operators helped remove artifacts and

extract blood vessels successfully. Chakraborti et al. [213] introduced another MF with a kernel

designed as a linear combination of five Gaussians, which improved contrast-enhanced vessel

segmentation. To upgrade the Gaussian MF scale parameter, Sreejini and Govindan [214]

proposed using a particle swarm optimization (PSO) approach. This led to improved performance

for the MF method. In an attempt to achieve vessel segmentation, Singh and Srivastava [215]

proposed a modified MF approach based on the Second Order of Gaussian distribution. Although

post-processing slightly improved the results, the method still faced challenges in removing the

optic disc, resulting in a low sensitivity value.The authors utilized various MF approaches for

blood vessel segmentation, as listed in Table 2.2.  Notably, when comparing the sensitivity values,

the ophthalmologist's results surpassed those of any matched filtering approach.

Table 2.2: Evaluation of the Segmentation Performance of Retinal Vessels Using Matched Filter
Techniques.

Author Database Sensitivity Accuracy Specificity AUC

Fraz et al.- Multiscale Gabor and 
morphological features [203]

DRIVE 77.63 94.70 97.23 -
STARE 89.51 93.48 93.84 -

Chaudhuri et al.- 2D matched filters 
[204]

DRIVE - 87.73 - 78.78

Hoover et al.- Matched filter [247] STARE 67.51 92.67 95.67 -
Al-Rawi et al.- matched filter [207] DRIVE - 95.35 - 94.35
Yao and Chen- PCNN and fast 2D-
Otsu algorithm [208]

STARE 80.35 - 97.20 -

Cinsdikici and Aydin- matched 
filter/ant colony) [209]

DRIVE - 92.93 - 94.07

Zhang et al.- matched filter with 
first-order derivative of Gaussian 
[210]

DRIVE 71.20 93.82 97.24 -

STARE 71.77 94.84 97.53 -

Amin and Yan- phase congruency 
[211]

DRIVE - 92.00 - 94.00
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Odstrcilik et al.- Improved matched
filtering [212]

DRIVE 70.60 93.40 96.93 95.19
STARE 78.47 93.41 95.12 95.69

HRF 74.63 94.45 96.19 95.89

Chakraborty et al.- self-adaptive 
matched 
filter [213]

DRIVE 72.06 93.70 95.79 94.19
STARE 67.86 93.79 95.86 -

CHASED
B

53.72 93.04 95.83 -

Sreejini and Govindan- Multiscale 
matched filter [214]

DRIVE 71.32 96.33 98.66 -
STARE 71.72 95.00 96.87 -

Singh and Srivastava- Gumbel
probability distribution [215]

DRIVE 69.01 96.45 96.46 -
STARE 75.53 92.81 94.23 -

Specifically, particle optimized match filter utilized by Sreejini and Govindan [214] gained the

maximum precision in the drive dataset and the peak correctness across the DRIVE and STARE

dataset. In STARE dataset, the MF method with FDOG (Zhang et al. [210]) achieved a specificity

of 0.9753. Furthermore, the improved matched filter proposed by Odstrcilik et al. [212] obtained

the highest AUC for both datasets. Due to these outcomes, the matched filtering algorithm

introduced by Sreejini and Govindan [214] is considered a prominent and noteworthy approach

within this study.

2.3.2. Region-based Segmentation

The region-based segmentation approach for pixel segmentation is utilized for advanced region

subdivision [216]. Initially, seed points are selected for the process, followed by growing regions

specific to the blood vessels and formulating a proper stopping rule. The challenge lies in setting

an appropriate stopping rule to halt the growth when no more pixels meet the inclusion criteria.

Nevertheless, the region-grown vessel segments are effectively segmented and post-processed.

Elena Martínez-Pérez et al. [217] propose a method based on the second derivative of the intensity

image to address image intensity variation issues. Their two-stage region growing approach

focuses on low gradient regions in the primary stage, allowing accelerated growth in the backdrop

areas. The method yields promising results for fluorescein and red-free retinal images.Table 2.3

presents a comparison of region-growing-based segmentation algorithms, with values in italics

indicating the best method. Roychowdhury et al.'s [220] iterative region-growing method with a

novel stopping rule outperforms all other methods listed in Table 2.3, achieving peak values of

Sensitivity, Specificity, Accuracy, and AUC in both the DRIVE and STARE datasets.

Table 2.3: Performance Evaluation of Retinal Vessel Segmentation Using Region Growing
Techniques Based on Sensitivity, Specificity, and Accuracy Metrics.
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Author DATASET Sensitivity Accuracy Specificity AUC

Fraz et al.- Multiscale Gabor and 
morphological features [203]

DRIVE 77.63 94.70 97.23 -
STARE 89.51 93.48 93.84 -

Elena Martínez-Pérez et al.- 
Region growing [217]

DRIVE 63.89 91.81 - -

Qian Zhao et al.- level set and 
region growing [218]

DRIVE 73.54 94.77 97.89 -

Lázár and Hajdu - vector 
similarity and region growing 
[219]

DRIVE - 94.54 - -

STARE - 94.92 - -

Roychowdhury et al.- ‘Iterative 
vessel segmentation [220]

DRIVE 73.90 94.90 97.80 96.70
STARE 73.20 95.60 98.40 96.70

2.3.3. Multi-scale approaches

Blood vessel characteristics are acquired at various scales by adjusting the sigma values in the

filters' standard deviation. These extracted features are subsequently combined to produce a well-

defined, segmented image of blood vessels. A post-processing step is then applied to binary

segment the blood vessel structures in the image.

Frangi et al. [221] introduced a vessel enhancement filter based on multi-scale Hessian Eigen

analysis, aimed at reducing noise and suppressing background.  The effectiveness of this approach

was assessed on synthetic and real angiograms.

An algorithm based on scale-space theory was developed by Anzalone et al. [223] to segment

blood vessels in retinal red-free images. The algorithm employs a modular supervised approach,

using a supervised optimization procedure to find the appropriate scale factor and threshold for

vessel segmentation. Farnell et al. [224] introduced the Multi-scale Line Operator, which creates

a Gaussian pyramid with equal weights at each scale. The results from different scales are

combined through summation, thresholding, and a region-growing method to eliminate noise.

For vessel medial line extraction, Moghimirad et al. [225] proposed a weighted 2D multi-scale

medialness function. The extracted medial lines, along with the calculated vessel radius, are

utilized for vessel reconstruction. Läthén et al. [226] presented a methodology that combines both

line and edge detection using multi-scale quadrature filters, providing clear and distinct vessel wall

detection. This method is suitable for 3D images with minimal computational complexity. Nguyen

et al. [227] addressed certain drawbacks by employing line detectors with varying lengths and
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scales, which are linearly combined to enhance vessel separation while enabling automatic

vascular caliber measurement. However, this approach fails to eliminate false vessels near the optic

disc and pathologies. Su et al. [228] proposed an adaptive multi-scale morpho-Gaussian filter to

enhance linear features and vessels at junctions. Angular bisectors divide the junction region into

sub-images, and enhancement is performed separately and then recombined based on the

correlation matrix and Hessian matrix.  This technique provides useful vessel information,

although it has its limitations. The k-means clustering algorithm is initialized and a texton

dictionary is constructed during training using essential points obtained from the above.

Subsequently, during testing, a 1-NN (neural network) is employed to classify vessel and non-

vessel pixels. Validation is conducted on the DRIVE database, where the system achieves a

maximum sensitivity of 78.12%. Table 2.4 consolidates the multi-scale segmentation approach

explained earlier, with improved performance metrics displayed.

Table 2.4: Comparison of Retinal Vessel Segmentation Results Obtained from Different Multi-
Scale Methods, Showing Key Performance Indicators to Assess Accuracy and Robustness.

Author DATASET Sensitivity Accuracy Specificity AUC

Fraz et al.- Multiscale Gabor 
and morphological features 
[203]

DRIVE 77.63 94.70 97.23 -

STARE 89.51 93.48 93.84 -

Anzalone et al.- Modular 
supervised 
algorithm [223]

DRIVE - 94.19 - -

Farnell et al.- multiscale line 
operators [224]

STARE - - - 94.00

Moghimirad et al.- 
Medialness function [225]

DRIVE - 96.59 - 95.80
STARE - 97.56 - 96.78

Nguyen et al. multi-scale line
detection [227]

DRIVE - 94.07 - -
STARE - 93.24 - -

Su et al.- Gaussian function 
and Hessian information 
[228]

DRIVE - 93.44 - -

Saffarzadeh et al.- K-means 
clustering [229]

DRIVE - 93.83 - -
STARE - 94.83 - 94.31

Zhang et al.- multi-scale 
textons [230]

DRIVE 78.12 95.04 96.68 -

2.3.4. Active contour model-based approaches

Active contour models, also known as curves or snakes, are capable of autonomous and self-

adapting movement within an image sphere. These curves are influenced by internal forces from
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the contour itself and external forces derived from distinct image features. The objective is to make

the curves adjust to object boundaries or other desired features present in the image. The accuracy

of these models relies on their ability to fit the contour effectively.

Incorporating the deformable contour model (snake model) with blood vessel-specific properties,

Espona et al. [231] attempted to segment retinal vessel morphology. However, this approach did

not yield improved accuracy in vessel segmentation.  Notably, this technique demonstrates

robustness to noise and achieves accurate vessel width measurements. Kee et al. [233] adopted an

active contour model for retinal vascular detection. Table 2.5 displays the top-performing

parameters found from the STARE and DRIVE datasets.

Table 2.5: Quantitative evaluation of retinal vessel segmentation performance obtained using
various Active Contour Model–based approaches. The table compares key performance
metrics—such as accuracy, sensitivity, specificity, and Dice coefficient—demonstrating the
effectiveness of each method in accurately delineating retinal vasculature from fundus images.

Author DATASET Sensitivity Accuracy Specificity AUC

Fraz et al. [203]
DRIVE 77.63 94.70 97.23 -
STARE 89.51 93.48 93.84 -

Espona et al. [231] DRIVE 74.36 93.52 96.15 -

Al-Diri et al. [232]
DRIVE 72.82 - 95.51 -
STARE 75.21 - 96.81 -

Zhao et al. [234]
DRIVE 74.20 95.40 98.20 86.20
STARE 78.00 95.60 97.80 87.40

Kovacs and Hajdu [235]
DRIVE 74.50 94.94 97.93 97.22
STARE 80.34 96.10 97.86 98.36

Zhao et al. [236]
DRIVE 78.20 95.70 97.90 88.60
STARE 78.90 95.60 97.80 88.50

2.3.5. Unsupervised segmentation approaches

Unsupervised segmentation methods involve assigning datasets to segments without prior

knowledge of clusters, enabling the discovery of patterns in unlabeled data. This approach operates

without the need for input labels or ground truth images. Instead, it automatically groups pixels

according to specific criteria, like distance, leading to efficient segmentation of blood vessel

structures. To obtain accurate blood vessel representations, post-processing or the integration of

the segmented outcomes with another algorithmic approach is carried out.

Tolias and Panas [237] introduced a fuzzy C-means (FCM) clustering algorithm designed for the

segmentation of blood vessels in retinal angiograms. The algorithm's key innovation lies in the
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determination of membership functions for both normal and abnormal vessels, which commences

from the optic disc boundary. This unique approach eliminates the need for parametric tuning and

initialization, distinguishing it from other methods. However, its effectiveness diminishes when

attempting to detect vessels with narrow widths and low contrast.

In an effort to overcome these limitations, Kande et al. [238] proposed a novel spatially weighted

FCM clustering technique that incorporates several preprocessing steps. These steps encompass

non-uniform illumination correction, contrast enhancement using MF-based techniques, and the

utilization of connected component labeling to pinpoint the vascular tree. Ng et al. [239], on the

other hand, employed a maximum Likelihood Estimator strategy involving multi-scale Gaussian

filters and noise models. The aim was to estimate crucial vessel attributes such as width, contrast,

and direction at each individual image point. Subsequently, vessel centerlines and likelihoods were

distinguished from the assessed vessel parameters, and a segmentation approach based on merging

centerlines with the width parameter was implemented.

Villalobos-Castaldi et al. [240] introduced an alternative method rooted in local entropy

thresholding for blood vessel segmentation. By leveraging the grey-level co-occurrence matrix

(GLCM) to calculate the threshold, this approach achieved a remarkable computational time of

merely three seconds, demonstrating a peak accuracy of 97.59%.

Turning to unsupervised techniques, Allen et al. [241] proposed a unique vascular segmentation

method utilizing the Tramline algorithm to generate initial vessel centrelines. Non-parametric (NP)

Windows estimators were subsequently applied to these centrelines to refine the delineation of

blood vessels, with the response of the Windows estimators enhancing the approach's robustness.

Oliveira et al. [242] took a different route by amalgamating the responses of multiple vessel

enhancement filters using a weighted mean and median ranking (MR) strategy. The combined

responses were then subjected to segmentation via the oriented region-scalable fitting energy

(ORSF) deformable model, fuzzy C-means (FCM), and thresholding. Notably, the MR

combination and thresholding demonstrated superior performance within the STARE dataset.

Câmara Neto et al. [243] adopted an adaptive local thresholding approach, incorporating spatial

dependency and likelihood measurements, to approximate a coarse vessel map post pre-

processing. Subsequent refinements to this coarse segmentation were made through curvature
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analysis and morphological reconstruction, effectively mitigating pixel mislabelling and

enhancing the accuracy of this unsupervised method.

In Table 2.6, you can find the performance metrics of the unsupervised algorithms for both the

DRIVE and STARE datasets. The highest values are indicated in italics. The ophthalmologist's

observation shows the highest sensitivity (SN) for the STARE dataset and the highest specificity

for the DRIVE dataset. It is evident that Oliveira et al.'s [242] unsupervised method, which

combines MR and thresholding, performs remarkably well on the STARE dataset, achieving the

highest specificity, precision, and AUC.

Table 2.6: Evaluation of the Segmentation Performance of Retinal Vessels Using Unsupervised
Segmentation Approaches.

Author DATASET Sensitivity Accuracy Specificity AUC

Fraz et al. [203]
DRIVE 77.63 94.70 97.23 -
STARE 89.51 93.48 93.84 -

Kande et al. [238]
DRIVE - 98.11 - 95.18
STARE - 89.76 - 92.98

Ng et al. [239] STARE 70.00 - 95.30 -
Villalobos-Castaldi et al. [240] DRIVE 96.49 97.59 94.80
Allen et al. [241] DRIVE - 93.42 - -

Oliveira et al. [242]

DRIVE
79.88 (ORSF)
91.06 (FCM)
86.44 (MR)

93.56
94.02
94.64

95.25
94.31
95.56

91.18
91.18
95.13

STARE
83.77 (ORSF)
80.49 (FCM)
82.54 (MR)

94.29
94.46
95.32

95.09
95.92
96.47

91.70
87.94
95.44

Camara Neto et al. [243]
DRIVE 78.06 87.18 96.29 -
STARE 83.44 88.94 94.43 -

2.3.6. Supervised segmentation approaches

Within this approach, the algorithm's proficiency in segmenting blood vessels stems from its

training on a dataset of input images and corresponding ground truth data. After this training phase,

the algorithm becomes applicable to any retinal image for testing purposes. Given that the

algorithm's design is rooted in pre-existing categorized data, its overall performance tends to be

enhanced, resulting in superior segmentation outcomes. During the training process, the input

medical images undergo processing to extract pertinent features. These features are then combined

with their corresponding ground truth labels to educate the machine learning classifiers, thereby

creating a predictive model. When confronted with unlabeled feature vectors during the testing

phase, this model demonstrates its ability to accurately segment blood vessels.
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Sinthanayothin et al. [244] implemented a multilayer perceptron to accomplish vessel

segmentation, utilizing the edge strength measure from the first principal component as input.

However, the neural network's efficacy enhancement was somewhat restricted when subjected to

assessment using a localized dataset. Niemeijer et al. [245] introduced an alternative method

employing a k-NN algorithm trained with a feature vector containing green plane values and

diverse responses from the matched filter for each pixel. This approach resulted in the creation of

a binary vessel tree through the estimation of a probability map. Nonetheless, this binary

segmentation technique encountered difficulties in accurately identifying thin vessels, particularly

in instances where the optic disc was present in the testing images.  Through a sequential forward

selection process, the authors determined a set of 27 features derived from segmented convex

regions. The efficacy of these features was evaluated on the STARE and Utrecht databases.

Table 2.7: Evaluation of the Segmentation Performance of Retinal Vessels Using Supervised
Segmentation Approaches.

Author DATASET Sensitivity Accuracy Specificity AUC

Farz et al. [203]
DRIVE 77.63 94.70 97.23 -
STARE 89.51 93.48 93.84 -

Sinthanayothin et al. [244] Local 83.30 - 91.00 -

Staal et al. [246]
DRIVE - 94.42 - 95.20
STARE - 95.16 - 96.14

Soares et al. [248]
DRIVE - 94.66 - 96.14
STARE - 94.80 - 96.71

Ricci and Perfetti [249]
DRIVE - 95.63 - 95.58
STARE - 95.84 - 96.02

Osareh and Shadgar [250] DRIVE - - - 96.50
Lupascu et al. [251] DRIVE 72.00 95.97 - 95.61

Marin et al. [252]
DRIVE 70.67 94.52 98.01 95.88
STARE 69.44 95.26 98.19 97.69

Fraz et al. [203]
DRIVE 75.25 94.76 97.22 -
STARE 76.04 95.79 98.12 -

Rahebi and Hardalac [253]
DRIVE 73.65 95.64 97.07 94.61
STARE 69.02 95.27 97.07 94.62

Aslani and Sarnel [254]
DRIVE 75.45 95.13 98.01 96.82
STARE 75.56 96.05 98.37 97.89

Zhang et al. [230]
DRIVE 78.61 94.66 97.12 97.03
STARE 78.82 95.47 97.29 97.40

Zhu et al. [255]
DRIVE 71.40 96.07 98.68 90.86

RIS 72.05 96.28 97.66 -
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2.4. Vessel’s Tortuosity Measurement

Increased tortuosity has been documented in numerous medical conditions and genetic disorders,

such as systemic hypertension [258, 260, 268, 279, 283], diabetic retinopathy [264], adolescent

type 1 diabetes [262, 272], plus disease in retinopathy of prematurity (ROP) [288, 289, 290, 291,

292, 293, 276], gestational diabetes mellitus [294], familial retinal arteriolar tortuosity (fRAT)

[295, 296], chronic anemia [297], and facioscapulohumeral muscular dystrophy [298]. Most

studies that analyze vessel tortuosity utilize digital retinal images, which are subsequently

processed to evaluate quantitative vascular tortuosity parameters. Table 2.8 presents an overview

of the different formulas employed for this purpose.

Table 2.8: Variations in Tortuosity Indices as Utilized in Existing Literature.

Tortuosity Index Expression References
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2.5. Advantages of the Proposed Technique over Existing Methods

Image processing is a rapidly evolving field, constantly seeking innovative techniques to improve

image quality, enhance visual features, and solve complex problems. In this article, we will discuss

the advantages of some proposed image processing techniques over existing methods, showcasing

their potential to revolutionize various applications, from medical imaging to computer vision.

 Enhanced Accuracy: The proposed technique may offer improved accuracy in segmenting

blood vessels compared to existing methods, resulting in more precise and reliable results.

 Robustness: The technique may exhibit robustness to various image qualities, noise, and

artefacts, ensuring consistent performance across different datasets and imaging

conditions.

 Reduced Computational Complexity: By employing efficient morphological operations,

the proposed method may reduce computational complexity, making it faster and more

suitable for real-time or large-scale applications.

 Minimal User Intervention: The technique might require less manual intervention or

parameter tuning, thereby streamlining the segmentation process and reducing the burden

on the user.
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 Adaptability to Diverse Vascular Structures: The proposed method may demonstrate

adaptability to different types of vascular structures, such as varying vessel sizes, shapes,

and orientations.

 Handling of Challenging Cases: The technique could excel in handling challenging cases,

such as complex vessel networks, vessel intersections, and regions with low contrast, where

other methods might struggle.

 Generalizability: The proposed approach may achieve superior generalization capabilities,

allowing it to perform well on unseen data or datasets from different imaging modalities.

 Validation with Comparative Studies: The technique may be backed by rigorous

comparative studies with existing methods, demonstrating statistically significant

improvements in segmentation performance.

It is essential to note that the specific advantages of the proposed technique will depend on the

details of the methodology and the context of the application. Comparative evaluations and

validation against existing state-of-the-art methods will further substantiate its superiority.

2.6. Conclusion

In conclusion, this literature review has provided a comprehensive overview of the advancements

and trends in the field of ophthalmological disorder detection through the application of medical

image processing techniques. The studies surveyed in this review collectively underscore the

significance of leveraging cutting-edge technology to enhance the accuracy, efficiency, and

accessibility of diagnosing various eye conditions.

Throughout the review, it became evident that medical image processing has evolved into a pivotal

tool for early and precise detection of ophthalmological disorders. The integration of advanced

algorithms, machine learning, and deep learning methodologies has enabled researchers and

clinicians to achieve remarkable progress in automating the diagnostic process. From the detection

of diabetic retinopathy to age-related macular degeneration, these technologies have demonstrated

the potential to surpass human performance in some instances, thereby reducing the burden on

healthcare professionals and expediting patient care.

Moreover, the reviewed literature highlighted the growing importance of robust datasets in training

and validating these detection models. Annotated image datasets have paved the way for the
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development of sophisticated algorithms capable of identifying subtle nuances and patterns within

medical images, enabling accurate differentiation between healthy and diseased ocular structures.

Despite the promising outcomes discussed in the literature, it is essential to acknowledge the

challenges that remain. Standardization of data acquisition protocols, model interpretability, and

real-world applicability are areas that demand further attention. Additionally, the ethical

implications of integrating automated systems into clinical workflows necessitate ongoing

consideration.

Although many studies apply image-processing and deep learning to detect eye diseases (DR,

AMD, glaucoma, ROP, DME, etc.), important gaps remain in translating models from lab

prototypes to reliable, clinically useful systems. Key weaknesses are: limited and biased datasets,

poor generalization across devices and populations, inadequate clinical validation and

interpretation, insufficient handling of small/rare lesions, and lack of practical deployment

considerations (efficiency, privacy, regulatory readiness).

In summary, this literature review has illuminated the strides made in ophthalmological disorder

detection using medical image processing techniques. The convergence of medical expertise and

technological innovation holds immense potential for revolutionizing the field of ophthalmology.

As we move forward, collaborative efforts between researchers, clinicians, and technologists will

be instrumental in refining existing methodologies, addressing challenges, and ultimately

improving patient outcomes within the realm of ocular health.
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Chapter III 

 

METHODOLOGY 

 

The input retinal fundus RGB datasets are being analyzed to observe the diseases like 

Diabetes, Hypertension, ROP, etc., and stages of DR. The images are being rendered by 

implementing different classification algorithms to identify those disorders. The overall 

processing algorithm is being divided into four fundamental steps, which are the image 

pre-processing, feature segmentation, extraction of those segmented features, and finally, 

validation of the results. Pre-processing includes image acquisition, filtering, color 

normalization, and conversion, image edge, and quality enhancement. In the 

segmentation part, we used binarization, median filtering, morphological analysis, 

skeletonization, etc. Next, we extracted the segmented features in terms of intensity or 

grayscale values, textures, optic disk features, lesion characteristics, geometric features, 

etc. Finally, in the validation part, we validated our results with ground truth. 
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3.1.  Introduction 

The realm of medical fundus image processing resides within the specialized domain of computer 

vision, directing its attention towards the scrutiny and extraction of pertinent data from images 

depicting the posterior segment of the eye. More specifically, this pertains to the intricate analysis 

of the retina and its intricately intertwined network of blood vessels. The implications of this field 

extend significantly, as it plays a pivotal role in both the diagnosis and continuous monitoring of 

a spectrum of ocular disorders. These encompass a range of conditions such as diabetic 

retinopathy, macular degeneration, Retinopathy of Prematurity (ROP), and glaucoma. Within this 

context, the ensuing chapter introduces an algorithm meticulously designed to autonomously 

quantify a diverse array of retinal attributes closely associated with the aforementioned afflictions. 

The visual representation of our proposed approach is succinctly delineated in Figure 3.1, 

illuminating the constituent components through a comprehensive block diagram. 

 

Fig 3.1: The diagram outlines the overall workflow comprising image acquisition, pre-processing, 

segmentation, detection of retinal features (OD/OC, blood vessels, haemorrhages, exudates, 

microaneurysms, venous beading, and neovascularization), followed by feature extraction and 

statistical validation using ground truth data. 
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3.2.  Image Pre-Processing 

Image pre-processing refers to a series of techniques applied to digital images before they undergo 

further analysis or processing. The goal of image pre-processing is to enhance the quality of the 

image, reduce noise or artifacts, and extract relevant features to improve the performance of 

subsequent algorithms or tasks such as image classification, object detection, or image 

segmentation. Here are some commonly used techniques in image pre-processing: 

3.2.1.  Image Acquisition 

Image acquisition is the process of capturing high-quality images of the fundus (the back part of 

the eye) using specialized equipment called fundus cameras. These cameras are designed to 

provide a detailed view of the retina, blood vessels, optic disc, and other structures of the eye. Here 

are the key aspects of image acquisition in medical fundus imaging: 

• Fundus Camera: The fundus camera stands as a specialized apparatus that integrates 

optical components and sensors tailored to capture images of the fundus. Diverse 

configurations, including tabletop systems and handheld devices, accommodate 

distinct needs. Operating in color or grayscale modes, these cameras may also 

incorporate features like infrared or fluorescein angiography to capture specific retinal 

details. 

• Patient Preparation: Before fundus image capture, patients might need to undergo 

certain preparations. This can involve pupil dilation achieved through eye drops, 

expanding the pupil's size to facilitate wider retinal visibility. This dilation substantially 

enhances image quality. Additionally, patients could be instructed to fixate their gaze 

on a designated target to ensure proper alignment during image acquisition. 

• Image Settings: Fundus cameras provide an array of adjustable settings to optimize 

image quality and acquire targeted information. These settings encompass the field of 

view (FOV), focus adjustment, exposure duration, aperture dimensions, and 

illumination intensity. Choosing optimal settings depends on the examination's 

specifics and the unique characteristics of the patient's eye. 

• Image Capture: Once the patient is prepared and the camera configured, the fundus 

image is captured. The camera is precisely aligned with the patient's eye, ensuring the 
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complete inclusion of the relevant fundus area. Following alignment, the camera 

captures the image, which is conventionally stored digitally for subsequent analysis 

and processing. 

• Image Quality Control: Post image capture, meticulous evaluation of image quality is 

imperative. Quality control assessments encompass aspects such as focus, illumination, 

clarity, and the presence of artifacts. If image quality falls short, the process may be 

repeated to procure a more accurate depiction of the fundus. 

• Data Management: Fundus images are customarily stored and managed in digital 

formats to facilitate efficient access and analysis. These images may be housed in 

specialized medical imaging databases or integrated into electronic medical record 

(EMR) systems, simplifying retrieval and facilitating comparisons during subsequent 

follow-up examinations. 

Image acquisition is a critical step in medical fundus imaging as the quality and clarity of the 

acquired images directly impact the subsequent analysis and diagnosis of eye diseases. Skilled 

operators, proper equipment maintenance, and adherence to standardized protocols are important 

factors in ensuring accurate and reliable image acquisition. 

3.2.2.  Image Filtering 

Image filtering is a fundamental technique in image processing that involves modifying the pixel 

values of an image based on a specific filtering operation. Filtering can be used to enhance images, 

remove noise, extract features, or apply various image transformations. One of the most commonly 

used filtering methods is convolution, which involves applying a kernel or filter matrix to each 

pixel of the image. Here are the key aspects of image filtering: 

3.2.2.1. Median Filtering: 

The median filter is a statistically-based nonlinear signal processing technique where the noise 

parameters of the dataset are converted to the neighboring median parameters. The output of the 

median filter can be calculated by equation 3.1. 

𝑟𝑒𝑠_𝑚𝑒𝑑(𝑥, 𝑦) = 𝑓𝑖𝑙𝑡𝑒𝑟_𝑚𝑒𝑑{𝑓𝑢𝑛𝑐(𝑥 − 𝑖, 𝑦 − 𝑗), 𝑖, 𝑗 ∈ 𝑚𝑎𝑠𝑘}  (3.1) 
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Here 

𝑓𝑢𝑛𝑐(𝑥, 𝑦), 𝑟𝑒𝑠𝑚𝑒𝑑(𝑥,𝑦)𝑎𝑟𝑒 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦 𝑡ℎ𝑒 𝑖𝑛𝑝𝑢𝑡 𝑎𝑛𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑠,′ 𝑚𝑎𝑠𝑘′𝑖𝑠 𝑡ℎ𝑒 2 −

𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙 𝑚𝑎𝑠𝑘 𝑤𝑖𝑡ℎ 𝑛 × 𝑛 𝑠𝑖𝑧𝑒 𝑤𝑖𝑡ℎ 𝑛 = 𝑜𝑑𝑑 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 (3 × 3, 5 × 5 𝑒𝑡𝑐.). 

As the median filter is a nonlinear filter, its mathematical analysis is relatively complicated for 

randomized noise images. For the image where the average noise is zero in a normal distribution, 

the median filter noise variance is approximately. 

𝜎𝑚𝑖𝑑 =
1

4𝑛𝑓2(𝑛̄)
≈

𝜎𝑖
2

𝑛+
𝜋

2
−1

.
𝜋

2
       (3.2) 

Where 𝜎𝑖
2is the variance, n is the range of the median filter and 

𝑓2(𝑛̄) 𝑑𝑒𝑓𝑖𝑛𝑒𝑠 𝑡ℎ𝑒 𝑛𝑜𝑖𝑠𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛. 𝑛𝑜𝑖𝑠𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑖𝑛𝑔 𝑓𝑖𝑙𝑡𝑒𝑟 can be measured from 

equation 3.3. 

𝜎0
2 =

1

𝑛
𝜎𝑖

2         (3.3) 

3.2.2.2. Gaussian Filtering: 

Gaussian filter, a linear class windowed filter, is typically used for image blurring or noise 

reduction. The unshaped masking that is the edge can be detected simply by subtracting two 

filtered results from each other. The Gaussian or normal distribution is a probability function that 

is referred to as a bell function due to its shape. The most common function formula is shown in 

equation 3.4. 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒{−(𝑥2+𝑦2)/2𝜎2} = 𝐺(𝑥). 𝐺(𝑦)    (3.4) 

Equation 3.4 explains that the 2D Gaussian filter is separable. To obtain the Gaussian filtering of 

the 2D image, the following algorithm is employed. 

• Measure 1D window function coefficient 𝐺𝑛
∕
. 

• Run a filter across every row as an 1D data. 

• Run another 1D filter in every column of the image. 
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The 2D low-pass Gaussian kernel with a window of size [2𝑛 + 1] × [2𝑛 + 1] is compressed to 

1D filter kernel with a window size of [2𝑛 + 1]. This suggests a higher speed of response to the 

images with larger size as the order is reduced from 𝑁2 to 𝑁. 

3.2.2.3. Convolution 

Convolution, an arithmetic function, is commonly referred to as a kernel or filter is a matrix of 

small size that is used to slide over the fundus RGB data and evaluate the dot products between 

the convolution matrix and associated pixel intensity within the fundus data. The subsequent value 

is assigned to the central pixel of the kernel's footprint. This process is repeated for all pixels in 

the image, resulting in a filtered output. Here's a step-by-step process for image filtering using 

convolution: 

• Kernel Definition: The initial stage involves the establishment of a filter kernel. This 

kernel, represented by a small matrix of numerical values, dictates the weightings to be 

employed on the image's pixels. The dimensions of the kernel dictate the scope of the 

nearby region considered during the filtering process. Common instances include kernels 

for blurring, edge detection, and sharpening. 

• Image Padding: To ensure maintenance of the input image's dimensions in the output, 

padding is frequently employed. Padding encompasses the addition of supplementary rows 

and columns of pixels surrounding the image's borders. Frequently used padding methods 

encompass zero-padding and replication of the image's border pixels. 

• Convolution Process: For each individual pixel within the image, the convolution operation 

is carried out. The kernel's central point is positioned over the present pixel, and a 

component-wise product is computed between the kernel and corresponding pixel values 

within the immediate neighborhood. The products are summed to generate the resultant 

filtered pixel value. This process is iterated for every pixel in the image. 

• Managing Image Boundaries: At the image's edges, the kernel may extend beyond the 

image's confines, creating undefined positions. Multiple strategies exist to manage this 

situation, including zero padding, mirrored padding, and periodic padding. The chosen 

approach hinges on the specific application and the desired behavior at the image 

boundaries. 
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• Output Image: The outcome of the convolution operation materializes as a filtered image. 

Each pixel in the resulting image represents a weighted amalgamation of the associated 

pixel values from the input image, confined within the localized region specified by the 

kernel. 

Let's consider a grayscale image 𝐼 with dimensions 𝑀 × 𝑁 and a filter kernel 𝐾 with dimensions 

𝐾 × 𝐾. The filtered output image 𝐹 may be stated as: 

𝐹𝑖𝑔(𝑖, 𝑗)  =  𝑎𝑑𝑑(𝑎𝑑𝑑(𝐼𝑚𝑔(𝑥, 𝑦)  ∗  𝐾𝑎𝑟𝑛𝑒𝑙(𝑖 − 𝑥, 𝑗 − 𝑦)))  (3.5) 

where: 

𝐹𝑖𝑔(𝑖, 𝑗) represents the pixel value at position (𝑖, 𝑗) in the filtered image 𝐹𝑖𝑔. 

𝐼𝑚𝑔(𝑥, 𝑦) represents the pixel value at position (𝑥, 𝑦) in the original image 𝐼𝑚𝑔. 

𝐾𝑎𝑟𝑛𝑒𝑙(𝑖 − 𝑥, 𝑗 − 𝑦) represents the value of the filter kernel 𝐾 at relative position (𝑖 −

𝑥, 𝑗 − 𝑦). 

The outer summation iterates over the rows of the filter kernel 𝐾, while the inner summation 

iterates over the columns. The resulting value is assigned to the corresponding pixel location (𝑖, 𝑗) 

in the filtered image. 

It's important to note that this expression assumes zero padding for the image 𝐼. If you want to 

apply different padding methods, you would need to adjust the range of the summation 

accordingly. 

For color images, the same process is applied to each color channel separately, with separate filter 

kernels if desired, and the resulting filtered images are recombined to form the final output. 

It's worth noting that the specific convolution technique can vary based on the application and 

desired filtering effect. Additionally, different variants of convolution, such as separable 

convolution or convolution with different filter sizes or shapes, may be employed for specific 

purposes. 

Convolution-based image filtering is versatile and can be used for a wide range of applications, 

including noise reduction, image enhancement, edge detection, texture analysis, and feature 



Methodology 

 

48 | P a g e  
 

extraction. The choice of the filter kernel plays a crucial role in achieving the desired image-

filtering effect. 

3.2.2.4. Kernel Design: 

The design of the kernel for image filtering depends on the specific filtering operation you want 

to perform. Different kernels have different characteristics and are suitable for various image-

processing tasks. Here are a few examples of common kernel designs for image filtering: 

• Gaussian Kernel: The Gaussian kernel is widely used for blurring or smoothing 

operations. It follows a bell-shaped curve and reduces high-frequency noise in the 

image. The kernel values are computed based on the Gaussian distribution. The size 

and standard deviation of the kernel determine the amount of blurring applied. The 

mathematical expression is shown in equation 3.6. 

𝐾(𝑥)  =  (1 / (𝜎√2𝜋))  ∗  𝑒𝑥𝑝(−𝑥2 / (2𝜎2))     (3.6) 

In this expression, 𝑥 represents the input variable, 𝜎 represents the standard deviation. 

The term 𝑒𝑥𝑝 refers to the exponential function, and "π" represents the mathematical 

constant pi. The numerator (1) and denominator (𝜎√2𝜋) ensure that the kernel 

integrates to 1 over its entire range, thus maintaining its probability density function 

properties. 

• Sobel Operator: The Sobel operator is a commonly used edge detection operator in 

image processing. It is used to highlight the edges in an image by calculating the 

gradient magnitude at each pixel. The Sobel operator consists of two separate 

convolution kernels, one for horizontal edge detection and the other for vertical edge 

detection. The gradient filter in X-direction (𝐺𝑥) finds the border in that direction 

whereas the filter in Y-direction finds the border in Y-direction. The both filters are 

convolved with the image to obtain the gradient magnitude and direction. 

The mathematical expressions for the horizontal and vertical Sobel kernels are as 

follows: 

𝐺𝑥 = [
−1 0 +1
−2 0 +2
−1 0 +1

] & 𝐺𝑦 = [
−1 −2 −1
0 0 0

+1 +2 +1
]   (3.7) 
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Utilizing the Sobel operator on an image entails convolving the image with two 

separate kernels. The resulting outputs are combined to calculate both the gradient 

magnitude and direction at each pixel's position. Usually, the gradient magnitude is 

ascertained by taking the square root of the sum of squared gradients along both the 

horizontal and vertical axes: 

𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝑚𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒 = |𝐺|  =  𝑠𝑞𝑟𝑡(𝐺𝑥
2  +  𝐺𝑦

2)    (3.8) 

The gradient direction can be calculated using the 𝑎𝑟𝑐𝑡𝑎𝑛 function: 

𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 =  𝑎𝑡𝑎𝑛2(𝐺𝑦, 𝐺𝑥)      (3.9) 

• Laplacian kernel: The Laplacian kernel is a commonly used kernel in image processing 

and computer vision for edge detection. It is defined as the second derivative of the 

Gaussian function. Mathematically, the Laplacian kernel is expressed as: 

𝐾(𝑥, 𝑦)  =  ∆2  𝐺(𝑥, 𝑦)        (3.10) 

where 𝐾(𝑥, 𝑦) represents the Laplacian kernel at position (𝑥, 𝑦), ∆2 represents the 

Laplacian operator (second derivative), and 𝐺(𝑥, 𝑦) represents the Gaussian function. 

• Box Blur Kernel: The Box Blur Kernel is a type of image filter used to achieve a 

blurring effect by averaging the pixel values within a specified neighborhood. The 

kernel is a square matrix with equal dimensions, and each element in the matrix 

represents a weight applied to the corresponding pixel in the neighborhood. 

To express the Box Blur Kernel mathematically, let's assume the kernel size is 𝑛 ×  𝑛, 

where 𝑛 is an odd integer. The center of the kernel is at the position (0, 0). 

The mathematical expression of the Box Blur Kernel can be represented as follows: 

𝐾(𝑖, 𝑗) =
1

𝑛2 ,         𝑓𝑜𝑟       −
𝑛−1

2
≤ 𝑖, 𝑗 ≤

𝑛−1

2
     (3.11) 

where 𝐾(𝑖, 𝑗) represents the weight at position (𝑖, 𝑗) in the kernel. The weights are set 

to be equal to 
1

𝑛2 for all valid positions within the kernel, ensuring that the total sum of 

weights in the kernel is equal to 1. 
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• Emboss Kernel: The Emboss kernel is a 3 × 3 matrix used in image processing 

operations to create an embossed effect. It is typically applied as a convolutional filter 

to an image. The mathematical expression of the Emboss kernel can be represented as: 

𝐸𝑚𝑏𝑜𝑠𝑠 𝐾𝑒𝑟𝑛𝑒𝑙 =  [
−2 −1 0
−1 1 1
0 1 2

]      (3.12) 

In image convolution, the kernel is applied by taking the weighted sum of the 

neighboring pixels in the image with the corresponding elements in the kernel matrix. 

This process is repeated for each pixel in the image to obtain the embossed effect. 

• High Pass Filter Kernel: A high-pass filter kernel can be represented mathematically 

using a 2𝐷 matrix. Let's denote the kernel matrix as 𝐻, which will have a size of 𝑛 ×  𝑛 

(where n is an odd integer). Each element of the matrix represents the weight assigned 

to a specific pixel in the input image. 

The center of the kernel matrix corresponds to the pixel being processed, and the values 

in the matrix control how much the surrounding pixels contribute to the output. In a 

high-pass filter, the central pixel is given a negative weight, and the surrounding pixels 

have positive weights. 

Here's an example of a high-pass filter kernel matrix: 

𝐻 =  [
−1 −1 −1
−1 8 −1
−1 −1 −1

] 

In this example, the central pixel has a weight of 8, and its surrounding pixels have 

weights of −1. When this kernel is convolved with an input image, it enhances the 

edges and details by subtracting the average intensity of the surrounding pixels from 

the central pixel. 

To apply this kernel to an image, you would perform a convolution operation, where 

each element of the kernel is multiplied by the corresponding pixel in the input image 

and then summed up. The resulting sum is the new value for the central pixel in the 

output image. This process is repeated for every pixel in the image to obtain the filtered 

output. 
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3.2.2.5. Spatial Filtering 

Spatial filtering is a mathematical technique used in image processing and computer vision to 

enhance or modify images by applying filters in the spatial domain. The main idea behind spatial 

filtering is to perform a convolution operation between the input image and a filter kernel. 

Let's consider a grayscale image, which can be represented as a two-dimensional matrix, where 

each element represents the intensity value of a pixel. The image can be denoted as 𝐼(𝑥, 𝑦), where 

(𝑥, 𝑦) represents the spatial coordinates of a pixel. 

A filter kernel, also referred to as a mask or window, comprises a small matrix dictating the filter's 

coefficients. The kernel's dimensions commonly take odd values like 3 × 3, 5 × 5, or 7 × 7, 

ensuring the presence of a well-defined central pixel. 

The process of spatial filtering entails moving the kernel across the image, aligning it with 

individual pixels consecutively. At each location, element-wise multiplication is executed between 

the kernel's elements and the corresponding elements of the image patch encompassed by the 

kernel. The resulting products are then aggregated to yield the filtered value attributed to the central 

pixel. 

Mathematically, the spatial filtering operation is explained in equation 3.13.: 

𝑂𝑢𝑡𝑠𝑝𝑒𝑐𝑖𝑎𝑙(𝑥, 𝑦) = ∑ (𝐼𝑛𝑝𝑢𝑡(𝑥 + 1, 𝑦 + 1) ∗ 𝐾𝑎𝑟𝑛𝑒𝑙(𝑖, 𝑗))[𝑖,𝑗]   (3.13) 

Where 𝑂𝑢𝑡𝑠𝑎𝑝𝑐𝑖𝑎𝑙(𝑥, 𝑦) is the filtered value at position (𝑥, 𝑦), 𝐼𝑛𝑝𝑢𝑡(𝑥 + 𝑖, 𝑦 + 𝑗) represents the 

intensity value of the input image at position (𝑥 + 𝑖, 𝑦 + 𝑗), and 𝐾𝑎𝑟𝑛𝑒𝑙(𝑖, 𝑗) represents the filter 

kernel coefficients. 

Spatial filtering allows various image processing operations such as blurring, sharpening, edge 

detection, and noise reduction. The specific values in the filter kernel determine the characteristics 

of the filter and the type of operation applied to the image. 

For example, a blurring filter may have a kernel with equal weights, which averages the pixel 

values in the neighborhood and produces a smoothing effect. On the other hand, an edge detection 

filter may have positive and negative weights, which emphasize the differences in intensity across 

neighboring pixels and highlight edges in the image. 
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Spatial filtering can be extended to color images by applying the same filter independently to each 

color channel (e.g., red, green, and blue) or by converting the image to a different color space 

where filtering can be applied more effectively. 

Overall, spatial filtering provides a flexible and powerful tool for manipulating images by 

convolving them with filter kernels, allowing us to enhance certain features or suppress undesired 

components based on the desired image processing objective. 

3.2.2.6. Frequency Domain Filtering 

Frequency domain filtering is a technique used in signal processing and image processing to 

modify or enhance signals by manipulating their frequency components. It involves transforming 

a signal from the time domain to the frequency domain, applying a filter in the frequency domain, 

and then transforming the filtered signal back to the time domain. 

To understand frequency domain filtering, let's start with some basic concepts: 

• Time Domain: In this domain, the signal is expressed as a time dependent variable. It 

explains the evaluation of parameters with respect to time.. For example, an audio signal 

can be represented as amplitude variations over time. 

• Frequency Domain: In the frequency domain, a signal is represented as a function of 

frequency. It describes the distribution of different frequencies present in the signal. 

Frequency domain representation is obtained by performing a mathematical operation 

called the Fourier transform. 

The utilization of the Fourier transform enables the dissection of a signal into its fundamental 

frequencies. This mathematical tool facilitates the representation of the signal as a combination of 

various sinusoidal elements, each characterized by distinct frequencies, accompanied by 

corresponding amplitude and phase attributes. 

Now, let's delve into the elucidation of the process involved in frequency domain filtering: 

1. The initial phase involves the application of the Fourier Transform, which facilitates the 

conversion of the signal's temporal representation into the frequency domain. This 

transformation effectively shifts the signal's perspective from time-based to one centered 

around its constituent frequency elements. 
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2. Following the Fourier Transform, an outcome known as the frequency spectrum is generated. 

This spectrum portrays the signal through the lens of its various frequency components, 

revealing both the magnitudes and phases associated with each frequency. The frequency 

spectrum serves as a means to comprehend the distribution of frequencies within the signal. 

3. The subsequent step entails the conception of a filter designed to manipulate the frequency 

spectrum of the signal. This filter's role is pivotal, dictating the alteration of amplitudes and 

phases for distinct frequencies in the frequency domain. 

4. With the filter devised, it is time for the filter's operation to take effect. This transpires by 

performing a multiplication operation between the frequency spectrum of the signal and the 

frequency response of the filter. In the time domain, this multiplication corresponds to a 

convolution operation. 

5. Post-filtering operation in the frequency domain, the transformed spectrum undergoes an 

inverse Fourier Transform, ushering the signal's transition from the frequency domain back 

to the temporal domain. This reversal restores the signal's original time-domain 

representation, albeit modified due to the applied filter's influence. 

6. The ultimate result of the inverse Fourier Transform produces the filtered signal, which has 

undergone modification based on the frequency-altering attributes of the applied filter. This 

resultant filtered signal stands ready for subsequent analysis or processing stages, armed with 

its refined frequency characteristics. 

Through manipulation of a filter's frequency response, various kinds of frequency domain filters 

can be employed. For instance, the utilization of low-pass filters permits the transmission of low-

frequency elements while diminishing high-frequency components. Conversely, high-pass filters 

achieve the opposite by permitting high-frequency constituents to pass through while weakening 

low-frequency ones. Meanwhile, band-pass filters enable the passage of a specific frequency range 

while reducing frequencies falling outside this designated range. 

Frequency domain filtering finds extensive application in tasks such as eliminating noise, 

augmenting signals, and performing image processing functions like detecting edges or refining 

image details. This approach offers a robust methodology to alter signals based on their frequency 

characteristics. 
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3.2.2.7. Filter Size and Padding 

Within the domain of convolutional neural networks (CNNs), the parameters of filter size and 

padding wield significant influence over the resultant dimensions of a convolutional layer's output. 

It is imperative to delve into the intricacies of these concepts and expound upon their mathematical 

ramifications. 

1. Filter Size 

Starting with the concept of filter size, it pertains to the spatial dimensions encompassing both 

width and height of the filter that is applied to the input image during the convolutional 

operation. This application defines what is termed as the receptive field, signifying the portion 

of the input image under consideration at any given moment. Standard filter dimensions 

include 3 × 3, 5 × 5, and 7 × 7, each of which serves distinct purposes in processing. 

From a mathematical perspective, envision an input image featuring spatial dimensions 

𝑊_𝑖𝑛 ×  𝐻_𝑖𝑛 (width × height). If a square filter of size 𝐹 (assuming 𝐹 × 𝐹) is employed, the 

resultant feature map's dimensions can be calculated as follows: 

𝑊𝑜𝑢𝑡  =  𝑊𝑖𝑛  −  𝐹 +  1      (3.14) 

𝐻𝑜𝑢𝑡  =  𝐻𝑖𝑛  −  𝐹 +  1      (3.15) 

For example, if the input image has dimensions 32 × 32 and a 3 × 3 filter is applied, the 

resulting feature map will have dimensions 30 × 30. The filter size directly affects the spatial 

dimensions of the output feature map. 

2. Padding: 

Padding refers to the additional border of zeros (or other specified values) added to the input 

image before applying the convolution operation. It helps in preserving spatial information by 

maintaining the spatial dimensions of the output feature map. Padding is often used to avoid 

excessive reduction in the size of the feature map. 

Padding is usually added symmetrically on all sides of the input image. If 𝑃 is the padding 

size applied on each side, the output feature map dimensions can be calculated as: 

𝑊𝑜𝑢𝑡 = 𝑊𝑖𝑛 − 𝐹 + 2𝑃 + 1      (3.16) 
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𝐻𝑜𝑢𝑡 = 𝐻𝑖𝑛 − 𝐹 + 2𝑃 + 1      (3.17) 

By adjusting the padding size, we can control the output dimensions of the convolutional 

layer. Common padding choices are 'valid' (no padding) and 'same' (padding to preserve input 

dimensions). 

For example, if the input image has dimensions 32 × 32, a 3 × 3 filter is used, and a padding 

of 1 (𝑃 = 1) is added on each side, the resulting feature map will have dimensions 32 × 32, 

maintaining the input spatial size. 

Padding is also useful when we want to apply multiple convolutional layers in a network, 

especially if we want to avoid the shrinking of feature maps too quickly. 

Overall, the filter size and padding play a crucial role in determining the spatial dimensions 

of the output feature maps in convolutional layers, influencing the subsequent layers and the 

network's overall performance in tasks such as image recognition or object detection. 

Image filtering is a versatile technique used in various domains, including medical imaging, 

computer vision, and digital image processing. It provides a powerful toolset for manipulating and 

enhancing images to improve visual quality, extract meaningful information, or prepare data for 

further analysis. 

3.2.3.  Color Normalization 

Color normalization is a technique used in image processing and computer vision to standardize 

the color appearance of images. It aims to remove variations in color caused by factors such as 

lighting conditions, camera settings, or image acquisition devices. By normalizing the color, 

images can be more easily compared and analyzed, leading to improved performance in various 

tasks such as object recognition, image retrieval, and image segmentation. 

Mathematically, color normalization involves transforming the color values of each pixel in an 

image to a new color space or representation. There are several common methods used for color 

normalization, and we will describe two of them: Histogram Equalization and Mean-Std 

Normalization. 
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3.2.3.1. Histogram Equalization 

A histogram serves as a visual depiction illustrating the distribution of data within a dataset. It is 

composed of a sequence of bars or rectangles, with the height of each bar symbolizing the 

frequency or tally of data points situated within a designated interval or bin. These bins are usually 

uniform in width and encompass the full extent of the dataset's range. The histogram of the 

corresponding image is portrayed in Figure 3.2. 

 

Fig 3.2: The result explains (a) a grayscale retinal fundus image and (b) its corresponding intensity 

histogram illustrating the distribution of pixel values across the image. 

These are the fundamental elements and qualities of a histogram: 

1. Horizontal Axis (X-axis): The X-axis, positioned horizontally, depicts the scope of values 

or segments of the examined data. It is partitioned into equidistant bins or segments. 

2. Vertical Axis (Y-axis): The Y-axis, oriented vertically, illustrates the occurrence or tally of 

data points within each bin. It indicates the quantity of instances where data falls into specific 

intervals. 

3. Bar Height: The magnitude of each bar is indicative of the occurrence or tally of data points 

within the corresponding bin. This aspect provides a visual representation of the quantity of 

data points within each interval. 

4. Bar Width: The width of the bars is inconsequential in a histogram. Instead, the focus rests 

on the length or height of each bar, which mirrors the prevalence of data points. 

Histograms serve as a frequently employed tool for comprehending the distribution of numerical 

data and discerning patterns, trends, or anomalies present within a dataset. Their utility becomes 

especially pronounced when handling extensive datasets or continuous data, as they play a pivotal 
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role in condensing and graphically representing the fundamental characteristics of the data 

distribution. 

Here's a step-by-step process to calculate the histogram: 

1. Determine the range of values covered by your dataset: Let's say the minimum value 

in the dataset is 𝑚𝑖𝑛_𝑣𝑎𝑙𝑢𝑒, and the maximum value is 𝑚𝑎𝑥_𝑣𝑎𝑙𝑢𝑒. 

2. Decide on the number of bins: Select the desired number of bins, denoted by 𝑛_𝑏𝑖𝑛𝑠. 

3. Calculate the bin width: The width of each bin, denoted by 𝑏𝑖𝑛_𝑤𝑖𝑑𝑡ℎ, can be 

determined by dividing the range of values (𝑚𝑎𝑥_𝑣𝑎𝑙𝑢𝑒 −  𝑚𝑖𝑛_𝑣𝑎𝑙𝑢𝑒) by the 

number of bins (𝑛_𝑏𝑖𝑛𝑠): 

𝑏𝑖𝑛_𝑤𝑖𝑑𝑡ℎ =  (𝑚𝑎𝑥_𝑣𝑎𝑙𝑢𝑒 −  𝑚𝑖𝑛_𝑣𝑎𝑙𝑢𝑒) / 𝑛_𝑏𝑖𝑛𝑠   (3.18) 

4. Define the intervals or bins: Create 𝑛_𝑏𝑖𝑛𝑠 intervals by dividing the range of values 

into equal-sized intervals. The 𝑖𝑡ℎ bin's lower boundary can be calculated using the 

formula: 

𝑏𝑖𝑛_𝑖_𝑙𝑜𝑤𝑒𝑟 =  𝑚𝑖𝑛_𝑣𝑎𝑙𝑢𝑒 +  (𝑖 −  1)  ∗  𝑏𝑖𝑛_𝑤𝑖𝑑𝑡ℎ   (3.19) 

The 𝑖𝑡ℎ bin's upper boundary can be calculated as: 

𝑏𝑖𝑛_𝑖_𝑢𝑝𝑝𝑒𝑟 =  𝑏𝑖𝑛_𝑖_𝑙𝑜𝑤𝑒𝑟 +  𝑏𝑖𝑛_𝑤𝑖𝑑𝑡ℎ    (3.20) 

5. Compute the frequency within each bin: Tabulate the occurrences of data points within 

individual bins. Go through the dataset systematically, assigning each data point to its 

respective bin, and then increase the frequency tally for that particular bin accordingly. 

6. Generating the histogram: With the frequency data established for each bin, a visual 

representation of the histogram can be created. This involves depicting the bins along 

the horizontal X-axis and the corresponding frequencies along the vertical Y-axis. The 

stature of each bar within the graph corresponds to the count of data points within its 

corresponding bin. 

While these equations provide a framework for calculating the necessary values for constructing a 

histogram, it's important to note that the construction of the histogram itself is a visual 
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representation rather than a precise mathematical equation. The purpose of a histogram is to 

provide a graphical summary of data distribution rather than a specific mathematical formula. 

Histogram equalization is a technique that redistributes the intensities of an image to achieve a 

uniform histogram. In the context of color normalization, it can be applied to each color channel 

(e.g., red, green, blue) separately or to a transformed color space such as the hue-saturation-value 

(HSV) color space. 

Here's a step-by-step explanation of histogram equalization for color normalization: 

• Transform the image into a suitable color representation (e.g., convert from RGB to HSV 

color space). 

• Generate a histogram for each color channel or the pertinent channel (e.g., the value 

channel in HSV space). 

• Calculate the cumulative distribution function (CDF) based on the histogram data. 

• Rescale the CDF to a desired range (e.g., ranging from 0 to 255). 

• Apply the CDF transformation to map the initial color values onto the normalized values. 

• If needed, revert the image to its original color space. 

The outcome of histogram equalization yields an image characterized by heightened contrast and 

minimized color discrepancies. The outcome of applying histogram equalization to the image 

presented in Fig. 3.2 can be observed in Fig. 3.3. 

 

Fig 3.3: (a) Histogram-equalized retinal fundus image and (b) the corresponding histogram showing 

enhanced contrast with a more uniform distribution of pixel intensities. 

3.2.3.2. Mean-Std Normalization 
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Mean-Std normalization, also known as z-score normalization, aims to normalize the color values 

of an image based on their mean and standard deviation. This method is often used in machine 

learning applications. 

Here's the mathematical explanation of mean-std normalization for color normalization: 

• Compute the mean (𝜇) and standard deviation (𝜎) of the color values (e.g., RGB channels) 

across the entire image dataset. 

• For each pixel in an image, the mean (𝜇) of it is being subtracted from the RGB data and 

divided that result set by standard deviation (𝜎). 

• This process ensures that the color values of each pixel have zero mean and unit standard 

deviation. 

Mean-std normalization scales the color values of an image based on their statistical properties, 

effectively reducing variations and making the image more comparable across different datasets 

or lighting conditions. 

Both histogram equalization and mean-std normalization are commonly used techniques for color 

normalization, but there are other methods as well, depending on the specific requirements and 

characteristics of the image data. It's important to choose an appropriate normalization method 

based on the desired outcome and the nature of the image analysis task at hand. 

Let's assume we have an image represented by a matrix 𝑋, where each element 𝑋(𝑖, 𝑗) represents 

the color value at pixel (𝑖, 𝑗). The normalization is performed separately for each color channel 

(e.g., red, green, blue), so let's consider a single-color channel represented by matrix 𝐶. 

Compute the mean (μ) and standard deviation (σ) of the color values in matrix C across the entire 

image dataset: 

𝜇 =  𝑚𝑒𝑎𝑛(𝐶) 

𝜎 =  𝑠𝑡𝑑(𝐶) 

 

Normalize the color values in matrix C based on the computed mean and standard deviation: 

𝐶_𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =  (𝐶 −  𝜇) / 𝜎     (3.21) 



Methodology 

 

60 | P a g e  
 

Perform the aforementioned procedures for every color channel to acquire the normalized color 

channels (for instance, 𝐶_𝑟𝑒𝑑_𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑, 𝐶_𝑔𝑟𝑒𝑒𝑛_𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑, 𝐶_𝑏𝑙𝑢𝑒_𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑). 

The attained normalized color channels can be merged to reconstruct the normalized image. 

Depending on the intended scope of color value ranges, supplementary adjustment or truncation 

might be implemented. 

Importantly, it should be acknowledged that on certain occasions, the mean and standard deviation 

are calculated employing a representative subset of the image dataset. This approach, commonly 

employed in machine learning applications during training, serves to mitigate any potential bias 

stemming from outliers or exceptional values. 

3.2.4.  Color Space Conversion 

Color space conversion is a process that involves transforming the representation of colors from 

one color space to another. The mathematical expressions for different color space conversions 

can vary depending on the specific color model or standard being used. I'll provide you with the 

expressions for two common color space conversions: RGB to XYZ and XYZ to Lab. 

1. RGB to XYZ conversion: 

The 𝑅𝐺𝐵 color space represents colors using three primary color channels: red (𝑅), green (𝐺), 

and blue (𝐵). The 𝑋𝑌𝑍 color space is a device-independent color space that represents colors using 

three values: 𝑋, 𝑌, and 𝑍, where 𝑌 represents luminance. The conversion from 𝑅𝐺𝐵 to 𝑋𝑌𝑍 can be 

done using a linear transformation. Assuming the 𝑅𝐺𝐵 values are normalized to the range [0, 1], 

the conversion equations are: 

𝑋 =  0.4124564𝑅 +  0.3575761𝐺 +  0.1804375𝐵  (3.22) 

𝑌 =  0.2126729𝑅 +  0.7151522𝐺 +  0.0721750𝐵  (3.23) 

𝑍 =  0.0193339𝑅 +  0.1191920𝐺 +  0.9503041𝐵  (3.24) 

These equations are based on the 𝑠𝑅𝐺𝐵 color space, which is commonly used in computer graphics 

and displays. If you are working with a different 𝑅𝐺𝐵 color space, you may need to adjust the 

conversion coefficients accordingly. 
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2. XYZ to Lab conversion: 

The Lab color space is a perceptually uniform color space that consists of three components: 

𝐿 (lightness), 𝑎 (green-red color component), and 𝑏 (blue-yellow color component). 

The conversion from 𝑋𝑌𝑍 to 𝐿𝑎𝑏 involves some nonlinear transformations. First, normalize the 

𝑋𝑌𝑍 values by dividing them by the reference white point values. Then, calculate the intermediate 

values of 𝑓𝑥 and 𝑓𝑦 as follows: 

𝑓𝑥 = 𝑓(𝑋/𝑋𝑤)        (3.25) 

𝑓𝑦 = 𝑓(𝑌/𝑌𝑤)        (3.26) 

𝑓𝑧 = 𝑓(𝑍/𝑍𝑤)        (3.27) 

where f(t) is a nonlinear function defined as: 

𝑓(𝑡) = 𝑡
1

3⁄          𝑖𝑓       𝑡 > (
6

29
)

3

     (3.28) 

𝑓(𝑡) = (
1

3
) (

29

6
)

2

∗ 𝑡 +
4

29
        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒    (3.29) 

Finally, the Lab values can be calculated as: 

𝐿 =  116 ∗  𝑓𝑦  −  16       (3.30) 

𝑎 =  500 ∗  (𝑓𝑥  −  𝑓𝑦)      (3.31) 

𝑏 =  200 ∗  (𝑓𝑦  −  𝑓𝑧)      (3.32) 

These equations convert 𝑋𝑌𝑍 values to Lab values based on the 𝐶𝐼𝐸 Standard Illuminant 𝐷65 and 

the 𝐶𝐼𝐸 1931 2° Standard Observer. 

It's important to note that there are several other color space conversions available, such as 𝑅𝐺𝐵 

to 𝑌𝑈𝑉, 𝑅𝐺𝐵 to 𝐻𝑆𝑉, etc. The specific equations and transformations may differ depending on the 

color space and standard being used. 

3.2.5. Gradient Feature Recognition 

Gradient feature recognition of the retinal fundus is an elementary practice in computer based data 

processing which seeks to determine the pixels all over the perimeter of distinct fundus data.. It 



Methodology 

 

62 | P a g e  
 

helps in extracting important features and information from images. There are various edge 

detection algorithms, but one of the most commonly used is Pixel based detection technique. Initial 

concepts and definitions are presented in Section 3.2.5.1. Pre-pixel adjustment algorithms 

explained in part 3.2.5.2. are modifications executed to every pixel without hampering the 

measures in the neighboring pixel. 

3.2.5.1. Preliminaries and Definitions 

A digital image is characterized as a 2𝐷 array of numerical values that correspond to the 

continuous distribution of intensity in a spatial signal. This spatial signal, which exists in a 

continuous domain, is discretely sampled at regular intervals, and its intensity is represented as 

finite quantized range. Every single element inside the mask array is symbolized as a pixel. The 

intensity level distribution of the digital image data is denoted by 𝑓(𝑚, 𝑛), where 𝑓 signifies the 

pixel's intensity, and 𝑚 and 𝑛 establish the pixel's position along orthogonal axes, usually termed 

as horizontal and vertical. The dimensions of the image are considered to be 𝑀 rows and 𝑁 

columns, with the pixel's intensity quantized into 𝑃 levels (referred to as gray levels), spanning 

from 0 to 𝑃 −  1. An important aspect in image analysis, the image's histogram, is defined as a 

vector containing the frequency of pixels at each gray level. Denoted as ℎ(𝑖), the histogram serves 

crucial roles in image enhancement and characterization applications. 

ℎ(𝑖) = ∑ ∑ 𝛿(𝑓(𝑚, 𝑛) − 𝑖),          𝑖 = 0,1, … … , 𝑃 − 1𝑁−1
𝑛=0

𝑀−1
𝑚=0  (3.33) 

where 

𝛿(𝑤) = {
1                  𝑤 = 0
0          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

In the context of convolution, where 𝑔(𝑚, 𝑛) represents the resultant image after convolution, the 

process involves overlaying a kernel onto an image pixel (𝑚, 𝑛). This entails calculating the 

element-wise products between the kernel coefficients and the corresponding image pixel values. 

The summation of these products is then employed to determine the pixel value of the output image 

at the given position (𝑚, 𝑛). The entire output image, denoted as 𝑔(𝑚, 𝑛), is generated by 

iteratively applying this process to all pixels within the original image. Utilizing a convolution 

kernel on an image serves to enact specific enhancement operations or modifications in image 

attributes. This typically leads to the amplification of desirable features while suppressing 
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undesirable ones. The precise values assigned to the kernel coefficients are contingent upon the 

particular type of enhancement sought after. 

Strategy involves using only the segment of the kernel that aligns with the input image overlap. 

However, this technique can potentially result in irregularities at the peripheries of the output 

image. In the context of this chapter, our approach involves excluding the application of the kernel 

where it overreaches the border lines of the image data. 

The Fourier transformation of the image can be calculated as: 

𝐹(𝑢, 𝑣) =
1

𝑀𝑁
∑ ∑ 𝑓(𝑚, 𝑛)𝑒−2𝜋𝑗(

𝑢𝑚

𝑀
+

𝑣𝑛

𝑁
)𝑁−1

𝑛=0
𝑀−1
𝑚=0    (3.35) 

𝑢 = 0,1,2, … … 𝑀 − 1,       𝑣 = 0,1,2, … … , 𝑁 − 1  

where 𝑢 and 𝑣 are the particular frequency measure. The Fourier transform provides the spectral 

representation of an image, which can be modified to enhance desired properties. A spatial domain 

image can be obtained from a spectral-domain image with the inverse Fourier transform given by 

𝐹(𝑚, 𝑛) = ∑ ∑ 𝑓(𝑢, 𝑣)𝑒2𝜋𝑗(
𝑢𝑚

𝑀
+

𝑣𝑛

𝑁
)𝑁−1

𝑣=0
𝑀−1
𝑢=0     (3.36) 

𝑚 = 0,1,2, … … 𝑀 − 1,       𝑛 = 0,1,2, … … , 𝑁 − 1 

The reconstruction via fourier of an 𝑁 ×  𝑁 data needs a difficult level of additions and 

multiplications. 

3.2.5.2. Pixel Operations 

Digital images are typically showcased through display systems like cathode ray tube (CRT) 

monitors or are rendered on physical media using photographic emulsions. The majority of these 

display methods exhibit non-linear intensity behaviors, leading to the observation of images with 

non-linear intensity profiles. This phenomenon can be concisely explained through the following 

equation: 

𝑒(𝑚, 𝑛) = 𝐶(𝑓(𝑚, 𝑛))      (3.37) 
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where 𝑓 (𝑚, 𝑛) is the gleaned power data, 𝑒(𝑚, 𝑛) stands for the signified gleaned intended output, 

and 𝐶 is an operator that is generally non-linear. In order to correct for the nonlinear characteristics 

of the display, one must apply a transform that is the inverse of the display’s nonlinearity [4, 5]: 

Assessing the traits of this nonlinearity presents challenges in practical application. Specifically, 

identifying the exact properties of this nonlinearity can be intricate. When an intensity wedge with 

linear characteristics is utilized for imaging, it becomes possible to generate a test image that 

covers the entire range of intensities captured by the image acquisition system. However, to 

accurately ascertain the genuine nonlinear attributes of the display system, it becomes imperative 

to employ an intensity measuring device with linearity characteristics. This is crucial in evaluating 

the output of the display system and comprehending its effective nonlinear behavior. 

 There are instances where the image content resides within specific, narrow intensity ranges, 

carrying specific relevance for the viewer. By employing intensity scaling, it becomes possible for 

the viewer to emphasize particular intensity intervals in the image. This is achieved by adjusting 

the image so that the desired intensity band aligns with the display's dynamic range. As an 

illustration, in scenarios where the intensity band of interest is delimited by known values 𝑓_1 and 

𝑓_2, a scaling transformation can be precisely defined as follows: 

𝑒 = {
𝑓       𝑓1 ≤ 𝑓 ≤ 𝑓2

0         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
      (3.39) 

𝑔 = {
𝑒−𝑓1

𝑓2−𝑓1
} ∙ 𝑓𝑚𝑎𝑥       (3.40) 

3.2.6. Image Quality Enhancement 

Retinal images serve as essential diagnostic tools for ophthalmologists and optometrists, enabling 

the identification of a range of ocular conditions like diabetic retinopathy, macular degeneration, 

and glaucoma. Elevating the quality of these images holds the potential to amplify the visibility of 

intricate details, thereby simplifying the detection of irregularities and the formulation of 

appropriate therapeutic strategies. Frequently, retinal images encompass subtle nuances and 

anatomical structures that may remain inconspicuous in their raw state. The act of image 

enhancement can substantially augment the clarity of elements such as blood vessels, lesions, and 

other vital features, thereby facilitating superior visualization and analysis. This, in turn, can be 
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pivotal for purposes such as disease tracking, treatment progress assessment, and scholarly 

investigations. 

The presence of artifacts, such as noise, uneven illumination, and motion blur, can occasionally 

compromise the fidelity of retinal images. By enhancing these images, it becomes plausible to 

mitigate such artifacts, resulting in an overall refinement of image quality that expedites 

comprehension and interpretation. Beyond clinical realms, improved retinal images can also serve 

as potent educational aids for patients. This improvement in the clarity and perceptibility of retinal 

structures empowers healthcare professionals to elucidate the intricacies of ocular conditions to 

patients more effectively, thereby enhancing patient comprehension of their diagnosis, therapeutic 

choices, and potential prognoses. 

Especially in light of the progression of telemedicine and remote healthcare, the significance of 

enhancing retinal images becomes even more pronounced. This process equips healthcare 

providers to accurately decipher retinal images from a distance, consequently broadening access 

to ocular care in underserved regions. Furthermore, this technological facet facilitates prompt 

diagnoses and interventions, aligning seamlessly with the paradigm of delivering healthcare from 

a distance. 

In essence, the enhancement of retinal images occupies a pivotal role in advancing diagnostic 

precision, streamlining treatment planning, catalyzing research endeavors, fortifying patient 

education, and fortuitously, propelling the frontiers of remote healthcare provision. 

3.2.6.1. Blind Deconvolution: 

Blind deconvolution is a technique used in image processing to enhance images by eliminating 

blurriness caused by an out-of-focus or blurry imaging system. The approach involves estimating 

the original image and the blur kernel simultaneously, without any prior knowledge of either. To 

achieve this, blind deconvolution algorithms typically minimize an objective function iteratively. 

This function measures the discrepancy between the estimated deblurred image and the blurred 

image. 

Blind deconvolution is a method employed to enhance images that have been subjected to 

convolution, with the goal of restoring them to their original quality. Convolution occurs when a 
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point-spread function (PSF) is applied to an image, which can be due to causes such as motion 

blur or an out-of-focus lens. 

To initiate the blind deconvolution process, the initial step involves estimating the point-spread 

function (PSF) responsible for the image degradation. A popular method for this is to use the 

Richardson-Lucy algorithm, which iteratively estimates the PSF by comparing the degraded image 

to a restored image estimate. The mathematical formulation for the Richardson-Lucy algorithm is 

given in equation 3.41. 

𝑃𝑘+1(𝑥, 𝑦) =  𝑃𝑘(𝑥, 𝑦)
∑

𝐼(𝑥−𝑖,𝑦−𝑗)

(𝑃𝑘∗𝐼)(𝑥−𝑖,𝑦−𝑗)𝑖,𝑗

∑
𝑃𝑘(𝑥−𝑖,𝑦−𝑗)

(𝑃𝑘∗𝐼)(𝑥−𝑖,𝑦−𝑗)𝑖,𝑗

     (3.41) 

The expression involves the estimated PSF at iteration k denoted as 𝑃𝑘, the degraded image 

denoted as I, and the convolution operator denoted by ∗. Initially, the algorithm makes an estimate 

of the PSF as 𝑃0 and then repeatedly updates this estimate until convergence. The numerator in the 

expression indicates the restoration of the degraded image using the current PSF estimate, while 

the denominator indicates the blurring of the restored image by the PSF. The algorithm updates 

the PSF estimate by assigning weights to neighboring pixels in the degraded image based on their 

similarity to the current PSF estimate. 

Hessian Blind Deconvolution is an image restoration technique that simultaneously estimates the 

point-spread function (PSF) and restores the image. Below is a high-level algorithm outlining the 

Hessian Blind Deconvolution process: 

Inputs: degraded image 𝐼, regularization parameter 𝜆, maximum number of iterations 𝑇. 

Outputs: estimated PSF 𝑃 and restored image 𝑅. 

1. Set the initial values of 𝑃 and 𝑅 by randomly assigning values. 

2. For 𝑡 =  1 𝑡𝑜 𝑇: 

a. Calculate the gradient and Hessian of the cost function with respect to P and R. 

b. To obtain the updates 𝛥𝑃 and 𝛥𝑅 for 𝑃 and 𝑅 respectively, solve the linear 

system 𝐻𝛥𝑋 =  −𝛻𝑓. 
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c. Update 𝑃 and 𝑅 using ∆𝑃 and ∆𝑅 respectively: 𝑃 ← 𝑃 + ∆𝑃 and 𝑅 ← 𝑅 + ∆𝑅. 

3. Return 𝑃 and 𝑅 as the estimated PSF and restored image, respectively. 

Typically, a combination of a data fidelity term and a regularization term is used as the cost 

function f in the above algorithm. The data fidelity term evaluates the degree of similarity between 

the estimated image and the observed degraded image, whereas the regularization term discourages 

solutions that lack smoothness or do not meet other desired criteria. 

To estimate the point-spread function (PSF) and the restored image simultaneously using the 

Hessian Blind Deconvolution algorithm, the Hessian matrix is calculated as the second-order 

derivative of the cost function. An iterative method, such as conjugate gradient, is then used to 

solve the linear system HΔX = -∇f. The regularization parameter λ is used to balance the trade-off 

between data fidelity and regularization, while the maximum number of iterations T sets the 

number of times the algorithm will run before returning the estimated PSF and restored image. 

3.2.6.2. Particle Swamp Optimization 

PSO excels in its capacity to systematically explore optimal positions within a designated search 

area. Operating through a specialized swarm referred to as a "particle," the PSO algorithm 

dynamically adjusts both its position and velocity in a random fashion, aiming to converge towards 

the swarm's historically best position while exploring the entirety of the search domain. Assuming 

X is the size of the swarm in a D-dimensional search space, each particle’s position at any given 

moment is defined as 𝑃𝑖(𝑝𝑖1
, 𝑝𝑖2

, 𝑝𝑖3
, … … … … , 𝑝𝑖𝐷

), which represents a feasible solution to an 

optimization problem. The velocity of each particle is denoted by 𝑈𝑖(𝑢𝑖1
, 𝑢𝑖2

, 𝑢𝑖3
, … … … … , 𝑢𝑖𝐷

). 

The best previous position of the swarm is represented by 𝑄𝑖(𝑞𝑖1
, 𝑞𝑖2

, 𝑞𝑖3
, … … … … , 𝑞𝑖𝐷

) for each 

particle, while the best position determined by the entire swarm is denoted as 

𝑄𝑔(𝑞𝑔1
, 𝑞𝑔2

, 𝑞𝑔3
, … … … … , 𝑞𝑔𝐷

). These equations are used to control the behaviour of the 

particles. 

𝑢𝑖𝑑

𝑘+1 = 𝜔𝑘 ∗ 𝑢𝑖𝑑

𝑘 + 𝑎1 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝑞𝑖𝑑
− 𝑝𝑖𝑑

𝑘 )∆𝑡 + 𝑎2 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝑞𝑔𝑑
− 𝑝𝑖𝑑

𝑘 ) ∆𝑡⁄   (3.42) 

𝑝𝑖𝑑

𝑘+1 = 𝑝𝑖𝑑

𝑘 + ∆𝑡 ∗ 𝑢𝑖𝑑

𝑘           (3.43) 

𝜔𝑘 = 𝜔𝑚𝑎𝑥 − 𝑘 ∗ (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛) 𝑘𝑚𝑎𝑥⁄        (3.44) 
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The acceleration coefficients, represented by 𝑎1 and 𝑎2 and the inertia weight, denoted by 𝑤 where 

𝑤𝑚𝑎𝑥 and  𝑤𝑚𝑎𝑥 are the maximum and minimum values of 𝑤 are used in a random function 

𝑟𝑎𝑛𝑑( ) that follows a constant allocation. The latest parameters and iteration limits are reflected 

by 𝑢𝑖𝑑

𝑘+1 and 𝑝𝑖𝑑

𝑘+1 respectively, by 𝑑 ∈ [1, 𝐷]. ∆𝑡 depicts the per time unit and the state under 

which 𝑢𝑖𝑑

𝑘+1 and 𝑝𝑖𝑑

𝑘+1 must be restricted are as follows: 

𝑢𝑖𝑑

𝑘+1 = {

𝑢𝑖𝑑

𝑘+1 −𝑢𝑚𝑎𝑥 ≤ 𝑢𝑖𝑑

𝑘+1 ≤ 𝑢𝑚𝑎𝑥

𝑢𝑚𝑎𝑥 𝑢𝑖𝑑

𝑘+1 >𝑢𝑚𝑎𝑥

−𝑢𝑚𝑎𝑥 𝑢𝑖𝑑

𝑘+1 < −𝑢𝑚𝑎𝑥

       (3.45)  

𝑝𝑖𝑑

𝑘+1 = {

𝑝𝑖𝑑

𝑘+1 −𝑝𝑚𝑎𝑥 ≤ 𝑝𝑖𝑑

𝑘+1 ≤ 𝑝𝑚𝑎𝑥

𝑝𝑖𝑛𝑖𝑡 𝑝𝑖𝑑

𝑘+1 > 𝑝𝑚𝑎𝑥

𝑝𝑖𝑛𝑖𝑡 𝑝𝑖𝑑

𝑘+1 <  𝑝𝑚𝑖𝑛

      (3.46) 

𝑝𝑖𝑛𝑖𝑡
𝑘+1 = 𝑝𝑚𝑖𝑛 + 𝑟𝑎𝑛𝑑( ) ∗ (𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛)      (3.47) 

where 𝑢𝑚𝑎𝑥 represents the highest value of 𝑢 while 𝑝𝑚𝑎𝑥 and 𝑝𝑚𝑖𝑛 indicate the maximum and 

minimum values of 𝑝, respectively.  

PSO operates by repeatedly modifying the position and velocity of a collection of particles in a 

search space, with each particle representing a candidate solution. The fitness of each particle is 

determined by a fitness function, and PSO utilizes interactions between particles to search through 

the search space and approach the optimal solution. The output of the PSO algorithm is the best 

solution discovered during the search, which could be a local optimum instead of the global 

optimum. 

3.2.6.3. Contrast Limited Adaptive Histogram Equalization 

CLAHE is an algorithm to inprove the perceptual difference of fundus dataset , particularly in 

regions with low contrast or uneven illumination. CLAHE operates by dividing an image into 

small regions called tiles, and within each tile, it applies histogram equalization to redistribute the 

pixel intensities. However, to prevent excessive amplification of noise, CLAHE includes a contrast 

limiting mechanism that constrains the intensity range within each tile [304]. Firstly, the contrast 

of the grayscale image was increased using the formula given in equation 3.48. 
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𝐼(𝑥𝑖 , 𝑦𝑖) =
𝑓(𝑥𝑖,𝑦𝑖)−𝑓(𝑚𝑖𝑛)

𝑓(𝑚𝑎𝑥)−𝑓(𝑚𝑖𝑛)
∗ 2𝑏𝑝𝑝     (3.48) 

Here, 𝐼(𝑥𝑖 , 𝑦𝑖)denotes the input image, 𝑓(𝑥𝑖, 𝑦𝑖), 𝑓(𝑚𝑖𝑛), and 𝑓(𝑚𝑎𝑥) refer to the values for each 

pixel intensity, minimum and maximum pixel intensities respectively. The output is the stretched 

contrast image which was used as the input to CLAHE. 

In contrast to limited adaptive histogram equalization (CLAHE), the input image is split into two 

parts that are non-overlapping contextual areas or tiles and a local histogram of these tiles. Prior 

to approximating the cumulative probability density and enhanced contrast intensity, the histogram 

of the individual tile is clipped with the help of a clip limit set by the user which is the multiple of 

the average height of the histogram of the contextual region, shown in equation 3.49. 

[𝐻 _ 𝐻 𝑒𝑖𝑔ℎ𝑡]𝐴𝑣𝑔 =
[𝑃𝑖𝑥(𝑡𝑜𝑡𝑎𝑙)]𝐶𝐿

[𝑃𝑖𝑥(𝑡𝑜𝑡𝑎𝑙)]𝐺𝐿
     (3.49) 

Here, [𝐻 _ 𝐻 𝑒𝑖𝑔ℎ𝑡]𝐴𝑣𝑔is the average height of the histogram of the input image 𝐼(𝑥𝑖, 𝑦𝑖). 

[𝑃𝑖𝑥(𝑡𝑜𝑡𝑎𝑙)]𝐶𝐿and [𝑃𝑖𝑥(𝑡𝑜𝑡𝑎𝑙)]𝐺𝐿denotes the total pixels in the contextual region and the gray 

level of the input image respectively. For the contextual region of size say 𝑀 × 𝑁 and 𝐻𝑛 be the 

number of histogram bars, the clip-limit is given by equation 3.39. 

𝐶𝐿 = {
1     𝑖𝑓    

𝛼𝑐𝑓𝑀𝑁

[𝐻𝑛]𝐻𝑖𝑠𝑡
< 1      𝑓𝑜𝑟     0 < 𝛼 ≤ 1

0                                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (3.50) 

In this case, 𝛼𝑐𝑓 is a user-defined contextual factor. The true height of the histogram of the 

contextual area 𝑛𝑘 is being clipped using the clip limit, 𝐶𝐿 as indicated in equation 3.51 where 𝐻𝑘 

is the histogram of the given area. 

𝐻𝑘 = {
𝐶𝐿    𝑖𝑓    𝑛𝑘 = 𝐶𝐿     𝑓𝑜𝑟      𝑘 = 1,2, … … , [𝐻𝑛]𝐻𝑖𝑠𝑡 − 1
𝑛𝑘                                                                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3.51) 

 

𝑤ℎ𝑒𝑟𝑒     ∑ 𝑛𝑘
[𝐻𝑛]𝐻𝑖𝑠𝑡
𝑘=0 = 𝑀𝑁      (3.52) 

Total clipped pixels 𝐶𝑡𝑜𝑡𝑎𝑙 can be calculated by equation 3.42. 

𝐶𝑡𝑜𝑡𝑎𝑙 = 𝑀𝑁 − ∑ 𝐻𝑘
[𝐻𝑛]𝐻𝑖𝑠𝑡−1
𝑘=0      (3.53) 
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By re-normalizing the histogram or bringing the area under the curve back to its original range, 

the clipped pixel values are spread back to the histogram. Rearrangement may be uniform, 

otherwise, the clipped pixel values may not be evenly distributed across histogram plots with pixel 

values less than the clip limit. The distributed pixels to each histogram bin can be found as 

mentioned in equation 3.54. 

𝑃𝜇 =
𝐶𝑡𝑜𝑡𝑎𝑙

[𝐻𝑛]𝐻𝑖𝑠𝑡
=

𝑀𝑁−∑ 𝐻𝑘
[𝐻𝑛]𝐻𝑖𝑠𝑡−1

𝑘=0

[𝐻𝑛]𝐻𝑖𝑠𝑡
     (3.54) 

The clipped histogram is being re-normalized by using equation 3.55. 

𝐻𝑘 = (
𝐶𝐿 𝑖𝑓 𝑛𝑘 + 𝑃𝜇 > 𝐶𝐿

𝑛𝑘 + 𝑃𝜇         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
)     (3.55) 

 

3.3.  Image Segmentation 

Segmenting out the image features are the highly intricating research challenges in computer vision 

and pattern recognition. The most basic yet impactful algorithm to isolate the objectis 

Thresholding. To amplify the feature segmentation, the global threshold selection algorithm OTSU 

is rapidly used worldwide. This method is very simple but fails to segment the image features 

properly due to the unimodal property of histogram. So an advanced and more effective OTSU 

algorithm has been established to overcome the limitations..  

3.3.1.  Algorithm Based on Otsu Method 

In various instances of image processing, there exists a notable distinction in grayscale levels 

between pixels belonging to the object and those within the background. In these scenarios, the 

utilization of thresholding emerges as a straightforward yet efficacious approach for segregating 

objects from their surrounding background. The practice of employing thresholding techniques 

has gained widespread prominence within the realm of machine vision and image analysis. Over 

time, a multitude of image thresholding methods have been devised, with some of the most 

frequently employed ones including Minimum Error Thresholding, the Otsu method, and Moment-

Preserving Thresholding, among others. Recent investigations in this area can be found in the 

works of Sauvola and Pietikainen [36], as well as Sahoo [37], among others. 
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Otsu [38], in 1979, introduced a dynamic thresholding selection technique. This method proposes 

the optimization of a weighted sum encompassing variances between classes of foreground and 

background pixels, ultimately leading to the determination of an optimal threshold. Otsu's method 

is particularly effective for histograms exhibiting bimodal or multimodal distributions, making it 

well-suited for thresholding tasks involving substantial objects set against their background. 

Nevertheless, challenges arise when this method is applied to images possessing unimodal or 

nearly unimodal distributions. Some limitations inherent to the Otsu method are explored in the 

study conducted by Lee and Park [39]. In the context of image segmentation, objects span a 

spectrum ranging from those devoid of defects to those exhibiting small or large defects. This 

chapter proposes an algorithm centered around the identification of an appropriate threshold value, 

demonstrating its capability to address such diverse image scenarios. 

Consider the image pixels be illustrated in gray level as [1,2,3, . . . . . . . . . . , 𝐿]. 𝑛𝑖 signifies the 

number of pixels at level 𝑖 and the total count of pixels by 𝑁 = 𝑛1 + 𝑛2+. . . . . . . +𝑛𝐿. To 

streamline the matter, the grayscale histogram is converted to a probability distribution:  

𝑃𝑖 = 𝑛𝑖/𝑁,  𝑃𝑖 ≥ 0, ∑ 𝑃𝑖
𝐿
𝑖=1 = 1.    (3.56) 

Now let pixels are bifurcated in two distinct classes C0 and C1 as backgroung pixels and object 

pixels or vice versa by a threshold point K, where C0 defines the pixels with intensities [1,2, . . . . , k] 

and C1 defines the pixels with intensities [k + 1, . . . . . . . . , L]. Then the likelihood of class 

appearance are depicted  

𝜔0 = 𝑃𝑟(𝐶0) = ∑ 𝑃𝑖
𝑘
𝑖=1 𝜔(𝑘)      (3.57) 

𝜔1 = 𝑃𝑟(𝐶1) = ∑ 𝑃𝑖
𝐿
𝑖=𝑘+1 = 1 − 𝜔(𝑘)    (3.58) 

And 

𝜇0 = ∑ 𝑖𝑃𝑟
𝑘
𝑖=1 (𝑖/𝐶0) = ∑ 𝑖𝑃𝑖

𝑘
𝑖=1 /𝜔0 = 𝜇(𝑘)/𝜔(𝑘)   (3.59) 

𝜇1 = ∑ 𝑖𝑃𝑟
𝐿
𝑖=𝑘+1 (𝑖/𝐶1) = ∑ 𝑖𝑃𝑖

𝐿
𝑖=𝑘+1 /𝜔1 =

𝜇𝑇−𝜇(𝑘)

1−𝜔(𝑘)
   (3.60) 

Where 

𝜔(𝑘) = ∑ 𝑃𝑖
𝑘
𝑖=1               (3.61) 
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And 

𝜇(𝑘) = ∑ 𝑖𝑃𝑖
𝑘
𝑖=1        (3.62) 

are the zeroth- and the first-order cumulative moments of the histogram up to the kth level, 

respectively, and 

𝜇𝑇 = 𝜇(𝐿) = ∑ 𝑖𝑃𝑖
𝐿
𝑖=1        (3.63) 

is the total mean level of the original picture. We can easily verify the following relation for any 

choice of 𝑘: 

𝜔0𝜇0 + 𝜔1𝜇1 = 𝜇𝑇 , 𝜔0 + 𝜔1 = 1     (3.64) 

The class variances are given by 

𝜎0
2 = ∑ (𝑖 − 𝜇0

𝑘
𝑖=1 )2𝑃𝑟(𝑖|𝐶0) = ∑ (𝑖 − 𝜇0

𝑘
𝑖=1 )2𝑃𝑖/𝜔0  (3.65) 

𝜎1
2 = ∑ (𝑖 − 𝜇0

𝐿
𝑖=𝑘+1 )2𝑃𝑟(𝑖|𝐶1) = ∑ (𝑖 − 𝜇1

𝐿
𝑖=𝑘+ )2𝑃𝑖/𝜔1  (3.66) 

These require second-order cumulative moments (statistics). In order to evaluate the "goodness" 

of the threshold (at level k), we shall introduce the following discriminant criterion measures (or 

measures of class separability) used in the discriminant analysis [40]: 

𝜆 = 𝜎𝐵
2/𝜎𝑊

2 , 𝐾 = 𝜎𝑇
2/𝜎𝑊

2 , 𝜂 = 𝜎𝐵
2/𝜎𝑇

2    (3.67) 

Where 

𝜎𝑊
2 = 𝜔0𝜎0

2 + 𝜔1𝜎1
2       (3.68) 

𝜎𝐵
2 = 𝜔0(𝜇0 − 𝜇𝑇)2 + 𝜔1(𝜇1 − 𝜇𝑇)2    (3.69) 

  = 𝜔0𝜔1(𝜇1 − 𝜇0)2 

𝜎𝑇
2 = ∑ (𝑖 − 𝜇𝑇

𝐿
𝑖=1 )2𝑃𝑖      (3.70) 

are the within-class variance, the between-class variance, and the total variance of levels, 

respectively. Then our problem is reduced to an optimization problem to search for a threshold k 

that maximizes one of the object functions (the criterion measures) in (3.56). This standpoint is 

motivated by a conjecture that well-thresholded classes would be separated in gray levels, and 

conversely, a threshold giving the best separation of classes in gray levels would be the best 
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threshold. The discriminant criteria maximizing 𝜆, K, and 𝜂, respectively, for k are, however, 

equivalent to one another because the following basic relation always holds: 

𝜎𝑊
2 + 𝜎𝐵

2 = 𝜎𝑇
2        (3.71) 

It is noticed that 𝜎𝑊
2  and 𝜎𝐵

2are functions of threshold level k, but 𝜎𝑇
2 is independent of k. It is also 

noted that 𝜎𝑊
2  is based on the second-order statistics (class variances), while 𝜎𝐵

2 is based on the 

first-order statistics (class means). Therefore, 𝜂 is the simplest measure with respect to𝑘. Thus, we 

adopt 𝜂 as the criterion measure to evaluate the "goodness" (or separability) of the threshold at 

level k. 

3.3.2.  Multilevel Thresholding 

In this section of the research, the optic disc from the cropped image has been segmented out by 

using multilevel thresholding followed by some morphological based operation. 

In multilevel thresholding technique, a number of thresholds points [𝑇1, 𝑇2, 𝑇3, … … … , 𝑇𝐿 ] in the 

histogram image ℎ𝑖𝑠𝑡(𝑥, 𝑦) is used to separate the image pixels. By using the separated threshold 

points, the original cropped image is being segmented to get image 𝑓𝑛(ℎ𝑖𝑠𝑡(𝑥, 𝑦)). Specifically: 

𝑓𝑛(ℎ𝑖𝑠𝑡(𝑥, 𝑦)) = {

𝑔𝑟𝑎𝑦0     𝑖𝑓              ℎ𝑖𝑠𝑡(𝑥, 𝑦) ≤ 𝑇1

𝑔𝑟𝑎𝑦1     𝑖𝑓     𝑆1 < ℎ𝑖𝑠𝑡(𝑥, 𝑦) ≤ 𝑇2… … … … … … … . .
𝑔𝑟𝑎𝑦𝐿    𝑖𝑓              ℎ𝑖𝑠𝑡(𝑥, 𝑦) > 𝑇𝐿

   

 (3.87) 

Such that 𝑔𝑟𝑎𝑦𝑖 denotes the gray-level allocated to all pixel points at the region 𝑖 that eventually 

signifies the object 𝑖. As in equation 3.87, the 𝐿 + 1 areas are calculated by the 𝐿 number of 

thresholds {𝑇1, 𝑇2, 𝑇3, … … . , 𝑇𝐿}. The maximum values of gray-level i.e. 255 can be used to 

dispense the gray-level regions correspondingly.  

3.3.3.  Iterative Global Thresholding 

Iterative global thresholding is a technique utilized in image segmentation that involves separating 

an image into distinct regions using a threshold value. The threshold value is updated iteratively 

until a satisfactory result is achieved. The algorithm can be mathematically expressed in the 

following manner: 
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1. To begin, assume of an initial threshold value denoted as 𝑇ℎ(0). 

2. Using the equations provided below, determine the average intensities of the pixels in both 

the foreground and background regions. 

a. 𝐹𝐺𝑎𝑣𝑔(𝑇ℎ(𝑘)) = (
1

𝑝𝑖𝑥𝐹𝐺
) ∗ 𝑠𝑢𝑚(𝑓[𝑖, 𝑗]), 𝑓𝑜𝑟 𝑓[𝑖, 𝑗] > 𝑇ℎ(𝑘)  (3.72) 

b. 𝐵𝐺𝑎𝑣𝑔(𝑇ℎ(𝑘)) = (
1

𝑝𝑖𝑥𝐵𝐺
) ∗ 𝑠𝑢𝑚(𝑓[𝑖, 𝑗]), 𝑓𝑜𝑟 𝑓[𝑖, 𝑗] ≤ 𝑇ℎ(𝑘)  (3.73) 

where 𝑝𝑖𝑥𝐹𝐺  and 𝑝𝑖𝑥𝐵𝐺 are the number of pixels in the foreground and background regions, 

respectively. 

3. Adjust the threshold value to be the mean intensity of both foreground and background: 

𝑇ℎ(𝑘 + 1) = (𝐹𝐺𝑎𝑣𝑔(𝑇ℎ(𝑘)) + 𝐵𝐺𝑎𝑣𝑔(𝑇ℎ(𝑘))) 2⁄    (3.74) 

4. Continue with steps 2-3 until the difference between 𝑇ℎ(𝑘) and 𝑇ℎ(𝑘 + 1) reaches a 

predefined threshold. 

Ultimately, the image can be segmented by categorizing each pixel as either belonging to the 

foreground or background region according to its intensity value, using the threshold value 𝑇h. 

The iterative global thresholding algorithm is a straightforward and efficient approach for image 

segmentation that can adjust to changes in image intensity and noise. The algorithm iteratively 

improves the threshold value using the mean intensities of the foreground and background, 

resulting in accurate separation of the image into distinct regions. 

3.3.4.  Morphological Operators: 

Morphology encompasses a wide array of image processing techniques centered around shapes. 

These operations involve the application of a structuring element to an original image, generating 

an output image of identical dimensions. In the process of morphological operations, the value 

assigned to each pixel in the resulting image is determined by comparing it to its neighboring 

pixels in the input image. Through the careful selection of the size and configuration of this 

neighborhood, it becomes possible to construct a morphological operation that specifically targets 

distinct shapes within the input image. 

The fundamental operators elucidated in this section are tailored for processing two-dimensional 

discrete images (defined on a subset 𝐸 ⊂ 𝑍2). Binary images are defined as subsets of 𝐸, while 

grayscale images are represented as functions 𝑓 : 𝐸 → 𝑇, where 𝑇 comprises the range of gray level 

𝑇 = {𝑡𝑚𝑖𝑛, . . . . , 𝑡𝑚𝑎𝑥}. 
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3.3.4.1. Dilation and Erosion 

To handle border pixels during processing, morphological functions allocate values to these 

undefined pixels as though the functions had expanded the image with extra rows and columns. 

The assigned value for these padded pixels varies depending on whether it's a dilation or erosion 

operation. Many mathematical morphology operators rely on a small "test-set" 𝐵, referred to as a 

structuring element (𝑆𝐸), which can be tailored in terms of size and shape to align with 

segmentation or filtering objectives. 

To compute the morphological erosion of a binary image A, each point 𝑥 is assessed to determine 

if the structuring element, centered at 𝑥, fits entirely within 𝐴. Should this condition hold true, 𝑥 

becomes part of the eroded set 𝜀𝐴. Conversely, dilation can be conceptualized as an erosion of the 

background. 

In the context of gray-level dilation/erosion, the process entails replacing the value 𝑓(𝑥) with the 

maximum/minimum value of f among all the pixels encompassed by the translated structuring 

element  𝐵𝑥: 

[𝜀𝐵(𝑓)](𝑥) = 𝑚𝑖𝑛
𝑏∈𝐵

𝑓(𝑥 + 𝑏)      (3.75) 

[𝛿𝐵(𝑓)](𝑥) = 𝑚𝑎𝑥
𝑏∈𝐵

𝑓(𝑥 + 𝑏)      (3.76) 

3.3.4.2. Opening and Closing 

Morphological operations like openings (𝛾𝐵) and closings (𝜑𝐵) are the repeated execution 

of morphological erosion and morphological: 

𝛾𝐵(⋅) = 𝛿𝐵∗
𝜀𝐵(⋅)       (3.77) 

𝜑𝐵(⋅) = 𝜀𝐵∗
𝛿𝐵(⋅)       (3.78) 

With 𝐵∗ = {−𝑏} the transpose of the structuring element. 

The characteristics of morphological opening and closing of gray image can be perceived by 

considering the image as a topographic structure. The opening operation is used to eliminate 
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brighter attributes without structuring element. In the other side the closing operation eliminates 

the relatively darker attributes without structuring element. 

3.3.4.3. Top-Hat Transform 

The Top-Hat morphological operation is very effective for distinguishing point targets with all 

kinds of background, but it is less useful for tackling the image removal problem with the localized 

target, that is severely corrupted by noise. It is therefore necessary to supply an improved 

morphological Top-Hat filtering algorithm. 

The Structuring Element of the advanced Top-Hat morphological operator is designed as follows: 

design an internal structural element and an external structural element as 𝑆𝐸0(𝑚 × 𝑚), complying 

𝑆𝐸𝑖 ⊂ 𝑆𝐸0. Define Edge Structuring Element as 𝑆𝐸𝐸𝑑𝑔𝑒 = 𝑆𝐸0 − 𝑆𝐸𝑖. Thus, the improved Top-

Hat operation can be defined as in equation (3.81). 

𝑇𝑜𝑝 _ 𝐻 𝑎𝑡𝐼,𝑆𝐸(𝑥) = [{𝐼 − (𝐼𝛩𝑆𝐸𝐸𝑑𝑔𝑒) ⊕ 𝑆𝐸𝑖}. 𝑥]   (3.79) 

Below is a sample pseudocode that demonstrates how to perform a Top Hat Transformation on an 

image by utilizing the opening morphological operation. 

Input: 𝐼 is a binary image with dimensions 𝑀 × 𝑁, and 𝑆𝐸 is a structuring element with dimensions 

𝑚 × 𝑛. 

Output: After applying the Top Hat Transformation, the binary image 𝐽 will have a size of 𝑀 × 𝑁. 

1. Create a function named 𝑇𝑜𝑝_𝐻𝑎𝑡(𝐼, 𝑆𝐸) that utilizes the morphological opening function 

to execute the Top Hat Transformation. 

a. Consider a structuring element (SE) of ‘disk’ shape with a specific size: 

𝑆𝐸 = 𝑠𝑡𝑟𝑒𝑙('disk', size). 

b. Compute the morphological opening operation on the binary input image, 𝐼. 

𝑚𝑜𝑟𝑝ℎ𝑜𝑝𝑒𝑛 = 𝑖𝑚𝑜𝑝𝑒𝑛(𝐼, 𝑆𝐸). 

c. Subtract the 𝑚𝑜𝑟𝑝ℎ𝑜𝑝𝑒𝑛 image from the input binary image, 𝐼 to grt the top hat 

transformed image, 𝐽. 
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𝐽 = 𝐼 − 𝑚𝑜𝑟𝑝ℎ𝑜𝑝𝑒𝑛 

d. Return the resulting top hat image, 𝐽. 

2. End 

3.4.  Feature Extraction 

Retinal feature extraction involves the meticulous analysis and retrieval of pertinent information 

from retinal images, capturing details from structures like blood vessels, the optic disc, macula, 

and other critical components situated at the rear of the eye. These retinal features serve as 

invaluable indicators of ocular health and overall well-being, offering profound insights. 

In the realm of medical applications, retinal feature extraction holds particular significance, 

particularly in the diagnosis and continual monitoring of conditions like diabetic retinopathy, 

macular degeneration, and glaucoma. Employing the tenets of image processing and computer 

vision, this process encompasses the identification and isolation of specific attributes inherent to 

retinal images. Some of the commonly extracted retinal features encompass: 

• Optic Disc Detection: The optic disc, being the entry point of the optic nerve on the retina, 

is pivotal. Its detection and segmentation hold paramount importance in numerous retinal 

analysis tasks, serving as a reference point for gauging other features while facilitating the 

identification of anomalies or disease indications. 

• Blood Vessel Segmentation: Unveiling the intricate network of blood vessels within retinal 

images offers insights into vascular architecture and the identification of irregularities, such 

as vessel tortuosity, thinning, or neovascularization. Blood vessel segmentation 

methodologies differentiate these vessels from the backdrop and other retinal structures. 

• Lesion Detection: Abnormalities like microaneurysms, hemorrhages, exudates, and drusen 

signify the presence or progression of specific diseases. Detecting and quantifying these 

lesions hold pivotal roles in early-stage diagnosis, ongoing disease tracking, and devising 

treatment strategies. 

• Macula Analysis: The macula, housing the fovea responsible for acute central vision, is of 

particular interest. Extracting features linked to the macula, such as foveal thickness, 

illuminates conditions like macular degeneration or macular edema. 
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• Retinal Layer Segmentation: The retina comprises several distinct layers, and segmenting 

these layers facilitates the in-depth analysis of specific retinal structures. For instance, 

segmenting the retinal nerve fiber layer (RNFL) aids in the diagnosis and continual 

assessment of glaucoma. 

The extraction of these retinal features necessitates the employment of a spectrum of machine 

learning and computer vision techniques. Edge detection, region segmentation, morphological 

operations, and feature extraction algorithms are among the array of methodologies utilized. 

Through these techniques, the identification and quantification of specific features come to 

fruition, thereby furnishing ophthalmologists and researchers with indispensable insights into the 

intricacies of retinal diseases. 

Features extraction using parallel convolutional layers 

The primary objective of this investigation centered on devising a Convolutional Neural Network 

(CNN) that would optimize parameters and layers, resulting in a more efficient processing duration 

while retaining the most crucial attributes. These salient characteristics played a pivotal role in 

facilitating the precise identification of Diabetic Retinopathy (DR) levels through an Extreme 

Learning Machine (ELM) model. In the context of CNN, the strategic arrangement of 

convolutional layers (CL) played a critical role in extracting optimal features. Striking a balance 

was crucial; too few CL layers could compromise the capture of discriminative features, while an 

excessive number might lead to model overfitting. The selection of an appropriate number of CL 

layers was paramount for feature extraction. In this specific investigation, six CL layers were opted 

for, ensuring the extraction of prominent features while mitigating overfitting concerns. The 

architecture of the lightweight parallel CNN is illustrated in Fig. 3.4. 

In the lightweight parallel CNN architecture, four CLs were placed concurrently, yielding a 

reduction in parameters and processing time. The parallel execution of these four CLs essentially 

emulated the role of a singular CL, albeit with the potency of four. Each CL was configured with 

a size of 64. The kernel dimensions of the initial, second, third, and fourth CLs were 9 ×  9, 

7 ×  7, 5 ×  5, and 3 ×  3, respectively, with the ReLU activation function being applied. 

Throughout this study, consistent padding was maintained in the first four CLs to account for 

essential border information in the Feature Images (FIs). The outcome of these parallel CL 

operations was concatenated and subsequently introduced into a sequential CNN framework. The 
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last two CLs were sized at 32 and 16, respectively, each employing a 3 ×  3 kernel. The padding 

in the subsequent CLs adopted a "valid" configuration. Batch normalization, activation functions, 

and max-pooling followed each CL. The utilization of 2 ×  2 max-pooling filters enabled the 

capture of pivotal regions within the FIs by isolating the highest values within each region. The 

architecture included two Fully Connected (FC) layers, with feature extraction being carried out 

in the ultimate FC layer. To combat overfitting and expedite training, dropout mechanisms were 

deployed with a probability of 0.5, implemented after the final CL and the initial FC layer. Dropout 

facilitated the reduction of overfitting by randomly deactivating 50% of nodes, thus promoting 

training efficiency. The feature extraction process involved running the CNN model for 50 epochs, 

utilizing a batch size of 64, and adopting a learning rate of 0.001. The ADAM optimizer was 

employed to manage optimization, and the loss function was addressed through sparse categorical 

cross-entropy. 

 

Fig 3.4: The lightweight parallel CNN to extract the features from fundus images 

3.5.  Tortuosity Measurement 

To determine the global tortuosity of a retinal vessel map, we rely on local measurements of 

tortuosity taken from each vessel segment. The local tortuosity is measured using the coordinates 

of each segment, denoted as 𝑆𝑒𝑔(𝑠𝑥, 𝑠𝑦). Our analysis employs a set of twelve methods for 
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quantifying local tortuosity, which can be classified into four groups: those based on distance, 

curvature, angle variation, and number of twists. 

The tortuosity index in distance-based methods is determined by the relationship between the arc 

length(𝐿𝑎𝑟𝑐), representing the actual vessel length, and the chord length (𝐿𝑐𝑟𝑑), which is the 

straight line connecting the two end-points of a vessel segment. Equations (3.96), (3.97), and (3.98) 

are used to calculate 𝐿𝑎𝑟𝑐, 𝐿𝑐𝑟𝑑, and the tortuosity index 𝐿𝑎𝑟𝑐/𝐿𝑐𝑟𝑑, based on the number of points 

in a vessel segment (𝑛). The calculation of vessel length is influenced by the number of sampling 

points used to represent the vessel segment coordinates, but this dependence is partially offset by 

the normalization of two length measurements performed at a similar scale against each other. 

𝐿𝑎𝑟𝑐 = ∑ √(𝑠𝑥𝑖+1
− 𝑠𝑥𝑖

)
2

+ (𝑠𝑦𝑖+1
− 𝑠𝑦𝑖

)
2

𝑛−1
𝑖=1     (3.80) 

𝐿𝑐𝑟𝑑 = √(𝑠𝑥𝑛
− 𝑠𝑥𝑖

)
2

+ (𝑠𝑦𝑛
− 𝑠𝑦𝑖

)
2

     (3.81) 

𝐿𝑎𝑟𝑐

𝐿𝑐𝑟𝑑
=

𝐿𝑎𝑟𝑐(𝑆𝑒𝑔)

𝐿𝑐𝑟𝑑(𝑆𝑒𝑔)
− 1        (3.82) 

3.6.  Statistical Validation 

Statistical validation of retinal image processing techniques involves evaluating the performance 

and accuracy of algorithms or methods used for analysing retinal images. The validation process 

typically includes quantitative assessment and comparison of the results obtained from the image 

processing techniques against reference standards or ground truth. Here are some common 

approaches for statistically validating retinal image processing techniques: 

• Annotated Datasets and Reference Standards: In order to validate the effectiveness of the 

retinal image processing methods, it is imperative to possess a meticulously annotated 

dataset comprising retinal images, accompanied by corresponding reference standards. The 

reference standards might encompass meticulously crafted manual annotations by seasoned 

specialists or a consensus derived from the input of multiple experts. The dataset itself should 

encompass a comprehensive spectrum of retinal pathologies or features under scrutiny. 

• Evaluation Metrics for Performance: The task of gauging the accuracy and efficiency of 

retinal image processing techniques necessitates the establishment of suitable evaluation 

metrics.  Whether it involves detecting lesions, segmenting structures, classifying anomalies, 
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or quantifying retinal parameters, the choice of appropriate metrics is pivotal. The ensuing 

equations present formulas for quantifying these performance metrics: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
  (3.83) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
  (3.84) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
   (3.85) 

The actual positive and negative are the outlook of positive and negative classes with 

corresponding ground truth. On the other side, the positive and negative false data are the 

wrongly predicted positive and negative classes. 

The Kappa coefficient is more orthodox, therefore by removing the chances of occurance 

. 

𝐾𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  
𝑃0−𝑃𝑒

1−𝑃𝑒
    𝑤ℎ𝑒𝑟𝑒   𝑃𝑒 = 𝑃𝑝 + 𝑃𝑛   (3.86) 

𝑃0 = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 

𝑃𝑝 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑠
×

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
  

𝑃𝑛 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑠
×

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
  

The 𝑃𝑝 is the prediction of occurrence in which the positive ground truth data are being 

harmonized to the positively predicted data. Similarly, 𝑃𝑛 is the prediction of negative 

ground truth data that is matched by negatively predicted data. 

• Cross-validation: Employ cross-validation techniques to ensure the robustness of the retinal 

image processing methods. Cross-validation involves splitting the dataset into training and 

testing subsets multiple times, evaluating the algorithm's performance on each split, and then 

aggregating the results. K-fold and leave one out cross validation methods are commonly 

used. 

• Comparison with Existing Methods: Compare the performance of the proposed retinal image 

processing technique against existing methods or state-of-the-art approaches. This step helps 
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assess whether the new technique offers improved results or provides a comparable 

performance with lower computational complexity or other advantages. 

• Receiver Operating Characteristic (ROC) analysis: ROC analysis is a statistical technique 

commonly used to assess and evaluate the performance of binary classification models or 

diagnostic tests. It provides a comprehensive evaluation of the trade-off between sensitivity 

and specificity at various classification thresholds. 

ROC analysis is particularly useful in situations where the classification outcome is 

dichotomous, such as in disease diagnosis (e.g., diseased vs. healthy) or event prediction 

(e.g., presence vs. absence of a particular condition). It involves plotting of sensitivity vs (1-

specificity) at differently decided threshold values. 

The step-by-step overview of how ROC analysis is typically conducted: 

1. Collect the data: Gather a dataset consisting of observed outcomes (e.g., disease status) and 

corresponding predictions or scores generated by the classification model or diagnostic test 

being evaluated. 

2. Set the classification threshold: The classification threshold determines the point at which 

the model or test distinguishes between positive and negative cases. By varying the 

threshold, you can examine the impact on sensitivity and specificity. 

3. Calculate true positive rate (sensitivity) and false positive rate (1-specificity): For each 

threshold setting, calculate the proportion of true positives (correctly identified positive 

cases) and false positives (incorrectly identified negative cases) in relation to the actual 

outcomes. 

4. Plot the ROC curve: Create a graphical image in which X-axis defines the false positive rate 

and the y-axis by the true positive rate . Establish the sensitivity and specificity parameters 

obtained at different threshold settings. Each point on the curve represents a specific 

threshold value. 

5. Calculate the area under the ROC curve (AUC): The area under the ROC curve explains the 

overall performance analysis of the model. AUC with 1 defines a perfect classification while 

a non-uniform and random classifications on AUC 0.5.  

ROC analysis allows for visual representation and quantitative assessment of the diagnostic 

accuracy of a model or test. It helps researchers and practitioners make informed decisions about 
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the performance and utility of classification systems in various applications, including retinal 

imaging for disease diagnosis or risk prediction. 

3.7. Conclusion: 

In conclusion, the methodology of retinal image processing represents a crucial and evolving area 

of research with significant applications in ophthalmology and medical imaging. Throughout this 

study, various techniques and algorithms have been explored for the enhancement, segmentation, 

and analysis of retinal images. 

The pre-processing stage plays a fundamental role in improving the quality of retinal images by 

reducing noise, enhancing contrast, and standardizing the images for further analysis. Different 

filtering and transformation methods have been utilized to achieve these goals. 

Segmentation is a pivotal step in retinal image processing, enabling the extraction of essential 

anatomical structures such as blood vessels, optic disc, and macula. Various segmentation 

techniques have been investigated, including thresholding, region-based methods, edge detection, 

and machine learning-based approaches. The choice of segmentation method depends on the 

specific characteristics of the retinal images and the application requirements. 

Following segmentation, feature extraction techniques have been employed to quantify relevant 

morphological and textural features from retinal structures. These features aid in the 

characterization of pathological conditions and contribute to the development of diagnostic and 

disease monitoring systems. 

Moreover, machine learning and deep learning algorithms have shown promising results in 

automating the entire retinal image processing pipeline, including segmentation and disease 

classification. These data-driven approaches have the potential to enhance the accuracy and 

efficiency of retinal image analysis significantly. 

Overall, the methodology of retinal image processing is a multidisciplinary field that brings 

together image processing, computer vision, and machine learning techniques to facilitate early 

detection, diagnosis, and treatment of retinal diseases. As technology continues to advance and 

new algorithms emerge, it is anticipated that retinal image processing will continue to progress, 

contributing to improved clinical decision-making and better patient outcomes. However, it is 
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crucial to address the challenges of large-scale validation, dataset diversity, and interpretability to 

ensure the robustness and clinical adoption of these techniques in the future. 
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Chapter IV

Automatic Detection and Segmentation of Optic

Disc (ADSO) of Retinal Fundus Images Based on

Mathematical Morphology

The key objective of the image processing algorithm in the medical domain is to build a

mathematical algorithm that helps to quantify and visualize the anatomical and

pathological features. Hyperglycemia is a disease that destroys the retina occurs due to

fluid leakage from blood vessels into the retinal area of the human eye. Accurate

identification of the optic disc in retinal fundus images, along with a quantitative analysis

of its shape and size, is crucial for diagnosing various retinal pathologies. Abnormalities

in the optic disc often led to structural changes in its inner and outer regions. However,

optic disc identification and segmentation at the level of the entire retinal image can

reduce detection sensitivity in certain areas.

In this research, an advanced hierarchical classification-based method for optic disc

detection and segmentation is proposed. The perfectly predicted perimeters of the optic

nerve head is identified by calculating and incorporating an adaptive thresholding

technique based on innovative morphological transformations. This approach reduces the

processing area required for segmentation techniques, resulting in significant

performance improvements and lower computational costs per retinal fundus image. The

proposed method has been evaluated on publicly available retinal image datasets,

including DIARETDB1, DRIVE, HRF, DRIONS-DB, IDRiD, and STARE,

demonstrating notable improvements in accuracy and processing time compared to

existing techniques.
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4.1. Introduction

The retinal optic disk, also referred to as the optic nerve head, is a circular area on the retina where

the optic nerve exits the eye. It has a whitish appearance and lacks photoreceptor cells, making it

insensitive to light. The optic disk is essential for transmitting visual information from the eye to

the brain. Various conditions and diseases can impact the health and function of the retinal optic

disk. Some examples include:

 Glaucoma: A group of eye diseases characterized by optic nerve damage, often linked to

increased intraocular pressure. Glaucoma can affect the optic disk, leading to the loss of

nerve fibers, thinning of the rim tissue, and enlargement of the optic cup.

 Optic Disk Drusen: This condition involves the accumulation of calcified deposits within

the optic disk. Although typically benign, it can cause visual field defects and may

sometimes compress the optic nerve, leading to vision issues.

 Papilledema: This refers to swelling of the optic disk due to increased intracranial pressure,

which can result from conditions like brain tumors, intracranial hemorrhage, or elevated

cerebrospinal fluid pressure. Without treatment, papilledema can lead to vision loss.

 Optic Atrophy: This condition involves the degeneration or loss of nerve fibers in the optic

nerve, resulting in a thinning of the retinal nerve fiber layer. Optic atrophy causes the optic

disk to appear pale and can lead to vision impairment.

According to [322-324], more than 382 million people worldwide aged 40 to 59 suffer from

diabetes. India, China, and the USA are among the countries with the highest numbers of cases.

Screening such a large population requires a significant number of ophthalmologists, making it

highly beneficial to develop an automatic diabetic retinopathy detection algorithm to assist them.

Image processing plays a crucial role in detecting and analyzing the retinal optic disk, which is

important for several reasons:

 Optic Nerve Head Identification: The retinal optic disk is the point where the optic nerve

exits the eye. Accurate detection and identification of the optic disk allow healthcare

professionals to evaluate the health and integrity of the optic nerve. Abnormalities in this

area can signal underlying eye conditions or systemic diseases that impact the optic nerve.
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 Diagnosis and Management of Eye Diseases: Various eye diseases, such as glaucoma,

optic neuritis, and papilledema, can affect the optic disk. Early detection and analysis of

the optic disk are crucial for diagnosing and managing these conditions effectively.

Changes in the optic disk’s appearance can provide critical information on the presence,

severity, and progression of eye diseases.

 Glaucoma Monitoring: Glaucoma, a leading cause of irreversible blindness, often damages

the optic nerve and alters the optic disk. Regular monitoring and evaluation of the optic

disk are vital for tracking glaucoma progression, assessing treatment effectiveness, and

making informed management decisions.

 Screening for Systemic Diseases: The optic disk’s appearance can offer insights into

systemic conditions that may impact the optic nerve, such as hypertension, diabetes, and

multiple sclerosis. Detecting and analyzing changes in the optic disk can serve as an initial

screening tool for identifying these systemic diseases, leading to timely referrals for further

evaluation and management.

 Baseline for Future Comparisons: Documenting the optic disk’s characteristics establishes

a baseline for future assessments. This reference point allows for the evaluation of changes

in disk morphology over time, which is invaluable for monitoring disease progression,

assessing treatment outcomes, and detecting subtle changes that may necessitate

intervention.

 Research and Population Studies: The detection and analysis of the optic disk are critical

in research focused on the epidemiology, risk factors, and natural history of various eye

diseases. Large-scale population studies using retinal imaging often depend on precise

optic disk evaluation to gather data, validate findings, and enhance our understanding of

ocular and systemic health.

In summary, identifying the retinal optic disk is vital for diagnosing and managing eye diseases,

monitoring disease progression, detecting systemic conditions, and supporting research and

population health studies. This enables healthcare professionals to make informed clinical

decisions, provide appropriate treatments, and promote early interventions for improved patient

outcomes. Fig. 4.1 displays a retinal fundus image where the optic disk is marked with a circular

shape.
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Fig 4.1: Retinal fundus image with optic disk marking

The presence of blood vessels within and around the optic disc, irregular disc shape, pathological

features, uneven illumination, and image noise can hinder accurate segmentation of the optic disc.

This research introduces a novel optic disc segmentation technique that effectively addresses these

challenges without relying on prior information, templates, or vessel maps.

A new supervised method for optic disc identification and segmentation is proposed, which is

robust against variations in illumination and retinal abnormalities. Although the optic disc is

typically the brightest area in a retinal image, its brightness is not uniform across the entire region.

Accurately detecting the optic disc boundary requires identifying all the bright regions within the

optic disc. To achieve this, a four-step approach is employed:

 Data Collection and Conversion: Retinal images from various publicly available datasets

are collected and converted to the red plane to enhance the brightness of the image's bright

regions.

 Image Enhancement: Various techniques, including image calibration, registration,

optimization, transformation, and filtering, are applied to enhance the image.

 Identifying Bright Regions: Bright areas near major blood vessels are identified using

thresholding techniques followed by morphological reconstruction. A region-based

classification is then performed to retain only the probable optic disc (OD) regions among

all detected bright areas.
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 Image Analysis: The optic disc portion is isolated by cropping the region of interest (ROI),

and the segmented OD is compared with ground truth data to validate the results obtained

by the proposed algorithm.

A flowchart illustrating these steps for OD detection is presented in Fig. 4.2.

Fig 4.2: Block diagram of the proposed method for optic disc detection and segmentation from

retinal fundus images, incorporating red plane conversion, CLAHE-based image enhancement,

region-based classification, and morphology-based segmentation operations.

For the performance evaluation of optic disc identification and segmentation, the optic disc

boundaries in retinal images are manually annotated using GIMP software. The proposed

algorithm for optic disc identification and segmentation is tested on fundus images obtained from

a publicly available dataset.

4.2. Results and Discussion

In this section of the research, the experimental results obtained using the proposed method have

been examined and discussed. The system in question was developed and tested using MATLAB

2018a software, with the assistance of the image processing toolbox.

The proposed ADSO method for detecting and segmenting optic disks was rigorously tested on

standard diabetic retinopathy datasets, including DRIVE, STARE, HRF, IDRiD, CHASEDB1,

DAIRETDB1, and DRIONS-DB. Initially, the input RGB fundus image is converted into its red

component and then enhanced using the CLAHE technique, as described in equations [3.48 - 3.55]
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in Chapter 3. From the enhanced image, the brighter and larger region is identified as the optic

disk and segmented using region-based K-Mean clustering, multi-level thresholding, and various

morphological operations, as detailed in equations [3.87 – 3.95]. The success or failure of optic

disk detection is based on human visual observation. To validate the results of optic disk

localization, ophthalmologists manually categorized the optic disks in each image, with these

manually separated optic disks serving as the ground truth dataset. A step-by-step depiction of the

detection and segmentation process is provided in Fig. 4.3, while the detection results for different

datasets are shown in Fig. 4.4.

Fig 4.3: OD detection and segmentation steps; (a) Input fundus image, (b) red component of input,

(c) OD detection, (d) OD cropping, (d1) histogram of figure (d), (e1) equalized histogram of figure

(e), (e) OD enhancement, (f) OD segmentation
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Fig 4.4: Optic Disc Identification and selection of AOI: (a) Input fundus images, (b) red

components of inputs, (c) OD identification by marking, (d) OD cropping

The performance analysis of the proposed method for optic disc detection, compared to results

from various authors, is presented in Table 4.1. This comparison clearly shows that the proposed

method exceeds the performance of the existing approaches. The table reveals that the success

rates of the other algorithms range from 64.1% to 98.77%, while the proposed ADSO method

achieves a success rate of 99.9%.
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Table 4.1: Performance comparison of the proposed ADSO method to detect OD with other
existing methods

Algorithm Dataset
Total number of

samples taken
Success rate (%)

Muhammad Abdullah et al. [325] STARE 81 64.10

Park et al. [326] DRIVE 35 90.25

Niemeijer et al.[327] DRIVE 40 89.00

Manish Kumar Aggarwal et al. [328]
DRIVE 40 95.00

DIARETDB1 89 98.80

Foracchia et al. [329] STARE 81 97.50

Mahfouz et al. [330]
DIARETDB1 89 97.80

STARE 81 92.60

Youssif et al. [331] STARE 81 98.77

ADSO

DRIONS-DB 110 99.83

DRIVE 40 99.61

STARE 81 99.10

IDRiD 597 93.43

DIARETDB1 89 98.92

HRF 15 99.28

DRIONS-DB 110 99.83

Figure 4.5 displays the segmented results of the optic disc for various databases using the proposed

technique. Column (a) presents the input RGB fundus images from different datasets, column (b)

shows the identified and cropped optic disc, and column (c) illustrates the segmented results for

the corresponding dataset.
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Fig 4.5: OD segmentation results for different datasets: (a) Input fundus image, (b) OD

identification, (c) OD segmentation

The manual optic disks are gathered from the supplied dataset. The segmented outcomes produced

by the ADSO method are compared based on overlapping pixel areas. These results are validated

through sensitivity, accuracy, specificity, and overlap ratio measurements. The sensitivity,

specificity, accuracy, and overlap ratio for the results obtained using the proposed ADSO method

are calculated using the following simple mathematical expressions.

{
ᵄ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ� =  

ᵃ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵃ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵃ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ∑

ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵆ� =  

ᵃ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵅ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵄ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵃ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ∑

ᵃ�ᵅ�ᵅ�ᵆ�ᵅ�ᵄ�ᵅ�ᵆ� =  

ᵃ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵅ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵄ�ᵅ�ᵆ�ᵄ�ᵅ� ᵅ�ᵆ�ᵅ�ᵄ�ᵅ�ᵅ� ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ

ᵄ�ᵆ�ᵅ�ᵅ�ᵅ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵄ�ᵄ�ᵆ�ᵅ�ᵅ� =  ᵃ�ᵄ�ᵃ�ᵃ� ∩ ᵄ�ᵄ�ᵃ�ᵃ�

ᵃ�ᵄ�ᵃ�ᵃ� ∪ ᵄ�ᵄ�ᵃ�ᵃ�
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ᵆ�ℎᵅ�ᵅ�ᵅ� ,  { ᵃ�ᵄ�ᵃ�ᵃ� = ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵆ�ᵅ�ᵅ�ᵄ�ᵅ�ᵆ� ᵆ�ᵅ�ᵅ�ᵅ� ᵆ�ℎᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ

ᵄ�ᵄ�ᵃ�ᵃ� = ᵄ�ᵅ�ᵆ�ᵆ�ᵅ�ᵆ�ᵄ�ᵅ�ᵆ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵆ�ᵅ�ᵅ�ᵄ�ᵅ�ᵆ�

To achieve optimal segmentation results, various morphological operations such as dilation,

erosion, opening, and closing are applied based on specific needs. These operations utilize a

structuring element, which is a user-defined matrix that determines how each pixel in the processed

image is classified and processed by defining its neighborhood. Changes in the structuring element

impact the quality of the output results and the performance metrics. Fig. 4.6(a), 4.6(b), 4.6(c),

and 4.6(d) illustrate the performance analysis of sensitivity, specificity, accuracy, and overlap ratio

in relation to the structuring element across different datasets. The analysis indicates that altering

the structuring element parameters affects sensitivity and other evaluated metrics. This highlights

a key aspect of the ADSO method: effective control over optic disk parameters can be achieved by

adjusting the structuring element.

Fig 4.6(a): Sensitivity graph of different database used with respect to different Structuring

Elements
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Fig 4.6(b): Specificity graph of different database used with respect to different Structuring

Elements

Fig 4.6(c): Accuracy graph of different database used with respect to different Structuring

Elements
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Fig 4.6(d): Overlapping ratio graph of different database used with respect to different Structuring

Elements

4.3.Conclusion:

To summarize, image processing techniques have shown significant effectiveness in detecting the

retinal optic disk. Various authors have proposed different methods and algorithms, and

comparisons indicate that the ADSO method surpasses other approaches. The ADSO method

achieves an exceptionally high success rate of 99.9% in optic disk detection. These results

underscore the potential of image processing to enhance both the accuracy and efficiency of retinal

optic disk detection, which is crucial for diagnosing and treating eye conditions. Continued

research and development in this field are essential to further improve detection capabilities and

broaden the applications of image processing in ophthalmology.



ASBV

97 | P a g e 

Chapter V

Automatic Segmentation of Blood Vessels (ASBV)

Of Retinal Fundus Images Using CLAHE And

Multilevel Thresholding Based on Harmony Search

The main objective in the field of medical image processing is to develop computational

tools that aid in the quantification and visualization of important pathologies and

anatomical structures. Diabetic retinopathy, a condition marked by retinal damage due to

fluid leakage from blood vessels into the retina, is one such pathology. Accurately detecting

blood vessels in retinal fundus images and analyzing their shape and size over time are

essential for diagnosing various retinal abnormalities. Many of these abnormalities are

linked to changes in the structure of blood vessels. Segmenting blood vessels across the

entire retinal image can reduce sensitivity in specific areas. In this study, an advanced

algorithm combining CLAHE (Contrast Limited Adaptive Histogram Equalization) and

multilevel thresholding using harmony search has been proposed for the detection and

segmentation of blood vessels. This approach significantly reduces the computational cost

and processing area required for each fundus image, thereby enhancing the segmentation

method's performance. The proposed technique was tested on publicly available retinal

image datasets, including CHASEDB1, DRIVE, HRF, and STARE, and showed

significant improvements in both accuracy and processing time compared to existing

methods.
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5.1. Introduction

Diabetes is associated with various serious complications affecting human organs, including heart

failure, complete vision loss, and different types of strokes. It also increases the likelihood of

eye-related issues such as glaucoma and cataracts. However, the most significant risk to vision in

diabetic patients is due to the impact of diabetes on the retinal system, leading to a condition called

diabetic retinopathy, which can result in complete vision loss.

Ophthalmologists diagnose several eye diseases by analyzing retinal images captured using a

fundus camera with various settings. The analysis of these images involves identifying and

extracting multiple retinal anatomical structures that are closely linked to the disease. Examples of

these structures are shown in Fig. 5.1, highlighting target features for different segmentation

techniques such as the retinal optic disc, optic cup, vessels, fovea, exudates, and hemorrhages.

Fig 5.1: Different features of retinal images of the human eye related to diabetics [357].

This research focuses on examining how diabetes affects the retinal blood vessels in the human

eye. Changes in the diameter of these vessels occur due to fluctuations in blood pressure, which

are linked to blood sugar levels. Typically, in retinal images, the optic disc—the point where blood

vessels converge—is the brightest area. Identifying the optic disc is crucial for mapping the blood

vessels.
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Over 382 million people between the ages of 40 and 59 suffer from diabetes [337-339], with India,

the USA, and China having the highest prevalence. Given the large number of individuals

requiring screening, there's a significant need for ophthalmologists. Therefore, developing an

automated algorithm to detect diabetic retinopathy is essential. This study introduces an advanced

technique for the rapid and precise segmentation of retinal vessels, utilizing specialized filtering,

Contrast Limited Adaptive Histogram Equalization (CLAHE), and a multilevel thresholding

method based on harmony search.

The process begins with identifying and segmenting the optic disc from the fundus image. The red

channel of the input image is used because it highlights the brighter regions more clearly. Special

filters are employed to eliminate unwanted frequency components and enhance the desired ones.

The histogram of the red channel provides various intensity characteristics, with the brightest

intensity areas generally corresponding to the optic disc. Morphological techniques are then used

to segment the optic disc. Following this, the image is enhanced to better reveal the blood vessels.

CLAHE with various clip limits is applied to achieve optimal enhancement. Finally, multilevel

thresholding using harmony search is implemented to segment the vessel structure. Experimental

results indicate that the proposed technique improves image contrast, illumination, and

performance metrics while being computationally efficient.

In this research, a new supervised method for vessel segmentation is proposed to detect retinal

abnormalities. While the optic disc is the brightest area in the retinal image, not every part of it is

equally illuminated. Efficient detection of the optic disc boundary requires identifying the brightest

regions. A six-step approach is proposed in this chapter to achieve this. The first stage involves

collecting retinal images from publicly available sources. In the second stage, filtering and

enhancement techniques are applied to the images, with median filtering playing a crucial role in

noise reduction. CLAHE is then used to enhance the vessels [equations 3.48-3.55]. In the third

stage, morphological opening and Top-Hat operations are performed [equations 3.91-3.95]. The

fourth stage applies multilevel thresholding using harmony search to detect the major blood vessels

[equation 3.87]. The fifth stage involves morphology-based operations to identify specific edges

and shapes in the image, and the final stage involves analyzing the image to detect segmented

vessels. The proposed block diagram of the Automatic Segmentation of Blood Vessels (ASBV)

method is shown in Figure 5.2.
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Fig 5.2: Proposed system architecture of the ASBV method, showing green component extraction,

preprocessing, top-hat transform, multilevel thresholding, and morphological operations for retinal

vessel segmentation.

In this context, a true positive (TP) refers to correctly identifying a vessel pixel as a vessel pixel,

while a true negative (TN) refers to correctly identifying a non-vessel pixel as a non-vessel pixel.

Conversely, a false positive (FP) occurs when an out of the vessel pixel is measured incorrectly as

an inside vessel pixel and the vice versa is the false negative (FN).

The sensitivity, specificity, accuracy, and overlap ratio for the output results obtained using the

proposed method have been calculated using the following straightforward mathematical

expressions:

ᵄ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ� =  

ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵅ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ∑

ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵆ� =  

ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵅ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵄ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵄ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ∑
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ᵃ�ᵅ�ᵅ�ᵆ�ᵅ�ᵄ�ᵅ�ᵆ� =  

ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ� ᵅ�ᵅ�ᵄ�ᵆ�ᵆ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�∑
ᵆ�ᵅ�ᵆ�ᵄ�ᵅ� ᵅ�ᵆ�ᵅ�ᵄ�ᵅ�ᵅ� ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ� ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ

ᵄ�ᵆ�ᵅ�ᵅ�ᵅ�ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� ᵄ�ᵄ�ᵆ�ᵅ�ᵅ� =  ᵃ�ᵄ�ᵃ�ᵃ� ∩ ᵄ�ᵄ�ᵃ�ᵃ�

ᵃ�ᵄ�ᵃ�ᵃ� ∪ ᵄ�ᵄ�ᵃ�ᵃ�

ᵆ�ℎᵅ�ᵅ�ᵅ� ,  ᵃ�ᵄ�ᵃ�ᵃ� = ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ᵃ�ᵅ�ᵆ�ᵅ� ᵃ�ᵅ�ᵆ�ᵅ�ᵅ�ᵄ�ᵅ�ᵆ� ᵅ�ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵆ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ�ℎ

ᵄ�ᵄ�ᵃ�ᵃ� = ᵄ�ᵅ�ᵆ�ᵆ�ᵅ�ᵆ�ᵄ�ᵅ�ᵆ� ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ᵃ�ᵅ�ᵆ�ᵅ� ᵃ�ᵅ�ᵆ�ᵅ�ᵅ�ᵄ�ᵅ�ᵆ�

The Area Under the Curve (AUC) represents the area beneath the receiver operating

characteristic (ROC) curve, which illustrates segmentation performance based on both specificity

and sensitivity. In this study, the AUC was calculated using the following formula:

ᵃ�ᵄ�ᵃ� =  
ᵄ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ� + ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵆ�

2

It's important to note that an AUC value of 0.50 or lower indicates that the segmentation is not

very useful, as it is equivalent to random guessing. On the other hand, an AUC value of 1.0

indicates that the segmentation algorithm is capable of perfectly segmenting every pixel.

5.2. Results and Discussion

In this section of the research, the experimental outcomes obtained using the proposed method

have been examined and discussed. The system described was developed and tested using

MATLAB 2018a, with support from the image processing toolbox.

The proposed method for segmenting vessel structures has been rigorously tested on various

publicly available databases. The success or failure of vessel structure detection is determined

through visual inspection by the human eye. To validate the results, ophthalmologists manually

categorized the vessels in each image, and this manually separated vessel structure is considered

the ground truth dataset. The proposed method was then employed to automatically detect the

vessel structures, and the results were validated by comparing them with the ground truth data.
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Fig 5.3: Result shows the contrast limited adaptive histogram equalization on DRIVE data

(04_test.tif)

To automatically identify the vessel structure, a series of pre-processing steps were applied to

enhance the fundus image of the human eye. Initially, the green channel of the input RGB fundus

image was selected, as it provides the optimal contrast for visualizing blood vessels (darker vessels

against a brighter background). Following this, a 3 × 3 median filter was used to eliminate noise,

such as salt-and-pepper noise. Lastly, the image underwent additional enhancement using the

Contrast Limited Adaptive Histogram Equalization (CLAHE) technique. The results of applying

CLAHE with different limits are presented in Figure 5.3, using image data from the DRIVE

dataset.

Fig 5.4: Result shows morphological Top-hat transformation of DRIVE (04_test.tif)
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In the post-processing phase, the results enhanced by CLAHE were further refined using the

morphological top-hat transform technique, aided by structuring elements, to extract fine details

from the input images. This is illustrated in Figure 5.4.

For multilevel thresholding, harmony search was employed to determine the optimal five intensity

levels of the top-hat transformed image, with the results displayed across different thresholds. The

fitness graph, which compares gray levels with probability, is shown in Figure 5.5. Subsequently,

morphological dilation and erosion were applied to eliminate unwanted variables, followed by

morphological closing to achieve the final result. Each step of the multilevel thresholding process

on the DRIVE dataset is depicted in Figure 5.6.

Fig 5.5: The result shows the fitness graph of multilevel thresholding comparing the gray levels

with probability values
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Fig 5.6: Result shows the outputs of DRIVE_04_test.tif: (a) input retinal fundus image (RGB), (b)

Green components of the RGB image of retina, (c) result after using contrast limited adaptive

histogram equalization technique with the limit 0.1, (d) morphological Top hat, (e) Multilevel

thresholding using harmony search, (e1) Threshold limit of multilevel thresholding, (f) segmented

vessels.

The results of the segmentation, compared to the corresponding ground truth data from the

different datasets mentioned, are presented in Figure 5.7. This comparison reveals an accuracy of

98.22%, with sensitivity, specificity, and overlap ratios of 98.99%, 96.52%, and 97.96%,

respectively.



ASBV

105 | P a g e 

Fig 5.7: Result shows the images of segmented vessels (a) ground truth result, (b) automatic

segmented result using the proposed method.

Table 5.1 presents the performance analysis of the proposed technique in comparison to existing

methods. According to the table, the sensitivity for the other methods ranges from 70% to 83.47%,

which is significantly lower than the sensitivity achieved with the proposed ASBV technique.

Additionally, the specificity and accuracy for these methods vary from 94.2% to 98.5% and

93.53% to 96.1%, respectively. The results in Table 5.1 highlight the superior performance of the

ASBV technique in terms of sensitivity, specificity, and accuracy.

Table 5.1: The performance analysis result of the proposed technique with comparison to the
previously established methods

Algorithm Dataset
Number of

samples taken

Sensitivity

(%)

Specificity

(%)

Accuracy

(%)

Overlapping

Ratio (%)
AUC

Saeid Fazli

et al. [340]
DRIVE 40 - - 93.53 - -

Zhun Fan

et al. [341]

DRIVE 20 71.9 98.5 96.1 - -

STARE 20 70 97.9 95.9 - -

Ming Li et

al. [341]

DRIVE 40 83.47 97.96 95.10 - 97.92

STARE 20 82.31 97.82 95.60 - 97.43

Yitian

Zhao et al

DRIVE 40 77.4 97.9 95.8 - 97.5

STARE 20 78.8 97.6 95.7 - 95.9



ASBV

106 | P a g e 

[343] HRF 45 74.9 94.2 94.1 - 97.1

ASBV

DRIVE 40 99.63 96.69 97.00 98.73 98.16

STARE 81 98.53 96.45 97.33 98.07 97.49

HRF 15 99.71 97.62 98.22 98.79 98.66

CHASE

DB1
28 98.47 95.31 98.11 96.28 96.89

5.3. Conclusion

Detecting retinal vessels through image processing is an effective method for analysing retinal

images and extracting crucial information about the blood vessels in the retina. Using advanced

image processing algorithms, it's possible to automatically segment and identify these vessels,

which supports the diagnosis, monitoring, and treatment of various retinal conditions.

Typically, retinal vessel detection involves initial pre-processing steps such as enhancing the

image, reducing noise, and adjusting contrast to improve image quality. Subsequently,

segmentation techniques like thresholding, region growing, or model-based methods are applied

to distinguish the blood vessels from the background and other retinal structures.

Once the retinal vessels have been segmented, it is possible to analyse various features including

vessel width, length, tortuosity, branching patterns, and vessel density. These features provide

critical insights into retinal health and are useful for detecting and analysing conditions like

diabetic retinopathy, glaucoma, and hypertension.

The use of image processing for retinal vessel detection offers several benefits. It provides a non-

invasive, cost-effective approach to assessing retinal health, enabling early disease detection and

ongoing monitoring. This method also aids ophthalmologists in making precise diagnoses and

treatment decisions, as well as tracking disease progression over time. Additionally, automated

vessel detection reduces the time and effort needed for manual image analysis.

However, it is important to recognize that retinal vessel detection algorithms can face limitations

and challenges. The accuracy of these algorithms may be impacted by factors such as image

quality, variability in vessel appearance, presence of lesions or pathologies, and image artifacts.

Therefore, thorough validation and optimization of the algorithms are essential to ensure reliable

results.



PSO-HRVSO

107 | P a g e 

Chapter VI

PSO-HRVSO: Segmentation of Retinal Vessels 

through Homomorphic Filtering Enhanced by

PSO Optimization

The methodology PSO-HRVSO comprises three key stages: pre-processing, main processing, and post-

processing. In the initial stage, filters are employed for image smoothing and enhancement, leveraging

PSO optimization. The main processing phase is bifurcated into two configurations. Initially, thick

vessels are segmented utilizing an optimized top-hat approach, homomorphic filtering, and a median

filter. Subsequently, the second configuration targets thin vessel segmentation, employing the optimized

top-hat method, homomorphic filtering, and matched filter. Lastly, morphological image operations are

conducted during the post-processing stage. 

The PSO-HRVSO method underwent evaluation using two publicly accessible databases (DRIVE and

STARE), measuring performance across three key metrics: specificity, sensitivity, and accuracy.

Analysis of the outcomes revealed averages of 0.9891, 0.8577, and 0.0.9852 for the DRIVE dataset,

and 0.9868, 0.8576, and 0.9831 for the STARE dataset, respectively. The PSO-HRVSO technique yields

numerical results that demonstrate competitive average values when compared to current methods.

Moreover, it surpasses all leading unsupervised methods in terms of specificity and accuracy.

Additionally, it outperforms the majority of state-of-the-art supervised methods without 

incurring the computational costs associated with such algorithms. Detailed visual analysis reveals that

the PSO-HRVSO approach enables a more precise segmentation of thin vessels compared to alternative

procedures.
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6.1. Introduction

The examination of the eye fundus is extensively utilized by ophthalmologists and other medical

practitioners as a standard clinical procedure for preventing, diagnosing, and monitoring the

treatment of various ocular conditions including retinal thrombosis, glaucoma, and senile

maculopathy, among others. This examination involves a color imaging method of the retinal

surface of the human eye, enabling the observation of key anatomical features such as the optic

disc, macula, and vascular tree.

The segmentation of the retinal vascular tree holds significant importance in the realm of medical

imaging because the retina offers a unique avenue to observe blood microcirculation non-

invasively, allowing for the detection of various systemic diseases such as hypertension, diabetes,

arteriosclerosis, and liver diseases, among others. By delineating the retinal vessels, valuable

morphological data including size, length, width, branching patterns, and angles of the retinal

vasculature can be quantified. However, manually performing this segmentation is a laborious

process that demands expertise and experience from medical professionals. Moreover,

inconsistencies may arise due to subjective interpretations, as experts might employ different

criteria for pixel classification.

Hence, it is imperative to advance and implement automated techniques for robust vessel

extraction in Computer-Aided Diagnosis to facilitate early detection and assessment of disorders,

aiming to mitigate medical expenses and enhance efficiency. Nonetheless, segmentation

encounters numerous hurdles. The foremost challenge emanates from the presence of various

optical components in the eye fundus, including the optic disk, macula, and artifacts generated by

pathologies, impeding the automated segmentation of vessels. The second challenge stems from

the variability in vessel width and the subdued contrast of thin vessels against the background.

Lastly, the third challenge arises from the diversity in shape, size, and intensity of vessel pixels,

complicating accurate segmentation.

In recent decades, numerous techniques have emerged for automatically segmenting retinal vessels

using fundus examination, garnering considerable attention from the scientific community due to

their increasingly accurate outcomes. These methods are typically categorized as supervised or

unsupervised. Supervised methods involve training a classifier with a dataset (training set) to

differentiate between vessel and non-vessel pixels, further classified into machine learning and
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deep learning algorithms. Machine learning approaches typically involve feature

extraction,selection, and classification stages, with various feature extractors and classifiers PSO-

HRVSO for medical image classification, including bag-of-visual-words, Gaussian filter, and

Gabor filter, along with classifiers like K-Nearest Neighbors (K-NN), Random Forest, Support

Vector Machine (SVM), and Artificial Neural Networks (ANN).

Deep learning techniques offer an advantage over traditional methods by automatically extracting

features from raw data, eliminating the need for handcrafted features [34,32]. While supervised

methods yield satisfactory results for healthy retinal vessel extraction, a notable limitation is the

necessity for ground-truth images, which can be challenging to obtain. Additionally, both machine

learning and deep learning algorithms demand time-consuming and computationally expensive

training processes to effectively handle new sets of images.

Conversely, unsupervised methods in medical image processing involve image segmentation

without relying on a training dataset. These approaches utilize various image processing

techniques. Initially, the image undergoes enhancement procedures, typically employing

morphological operations, matched filter responses, the complex continuous wavelet transform,

adaptive histogram equalization, and Hessian-based filters among others. Subsequently,

segmentation occurs through multilevel thresholding or region-oriented techniques such as region

growing or active contours. These conventional unsupervised methods heavily rely on manual

feature extraction for image element representation and segmentation. Generally, supervised

methods exhibit higher efficiency and yield superior results. However, unsupervised systems

possess a significant advantage in performing vessel segmentation without prior knowledge of

ground-truth labels, particularly beneficial for datasets lacking pixel-level labeling information.

Additionally, unsupervised methods offer computational efficiency and faster results. Recent

research has utilized both supervised and unsupervised methodologies, demonstrating promising

performance in retinal vessel segmentation. Nevertheless, the challenge of accurately segmenting

thin vessels remains a significant hurdle for optimal performance in existing literature. Thin

vasculature offers crucial information for detecting neovascular diseases, underscoring the

importance of achieving improved vessel segmentation for enhanced detection and diagnosis of

eye diseases.
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This article presents a novel methodology aimed at accurately segmenting retinal vasculature to

tackle prevalent challenges encountered in retinal vessel segmentation from eye fundus images.

The PSO-HRVSO approach comprises three distinct phases: pre-processing, main processing, and

post-processing. During the initial phase, a Gaussian filter is employed to yield a smoothed gray-

scale fundus image, followed by PSO-optimized image enhancement for obtaining an optimized

enhanced fundus image. The main processing phase entails two configurations: the first

configuration targets thick vessel segmentation through a combination of filters (Optimized tophat,

Homomorphic, and Median), whereas the second configuration focuses on thin vessel

segmentation using a similar combination of filters (Optimized top-hat, Homomorphic, and

Matched). Subsequently, morphological image processing is applied during the post-processing

phase. Extensive experiments are conducted on two publicly available databases, DRIVE (51) and

STARE (50), to evaluate the methodology's performance. The results of performance metrics

underscore the method's advantages, demonstrating comparable or superior values in contrast to

many contemporary techniques, which often entail higher computational complexity for retinal

vessel segmentation.

6.2.  Results and Discussion:

This section provides a concise overview of the PSO-HRVSO algorithm, as illustrated in the

flowchart depicted in Fig. 6.1. Key concepts integral to the PSO-HRVSO methodology are outlined

herein. Notably, the eye fundus image exhibits both thick and thin blood vessels, with the latter

often overlooked by previous algorithms. The primary objective of this approach is to effectively

segment thick and thin vessels, resulting in two distinct images. These images are subsequently

merged to produce a final segmentation outcome.
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Fig. 6.1: Proposed PSO-HRVSO method for retinal vessel segmentation, incorporating PSO-based

enhancement, homomorphic filtering, optimized top-hat transform, and matched or median

filtering for refined vessel extraction.

While the green channel of the eye fundus image exhibits commendable vessel-background

contrast compared to the RGB input image, incorporating a noise removal step before subsequent

stages yields positive and productive outcomes. The utilization of the Gaussian smoothing filtering

algorithm proves advantageous for enhancing image structures, including previously contrasted

elements. This filtering technique operates by employing a Gaussian function, rooted in the normal

distribution widely utilized in statistics, to compute the transformation applied to each pixel within

the two-dimensional set. The Gaussian distributed output of the RGB retinal fundus image is

displayed in Fig. 6.2.
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Fig. 6.2:  Shows the Gaussian Distributed results (a) Input RGB, (b) Green Component, (c)

Gaussian Distribution.

PSO enhances images by formulating the process as an optimization problem. Each particle in the

swarm represents a potential solution, defined by a set of enhancement parameters, and the

algorithm iteratively refines these solutions to identify the optimal one. Each particle applies its

parameters to the image and evaluates its performance using a fitness function. Common fitness

metrics include entropy, which quantifies the richness of image details; edge intensity, which

assesses edge sharpness and clarity; PSNR (Peak Signal-to-Noise Ratio), which measures noise

levels and the preservation of original details; and SSIM (Structural Similarity Index), which

compares the structural integrity of the enhanced image with the original. An increase in fitness

value signifies improved enhancement, while a rise in PSNR accompanied by a drop in entropy

may indicate excessive smoothing. Achieving an optimal balance between entropy, edge intensity,

and PSNR is crucial for superior results. The PSO-optimized image demonstrates enhanced

contrast, sharpness, and detail visibility compared to the original. The fitness value serves as an

indicator of enhancement quality, ensuring maximum information retention with minimal

distortion. PSO’s iterative approach guarantees optimal enhancement without the need for manual

parameter adjustments. Fig 6.3 presents the image enhanced using PSO.

Fig 6.3: PSO Optimization: (a) RGB Image, (b) Gaussian Distribution, (c) PSO Enhanced, (d)

Fitness Curve.
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Fig. 6.4(d) and Fig. 6.4(e) illustrate the outcome of employing the PSO-HRVSO optimized top-

hat filter and binarized top hat respectively on the input fundus image depicted in Fig 6.4(a)

whereas Fig. 6.4(b) and Fig. 6.4(c) illustrate the outcome of employing global top-hat optimization

and its binary part. Both Fig. 6.4(b) and Fig. 6.4(d) were generated using a structuring element of

the same shape and size for both opening and closing operations (a disk with a radius of 10 pixels).

A qualitative examination of the images reveals that the PSO-HRVSO optimized top-hat filter

significantly improves the contrast of the vessels compared to the classical top-hat filter, enhancing

both thick and thin vessels.

Fig. 6.4:  Optimized Top-Hat: (a) Input RGB, (b) Conventional Top-Hat, (c) Binary of (b), (d)

Optimized Top-Hat, (e) Binary of (d).

Building upon the methodology described in the preceding section, and considering the finer scale

of thin blood vessels which occupy smaller pixel sizes, a disk-shaped structuring element with

radii of 5 and 25 pixels is PSO-HRVSO for opening and closing operations, respectively. As thin

vessels encompass only a small percentage of the image, their total reflectance component value

is comparatively lower than that of thick vessels. To enhance the visibility of these small white

regions, a ᵰ� value of twenty is utilized to expand the cut-off regions of the filter. This enhancement

improves all white components of the image, including the small vessels, albeit at the expense of

thinning the thick and major veins of the vascular tree. However, this thinning effect will later be

rectified by merging the segmented image of thick veins with the resultant image of subsequent

steps. Fig. 6.5 depicted the vessel's segmented results.
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Fig. 6.5: Vessels Segmentation: (a) Input RGB, (b) Green Component, (c) PSO Optimized, (d)

Segmented Thick Vessels, (e) Segmented Thin Vessels, (f) Combined Vessels.

This section presents the performance outcomes of the PSO-HRVSO method applied to two eye

fundus datasets for retinal vessel segmentation: DRIVE and STARE, both publicly accessible. The

DRIVE dataset comprises 40 images divided into two subsets of 20 elements each, designated as

the training and test sets. All images were captured using a Canon CR5 nonmydriatic 3CCD camera

with a 450 field of view and a spatial resolution of 565 × 584 pixels. Additionally, the DRIVE

image dataset includes manual segmentation conducted and validated by three trained human

observers with medical expertise. The training subset involves the manual segmentation of one set

by a single human observer, while the test subset underwent manual segmentation by two human

observers, offering dual perspectives and establishing ground-truth images for performance

analysis.

On the other hand, the STARE dataset comprises 397 digitized eye fundus images acquired using

a TopCon TVR-50 fundus camera with a 350 field of view and a spatial resolution of 605×700

pixels. Among these images, manual segmentation was performed for only 25 by two observers.

The first observer segmented 11.2% of the entire image pixels as vascular tree pixels, while the

second observer segmented a total of 14.6%. Both datasets encompass healthy and diseased fundus

images, including various vascular abnormalities, diabetic retinopathy, choroidal

neovascularization, and arteriosclerotic retinopathy, among others.

Table 6.1 displays the performance results of applying segmentation metrics from the PSO-

HRVSO methodology to the DRIVE dataset against Observer 1 and Observer 2. The method

achieves a specificity of 0.9882, sensitivity of 0.8542, and average precision of 0.9856 compared

to Observer 1.
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Similarly, against observer 2, the method achieves averages of 0.9891, 0.8577, and 0.9852 for these

metrics, respectively. The maximum specificity values against observers 1 and 2 occur in image

10_test, reaching 0.9957, and in image 20_test, reaching 0.9971, respectively. Conversely, the

minimum specificity values against observers 1 and 2 are 0.9742 and 0.9741, observed in images

01_test and 12_test, respectively.

Table 6.1: Results of the PSO-HRVSO methodology applied to DRIVE dataset

Table 6.2 presents the metrics results of comparing the segmentation performed by the PSO-

HRVSO method with both observers for the STARE dataset. The average sensitivity, specificity,

and accuracy achieved when comparing the segmented image with the ground truth of observer 1
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are 0.8577, 0.9868, and 0.9836, respectively. Similarly, when compared with the ground truth of

observer 2, these metrics are 0.8576, 0.9868, and 0.9831. The highest specificity values against

observers 1 and 2 are 0.9974 in image im0038 and 0.9967 in image im0021, respectively.

Conversely, the lowest specificity values against observers 1 and 2 are 0.9718 in image im0278

and 0.9739 in image im0056.

Table 6.2: Results of the PSO-HRVSO methodology applied to STARE dataset

In Table 6.3, the results obtained are numerically contrasted against contemporary supervised and

unsupervised methods, showcasing the efficiency and computational time across both datasets.
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Notably, the table highlights the highest average values among the three metrics for both

supervised and unsupervised methods, which are denoted in bold. Specifically, in terms of

specificity and accuracy, PSO-HRVSO attains the highest values of 0.9846 and 0.9856,

respectively, whereas sensitivity peaks at 0.9230 with Liskowski et al. [64] for the DRIVE dataset.

Similarly, for the STARE dataset, PSO-HRVSO achieves the highest specificity and accuracy

scores of 0.9868 and 0.9833, while Liskowski et al. [64] secure the highest sensitivity at 0.9207.

Despite not yielding the optimal outcomes, it's noteworthy that the approach is closely comparable

in numerical terms to methods necessitating training processes and ground-truth data, such as

supervised methods, albeit with higher computational expenses.

Table 6.3:  Comparative analysis of outcomes obtained from implementing the PSO-HRVSO
methodology on both the DRIVE and STARE datasets, juxtaposed with state-of-the-art supervised
and unsupervised methods.
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The mean processing times derived for each method as detailed in Table 3 were sourced from

existing literature. Analysis of Table 6.3 reveals that the PSO-HRVSO method demonstrates

shorter processing times compared to both supervised and unsupervised methods based on

performance data. Furthermore, the PSO-HRVSO algorithm demonstrates competitive processing

times compared to both supervised and unsupervised methods. Moreover, it exhibits superior

efficiency values across all three-performance metrics.

6.3.  Conclusion:
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We introduce a novel approach aimed at enhancing the segmentation of the retinal vascular tree in

human eye fundus images. The methodology hinges on a segmentation process divided into two

branches: thin and thick vessel detection. Notably, our method achieves high specificity without

necessitating manual segmentation or resource-intensive training techniques. Comparative

analysis of our method applied to both the DRIVE and STARE datasets reveals its superiority over

existing unsupervised methods in the literature. Particularly, it excels in extracting thin vessels

with greater precision compared to current methodologies.

Central to our framework is the parameter variation of optimized top-hat and homomorphic

filtering stages, tailored to the segmentation results of thin and thick vessels. This adaptive feature

significantly enhances segmentation accuracy and specificity. However, a limitation of our

proposal is its relatively lower sensitivity compared to state-of-the-art values. To address this, we

plan to explore reinforced learning algorithms to optimize the methodology's parameters and

improve sensitivity.

Looking ahead, we aim to integrate this method as a preprocessing step in a robust computer-aided

diagnosis (CAD) system for classifying healthy and unhealthy fundus images based on retinal

vessel segmentation. The crux lies in achieving high-specificity segmentation, minimizing false

positives, and ensuring accurate diagnostic interpretations—an aspect we prioritize in our

proposal's development.
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Chapter VII

Morphological Filter-based Detection of Retinal

AVR and CDR through Blind Deconvolution

and CLAHE Fusion (BDCLF)

Several retinal disorders, including Hypertensive Retinopathy (HR), Glaucoma, Diabetic

Retinopathy (DR), and macular degeneration, can damage the optic nerve and lead to

permanent vision loss. These conditions are often detected through clinical observations,

such as abnormal changes in the diameter of retinal blood vessels and the ratio of the optic

cup to disc diameter (CDR). High blood pressure can cause thinning of retinal vessels and

expansion of the optic cup, altering the normal arteriovenous ratio (AVR) and CDR, which

can damage nerve fibers and result in hemorrhages and cotton wool spots. This paper

proposes an automatic algorithm for segmenting the optic cup, disc, and blood vessels from

pre-processed retinal images. The segmentation uses a ring mask created by overlaying

two circles with the optic disc center and radii of 3ᵃ� / 2 and 1 . 5ᵃ� / 2, where ᵃ� represents

the diameter of the optic disc. The algorithm avoids maximum AV crossings within the

retinal mask to streamline the process. Validation against a manually segmented dataset

showed accuracies of 98.6% and 97.8% for the retinal optic disc and optic cup,

respectively, and 98.55% for retinal vessels. This algorithm has the potential to assist

ophthalmologists in accurately and automatically identifying retinal disorders.
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7.1.Introduction

Glaucoma, the second leading cause of vision loss globally, accounts for about 12% of all

blindness cases and is expected to affect nearly 11 million people with bilateral blindness. The

most common form of glaucoma worldwide is Primary Open-Angle Glaucoma (POAG), which

affects 74% of those diagnosed with the condition. In India, estimates suggest that around 11.2

million people, or about 4.6% of those over 40, suffer from glaucoma. Detecting and managing

this potentially blinding disease is challenging due to the large number of undiagnosed cases.

Hypertension can cause narrowing of blood vessels in the eye, reducing blood flow to the optic

nerve and potentially leading to vision loss. Elevated intraocular pressure in glaucoma can also

damage the optic nerve and impair vision. Research indicates that individuals with hypertension

might be at a higher risk for developing open-angle glaucoma, especially if their hypertension is

severe or poorly managed over time.

Many cases of glaucoma do not present symptoms but can be detected through retinal fundus

imaging. Accurate diagnosis and management in a clinical setting involve assessing changes in

the optic nerve head (ONH), measuring intraocular pressure (IOP), and identifying visual field

defects. Diagnosing typical ONH changes can be difficult due to the optic disk's paleness and

edema. Early signs of high blood pressure may cause retinal arteriolar narrowing, changes at the

arteriolar junction (arteriovenous nicking), and alterations in arteriolar light reflections. Vessel

bending is also noted as a potential risk factor for hypertension and coronary disorders.

Additionally, heart rate measurement is important, as it is strongly linked to an increased long-

term risk of stroke. This work aims to develop a method for detecting potential glaucoma and

hypertension cases in donor eyes by examining the cup-to-disc ratio (CDR) and arteriole-to-venule

ratio (AVR).

7.2.  CDR Measurement

Fig 7.1 presents an organizational chart for CDR measurement. In the RGB color model, each

color is composed of three fundamental additive color components—red, green, and blue. These

components are represented by their intensity functions as follows:

ᵄ�ᵃ�ᵃ�ᵃ�ᵅ�ᵅ� = [ ᵄ�ᵃ� (ᵆ� , ᵆ�) , ᵃ�ᵃ� (ᵆ� , ᵆ�) , ᵃ�ᵃ� (ᵆ� , ᵆ�)] (6.1)



BDCLF

121 | P a g e 

Where ᵄ�ᵃ� (ᵆ� , ᵆ�), ᵃ�ᵃ� (ᵆ� , ᵆ�) and ᵃ�ᵃ� (ᵆ� , ᵆ�)signify the intensities of the pixel (ᵆ� , ᵆ�) in red, green,

and blue channels respectively. For standard RGB space they are as follows:

ᵅ�ᵅ�ᵅ� = (0 . 64
0 . 33) , ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� = (0 . 30

0 . 60) , ᵄ�ᵅ�ᵆ�ᵅ� = (0 . 15
0 . 06) (6.2)

Fig 7.1: Block diagram explaining the CDR Evaluation

If only brightness information is required, color images may be converted to grayscale images 

using the proposed transformation equation 4.3.

ᵃ�ᵃ� = 0 . 333 ᵄ�ᵃ� + 0 . 600 ᵃ�ᵃ� + 0 . 060 ᵃ�ᵃ�

(6.3)

Here, ᵃ�ᵃ�  represents the gray equivalent intensity of the RGB image. The red and green components

of the image ᵄ�ᵃ�ᵃ�ᵃ�ᵅ�ᵅ�  can be quantified using equation 6.3. To classify OD and OC, the red and

green components of the RGB image are analyzed respectively, as illustrated in Fig. 7.2.

To reduce noise and enhance image quality, median filtration and the advanced CLAHE technique

are applied. Additionally, regional classification facilitates the detection of OD and OC.
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Morphological operations, such as dilation, erosion, opening, and closing, are used to segment the

OD and OC features.

Fig 7.2: Random image of HRF dataset represents (a) cropped OD and OC, (b) red channel

marking OD, and (c) green channel marking OC.

7.3. AVR Measurement

The vessel segmentation and AVR calculation process are divided into two stages as illustrated in

Fig. 7.3(a) and Fig. 7.3(b). In the first stage, the vessels in the RGB retinal image are segmented

using an advanced CLAHE technique, followed by Top Hat and various morphological image

processing methods. In the second stage, the optic disk (OD) and its average diameter (D) are

measured, and the overlapping areas between ᵰ� 2(3ᵃ� / 2)  and ᵰ� 2(1 . 5ᵃ� / 2)  are determined.
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Fig 7.3(a): Block diagram representing vessels Detection

Fig 7.3(b): Block diagram representing AVR Calculation.

The segmented vessels within this masked region are then mapped. This mask is used because it

encompasses the area where hypertension most significantly impacts the vessels, simplifying the

complexity of the analysis. In the final step of this stage, arteries and veins are separated to

individually measure their areas. Arteries and veins are distinguished based on the following

criteria [350]:

 Arteries appear brighter than veins.
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 Arteries are generally thinner than nearby veins.

 The central reflex (the luminous reflex within the vessels) is larger in arteries and smaller

in veins.

 Arteries and veins typically alternate near the optical disk before branching.

Fig. 7.4(a) and Fig. 7.4(b) illustrate the marked arteries and veins and the proposed region of

interest. AVR is then calculated based on this area, aiding ophthalmologists in detecting the stages

of hypertensive retinopathy.

Fig 7.4: Random Image cropped from HRF datasets represents (a) marking arteries and veins, and

(b) proposed region of interest (ROI).

The final validation step involves comparing the binary results of automatic and manual

segmentation to determine true positives, false positives, true negatives, and false negatives, as

shown in Fig. 7.5.

Fig 7.5: Block diagram representing the validation of vessel structure.
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Table 7.1 provides details on AVR for normal to accelerated hypertensive retinopathy cases with

various risk factors [344], as well as CDR ranges for normal and affected retinas [343].

Table 7.1: AVR for different stages of Hypertensive Retinopathy [344] and CDR at different stages

[343].

Grading of
HR

AVR Indications
Systematic
Association

CDR

Normal
0.66-0.75
(Approx.)

Normal Normal
0.00-0.60
(Approx.)

Grade 1
(Mild)

0.5
(Approx.)

Arteriolar
narrowing, nicking

of arteries and
veins, the opacity
of arteriolar wall

Weakly associated
with cardiovascular

disorders

>0.60
(Approx.)

Grade 2
(Moderate)

0.33
(Approx.)

Haemorrhages,
hard and soft

exudates.

Heart attack, stroke,
and even

cardiovascular
mortality

>0.60
(Approx.)

Grade 3
(Combined)

0.25
(Approx.)

Haemorrhages,
hard and soft

exudates.

Heart attack, stroke,
and even

cardiovascular
mortality

>0.60
(Approx.)

Grade 4
(Accelerated

HR)

Fine Cords
<0.2

(Approx.)

Optic disk
swelling and
vision loss.

Renal failure and
mortality

>0.60
(Approx.)

7.4.  Results and Discussion:

To assess the performance of the BDCLF technique, a set of 50 fundus retinal images was

randomly selected from HRF, CHASEDB1, DRIVE, and STARE databases. These images were

split into two groups: 25 from normal patients without clinical disorders, and 25 from patients

with clinical abnormalities. For each image, segmentation of the optic cups, optic disks, and vessel

structures was performed, and measurements of optic cup diameter, optic disc diameter, and vessel

width were taken using the automatic process. The Cup-Disc Ratio (CDR) and Artery-Vein Ratio
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(AVR) were calculated and compared with manual data. Fig 7.6 illustrates image enhancement

achieved using the advanced CLAHE and BDCLF techniques.

Fig 7.6: Result shows the image enhancement techniques using CLAHE and BDCLF: (a) Input

RGB Fundus Image, (b) Green Components, (c) Enhancement by CLAHE, and (d) Enhancement

by BDCLF.

Table 7.2 compares quality measures between images enhanced using CLAHE and BDCLF

techniques. BDCLF demonstrates a higher PSNR, indicating better image quality, and shows a

lower MSE compared to CLAHE, resulting in improved image fidelity and accuracy. Additionally,

BDCLF's higher SSIM value suggests minimal distortion in image structure, clearly demonstrating

its superiority over CLAHE in image enhancement.

Table 7.2: Quality measures of BDCLF and CLAHE

Image
MSE ( 2ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ) PSNR(ᵅ�ᵃ�) SSIM

BDCLF CLAHE BDCLF CLAHE BDCLF CLAHE
6(a1) 3151.30 4273.50 15.85 11.82 0.4428 0.3390
6(a2) 5316.20 6322.50 16.63 10.12 0.2760 0.1752
6(a3) 3992.91 5161.00 14.89 11.01 0.3379 0.2365
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6(a4) 1953.30 2737.30 17.43 13.75 0.6469 0.5456
6(a5) 3162.4 4058.3 18.93 12.05 0.4582 0.3480

Fig. 7.7 represents the input RGB fundus images of the macula with segmented results of the optic

disk and optic cup using mentioned morphological techniques.

Fig 7.7: In this figure, (a) represents the input RGB fundus image, (b), (c), (d) and (e) represents

the BDCLF Enhancement, segmented Optic Disk, green components of input image and

segmented Optic Cup respectively.

Table 7.3 compares automatic and manual CDR measurements. BDCLF performs automatic

diameter measurements for the optic disc (OD) and optic cup (OC) in pixels, while manual

measurements are obtained from the dataset. CDR values are calculated for both methods based

on their area ratios, and CDR errors are determined by comparing the manual and automatic values.
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Table 7.3: Result shows the comparison of automatic CDR and manual CDR

Sl.
No.

ᵄ�ᵃ�ᵃ�ᵅ�ᵄ� (ᵄ�ᵅ�ᵆ�ᵅ�ᵅ�) ᵄ�ᵃ�ᵃ�ᵅ�ᵄ� (ᵄ�ᵅ�ᵆ�ᵅ�ᵅ�) CDR ( 2ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� )
ᵃ�ᵃ�ᵄ�ᵃ�ᵅ�ᵅ�ᵅ�ᵅ�

Auto Manual Auto Manual Auto Manual
1 230 234 186 190 0.65 0.66 0.01
2 226 224 194 190 0.74 0.72 -0.02
3 218 223 184 186 0.71 0.70 -0.01
4 226 232 178 184 0.62 0.63 0.01
5 228 224 182 178 0.64 0.63 -0.01
6 203 194 179 175 0.78 0.81 0.04
7 216 230 175 178 0.66 0.60 -0.06
8 224 218 184 175 0.67 0.64 -0.03
9 226 225 128 130 0.32 0.33 -0.01
10 224 225 128 125 0.33 0.31 -0.02

The typical diameter error for both the optic disc and optic cup is around ± 4% . Fig 7.8(a) and

Fig. 7.8(b) display graphs of the correlation between automatically detected and manually

measured diameters for the optic disc and optic cup, respectively.

Fig 7.8(a): This figure represents the comparison of the diameter of the Optic Disk segmented by

using manual and automated processes.
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Fig 7.8(b): This figure represents the comparison of the diameter of the Optic Cup segmented by

using manual and automated processes.

The cup-to-disc ratio (CDR), a key indicator in glaucoma and hypertension detection, is calculated

by measuring the optic cup and disc areas and determining their ratio. Typically, normal patients

have a CDR below 0.6, while those with abnormalities have a CDR above 0.6. Fig 7.9 compares

the error between automated and manual CDR measurements, showing error distribution across

50 sample images. The BDCLF method achieves a maximum CDR error of less than ±4% and an

average mean error of approximately 6.11%, highlighting its superior accuracy in CDR

measurement.
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Fig 7.9: The result shows the error in Cup-Disk Ratio calculated automatically and manually.

Fig 7.10 evaluates the effectiveness of the proposed method by comparing glaucoma detection

results from BDCLF and manual methods. The CDR threshold of 0.60 is used to identify potential

abnormal cases. The proposed method demonstrates an average sensitivity of 95.83%, specificity

of 98.23%, and accuracy of 96.49%.

Fig 7.10: This figure represents the dataset ranging from normal to possible risk factors [343].
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The performance of various classifiers is evaluated using metrics such as accuracy, specificity,

and sensitivity, which are calculated with the following equations.

ᵃ�ᵅ�ᵅ�ᵆ�ᵅ�ᵄ�ᵅ�ᵆ� =
ᵄ�ᵄ� + ᵄ�ᵄ�

ᵄ�ᵄ� + ᵄ�ᵄ� + ᵃ�ᵄ� + ᵃ�ᵄ�

ᵄ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵅ�ᵆ�ᵆ� =
ᵄ�ᵄ�

ᵄ�ᵄ� + ᵃ�ᵄ�

ᵄ�ᵅ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵆ� =
ᵄ�ᵄ�

ᵄ�ᵄ� + ᵃ�ᵄ�

Where, ᵄ�ᵄ�  =  ᵄ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�,    ᵄ�ᵄ� = ᵄ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵅ�ᵄ�ᵆ�ᵅ�ᵆ�ᵅ� , ᵃ�ᵄ�  =  ᵃ�ᵄ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�ᵆ�ᵅ�  ᵃ�ᵄ�  =  ᵃ�ᵄ�ᵅ�ᵆ�ᵅ� ᵄ�ᵅ�ᵅ�ᵄ�ᵆ�ᵅ�ᵆ�ᵅ�

.

Table 7.4 shows the results for different metrics in optical disc (OD) and optic cup (OC) analysis.

The metrics encompass sensitivity, specificity, overlapping error (both OD and OC), balanced

accuracy (both OD and OC), and absolute error in the cup-to-disc ratio (CDR), which are

represented as ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , and ᵃ�ᵯ�  respectively. For OD segmentation, the BDCLF method

achieves a sensitivity of 98.6%, specificity of 99.7%, and accuracy of 98.5%, with an absolute

error of 2.8%. For OC segmentation, the BDCLF method shows a sensitivity of approximately

97.7%, specificity of 98.7%, accuracy of 96.8%, and a minimum error of 2.8%. These results

underscore the superior performance of the BDCLF technique compared to other methods.

Table 7.4: Statistical results of optic cup and optic disk

Dataset
Sensitivity Specificity Accuracy

EOD EOC ᵃ�ᵯ�
OD OC OD OC OD OC

CHASEDB1 0.962 0.953 0.997 0.983 0.975 0.968 0.103 0.103 0.049

DRIVE 0.968 0.947 0.984 0.972 0.971 0.945 0.087 0.294 0.045

HRF 0.986 0.977 0.984 0.987 0.985 0.962 0.074 0.241 0.028

STARE 0.950 0.932 0.976 0.975 0.953 0.960 0.093 0.285 0.069

Fig. 7.11 illustrates the vessel structure segmentation using the proposed technique. Gaussian

filtering enhances and detects vessel edges, while Top-Hat transformation extracts vessel features

for segmentation.
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Fig 7.11: Result shows the overall vessels segmentation steps: (a) Input RGB fundus image, (b)
Binary mask, (c) Gaussian Filtering, (d) Advanced CLAHE, (e) Negative, (f) Top-Hat transforms,
and (g) Segmented vessels.

Fig 7.12 compares manual and automatic vessel structure results with the corresponding input

images. The proposed automated method offers superior accuracy and faster processing times

compared to existing techniques, achieving an average accuracy of 98.4% and a sensitivity of

97.6%.

Fig 7.12: This figure shows the results of segmented vessels: (a) Input RGB fundus images, (b)
Manually Segmented vessels, and (c) Automatically Segmented vessels.
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Fig. 7.13 details the vessel mapping and artery-vein separation within a specific ring mask, chosen

for its complexity due to vessel branching.

Fig 7.13: Result shows the separation of arteries and veins within specified ring mask: (a) Red

components of RGB fundus image, (b) Segmented optic disk, (c) Segmented optic disk filling, (d)

(3D-1.5D) mask, (e) Segmented vessels within mask, (f) Separated veins, (g) Separated arteries,

and (h) Segmented vessel’s labelling.

Evaluation metrics, including accuracy and sensitivity, are used to assess the performance of

various classifiers. Table 7.5 compares the proposed technique with previous methods, showing

that the BDCLF method outperforms others in retinal vessel segmentation, with sensitivity ranging

from 96.16% to 98.53% and accuracy reaching 98.55%.

Table 7.5: The results show the performance analysis of the proposed technique compared to the

previously established methods.

Algorithm Dataset Samples
Sensitivity

(%)
Specificity

(%)
Accuracy

(%)

Li
et al [54]

DRIVE 40 75.69 98.16 95.27

STARE 20 77.26 98.44 96.28

CHASEBD1 28 75.07 97.93 95.81

Srinidhi et
al. [55]

DRIVE 40 86.44 96.67 95.89

STARE 20 83.25 97.46 95.02

CHASEBD1 28 82.97 96.63 94.74

Yan DRIVE 40 76.31 98.20 95.38
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et al. [56] STARE 20 77.35 98.57 96.38

CHASEBD1 28 76.40 98.06 96.07

Jin et al.
[57]

DRIVE 40 79.63 98.00 95.66

STARE 20 75.95 98.78 96.41

CHASEBD1 28 81.55 97.52 96.37

Yuchen
Yuan et al.

[58]

DRIVE 40 80.46 98.05 95.81

STARE 20 79.14 98.70 96.65

CHASEBD1 28 84.02 98.01 96.73

BDCLF

HRF 45 96.16 97.65 98.55

DRIVE 40 97.63 96.69 97.49

CHASEDB1 28 98.47 95.31 98.17

STARE 20 98.53 96.45 98.39

To measure vessel width, the central line and edges of the first vessels are determined from the

segmented binary vessel images using thinning and Canny edge detection techniques. These

images are then mapped to identify the vessel width at specific pixel positions along the vessel's

centerline (see Fig. 7.14).

Fig 7.14: Results representing: (a) vessel’s skeleton, (b) vessel’s edge, (c) mapping of (a) and (b).

To assess the vessel width, a pixel from the vessel's centerline image is selected, and a mask

centered on this pixel is applied. The mask's purpose is to identify potential edge pixels on either

side of the centerline pixel. To find all possible pixel positions within the mask, the pixel position

is adjusted by shifting it one pixel at a time up to the mask's size and rotating each position from 0°

to 180° relative to the center pixel. The rotation step size is less than 180° divided by the mask

length to increase precision.
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Fig 7.15: This figure represents the process (a) to find the edge pixels and (b) the vessel’s width

or minimum distance of pair pixels.

For each position, the grayscale value of the edge image is examined to determine if it represents

an edge pixel. Once an edge pixel is identified, its minor axis is determined by shifting the angle

by 180° and extending the distance from one to the maximum mask size (refer to Figure 6.15).

This process creates a mask that is invariant to rotation and helps identify potential pixel pairs for

measuring the width or diameter of the vessel's cross-sectional area.

1ᵆ� = ᵆ� + ᵅ� ᵅ�ᵅ�ᵆ� (ᵰ�) (4.25)

1ᵆ� = ᵆ� + ᵅ� ᵆ�ᵅ�ᵅ� (ᵰ�) (4.26)

Where, (ᵆ� , ᵆ�) is the vessel centerline pixel position, ᵅ� = 1 , 2 , 3 ,......., (ᵅ�ᵄ�ᵆ�ᵅ� ᵆ�ᵅ�ᵆ�ᵅ� / 2) and ᵰ� = 00 ,........., 18 00

. For any pixel position, if the binary value in the edge image is 1 then the pixel ( 2ᵆ� , 2ᵆ� ) in the

opposite edge has been measured by considering ᵰ� = 18 00 + ᵰ�and by varying ᵅ�.

After performing the operation, a pair of pixels was discovered on the opposite edge. The minimum

Euclidean distance, 2( 1ᵆ� − 2ᵆ� ) +
2( 1ᵆ� − 2ᵆ� )

2 , was calculated from this pair of pixels to determine

the width of the vessel's cross-section. Table 6.6 displays the resulting widths at 20 distinct cross-

sections of the vessel as shown in figure 6.15b.

Measuring vessel width is essential for determining the AVR, which reflects the severity of retinal

diseases. Table 7.6 compares vessel widths obtained through the automated technique and manual

measurements. Two images from each dataset (HRF, INSPIRE-AVR, DRIVE, CHASEDB1, and

STARE) were analyzed.
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Table 7.6: Result of Euclidean Width of 20 cross section of Figure 6.14(b).

Cross
Sections

Centerline Pixel
Position

Width-Line
End Point

Vessel’s Width
(Euclidean
Distance)(ᵆ� , ᵆ�) ( 1ᵆ� , 1ᵆ� ) ( 2ᵆ� , 2ᵆ� )

1 (17,27) (13,69) (20,75) 9.22

2 (45, 48) (41,42) (50,53) 14.21

3 (53,42) (48,37) (58,46) 13.45

4 (58,38) (53,33) (61,43) 12.80

5 (41,166) (29,155) (55,177) 34.06

6 (50,157) (36,147) (62,170) 34.71

7 (65,142) (52,128) (79,152) 36.12

8 (74,131) (59,119) (88,143) 37.64

9 (69,125) (65,114) (92,137) 35.47

10 (108,80) (100,75) (116,87) 20.00

11 (116,70) (108,63) (123,78) 21.21

12 (125,63) (117,55) (133,70) 21.93

13 (136,52) (128,45) (144,60) 21.93

14 (124,95) (121,92) (129,98) 10.00

15 (135,88) (133,85) (137,90) 6.40

16 (143,80) (140,76) (146,84) 10.00

17 (147,77) (143,74) (150,82) 10.63

18 (132,153) (135,150) (129,156) 8.48

19 (144,161) (147,158) (141,163) 7.81

20 (159,170) (162,168) (156,173) 7.81

Table 7.7 shows the automated retinal vessel width measurements using BDCLF, compared with

manual data, and illustrates the automated and manual AVR calculations, revealing a marginal

average error of less than ±4% (see Figure 6.17). An AVR greater than 6.6 indicates a normal retinal

image, while a lower value suggests abnormalities associated with glaucoma or hypertension

[343]. The BDCLF method effectively assesses retinal abnormalities, making it a valuable tool.

Table 7.7: The outcome presents a comparison between the widths of the vessel acquired through
the automated method proposed and those obtained through manual measurements.

Sl.
No
.

ᵃ�ᵆ�ᵆ�ᵅ�ᵅ�ᵄ�ᵆ�ᵅ�ᵅ�ᵄ�ᵅ�ᵅ�ᵆ�ℎ ᵄ�ᵄ�ᵅ�ᵆ�ᵄ�ᵅ�ᵄ�ᵅ�ᵅ�ᵆ�ℎ AVR
ERROR

Artery Vein Artery Vein Auto Manual

1 11.75 21.40 12.20 23.40 0.549 0.521 -0.027

2 18.02 27.31 17.46 26.57 0.659 0.657 -0.002

3 17.69 38.83 17.85 40.02 0.455 0.446 -0.009
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4 14.87 28.28 15.65 31.14 0.525 0.502 -0.023

5 3.16 4.47 6.41 8.94 0.706 0.717 0.010

6 2.76 3.61 2.81 3.60 0.764 0.780 0.016

7 10.50 15.80 9.4 13.60 0.664 0.691 0.026

8 10.63 13.45 10.76 13.41 0.790 0.802 0.012

9 6.83 10.82 5.32 7.81 0.631 0.681 0.050

10 2.03 6.08 2.06 6.32 0.333 0.325 -0.007

Fig 7.16 shows the comparison result of automatic and manually calculated AVR and error of the

proposed technique whereas Fig. 7.17 represents the percentage of error in detection of AVR.

Fig 7.16: Results shows the comparison of automatic measured AVR with manual AVR.

Fig 7.17: Result shows the percentage of error in the detection of automatic AVR
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The performance of a binary classifier system was evaluated using the receiver operating

characteristic (ROC) curve shown in Fig. 7.18. This curve depicts the true positive rate (sensitivity)

against the false positive rate (1 - specificity) as the classification threshold varies. The ROC curve

helps assess the classifier's ability to differentiate between positive and negative cases and compare

various classifiers. The ROC analysis of the DRIVE dataset indicates that the BDCLF method

outperforms existing techniques, demonstrating a faster and more stable curve. A stable ROC curve

indicates reliable performance across different datasets and conditions, validating the BDCLF

method's effectiveness.

Fig 7.18: Graph shows the average ROC plot for 40 DRIVE data using five different methods.

The AVR and CDR values obtained with the BDCLF method, detailed in Table 7.8, are used to

evaluate patient conditions for diabetes, glaucoma, and overall health. Retinal images from the

HRF dataset, including diabetic, glaucoma, and healthy cases, were analyzed. Results showed an

average CDR of 0.68 for diabetics, 0.62 for glaucoma patients, and 0.41 for healthy individuals.

Average AVR values were 0.52 for diabetics, 0.43 for glaucoma patients, and 0.75 for healthy

individuals.
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Table 7.8: Result shows the AVR and CDR for patient’s different health conditions.

HRF
Image

Patent’s
Condition

OD
(Avg.)

OC
(Avg.)

WArtery

(Avg.)
WVein

(Avg)
CDR AVR

01_dr

Diabetic

372 294 13.15 32.37 0.63 0.41

02_dr 375 306 12.32 22.62 0.67 0.54

03_dr 327 281 14.05 23.18 0.74 0.61

04_dr 336 268 13.19 26.39 0.64 0.50

01_h

Healthy

410 248 17.39 20.81 0.37 0.84

02_h 408 267 16.18 23.41 0.43 0.69

03_h 396 237 17.02 22.11 0.36 0.77

07_h 416 278 17.36 24.79 0.45 0.70

01_g
Glaucoma

338 261 12.27 26.58 0.60 0.46

08_g 367 292 11.43 28.91 0.63 0.39

7.5.  Pseudocode

Below is a sample pseudocode that demonstrates how to perform the BDCLF technique on an

image by utilizing the opening morphological operation. The code is divided into two parts:

1. Algorithm for Blind Deconvoluted CLAHE:

Input: Retinal FUNDUS RGB image

Output: Enhanced retinal FUNDUS image

Begin

blurredImage = imread('blurred_image.jpg');     % Read the blurred image

numIterations = 100; % Number of iterations for the algorithm   % Set parameters for blind 
deconvolution

lambda = 0.01; % Regularization parameter

psfSize = [15, 15]; % Size of the point spread function (PSF)

psfInitial = fspecial('gaussian', psfSize, 2); % Initial estimate of PSF

estimatedImage = deconvblind(blurredImage, psfInitial, numIterations, lambda); % Perform 
blind deconvolution

if size(estimatedImage, 3) == 3  % Convert estimatedImage to grayscale if needed

    img = rgb2gray(estimatedImage);

end

 [rows, cols] = size(img); % Calculate the size of the image

numBlocksRows = floor(rows / blockSize); % Divide the image into non-overlapping blocks
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numBlocksCols = floor(cols / blockSize);

enhancedImg = zeros(rows, cols);  % Initialize the output enhanced image

% Loop through each block

for i = 1:numBlocksRows

    for j = 1:numBlocksCols

        block = img((i-1)*blockSize+1:i*blockSize, (j-1)*blockSize+1:j*blockSize);  % Extract the
current block

         equalizedBlock = histeq(block);  % Perform histogram equalization on the block

        clippedBlock = min(max(equalizedBlock, 0), limit);  % Clip the block's histogram to the 
specified limit

        % Assign the enhanced block to the corresponding region in the output image

        enhancedImg((i-1)*blockSize+1:i*blockSize, (j-1)*blockSize+1:j*blockSize) = 
clippedBlock;

    end

end

% Convert the output enhanced image to the original color space if needed

if size(estimatedImage, 3) == 3

    enhancedImg = repmat(enhancedImg, [1, 1, 3]);

end

2. Algorithm for Morphological Operation and TOP-HAT Transform

Input: Enhanced gray image, Output: Segmented binary image

begin

inputImage = enhancedImg;   % Read the input image

% Apply morphological operations for noise removal or smoothing

SE = strel('disk', size);  % Define a disk-shaped structuring element with specified size

morphImage = imopen(grayImage, SE);  % Perform opening operation

tophatImage = imtophat(morphImage, SE);  % Perform TOP-HAT transform for image 
enhancement

threshold = graythresh(tophatImage);  % Threshold the image to segment the regions of interest

binaryImage = imbinarize(tophatImage, threshold);

% If needed Perform additional operations on the binary image for further refinement

End
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7.6. Conclusion:

An automated method has been developed to assess two specific features of the human eye, CDR

and AVR, to detect abnormalities linked to conditions such as diabetes, glaucoma, and

hypertension. Initial results are highly promising, showing accuracy rates of 98.6% for OD, 97.8%

for OC, and 98.55% for AVR with only minor errors. This technique is faster than traditional

methods due to its fully automated nature and is easy to implement, making it accessible even to

those with limited medical expertise. The successful application of this method enables the

measurement of various parameters (e.g., nicking, narrowing, and branching coefficients), aiding

in the diagnosis of different diseases. The upcoming study aims to quantitatively analyze a series

of clinical images from publicly available datasets to identify retinopathy of prematurity (ROP).
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Chapter VIII

PSO-Optimized CLAHE for Image 

Enhancement and Active Contour-Based 

Segmentation of Retinal Vessels 

Accurate segmentation of retinal vessels is crucial for diagnosing and monitoring various

ocular and systemic diseases. However, challenges such as low contrast, noise, and uneven

illumination in retinal images hinder precise segmentation. This study proposes a novel

framework combining Particle Swarm Optimization (PSO) with contrast-limited Adaptive

Histogram Equalization (CLAHE) for image enhancement, followed by an Active Contour

Model (ACM) for the segmentation of retinal vessels. 

The PSO algorithm is employed to optimize the parameters of CLAHE, ensuring enhanced

image contrast and clarity while preserving critical vessel details. The enhanced images

are subsequently segmented using an ACM, effectively delineating vessel boundaries by

minimizing a hybrid energy function. Integrating PSO-optimized CLAHE ensures superior

preprocessing, enabling the active contour model to achieve more accurate and robust

segmentation results. 

Experimental evaluations were conducted on publicly available retinal image datasets, and

the proposed method demonstrated improved accuracy, sensitivity, and specificity

performance compared to traditional enhancement and segmentation approaches. The

framework's adaptability to varying image qualities and its potential for integration into

automated diagnostic systems highlight its significance in retinal image analysis.
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8.1.Introduction

The segmentation of retinal vessels plays a crucial role in diagnosing and monitoring various

ocular and systemic diseases, including diabetic retinopathy, glaucoma, and hypertension. Retinal

vessel extraction aids in the analysis of vascular structures, which are pivotal indicators of

pathological changes. However, accurate segmentation remains a challenging task due to the

complex and intricate patterns of retinal vasculature, as well as variations in image quality caused

by illumination inconsistencies, noise, and patient-specific anatomical differences. 

To address these challenges, image preprocessing techniques that enhance vessel visibility and

segmentation algorithms that precisely delineate vascular structures are essential. Contrast Limited

Adaptive Histogram Equalization (CLAHE) has emerged as a powerful image enhancement

technique, especially in medical imaging, due to its ability to enhance local contrast while

mitigating noise amplification. However, its performance is highly dependent on the appropriate

selection of parameters such as clip limit and grid size, which can significantly influence the

quality of the enhanced image. 

Particle Swarm Optimization (PSO), a swarm intelligence-based optimization algorithm, offers an

effective solution for parameter tuning in complex problems. By employing PSO to optimize the

CLAHE parameters, the enhanced images can achieve superior contrast and vessel visibility,

setting the stage for improved segmentation results. 

In addition to enhancement, segmentation techniques play a pivotal role in accurately extracting

retinal vessels. Active contour models (ACMs) have been widely utilized for this purpose due to

their ability to refine contours based on energy minimization principles iteratively. ACMs

effectively balance internal forces (ensuring contour smoothness) and external forces (driven by

image features such as edges or gradients). When applied to enhanced retinal images, ACMs can

achieve precise vessel delineation, even in challenging cases. 

This research proposes a novel framework that combines PSO-optimized CLAHE for image

enhancement with active contour-based segmentation for extracting retinal vessels. Integrating

these techniques leverages each component's strengths, ensuring enhanced image quality and

robust segmentation. The proposed methodology is evaluated on publicly available retinal image

datasets, demonstrating its potential to achieve high segmentation accuracy and reliability, even in

noise and complex vascular structures.
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8.2.Results and Discussion

The proposed methodology for the PSO-Optimized CLAHE for Image Enhancement and Active

Contour-Based Segmentation of Retinal Vessels is structured in two primary phases: image

enhancement and vessel segmentation. Below are the detailed steps: 

8.2.1. Image Enhancement Using PSO-Optimized CLAHE

This method effectively enhances images by combining Particle Swarm Optimization (PSO) and

Contrast Limited Adaptive Histogram Equalization (CLAHE). The goal is to optimize the CLAHE

parameters using PSO, ensuring the enhanced image balances contrast improvement and

naturalness. Fig. 8.1 illustrates the retinal vessel enhancement techniques utilizing the proposed

PSO-CLAHE fusion method. 

Fig. 8.1: PSO-optimized CLAHE to enhance retinal vessels.

Fig. 8.2 illustrates the enhanced result of a fundus image from the DRIVE dataset, processed using

Histogram Equalization (HE), Adaptive Histogram Equalization (AHE), and CLAHE. The

individual histogram analysis highlights the characteristics of each enhanced image. The
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histogram-equalized image shows an overall improvement in contrast but may appear unnatural

or overly harsh in regions with distinct brightness variations. The adaptive histogram-equalized

image effectively enhances local regions, bringing out finer details, though it may amplify noise

or artifacts, particularly in uniform areas. In contrast, the CLAHE-enhanced image achieves a

balanced enhancement of local details, minimizing noise and artifacts. This results in a smoother

and more visually appealing outcome compared to AHE.

Fig. 8.2: Enhanced fundus image from the DRIVE dataset using Histogram Equalization (HE),

Adaptive Histogram Equalization (AHE), and Contrast Limited Adaptive Histogram Equalization

(CLAHE).
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PSO functions by iteratively updating the position and velocity of a group of particles within a

search domain, where each particle signifies a potential solution. The quality of each particle is

evaluated using a fitness function, and PSO leverages interactions among particles to explore the

search domain and converge toward an optimal solution. The result of the PSO algorithm is the

most favorable solution identified during the process, which might represent a local rather than a

global optimum. The results of improving the PSO algorithm are illustrated in Fig. 8.3.

Fig 8.3:  Enhanced Image using PSO: (a) Input RGB fundus image, (b) Gray Image, (c) PSO

enhanced Image, (d) Fitness values of PSO enhanced Images.

Particle Swarm Optimization (PSO)-enhanced Contrast Limited Adaptive Histogram Equalization

(CLAHE) integrates the strengths of optimization algorithms with image processing techniques to

effectively improve image quality. By finetuning CLAHE parameters, PSO maximizes contrast

while minimizing noise and distortion. This automated optimization process eliminates the need

for manual parameter adjustments, making it ideal for large-scale image processing applications.

Fig. 8.4 illustrates the enhanced vessels of a retinal fundus image achieved using PSO-optimized

CLAHE.
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Fig. 8.4: Vessel’s enhancement using PSO optimized CLAHE: (a) Input fundus image, (b) Gray

image, (c) CLAHE enhanced image, (d) PSO optimized CLAHE enhancement.

The resulting enhanced images showed a significant improvement in contrast and clarity of

features, as demonstrated by several quantitative metrics: MSE decreased from 249.5186 in the

original image to 208.4254 in the enhanced image, indicating better information content; the Peak

Signal-to-Noise Ratio (PSNR) rose from 11.59 dB to 15.6130 dB, highlighting reduced noise and

improved image quality; and the Structural Similarity Index (SSIM) improved from 0.6218 to

0.8516, reflecting a closer alignment to the ideal image. Table 8.1 compares the quality measures

of images enhanced using CLAHE versus PSO-optimized CLAHE.

Table 8.1: Enhancement quality measures of PSO-CLAHE and CLAHE

Image
MSE ( 2ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ) PSNR ( 2ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� ) SSIM ( 2ᵄ�ᵅ�ᵆ�ᵅ�ᵅ� )

CLAHE PSO-CLAHE CLAHE PSO-CLAHE CLAHE PSO-CLAHE

01_test 206.8080 176.7352 12.1448 14.6792 0.6846 0.8830
02_test 202.9524 159.3982 11.8737 15.3431 0.5246 0.8476
03_test 225.6509 210.3323 8.1633 11.6705 0.7063 0.9223
04_test 295.7462 237.3071 13.7519 17.4351 0.6456 0.8469
05_test 316.4354 258.3542 12.0519 18.9327 0.5480 0.7582
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8.2.2. Vessel’s segmentation using Active Contour

Active Contour-based Vessel Segmentation is a widely used technique in medical imaging for

extracting and analyzing blood vessels in retinal fundus images. Active contour models, also

known as "snakes," are energy-minimizing curves that evolve under specific constraints to

delineate object boundaries. Fig. 8.5 illustrates the active contour method employed for

segmenting retinal vessels.

This method leverages the joint capabilities of the gradient force snake model and the balloon

model to detect blood vessels in fundus images effectively. An image-based contour model is a

deformable spline curve guided by an internal force that resists deformation, allowing it to move

toward objects in the image. This behavior is comparable to the way a snake moves through a

hollow space. A snake typically avoids the center of a hollow space, instead moving along the

walls and corners, constantly searching for openings. Upon finding a hole, it enters, explores, and

retreats if the path is blocked. Similarly, when applied to retinal blood vessels, the snake follows

the vessel boundaries, where the vessel walls act as the boundaries and the openings or cracks

represent potential entry points. 
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Fig. 8.5: Retinal vessel segmentation using Active Contour

Two classes of pixels are present in the vessel segmentation: the pixel is assigned to either the

foreground or the background. The optimum threshold separating these classes is calculated by

the Otsu algorithm, ensuring that their interclass variance is maximized. The optic discs or bright

lesions can increase false positives. Additionally, some thin vessels are fragmented. Therefore,

post-processing is required to restore fragmented edges and eliminate noise. Morphological

operators were used for this work. Noise pixels, which are not part of the vascular network, were

eliminated by considering a threshold level based on the number of pixels, with regions having

fewer pixels than the threshold being discarded. For linking edges, the bridge morphologies

operator was used. The bridge operator ties pixels together that each have two nonzero neighboring

pixels. The separation of the vessel of the overall image by using the proposed active contour

technique is shown in Fig. 8.6.
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Fig. 8.6: Active Contour: (a) RGB input, (b) Grey image, (c) PSO-CLAHE enhancement, (d)

Vessel’s enhancement, (e) Hessian matrix image, (f) Match filtering, and (g) Segmented vessel

structure.

Fig. 8.7 compares the manual and automatic results of the vessel's structure with respective input

images. Compared to other pre-existing techniques, this method offers superior accuracy and faster

processing time. The proposed automated method for segmenting vessels attains an average

accuracy of 98.4% and a sensitivity of 97.6%. 
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Fig. 8.7:  Result shows the overall vessels segmentation using active contour by PSO-CLAHE:

(a) Input RGB fundus image, (b) PSO-CLAHE based Enhancement, (c) Vessels after applying

Active Contour function, (d) Active Contour based segmentation, (e) Manual Segmentation.

The evaluation metrics, accuracy, and sensitivity are calculated for various classifiers to assess

their qualitative performance. Table 8.2 presents the results of comparing the recital of the PSO-

CLAHE-based Active Contour Model system with previously established methods. The table

indicates that our proposed method outperforms the other techniques in retinal vessel

segmentation, with a sensitivity ranging from 96.04% to 98.87%. Additionally, our proposed

method surpasses the conventional methods in terms of accuracy, achieving an accuracy of

98.82%. 
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Table 8.2: The results show the performance analysis of the proposed technique compared to the
previously established methods.

Algorithm Dataset Samples
Sensitivity

(%)
Specificity

(%)
Accuracy

(%)

Li
et al [23]

DRIVE 40 75.69 98.16 95.27

STARE 20 77.26 98.44 96.28

CHASEBD1 28 75.07 97.93 95.81

Srinidhi et
al. [27]

DRIVE 40 86.44 96.67 95.89

STARE 20 83.25 97.46 95.02

CHASEBD1 28 82.97 96.63 94.74

Yan
et al. [28]

DRIVE 40 76.31 98.20 95.38

STARE 20 77.35 98.57 96.38

CHASEBD1 28 76.40 98.06 96.07

Jin et al. [29]

DRIVE 40 79.63 98.00 95.66

STARE 20 75.95 98.78 96.41

CHASEBD1 28 81.55 97.52 96.37

Yuchen Yuan et al. [30]

DRIVE 40 80.46 98.05 95.81

STARE 20 79.14 98.70 96.65

CHASEBD1 28 84.02 98.01 96.73

PSO-CLAHE-based
Active Contour Model

HRF 45 96.04 97.14 98.63

DRIVE 40 97.72 98.39 97.35

CHASEDB1 28 98.87 95.20 98.82

STARE 20 98.13 99.17 98.09

8.3. Conclusion:

This paper presents an effective approach for retinal vessel segmentation through a combination

of PSO-optimized CLAHE-based image enhancement and active contour-based segmentation. The

PSO-optimized CLAHE method improves the visibility and contrast of retinal images by

automatically determining the optimal parameters, leading to enhanced vessel features and better

overall image quality. The results show significant improvements in key image quality metrics,

such as entropy, PSNR, and SSIM, when compared to traditional CLAHE techniques.

Following enhancement, the active contour model was employed to segment retinal vessels

accurately. The model demonstrated excellent performance in delineating vessel boundaries, even

in the presence of noise and thin vessels. Quantitative evaluation using metrics such as the Dice

Similarity Coefficient (DSC) and Jaccard Index showed high accuracy in the segmentation

process.
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Overall, the proposed PSO-CLAHE-based enhancement and active contour-based segmentation

framework proved to be a robust and efficient method for retinal vessel segmentation, providing

high-quality results suitable for medical image analysis and disease diagnosis. The combined

approach is particularly useful in clinical applications, where accurate vessel detection and analysis

are crucial for early disease detection and monitoring.
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Chapter IX

Detection of Retinal AVR and CDR Using

Active Contours with Blind Deconvolution and

CLAHE Fusion (Active-BDCLF)

Various retinal disorders, commonly diabetic and hypertensive retinopathy, can damage

the optic nerve, potentially leading to permanent vision loss. Clinical observations often

detect these conditions, such as abnormalities in retinal blood vessel diameter and the optic

cup-to-disc ratio. High blood pressure can cause retinal vessel thinning and optic cup

dilation, disrupting the normal arteriovenous ratio (AVR) and cup-to-disc ratio (CDR).

This disruption may result in nerve fiber damage, hemorrhages, and cotton wool spots.

This study proposes an automated retinal optic disk and vessel segmentation from pre-

processed retinal images. The segmentation was done using a ring mask created by

superimposing two circles with the optic disk center and radii of 3D/2 and 1.5D/2, where

D denotes the diameter of the optic disk. The maximum AV crossing was avoided within

the retinal mask to simplify the process. Validations were performed by comparing the

results with a predefined manually segmented dataset, achieving accuracies of 98.6% and

97.8% for retinal optic disk and optic cup, respectively, and 98.73% for retinal vessels.

This algorithm could aid ophthalmologists in identifying retinal disorders accurately and

automatically.
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9.1. Introduction

Glaucoma, considered one of the major reasons for blindness, results in an estimated 12% of total

blindness cases and is anticipated to affect almost 11 million people with bilateral blindness. The

most common type of glaucoma globally is Primary Open-Angle Glaucoma (POAG), which

impacts 74% of individuals diagnosed with the condition. Based on stratified estimates derived

from population studies, it is expected that almost 11.2 million people in India, accounting for

nearly 4.6% of the people over the age of 40, are affected by glaucoma. Detecting and treating this

disease, which can potentially lead to blindness, presents significant challenges since the majority

of those affected remain undiagnosed.

Hypertension can narrow the vessels inside the eye, reducing blood flow to the optical nerve and

potentially resulting in blindness. Likewise, elevated pressure within the eye in cases of glaucoma

can harm the optic nerves and affect vision. Research has suggested that individuals with

hypertension may be at an increased likelihood of developing open-angle glaucoma, a group of

eye conditions that damage the optic nerve. The possibility of this risk seems to surge among

people with severe or poorly managed hypertension over a prolonged period.

Unfortunately, most associated instances do not exhibit symptoms, although they can be detected

using retinal fundus imaging. Appropriate diagnosis and managing the disease in a clinical setting

require careful valuation of variations in the optical nerve head (ONH), measurement of intraocular

pressure (IOP), and identification of defects in the visual field. Diagnosing typical ONH alterations

in the donor's eyes may be more difficult to assess because of the optic disk's pallor and swelling.

Additionally, early vascular changes associated with high blood pressure can cause a narrowing of

the retinal arterioles, changes at the arteriolar junction, such as arteriovenous nicking, and

arteriolar light reflexes. Additionally, vessel bending is acknowledged as a likely cause of

hypertension and coronary disorders. It is crucial to measure heart rate, as studies have

demonstrated a strong link to an elevated long-term likelihood of stroke. As such, this effort seeks

to develop a way to detect probable cases of glaucoma and hypertension in donor eyes by

examining the optic disc cupping ratio and microvascular ratio. Fig. 9.1 provides an organizational

chart of the CDR measurement.
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Fig. 9.1: Proposed Active-BDCLF framework for CDR evaluation, involving median filtering,

CLAHE-based enhancement, region-based classification, and morphological segmentation of OD

and OC regions.

The vessel’s segmentation and AVR calculation have been made in two steps mentioned in Fig.

9.2(a) and Fig. 9.2(b). In the first step, vessels of the overall RGB retinal image have been

segmented by fusioning Blind Deconvolution and advanced CLAHE technique followed by Active

Contour-based vessel segmentation skills. In the second step, firstly the optic disk (OD) and its

average diameter (D) and then the overlapping area betweenᵰ� 2(3ᵃ� / 2)  and ᵰ� 2(1 . 5ᵃ� / 2)  has

been measured.

Then the segmented vessels within that masked area have been mapped. The reason behind this

mask is that within this range the maximum vessels that are mostly affected by hypertension are

found and also complexity is reduced. In the final stage of the second step, arteries and veins are

separated to measure the area of the artery and vein separately. Arteries and veins are identified

using the following parameters.

 The color of the arteries is brighter than that of the veins.

 Arteries are generally narrower than the adjacent veins.
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 The central reflex (luminous reflex from within the vessels) is more pronounced within the
blood arteries and less pronounced in the blood veins.

 Blood vessels typically alternate near the optic disc before branching out.

Fig. 9.2(a): Block diagram representing vessels Detection in Active-BDCLF

Fig. 9.2(b): Block diagram representing AVR Calculation.
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Fig. 9.3(a) and Fig. 9.3(b) show the marking arteries and veins and the proposed region of interest.

Finally, AVR concerning the area has been calculated. The measured AVR helps the

Ophthalmologist detect the stages of hypertensive retinopathy.

Fig. 9.3: Random Image cropped from HRF datasets represents (a) marking arteries and veins,

and (b) proposed area of interest.

The final step is the validation step where the binary parts of automatic segmented and manual

segmented images are considered to identify the true positive and false negative parameters. From

here TP, FP, TN, and FN values have been calculated to validate the proposed result set. These

steps are depicted in Fig. 9.4.

Fig. 9.4: Functional diagram representing the validation of vessel structure.

Table 1 explains the AVR for normal to accelerated hypertensive retinopathy cases with different

risk factors [2. K. Narasimhan, V. C. Neha, K. Vijayarekha, et al., Hypertensive retinopathy

diagnosis from fundus images by estimation of AVR, ICMOC – 2012, Elsevier Ltd., pp. 980 –

993 (2012)] and CDR ranges for normal and affected retina [Srinivasan Senthilkumari, Mohan
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Neethu et al., Identification of glaucomatous optic nerve head changes in Indian donor eyes

without clinical history, Indian Journal of Ophthalmology, vol. 63, no. 7, pp. 600-605 (2015)].

Table 9.1: AVR and CDR for different stages of Hypertensive Retinopathy.

Grading of
HR

AVR Indications
Systematic
Association

CDR

Normal
0.66-0.75 
(Approx.)

Normal Normal
0.00-0.60
(Approx.)

Grade 1 (Mild)
0.5 
(Approx.)

Constricted arterioles, 
arterial and venous 
nicking, and thickening of
the arteriolar wall.

Loosely linked to 
cardiovascular 
disorders

>0.60
(Approx.)

Grade 2 
(Moderate)

0.33 
(Approx.)

Hemorrhages, along with 
both hard and soft 
exudates.

Heart attacks, strokes,
and even deaths from 
cardiovascular 
diseases.

>0.60
(Approx.)

Grade 3 
(Combined)

0.25 
(Approx.)

Hemorrhages, along with 
both hard and soft 
exudates.

Heart attacks, strokes,
and even deaths from 
cardiovascular 
diseases.

>0.60
(Approx.)

Grade 4 
(Accelerated 
HR)

Fine Cords 
<0.2 
(Approx.)

Swelling of the optic disc 
and loss of vision.

Kidney failure and 
death

>0.60
(Approx.)

9.2. Results and Discussion:

To assess the performance of the Active-BDCLF, a set of 40 fundus retinal images from the DRIVE

database was selected. Of these, 33 images are from healthy patients with no clinical disorders,

while 7 images are from patients with clinical abnormalities. For all 40 images, the optic cups,

optic discs, and vessel structures were segmented, and measurements for the optic cup diameter,

optic disc diameter, and vessel width were obtained using the described automatic process. The

Cup-Disc Ratio (CDR) and Artery-Vein Ratio (AVR) were then calculated and compared with the

manual data. Fig. 9.5 illustrates the image enhancement achieved using the advanced CLAHE and

Blind Deconvolution fusion techniques.
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Fig. 9.5: Result shows the image enhancement techniques using CLAHE and Blind Deconvolution

fusion: (a) Input RGB Fundus Image, (b) Enhancement by Blind Deconvolution, and (d)

Enhancement by CLAHE after Blind Deconvolution.

Table 9.2 presents a comparison of the quality measures between images that have been enhanced

using CLAHE and the Active-BDCLF techniques. The Active-BDCLF achieves a higher PSNR,

indicating superior image quality. Additionally, the proposed technique exhibits a lower MSE than

CLAHE, leading to enhanced image fidelity, improved visual quality, and increased accuracy.

Furthermore, the higher SSIM measure of the proposed technique compared to CLAHE ensures

minimal distortion in the image structure. The results demonstrate that the mentioned technique

surpasses CLAHE in terms of image enhancement.
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Table 9.2: Quality measures of Active-BDCLF and CLAHE

Image

MSE ( 2ᵇ�ᵈ�ᵉ�ᵈ�ᵈ� ) PSNR(ᵈ�ᵆ�) SSIM

Active-
BDCLF

CLAHE
Active-
BDCLF

CLAHE
Active-
BDCLF

CLAHE

6(a1) 2849.70 4273.50 17.49 11.82 0.5319 0.3390

6(a2) 5167.30 6322.50 19.17 10.12 0.3942 0.1752

6(a3) 3516.57 5161.00 16.52 11.01 0.3751 0.2365

6(a4) 1732.64 2737.30 19.38 13.75 0.7438 0.5456

6(a5) 2958.59 4058.3 21.39 12.05 0.5219 0.3480

Table 9.3 compares the proposed Active-BDCLF method with the pre-established BDCLF. The

comparison explains the superiority of Active-BDCLF over BDCLF in terms of MSE, PSNR and

SSIM.

Table 9.3: Quality measures of Active-BDCLF and BDCLF

Image

MSE ( 2ᵇ�ᵈ�ᵉ�ᵈ�ᵈ� ) PSNR(ᵈ�ᵆ�) SSIM

Active-
BDCLF

BDCLF
Active-
BDCLF

BDCLF
Active-
BDCLF

BDCLF

6(a1) 2849.70 3151.30 17.49 15.85 0.5319 0.4428

6(a2) 5167.30 5316.20 19.17 16.63 0.3942 0.2760

6(a3) 3516.57 3992.91 16.52 14.89 0.3751 0.3379

6(a4) 1732.64 1953.30 19.38 17.43 0.7438 0.6469

6(a5) 2958.59 3162.40 21.39 18.93 0.5219 0.4582

Fig. 9.6 represents the input RGB fundus images of the macula with segmented results of the optic

disk and optic cup using the mentioned morphological techniques.

Table 9.4 provides a comparison between the automatic and manual Cup-to-Disc Ratio (CDR)

measurements. The automatic diameter measurements of the Optic Disc (OD) and Optic Cup (OC)

in terms of pixels are performed by Active-BDCLF, while the manual diameters are obtained from

the specified dataset. The CDR values are computed for both automatic and manual measurements

by taking the ratio of their respective areas. The CDR errors are calculated by finding the difference

between the manually and automatically determined CDR values.
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Fig. 9.6: In this figure, (a) represents the input RGB fundus image, (b), (c), (d) and (e) represent

the PROPOSED Enhancement, segmented Optic Disk, green components of the input image, and

segmented Optic Cup respectively.

Table 9.4: Result shows the comparison of automatic CDR and manual CDR

Sl.
No.

ᵇ�ᵆ�ᵆ�ᵈ�ᵈ� (ᵇ�ᵈ�ᵉ�ᵈ�ᵈ�) ᵇ�ᵆ�ᵆ�ᵈ�ᵈ� (ᵇ�ᵈ�ᵉ�ᵈ�ᵈ�) CDR ( 2ᵇ�ᵈ�ᵉ�ᵈ�ᵈ� )
ᵆ�ᵆ�ᵇ�ᵆ�ᵉ�ᵉ�ᵉ�ᵉ�

Auto Manual Auto Manual Auto Manual
1 230 234 186 190 0.65 0.66 0.01
2 226 224 194 190 0.74 0.72 -0.02
3 218 223 184 186 0.71 0.70 -0.01
4 226 232 178 184 0.62 0.63 0.01
5 228 224 182 178 0.64 0.63 -0.01
6 203 194 179 175 0.78 0.81 0.04
7 216 230 175 178 0.66 0.60 -0.06
8 224 218 184 175 0.67 0.64 -0.03
9 226 225 128 130 0.32 0.33 -0.01
10 224 225 128 125 0.33 0.31 -0.02

Table 9.5 compares the Active-BDCLF with the previously established BDCLF technique. As a

result, Active-BDCLF shows better performance than BDCLF in terms of true positive data as

well as error.
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Table 9.5: Comparison of manual CDR values measured by Active-BDCLF and BDCLF

Sl.
No.

ᵇ�ᵆ�ᵆ�ᵈ�ᵈ� (ᵇ�ᵈ�ᵉ�ᵈ�ᵈ�) ᵇ�ᵆ�ᵆ�ᵈ�ᵈ� (ᵇ�ᵈ�ᵉ�ᵈ�ᵈ�) CDR ( 2ᵇ�ᵈ�ᵉ�ᵈ�ᵈ� )
Automatic Manual Automatic Manual Automatic Manual

Active
BDCLF

BDCLF
Active
BDCLF

BDCLF
Active
BDCLF

BDCLF

1 232 230 234 188 186 190 0.66 0.65 0.66

2 223 226 224 189 194 190 0.72 0.74 0.72

3 221 218 223 187 184 186 0.72 0.71 0.70

4 229 226 232 182 178 184 0.63 0.62 0.63

5 226 228 224 180 182 178 0.63 0.64 0.63

6 198 203 194 174 179 175 0.77 0.78 0.81

7 224 216 230 179 175 178 0.64 0.66 0.60

8 216 224 218 182 184 175 0.70 0.67 0.64

9 223 226 225 133 128 130 0.35 0.32 0.33

10 226 224 225 123 128 125 0.30 0.33 0.31

Table 9.6 presents the computation results for various metrics in the context of optical disc (OD)

and optic cup (OC) analysis. Specifically, it covers sensitivity, specificity, overlapping error (OD

and OC), balanced accuracy (OD and OC), and absolute error in cup-to-disc ratio (CDR), denoted

as ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , ᵄ�ᵃ�ᵃ� , ᵃ�ᵯ� , respectively. When focusing on OD segmentation, the Active BDCLF

method accomplishes a sensitivity of 98.6%, specificity of 99.7%, and accuracy of 98.5%,

accompanied by an absolute error of 2.8%. Similarly, for OC segmentation, the Active BDCLF

method demonstrates a sensitivity of approximately 97.7%, specificity of 98.7%, accuracy of

96.8%, and a minimum error of 2.8%. These results further establish the superiority of the

PROPOSED technique over alternative methods.

Table 9.6: Statistical results of optic cup and optic disk

Dataset
Sensitivity Specificity Accuracy

EOD EOC ᵆ�ᵳ�
OD OC OD OC OD OC

CHASEDB1 0.962 0.953 0.997 0.983 0.975 0.968 0.103 0.103 0.049
DRIVE 0.968 0.947 0.984 0.972 0.971 0.945 0.087 0.294 0.045

HRF 0.986 0.977 0.984 0.987 0.985 0.962 0.074 0.241 0.028
STARE 0.950 0.932 0.976 0.975 0.953 0.960 0.093 0.285 0.069

The separation of the vessel from the overall image by using the proposed active contour technique

is shown in Fig. 9.7. that compares the manual and automatic results of the vessel's structure with
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respective input images. Compared to other pre-existing techniques, this method offers superior

accuracy and faster processing time. The proposed automated method for segmenting vessels

attains an average accuracy of 98.4% and a sensitivity of 97.6%.

Fig. 9.7: Result shows the overall vessels segmentation using active contour by fusioning CLAHE

and Blind Deconvolution: (a) Input RGB fundus image, (b) CLAHE and Blind Deconvolution

fusion-based Enhancement, (c) Vessels after applying Active Contour function, (d) Active Contour

based segmentation, (e) Manual Segmentation.

Fig. 9.8 explains the vessel mapping and artery-vein separation within the mentioned specific ring

mask. The ring mask has been chosen for complexity due to the vessel’s branching.
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Fig. 9.8: Result shows the separation of arteries and veins within specified ring mask: (a) The

Input RGB Image, (b) Red components of RGB image, (c) Segmented optic disk, (d) (3D-1.5D)

mask, (e) Segmented Vessels (f) Segmented vessels within mask, (g) Separated veins, (h)

Separated arteries, and (i) Segmented vessel’s labeling.

The evaluation metrics, accuracy, and sensitivity are calculated for various classifiers to assess

their qualitative performance. Table 9.7 presents the results of comparation the recital of the

Active-BDCLF system with previously established methods. The table indicates that our proposed

method outperforms the other techniques in retinal vessel segmentation, with a sensitivity ranging

from 96.58% to 98.73%. Additionally, our Active-BDCLF method surpasses the conventional

methods in terms of accuracy, achieving an accuracy of 98.56%.

Table 9.7: The results show the performance analysis of the proposed technique compared to the
previously established methods.

Algorithm Dataset Samples
Sensitivity
(%)

Specificity
(%)

Accuracy
(%)

Li
et al [54]

DRIVE 40 75.69 98.16 95.27
STARE 20 77.26 98.44 96.28
CHASEBD1 28 75.07 97.93 95.81

Srinidhi et
al. [55]

DRIVE 40 86.44 96.67 95.89
STARE 20 83.25 97.46 95.02
CHASEBD1 28 82.97 96.63 94.74

Yan
et al. [56]

DRIVE 40 76.31 98.20 95.38
STARE 20 77.35 98.57 96.38
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CHASEBD1 28 76.40 98.06 96.07

Jin et al.
[57]

DRIVE 40 79.63 98.00 95.66
STARE 20 75.95 98.78 96.41
CHASEBD1 28 81.55 97.52 96.37

Yuchen
Yuan et al.
[58]

DRIVE 40 80.46 98.05 95.81
STARE 20 79.14 98.70 96.65
CHASEBD1 28 84.02 98.01 96.73

Active-
BDCLF

HRF 45 96.58 97.65 98.56
DRIVE 40 97.23 96.69 97.39
CHASEDB1 28 98.41 95.31 98.14
STARE 20 98.73 96.45 98.37

Table 9.8 presents the automated measurements of retinal vessel width using Active-BDCLF, along

with manually collected data. It also illustrates the automatic and manual calculations of AVR,

showcasing a marginal average error of less than ±4% as shown in Figure 17. A normal retinal

image is characterized by an AVR range exceeding 6.6, whereas a range below this threshold

indicates abnormalities related to glaucoma or hypertension [1]. Consequently, the Active-BDCLF

technique proposed in this study is capable of effectively assessing retinal data abnormalities,

rendering it highly favorable.

Table 9.8: The outcome presents a comparison between the widths of the vessel acquired through
the automated method proposed and those obtained through manual measurements.

Sl.
No.

ᵆ�ᵉ�ᵉ�ᵉ�ᵈ�ᵈ�ᵉ�ᵈ�ᵈ�ᵇ�ᵈ�ᵈ�ᵉ�ᵈ� ᵇ�ᵈ�ᵈ�ᵉ�ᵈ�ᵈ�ᵇ�ᵈ�ᵈ�ᵉ�ᵈ� AVR
ERROR

Artery Vein Artery Vein Auto Manual

1 11.75 21.40 12.20 23.40 0.549 0.521 -0.027

2 18.02 27.31 17.46 26.57 0.659 0.657 -0.002

3 17.69 38.83 17.85 40.02 0.455 0.446 -0.009

4 14.87 28.28 15.65 31.14 0.525 0.502 -0.023

5 3.16 4.47 6.41 8.94 0.706 0.717 0.010

6 2.76 3.61 2.81 3.60 0.764 0.780 0.016

7 10.50 15.80 9.4 13.60 0.664 0.691 0.026

8 10.63 13.45 10.76 13.41 0.790 0.802 0.012

9 6.83 10.82 5.32 7.81 0.631 0.681 0.050

10 2.03 6.08 2.06 6.32 0.333 0.325 -0.007

The presentation evaluation of a binary classifier system was conducted using the receiver

operating characteristic (ROC) curve displayed in Fig. 9.9. This curve portrays the association

between the true positive rate (sensitivity) and the false positive rate (1 - specificity) with varying

classification thresholds. By visualizing the classifier's performance at various thresholds, the

ROC curve enables the assessment of its ability to distinguish between positive and negative



Active-BDCLF

168 | P a g e 

instances. Additionally, it facilitates the comparison of different classifiers or models. In this

particular ROC curve, the dataset from the drive was utilized to analyze the performance of five

distinct techniques, including the proposed Active-BDCLF method. Results indicate that the

PROPOSED method outperforms existing techniques in terms of ROC, as evidenced by its faster

and more stable curve. A stable ROC curve signifies that the classifier's performance remains

consistent and reliable across diverse datasets or conditions, thereby instilling confidence in its

generalization capability to new and unseen data. Furthermore, these findings establish the

superiority of the proposed Active-BDCLF method over existing approaches.

Fig. 9.9: The average ROC plot for 40 DRIVE data is shown using five different methods.

The AVR and CDR values obtained through the Active-BDCLF method, as shown in Table 9, are

applied to measure the condition of the patient in terms of diabetes, glaucoma, and overall health.

To accomplish this, a selection of retinal images from the HRF dataset, encompassing diabetic,

glaucoma, and healthy cases, were randomly chosen. The results obtained were promising,

revealing an average CDR of 0.68 for diabetic patients, 0.62 for glaucoma patients, and 0.41 for

healthy individuals. Similarly, the average AVR values were found to be 0.52 for diabetics, 0.43

for glaucoma patients, and 0.75 for those without any eye-related conditions.

Table 9.9: Result shows the AVR and CDR for patient’s different health conditions.
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HRF
Image

Patent’s
Condition

OD
(Avg.)

OC
(Avg.)

WArtery

(Avg.)
WVein

(Avg)
CDR AVR

01_dr

Diabetic

372 294 13.15 32.37 0.63 0.41

02_dr 375 306 12.32 22.62 0.67 0.54

03_dr 327 281 14.05 23.18 0.74 0.61

04_dr 336 268 13.19 26.39 0.64 0.50

01_h

Healthy

410 248 17.39 20.81 0.37 0.84

02_h 408 267 16.18 23.41 0.43 0.69

03_h 396 237 17.02 22.11 0.36 0.77

07_h 416 278 17.36 24.79 0.45 0.70

01_g
Glaucoma

338 261 12.27 26.58 0.60 0.46

08_g 367 292 11.43 28.91 0.63 0.39

9.3. Conclusion:

An automated approach has been proposed to evaluate two specific target features in the human

eye, namely CDR and AVR, to detect abnormalities associated with conditions like diabetes,

glaucoma, and hypertension. The results obtained so far are promising, demonstrating high levels

of accuracy: 98.6% for OD, 97.8% for OC, and 98.55% for AVR, with only minor errors. This

technique surpasses other established methods in terms of speed due to its fully automated nature,

and it requires minimal expertise for implementation, making it accessible to individuals with any

level of medical knowledge. The positive outcomes achieved through this method allow for the

measurement of various parameters (such as nicking, narrowing, and branching coefficients),

which can assist in diagnosing different diseases.

A series of clinical images acquired from publicly available datasets will be quantitatively

evaluated in the next study to find the retinopathy of prematurity (ROP). 
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Retinal image processing has emerged as a critical field in medical imaging, enabling early

detection, diagnosis, and management of various ocular and systemic diseases. Throughout this

research, significant advancements have been made in the development of robust, accurate, and

automated methodologies for processing retinal images, thereby enhancing diagnostic precision

and reducing the burden on healthcare professionals.

The study has successfully demonstrated the effectiveness of various image processing techniques,

including preprocessing, segmentation, feature extraction, and classification, in analyzing retinal

images. The application of advanced deep learning models, such as convolutional neural networks

(CNNs) and transformer-based architectures, has significantly improved the accuracy and

efficiency of disease detection, particularly for diabetic retinopathy, age-related macular

degeneration, and glaucoma. The integration of machine learning and artificial intelligence has

proven to be a powerful approach in automating the detection of pathological features, minimizing

subjective interpretation errors, and facilitating large-scale screening programs.

One of the key contributions of this research is the development of novel image enhancement and

segmentation techniques tailored to address challenges associated with retinal images, such as

uneven illumination, low contrast, and noise artifacts. The proposed methodologies have

demonstrated superior performance in enhancing vessel structures, detecting lesions, and

segmenting optic disc and macula regions with high precision. Moreover, the adoption of hybrid

approaches that combine traditional image processing techniques with deep learning frameworks

has further refined the accuracy of automated diagnostic systems.

Despite the remarkable progress, certain limitations remain, including variability in image quality

due to differences in acquisition devices, variations in patient demographics, and the presence of

overlapping pathologies. Addressing these challenges requires the development of more

generalized models, extensive training on diverse datasets, and continuous improvement of image

augmentation techniques. Future research should also explore the integration of multimodal

imaging techniques, such as optical coherence tomography (OCT) and fundus fluorescein

angiography (FFA), to provide a more comprehensive assessment of retinal health.

Furthermore, the implementation of real-time, cloud-based, and mobile-friendly retinal image

processing solutions will enhance accessibility and scalability, particularly in resource-limited

settings. The fusion of artificial intelligence with telemedicine holds great promise in enabling
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remote diagnosis and early intervention, ultimately reducing the prevalence of vision-related

complications and improving global eye health.

Despite the promising outcomes, this study is subject to certain limitations that should be

acknowledged. One of the primary challenges lies in dataset variability, as the ophthalmic images

used in this research originate from different acquisition devices, illumination conditions, and

patient demographics. Such variations may influence the model’s generalization ability across

different clinical environments.

Another significant limitation is the limited availability of high-quality annotated medical images,

especially those with precise lesion-level labeling. Since manual annotation requires expert

ophthalmologists and is time-consuming, the size of the labeled dataset remains relatively small.

This constraint can affect the robustness and scalability of the proposed algorithms.

To address these challenges, future work could explore domain adaptation, data augmentation,

and semi-supervised or weakly supervised learning approaches to enhance generalization and

reduce dependence on large, fully annotated datasets.
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There is a number of public retinal datasets available with blood vessel details. It is the key step

for blood vessel segmentation to train and test the classifier on the retinal database. Some databases

i.e. STARE and DRIVE etc. are publicly available for the researchers along with the ground truth

images of the vessels. The performance of the classifier can be evaluated using these datasets.

STARE stands for Structured Analysis of the Retina. This dataset consists of 400 retinal images,

captured using TOP-CON TRV-50 fundus camera with additional settings of 035  field of view

(FOV) and 8ᵄ�ᵅ�ᵆ�ᵆ� / ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� channel at 605 × 700 pixels. The average diameter of the FOV is 650 × 700

. STARE has 20 vessel ground truth images used for blood vessel segmentation of which 9 are

healthier while the rest of them has shown a different type of retinal diseases. Two experts

manually segmented these images in which the first expert segmented 10 . 4% of vessel pixels,

while the second expert segmented 14 . 9% of the thinner vessel. Generally, the segmentation of

the first observer is used to compute the performance as the ground truth.

Digital Retinal Images for Vessel Extraction (DRIVE) is one of the commonly used datasets for

retinal blood vessel segmentation. DRIVE consists of 40 retinal images, of which 33 are healthier

images while 7 have shown signs of mild diabetic retinopathy. Canon CR5 non-mydriatic camera

with 045  FOV and 8 ᵄ�ᵅ�ᵆ� ᵅ�ᵅ�ᵅ� ᵅ�ᵅ�ᵅ�ᵅ�ᵅ� channel at 768 × 584 pixels have been used to capture the

images in JPEG format. Every image has a circular FOV of 054  pixels in diameter. The DRIVE

dataset has been divided into training and test set with 20 images each. In the training set, 14 

images were segmented by the first expert, and 6 images were segmented by the second expert. In

the test set, segmentation has been performed twice in two cases. In case 1, the first and second

experts segmented 13 and 7 images respectively while the case 2 has been performed by the third

expert. In case 1 and case 2, the observers marked 12 . 7% and 12 . 3% pixels as vessels

respectively.

Child Health and Heart Studies in England (CHASE) contains images of different diseases in

which retinal images along with ground truth vessels can be found in the first database entitled

CHASE_DB1. The images were captured with an NM-200D fundus camera with 035  FOV, 1280 × 960

pixels resolution, and in TIF format. The images were captured under full-field illumination and

around the center of the optic disc. The CHASE DB1 database incorporated 28 pictures altogether,

which were gathered from the left and right eyes of 14 kids. The vessel ground truth pictures were
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physically sectioned by two experts. There was no record of the disease in the 28 retinal pictures,

however, they are all of great quality and differentiation.

This is the database of high-resolution fundus images created by Jan Odstrcilik to perform a

comparative analysis of automatic segmentation algorithms. HRF database contains 45 

photographs including 15 of normal patients, 15 images of the patient with glaucomatous, and 15

of diabetic retinopathy patients. The images in this dataset have 3504 × 2336 resolutions, which

is higher than other retinal databases. Binary gold standard images are available for each image

and these ground truth images are manually segmented by the experts in the retinal image analysis

field. Canon CR-1 camera was used to capture fundus images along with 045  FOV and different

acquisition settings.

The retinal image processing dataset utilized in this study is a comprehensive collection of high-

resolution retinal images, specifically curated to facilitate the development and evaluation of

advanced image processing techniques for retinal health assessment. The dataset encompasses a

diverse range of retinal conditions, including diabetic retinopathy, age-related macular

degeneration, glaucoma, and normal retinal morphology. These images have been acquired

through various imaging modalities such as fundus photography, optical coherence tomography

(OCT), and fluorescein angiography. Additionally, the dataset includes annotated ground truth

labels, identifying key features, lesions, and abnormalities within the retinal images. This richly

annotated dataset serves as a vital resource for training and validating algorithms aimed at early

disease detection, classification, and progression monitoring, ultimately contributing to the

enhancement of clinical decision support systems and advancements in retinal image processing

technology.
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Abstract— The main objective of medical image 

processing field is to design computational tools which will 

assist quantification and visualization of remarkable 

pathology and anatomical structure. Diabetic retinopathy is a 

medical disorder where the retina is damaged due to fluids 

leak from the blood vessels into the retina of human eye. The 

identification of optic disk in retinal fundus images and 

quantitative study of the evolution of its shape and size plays 

an important role in diagnosing different pathologies, and the 

abnormalities related to the retina of human eye. Most of the 

abnormalities which are related to optic disc may leads to a 

structural changes in the inner and the outer area of the optic 

disc. Optic disc identification and segmentation on the level of 

the whole retinal image reduces the detection sensitivity for 

those parts. In this research, an advanced classification based 

on hierarchical process for the detection and segmentation of 

optic disc has been proposed. The exact boundary of optic disc 

is obtained by calculating the region of interest and applying 

an innovative morphological transformation based adaptive 

thresholding. The presented technique helps to reduce the 

process area needed for segmentation techniques leading to a 

distinguished performance enhancement and reducing the 

amount of the needed computational cost for each retinal 

fundus image. The proposed technique has been evaluated on 

publicly available data sets of retinal images which are 

DIARETDB1, DRIVE, HRF, DRIONS-DB, IDRiD and 

STARE, and a remarkable improvement has been found over 

the existing techniques in terms of accuracy and processing 

time. 

Keywords— Keywords: Retinal image analysis, Region-

of-Interest, CLAHE, optic disc, morphological operation, 

segmentation, and classification. 

I. INTRODUCTION 

Diabetes associated with different serious complications 

to human organs such as heart failure, complete vision loss, 

types of strokes etc., is more likely to develop different 

problems related to eye such as glaucoma and cataract but 

the effect of diabetes on the retina is the main risk to vision 

[1]. Adverse effect of diabetes causing different 

complications in retina including complete vision loss is 

called diabetes retinopathy [1]. 

Retinal images captured by fundus camera with different 

camera settings are used by ophthalmologists to diagnose 

several eye related diseases. Analysis of retinal images 

includes identification and extraction of many retinal 

anatomical structures which are directly related to the 

disease. Retinal optic disc, optic cup, vessels, fovea, 

exudates, hemorrhages etc. in figure (1) are several 

examples of retinal anatomical structures that depict the 

target features for different segmentation techniques [2-5]. 

In this research, authors are precisely focussing on the 

outcome of diabetes on retinal optic disc of human eye. 

Optic disc is the brightest part of a retinal image where the 

blood vessels are merging and from where fovea can be 

found out at a fixed distance. Optic disc identification can 

be used to identify the blood vessels and fovea. Moreover, 

optic disc, share's similar characteristics with different 

features like exudates and cotton wool spots of diabetic 

retinopathy disease. 

 

Figure 1: Different features of retinal images of human eye related to 

diabetics. Source [6]. 

According to [7-9] more than 382 million people 

globally suffering from the disease diabetes are aged in 

between 40 to 59 years. While India, China, and USA are in 
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the top considering to other countries and to screen such a 

large population, a large no of the ophthalmologist is 

essentially required. Thus, it is very advantageous to design 

an automatic diabetic retinopathy detection algorithm to 

support the ophthalmologist. 

This research presents an advanced technique for the fast 

and accurate identification and segmentation of optic disc in 

different special filtering, contrast limited advanced 

histogram equalization and different morphology based 

techniques. First the red component of the input image has 

been considered as it provides the brighter part of the image 

more clearly. Special filters remove unwanted frequency 

components from the applied signal and enhance wanted 

ones. Histogram of red part of the input fundus image 

provides the different intensity characteristics. The most the 

image with the highest intensity has been considered as the 

optic disc. Experimental evaluation shows proposed 

technique is computationally fast in processing, robust to 

the variation in image contrast and illumination, and 

comparable with the state of the art methodologies in terms 

of quantitative performance metrics. 

II. RELATED WORK 

Automatic analysis of optic disc may be divided in two 

different parts, optic disc detection and segmentation. 

Sinthanayothin et al. [10] identified optic disc due to 

change in intensities occurring for blood vessels. Image 

feature vector projection to localize optic disc has been 

applied by Mahfouz et al. [11]. Watershed thresholding has 

also been applied to identify the optic disc. Watershed 

thresholding suggested by Walter et al. [12] has been used 

to find out optic disc contour. Thresholding based binary 

image performed on the intensity parameters, has been used 

to obtain the centroid of the brightest and the largest 

connected object. Hoover et al. [13] performed the fuzzy 

convergence logic by using voting type algorithm 

technique for optic disc detection considering the vessels 

origin and there after identified the centre of optic disc by 

considering the optic disc as a circular object or an elliptical 

shape [14] and performed the template matching 

algorithm[15,16]. Abdullah et al. [17, 18] proposed the 

optic disc detection without any template matching or 

vascular parameter information. The different morphology 

based operations has been used to identify the enhanced 

optic disc without any pathologies or retinal vasculature. 

Hough transformation has been used to approximate the 

optic disc centre. 

For optic disc edge segmentation, Joshi et al. [6, 19] applied 

vessels kinks property to detect the optic disc edges 

properly. The irregular shape of the optic disc has been 

captured using gradient based active contour models. The 

algorithm initially performs the optic disc detection task by 

applying the gradient vector flow based on active contour 

method [20] and minimizes the high gradient values at the 

blood vessel locations i.e. minimizing the gradient energy. 

In [21] the deformable model based algorithm has been 

proposed where snake model [21] has been used to increase 

the vessels occlusion more prominently. The mentioned 

algorithm has been divided into two groups which are 

knowledge based clustering and smoothing. The cluster 

groups have been updated by the information collected 

locally as well as globally.  

Abdullah et al. [16] identified the OD boundary using the 

grow-cut technique. Level set method and directional 

matching algorithm has been done by Yu.et al. [22] to 

segment the optic disc boundary.  

It has been found that the presence of the blood vessels 

within and all over the optic disc, irregular shape of optic 

disc, the existence of the pathological features, existence of 

uneven illumination and noise in the image disturbs the 

proper segmentation of optic disc. A novel Optic Disc 

segmentation technique is proposed in this research that 

works even in the presence of these obstacles without the 

use of any prior information and template or Vessel map. 

III. MATERIALS AND METHODOLOGY 

In this research, a novel supervised method of optic disc 

identification and segmentation has been proposed which is 

robust to variations in illuminated images and retinal 

abnormalities. Optic disc may be the brightest region of the 

retinal image but the whole optic disc region part is not 

equally brightly illuminated. For exactly detection of optic 

disc boundary it is vital to detect the total bright optic disc 

regions. To achieve this a four step approach has been 

proposed, where in the first step retinal images are collected 

from different publicly available data set and converted into 

red plane so that the bright regions of the images are found 

in a brighter way. The second step is basically related to 

image enhancement where different image calibration, 

registration, optimization, transformation and filtering 

techniques are used. In the third step bright regions in close 

vicinity of major blood vessels are detected by thresholding 

a morphological reconstruction and region-based 

classification is performed to retain only the bright probable 

OD regions among all the bright regions previously 

detected. In the fourth step, Image analysis has been done. 

Here OD portion are cropped leaving rest of part and the OD 

is segmented out form the cropped ROI and the segmented 

OD are correlated with the ground truth data of the optic 

disc to validate the segmented result found by the proposed 

algorithm. A flowchart outlining these three steps for OD 

detection is shown in Figure (2). 

 

 
Figure 2: Detection of optic disc from retinal fundus image and 

segmentation of optic disc from retinal fundus images. 

A. Dataset: 

For the performance analysis of optic disc identification 

and segmentation, retinal images are manually marked for 

the optic disc boundary using GIMP software. The proposed 

optic disc identification and segmentation algorithm is 

examined on the fundus images found from the publicly 

available data set. 
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DRIVE [23] data set contains 40 images taken by 

CANON CR5 fundus camera with 450 field of view and size 

of ]584564[   pixels in TIFF format. Among 40 images 33 

are normal and 7 are diseased. 

DIARETDB1 [23] data set contains 89 images taken by 

Nikon F5 fundus camera with 500 field of view and size of

]11521500[    pixels in PNG format. Among 89 images 5 are 

normal and 84 are diseased. 

STARE [23] data set contains 81 images taken by 

TopCon TRV-50 fundus camera with 350 field of view and 

size of ]600400[  pixels in TIFF format. Among 81 images 

31 are normal and 50 are diseased. 

DRIONS-DB [23] data set contains 110 images of size  

]600400[  pixels each in JPEG format. 

IDRiD [23] data set contains 597 images of size ]42882848[   

pixels each in JPEG format. 

B. Pre-processing: 

In RGB color space, each color is composed by three 

primary additive color spectral components, red, green and 

blue. A color image in this spectral is being represented in 

terms of intensity function as 

    BGRRGB FFFI ,,    (1) 

Here  yxFR , ,  yxFG ,  and  yxFB ,  denotes the intensity of the 

pixel position  yx,  in the red, green and blue channels 

respectively. As the brightest optic disc is the target feature 

of this research, the RGB color image is being transformed 

into a gray level image. The transformation has been done 

by using the mentioned equation (2). 

   
BGRy FFFI 1666.05.0333.0   (2) 

Here 
yI represents the equivalent intensity of the gray 

component image transformed from RGB. The intensity 

related to red component is being considered for next step 

of the proposed algorithm. The reason is that it provides the 

brighter part of a gray image in more bright way. 

A special filter is used to remove the noise by enhancing the 

intensities of pixels related to the target features on the 

image according to the intensities of the typically small 

rectangular sized neighbourhood pixels. Consider  yxF ,

denotes the input image and  yxG ,  is the output image, 

hence  yx,  represents the as integer coordinates of the 

pixels, with parameter ranges 10  Mx  and 10  Ny  

where each image of F and G are of size NM  . The 

neighbourhood pixel canter at the point   yx,  is defined as 

  
    btbasatysxS yx  ,,,,

 (3) 

where 0, ba  are the integers. The size of  
 yxS ,

  is equal to 

  1212  ba  , and denoted by 12  am   and 12  bn , thus 

the size of 
 yxS ,

  becomes NM    and , 
2

1


m
a ,

2

1


n
b . 

A window mask is defined as  tsww , , for all 

btbasa  ,   of size NM  . The output image 

 yxG ,   is defined as 

        tysxFtswyxG
a

as

b

bt

  
 

,,,  (4) 

The condition of the boundary image, F, must be taken care 

of in case of when  tysxF  ,  is not defined. Smoothing 

of the image F(x, y) of size NM  has been done by using the 

following expression. 

   
   

  

 

 

 




a

as

b

bt

a

as

b

bt

tsw

tysxFtsw

yxG

,

,,

,
  (5) 

In equation (5)  yxG ,  is calculated for all  yx, positions 

with x = 0, 1, 2, 3, 4… M-1 and y = 0, 1, 2, 3, 4… N-1. As 

the denominator of the mentioned equation is constant, it is 

needed to calculate only once. The blurry image F(x, y) of 

size NM    found after smoothing has been made sharper 

through the process mentioned in equation (6). 

       yx
y

F
yx

x

F
yxF ,,,

2

2

2

2









   (6) 

In contrast limited adaptive histogram equalization 

(CLAHE), the input image is divided into two parts which 

are non-overlapping contextual area or tiles and local 

histogram of those tiles. Before the approximation of 

cumulative probability density and intensity of enhanced 

contrast, histogram of individual tile is clipped using some 

user defined clip limit which is the multiple of the 

histogram’s average height of the contextual region. 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐻𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝐻𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚 

=   
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑜𝑛𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑟𝑒𝑔𝑖𝑜𝑛

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙
 

For the contextual region of size say YX  and P be the 

number of histogram bars, the clip-limit is given by, 











otherwise
P

XY
if

nc

1

11


 10    (7) 

Where   = contrast factor defined by user. The actual 

height of the histogram of the contextual area '' kn  is being 

clipped using the clip limit '' cn   as mentioned in equation 

(8) where 
kh the histogram of is given region. 



 


otherwisen

nnifn
h

k

ckc

k
 1,......,3,2,1  Pk  (8) 

Note that,  





1

0

P

k

k XYn    (9) 

Total clipped pixels, 





1

0

P

k

kT hXYn   (10) 
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Renormalizing the histogram or bringing the area under the 

curve back to its original range, the clipped pixel values are 

spread back to the histogram plots. The rearrangement may 

be uniform otherwise the clipped pixel values may not be 

uniformly spread into the histogram plots with values of 

pixels below the clip limit. The pixels distributed to each 

histogram bins can be found from equation (11) 

P

hXY

P

n
n

P

k

k

T










1

0


  (11) 

In equation (11) 
kh  defines the clipped histogram range. 

Now the clipped histogram is being renormalized as, 










otherwisenn

nnnifn
h

k

ckc

k



   (12) 

The number of pixels not distributed can be calculated from 

equations (10) to (11) and the transformation shown in 

equation (12) is repeated until all the clipped pixel values 

get spread uniformly to the histogram plots and the 

histogram develops back to its original range. The 

accumulative histogram of the contextual region is being 

computed as, 





k

j

jk h
XY

C
0

1    (13) 

Using the above mentioned technique the largest region of 

maximum intensity is being considered as the area of 

interest. 

C. Post Processing 

In this section of the research, the optic disc from the 

cropped image has been segmented out by using multilevel 

thresholding followed by some morphological based 

operation. 

In multilevel thresholding technique, a number of 

thresholds points  LTTTT ,.......,,, 321
 in the histogram image 

 yxf ,    is used to separate the image pixels. By using 

the separated threshold points, the original cropped image 

is being segmented to get image   yxfT , . Specifically: 

  

 
 

 



















LL Tyxfifg

TyxfSifg

Tyxfifg

yxfT

,

..............................

,

,

,
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  (14) 

Such that 
ig   denotes the gray-level allocated to all pixel 

points at the region i  that eventually signifies the object i . 

As in equation (14), the 1L   areas are calculated by the L  

number of thresholds  LTTTT ,,.........,, 321
. The maximum 

values of gray-level i.e. 255 can be used to dispense the 

gray-level regions correspondingly. Precisely, 










L
igi

255   

so that the function returns an integer value of the 

argument. In contrast, the value of 
ig   can be selected as 

the mean value of gray-levels of the region’s pixels. 

IV. RESULT AND DISCUSSION 

In this part of the research, the experimental results 

obtained by using the proposed method have been explored 

and discussed. The above mentioned system has been 

developed and tested under MATLAB 2018a software with 

the help of image processing toolbox. 

The proposed method for detection and segmentation of 

optic disc have been extensively tested on above mentioned 

standard diabetic retinopathy databases. The choice of 

successful detection and failed detection of optic disc is 

based on the observation of human eye. To verify the optic 

disc localization results, optic discs of each image are 

manually categorized by the ophthalmologists [16]. The 

manually separated optic discs by human observer are 

considered as the ground truth data set. After successful 

detection of the optic disc, the proposed post processing 

algorithm has been applied to segment out the detected optic 

disc from different dataset. The step by step result of 

detection and segmentation of optic disc is shown in figure 

(3) and the optic disc detection result for different data set 

has been shown in figure (4). 

 

Figure 3: OD detection and segmentation steps; (a) Input fundus image, (b) 

red component of input, (c) OD detection, (d) OD cropping, (d1) histogram 

of figure (d), (e1) equalized histogram of figure (e),   (e) OD enhancement, 
(f) OD segmentation 

A comparison of the performance analysis of the proposed 

method with the result set different authors to detect the 

optic disc is shown in table (1) which simply shows that the 

performance of the proposed method is better than the 

mentioned existing methods. 
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Figure 4: Optic Disc Identification and selection of AOI: (a) Input fundus 

images, (b) red components of inputs, (c) OD identification by marking, (d) 
OD cropping 

TABLE . Performance comparison of proposed method to detect OD with 

other existing methods 

Algorithm Dataset 

Number of 

samples 

taken 

Success rate 

(%) 

Mohanta [18] STARE 81 64.10 

Park [19] DRIVE 35 90.25 

Niemeijer [20] DRIVE 40 89.00 

Manish Kumar 

Aggarwal [21] 

DRIVE 40 95.00 

DIARETDB1 89 98.80 

Foracchia et al. [22] STARE 81 97.50 

Mahfouz et al. [23] 
DIARETDB1 89 97.80 

STARE 81 92.60 

Youssif et al. [24] STARE 81 98.77 

ADSO Method 

DRIONS-DB 110 99.09 

DRIVE 40 97.50 

STARE 81 98.76 

IDRiD 597 93.80 

DIARETDB1 89 98.87 

HRF 15 100.00 

The optic disc segmented results for different databases 

using above mentioned proposed technique is shown in 

figure (5) where column (a) shows the input RGB fundus 

images of different dataset used, column (b) shows the 

identified and cropped optic disc and column (c) provides 

the optic disc segmented results of mentioned data set. 

 

Figure 5: OD segmentation result for different dataset: (a) Input fundus 
image, (b) OD identification, (c) OD segmentation 

In this research, as the optic disc has been identified first and 

cropped version of the optic disc has been used for 

segmentation purpose. The advantage is that the other 

parameters of the retina can be avoided and not need to be 

excluded separately. It will make the segmentation process 

faster and more accurate. 

The sensitivity, specificity, accuracy and the overlapping 

ratio of the for the output result found using the proposed 

method has been calculated using the below mentioned 

simple mathematical expressions 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

=  
∑ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

∑ 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

=  
∑ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

∑ 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ
 

𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔 𝑅𝑎𝑡𝑖𝑜 =  
𝑂𝐷𝐵𝐺 ∩ 𝑂𝐷𝐵𝑅

𝑂𝐷𝐵𝐺 ∪ 𝑂𝐷𝐵𝑅

 

Where, 

 𝑂𝐷𝐵𝐺 = 𝑜𝑝𝑡𝑖𝑐 𝑑𝑖𝑠𝑐 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑓𝑟𝑜𝑚 𝑑𝑔𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 

𝑂𝐷𝐵𝑅 = 𝑟𝑒𝑠𝑢𝑙𝑡𝑎𝑛𝑡 𝑜𝑝𝑡𝑖𝑐 𝑑𝑖𝑠𝑐 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 

For segmentation purpose to get the best fitted result 

morphological dilation, erosion, opening and closing steps 

have been used depending on the requirements. To do so a 

structuring element has been considered. It is basically a 

user defined matrix that classifies the pixel in the processed 

image and explains the neighbourhood required to process 

each and every pixel. Due to change in the structuring 

element the quality of the output result changes as well as 

performance analysis also varies. Figure (6a), (6b), (6c) and 

(6d) shows the performance analysis of sensitivity, 
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specificity, accuracy and overlapping ratio with respect to 

the structuring element. 

 

Figure (6a): Sensitivity graph of different database used with respect to 

different Structuring Elements 

 

Figure (6b): Specificity graph of different database used with respect to 

different Structuring Elements 

 

Figure (6c): Accuracy graph of different database used with respect to 
different Structuring Elements 

 

Figure (6d): Overlapping ratio graph of different database used with 
respect to different Structuring Elements 
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The main objective of the medical image-processing field is to design computational tools that will assist the 

quantification and visualization of remarkable pathology and anatomical structure. Diabetic retinopathy is a 

medical disorder where the retina is damaged due to fluids leak from the blood vessels into the retina of the 

human eye. The identification of blood vessels in retinal fundus images and quantitative study of the evolution 

of its shape and size plays an important role in diagnosing different abnormal conditionscorrelated to the 

retinal structure of the human eye. Most of the abnormalities, which relate to blood vessels, may tends to a 

structural changes of the blood vessels. Segmentation of blood vessels corresponding to entire retinal image 

reduces the sensitivity for those areas. In this research, an advanced algorithm related to CLAHE and 

multilevel thresholding based on harmony search for the detection and segmentation of blood vessels has 

been proposed. The presented technique helps to reduce the process area needed for segmentation 

methodrelated to notable performance enhancement and reducing computational cost for each fundus image 

of human eye. The proposed technique has been evaluated on publicly available data sets of retinal images, 

which are CHASEDB1, DRIVE, HRF and STARE, and a remarkable improvement has been found over the 

existing techniques in terms of accuracy and processing time. 

KEYWORDS 

Retinal image analysis, Region-of-Interest, CLAHE, blood vessels, multilevel thresholding, harmony search, 
segmentationand classification. 

1. INTRODUCTION 

Diabetes associated with different serious complications to human organs 

such as heart failure, complete vision loss, types of strokes, etc., is more 

likely to develop different problems related to the eye such as glaucoma 

and cataract but the effect of diabetes on the retinal system causes the 

main risk in vision system that may cause different complications in retina 

including complete vision loss is called diabetes retinopathy (Niladri et al., 

2020; Susman et al., 1982). 

Ophthalmologists diagnose several eye-related diseases by using the 

retinal images, which captured by the fundus camera with different 

settings of the camera. Analysis of retinal images includes the 

identification and extraction of many retinal anatomical structures, which 

directly related to the disease. There are several examples of retinal 

structures are shown in the following figure 1 that depicts the target 

features for different segmentation techniques such as Retinal optic disc, 

optic cup, vessels, fovea, exudates, hemorrhages, etc. (Almotiri et al., 2018; 

Srinidhi et al., 2017; Almazroa et al., 2015; Fraz et al., 2012). 

In this research, authors are precisely focusing on the outcome of diabetes 

on retinal vessel structures of the human eye. Blood vessel diameter 

changes due to the change in vessel fluid pressure, which relates to the 

sugar level of the human body. Generally, in retinal image optic disc is the 

brightest part where the blood vessels are merging. Optic disc 

identification can be used to identify the blood vessels. 

Figure 1: Different features of retinal images of human eye related to 
diabetics. Source (Joshi et al., 2011). 
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According to more than 382 million people (age 40 to 59 years) are 

suffering from diabetes disease (Aguiree et al., 2013; Wild et al., 2004; 

Bottomley et al., 2008). While India, USA, and China are considered as the 

top with respect to other countries and for screening this kind of large 

population, a very large no of the ophthalmologist is primarily needed. For 

this, it is very much essential to design an algorithm to detect diabetic 

retinopathy automatically. This research presents an advanced technique 

for the fast and accurate segmentation of retinal vessels in different special 

filtering; contrast limited advanced histogram equalization and multilevel 

thresholding technique based on harmony search. 

First, the optic disc has been identified after that segmented from the 

fundus image. The red component of the input image has considered as it 

provides the brighter part of the image more clearly. Special filters remove 

unwanted frequency components from the applied signal and enhance 

wanted ones. Histogram of the red part of the input fundus image provides 

different intensity characteristics. Most of the images with the highest 

intensity has considered as the optic disc. The different morphological 

technique has been used to segment out the optic disc. Secondly, the image 

has been enhanced so that the vessels can be found more clearly. CLAHE 

with different clip limits has been used to achieve the best-enhanced 

result. Finally, multilevel thresholding based on harmony search has been 

introduced to segment out the vessel structure. After the experimental 

evaluation, it is observed that the proposed technique shows better results 

in terms of image contrast, illumination, and quantitative performance and 

is computationally faster in terms of processing. 

2. LITERATURE REVIEW 

There are different kinds of work that have been done related to this field, 

some of the work have discussed below. In the author deeply researches 

on the advanced classification of optic disc for the segmentation and 

detection of vessels based on the hierarchical process (Niladri et al., 2020). 

Here an innovative morphological based thresholding technique is 

implemented for exacting the boundary of the optic disc. The proposed 

technique is very much helpful to reduce the process area for the vessel 

segmentation techniques. For this, the computational cost for each retinal 

fundus image is reduced. After the experiment, it is observed that the 

proposed technique shows a better result in terms of accuracy and 

processing time. 

In the author compares the OTSU thresholding with Morphology based 

thresholding for the segmentation of vessels (Niladri et al., 2016). 

Generally, threshold segmentation is an important step for image 

segmentation and it has a lot of scopes available on the research field of 

image processing of this technique. The thresholding is the simplest 

method of image processing to separate any object from the background 

image. Here two different techniques are applied for the vessel 

segmentation and after the experiment; it is observed Morphology gives a 

better result than the OTSU thresholding for the segmentation of vessels. 

In the author proposed a concept of blood vessel segmentation of the 

retinal image (Rattathanapad et al., 2012). In this paper, the author 

exhibits the technique of line detection in the multi-scale framework for 

vessel segmentation with systematically combines the Gaussian line 

detection output, which sequentially applied to the input. The Blood 

vessels of a retinal image are very much an important factor for the 

diagnosis of different types of diseases such as diabetes, arteriosclerosis, 

and hypertension. Normally, the images, which are taken from the retinal 

cameras, are usually poorly contrasted. To detect the diseases from that 

image, the ophthalmologist takes a lot of time. For making, the process in 

the easiest way multiple algorithms developed to segment blood vessels 

of the retinal images. 

Various changes in morphology, branching, diameter, the pattern of blood 

vessels indicate various clinical disorders of body and eye. In the author 

discusses the vessel segmentation of retinal images by using the 

supervised method (Fraz et al., 2012). For the classification of the retinal 

image in this work, a Bayesian classifier has been used. 

Blood vessel segmentation of the retinal fundus image is the initial step for 

the detection of different types of diseases, which related to retina such as 

diabetic retinopathy. The retinal fundus image of the patients shows some 

abnormalities, which predict the presence of diseases (NehaGour et al., 

2017). In another paper, the author proposed an efficient method for the 

segmentation of vessels with the help of morphological top-hat 

transformation by using the hybrid median filter. In this paper, the method 

evaluated in terms of the accuracy of the segmentation, specificity, and 

sensitivity. 

In another paper the author proposed the method for blood vessel 

segmentation of retinal images (SaeidFazli et al., 2013). The structure of 

blood vessels of retinal images is a very much important factor in terms of 

the diagnosis of different kinds of diseases. Here, the author proposed a 

scheme on the preprocessing of the retinal image by enhancing the 

histogram of the images. In this paper, the author discusses the effect of 

the non-linear and linear intensity transformation in segmented vessels of 

the retinal image. Here the author focuses mainly on two methods for the 

segmentation of a vessel that includes the Gaussian matched filter and the 

first derivative of Gaussian matched filter. These methods are helpful in 

many research works but still, there are some problems, which may occur 

during the detection of vessels (Chaudhuri et al., 1989; Hoover et al., 2000; 

Al-Rawi et al., 2007; Bob et al., 2010). To overcome this problem adaptive 

histogram equalization technique is used. In this experiment, the 

improved match filter shows better results of accuracy. 

The most important factor to manage the different diseases is the 

automatic detection of the structures of the blood vessel. In another paper 

[20] the author proposes an algorithm for the segmentation in retinal 

images based on the features of the integral channel. Here, a preprocessing 

technique performed for obtaining the pixels of vessels of each candidate. 

3. PROPOSED SCHEME 

In this research, a novel supervised method has proposed for the 

segmentation of the vessel to detect the retinal abnormalities. Generally, 

the optic disc is the brightest section of the retinal image but the total 

section of the optic disc is not equally bright. Therefore, for the detection 

of the optic disc boundary efficiently, it is very much essential to detect the 

total brightest part of the optic disc. To achieve an effective result a six 

steps approach has proposed in this paper. At the first stage of this 

technique all, the retinal images collected from different sources, which 

are publically available. The second stage related to the filtering technique 

and enhancement of vessels. To achieve this median filter plays a very vital 

role in removing the noise from the input image. After that, the Contrast 

Limited Adaptive Histogram Equalization (CLAHE) technique is applied to 

those images for the enhancement of vessels. In the third stage of the 

scheme, Morphological opening and Top-Hat operation performed. After 

that, in the fourth stage Multilevel Thresholding technique is applied to 

detect the major blood vessels. The fifth stage includes the morphology-

based operation to detect the specific edges and shapes in the image and 

in the final step image analysis done for the detection of segmented vessels 

from the retinal images. 

Figure 2: Proposed System Architecture 
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3.1 Data set of Retinal fundus image: 

For the segmentation of the input fundus image, all the retinal images 

marked manually by using GIMP software. The proposed scheme 

examined on the fundus images collected from the publically available 

data set. 

 

DRIVE contains a data set of 40 TIFF images taken by the CANON CR5 

fundus camera with the 45 fields of view and the pixel size is pixel size 

584564 (Zhang and Zhao, 2014). This dataset contains 40 images among 

them 7 images are diseased image and rest part is normal. In another data 

set, DIARETDB1 consists of 89 PNG images captured by the Nikon F5 

fundus camera with the 50 fields of view and the pixel size is 11521500. 

This dataset contains 89 images among them 84 images are diseased 

image and rest part is normal. In STARE data set there are 81 TIFF images 

taken by TopCon TRV-50 fundus camera with the 35 fields of view and the 

pixel size is 400600. This dataset contains 81 images among them 50 

images are diseased image and rest part is normal. In DRIVES-DB data set 

there are 110 JPEG images with the pixel size is 600400 and in Madrid, 

data set there are 597 images with the pixel size 28484288. 

 

For smoothing the image here median filter is used as it is an effective 

solution for smoothing the image as it is very much efficient to reduce the 

noise and preserve the information about the edge of the resultant image 

(Niladri et al., 2013). It also does not create any unrealistic pixel intensity. 

 

3.2 Median Filter 

 

The Median filter is used to remove the noise from the input figure after 

the top-hat transform technique. Generally, the median filter used as a 

quality improvement process in the spatial domain. In the Median filter, 

pixel values are sort in the upward window for smoothing the image and 

remove the noise. After the sorting process, the median values obtain the 

original pixel value at the center of the window. During the process, if the 

pixel sequence is even, then, in that case, the average of two middle pixel 

values are taken for the future work. The mathematical equation for the 

median filter given below. 

 
𝑓(𝑥, 𝑦) =  𝑚𝑒𝑑𝑖𝑎𝑛[𝑔(𝑎, 𝑏)|(𝑎, 𝑏) ∈ 𝑊)]                                                         (1) 

Working function: 

Take the 3×3 windows and check the fifth pixel and if the pixel is noisy 

then in that case the pixel value replaced with the median value. After that, 

the diagonal pixel value selected from window for checking if the diagonal 

window is noisy or not. Finally, after the checking, if it is found noisy, then 

in that case, the values replaced with the median value. In the same way, 

the horizontal and vertical pixel values are check and if it is found noisy 

then the horizontal and vertical pixel values are replaced by median values 

of the element. 

3.3 Contrast Limited Adaptive Histogram Equalization (CLAHE): 

For the vessel segmentation, image enhancement is an important step to 

increase the quality of the image and improved comprehension ability. 

Histogram equalization is one of the important techniques for contrast 

enhancement that will increase the intensity of the pixel for the proper 

utilization of the entire dynamic range. From the histogram, it is observed 

that the input fundus images have a low contrast value which is narrow 

and are only concentrates on a certain amount of gray level. Generally, it 

is very much difficult to observe every detail from the retinal image, which 

may cause delayed diagnosis or even the wrong diagnosis of diseases. To 

avoid this kind of situation histogram equalization plays a very important 

role. In this work, the CLAHE technique is implemented which is an 

efficient technique for the biomedical image. This technique is very much 

helpful to increase the background in-homogeneities. We proposed an 

image enhancement technique, which is based on the CLAHE method to 

divide the image into small contextual segments (Tiles). 

 

CLAHE is one of the effective methods for the contrast enhancement to 

overcome the problem of low contrast value in the digital images (Example 

Medical images). Generally, it is the advanced version of the Adaptive 

Histogram Equalization and Histogram Equalization technique for the 

probability of a grayscale image. In CLAHE, a patch is used to process the 

input retinal fundus image to get a better contrast value (Sahu et al., 2018). 

In this process, the contrast of each small area of the image (tiles) 

increases the histogram of the image. After that, the neighbouring tiles 

merged to avoid the induced boundaries. The contrast enhancement 

technique mainly used to avoid the noise of the image. Let the Histogram 

equalization technique is applied on image y and j is the value of the gray 

level. Here the probability of the image at j level can calculate as𝑝𝑦(𝑗) =

 𝑝(𝑦=𝑗) =
𝑛𝑗

𝑛
 (𝑤ℎ𝑒𝑟𝑒 0 ≤ 0 < 𝐿)   (2) 

In the above image, the total number of gray level is L (generally, L = 256) 

and n is termed as total number of image pixels. 

3.4 Morphological Processing 

Generally, in image processing is the most suitable and acceptable 

technique to detect the shapes in images. For this Morphology is one of the 

efficient techniques which is introduced by Matheron to analyze the 

geometric structure of geologic and metallic samples (Serra et al., 1982). 

For the analysis of any image, mathematical morphology is a nonlinear 

tool, which plays a very important role in terms of quantifying the retinal 

pathology. There are four important steps of morphological operation 

such as Morphological Opening, Morphological Closing, dilation, and 

erosion (NehaGour et al., 2017). Generally, the morphological operation 

opening is the form of erosion, which followed by the dilation used for 

erasing any object and has a smaller size than the structuring element 

from the input image. So, for the enhancement of any object, which erased 

by using the operation opening, can be easily obtained by doing the 

operation between the original image and opened image (Fraz et al., 

2011). The main assumption from the proposed scheme is that the vessels 

are the brightest part with the Gaussian shape cross-section when the 

background is dark, which piecewise connected with each other, and are 

generally linear in nature. Therefore, for the enhancement of the vessels 

from the input retinal figure the morphological filters used with the linear 

structuring element. Generally, the morphological opening operation 

oriented at a particular point, which remove the vessel or a particular part 

of the vessel when the vessel does not contain the structuring element due 

to the orthogonal directions of structuring element and vessel and the 

structuring element size is longer than the vessel width. On the other hand, 

the vessel will almost unchanged, when the orientation of structuring 

element is parallel with the vessel of retinal fundus image. 

 

In the morphological process Dilation, the input image is superimposed by 

the Structuring Element. The main purpose of the Dilation operation is to 

increase the size of the pixels of the original image. It is also very much 

useful to fill the gaps in the image. 

 

∈𝐵 (𝐴) = 𝑚𝑎𝑥(𝑓,𝑘𝜖𝐵)[𝐴(𝑚+𝑓,𝑛+𝑘) + 𝐵(𝑓,𝑘)]                                                       (3) 

Like the Dilation, Erosion is another important morphological operation 

in which the main image is thinned by subtracting the main image by using 

the Structuring Element. It is the shrinking operation where the 

Structuring Element superimposed on the original image. In this 

technique, the resultant central pixel values are taken and the image 

details, which are smaller than the structuring element, removed from the 

main image. 

𝛿𝐵(𝐴) = 𝑚𝑖𝑛(𝑓,𝑘∈𝐵)[𝐴(𝑚−𝑓,𝑛−𝑘) − 𝐵(𝑓,𝑘)]                                                            (4) 

The morphological opening consists of Erosion, which followed by the 

Dilation. This technique is used for the smoothing of the image, break the 

narrow joint, and remove the thin protrusions. 

𝛾𝐵(𝐴) = 𝜖𝐵[𝛾𝐵(𝐴)]                                                                                                (5) 

The morphological closing operation consists of Dilation, which is 

followed by Erosion. This technique is very much helpful for smoothing 
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the image by fusing the narrow breaks and removes the small holes. 

∅𝐵(𝐴) = 𝛿𝐵[∈𝐵 (𝐴)]                                                                                                (6) 

Another technique of morphology can be used for better extraction and 

remove the noise from the input fundus image known as morphological 

top-hat to get more details of the vessels from the input retinal image. 

3.4.1 Morphological Top Hat 

The morphological top-hat transformation used for extracting the brighter 

regions from the input image. Basically, top-hat transformation is the 

difference between the original image and its opening (Dalwinder et al., 

2014). The top-hat transformation classified into two categories one is 

black top-hat transformation and another one is white top-hat 

transformation (NehaGour et al., 2017). In black top-hat, the objects are 

selected from the input image which has a smaller size with respect to the 

structuring element and also darker than the background. Generally, the 

blood vessels of the green channel are usually darker. For this, in this work, 

black top-hat is very much efficient. The equation of top-hat is written 

below. 

𝑇𝐻 = 𝐴 − 𝛾𝐵(𝐴)                                                                                                      (7) 

3.5 Multilevel Thresholding 

In the multilevel thresholding technique, several numbers of thresholds 

points such as [𝑇ℎ1, 𝑇ℎ2, 𝑇ℎ3,…… . 𝑇ℎ𝐿] have been used in the histogram 

image𝑓(𝑥, 𝑦) to separate each image pixel. By using the separated 

threshold points, the original cropped image is being segmented to get 

theimage𝑇ℎ(𝑓(𝑥, 𝑦)). Specifically: 

 
 

𝑇(𝑓(𝑥, 𝑦)) =

{
 
 

 
 
𝐺0    𝑖𝑓    𝑓(𝑥, 𝑦)   ≤   𝑇ℎ1
𝐺1 𝑖𝑓 𝑆1 < 𝑓(𝑥, 𝑦) ≤ 𝑇ℎ2

−−−−−−−−
−−−−−−−−

𝐺𝐿    𝑖𝑓    𝑓(𝑥, 𝑦) >   𝑇ℎ𝐿 }
 
 

 
 

                                                        (8) 

 

Such that 𝐺𝑖denotes the gray-level allocated to all pixel points at the region 

i  that eventually signifies the object i  . As in equation, the 1+L areas are 

calculated by the L  number of thresholds[𝑇ℎ1, 𝑇ℎ2, 𝑇ℎ3, ……… ,𝑇ℎ𝐿]. The 

maximum values of gray-level i.e. 255 can be used to dispense the gray-

level regions correspondingly. Precisely𝐺𝑖 = 𝑖 [
255

𝐿
], for this, an integer 

value of the argument is returned by the function. The value can be 

selected as the mean of gray levels of the pixels. 

Performance Analysis: 

Here true positive (TP) denotes the segmentation of vessel pixel as the 

vessel pixel on the other hand true negative (TN) denotes the 

segmentation of vessel pixel as the non-vessel pixel. In the same way, false 

positive (FP) indicates the non-vessel pixels segmentation of vessel pixels 

on the other hand false negative (FN) denotes the correct segmentation of 

vessel pixels as the non-vessel pixels. 

 

The sensitivity, specificity, accuracy and the overlapping ratio for the 

output result found using the proposed method has been calculated using 

the below mentioned simple mathematical expressions: 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
∑𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

∑𝑓𝑜𝑟𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ
                                   (9) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
∑ 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

∑𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ
                                 (10) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ
                                            (11) 

𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔 𝑅𝑎𝑡𝑖𝑜 =  
𝑂𝐷𝐵𝐺∩𝑂𝐷𝐵𝑅

𝑂𝐷𝐵𝐺∪𝑂𝐷𝐵𝑅
                                                             (12) 

𝑤ℎ𝑒𝑟𝑒, 𝑂𝐷𝐵𝐺 = 𝑂𝑝𝑡𝑖𝑐 𝐷𝑖𝑠𝑐 𝐵𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑓𝑟𝑜𝑚 𝑔𝑟𝑜𝑢𝑛𝑑𝑡𝑟𝑢𝑡ℎ 
𝑂𝐷𝐵𝑅 = 𝑅𝑒𝑠𝑢𝑙𝑡𝑎𝑛𝑡 𝑂𝑝𝑡𝑖𝑐 𝐷𝑖𝑠𝑐 𝐵𝑜𝑢𝑛𝑑𝑎𝑟𝑦 

The AUC is the area under the curve of the receiver operating 

characteristic (ROC) that shows the segmentation performance and 

determined by the combination of both the specificity and sensitivity. In 

this study, AUC calculated by using the following formula: 

𝐴𝑈𝐶 = 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦+𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

2
                                                                        (13) 

 

It should always remember that an AUC with a value of 0.50 or less than to 

it for this it can be stated that it is not very much useful as the 

segmentation is purely based on random guessing. On the other hand, an 

AUC with a value of 1.0 indicates that using the segmentation algorithm all 

the pixels can easily be segmented. 

4. RESULT AND DISCUSSION 

In this part of the research, the experimental results obtained by using the 

proposed method have been explored and discussed. The above-

mentioned system has been developed and tested under MATLAB 2018a 

software with the help of image processing toolbox. 

 

The proposed method for segmentation of vessel structure has been 

extensively tested on the above-mentioned publicly available databases. 

The choice of successful detection and failed detection of vessel structure 

is based on the observation of the human eye. To verify the results, vessels 

of each image are manually categorized by the ophthalmologists. The 

manually separated vessel structure by the human observer is considered 

as the ground truth data set. The proposed method has been used to detect 

the vessel structure automatically. Validation of the result set has been 

done by comparing it with the ground truth data. 

 

To automatically identify the vessel structure, first pre-processing has 

been done to enhance the given fundus image of the human eye. As a first 

step of pre-processing, the green components of input RGB fundus image 

of the human eye has been considered as it gives the best-fitted result in 

the contrast of blood vessels (darker blood vessels on a brighter 

background). Next, a 3×3 median filter has been used to remove noise like 

salt and pepper noises. Finally, the CLAHE (contrast limited adaptive 

histogram equalization) technique is implemented for better 

enhancement of the image. The result set of CLAHE for different limits has 

been shown in figure (3) which an image data is taken from DRIVE. 

 

 
 

Figure 3: Result shows the contrast limited adaptive histogram 
equalization on DRIVE data (04_test.tif) 

In the post-processing part, the enhanced results found from CLAHE have 
processed through the morphological top-hat transform technique with 
the help of the structuring elements to extract the small elements and 
details from the given input images. The result is shown in the following 
figure (4). 
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Figure 4: Result shows morphological Top-hat transformation of DRIVE 

(04_test.tif) 

In multilevel thresholding with the help of harmony search, best fitted five 

different intensity levels of the top hat transformed image are being 

calculated and shown into the different threshold. The fitness graph 

comparing the gray levels with probability is shown in figure (5). After 

multilevel thresholding morphological dilation and erosion are being used 

simultaneously to remove the unwanted variables and finally 

morphological closing is used to get the final result. 

Figure 5: The result shows the fitness graph of multilevel thresholding 
comparing the gray levels with probability values 

Figure 6: Result shows the outputs of DRIVE_04_test.tif: (a) input retinal 

fundus image (RGB), (b) Green components of the RGB image of retina, (c) 

result after using contrast limited adaptive histogram equalization 

technique with the limit 0.1, (d) morphological Top hat, (e) Multilevel 

thresholding using harmony search, (e1) Threshold limit of multilevel 

thresholding, (f) segmented vessels. 

The segmented results compared to respective ground truth results using 

the mentioned different datasets are shown in figure (7). Table (1) shows 

the result of the performance analysis of the proposed technique compare 

to the previously established methods. 

Figure 7: Result shows the images of segmented vessels (a) ground truth 

result, (b) automatic segmented result using proposed method. 

Table 1: The performance analysis result of the proposed technique with compare to the previously established methods 

Algorithm Dataset 
Number of 

samples 
taken 

Sensitivity 
(SE) 
(%) 

Specificity 
(SP)  
(%) 

Accuracy 
(ACC)  
(%) 

Overlapping 
Ratio (%) 

AUC 

SaeidFazli et al. 
[14] 

DRIVE 40 - - 93.53 - - 

Zhun Fan et al. [20] 
DRIVE 20 71.9 98.5 96.1 - - 

STARE 20 70 97.9 95.9 - - 

ASBV 

DRIVE 40 99.63 96.69 97.00 98.73 98.16 

STARE 81 98.53 96.45 97.33 98.07 97.49 

HRF 15 99.71 97.62 98.22 98.79 98.66 

CHASEDB1 28 98.47 95.31 98.11 96.28 96.89 

Ming Li et al. [19] 
DRIVE 40 83.47 97.96 95.10 - 97.92 

STARE 20 82.31 97.82 95.60 - 97.43 

Yitian Zhao et al 
[30] 

DRIVE 40 77.4 97.9 95.8 - 97.5 

STARE 20 78.8 97.6 95.7 - 95.9 

HRF 45 74.9 94.2 94.1 - 97.1 

REFERENCES 

Aguiree, F., A. Brown, N.H. Cho, G. Dahlquist, S. Dodd, T. Dunning, S. M. Hirst, 

C. Hwang, D. Magliano, C. Patterson, C. Scott, J. Shaw, G. Soltesz, J. Usher-

Smith, and D. Whiting, IDF Diabetes Atlas: sixth edition. 2013. 

Almazroa, A., R. Burman, K. Raahemifar, and V. Lakshminarayanan. 2015. 

Optic disc and optic cup segmentation methodologies for glaucoma 

image detection: a survey, Journal of ophthalmology, Article ID 180972, 

28. 

Almotiri, J., K. Elleithy, and A. Elleithy. 2018. Retinal Vessels Segmentation 

Techniques and Algorithms: A Survey, Applied Sciences, 8, 155. 

Al-Rawi, M.S., M.A. Qutaishat, M.R. Arrar. 2007. An improved Matched filter 

for blood vessel detection of digital retinal images, Comp. Biol. Med. 

37(2), 262–267. 

Bob Z., Lin Zhang, Lei Zhang, FakhriKarray. 2010. Retinal vessel extraction 

by matched filter with first-order derivative of Gaussian,” ELSEVIER, 

Computers in Biology and Medicine, 40, 438–445. 



Topics in Intelligent Computing and Industry Design (ICID) 2(1) (2020) 103-108 

 

 
Cite The Article: Niladri Halder, Dibyendu Roy, Pulakesh Roy, Subhankar Bandyopadhyay (2020). Automatic Segmentation of Blood Vessels (Asbv) of Retinal Fundus 

Images Using Clahe And Multilevel Thresholding Based on Harmony Search. Topics in Intelligent Computing and Industry Design, 2(1): 103-108. 

 

Bottomley, J. 2008. Economic costs of diabetes in the US in 2007 – 

Implications for Europe,” Br. J. Diabetes Vasc. Dis., 8(2), 96–100. 

 

Chaudhuri, S., S. Chatterje, N. Katz, M. Nelson, M. Goldbaum, 1989Detection 

of blood vessels in retinal images using two dimensional matched 

filters”, IEEE Trans. Med. Imaging, 8(3), 263–269. 

 

Dalwinder, S., Dharmveer, Birmohan Singh. 2014. A New Morphology 

based Approach for Blood Vessel Segmentation in Retinal Images, 

Annual IEEE India Conference (INDICON). 

 

Fraz, M.M., P. Remagnino, A. Hoppe, Sergio Velastin, B. Uyyanonvara, S. A. 

Barman. 2011. A Supervised Method for Retinal Blood Vessel 

Segmentation Using Line Strength, Multiscale Gabor and Morphological 

Features, IEEE International Conference on Signal and Image Processing 

Applications. 

 

Fraz, P. Remagnino, A. Hoppe, B. Uyyanonvara, A. R. Rudnicka, C. G. Owen, 

et al., 2012. Blood vessel segmentation methodologies in retinal images–

a survey, Computer methods and programs in biomedicine, 108, 407-

433. 

 

Hoover, A., V. Kouzntesova, M. Goldbaum. 2000. Locating blood vessels in 

retinal images by piecewise threshold probing of a matched filter 

responses, IEEE Trans. Med. Imaging, 19(3), 203–210. 

 

Joshi, G.D., J. Sivaswamy, and S. Krishnadas. 2011. Optic disk and cup 

segmentation from monocular color retinal images for glaucoma 

assessment. IEEE Transactions on Medical Imaging, 30(6), 1192-1205. 

 

Madalina S., Dan Popescu, Loretta Ichim. 2017. Blood Vessel Segmentation 

in Eye Fundus Images, 978-1-5386-2101-1/17, IEEE. 

 

Ming, L., Qingbo Yin, Mingyu Lu. 2018. Retinal Blood Vessel Segmentation 

Based on Multi-Scale Deep Learning, Proceedings of the Federated 

Conference on Computer Science and Information Systems, 117–123. 

 

NehaGour, Pritee Khanna. 2017. Blood Vessel Segmentation using Hybrid 

Median Filtering and Morphological Transformation, 13-th 

International Conference on Signal-Image Technology & Internet-Based 

Systems (SITIS). 

 

NehaGour, Pritee Khanna. 2017. Blood Vessel Segmentation using Hybrid 

Median Filtering and Morphological Transformation, 13th International 

Conference on Signal-Image Technology and Internet-Based System. 

 

Niladri H., Dibyendu Roy, Pulakesh Roy, Poushali Roy. 2016. Qualitative 

Comparison of OTSU Thresholding with Morphology Based 

Thresholding for Vessels Segmentation of Retinal Fundus Images of 

Human Eye, IOSR Journal of VLSI and Signal Processing (IOSR-JVSP), 

6(3), 41-48. 

 

Niladri H., Dibyendu Roy, Pulakesh Roy, Rajib Banerjee, Partha Pratim 

Sarkar, Subhankar Bandyopadhyay. 2020. Automatic Detection and 

Segmentation of Optic Disc (ADSO) of Retinal Fundus Images Based on 

Mathematical Morphology, National Conference on Emerging Trends on 

Sustainable Technology and Engineering Applications, IEEE. 

 

Niladri S.D., HimadriSekhar Dutta, Mallika De, SaurajeetMondal. 2013. An 

Effective Approach: Image Quality Enhancement for Microaneurysms 

Detection of Non-Dilated Retinal Fundus Image, International 

Conference on Computational Intelligence: Modeling Techniques and 

Applications (CIMTA), ELSVIEWER. 

 

Rattathanapad, S., P. Mittrapiyanuruk, P. Kaewtrakulpong, B. Uyyanonvara, 

and C. Sinthanayothin. 2012. Vessel Extraction in Retinal Images using 

Multilevel Line Detection, Proceedings of the IEEE-EMBS International 

Conference on Biomedical and Health Informatics (BHI 2012) Hong 

Kong and Shenzhen, China, 2-7 Jan IEEE. 

 

Saeid F., SevinSamadi, ParisaNadirkhanlou. 2013. A Novel Retinal Vessel 

Segmentation Based on Local Adaptive Histogram Equalization, 8-th 

Iranian Conference on Machine Vision and Image Processing (MVIP) 

IEEE. 

 

Sahu, S., A. Kumar, S. P. Ghrera, and M. Elhoseny. 2018. An approach for de-

noising and contrast enhancement of retinal fundus image using CLAHE, 

Opt. Laser Technol. 

 

Serra, J. 1982. Image Analysis and Mathematical Morphology, Academic 

Press, New York. 

 

Serra, J. 1983. Image Analysis and Mathematical Morphology. Orlando, FL, 

USA: Academic Press, Inc. 

 

Srinidhi, C.L., P. Aparna, and J. Rajan. 2017. Recent advancements in retinal 

vessel segmentation," Journal of medical systems, 41, 70. 

 

Susman, E. J., Tsiaras, W. J., Soper, K. A. 1982. Diagnosis of diabetic eye 

disease, JAMA 247(23), 3231-3234. 

 

Wild, S., G. Roglic, A. Green, R. Sicree, and H. King, 2004Estimates for the 

year 2000 and projections for 2030, World Health, 27(5), 1047–1053. 

 

Yitian Zhao et al. 2018. Automatic 2-D/3-D Vessel Enhancement in Multiple 

Modality Images Using a Weighted Symmetry Filter, IEEE Transactions 

on Medical Imaging, 37(2). 

 

Zhang, D. and Y. Zhao. 2014. Novel accurate and fast optic disc detection in 

retinal images with vessel distribution and directional characteristics, 

IEEE Journal of Biomedical and Health Informatics, 

10.1109/JBHI.2014.2365514,. 

 

Zhun, F., Yibiao, R., Jiewei, L., Jiajie, M., Fang, L., Xinye C. and Tiejun, Y. 2016. 

Automated Blood Vessel Segmentation in Fundus Image Based on 

Integral Channel Features and Random Forests, 12th World Congress on 

Intelligent Control and Automation (WCICA).

 

 



Signal & Image Processing: An International Journal (SIPIJ) Vol.15, No.1/2, April 2024 

DOI: 10.5121/sipij.2024.15201                                                                                                                        1 

 
PSO-HRVSO: SEGMENTATION OF RETINAL 

VESSELS THROUGH HOMOMORPHIC FILTERING 

ENHANCED BY PSO OPTIMIZATION 
 

Niladri Halder1*, Dibyendu Roy2, Partha Pratim Sarkar2, Sankar Narayan Patra1, 

Subhankar Bandyopadhyay1 

 
1*Instrumentation and Electronics Engineering, Jadavpur University, 

Saltlake Campus, Kolkata, 700098, West Bengal, India 
2Electronics and Communication Engineering, UIT, Burdwan 

University, Golapbag, Burdwan, 713104, West Bengal, India 
 

ABSTRACT 
 
The structure of retinal blood vessels is crucial for the early detection of diabetic retinopathy, a leading 

cause of blindness worldwide. Yet, accurately segmenting retinal vessels poses significant challenges due 

to the low contrast and noise present in capillaries.The automated segmentation of retinal blood vessels 

significantly enhances Computer-Aided Diagnosis for diverse ophthalmic and cardiovascular conditions. It 

is imperative to develop a method capable of segmenting both thin and thick retinal vessels to facilitate 

medical analysis and disease diagnosis effectively. This article introduces a novel methodology for robust 
vessel segmentation, addressing prevalent challenges identified in existing literature. 

  

The methodology PSO-HRVSO comprises three key stages: pre-processing, main processing, and post-

processing. In the initial stage, filters are employed for image smoothing and enhancement, leveraging 

PSO optimization. The main processing phase is bifurcated into two configurations. Initially, thick vessels 

are segmented utilizing an optimized top-hat approach, homo-morphic filtering, and median filter. Subse-

quently, the second configuration targets thin vessel segmentation, employing the optimized top-hat meth-

od, homomorphic filtering, and matched filter. Lastly, morphological image operations are conducted dur-

ing the post-processing stage.  

 
The PSO-HRVSO method underwent evaluation using two publicly accessible databases (DRIVE and 

STARE), measuring performance across three key metrics: specificity, sensitivity, and accuracy. Analysis 

of the outcomes revealed averages of 0.9891, 0.8577, and 0.0.9852 for the DRIVE dataset, and 0.9868, 

0.8576, and 0.9831 for the STARE dataset, respectively. 

 
The PSO-HRVSO technique yields numerical results that demonstrate competitive average values when 

compared to current methods. Moreover, it sur-passes all leading unsupervised methods in terms of speci-

ficity and accuracy. Additionally, it outperforms the majority of state-of-the-art supervised methods without 
incurring the computational costs associated with such algorithms. Detailed visual analysis reveals that 

the PSO-HRVSO approach enables a more precise segmentation of thin vessels compared to alternative 

procedures. 
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1. INTRODUCTION 
 
The examination of the eye fundus is extensively utilized by ophthalmologists and other medical 

practitioners as a standard clinical procedure for preventing, diagnosing, and monitoring the 

treatment of various ocular conditions including retinal thrombosis, glaucoma, and senile macu-

lopathy, among others [1]. This examination involves a color imaging method of the retinal sur-
face of the human eye, enabling the observation of key anatomical features such as the optic disc, 

macula, and vascular tree [66]. 

 
The segmentation of the retinal vascular tree holds significant importance in the realm of medical 

imaging because the retina offers a unique avenue to observe blood microcirculation non-

invasively, allowing for the detection of various systemic diseases such as hypertension, diabetes, 

arteriosclerosis, and liver diseases, among others [3,4,6]. By delineating the retinal vessels, valu-
able morphological data including size, length, width, branching patterns, and angles of the reti-

nal vasculature can be quantified [5]. However, manually performing this segmentation is a labo-

rious process that demands expertise and experience from medical professionals [2]. Moreover, 
inconsistencies may arise due to subjective interpretations, as experts might employ different 

criteria for pixel classification [9–11]. 

 
Hence, it is imperative to advance and implement automated techniques for robust vessel extrac-

tion in Computer-Aided Diagnosis to facilitate early detection and assessment of disorders, aim-

ing to mitigate medical expenses and enhance efficiency [8,7]. Nonetheless, segmentation en-

counters numerous hurdles. The foremost challenge emanates from the presence of various opti-
cal components in the eye fundus, including the optic disk, macula, and artifacts generated by 

pathologies, impeding the automated segmentation of vessels. The second challenge stems from 

the variability in vessel width and the subdued contrast of thin vessels against the background. 
Lastly, the third challenge arises from the diversity in shape, size, and intensity of vessel pixels, 

complicating accurate segmentation [3,16,14]. 

 
In recent decades, numerous techniques have emerged for automatically segmenting retinal ves-

sels using fundus examination, garnering considerable attention from the scientific community 

due to their increasingly accurate outcomes [13]. These methods are typically categorized as su-

pervised or unsupervised. Supervised methods involve training a classifier with a dataset (training 
set) to differentiate between vessel and non-vessel pixels, further classified into machine learning 

and deep learning algorithms. Machine learning approaches typically involve feature extraction, 

selection, and classification stages, with various feature extractors and classifiers PSO-HRVSO 
for medical image classification, including bag-of-visual-words, Gaussian filter, and Gabor filter, 

along with classifiers like K-Nearest Neighbors (K-NN), Random Forest, Support Vector Ma-

chine (SVM), and Artificial Neural Networks (ANN) [12–31]. 

 
Deep learning techniques offer an advantage over traditional methods by automatically extracting 

features from raw data, eliminating the need for handcrafted features [34,32]. While supervised 

methods yield satisfactory results for healthy retinal vessel extraction, a notable limitation is the 
necessity for ground-truth images, which can be challenging to obtain. Additionally, both ma-

chine learning and deep learning algorithms demand time-consuming and computationally ex-

pensive training processes to effectively handle new sets of images [9]. 
 

Conversely, unsupervised methods in medical image processing involve image segmentation 

without relying on a training dataset. These approaches utilize various image processing tech-

niques. Initially, the image undergoes enhancement procedures, typically employing morphologi-
cal operations [33], matched filter responses [39], the complex continuous wavelet transform 

[37], adaptive histogram equalization [35], Hessian-based filters [36, 38, 44], among others. Sub-
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sequently, segmentation occurs through multilevel thresholding [40–43, 48] or region-oriented 
techniques such as region growing [45, 49] or active contours [46, 47]. These conventional unsu-

pervised methods heavily rely on manual feature extraction for image element representation and 

segmentation. Generally, supervised methods exhibit higher efficiency and yield superior results 

[8]. However, unsupervised systems possess a significant advantage in performing vessel seg-
mentation without prior knowledge of ground-truth labels, particularly beneficial for datasets 

lacking pixel-level labeling information [16]. Additionally, unsupervised methods offer computa-

tional efficiency and faster results. Recent research has utilized both supervised and unsupervised 
methodologies, demonstrating promising performance in retinal vessel segmentation. Neverthe-

less, the challenge of accurately segmenting thin vessels remains a significant hurdle for optimal 

performance in existing literature. Thin vasculature offers crucial information for detecting neo-
vascular diseases [14], underscoring the importance of achieving improved vessel segmentation 

for enhanced detection and diagnosis of eye diseases [64]. 

 

This article presents a novel methodology aimed at accurately segmenting retinal vasculature to 
tackle prevalent challenges encountered in retinal vessel segmentation from eye fundus images. 

The PSO-HRVSO approach comprises three distinct phases: pre-processing, main processing, 

and post-processing. During the initial phase, a Gaussian filter is employed to yield a smoothed 
gray-scale fundus image, followed by PSO optimized image enhancement for obtaining an opti-

mized enhanced fundus image. The main processing phase entails two configurations: the first 

configuration targets thick vessel segmentation through a combination of filters (Optimized top-
hat, Homomorphic, and Median), whereas the second configuration focuses on thin vessel seg-

mentation using a similar combination of filters (Optimized top-hat, Homomorphic, and 

Matched). Subsequently, morphological image processing is applied during the post-processing 

phase. Extensive experiments are conducted on two publicly available databases, DRIVE (51) 
and STARE (50), to evaluate the methodology's performance. The results of performance metrics 

underscore the method's advantages, demonstrating comparable or superior values in contrast to 

many contemporary techniques, which often entail higher computational complexity for retinal 
vessel segmentation. 

 

The major contributions of this article can be outlined as follows: 

 

 Introducing a novel methodology for segmenting thin and thick retinal blood vessels. 

 Presenting a new variant of the classical top-hat operation termed as the optimized top-
hat. 

 Investigating the variation of parameters in the optimized top-hat filter and the homo-

morphic filter based on the vessel thickness. 

 Developing an automated method for robust retinal vessel segmentation suitable for 

Computer Aided Diagnosing tools. 

 Achieving a minimal false positive rate through this PSO-HRVSO method. 
 Demonstrating superior specificity and accuracy compared to recent unsupervised 

methods and competitive performance with supervised methods, while maintaining 

low computational costs. 
 

2. LITERATURE REVIEW 
 

In the preceding section, numerous relevant papers in contemporary research focus on retinal 

vascular tree segmentation within fundus images, broadly categorized as supervised and unsuper-
vised methods. Noteworthy advancements in retinal vessel segmentation are briefly outlined be-

low, serving as benchmarks against which the PSO-HRVSO methodology is evaluated. 
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Recent unsupervised methodologies, such as those introduced by Wang et al. [85] in 2019, in-
volved modifications to top-hat and bottom-hat transformations aimed at enhancing images by 

mitigating disturbances and noise. Their segmentation approach utilized a novel technique known 

as flattening of minimum circumscribed ellipse to identify vessels. Similarly, Diaz et al. [84] in 

the same year PSO-HRVSO employing the Lateral Inhibition technique (LI) to enhance contrast 
between fundus and retinal vessels. They employed the minimization of cross-entropy via the 

differential evolution (DE) algorithm for vessel segmentation, optimizing for efficient segmenta-

tion. 
 

In 2020, Shukla et al. [89] introduced a fractional filter to eliminate artifacts and noise while pre-

serving thin vessel edges. Their method involved extracting central line pixels using a proprietary 
algorithm and applying Principal Component Analysis (PCA) to assess eigenvalue maps, fol-

lowed by region growing operations and localized thresholding for vessel segmentation. Like-

wise, Dos Santos et al. [88] in the same year utilized Contrast Limited Adaptive Histogram 

Equalization (CLAHE) and the Wiener filter to enhance image contrast and reduce noise. An 
Artificial Neural Network (ANN) was employed to optimize filter parameters for optimal results. 

 

Furthermore, Zhou et al. [87] PSO-HRVSO an enhanced line detector followed by Hidden Mar-
kov Model (HMM) application for detecting thin vessel lines effectively. Finally, Pachade et al. 

[90] recommended a novel segmentation configuration involving contrast enhancement, 2D me-

dian linear filtering, morphological operations, background estimation, and iterative thresholding 
to achieve segmentation completeness. 

 

On the contrary, recent developments in supervised methodologies are outlined. In 2019, Adapa 

et al. [74] introduced a supervised technique involving initial image preprocessing. This involved 
enhancing the image using a CLAHE filter to improve local contrast, followed by a top-hat trans-

form. Subsequently, feature extraction utilized Zernike moments for binary classification through 

an Artificial Neural Network (ANN). Similarly, Yang et al. [71] employed the K-Singular Value 
Decomposition (K-SVD) to derive multiple complementary features using six distinct enhance-

ment algorithms. However, their PSO-HRVSO method required manually annotated ground-truth 

data for training, essential for vessel classification into thin or thick vessels using the K-SVD 

algorithm for vessel segmentation dictionary training. Jin et al. [72] introduced the Deformable 
U-Net (DUNet) for segmentation, a hybrid of the traditional U-Net and Deformable Convolution-

al Network (Deformable-ConvNet). In 2020, Cheng et al. [73] PSO-HRVSO a novel U-Net ar-

chitecture specifically tailored for retinal vessel segmentation, enhancing accuracy for vessels of 
various thicknesses by incorporating a dense block into the network configuration. Lastly, Wu et 

al. [75] introduced NFN+, a novel configuration comprising two cascading backbones connected 

by inter-network skip connections. The initial network processes image patches to generate prob-
ability maps of primary vessels, while the subsequent network refines these maps to produce 

segmented results. Supervised approaches entail learning from a model to predict pixel categori-

zation, demonstrating superior performance compared to unsupervised methods. However, cer-

tain unsupervised models, including those highlighted here and those PSO-HRVSO in this study, 
achieve comparable or even superior results with reduced computational overhead and time con-

straints. 

 

3. METHODOLOGY 
 

This section provides a concise overview of the PSO-HRVSO algorithm, as illustrated in the 

flowchart depicted in Figure 1. Key concepts integral to the PSO-HRVSO methodology are out-

lined herein. Notably, the eye fundus image exhibits both thick and thin blood vessels, with the 
latter often overlooked by previous algorithms. The primary objective of this approach is to effec-
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tively segment thick and thin vessels, resulting in two distinct images. These images are subse-
quently merged to produce a final segmentation outcome. 

 

 
 

Figure 1:PSO-HRVSO method of vessels segmentation 

 

3.1. Pre-processing 
 
Prior to executing the thick and thin vessels processing phases, it is crucial to implement a pre-

processing stage on a retinal eye fundus image, which significantly enhances the outcomes. This 

pre-processing task encompasses three stages: extracting the green channel of the image, employ-
ing a two-dimensional Gaussian filter, and enhancing it through PSO optimization. 

 

3.1.1. Green Component Extraction 

 
The input eye fundus image is presented in RGB format, indicating it's a 24-bit image, with each 

channel (red, green, and blue) comprising 8 bits. Consequently, the input can be viewed as a 

three-layered image, and its representation is as follows: 

𝐼𝐼𝑛𝑝𝑢𝑡 = [𝐼𝑅𝑒𝑑 + 𝐼𝐺𝑟𝑒𝑒𝑛 + 𝐼𝐵𝑙𝑢𝑒]                  (1) 

 

The RGB input image, denoted as 𝐼𝐼𝑛𝑝𝑢𝑡 , consists of three channels: red (𝐼𝑅𝑒𝑑), green (𝐼𝐺𝑟𝑒𝑒𝑛), 

and blue (𝐼𝐵𝑙𝑢𝑒). Each channel is represented by its respective layers. Upon analyzing individual 

channels, the green channel (𝐼𝐺𝑟𝑒𝑒𝑛) exhibits a significant contrast between vessels and the back-

ground. In contrast, the red (𝐼𝑅𝑒𝑑) and blue (𝐼𝐵𝑙𝑢𝑒) channels display higher levels of noise and 

comparatively lower contrast [56]. Moreover, human visual perception is more responsive to the 

green channel compared to both red and blue channels [54]. Consequently, the green channel 
(𝐼𝐺𝑟𝑒𝑒𝑛) is extracted as a grayscale image for further processing. 

 

3.1.2. Gaussian Filtering 
 

While the green-channel of the eye fundus image exhibits commendable vessel-background con-

trast compared to the RGB input image, incorporating a noise removal step prior to subsequent 

stages yields positive and productive outcomes. The utilization of Gaussian smoothing filtering 
algorithm proves advantageous for enhancing image structures, including previously contrasted 

elements. This filtering technique operates by employing a Gaussian function, rooted in the nor-

mal distribution widely utilized in statistics, to compute the transformation applied to each pixel 

within the two-dimensional set. The Gaussian filtering representation 𝐺(𝑥, 𝑦) of an image is ob-

tained through the convolution of the input image 𝐼𝐺𝑟𝑒𝑒𝑛(𝑥, 𝑦) and the two-dimensional Gaussian 

kernel 𝑔(𝑥, 𝑦), the mathematical representation as follows: 
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𝑔(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒𝑥𝑝 (−
𝑥2+𝑦2

2𝜎2
)                   (2) 

 
The parameter σ represents the standard deviation within the Gaussian distribution, governing the 

extent or breadth of the filter's dispersion. Then the Gaussian distribution can be found from the 

equation 3. 
 

𝐺(𝑥, 𝑦) = 𝑔(𝑥, 𝑦)  ∗  𝐼𝐺𝑟𝑒𝑒𝑛 (𝑥, 𝑦)                 (3) 

 

In the event that the variance value approaches zero, the filter demonstrates an impulse function 
response, as articulated in Equation 4. 

 

𝐺(𝑥, 𝑦) = 𝐼𝐺𝑟𝑒𝑒𝑛(𝑥, 𝑦)                      (4) 
 

With increasing 𝜎2, the filter's smoothing effect becomes more pronounced. Within this filter, 

 image details significantly smaller than the standard deviation are entirely eliminated. Follow-

ing various experiments, the variance is determined to be 0.472. The outcome of the pre-
processing stage is depicted in Figure 2c. 

 

 
 

Figure 2: Shows the Gaussian Distributed results (a) Input RGB, (b) Green Component, (c) Gaussian Dis-
tribution 

 

3.1.3. PSO Optimization 

 
Particle swarm optimization (PSO) stands out as a widely recognized population-based optimiza-

tion technique rooted in the principles of swarm intelligence. It leverages the collective behavior 

of a swarm to efficiently explore a designated search space in pursuit of the optimal solution. 
PSO operates by employing dynamic entities called "particles" that continually adjust their posi-

tions and velocities in a stochastic manner. These adjustments are directed both towards the most 

promising positions discovered by individual particles and across the entire search space. In a D-

dimensional search space, with a swarm size denoted as X, each particle's position is represented 

as 𝑃𝑖(𝑝𝑖1
, 𝑝𝑖2

, 𝑝𝑖3
, … … … … , 𝑝𝑖𝐷

), offering a feasible solution to the optimization problem at hand. 

Correspondingly, the velocity of each particle is characterized by 

𝑈𝑖(𝑢𝑖1
, 𝑢𝑖2

, 𝑢𝑖3
, … … … … , 𝑢𝑖𝐷

).The best previous position for each particle is denoted as 

𝑄𝑖(𝑞𝑖1
, 𝑞𝑖2

, 𝑞𝑖3
, … … … … , 𝑞𝑖𝐷

), while the overall best position identified by the entire swarm is 

represented as 𝑄𝑔(𝑞𝑔1
, 𝑞𝑔2

, 𝑞𝑔3
, … … … … , 𝑞𝑔𝐷

). These equations, as cited in [53, 52, 55], govern 

the behaviour of the particles within the PSO framework. 
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𝑢𝑖𝑑

𝑘+1 = 𝜔𝑘 ∗ 𝑢𝑖𝑑

𝑘 + 𝑎1 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝑞𝑖𝑑
− 𝑝𝑖𝑑

𝑘 )∆𝑡 + 𝑎2 ∗ 𝑟𝑎𝑛𝑑() ∗ (𝑞𝑔𝑑
− 𝑝𝑖𝑑

𝑘 ) ∆𝑡⁄     (5) 

𝑝𝑖𝑑

𝑘+1 = 𝑝𝑖𝑑

𝑘 + ∆𝑡 ∗ 𝑢𝑖𝑑

𝑘                          (6) 

𝜔𝑘 = 𝜔𝑚𝑎𝑥 − 𝑘 ∗ (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛) 𝑘𝑚𝑎𝑥⁄   
 

The acceleration coefficients, identified as 𝑎1 and 𝑎2, and the inertia weight, represented by 𝑤 

where 𝑤𝑚𝑎𝑥 and 𝑤𝑚𝑖𝑛 denote the maximum and minimum values of 𝑤, are utilized within a ran-

dom function 𝑟𝑎𝑛𝑑() adhering to a uniform distribution. The updated value and the maximum 

number of iterations are denoted by 𝑢𝑖𝑑

𝑘+1 and 𝑝𝑖𝑑

𝑘+1 respectively, where 𝑑 ∈ [1, 𝐷]. The unit time 

is commonly denoted as ∆𝑡, and the conditions governing the restrictions on 𝑢𝑖𝑑

𝑘+1 and 𝑝𝑖𝑑

𝑘+1 are 

outlined as follows: 

 

𝑢𝑖𝑑

𝑘+1 = {

𝑢𝑖𝑑

𝑘+1 −𝑢𝑚𝑎𝑥 ≤ 𝑢𝑖𝑑

𝑘+1 ≤ 𝑢𝑚𝑎𝑥

𝑢𝑚𝑎𝑥 𝑢𝑖𝑑

𝑘+1 >𝑢𝑚𝑎𝑥

−𝑢𝑚𝑎𝑥 𝑢𝑖𝑑

𝑘+1 < −𝑢𝑚𝑎𝑥

               (7)  

𝑝𝑖𝑑

𝑘+1 = {

𝑝𝑖𝑑

𝑘+1 −𝑝𝑚𝑎𝑥 ≤ 𝑝𝑖𝑑

𝑘+1 ≤ 𝑝𝑚𝑎𝑥

𝑝𝑖𝑛𝑖𝑡 𝑝𝑖𝑑

𝑘+1 > 𝑝𝑚𝑎𝑥

𝑝𝑖𝑛𝑖𝑡 𝑝𝑖𝑑

𝑘+1 < 𝑝𝑚𝑖𝑛

               (8) 

𝑝𝑖𝑛𝑖𝑡
𝑘+1 = 𝑝𝑚𝑖𝑛 + 𝑟𝑎𝑛𝑑( ) ∗ (𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛)               (9) 

 

The term 𝑢𝑚𝑎𝑥  denotes the peak value of 𝑢 while 𝑝𝑚𝑎𝑥 and 𝑝𝑚𝑖𝑛 signify the upper and lower 

limits of 𝑝, respectively. Presented below is a concise overview of the fundamental stages en-

gaged in the processing of PSO and figure 3 depict the outputs of PSO optimization with a swarm 

size of 28 and 100 iteration: 
 

1. Commence by establishing the parameters of the Particle Swarm Optimization (PSO) 

framework, which encompass the maximum and minimum iteration weights, cognitive 
and social acceleration coefficients, population size, local window size, and the maxi-

mum iteration limit. 

2. Select an RGB Fundus image as input and subsequently transform it into its green com-

ponent. 
3. Initialize the particles by defining their initial positions and velocities. 

4. Evaluate the fitness values for the initialized particles. 

5. Identify the optimal individual position for each particle within the swarm. 
6. Employ equations 1, 2, and 3 to adjust the positions and velocities of the particles. 

7. Update the best individual position for each particle and determine the best group posi-

tion for the entire swarm. 

8. Assess whether the maximum iteration limit has been reached. A. If the limit has been 
reached, output the particle with the highest HIS value. B. If not, return to step 6 and iter-

ate the process. 

9. Conclude the optimization process. 
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Figure 3: PSO Optimization: (a) RGB Image, (b) Gaussian Distribution, (c) PSO Enhanced, (d) Fitness 

Curve 

 

3.2. Thick Vessels Segmentation 
 

As illustrated in Figure 1, the thick vessel segmentation procedure comprises three distinct stages, which 
will be elaborated upon subsequently. 

 

3.2.1. Optimized Top-Hat Algorithm 

 
Morphological image operations serve as a robust tool for image manipulation. Mathematical 

morphology encompasses algebraic arithmetic operators that are employed on a grayscale 2-D 

eye fundus image. The top-hat morphological operation entails the disparity between the original 

image and its morphologically closed-form. This operation elucidates the interplay between the 
image and a structuring element characterized by specific size and shape [59]. It is utilized to 

amplify bright objects of interest set against a dark background, such as prominent blood vessels 

discerned from an image complement (a concept clarified later) of the green channel image 

where the background transitions to darkness. Denoting a grayscale 2-D image as 𝐼𝐼𝑛𝑝𝑢𝑡  and the 

structuring element as 𝑆𝐸, the top-hat operation is defined by the following equation: 
 

𝐼𝑇𝑜𝑝_𝐻𝑎𝑡 = 𝐼𝐼𝑛𝑝𝑢𝑡 − (𝐼𝐼𝑛𝑝𝑢𝑡 ⊚ 𝑆𝐸𝑂)                (10) 

 

Various adaptations of the modified top-hat approach were introduced by Salembier et al. [57]. 

Mendonça et al. [58] and Bahadar Khan et al. [63] have previously applied these variations to 
blood vessel segmentation. This study proposes a novel optimized top-hat technique aimed at 

addressing certain issues identified in the conventional top-hat operation, as discussed in the 

aforementioned literature. One limitation is the failure to detect minor intensity fluctuations, 
which are crucial for identifying slender vessels. In this PSO-HRVSO method, the top-hat opera-

tor is first applied to a complementary image, and subsequently, morphological image operations 

are inverted. The PSO-HRVSO optimized top-hat can be described as follows: 

 

𝐼𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑_𝑇𝐻 = 𝐼𝐼𝑛𝑝𝑢𝑡
𝐶 − (𝐼𝐼𝑛𝑝𝑢𝑡

𝐶 ⊚ 𝑆𝐸𝑂)⨀𝑆𝐸𝐶            (11) 
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𝑆𝐸𝑂 and 𝑆𝐸𝐸 represent the structuring elements utilized for opening ⊚ and closing ⨀ opera-

tors correspondingly, while 𝐼𝐼𝑛𝑝𝑢𝑡
𝐶  denotes the image complement of 𝐼𝐼𝑛𝑝𝑢𝑡 , delineated as fol-

lows:  

𝐼𝐼𝑛𝑝𝑢𝑡
𝐶 =

𝑈

𝐼𝐼𝑛𝑝𝑢𝑡
                         (12) 

 

The universe U represents all possible values that each pixel can assume. Subsequently, the oper-
ation defining the complement of an image is established as follows: 

 

𝐼𝐼𝑛𝑝𝑢𝑡
𝐶 (𝑥, 𝑦) = 𝑚𝑎𝑥(𝑈) − 𝐼𝐼𝑛𝑝𝑢𝑡(𝑥, 𝑦)                (13) 

 

The enhancement process for thick vessels utilizes a disk-shaped structuring element for both 

opening ⊚ and closing ⨀ operations, employing a radius of eight pixels for opening and sixteen 

pixels for closing. 
 

Figure 4dand 4e illustrate the outcome of employing the PSO-HRVSO optimized top-hat filter 

and binarized top hat respectively on the input fundus image depicted in Figure 3a whereas figure 
4b and 4c illustrate the outcome of employing global top-hat optimization and its binary part. 

Both Figure 4b and Figure 4d were generated using a structuring element of the same shape and 

size for both opening and closing operations (a disk with a radius of 10 pixels). A qualitative ex-
amination of the images reveals that the PSO-HRVSO optimized top-hat filter significantly im-

proves the contrast of the vessels compared to the classical top-hat filter, enhancing both thick 

and thin vessels. 
 

 
 

 
Figure 4: Optimized Top-Hat: (a) Input RGB, (b) Conventional Top-Hat, (c) Binary of (b), (d) Optimized 

Top-Hat, (e) Binary of (d). 

 

3.2.2. Homomorphic Filtering 

 
If we view it through the lens of the classical intensity model for digital images, an image can be 

seen as the outcome of light reflected from a scene, subsequently captured by a camera to create 

the image. Typically, this model is described in relation to the spatial distributions of intensity 

[60] within a two-dimensional function (such as an image represented by 𝐼𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)), and it is 

typically depicted as: 

 

𝐼𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦) = 𝑙𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)𝑟𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)              (14) 

 

In this context, 𝑙𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦) denotes the brightness of the illumination, while 𝑟𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦) de-

lineates the spatial spread of the reflectance, which is formed and influenced by the inherent 
characteristics of the object and the surrounding environment. 

 

Homomorphic filtering operates in the frequency domain, enabling the adjustment of both illumi-

nation and reflectance intensities across the spectral range of an image. This capability facilitates 
diverse analyses through the application of multiple frequency-domain filters. Typically, the re-
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flectance component, 𝑟𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦), spans the entire frequency spectrum, while the illumination 

component's intensity 𝑙𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦),  exhibits gradual changes characterized by low spatial fre-

quencies. Consequently, the illumination component is often centralized within the 2D-Fourier 

frequency domain. A common challenge in vessel segmentation involves enhancing the reflec-

tance from the fundus image while minimizing the influence of the illumination component's 

intensity. To address this, a linear frequency-domain filter is employed to attenuate low-
frequency components and enhance high-frequency intensities. 

 

The natural logarithm serves as a mathematical tool that transforms multiplication into addition. 
By applying this principle to Equation 14, we derive the subsequent equation: 

 

𝑧𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦) = 𝑙𝑛 (𝐼𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)) = 𝑙𝑛 (𝑙𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)𝑟𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)) =

𝑙𝑛 (𝑙𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)) + 𝑙𝑛 (𝑟𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦))                (15) 

 

The logarithm functions as a homomorphism, thus named the filtering process, which translates 

from a multiplicative number group to an additive number group. This transition enables the ap-

plication of linear filtering processes. Equation 15 undergoes Fourier transformation, a step that 
isn't directly feasible due to the inseparability of function multiplication in the Fourier domain. 

 

𝐹𝑛[𝑧𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)] = 𝐹𝑛𝑧(𝑢, 𝑣) + 𝐹𝑛𝑟(𝑢, 𝑣)             (16) 

 

Filtering is achieved through the multiplication of the image 𝐹𝑛𝑧(𝑢, 𝑣) by a frequency-domain 

filter 𝐻𝑓𝑛(𝑢, 𝑣). Among various transfer functions experimented with, the Gaussian high-pass 

response proves particularly effective for eye fundus images, as represented in Equation 17 in the 
frequency domain. 

 

𝐻𝑓𝑛(𝑢, 𝑣) = 1 − 𝑒𝑥𝑝 (
−𝐷2(𝑢,𝑣)

2𝜎2
)                  (17) 

 

Where 𝐷(𝑢, 𝑣) = √𝑢2 + 𝑣2 and 𝜎 represents the measure of the dispersion of the Gaussian 

curve. The greater the value of 𝜎, the higher the cut-off frequency and the gentler the filtering 

effect. Upon implementing the filter, we derive the following equation: 

 

𝐺𝑓𝑛(𝑢, 𝑣) = 𝐹𝑛𝑧(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣) = 𝐹𝑛𝑙(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣) + 𝐹𝑛𝑟(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)    (18) 

 
The filtered spectrum of the processed signal is restored by applying a subsequent inverse Fourier 

transformation in the following manner: 

 

𝐹𝑛−1[𝐺𝑓𝑛(𝑢, 𝑣)] = 𝐹𝑛−1[𝐹𝑛𝑙(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)] + 𝐹𝑛−1[𝐹𝑛𝑟(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)]     (19) 

𝑔𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦) = 𝑙𝑓𝑢𝑛𝑑𝑢𝑠
′ (𝑥, 𝑦) + 𝑟𝑓𝑢𝑛𝑑𝑢𝑠

′ (𝑥, 𝑦)                (20) 

 

Ultimately, the filtered image, denoted as 𝑙𝑓𝑢𝑛𝑑𝑢𝑠
′ (𝑥, 𝑦), undergoes an exponential transformation 

to reverse the effects of the logarithmic transformation. Equation 21 encapsulates the formulation 
of this final step in the process. 

 

𝐼𝑓𝑢𝑛𝑑𝑢𝑠
′ (𝑥, 𝑦) = 𝑒𝑥𝑝[𝑔𝑓𝑢𝑛𝑑𝑢𝑠(𝑥, 𝑦)] = 𝑒𝑥𝑝[𝑙𝑓𝑢𝑛𝑑𝑢𝑠

′ (𝑥, 𝑦)]𝑒𝑥𝑝[𝑟𝑓𝑢𝑛𝑑𝑢𝑠
′ (𝑥, 𝑦)]    (21) 

 
Although the illumination and reflectance components aren't completely distinguished in the 

spectral domain, the homomorphic approach remains a valuable tool that produces significantly 
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enhanced images [61]. In this scenario, a sigma (𝜎) value of two is employed to amplify thick 
vessels, which have considerably higher reflectance values compared to thin vessels. 

 

3.2.3. Median Filtering 

 
Prior to the final operation, salt and pepper noise, induced by a low value of σ during the homo-

morphic filtering procedure, is eliminated using a median filter. It is noteworthy that the median 

filter is adept at retaining edges while eliminating noise. It possesses the capability to differenti-
ate between isolated noise and intrinsic features of the input image, such as sharp edges and other 

details. This capability pertains to high spatial frequencies, thereby preserving previously en-

hanced thick vessels. The median filter operates by substituting each pixel in the image with the 

median intensity value within a designated neighborhood 𝑅𝑛(𝑚, 𝑛). Mathematically, the resultant 

image 𝐼𝑚𝑒𝑑𝑖𝑎𝑛
′ (𝑥, 𝑦) after the median filtering process of an image 𝐼𝑖𝑛𝑝𝑢𝑡(𝑥, 𝑦) can be expressed 

as: 

 

𝐼𝑚𝑒𝑑𝑖𝑎𝑛
′ (𝑥, 𝑦) = 𝑀𝑒(𝐼𝑖𝑛𝑝𝑢𝑡(𝑚, 𝑛), (𝑚, 𝑛) ∈ 𝑅)            (22) 

 

The median value of pixels within the region 𝑅𝑛(𝑚, 𝑛) is denoted as 𝑀𝑒. Although the noise gen-
erated in earlier stages is minimal, it significantly impacts the outcome. The neighborhood size is 

represented by a matrix of dimensions [2, 2]. 

 

Recently, the optimized top-hat method has been reintroduced to enhance the profile of thick 
vessels, effectively filling small black pixel regions within them. In this instance, the dimensions 

of the disk-shaped structuring element are notably increased compared to the previous optimized 

top-hat approach. Operations involving both opening and closing are suggested, with radii of 
thirty-two and eighty-six, respectively. Figure 5 illustrates the outcome of these concepts. 

 

3.3. Thin Vessels Segmentation 
 

The process of segmenting thin vessels involves two stages similar to those used for thick ves-

sels, as outlined in figure 5. However, the specific methods are not elaborated upon in this sec-

tion. Nevertheless, the PSO-HRVSO parameters for these shared stages will be outlined here. 
 

Building upon the methodology described in the preceding section, and considering the finer 

scale of thin blood vessels which occupy smaller pixel sizes, a disk-shaped structuring element 
with radii of 5 and 25 pixels is PSO-HRVSO for opening and closing operations, respectively. As 

thin vessels encompass only a small percentage of the image, their total reflectance component 

value is comparatively lower than that of thick vessels. To enhance the visibility of these small 

white regions, a 𝜎 value of twenty is utilized to expand the cut-off regions of the filter. This en-
hancement improves all white components of the image, including the small vessels, albeit at the 

expense of thinning the thick and major veins of the vascular tree. However, this thinning effect 

will later be rectified by merging the segmented image of thick veins with the resultant image of 
subsequent steps. 

 

When analyzing a gray-scale image in segments, the parts within it often resemble certain distri-
bution curves. Two-dimensional matched filters are specifically crafted to amplify image sections 

that correspond to a particular distribution. Thus, this filtering technique seeks a level of correla-

tion between the specified distribution and the local image area. The strategy behind employing a 

matched filtering method aims to identify segmented linear segments of blood vessels in fundus 
images. These segments' grayscale profile can typically be approximated by a Gaussian-shaped 

curve [62]. This Gaussian distribution, referred to as the kernel, undergoes rotation by an angular 
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step 𝜃. Subsequently, it is convolved with the input image areas to enhance the matched regions. 

The rotation of the kernel is achieved through a rotation matrix 𝑅𝑀, represented as follows: 

 

𝑅𝑀 = [𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃
𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃

]                      (23) 

 

Non-vessel regions (i.e. low value of response) are not enhanced. The matched filter kernel is 
defined as follows: 

 

𝑓𝑚𝑎𝑡𝑐ℎ𝑒𝑑(𝑥, 𝑦) = −𝑘 𝑒𝑥𝑝 (
−𝑥2

2𝜎2
) , 𝑓𝑜𝑟 |𝑦| ≤ 𝐿/2            (24) 

 
Considerations should be made regarding the length (L) of the vessel's piecewise element and the 

spread (𝜎) of the kernel intensity profile. It is notable in the literature that blood vessels typically 

exhibit low curvatures. Therefore, it is crucial to search for rotations of anti-parallel pairs within 

estimated piecewise elements. Additionally, small blood vessels often lack significant local con-
trast. Despite previous homomorphic enhancement techniques, small vessels exhibit a low reflec-

tance component compared to other inner surfaces of the human eye. Their appearance is charac-

terized by lower illumination than the relative background, and their width decreases as they 
traverse the vascular tree. 

 

To address these factors, vessel orientation may vary, and it is assumed that the vessel direction 

aligns with the y-axis. For thin vessel segmentation, the kernel undergoes rotation at seven-
degree intervals, spanning angles from θ = 0, 7, 14 to 182 degrees, resulting in 26 different rota-

tions. Recommended parameters for this methodology include a 𝜎 value of 0.8 and a kernel size 

of 7 ×  7 pixels. This choice is informed by the common widths of retinal blood vessels, which 
typically range from 2 to 10 pixels (equivalent to 36 to 180μm). By employing this method, the 

likelihood of false detection of vasculature is reduced, consequently lowering the false positive 

rate. 

 

 
 

Figure 5: Vessels Segmentation: (a) Input RGB, (b) Green Component, (c) PSO Optimized, (d) Segmented 
Thick Vessels, (e) Segmented Thin Vessels, (f) Combined Vessels 

 

3.4. Post Processing 

 
The integration of thick and thin vessel segmentation in binary form involves applying a bitwise 

OR operation, followed by the generation of a final segmentation image illustrating the outcomes 

from both branches depicted in Figure 1. To eliminate small undesired components and noise 

generated in prior phases, a final post-processing step is executed. This step employs morpholog-
ical image techniques including dilation, erosion, and a connectivity assessment to eliminate bi-

nary elements smaller than a predetermined pixel size, resulting in a definitive binary image for 
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subsequent evaluation. The ultimate outcome of the segmentation procedure is depicted in Figure 
5(f). 

 

4. RESULTS AND DISCUSSION 
 

This section presents the performance outcomes of the PSO-HRVSO method applied to two eye 
fundus datasets for retinal vessel segmentation: DRIVE [51] and STARE [50], both publicly ac-

cessible. The DRIVE dataset comprises 40 images divided into two subsets of 20 elements each, 

designated as the training and test sets. All images were captured using a Canon CR5 nonmydri-

atic 3CCD camera with a 450field of view and a spatial resolution of 565 × 584 pixels [91]. Ad-

ditionally, the DRIVE image dataset includes manual segmentation conducted and validated by 

three trained human observers with medical expertise. The training subset involves the manual 

segmentation of one set by a single human observer, while the test subset underwent manual 
segmentation by two human observers, offering dual perspectives and establishing ground-truth 

images for performance analysis. 

 
On the other hand, the STARE dataset comprises 397 digitized eye fundus images acquired using 

a TopCon TVR-50 fundus camera with a 350field of view and a spatial resolution of 605×700 

pixels [50]. Among these images, manual segmentation was performed for only 25 by two ob-

servers. The first observer segmented 11.2% of the entire image pixels as vascular tree pixels, 
while the second observer segmented a total of 14.6%. Both datasets encompass healthy and dis-

eased fundus images, including various vascular abnormalities, diabetic retinopathy, choroidal 

neovascularization, arteriosclerotic retinopathy, among others. 
 

To conduct a mathematical analysis and determine the accuracy of segmentation, three perfor-

mance metrics are employed: Specificity (Spe), Sensitivity (Sen), and Accuracy (Acc). These 
metrics are defined mathematically as follows: 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝑆𝑒𝑛) =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑃)

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝑇𝑃) + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝐹𝑁)
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦(𝑆𝑝𝑒) =  
𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑇𝑁)

𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒(𝑇𝑁) + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒(𝐹𝑃)
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐴𝑐𝑐) =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
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Table 1: Results of the PSO-HRVSO methodology applied to DRIVE dataset 

 

Images 
Observer 1 Observer 2 

Sen Spe Acc Sen Spe Acc 

01_test 0.8358 0.9742 0.9754 0.8437 0.9834 0.9715 

02_test 0.8159 0.9867 0.9823 0.8164 0.9847 0.9794 

03_test 0.8422 0.9831 0.9854 0.8519 0.9881 0.9837 

04_test 0.7891 0.9928 0.9745 0.7974 0.9943 0.9829 

05_test 0.7843 0.9936 0.9942 0.8036 0.9942 0.9918 

06_test 0.8251 0.9849 0.9937 0.8284 0.9837 0.9916 

07_test 0.8735 0.9874 0.9821 0.8734 0.9862 0.9864 

08_test 0.8715 0.9942 0.9825 0.8839 0.9911 0.9838 

09_test 0.8694 0.9837 0.9875 0.8734 0.9871 0.9827 

10_test 0.8846 0.9957 0.9943 0.8858 0.9958 0.9918 

11_test 0.8723 0.9943 0.9843 0.8868 0.9969 0.9837 

12_test 0.8264 0.9785 0.9826 0.8234 0.9741 0.9784 

13_test 0.8531 0.9938 0.9746 0.8519 0.9961 0.9721 

14_test 0.8591 0.9892 0.9853 0.8587 0.9873 0.9864 

15_test 0.8664 0.9875 0.9746 0.8738 0.9834 0.9766 

16_test 0.8697 0.9828 0.9748 0.8769 0.9845 0.9784 

17_test 0.8856 0.9914 0.9872 0.8821 0.9961 0.9867 

18_test 0.8946 0.9849 0.9836 0.8937 0.9837 0.9817 

19_test 0.8935 0.9932 0.9941 0.8981 0.9957 0.9969 

20_test 0.8816 0.9941 0.9843 0.8776 0.9971 0.9792 

21_test 0.8829 0.9852 0.9971 0.8872 0.9831 0.9944 

22_test 0.8426 0.9847 0.9876 0.8265 0.9881 0.9848 

23_test 0.8247 0.9911 0.9982 0.8319 0.9935 0.9971 

24_test 0.8167 0.9927 0.9934 0.8264 0.9938 0.9964 

25_test 0.8935 0.9857 0.9861 0.8897 0.9862 0.9908 

Mean 0.8542 0.9882 0.9856 0.8577 0.9891 0.9852 

 

True Positive (𝑇𝑃) denotes the number of pixels identified as vessels in both the ground-truth and 

the segmented image. True Negative (𝑇𝑁) indicates the count of pixels accurately classified as 

non-vessels in both the ground-truth and the segmented image. False Positive (𝐹𝑃) represents the 

number of pixels identified as vessels in the segmented image but are non-vessel pixels in the 

ground-truth. Finally, False Negative (𝐹𝑁) illustrates the number of pixels incorrectly classified 

as non-vessels in the segmented image when they correspond to vessels in the ground-truth. 
 

Table 1 displays the performance results of applying segmentation metrics from the PSO-

HRVSO methodology to the DRIVE dataset against observer 1 and observer 2. The method 
achieves a specificity of 0.9882, sensitivity of 0.8542, and average precision of 0.9856 compared 

to observer 1. 

 
Similarly, against observer 2, the method achieves averages of 0.9891, 0.8577, and 0.9852 for 

these metrics, respectively. The maximum specificity values against observers 1 and 2 occur in 

image 10_test, reaching 0.9957 and in image 20_test, reaching 0.9971, respectively. Conversely, 

the minimum specificity values against observers 1 and 2 are 0.9742 and 0.9741, observed in 
images 01_test and 12_test, respectively. 

 

Table 2 presents the metrics results of comparing the segmentation performed by the PSO-
HRVSO method with both observers for the STARE data-set. The average sensitivity, specificity, 
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and accuracy achieved when comparing the segmented image with the ground-truth of observer 1 
are 0.8577, 0.9868, and 0.9836, respectively. Similarly, when compared with the ground-truth of 

observer 2, these metrics are 0.8576, 0.9868, and 0.9831. The highest specificity values against 

observers 1 and 2 are 0.9974 in image im0038 and 0.9967 in image im0021, respectively. Con-

versely, the lowest specificity values against observers 1 and 2 are 0.9718 in image im0278 and 
0.9739 in image im0056. 

 
Table 2: Results of the PSO-HRVSO methodology applied to STARE dataset 

 

Images 
Observer 1 Observer 2 

Sen Spe Acc Sen Spe Acc 

im0001 0.7925 0.9921 0.9951 0.7895 0.9878 0.9955 

im0006 0.8244 0.9937 0.9927 0.8235 0.9938 0.9884 

im0008 0.8257 0.9841 0.9842 0.8284 0.9926 0.9824 

im0009 0.8317 0.9964 0.9934 0.8321 0.9897 0.9968 

im0012 0.8341 0.9859 0.9763 0.8364 0.9918 0.9719 

im0015 0.8347 0.9811 0.9748 0.8369 0.9792 0.9737 

im0017 0.8522 0.9842 0.9822 0.8581 0.9846 0.9818 

im0021 0.8761 0.9964 0.9851 0.8743 0.9967 0.9841 

im0024 0.8795 0.9937 0.9837 0.8784 0.9896 0.9862 

im0038 0.8628 0.9974 0.9942 0.8617 0.9933 0.9921 

im0047 0.8748 0.9833 0.9901 0.8788 0.9818 0.9912 

im0056 0.8691 0.9719 0.9871 0.8738 0.9739 0.9887 

im0081 0.8824 0.9848 0.9833 0.8654 0.9864 0.9837 

im0090 0.8857 0.9927 0.9858 0.8855 0.9899 0.9868 

im0102 0.8749 0.9967 0.9869 0.8765 0.9927 0.9829 

im0138 0.8869 0.9924 0.9925 0.8815 0.9964 0.9924 

im0154 0.8871 0.9817 0.9847 0.8911 0.9791 0.9843 

im0197 0.8215 0.9824 0.9723 0.8233 0.9867 0.9755 

im0243 0.8166 0.9861 0.9611 0.8167 0.9865 0.9581 

im0251 0.8546 0.9913 0.9637 0.8516 0.9922 0.9655 

im0274 0.8612 0.9743 0.9728 0.8644 0.9854 0.9737 

im0278 0.8927 0.9718 0.9738 0.8917 0.9739 0.9716 

im0289 0.8715 0.9738 0.9829 0.8719 0.9718 0.9867 

im0294 0.8657 0.9955 0.9954 0.8655 0.9897 0.9891 

im0305 0.8852 0.9862 0.9973 0.8837 0.9857 0.9944 

Mean 0.8577 0.9868 0.9836 0.8576 0.9868 0.9831 

 
In Table 3, the results obtained are numerically contrasted against contemporary supervised and 

unsupervised methods, showcasing the efficiency and computational time across both datasets. 

Notably, the table highlights the highest average values among the three metrics for both super-
vised and unsupervised methods, which are denoted in bold. Specifically, in terms of specificity 

and accuracy, PSO-HRVSO attains the highest values of 0.9846 and 0.9856, respectively, where-

as sensitivity peaks at 0.9230 with Liskowski et al. [64] for the DRIVE dataset. Similarly, for the 
STARE dataset, PSO-HRVSO achieves the highest specificity and accuracy scores of 0.9868 and 

0.9833, while Liskowski et al. [64] secures the highest sensitivity at 0.9207. Despite not yielding 

the optimal outcomes, it's noteworthy that the approach is closely comparable in numerical terms 
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to methods necessitating training processes and ground-truth data, such as supervised methods, 
albeit with higher computational expenses. 

 
Table 3: Comparative analysis of outcomes obtained from implementing the PSO-HRVSO methodology on 

both the DRIVE and STARE datasets, juxtaposed with state-of-the-art supervised and unsupervised meth-

ods. 

 

Method Year 
DRIVE Dataset STARE Dataset Processing  

Time Sen Spe Acc Sen Spe Acc 

Supervised methods 

Liskowski et al. [64] 2016 0.9230 0.9241 0.9160 0.9207 0.9304 0.9309 92.0s 

Zhang et al. [65] 2017 0.7861 0.9712 0.9466 0.7882 0.9729 0.9547 23.40s 

Orlando et al. [66] 2017 0.7897 0.9684 - 0.7680 0.9738 - - 

Dasgupta et al. [67] 2017 0.7691 0.9801 0.9533 - - - - 

Yan et al. [68] 2018 0.7653 0.9818 0.9542 0.7581 0.9846 0.9612 - 

Thangaraj et al. [69] 2018 0.8014 0.9753 0.9606 0.8339 0.9536 0.9435 180.86s 

Guo et al. [70] 2018 0.7046 0.9806 0.9613 0.5629 0.9816 0.9540 - 

Yang et al. [71] 2019 0.756 0.9696 0.9421 0.7202 0.9733 0.9477 - 

Jin et al. [72] 2019 0.7963 0.9800 0.9566 0.7595 0.9858 0.9641 17.65s 

Cheng et al. [73] 2020 0.7672 0.9834 0.9559 - - - - 

Adapa et al. [74] 2020 0.6994 0.9811 0.9450 0.6298 0.9839 0.9486 81.0s 

Wu et al. [75] 2020 0.7996 0.9813 0.9582 0.7963 0.9863 0.9672 88.0s 

Unsupervised methods 

Zhang et al. [76] 2016 0.7743 0.9725 0.9476 0.7791 0.9758 0.9554 20.0s 

Shahid et al. [77] 2017 0.7300 0.9790 0.9580 0.7900 0.9650 0.9510 - 

Fan et al. [78] 2018 0.7360 0.9810 0.9610 0.7910 0.9710 0.9570 13.23s 

Aguirre et al. [79] 2018 0.7854 - 0.9503 0.7116 0.9454 0.9231 - 

Abdallah et al. [80] 2018 0.6887 0.9765 0.9389 0.6801 0.9711 0.9388 - 

Pal et al. [81] 2018 0.6129 0.9744 0.9431 - - - - 

Yue et al. [82] 2018 0.7528 0.9731 0.9447 - - - 4.60s 

Biswal et al. [83] 2018 0.7100 0.9700 0.9500 0.7000 0.9700 0.9500 3.30s 

Diaz et al. [84] 2019 0.8464 0.9701 0.9619 0.8331 0.9619 0.9559 - 

Wang et al. [85] 2019 0.7287 0.9775 0.9446 0.7526 0.9733 0.9503 4.50s 

Roy et al. [86] 2019 0.4392 0.9622 0.9295 0.4317 0.9718 0.9488 0.10s 

Zhou et al. [87] 2020 0.7262 0.9803 0.9475 0.7865 0.9730 0.9535 63.2s 

Dos Santos et al. [88] 2020 0.7702 0.9695 0.9519 - - - - 

Shukla et al. [89] 2020 0.7015 0.9836 0.9476 0.7023 0.9863 0.9573 1.41s 

Pachade et al. [90] 2020 0.7738 0.9721 0.9552 0.7769 0.9688 0.9543 4.78s 

PSO-HRVSO 2024 0.8559 0.9846 0.9854 0.8577 0.9868 0.9833 24.0s 

 
The mean processing times derived for each method as detailed in Table 3 were sourced from 

existing literature. Analysis of Table 3 reveals that the PSO-HRVSO method demonstrates short-

er processing times compared to both supervised and unsupervised methods based on perfor-

mance data. Furthermore, the PSO-HRVSO algorithm demonstrates competitive processing times 
compared to both supervised and unsupervised methods. Moreover, it exhibits superior efficiency 

values across all three-performance metrics. 
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5. PSEUDOCODE 
 

Begin /* (Pseudocode) */ 

 

Begin  /* (Gaussian Flitering over RGB Image) */ 

rgbImage = imread(Input RGB image.jpg'); /* Read the input RGB image */ 

 greenImage = rgbImage(:, :, 2); /*RGB to Green Component conversion */ 
 gaussianKarnel = Gaussian kernel size = 3; 

 𝜎 = Standard Deviation 

/* Compute the size of the Gaussian kernel based on the standard deviation */ 

/* Calculate the Gaussian function for each pixel in the kernel */ 

𝐺(𝑥, 𝑦)  =  (1 / (2 ∗ 𝜋 ∗ 𝑠𝑖𝑔𝑚𝑎2)) ∗ 𝑒𝑥𝑝(−((𝑥 2 + 𝑦2)/(2 ∗ 𝑠𝑖𝑔𝑚𝑎2))) 

End  /* (Gaussian Flitering over RGB Image) */ 

 

Begin  /* (Image Enhancement using PSO) */ 

objectiveFunction = @(x) computeObjective(x, grayscaleImage); /* Define the objective function for 

image enhancement */ 

numParticles = 100; /* Set PSO parameters */ 

numIterations = 100; 

maxVelocity = 2; 
c1 = 2;  /* Cognitive component weight */ 

c2 = 2;  /* Social component weight */ 

/* Initialize particles and velocities */ 

particlePositions = initializeParticles(numParticles); 

particleVelocities = initializeVelocities(numParticles); 

/* Initialize the best positions and global best position */ 

particleBestPositions = particlePositions; 

globalBestPosition = particlePositions(1, :); 

/* Perform PSO iterations */ 

for iteration = 1:numIterations 

particleFitness = evaluateFitness(objectiveFunction, particlePositions); /* Evaluate the fitness of each 
particle */ 

for particle = 1:numParticles /* Update particle best positions */ 

if particleFitness(particle) < evaluateFitness(objectiveFunction, particleBestPositions(particle, :)) 

particleBestPositions(particle, :) = particlePositions(particle, :); 

   end 

   end 

   [~, globalBestIndex]=min(particleFitness); /*Update global best position */ 

   globalBestPosition = particlePositions(globalBestIndex, :); 

particleVelocities = updateVelocities(particleVelocities, particlePositions, particleBestPositions, 

globalBestPosition, c1, c2, maxVelocity); /* Update particle velocities and positions */ 

particlePositions = updatePositions(particlePositions, particleVelocities); 

end 

enhancedImage = performEnhancement(globalBestPosition, grayscaleImage); /* Perform image en-

hancement using the global best position */ 

End  /* (Image Enhancement using PSO) */ 

 

Begin /* (Homomorphic Filtering) */ 

𝐼(𝑥, 𝑦) = 𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒(𝑥, 𝑦) ∗ 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒(𝑥, 𝑦)   

𝑍(𝑥, 𝑦) = 𝑙𝑛(𝐼(𝑥, 𝑦)) = 𝑙𝑛(𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒(𝑥, 𝑦) ∗ 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒(𝑥, 𝑦))

= 𝑙𝑛(𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒(𝑥, 𝑦)) + 𝑙𝑛(𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒(𝑥, 𝑦)) 

 𝐹𝑛[𝑍(𝑥, 𝑦)] = 𝐹𝑛𝑧(𝑢, 𝑣) + 𝐹𝑛𝑟(𝑢, 𝑣) 

𝐻𝑓𝑛(𝑢, 𝑣) = 1 − 𝑒𝑥𝑝 (
−𝐷2(𝑢,𝑣)

2𝜎2
)  

𝐺𝑓𝑛(𝑢, 𝑣) = 𝐹𝑛𝑧(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣) = 𝐹𝑛𝑙(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣) + 𝐹𝑛𝑟(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)  

𝐹𝑛−1[𝐺𝑓𝑛(𝑢, 𝑣)] = 𝐹𝑛−1[𝐹𝑛𝑙(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)] + 𝐹𝑛−1[𝐹𝑛𝑟(𝑢, 𝑣)𝐻𝑓𝑛(𝑢, 𝑣)]  
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𝑔(𝑥, 𝑦) = 𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒′(𝑥, 𝑦) + 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒′(𝑥, 𝑦)   

𝐼′(𝑥, 𝑦) = 𝑒𝑥𝑝[𝑔(𝑥, 𝑦)] = 𝑒𝑥𝑝[𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒′(𝑥, 𝑦)]𝑒𝑥𝑝[𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒′(𝑥, 𝑦)]  
End /* (Homomorphic Filtering) */ 

 

Begin /* (Optimized Top-Hat Algorithm) 

inputImage = enhancedImg;   /* Read the input image */ 

/* Apply morphological operations for noise removal or smoothing */ 

SE = strel('disk', size);  /* Define a disk-shaped structuring element with specified size */ 

morphImage = imopen(grayImage, SE);  /* Perform opening operation */ 

tophatImage = imtophat(morphImage, SE);  /* Perform TOP-HAT transform for image enhancement */ 

End /* (Optimized Top-Hat Algorithm) 

Thick_Threshold = median_filtering(tophatImage) 

Thin_Threshold = matched_filtering(tophatImage) 

Segmented_Vessels = Thick_Threshold + Thin_Threshold. 

 

End /* (Pseudocode) */ 

 

6. CONCLUSION & FUTURE WORK 
 

We introduce a novel approach aimed at enhancing the segmentation of the retinal vascular tree 
in human eye fundus images. The methodology hinges on a segmentation process divided into 

two branches: thin and thick vessel detection. Notably, our method achieves high specificity 

without necessitating manual segmentation or resource-intensive training techniques. Compara-
tive analysis of our method, applied to both the DRIVE and STARE datasets, reveals its superior-

ity over existing unsupervised methods in the literature. Particularly, it excels in extracting thin 

vessels with greater precision compared to current methodologies. 

 
Central to our framework is the parameter variation of optimized top-hat and homomorphic filter-

ing stages, tailored to the segmentation results of thin and thick vessels. This adaptive feature 

significantly enhances segmentation accuracy and specificity. However, a limitation of our pro-
posal is its relatively lower sensitivity compared to state-of-the-art values. To address this, we 

plan to explore reinforced learning algorithms to optimize the methodology's parameters and im-

prove sensitivity. 

 
Looking ahead, we aim to integrate this method as a preprocessing step in a robust computer-

aided diagnosis (CAD) system for classifying healthy and unhealthy fundus images based on 

retinal vessel segmentation. The crux lies in achieving high specificity segmentation, minimizing 
false positives, and ensuring accurate diagnostic interpretations—an aspect we prioritize in our 

proposal's development. 
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Abstract. Accurate segmentation of retinal vessels is crucial for diagnosing and monitoring various ocular and systemic 

diseases. However, challenges such as low contrast, noise, and uneven illumination in retinal images hinder precise 

segmentation. This study proposes a novel framework combining Particle Swarm Optimization (PSO) with contrast-

limited Adaptive Histogram Equalization (CLAHE) for image enhancement, followed by an Active Contour Model 

(ACM) for the segmentation of retinal vessels. 

The PSO algorithm is employed to optimize the parameters of CLAHE, ensuring enhanced image contrast and clarity 

while preserving critical vessel details. The enhanced images are subsequently segmented using an ACM, which effec-

tively delineates vessel boundaries by minimizing a hybrid energy function. Integrating PSO-optimized CLAHE ensures 

superior preprocessing, enabling the active contour model to achieve more accurate and robust segmentation results. 

Experimental evaluations were conducted on publicly available retinal image datasets, and the proposed method demon-

strated improved performance in terms of accuracy, sensitivity, and specificity compared to traditional enhancement and 

segmentation approaches. The framework's adaptability to varying image qualities and its potential for integration into 

automated diagnostic systems highlight its significance in retinal image analysis. 

Keywords: Retinal Vessel Segmentation, Particle Swarm Optimization, Contrast-limited Adaptive Histogram Equaliza-

tion, Image Enhancement, Active Contour Model, Medical Imaging. 

1 Introduction 

The segmentation of retinal vessels plays a crucial role in diagnosing and monitoring various ocular and systemic dis-

eases, including diabetic retinopathy, glaucoma, and hypertension. Retinal vessel extraction aids in the analysis of vascular 

structures, which are pivotal indicators of pathological changes. However, accurate segmentation remains a challenging 

task due to the complex and intricate patterns of retinal vasculature, as well as variations in image quality caused by illu-

mination inconsistencies, noise, and patient-specific anatomical differences. 

To address these challenges, image preprocessing techniques that enhance vessel visibility and segmentation algorithms 

that precisely delineate vascular structures are essential. Contrast Limited Adaptive Histogram Equalization (CLAHE) has 

emerged as a powerful image enhancement technique, especially in medical imaging, due to its ability to enhance local 

contrast while mitigating noise amplification. However, its performance is highly dependent on the appropriate selection 

of parameters such as clip limit and grid size, which can significantly influence the quality of the enhanced image. 

Particle Swarm Optimization (PSO), a swarm intelligence-based optimization algorithm, offers an effective solution for 

parameter tuning in complex problems. By employing PSO to optimize the CLAHE parameters, the enhanced images can 

achieve superior contrast and vessel visibility, setting the stage for improved segmentation results. 

In addition to enhancement, segmentation techniques play a pivotal role in accurately extracting retinal vessels. Active 

contour models (ACMs) have been widely utilized for this purpose due to their ability to refine contours based on energy 

minimization principles iteratively. ACMs effectively balance internal forces (ensuring contour smoothness) and external 

forces (driven by image features such as edges or gradients). When applied to enhanced retinal images, ACMs can achieve 

precise vessel delineation, even in challenging cases. 

This research proposes a novel framework that combines PSO-optimized CLAHE for image enhancement with active 

contour-based segmentation for extracting retinal vessels. Integrating these techniques leverages each component's 

strengths, ensuring enhanced image quality and robust segmentation. The proposed methodology is evaluated on publicly 

available retinal image datasets, demonstrating its potential to achieve high segmentation accuracy and reliability, even in 

noise and complex vascular structures. 

The remainder of this paper is structured as follows: Section 2 reviews related work in retinal image enhancement and 

segmentation. Section 3 presents the proposed methodology, detailing the PSO-optimized CLAHE process and the active 

contour-based segmentation approach. Section 4 discusses the experimental setup, datasets, and evaluation metrics. Section 

5 analyzes the results and compares the proposed framework with existing methods. In conclusion, Section 6 wraps up the 

paper and highlights potential areas for future research. 
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2 Literature Review 

Retinal vessel segmentation plays a vital role in diagnosing ocular and systemic diseases such as diabetic retinopathy 

and hypertension. Accurate segmentation requires effective preprocessing to enhance vessel structures, especially in noisy 

or low-contrast retinal images. The combination of Particle Swarm Optimization (PSO), Contrast Limited Adaptive Histo-

gram Equalization (CLAHE), and Active Contour Models (ACMs) has emerged as a promising approach. This review 

highlights recent advancements and applications of these methods in retinal image analysis. 

CLAHE has gained significant attention for enhancing retinal images by improving local contrast and preserving edge 

details. Recent studies have addressed its limitations, such as over-amplification of noise, by optimizing its parameters. In 

2023, Priyadharsini C. presented enhancement techniques for retinal images based on the Lab color space [1]. Although 

the study doesn't focus solely on CLAHE, it emphasizes the significance of color dominance in retinal image enhancement. 

The authors explore how manipulating different color channels can enhance image quality, which is relevant when applying 

CLAHE to specific channels for focused enhancement. A 2022 study by Cheng Wan et al., published in Frontiers in Med-

icine, explores adaptive CLAHE methods for enhancing retinal fundus images [2]. The research emphasizes how CLAHE 

improves image contrast and reduces noise, aiding in the clearer visualization of retinal structures. The results indicate that 

CLAHE is a useful tool for enhancing retinal images, leading to more accurate analysis and diagnosis. In 2020, Alwazzan 

MJ introduced a hybrid algorithm that integrates CLAHE with other enhancement methods to improve the quality of color 

retinal fundus images [3]. The authors tackle issues like artificial boundaries and noise amplification that are commonly 

associated with CLAHE. Their approach involves preprocessing the green channel of the image with a Wiener filter before 

applying CLAHE, which leads to better image quality, reduced noise, and clearer vessel structures. Esra Kaya et al. (2020) 

investigated a technique for supervised segmentation of retinal vessel structures utilizing Artificial Neural Networks 

(ANN), focusing on the use of CLAHE preprocessing [4]. In their study, CLAHE was applied to the green channel of 

retinal images to improve the visibility of the vascular structures. This preprocessing step played a crucial role in enhancing 

the ANN's segmentation performance, resulting in more accurate delineation of vessels within the retinal images. 

These studies underscore the versatility and effectiveness of CLAHE in enhancing retinal images, thereby facilitating 

better visualization and analysis of retinal structures. The integration of CLAHE with other advanced techniques, such as 

neural networks and hybrid algorithms, further enhances its applicability in medical imaging. 

Particle Swarm Optimization (PSO) has emerged as a powerful technique for enhancing retinal images, addressing 

challenges such as uneven illumination, low contrast, and noise. By simulating the social behavior of particles, PSO effec-

tively adjusts image parameters to improve visual quality and facilitate subsequent analysis. In 2022, Jyotirmaya Sahoo 

and colleagues introduced an autonomous augmentation technique utilizing real-encoded PSO to enhance medical images 

[5]. This approach resulted in notable improvements in image quality, supporting more precise medical decision-making. 

V. Sathananthavathi proposed a method in 2021 to enhance fundus images with uneven illumination and contrast by ad-

justing luminance and contrast through Particle Swarm Optimization (PSO) [6]. This approach effectively improved the 

image quality, making it more suitable for clinical analysis. In 2020, Swarup Kr. Ghosh and colleagues introduced a novel 

enhancement method that utilizes Particle Swarm Optimization (PSO) within a fuzzy framework to tackle challenges in 

retinal image enhancement [7]. This approach successfully improved image quality, enabling more effective analysis of 

retinal conditions. In 2019, Qiang Huo proposed a data-efficient semi-supervised learning framework that integrates deep 

learning networks with Generative Adversarial Networks (GAN) and self-training, optimized through Particle Swarm Op-

timization (PSO) [8]. This approach demonstrated performance on par with supervised learning while utilizing only a small 

portion of labeled data, showcasing the effectiveness of PSO in optimizing deep learning models for retinal vessel segmen-

tation. 

PSO has proven to be a valuable tool in retinal image enhancement, effectively addressing various challenges and im-

proving image quality for clinical applications. Ongoing research continues to explore its potential, integrating PSO with 

advanced techniques like deep learning and fuzzy logic to further enhance retinal image analysis. 

Active contour models, commonly known as snakes, have been extensively utilized for retinal vessel segmentation due 

to their ability to adapt to vessel boundaries and effectively delineate complex structures. Recent advancements in this area 

have introduced innovative methodologies to enhance segmentation accuracy and robustness. 

In 2018, Prakash Kumar Karn introduced Hybrid Active Contour Models that integrate various techniques to enhance 

segmentation performance [9]. For example, one study presented a hybrid active contour model that included an innovative 

preprocessing method to segment retinal blood vessels in different fundus images. This approach showed improved robust-

ness and accuracy over traditional methods. The Infinite Perimeter Active Contour Model was introduced by Zhao Y in 

2015, incorporating hybrid region information to segment retinal vessels [10]. This model effectively tackles issues like 

low contrast and noise, delivering high specificity and accuracy in vessel segmentation. Another important contribution is 

the "Ribbon of Twins" active contour model, which uses two pairs of contours to accurately capture the edges of each 

vessel while ensuring consistent width. Developed by Bashir Al-Diri et al., this approach employs a generalized 
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morphological order filter for initialization and an implicit neural cost function to address junction configurations, enabling 

efficient segmentation and measurement of retinal vessels [11]. 

The literature review emphasizes the effectiveness and potential of the image-processing methods discussed in these 

studies for segmenting blood vessels. However, it is important to acknowledge the existing limitations and areas for im-

provement. Some retinal image processing methods are sensitive to factors like low resolution, noise, uneven illumination, 

and motion artifacts. In real-world clinical environments, where image quality can vary, these methods may produce subop-

timal results or necessitate additional pre-processing steps. Additionally, certain techniques can be computationally inten-

sive, requiring significant computational resources or extended processing times, which may hinder their use in real-time 

or resource-limited settings. Acquiring accurate and comprehensive ground truth annotations for retinal images is another 

challenge, as it can be time-consuming and difficult, impacting the development and evaluation of image-processing algo-

rithms and complicating efforts to determine their true effectiveness. Moreover, the processing algorithms currently lack 

efficient techniques for handling multiple target features, such as optic disks, retinal vessels, hemorrhages, and others. 

3 Motivation and Contribution 

Motivation: 

Enhancing and segmenting retinal blood vessels plays a critical role in advancing medical imaging, diagnosis, and treat-

ment planning. Below are the key motivations: 

• Early Disease Detection: Retinal vessel segmentation can help detect microaneurysms, hemorrhages, and neo-

vascularization, which are early signs of diabetic retinopathy.  Changes in blood vessel structure, such as nar-

rowing or irregularity, can indicate hypertension-related damage. Analysis of the retinal blood vessels and optic 

disc region aids in identifying glaucoma. Retinal vessels provide insights into systemic vascular conditions, as 

the retina is the only place where microvasculature can be observed non-invasively. 

• Improved Diagnosis Accuracy: Enhancing and segmenting retinal vessels improves image clarity, enabling 

clinicians and AI systems to differentiate between normal and pathological features more accurately. 

• Treatment Monitoring: Changes in vessel structure or density can indicate how well a patient is responding to 

treatments like laser photocoagulation or anti-VEGF injections.  Segmentation allows clinicians to monitor 

disease progression over time, ensuring timely interventions. 

• Cost and Time Efficiency: Automated segmentation reduces the workload for healthcare professionals, ena-

bling faster and more consistent analysis of retinal images, which is crucial in large-scale screening programs. 

By enhancing and segmenting retinal blood vessels, we not only improve diagnostic and therapeutic outcomes but also 

contribute to a deeper understanding of the interconnection between ocular and systemic health. 

 

Contribution: 

The study introduces an innovative approach for segmenting retinal blood vessels by leveraging Particle Swarm Opti-

mization (PSO) to enhance contrast-limited adaptive Histogram Equalization (CLAHE) for image enhancement and em-

ploying active contour methods for segmentation. The contributions of this method are as follows: 

• By using PSO to optimize the parameters of CLAHE, the proposed method achieves superior contrast enhance-

ment. This ensures that retinal blood vessels, particularly thin and low-contrast vessels, are more distinguisha-

ble from the background, facilitating accurate segmentation. 

• Traditional CLAHE methods rely on manually chosen parameters that may not generalize well across diverse 

datasets. PSO automates the selection of optimal parameters, ensuring consistent performance across various 

image conditions, such as varying lighting, noise, and contrast levels. 

• The active contour model, when applied to the enhanced images, benefits from the optimized contrast, leading 

to precise delineation of retinal blood vessels. This is particularly effective in addressing challenges posed by 

complex retinal structures and varying vessel thickness. 

• Combining PSO-optimized CLAHE with active contour models introduces a hybrid approach that synergisti-

cally leverages the strengths of both methods. This integration minimizes noise interference and false positives, 

which are common in traditional segmentation techniques. 

• The algorithm can be extended to other medical imaging modalities where contrast enhancement and precise 

segmentation are critical, such as magnetic resonance imaging (MRI) or computed tomography (CT) scans. 

The proposed approach significantly advances retinal vessel segmentation by combining PSO-optimized CLAHE for 

image enhancement with active contour-based segmentation. It offers a robust, accurate, and clinically valuable tool for 

retinal image analysis. 

ISSN: 1138-5790

PAGE NO:51

Quaderns Journal

VOLUME 13 ISSUE 2, 2025



4 Dataset 

Dataset: 

The Active-BDCLF algorithm was estimated by freely accessible datasets like DRIVE, HRF, STARE, CHASEDB1, 

INSPIRE-AVR, and others to develop a fully automated monitoring system.  

The DRIVE dataset was created as part of a diabetic testing campaign in The Netherlands. The trial involved 400 diabetic 

individuals ranging in age from 25 to 90 years. Out of this collection, 40 images were selected at random: 33 exhibiting no 

signs of diabetic retinopathy and 7 showing early-stage, mild diabetic retinopathy. These visuals were obtained with a 

Canon CR5 non-mydriatic 3CCD camera featuring a 45-degree field of view (FOV). Each image was confirmed at a res-

olution of 768 ×  584 pixels, using an 8-bit color model, with a circular field of view covering approximately 540 pixels. 

The photos were reaped around the FOV, and every photo was accompanied by a ‘mask’ delineating the FOV. 

The collection of 40 images was divided into a training set and a test set, each containing 20 images. The training 

collection comprises a solitary manual segmentation of the vascular structure. In relation to the test set, two manual delin-

eations are included: one acts as the standard, and the other facilitates a comparison between the computer-generated seg-

mentation and an independent human observer. Each retinal image also comes with a mask defining the region of interest. 

The human observers responsible for manual segmentations were trained by an experienced ophthalmologist and instructed 

to label pixels as vessels only if they were at least 70% confident in their assessment. 

The INSPIRE-AVR dataset is publicly available and consists of 40 annotated retinal images with significant vascular 

abnormalities, optic disc region, and artery-vein ratio. It is specifically used for classifying and grading various hyperten-

sion-related complications. The annotations were made by two specialists using a hybrid automated tool developed by the 

University of Wisconsin, Madison, WI, USA [18]. 

The HRF imaging dataset, created by a collaborative research group, is designed to aid in the formulation of clinical 

decision-support tools for diagnosing different retinal irregularities. It covers 45 retinal images from participants, with 15 

from healthy individuals, 15 from glaucomatous cases, and 15 from diabetic retinopathy (DR) cases [19]. These pictures 

are recorded at 3504 ×  2336 pixels resolution, 24 bits per pixel, utilizing a CANON CF-60 UVI camera with a 60-degree 

viewing angle. 

The STARE dataset comprises approximately 400 images, with 50 images depicting vascular patterns and 80 featuring 

Reference standards for optic nerve localization [20]. These pictures were taken at a resolution of 605 ×  700 pixels with 

a 24-bit color depth using a TOPCON TRV-50 fundus camera, offering a 35-degree field of view. 

5 Methodology 

The proposed methodology for the PSO-Optimized CLAHE for Image Enhancement and Active Contour-Based Seg-

mentation of Retinal Vessels is structured in two primary phases: image enhancement and vessel segmentation. Below are 

the detailed steps: 

 

5.1 Image Enhancement Using PSO-Optimized CLAHE 

This method effectively enhances images by combining Particle Swarm Optimization (PSO) and Contrast Limited Adap-

tive Histogram Equalization (CLAHE). The goal is to optimize the CLAHE parameters using PSO, ensuring the enhanced 

image balances contrast improvement and naturalness. Fig. 1 illustrates the retinal vessel enhancement techniques utilizing 

the proposed PSO-CLAHE fusion method. 
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Fig. 1: PSO-optimized CLAHE to enhance retinal vessels 

5.1.1 Introduction to CLAHE 

CLAHE is an extension of Adaptive Histogram Equalization (AHE), which enhances local contrast by dividing an image 

into smaller regions (tiles) and performing histogram equalization locally on each region. However, AHE can lead to over-

amplification of noise in homogeneous regions. CLAHE addresses this by limiting the contrast enhancement, thus prevent-

ing noise amplification. The CLAHE algorithm involves the following steps: 

a. The input image is divided into non-overlapping tiles or regions, typically of uniform size � × �. 
b. For each tile, compute the histogram of pixel intensities: ����� = ∑ �����, �� − ��,           � = 0,1,2, … … … … , � − 1��,��       (1) 

Where ����� is the histogram for tile   at intensity level �. � is the Kronecker delta function. ���, �� is the intensity 

at the pixel ��, ��. � is the total number of intensity levels. 

c. To limit noise amplification, the histogram is clipped at a predefined threshold !. Excess intensity values are redis-

tributed across the histogram. The clipped histogram ��" ��� is given by ��" ��� = #�����, �$ ����� ≤ !! �$ ����� > !                (2) 

The excess pixels ' = ∑ �(��0, ����� − !�)  are redistributed uniformly: ��""��� = ��" ��� + +,                    (3) 

d. The normalized CDF for the clipped histogram is computed: -./���� = ∑ 0122�3�4567∑ 0122�3�89:567                     (4) 

e. The new intensity values are mapped using the CDF. ��" ��, �� = -./�;���, ��<. �� − 1�               (5) 

f. To avoid discontinuities at tile boundaries, bilinear interpolation is used to blend the intensities of adjacent tiles. 

The final pixel value is calculated as: �"��, �� = �1 − =��;1 − =�<�>" + =�;1 − =�<�?" + �1 − =��=��@" + =�=��A"  (6) 

Where �>" , �?" , �@" , �A"  are the intensity values of the four nearest tiles, and =� , =� are the interpolation of time. 

Figure 2 illustrates the enhanced result of a fundus image from the DRIVE dataset, processed using Histogram Equalization 

(HE), Adaptive Histogram Equalization (AHE), and CLAHE. The individual histogram analysis highlights the character-

istics of each enhanced image. The histogram-equalized image shows an overall improvement in contrast but may appear 

unnatural or overly harsh in regions with distinct brightness variations. The adaptive histogram-equalized image effectively 

enhances local regions, bringing out finer details, though it may amplify noise or artifacts, particularly in uniform areas. In 

contrast, the CLAHE-enhanced image achieves a balanced enhancement of local details, minimizing noise and artifacts. 

This results in a smoother and more visually appealing outcome compared to AHE. 
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Fig. 2: Enhanced fundus image from the DRIVE dataset using Histogram Equalization (HE), Adaptive Histogram Equali-

zation (AHE), and Contrast Limited Adaptive Histogram Equalization (CLAHE). 

5.1.2 Introduction to Particle Swamp Optimization 

Particle swarm optimization (PSO) [12, 13, 14] is a widely recognized population-based optimization technique inspired 

by the principles of swarm intelligence [15, 16, 17]. This approach excels in efficiently exploring the optimal solution 

within a given search domain. PSO achieves this by employing a specialized group of agents called 'particles,' which 

dynamically adjust their positions and velocities in a probabilistic manner, guided by the best-known position within the 

group and the global search area. Assuming X is the size of the swarm in a D-dimensional search space, each particle’s 

position at any given moment is defined as B);C): , C)D , C)E , … … … … , C)F<, which represents a feasible solution to an opti-

mization problem. The velocity of each 

particle is denoted by G);H): , H)D , H)E , … … … … , H)F<. The best previous position of the 

swarm is represented by I);J): , J)D , J)E , … … … … , J)F< for each particle, while the best 

position determined by the entire swarm is denoted as IK;JK: , JKD , JKE , … … … … , JKF<. These equations [7, 8, 9] are used 

to control the behaviour of the particles. H)L�MN = O� ∗ H)L� + (N ∗ Q(�R�� ∗ ;J)L − C)L� <∆T + (U ∗ Q(�R�� ∗ ;JKL − C)L� < ∆T⁄   (7) 

C)L�MN = C)L� + ∆T ∗ H)L�                    (8) 

O� = OWX� −  ∗ �OWX� − OW)Y�  WX�⁄             (9) 

The acceleration coefficients, represented by (N and (U and the inertia weight, denoted by = where =WX� and  =WX� are 

the maximum and minimum values of = are used in a random function Q(�R� � that follows a uniform distribution. The 

updated value and maximum number of iterations are indicated by H)L�MN and C)L�MN respectively, where R ∈ [1, .\. The unit 

time is usually denoted by ∆T and the conditions under which H)L�MN and C)L�MN must be restricted are as follows: 
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H)L�MN = ]H)L�MN −HWX� ≤ H)L�MN ≤ HWX�HWX� H)L�MN >HWX�−HWX� H)L�MN < −HWX�
            (10) 

C)L�MN = ]C)L�MN −CWX� ≤ C)L�MN ≤ CWX�C)Y)_ C)L�MN > CWX�C)Y)_ C)L�MN <  CW)Y
            (11) 

C)Y)_�MN = CW)Y + Q(�R� � ∗ �CWX� − CW)Y�            (12) 

where HWX� represents the highest value of H while CWX�  and CW)Y indicate the maximum and minimum values of C, 

respectively. The following is a summary of the primary stages involved in the processing of PSO: 

1. Define the PSO parameters: Establish the PSO (Particle Swarm Optimization) settings, such as the upper and 

lower iteration weights, cognitive and social acceleration constants, swarm size, neighborhood scope, and the 

iteration limit. 

2. Select an RGB Fundus image: Pick a Fundus image in RGB format and extract its green channel. 

3. Initialize particle positions and velocities: Set up the initial locations and speeds of the particles. 

4. Evaluate particle fitness: Calculate the fitness scores for the initially placed particles. 

5. Identify the best position for each particle: Pinpoint the optimal individual location for every particle in the swarm. C`aYbc = C`adef + g g = � × gdef + -N × Q(�R� � × �C`a)Yf)h)fiXe − C`adef� + -U × Q(�R� � × �C`ajcXkW − C`adef� 

Where g is the velocity, � is the inertia weight, -N, -U are the cognitive and social coefficients respectively. 

6. Apply equations 1, 2, and 3 to modify the particles' positions and velocities [33]. 

7. Refresh the optimal individual position for each particle and the optimal group position for the entire swarm. 

8. Determine if the maximum allowed iterations have been completed or not. 

a. If completed, return the particle with the highest HIS value. 

b. If not, loop back to step 6 and continue the process. 

9. Terminate the algorithm 

PSO functions by iteratively updating the position and velocity of a group of particles within a search domain, where 

each particle signifies a potential solution. The quality of each particle is evaluated using a fitness function, and PSO 

leverages interactions among particles to explore the search domain and converge toward an optimal solution. The result 

of the PSO algorithm is the most favorable solution identified during the process, which might represent a local rather than 

a global optimum. The results of improving the PSO algorithm are illustrated in Fig. 3. 

 

Fig. 3: Enhanced Image using PSO: (a) Input RGB fundus image, (b) Gray Image, (c) PSO enhanced Image, (d) Fitness 

values of PSO enhanced Images. 

Particle Swarm Optimization (PSO)-enhanced Contrast Limited Adaptive Histogram Equalization (CLAHE) integrates 

the strengths of optimization algorithms with image processing techniques to effectively improve image quality. By fine-

tuning CLAHE parameters, PSO maximizes contrast while minimizing noise and distortion. This automated optimization 
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process eliminates the need for manual parameter adjustments, making it ideal for large-scale image processing applica-

tions. Fig. 4 illustrates the enhanced vessels of a retinal fundus image achieved using PSO-optimized CLAHE. 

 

Fig. 4: Vessel’s enhancement using PSO optimized CLAHE: (a) Input fundus image, (b) Gray image, (c) CLAHE en-

hanced image, (d) PSO optimized CLAHE enhancement 

5.2 Vessel’s segmentation using Active Contour 

Active Contour-based Vessel Segmentation is a widely used technique in medical imaging for extracting and analyzing 

blood vessels in retinal fundus images. Active contour models, also known as "snakes," are energy-minimizing curves that 

evolve under specific constraints to delineate object boundaries. Fig. 5 illustrates the active contour method employed for 

segmenting retinal vessels. 

This method leverages the joint capabilities of the gradient force snake model and the balloon model to detect blood 

vessels in fundus images effectively. An image-based contour model is a deformable spline curve guided by an internal 

force that resists deformation, allowing it to move toward objects in the image [21]. This behavior is comparable to the 

way a snake moves through a hollow space. A snake typically avoids the center of a hollow space, instead moving along 

the walls and corners, constantly searching for openings. Upon finding a hole, it enters, explores, and retreats if the path is 

blocked. Similarly, when applied to retinal blood vessels, the snake follows the vessel boundaries, where the vessel walls 

act as the boundaries and the openings or cracks represent potential entry points. 

To ensure the snake adheres to the vessel boundaries without deforming them, its energy must remain lower than the 

internal energy of the vessels. The Gradient Vector Flow (GVF) technique limits the snake's energy [22]. The total energy 

function of the snake, calculated at a point gl, where J  =  0, . . . , �  −  1 is the addition of its inner energy �')Y_�, image 

energy �')WK�, and user-defined constraint force '@Yj. This relationship is expressed through the equation (13): 'j∗ = n 'j;gl" <RJ = n o')Y_;gl" < + ')WK;gl" < + 'pYj;gl" <qRJNrNr    (13) 
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Fig. 5: Retinal vessel segmentation using Active Contour 

5.2.1 Internal energy of snake:  

The stored power of the snake is influenced by the fluidity of the curve 'jW_s and continuity of contour 'pdY. ')Y_jYX�b = 'pdY + 'jW_s                     (14) 

Moreover the aforementioned equation can be articulated as in an expanded form as: ')Y_jYX�b = NU tu"�J�vgl" vUw + NU tx"�J�vgl" vUw  

= NU yu"�J� z{h2{l �J�||||||||zU + x"�J� z{Dh2{lD �J�||||||||||zU}             (15) 

To regulate the sensitivity of the snake's length, user-controlled weights u"�J� and x"�J� are introduced. 

5.2.2 Energy of Image: 

Consider an image, ��~��, ��, with attributes like boundaries, closures, and lines. The vitality of the image can then be 

expressed as: '�)WK = �e)Yb'e)Yb + �bfKb'bfKb + �pej'pej              (16) 

The proportions of attributes such as line, edge, and closure are displayed by �e)Yb , �bfKb, �pej while their correspond-

ing energies are denoted as 'e)Yb , 'bfKb , 'pej. The various energies associated with these features are illustrated below. 

Line functional: This refers to the intensity of the image, which can be expressed using the following equation: 'e)Yb = ���, ��                       (17) 

The scale and sign of �e)Yb  dictate whether the snake gravitates towards dark or light vessels. In this study, a Gaussian 

filter is employed on the image to shield the snake from being disturbed by inaccessible noisy pixels. After applying the 

filter, the equation becomes: 'e)Yb = �(Haa�(�_/��T�Q;���, ��<                (18) 

Edge function: This parameter is influenced by the gradient of the image 'bfKb = −|∇���, ��|U                    (19) 

A snake preliminary beyond the target item may sometimes congregate to a localized noise artifact or minimum. To 

tackle this problem, a distorting filter is first used and the level of blurriness is gradually reduced to refine the snake-fitting 

process. 'bfKb = −v��� × ∇���, ��vU
                  (20) 

The term ��� refers to a Gaussian blur where � represents the standard deviation (SD). The blurry filter can be useful 

either in the line or the edge function. Given the Marr–Hildreth philosophy of edge detection, the least values of the function 

occur at the zero-crossings of ��� × ∇���, ��. 
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Closure function: To sense the corners and endpoints of the line, the data is blurred using ���. Let ���, �� represent the 

image after smoothing. ���, �� = ��� × ���, ��                    (21) 

Having gradient angle �� = (Q�T(� t ����w                      (22) 

The normalized vector pointing along the gradient is �� = ;�`a��, a����<                      (23) 

A normalized vector ��� perpendicular to the gradient path ��� = ;−a����, �`a��<                     (24) 

The strength of the exit function is specified by 'pej = {��{Y�� = {D� {D⁄ Y��{� {Y�⁄ = �����D �U�������M���M��D;��D M��D<E D⁄            (25) 

5.2.3 Constrain Energy: 

The accumulated energy managed by the snake's movement, either towards or away from specific object features typically 

specified by the user. Using the two energy formulas debated earlier, the snake's concluding energy equation can be derived 

from equation (36). To prevent the snake from penetrating the vessels and to ensure it follows the wall, the internal energy 

must be minimized accordingly. Several optimization techniques can be employed for this, such as the gradient descent 

method [23], discrete approximation methods, and others. '�)WK = �e)Yb . �(Haa�(�_/��T�Q;���, ��< + �bfKb t−v��� × ����, ��vUw + �pej �����D �U�������M���M��D;��D M��D<E D⁄     

               (26) '���� = ∬ �;HWU� + HYU� + gWU� + gYU�< + v∇$�vUv�� − ∇$�vU �  �       (27) 

The gradient vector flow method is applied in this work to mitigate the external energy exerted on the vessels, which is 

related to the snake's internal energy. 

This GVF model [22] tackles issues such as: 

i. Difficulty in achieving convergence when starting from minimum. 

ii. Inadequate fusing at concave limits. 

The bidimensional energy of the GVF vector field is presented in equation (27), where � represents the tunable smooth-

ing factor. By applying Euler's method to equation (27), the resulting equations are explained: �∇UH� − tH� − {{W /b�_� w t {{W /b�_� ��, ��U + {{Y /b�_� ��, ��Uw = 0      (28) �∇Ug� − tg� − {{Y /b�_� w t {{W /b�_� ��, ��U + {{Y /b�_� ��, ��Uw = 0       (29) 

Solving through iteration with a steady-state value we have H¡MN¢ = H¡£ + �∇UH¡£ − tH¡£ − {{W /b�_� w t {{W /�b�_��, ��U + {{Y /�b�_��, ��Uw   (30) g¡MN¢ = g¡£ + �∇Ug¡£ − tg¡£ − {{Y /b�_� w t {{W /�b�_��, ��U + {{Y /�b�_��, ��Uw   (31) 

This result can be substituted with the default external force. /b�∗ = /���� 

5.3 Pseudocode 

Below is a sample pseudocode that demonstrates how to perform a Top Hat Transformation on an image by utilizing the 

opening morphological operation. 

5.3.1 PSO optimized CLAHE 

1. Input: Original image 

2. Preprocessing: 

   - Convert the image to grayscale (if not already). 

   - Normalize the pixel intensity values. 

3.  Apply Optimal CLAHE: 

   - Use the global best parameters �~¤�aT� to apply CLAHE on the original image. 

4. Initialize PSO Parameters: 

   - Number of particles �¥� 
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   - Maximum iterations �¦(�_�T�Q� 

   - Inertia weight �=�, cognitive coefficient ��N�, social coefficient ��U� 

   - Randomly initialize the position and velocity of each particle. 

   - Define the search space for CLAHE parameters: 

     - Clip Limit (CL): [-�_���, -�_�(�\ 
     - Grid Size (GS): [�§_���, �§_�(�\ 
 

5. Define Fitness Function: 

   - Apply CLAHE with the particle's parameters (CL, GS). 

   - Compute the fitness score based on image quality metrics, such as: 

     - Entropy 

     - Peak Signal-to-Noise Ratio (PSNR) 

     - Structural Similarity Index (SSIM) 

6. Optimization Loop: 

   - For each iteration (t = 1 to ¦(�_�T�Q): 

     - For each particle: 

       a. Evaluate the fitness of the particle using the fitness function. 

       b. Update the particle's personal best position �C¤�aT� if the fitness improves. 

     - Update the global best position �~¤�aT� based on all particles' C¤�aT. 

     - Update particle velocity and position using the PSO equations: 

       - Velocity: g[�\ = = ∗ g[�\ + �1 ∗ Q(�R� � ∗ �C¤�aT[�\ − C`a�T�`�[�\� + �2 ∗  Q(�R�� ∗ �~¤�aT − C`a�T�`�[�\� 

       - Position: C`a�T�`�[�\  =  C`a�T�`�[�\  +  g[�\ 
     - Ensure the particle's position stays within the parameter bounds. 

7. Output: 

   - Enhanced image. 

   - Optimal CLAHE parameters (CL and GS). 

5.3.2 Active Contour Model for Vessel Segmentation 

Input: Image I, Initial contour -r, Smoothing parameter �, Number of iterations ¥ 

Output: Final contour - 

Begin 

1. Initialize the starting contour of the snake -r. 

2. For each iteration i from 1 to N: 

   a. Compute internal forces: 

       - Curvature force (based on second derivatives of the contour) 

      - Elastic force (based on first derivatives of the contour) 

   b. Compute external forces (based on the image gradient or desired edges): 

       - Image gradient or edge information (e.g., from a gradient map or energy function) 

  c. Combine internal and external forces to compute the new contour: 

    - Update contour points by minimizing the energy function: 

       -Ybc = -def + �/`Q��)Y_bkYXe + /`Q��b�_bkYXe� 

d. Apply smoothing term μ to adjust the contour's smoothness (optional) 

e. If the change in contour position is below a threshold, exit the loop early 

1. Return the final contour C 

End 

6 Result 

The performance of the proposed method for vessel segmentation was evaluated on the DRIVE dataset. The results demon-

strate the effectiveness of the PSO-optimized CLAHE for image enhancement and the active contour model for accurate 

vessel segmentation. To enhance vessel visibility and contrast, PSO-optimized CLAHE was applied. Particle Swarm Op-

timization was used to determine the optimal parameters for the CLAHE algorithm. The resulting enhanced images showed 
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a significant improvement in contrast and clarity of features, as demonstrated by several quantitative metrics: MSE de-

creased from 249.5186 in the original image to 208.4254 in the enhanced image, indicating better information content; the 

Peak Signal-to-Noise Ratio (PSNR) rose from 11.59 dB to 15.6130 dB, highlighting reduced noise and improved image 

quality; and the Structural Similarity Index (SSIM) improved from 0.6218 to 0.8516, reflecting a closer alignment to the 

ideal image. Table 2 compares the quality measures of images enhanced using CLAHE versus PSO-optimized CLAHE. 

Table 1: Quality measures of PSO-CLAHE and CLAHE 

Image MSE �B����U� PSNR�R¤� SSIM 
CLAHE  PSO-CLAHE CLAHE  PSO-CLAHE CLAHE  PSO-CLAHE 

01_test 206.8080 176.7352 12.1448 14.6792 0.6846 0.8830 

02_test 202.9524 159.3982 11.8737 15.3431 0.5246 0.8476 

03_test 225.6509 210.3323 8.1633 11.6705 0.7063 0.9223 

04_test 295.7462 237.3071 13.7519 17.4351 0.6456 0.8469 

05_test 316.4354 258.3542 12.0519 18.9327 0.5480 0.7582 

In the preceding section, wavelet terms were applied for energy minimization. However, thin vessels can sometimes be 

removed when their orientations differ from those of the wavelet terms. Additionally, non-vessel structures, such as patho-

logical regions, can exhibit high intensity. In such scenarios, edges have struggled to accurately detect the active contour, 

often resulting in misclassifying pathological regions as vessels. For example, as shown in Fig. 6, this issue is demonstrated 

in a portion of an image containing signs of pathology. Here, edges are not detected effectively by the active contour, 

leading to the misinterpretation of pathological regions as vessels. The ability of the active contour to update the evolution 

function in subsequent iterations can be further hindered by high-intensity regions. Edge detection errors are often caused 

by factors such as the presence of pathology, intensity variations within the image, or inconsistencies in the level set func-

tion that arise during the evolution process, potentially destabilizing it. 

 
Fig. 6: Image part from DRIVE dataset (a) the input image, (b) image with applied enhancement, (c) active contour result 

after 100 iterations. 

Therefore, a solution for modification called ‘reinitialize’ is used, but it is difficult to implement. ‘Reinitialize’ is not 

available in the active contour. A performance enhancement framework is used to prevent the evolutionary equilibrium 

from being destroyed, which strives to maintain the outline along the borders of the image. An equation for modifying the 

evolution function is developed by the proposed algorithm as shown below: 'd¨_)WXe��, �� = uN'Y��, �� + uU�0bjj)XY��, ��'Y��, �� + u©�WX_ps��, ��'Y��, �� 

Where uN > 0, uU > 0, (�R u© > 0 are the coefficients that regulate the importance of each term. 'Y��, �� can be achieved 

from the following equation. 'Y��, �� = 'Y�N��, �� + ∆T. /�ª, �, �� 

Where /�ª, �, ��is the potential operator, ∆T is the time phase, and � is the iteration frequency. 'r is the initial curve and 

its obtained as 'r��, �� = ªr��, ��ª�0, �, ��. �0bjj)XY and �WX_ps  in equation 6 are Binary representations derived from 

the Hessian matrix [24] and matched filter [25], respectively. A matched filter is considered a framework for vessels. It is 

typified by a second-dimensional Gaussian filter and is merged with the main picture. The convolution matrix is utilized 

in various iterations. The kernel completes twelve rotations in 15° stages and adapts to differently oriented vessels. The 

peak performance of the filter is determined per pixel, and a boundary criterion is next utilized to supply a binary vessel 

structure. In [24], a vessel enhancement filter utilizing the Hessian matrix components is discussed. The Hessian is a square 

array that holds the second-order partial derivatives. These frameworks can be molded by the intricacies of the image and 

three-second derivatives �(Haa�(��� , �(Haa�(��� , �(Haa�(��� as ��$� = «$�� $��$�� $��¬. Eigenvalues ­N and ­U are 

measured as ­N = 1 2⁄ ;$�� + $�� + T��C< and ­U = 1 2⁄ ;$�� + $�� − T��C<. The T��C function is achieved as T��C =®t;$�� − $��<U + 4$��U w. The hessian filter is measured as: 

��aa�(� = ¯ 0 �$  ­U > 0
��C y− °±U2xU} y1 − ��C t− a2�Uw} `Tℎ�Q=�a� 
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Where °± = ³:³D and a = ´­NU + ­UU. The Hessian matrix demonstrates qualities including noise removal, recognition of 

linear structures, and spot-like appearances. 

The final step involves the extraction of the vessel tree. Different strategies for sorting are available. In this approach, basic 

thresholding with a global threshold criterion obtained from Otsu’s method [26] was used. Two classes of pixels are present 

in the vessel segmentation: the pixel ��, µ� is assigned to either the foreground or the background. The optimum threshold 

separating these classes is calculated by the Otsu algorithm, ensuring that their interclass variance is maximized [26]. The 

optic discs or bright lesions can increase false positives. Additionally, some thin vessels are fragmented. Therefore, post-

processing is required to restore fragmented edges and the eliminate of noise. Morphological operators were used for this 

work. Noise pixels, which are not part of the vascular network, were eliminated by considering a threshold level based on 

the number of pixels, with regions having fewer pixels than the threshold being discarded. For linking edges, the bridge 

morphologies operator was used. The bridge operator ties pixels together that each have two nonzero neighboring pixels. 

The separation of the vessel of the overall image by using the proposed active contour technique is shown in Fig. 7.  

 
Fig. 7: Active Contour: (a) RGB input, (b) Grey image, (c) PSO-CLAHE enhancement, (d) Vessel’s enhancement, (e) 

Hessian matrix image, (f) Match filtering, and (g) Segmented vessel structure. 

Fig. 8 compares the manual and automatic results of the vessel's structure with respective input images. Compared to other 

pre-existing techniques, this method offers superior accuracy and faster processing time. The proposed automated method 

for segmenting vessels attains an average accuracy of 98.4% and a sensitivity of 97.6%. 
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Fig. 8: Result shows the overall vessels segmentation using active contour by PSO-CLAHE: (a) Input RGB fundus im-

age, (b) PSO-CLAHE based Enhancement, (c) Vessels after applying Active Contour function, (d) Active Contour based 

segmentation, (e) Manual Segmentation. 

The performance quality of various classifiers is determined by computing assessment metrics such as accuracy, specificity, 

and sensitivity, which are obtained using equations (23), (24), and (25). ¶��HQ(�� = ·¸M·¹·¸M·¹M�¸M�¹      (23) §C���$���T� = ·¹·¹M�¸      (24) §��a�T�g�T� = ·¸·¸M�¹      (25) 

Where, !¥ =  !QH� B`a�T�g�, !¥ = !QH� ¥�~(T�g�, /B =  /(�a� B`a�T�g� and /¥ =  /(�a� ¥�~(T�g�. 

The evaluation metrics, accuracy, and sensitivity are calculated for various classifiers to assess their qualitative perfor-

mance. Table 2 presents the results of comparing the recital of the PSO-CLAHE-based Active Contour Model system with 

previously established methods. The table indicates that our proposed method outperforms the other techniques in retinal 

vessel segmentation, with a sensitivity ranging from 96.04% to 98.87%. Additionally, our proposed method surpasses the 

conventional methods in terms of accuracy, achieving an accuracy of 98.82%. 

 

Table 2: The results show the performance analysis of the proposed technique compared to the previously established 

methods. 

Algorithm Dataset Samples 
Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

Li 

et al [23] 

DRIVE 40 75.69 98.16 95.27 

STARE 20 77.26 98.44 96.28 

CHASEBD1 28 75.07 97.93 95.81 

Srinidhi et 

al. [27] 

DRIVE 40 86.44 96.67 95.89 

STARE 20 83.25 97.46 95.02 

CHASEBD1 28 82.97 96.63 94.74 

Yan 

et al. [28] 

DRIVE 40 76.31 98.20 95.38 

STARE 20 77.35 98.57 96.38 

CHASEBD1 28 76.40 98.06 96.07 

Jin et al. [29] 

DRIVE 40 79.63 98.00 95.66 

STARE 20 75.95 98.78 96.41 

CHASEBD1 28 81.55 97.52 96.37 
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Yuchen Yuan 

et al. [30] 

DRIVE 40 80.46 98.05 95.81 

STARE 20 79.14 98.70 96.65 

CHASEBD1 28 84.02 98.01 96.73 

PSO-CLAHE-

based Active 

Contour Model 

HRF 45 96.04 97.14 98.63 

DRIVE 40 97.72 98.39 97.35 

CHASEDB1 28 98.87 95.20 98.82 

STARE 20 98.13 99.17 98.09 

7 Conclusion 

This paper presents an effective approach for retinal vessel segmentation through a combination of PSO-optimized 

CLAHE-based image enhancement and active contour-based segmentation. The PSO-optimized CLAHE method improves 

the visibility and contrast of retinal images by automatically determining the optimal parameters, leading to enhanced 

vessel features and better overall image quality. The results show significant improvements in key image quality metrics, 

such as entropy, PSNR, and SSIM, when compared to traditional CLAHE techniques. 

Following enhancement, the active contour model was employed to segment retinal vessels accurately. The model demon-

strated excellent performance in delineating vessel boundaries, even in the presence of noise and thin vessels. Quantitative 

evaluation using metrics such as the Dice Similarity Coefficient (DSC) and Jaccard Index showed high accuracy in the 

segmentation process. 

Overall, the proposed PSO-CLAHE-based enhancement and active contour-based segmentation framework proved to be a 

robust and efficient method for retinal vessel segmentation, providing high-quality results suitable for medical image anal-

ysis and disease diagnosis. The combined approach is particularly useful in clinical applications, where accurate vessel 

detection and analysis are crucial for early disease detection and monitoring. 
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1. Introduction 

Glaucoma, considered one of the major reasons for blindness, results in an estimated 12% 

of total blindness cases and is anticipated to affect almost 11 million people with bilateral 

blindness. The most common type of glaucoma globally is Primary Open-Angle 

Glaucoma (POAG), which impacts 74% of individuals diagnosed with the condition. 

Based on stratified estimates derived from population studies, it is expected that almost 

 Abstract: Various retinal disorders, commonly diabetic and hypertensive 

retinopathy, can damage the optic nerve, potentially leading to permanent vision loss. 

Clinical observations often detect these conditions, such as abnormalities in retinal 

blood vessel diameter and the optic cup-to-disc ratio. High blood pressure can cause 

retinal vessel thinning and optic cup dilation, disrupting the normal arterio-venous 

ratio (AVR) and cup-to-disc ratio (CDR). This disruption may result in nerve fiber 

damage, hemorrhages, and cotton wool spots. This study proposes an automated 

retinal optic disk and vessel segmentation from pre-processed retinal images. The 

segmentation was done using a ring mask created by superimposing two circles with 

the optic disk center and radii of 3D/2 and 1.5D/2, where D denotes the diameter of 

the optic disk. The maximum AV crossing was avoided within the retinal mask to 

simplify the process. Validations were performed by comparing the results with a 

predefined manually segmented dataset, achieving accuracies of 98.6% and 97.8% for 

retinal optic disk and optic cup, respectively, and 98.73% for retinal vessels. This 

algorithm could aid ophthalmologists in identifying retinal disorders accurately and 

automatically. 

Keywords: Active Contour, Contrast Limited Adaptive Histogram Equalization, Blind 

Deconvolution, Region-based classification, Cup Disc Ratio, Artery Vein Ratio 
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11.2 million people in India, accounting for nearly 4.6% of the people over the age of 40, 

are affected by glaucoma [4]. Detecting and treating this disease, which can potentially 

lead to blindness, presents significant challenges since the majority of those affected 

remain undiagnosed. 

Hypertension can narrow the vessels inside the eye, reducing blood flow to the optical 

nerve and potentially resulting in blindness. Likewise, elevated pressure within the eye in 

cases of glaucoma can harm the optic nerves and affect vision. Research has suggested 

that individuals with hypertension may be at an increased likelihood of developing open-

angle glaucoma, a group of eye conditions that damage the optic nerve. The possibility of 

this risk seems to surge among people with severe or poorly managed hypertension over a 

prolonged period. 

Unfortunately, most associated instances do not exhibit symptoms, although they can be 

detected using retinal Fundus imaging. Appropriate diagnosis and managing the disease 

in a clinical setting require careful valuation of variations in the optical nerve head 

(ONH), measurement of intraocular pressure (IOP), and identification of defects in the 

visual field. Diagnosing typical ONH alterations in the donor's eyes may be more difficult 

to assess because of the optic disk's pallor and swelling. Additionally, early vascular 

changes associated with high blood pressure can cause a narrowing of the retinal 

arterioles, changes at the arteriolar junction, such as arteriovenous nicking, and arteriolar 

light reflexes.[5]. Additionally, vessel bending is acknowledged as a likely cause of 

hypertension and coronary disorders [6]. It is crucial to measure heart rate, as studies 

have demonstrated a strong link to an elevated long-term likelihood of stroke [7]. As 

such, this effort seeks to develop a way to detect probable cases of glaucoma and 

hypertension in donor eyes by examining the optic disc cupping ratio and micro vascular 

ratio. 

 

2. CDR Measurement  

Fig. 1 provides an organizational chart of the CDR measurement. In the RGB color model, 

each color composed of 3 primary additive color elements—red, green, and blue—which 

are represented by the following intensity function: ImgRGB = [FnR(x, y), FnG(x, y), FnB(x, y)]    (1) 

WhereFnR(x, y), FnG(x, y) and FnB(x, y) represent the intensities of the pixel (x, y) in the 

red, the green, and the blue channels correspondingly. In the standard RGB color space, 

these are as follows: red = (0.640.33) , green = (0.300.60) , blue = (0.150.06)   (2) 
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Fig.1: Block diagram explaining the CDR Evaluation 

If only brightness information is required, color images may be converted to grayscale 

images using the proposed transformation equation (3). IG = 0.333FR + 0.600FG + 0.060FB     (3) 

 

HereIGrepresents the gray equivalent intensity of the RGB image. The red and the green 

elements of the imageImgRGBcan be quantified using equation (3). The red and green 

components of the color image are employed to categorize OD and OC, respectively, as 

mentioned in Fig. 2. 

 
 

Fig. 2: Random image of HRF dataset represents (a) cropped OD and OC, (b) red channel 

marking OD, and (c) green channel marking OC. 

The advanced technique of CLAHE has been employed to reduce noise through median 

filtration and enhance the image. Secondly, the use of the regional classification made it 

possible to detect OD and OC. The operations based on morphology such as dilation, 

erosion, opening, and closing are used to isolate the OD and OC features. 
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3.  AVR Measurement 

The vessel’s segmentation and AVR calculation have been made in two steps mentioned 

in Fig. 3(a) and Fig. 3(b). In the first step, vessels of the overall RGB retinal image have 

been segmented by fusioning Blind Deconvolution and advanced CLAHE technique 

followed by Active Contour-based vessel segmentation skills. In the second step, firstly 

the optic disk (OD) and its average diameter (D) and then the overlapping area 

betweenπ(3D/2)2 and π(1.5D/2)2 has been measured. 

 
 

Fig. 3a: Block diagram representing vessels Detection  

 
 

Fig. 3b: Block diagram representing AVR Calculation. 

Then the segmented vessels within that masked area have been mapped. The reason 

behind this mask is that within this range the maximum vessels that are mostly affected 

by hypertension are found and also complexity is reduced. In the final stage of the second 
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step, arteries and veins are separated to measure the area of the artery and vein 

separately. Arteries and veins are identified using the following parameters [8]. 

• The color of the arteries is brighter than that of the veins. 

• Arteries are generally narrower than the adjacent veins. 

• The central reflex (luminous reflex from within the vessels) is more pronounced 

within the blood arteries and less pronounced in the blood veins. 

• Blood vessels typically alternate near the optic disc before branching out. 

Fig. 4(a) and fig. 4(b) shows the marking arteries and veins and the proposed region of 

interest. Finally, AVR concerning the area has been calculated. The measured AVR helps 

the Ophthalmologist to detect the stages of hypertensive retinopathy. 

 
 

Fig. 4: Random Image cropped from HRF datasets represents (a) marking arteries and 

veins, and (b) proposed area of interest. 

The final step is the validation step where the binary parts of automatic segmented and 

manual segmented images are considered to identify the true positive and false negative 

parameters. From here TP, FP, TN, and FN values have been calculated to validate the 

proposed result set. These steps are depicted in Fig. 5. 

 
 

Fig. 5: Functional diagram representing the validation of vessel structure. 

Table 1 explains the AVR for normal to accelerated hypertensive retinopathy cases with 

different risk factors [2] and CDR ranges for normal and affected retina [1]. 
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Table 1: AVR [2]and CDR [1] for different stages of Hypertensive Retinopathy. 

Grading of 

HR 
AVR Indications 

Systematic 

Association 
CDR 

Normal 
0.66-0.75 

(Approx.) 
Normal Normal 

0.00-

0.60 

(Appro

x.) 

Grade 1 

(Mild) 

0.5 

(Approx.) 

Constricted arterioles, 

arterial and venous 

nicking, and 

thickening of the 

arteriolar wall. 

Loosely linked to 

cardiovascular 

disorders 

>0.60 

(Appro

x.) 

Grade 2 

(Moderate) 

0.33 

(Approx.) 

Hemorrhages, along 

with both hard and 

soft exudates. 

Heart attacks, 

strokes, and even 

deaths from 

cardiovascular 

diseases. 

>0.60 

(Appro

x.) 

Grade 3 

(Combined) 

0.25 

(Approx.) 

Hemorrhages, along 

with both hard and 

soft exudates. 

Heart attacks, 

strokes, and even 

deaths from 

cardiovascular 

diseases. 

>0.60 

(Appro

x.) 

Grade 4 

(Accelerated 

HR) 

Fine 

Cords 

<0.2 

(Approx.) 

Swelling of the optic 

disc and loss of vision. 

Kidney failure and 

death 

>0.60 

(Appro

x.) 

 

4.  Literature Review: 

The retinal vessels are essential for carrying blood from the heart to the retina, and 

evaluating their caliber can offer valuable information in identifying diseases like 

hypertension, diabetes, and stroke at an early stage. The AVR and CDR are two frequently 

used metrics for assessing retinal vessels. This literature review will explore the different 

techniques employed for calculating AVR and CDR. 

The CDR serves as a metric for evaluating the severity of glaucoma by measuring the 

proportion of the perpendicular depth of the cup relative to that of the optic disc. A 

greater CDR value is suggestive of a larger optic cup, which has been linked to a 

heightened risk of glaucoma. Ophthalmologists or optometrists usually calculate the CDR 
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during a comprehensive eye examination using a specialized device known as a fundus 

camera to take images of the optic disc. The images are subsequently analyzed to measure 

the perpendicular dimensions of the ocular cup and the optic nerve head. Some recent 

studies related to CDR measurement have been mentioned below. 

The authors of a study, Al Shalchi, et al. [44], introduced a Grasshopper optimization 

algorithm as an automated approach for identifying the optic nerve head in retinal 

images The algorithm is inspired by the social behavior of grasshoppers and is known as 

the intelligent Grasshopper algorithm. The results highlight the algorithm's exceptional 

capability and accuracy in detecting the optic disc. 

In their study, Buket Toptas and colleagues (Toptas et al., [45]) recommended a method 

for recognizing the optical disc in retinal fundus images. They accomplished this by 

applying an optimized color space to the images, which involved converting them from 

RGB to an innovative color model by applying an artificial bee colony system. The results 

indicated that in this newly defined color space; the optic disc was more distinctly 

localized compared to the original RGB color space. 

The objective of Mahum R. and colleagues in their study [46] was to utilize deep learning-

based feature extraction to detect early-stage glaucoma. They used retinal scan images for 

training and validation of their proposed model. The first step involved pre-processing 

the images, followed by segmenting and selecting the focused region. Next, the hybrid 

feature descriptors were used to extract the features of the optic disc (OD) from images 

that include the optical cup region. 

A new technique for detecting glaucoma called Densenet-77-based Mask-RCNN has been 

introduced by Nazir T. and colleagues in their study [47]. To address the challenges 

associated with glaucoma detection, they initially applied data augmentation and added 

blurriness to samples to increase data diversity. Ground-truth (GT) images were then 

used to generate annotations, and The Densenet-77 framework was leveraged for feature 

extraction at the Mask-RCNN stage to calculate deep key features. Finally, the customized 

Mask-RCNN model used the calculated structures to identify and segment the OD and 

OC. 

An improved version of the Harris corner location algorithm was suggested by Deng L., et 

al. [48]. The proposed algorithm takes into account the thick vessels and prominent gray 

variations in the retinal photograph, with the optic disc area containing the highest 

number of corners. The main approach includes extracting the region of interest using a 

matching filter, followed by vascular detection, image optimization, and additional 

methods. The Harris corner detection algorithm is subsequently enhanced using 

similarity to identify the corner of the region of interest. 

Vascular segmentation is a key component of medical image analysis that has been 

extensively researched in academic work. This document offers a concise review of some 

commonly employed methods to segment the retinal vessel’s structure. 
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In their study, Rehman A. et al. [49] propose a trained method for extracting retinal blood 

vessels. The algorithm comprises two refinement stages that perform filtering and relative 

histogram analysis following image refinement and quality improvement. Data attributes, 

including vessel monitoring, peak curvature, and wavelet coefficients, are subsequently 

retrieved for each pixel. These attributes are then separated through a support vector 

machine and the k-nearest neighbors’. 
In their study, Arsalan M and colleagues [50] present two innovative shallow deep 

learning models, referred to as DSF-Net and DSA-Net that can effectively identify retinal 

vasculature. The authors utilize semantic segmentation to analyze raw color fundus 

images and screen for diabetic and hypertensive retinopathies with high precision.  

In their work, Pal M and colleagues [51] suggest an automated technique for segmenting 

the retinal vasculature. This technique utilizes a Gabor filter bank that has been 

optimized using a lattice search across the entire constraint space. Additionally, the 

author employed a novel strip-wise classification method and also incorporated Tophat 

attributes and ridge data, based on the Eigenvalue spectrum of the Hessian matrix, to 

improve the accuracy of vessel capture, in addition to the optimized Gabor features.  

Boudegga H et al. [52] introduce an innovative DL method for retinal vessel structure 

segmentation in their study. The key innovation of their work lies in the suggestion of a 

U-shaped deep learning model that uses efficient convolution layers to improve 

segmentation accuracy while minimizing computational complexity. Additionally, the 

authors currently use Data preparation and enhancement methods tailored to the 

characteristics of retinal images and blood vessels, which constitutes their second major 

contribution.  

In their study, Ooi A et al. [53] recommend a way for segmenting vessel structure from 

retinal images employing interactive methods grounded in Canny edge detection. The 

pre-processing phase involves removing the green components, CLAHE, and removing 

the retinal skeleton. Subsequently, the Canny algorithm-based edge recognition 

techniques is employed. 

The literature review highlights the effectiveness and promise of the image-processing 

methods examined in these studies for measuring significant parameters like the AVR 

and CDR. However, it is crucial to recognize that there are still specific constraints and 

opportunities for improvement. 

Some retinal image processing techniques are sensitive to image quality factors such as 

low resolution, noise, uneven illumination, and motion artifacts. In real-world clinical 

settings, where image quality may vary, these techniques may yield suboptimal results or 

require pre-processing steps.  

Certain retinal image processing techniques may be computationally demanding, 

requiring substantial computational resources or long processing times. This can limit 

their practical application in real-time or resource-constrained environments. 
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Obtaining accurate and comprehensive ground truth annotations for retinal images can 

be challenging and time-consuming. This limitation can affect the expansion and 

evaluation of image-processing algorithms, making it difficult to establish their true 

efficacy. 

The processing algorithm lacks compact techniques that can effectively handle multiple 

target features, such as optic disks, retinal vessels, hemorrhages, and others. 

 

5.  Motivation and Contribution 

Motivation: 

Due to the potential cases of diabetes, glaucoma, and hypertension, examination of the 

CDR and AVR is an imperative aspect. One possible approach for the early detection of 

these diseases is retinal image analysis. Retinal image processing is fueled by the desire to 

improve diagnostic precision and gain valuable knowledge about different eye conditions 

and diseases. Retinal image analysis focuses on analyzing and obtaining meaningful data 

derived from retinal scans, such as identifying key features like the optic disc, retinal 

vessels, and hemorrhages, along with detecting abnormalities and signs of eye diseases. 

The motivation lies in the enhancement of the early detection, monitoring, and treatment 

of eye disorders, thereby improving patient outcomes and overall eye health. 

 

Contribution: 

The contribution to developing the proposed retinal AVR and CDR detection involves 

several key aspects.  

• The contribution encompasses the utilization of multiple algorithms for tasks such as 

enhancing, segmenting, extracting features, and classifying to derive significant and 

valuable information from the retinal images. 

• We need to gather a comprehensive and heterogeneous dataset of retinal images to 

support the development and evaluation of the Active-BDCLF algorithm. Our role is 

to compile and tag these datasets to verify they comprehensively represent retinal 

conditions and their variations. 

• Lastly, the developed algorithms are refined and enhanced through comprehensive 

testing, thorough evaluation, and meticulous validation. This includes comparing the 

algorithms to existing ones, evaluating performance metrics like accuracy, sensitivity, 

and specificity, and performing Clinical trials to validate their efficacy and 

dependability in practical settings. The development of algorithms for retinal image 
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processing involves designing algorithms, curating datasets, fostering 

interdisciplinary collaboration, and conducting rigorous evaluations, all to enhance 

the precision and medical relevance of retinal image evaluation. 

 

6. Dataset: 

The Active-BDCLF algorithm was estimated by freely accessible datasets like DRIVE, 

HRF, STARE, CHASEDB1, INSPIRE-AVR, and others to develop a fully automated 

monitoring system.  

The DRIVE dataset was created as part of a diabetic testing campaign in The Netherlands. 

The trial involved 400 diabetic individuals ranging in age from 25 to 90 years. Out of this 

collection, 40 images were selected at random: 33 exhibiting no signs of diabetic 

retinopathy and 7 showing early-stage, mild diabetic retinopathy. These visuals were 

obtained with a Canon CR5 non-mydriatic 3CCD camera featuring a 45-degree field of 

view (FOV). Each image was confirmed at a resolution of 768 ×  584 pixels, using an 8-

bit color model, with a circular field of view covering approximately 540 pixels. The 

photos were reaped around the FOV, and every photo was accompanied by a ‘mask’ 
delineating the FOV. 

The collection of 40 images was divided into a training set and a test set, each containing 

20 images. The training collection comprises a solitary manual segmentation of the 

vascular structure. In relation to the test set, two manual delineations are included: one 

acts as the standard, and the other facilitates a comparison between the computer-

generated segmentation and an independent human observer. Each retinal image also 

comes with a mask defining the region of interest. The human observers responsible for 

manual segmentations were trained by an experienced ophthalmologist and instructed to 

label pixels as vessels only if they were at least 70% confident in their assessment. 

The INSPIRE-AVR dataset is publicly available and consists of 40 annotated retinal 

images with significant vascular abnormalities, optic disc region, and artery-vein ratio. It 

is specifically used for classifying and grading various hypertension-related complications. 

The annotations were made by two specialists using a hybrid automated tool developed 

by the University of Wisconsin, Madison, WI, USA [32]. 

The HRF imaging dataset, created by a collaborative research group, is designed to aid in 

the formulation of clinical decision-support tools for diagnosing different retinal 

irregularities. It covers 45 retinal images from participants, with 15 from healthy 

individuals, 15 from glaucomatous cases, and 15 from diabetic retinopathy (DR) cases [33]. 

These pictures are recorded at 3504 ×  2336 pixels resolution, 24 bits per pixel, utilizing 

a CANON CF-60 UVI camera with a 60-degree viewing angle. 
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The STARE dataset comprises approximately 400 images, with 50 images depicting 

vascular patterns and 80 featuring Reference standards for optic nerve localization [34]. 

These pictures were taken at a resolution of 605 ×  700 pixels with a 24-bit color depth 

using a TOPCON TRV-50 fundus camera, offering a 35-degree field of view. 

 

7.  Methodology: 

The Active-BDCLF can measure the CDR and AVR of an ophthalmoscope image. In the 

beginning, the Active-BDCLF approach utilizes median filtering and Gaussian filtering. 

Subsequently, the subsections elaborate on the primary contributions, including Blind 

Deconvolution, CLAHE, and morphological operations. 

 

7.1 Median Filtering: 

The median filter is a statistical-based, non-linear approach to signal processing that 

replaces noisy values in a numerical image or sequence with the median of surrounding 

values. The outcome of applying the median filter can be determined using equation (4). Ig(x, y) = median{If(x − i, y − j), i, j ∈ W2d}     (4) 

Here If(x, y), Ig(x, y)is the input and the resulting images accordingly, W2dis the 2D mask: 

the size of the mask is N × N where N is commonly odd such as 3 × 3,5 × 5etc. 

The mathematical analysis of a non-linear median filter is comparatively complicated for 

randomized noise images. For the image where the average noise is zero in a normal 

distribution, the median filter noise variance is approximate. 

σmid = 14nf2(n̄) ≈ σi2n+π2−1 . π2       (5) 

Where σi2the power of noise, the variance, is Nis the size of the mask of the filter, f 2(n̄) is 

the function representing noise density. The variance of the filtering can be determined 

using equation (6). 

σ02 = 1n σi2        (6) 

 

7.2 Gaussian Filtering: 

Gaussian filter, a linear class windowed filter, is typically used for image blurring or noise 

reduction. The unshaped masking that is the edge can be detected simply by subtracting 

two filtered results from each other. The Gaussian or normal distribution is a probability 
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function that is referred to as a bell function due to its shape. The most common function 

formula is shown in equation (7). G(x, y) = 12πσ2 e{−(x2+y2)/2σ2} = G(x). G(y)    (7) 

Equation (7) explains that the 2D Gaussian filter is separable. To obtain the Gaussian 

filtering of the 2D image, the following algorithm is employed. 

• Measure the weights of the 1D window, denoted as Gn∕ . 

• Process each image line as a one-dimensional signal. 

• Process each column of the filtered image as a 1D signal. 

Two-dimensional filtering with window [2n + 1] × [2n + 1] is condensed to a few one-

dimensional filters with a window [2n + 1]. This signifies a substantial acceleration, 

particularly for large datasets resulting from the reduction in the number of operators, 

from O(N²) to O(N). 

 

7.3  Blind Deconvolution 

Blind Deconvolution is an approach in image analysis used to improve image quality by 

fixing image smudges caused by stemming from problems like lens misalignment or 

imaging system blur. This system assesses both the original image and the blur kernel at 

the same time, without any previous information about either. Usually, unsupervised 

Deconvolution modalities operate by repetitively reducing an objective function that 

calculates the discrepancy between the evaluated deblurred image and the actual blurred 

image. Unsupervised Deconvolution helps restore images affected by convolution—such 

as those with motion blur or caused by an image response function—back to their 

original quality. 

The first step in the blind deconvolution algorithm is to estimate the point-spread 

function (PSF) that causes the visual deterioration. A commonly employed technique for 

this is the Richardson-Lucy algorithm, which progressively refines the PSF by comparing 

the degraded image with an estimated version of the restored image. The Richardson-

Lucy algorithm is mathematically expressed in equation (8). 

Pk+1(x, y) =  Pk(x, y) ∑ I(x−i,y−j)(Pk∗I)(x−i,y−j)i,j∑ Pk(x−i,y−j)(Pk∗I)(x−i,y−j)i,j      (8) 

The appearance includes the projected PSF at repetition k signified asPk, the tainted 

image signified as I, and the convolution kernel symbolized by ∗. Primarily, the approach 

approximations the PSF as P0 and then constantly upgrades this approximation until 

merging. The dividend in appearance specifies recovering the degraded image with the 
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estimated PSF, while the divisor specifies the smearing of the revalidated image by the 

PSF. The procedure apprises the PSF estimation by conveying pixel proximity weights in 

the tainted image based on their resemblance to the present PSF estimation. 

Hessian Blind Deconvolution is an image rebuilding method that concurrently estimates 

the point-spread function (PSF) and reinstates the image. Below is a high-level process 

exactness the Hessian Blind Deconvolution process: 

Inputs: degraded image I, regularization parameter λ, maximum number of iterations T. 

Outputs: estimated PSF P and restored image R. 

1. Set the initial values of P and R by randomly assigning values. 

2. For t = 1 to T: 

a. Calculate the gradient and Hessian of the cost function concerning P and R. 

b. To obtain the updates ΔP and ΔR for P and R respectively, solve the linear 
system HΔX =  −∇f. 

c. Update P and R using ∆P and ∆Rseparately: P ← P + ∆P and R ← R + ∆R. 

3. Return P and R as the estimated PSF and restored image, respectively. 

Typically, a mixture of an information fidelity period and a regulation period is used as 

the cost function f in the above algorithm. The data fidelity term evaluates the degree of 

resemblance between the estimated image and the observed degraded image. In contrast, 

the regularization term discourages solutions that lack smoothness or do not meet other 

desired criteria. 

To approximate the point-spread function (PSF) and the restored image simultaneously 

using the Hessian Blind Deconvolution algorithm, the Hessian matrix is calculated as the 

2nd-order derivative of the cost function. Are iterative method, such as conjugate 

gradient, is then used to resolve the linear system HΔX = -∇f. The regularization 

parameter λ is used to balance the trade-off between data fidelity and regulation, while 

the iteration ceiling T sets the number of times the process will run before returning the 

estimated PSF and restored image. The improvement of the retinal dataset using 

proposed blind Deconvolution is illustrated in Fig. (6). 

 

7.4  Modified CLAHE 

Histogram equalization enhances the contrast ratio by redistributing the brightness levels 

across the frequency distribution. In this research, CLAHE, with specific adjustments, was 

applied to strengthen retinal grayscale images. Initially, the contrast of the grayscale 

image was enhanced using the formula outlined in the equation (9). 
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Im(x, y) = fn(x,y)−fn(min)fn(max)−fn(min) ∗ 2bpp      (9) 

Here Im(x, y)signifies the input data,fn(x, y), fn(min), and fn(max)represent the pixel 

intensity values, and the least and greatest pixel intensities, respectively. The generated 

contrast-adjusted image is subsequently used as the input for CLAHE. In CLAHE, the 

source image is divided into non-overlapping contextual areas, or tiles, each with its local 

histogram. Before determining the total probability distribution, and amplifying contrast 

intensity, the histogram of each segment is truncated using a user-defined clipping 

threshold. The clipping threshold corresponds to a multiple of the average histogram 

peak within the surrounding region, as shown in equation (10). [Hist _ H ight]Avg = [Pixel(total)]contextual[Pixel(total)]gray      (10) 

For contextual scale say M × N and Pbe the number of histogram bins, the clip limit is 

assumed by the equation (11). ClipLimit =  { 1    if    αcfMN[Pn]hist < 1    for   0 < α ≤ 10                              otherwise                      (11) 

In this situation, αcfdoes the user define a contextual aspect. The precise elevation of the 

histogram in the contextual area nkis being trimmed using the ClipLimitas specified in 

equation (12) where [Hist]kis the histogram of the specified area. [Hist]k = { ClipLimit if nk = ClipLimit for k = 1,2, … , [Pn]hist − 1nk                                   otherwise                                            (12) 

Note that, ∑ nk = MN[Pn]Hist−1k=0        (13) 

Total clipped pixels, Cliptotal = MN − ∑ [Hist]k[Pn]Hist−1k=0      (14) 

By adjusting the histogram again, the area beneath the curve is reestablished to its 

original range, redistributing the clipped pixel values across the histogram. The 

reordering can be uniform; however, if not, the clipped pixel standards may be unevenly 

spread across histogram plots for pixel parameters below the clip limit. The pixels 

assigned to each histogram bin are determined as described in Equation (15). [Pixel]μ = Cliptotal[Pn]Hist = MN−∑ [Hist]k[Pn]Hist−1k=0[Pn]Hist      (15) 

The histogram, once clipped, is being re-scaled by applying equation (16). 
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[Hist]k = {CLipLimit     if    nk + [Pixel]μ ≥ ClipLimitnk + [Pixel]μ                    otherwise               (17) 

 

7.5  Morphological Operations: 

Morphological filters are derived from various combinations of two primary operations—
dilation and erosion—along with a kernel known as a structural component, a bit mask 

characterized by precise contour and focal point. The structural component's shape 

determines the filter's impact on the image. Correspondingly, the retinal input image I, 

the structural component, SE, and the two elementary operators, erosion and dilation, is 

considered to be in equations (18) and (19). I ⊝ SE = {x  such that    SEx ⊆ I}     (18) I ⊕ SE = {x   such that    SExs ∩ I ≠ Φ}     (19) 

Where SExsignifies the structural componentSE with the standard parameters located 

in x, while SExssignifies the symmetric rotation of the structural component located inx. 

Multiple merged morphological filters can then be distinctly characterized as a mix of the 

superior components. The basic complex operators are the 'open' and 'close' operators, 

marked as the erosion-dilation and dilation-erosion operations, respectively, in Equation 

(20) and Equation (21). I ⊚ SE = I ⊖ SE ⊕ SE       (20) I ⊙ SE = I ⊕ SE ⊖ SE       (21) 

The morphological Top-Hatoperation is very effective for individual point marks with all 

kinds of backgrounds, but it is less useful for tackling the image removal problem with 

the localized target, that is severely corrupted by noise. It is therefore necessary to supply 

an improved morphological Top-Hat filter. 

The structural component of the innovative Top-Hat filter is designed as follows: design 

an internal structural element and an external structural element asSE0(m × m), 

complying SEi ⊂ SE0. Define Edge Structuring Element asSEEdge = SE0 − SEi. Thus, the 

improved Top-Hat operation can be demarcated as in equation (22). Top _ H atI,SE(x) = [{I − (IΘSEEdge) ⊕ SEi}. x]    (22) 

 

7.6  Modified active contour 
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This method leverages the joint capabilities of the gradient force snake model and the 

balloon model to detect blood vessels in fundus images effectively. An image-based 

contour model is a deformable spline curve guided by an internal force that resists 

deformation, allowing it to move toward objects in the image [59].This behavior is 

comparable to the way a snake moves through a hollow space. A snake typically avoids 

the center of a hollow space, instead moving along the walls and corners, constantly 

searching for openings. Upon finding a hole, it enters, explores, and retreats if the path is 

blocked. Similarly, when applied to retinal blood vessels, the snake follows the vessel 

boundaries, where the vessel walls act as the boundaries and the openings or cracks 

represent potential entry points. 

To ensure the snake adheres to the vessel boundaries without deforming them, its energy 

must remain lower than the internal energy of the vessels. The Gradient Vector Flow 

(GVF) technique limits the snake's energy [60]. The total energy function of the snake, 

calculated at a pointvq, where q  =  0, . . . , n  −  1 is the addition of its inner energy (Eint), 

image energy (Eimg), and user-defined constraint force ECns. This relationship is 

expressed through the equation (23): Es∗ = ∫ Es(vq′ )dq = ∫ [Eint(vq′ ) + Eimg(vq′ ) + Ecns(vq′ )]dq1010    (23) 

 

7.6.1 Internal energy of snake: 

The stored power of the snake is influenced by the fluidity of the curve Esmth and 

continuity of contourEcon. Eintsnake = Econ + Esmth       (24) 

Moreover the aforementioned equation can be articulated as in an expanded form as: Eintsnake = 12 (α′(q)|vq′ |2) + 12 (β′(q)|vq′ |2)  

= 12 (α′(q) ‖∂v′∂q (q)̅̅ ̅̅ ̅̅ ̅̅ ‖2 + β′(q) ‖∂2v′∂q2 (q)̅̅ ̅̅ ̅̅ ̅̅ ̅‖2)    (25) 

To regulate the sensitivity of the snake's length, user-controlled weights α′(q) and β′(q)are introduced. 

 

7.6.2  Energy of Image: 

Consider an image, Img(m, n), with attributes like boundaries, closures, and lines. The 

vitality of the image can then be expressed as: Ëimg = WlineEline + WedgeEedge + WclsEcls    (26) 
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The proportions of attributes such as line, edge, and closure are displayed by Wline, Wedge, Wcls while their corresponding energies are denoted as Eline, Eedge, Ecls. The 

various energies associated with these features are illustrated below. 

Line functional: This refers to the intensity of the image, which can be expressed using 

the following equation: Eline = X(m, n)        (27) 

The scale and sign of Wline dictate whether the snake gravitates towards dark or light 

vessels. In this study, a Gaussian filter is employed on the image to shield the snake from 

being disturbed by inaccessible noisy pixels. After applying the filter, the equation 

becomes: Eline = Gaussian_Filter(X(m, n))     (28) 

Edge function: This parameter is influenced by the gradient of the image Eedge = −|∇X(m, n)|2       (29) 

A snake preliminary beyond the target item may sometimes congregate to a localized 

noise artifact or minimum. To tackle this problem, a distorting filter is first used and the 

level of blurriness is gradually reduced to refine the snake-fitting process. Eedge = −|G̈σ × ∇X(m, n)|2
      (30) 

The term G̈σrefers to a Gaussian blur whereσ represents the standard deviation (SD). The 

blurry filter can be useful either in the line or the edge function. Given the Marr–Hildreth 

philosophy of edge detection, the least values of the function occur at the zero-crossings 

of G̈σ × ∇X(m, n). 

Closure function: To sense the corners and endpoints of the line, the data is blurred using G̈σ. Let J(m, n) represent the image after smoothing. J(m, n) = G̈σ × x(m, n)       (31) 

Having gradient angle θ̂ = arctan ( JnJm)        (32) 

The normalized vector pointing along the gradient is n̂ = (cosθ̂, sinθ̂)        (33) 

A normalized vector n̂⊥perpendicular to the gradient path n̂⊥ = (−sinθ̂, cosθ̂)       (34) 

The strength of the exit function is specified by 
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Ecls = ∂θ̂∂n̂⊥ = ∂2J ∂2⁄ n̂⊥∂J ∂n̂⁄ = JnnJm2 −2JmnJmJn+Jmm+Jn2(Jm2 +Jn2 )3 2⁄     (35) 

 

 

7.6.3  Constrain Energy: 

The accumulated energy managed by the snake's movement, either towards or away from 

specific objects features typically specified by the user. Using the two energy formulas 

debated earlier, the snake's concluding energy equation can be derived from equation 

(36). To prevent the snake from penetrating the vessels and to ensure it follows the wall, 

the internal energy must be minimized accordingly. Several optimization techniques can 

be employed for this, such as the gradient descent method [54], discrete approximation 

methods, and others. Ëimg = Wline. Gaussian_Filter(X(m, n)) + Wedge (−|G̈σ × ∇X(m, n)|2) +Wcls JnnJm2 −2JmnJmJn+Jmm+Jn2(Jm2 +Jn2 )3 2⁄   (36) 

ËGVF = ∬ μ(um2̂ + un2̂ + vm2̂ + vn2̂) + |∇f̂|2|V̂ − ∇f̂|2 ∂m ∂n   (37) 

The gradient vector flow method is applied in this work to mitigate the external energy 

exerted on the vessels, which is related to the snake's internal energy. 

This GVF model [60] tackles issues such as: 

i. Difficulty in achieving convergence when starting from minimum. 

ii. Inadequate fusing at concave limits. 

The bi-dimensional energy of the GVF vector field is presented in equation (37), where μ 

represents the tenable smoothing factor. By applying Euler's method to equation (37), the 

resulting equations are explained: μ∇2û − (û − ∂∂m Fext̂ ) ( ∂∂m Fext̂ (m, n)2 + ∂∂n Fext̂ (m, n)2) = 0   (38) μ∇2v̂ − (v̂ − ∂∂n Fext̂ ) ( ∂∂m Fext̂ (m, n)2 + ∂∂n Fext̂ (m, n)2) = 0   (39) 

Solving through iteration with a steady-state value we have ui+1̂ = uî + μ∇2uî − (uî − ∂∂m Fext̂ ) ( ∂∂m F̂ext(m, n)2 + ∂∂n F̂ext(m, n)2) (40) vi+1̂ = vî + μ∇2vî − (vî − ∂∂n Fext̂ ) ( ∂∂m F̂ext(m, n)2 + ∂∂n F̂ext(m, n)2)  (41) 

This result can be substituted with the default external force. Fex∗ = F̂GVF        (42) 
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7.7 Pseudo code  

Below is a sample pseudo code that demonstrates how to perform a Top Hat 

Transformation on an image by utilizing the opening morphological operation. 

 

1. Algorithm for Blind Deconvoluted CLAHE: 

Input: Color retinal image 

Output: Colorenhanced image` 

Begin 

blurredImage = imread('blurred_image.jpg');   /* Read the blurred image*/ 

numIterations = 100; /*Number of iterations for the algorithm*/   /*Set parameters 

for blind deconvolution*/ 

lambda = 0.01; /* Regularization parameter*/ 

psfSize = [15, 15];  /* Size of the point spread function (PSF) */ 

psfInitial = fspecial('gaussian', psfSize, 2); /* Initial estimate of PSF */ 

estimatedImage = deconvblind(blurredImage, psfInitial, numIterations, lambda);  

/* Perform blind deconvolution */ 

ifsize(estimatedImage, 3) == 3  /* Convert estimatedImage to grayscale if 

needed */ 

img = rgb2gray(estimatedImage); 

end 

[row, column] = size(img);  /* Calculate the image size */ 

numBlocksRows = floor(rows / blockSize); /* Divide the image into non-

overlapping blocks */ 

numBlocksCols = floor(cols / blockSize); 

enhancedImg = zeros(rows, cols);  /* Initialize the output enhanced image */ 

/* Loop through each block */ 

fori = 1 :numBlocksRows 

for j = 1 :numBlocksCols 

/* Extract the current block */ 

block = img((i-1)*blockSize+1:i*blockSize, (j-

1)*blockSize+1:j*blockSize);   

equalizedBlock = histeq(block);  /* Perform histogram 

equalization on the block */ 
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/* Clip the block's histogram to the specified limit */ 

clippedBlock = min(max(equalizedBlock, 0), limit);   

/* Assign the enhanced block to the corresponding region in the 

output image */ 

enhancedImg((i-1)*blockSize+1:i*blockSize, (j-

1)*blockSize+1:j*blockSize) clippedBlock; 

end 

end 

/* Convert the output enhanced image to the original color space if needed */ 

If size(estimatedImage, 3) == 3 

enhancedImg = repmat(enhancedImg, [1, 1, 3]); 

end 

End 

 

2. Algorithm for Morphological operation and TOP-HAT transform 

Input: Enhanced gray image 

Output: Segmented binary image 

Begin 

Image(input) =Image(enhanced);   /* Scan the input image */ 

/* Employ morphological transformations to clean noise or smooth out the data.*/ 

Structuring Element = strel('disk', size);  /* Develop a circular structuring element 

with a specified size*/ 

Image(morph) = imopen(Image_gray, SE);  Execute opening function*/ 

Image(tophat) = imtophat(Image(morph), SE);  Implement TOP-HAT technique 

for image sharpening*/ 

threshold = graythresh(Image(tophat));  /* Implement thresholding to segment the 

target regions in the image*/ 

Image_binary = imbinarize(Image(tophat), threshold); 

/*If applicable, apply additional steps to the binary image to achieve more 

precision*/ 

/* (e.g., block holes, eliminate small objects) */ 

End 

 

3. Algorithm for Active Contour Model for Vessels Segmentation 

Input: Image I, Initial contour C0, Smoothing parameter μ, Number of iterations N 

Output: Final contour C 

Begin 

1. Initialize the starting contour of the snakeC0. 
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2. For each iteration i from 1 to N: 

 a. Compute internal forces: 

  - Curvature force (based on second derivatives of the contour) 

  - Elastic force (based on first derivatives of the contour) 

 b. Compute external forces (based on the image gradient or desired edges): 

  - Image gradient or edge information (e.g., from a gradient map or energy 

function) 

 c. Combine internal and external forces to compute the new contour: 

  - Update contour points by minimizing the energy function: 

  Cnew = Cold + (Forceinternal + Forceexternal) 

d. Apply smoothing term μ to adjust the contour's smoothness (optional) 

e. If the change in contour position is below a threshold, exit the loop early 

3. Return the final contour C 

End 

 

7.  Result 

To assess the performance of the Active-BDCLF, a set of 40 fundus retinal images from 

the DRIVE database was selected. Of these, 33 images are from healthy patients with no 

clinical disorders, while 7 images are from patients with clinical abnormalities. For all 40 

images, the optic cups, optic discs, and vessel structures were segmented, and 

measurements for the optic cup diameter, optic disc diameter, and vessel width were 

obtained using the described automatic process. The Cup-Disc Ratio (CDR) and Artery-

Vein Ratio (AVR) were then calculated and compared with the manual data. Fig. 6 

illustrates the image enhancement achieved using the advanced CLAHE and Blind 

Deconvolution fusion techniques. 
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Fig. 6: Result shows the image enhancement techniques using CLAHE and Blind 

Deconvolution fusion: (a) Input RGB Fundus Image, (b) Enhancement by Blind 

Deconvolution, and (d) Enhancement by CLAHE after Blind Deconvolution. 

 

Table 2 presents a comparison of the quality measures between images that have been 

enhanced using CLAHE and the Active-BDCLF techniques. The Active-BDCLF achieves a 

higher PSNR, indicating superior image quality. Additionally, the proposed technique 

exhibits a lower MSE than CLAHE, leading to enhanced image fidelity, improved visual 

quality, and increased accuracy. Furthermore, the higher SSIM measure of the proposed 

technique compared to CLAHE ensures minimal distortion in the image structure. The 

results demonstrate that the mentioned technique surpasses CLAHE in terms of image 

enhancement. 

 

Table 2: Quality measures of PROPOSED and CLAHE 

Image 

MSE (𝐏𝐢𝐱𝐞𝐥𝟐) PSNR(𝐝𝐁) SSIM 

Active-

BDCLF  
CLAHE 

Active-

BDCLF  
CLAHE 

Active-

BDCLF  
CLAHE 

6(a1) 3151.30 4273.50 15.85 11.82 0.4428 0.3390 

6(a2) 5316.20 6322.50 16.63 10.12 0.2760 0.1752 

6(a3) 3992.91 5161.00 14.89 11.01 0.3379 0.2365 

6(a4) 1953.30 2737.30 17.43 13.75 0.6469 0.5456 

6(a5) 3162.4 4058.3 18.93 12.05 0.4582 0.3480 

 



Scope 
Volume 14 Number 04 December 2024 

 

1958 www.scope-journal.com 

 

Fig. 7 represents the input RGB fundus images of the macula with segmented results of 

the optic disk and optic cup using the mentioned morphological techniques. 

 
 

Fig. 7: In this figure, (a) represents the input RGB fundus image, (b), (c), (d) and (e) 

represent the PROPOSED Enhancement, segmented Optic Disk, green components of 

the input image, and segmented Optic Cup respectively. 

Table 3 provides a comparison between the automatic and manual Cup-to-Disc Ratio 

(CDR) measurements. The automatic diameter measurements of the Optic Disc (OD) and 

Optic Cup (OC) in terms of pixels are performed by Active-BDCLF, while the manual 

diameters are obtained from the specified dataset. The CDR values are computed for both 

automatic and manual measurements by taking the ratio of their respective areas. The 

CDR errors are calculated by finding the difference between the manually and 

automatically determined CDR values. 

 

Table 3: Result shows the comparison of automatic CDR and manual CDR 

Sl. 

No. 

𝐃𝐢𝐚𝐎𝐃(𝐏𝐢𝐱𝐞𝐥) 𝐃𝐢𝐚𝐎𝐂(𝐏𝐢𝐱𝐞𝐥) CDR (𝐏𝐢𝐱𝐞𝐥𝟐) 𝐄𝐫𝐫𝐨𝐫𝐂𝐃𝐑 
Auto Manual Auto Manual Auto Manual 

1 230 234 186 190 0.65 0.66 0.01 

2 226 224 194 190 0.74 0.72 -0.02 

3 218 223 184 186 0.71 0.70 -0.01 

4 226 232 178 184 0.62 0.63 0.01 

5 228 224 182 178 0.64 0.63 -0.01 

6 203 194 179 175 0.78 0.81 0.04 

7 216 230 175 178 0.66 0.60 -0.06 

8 224 218 184 175 0.67 0.64 -0.03 

9 226 225 128 130 0.32 0.33 -0.01 

10 224 225 128 125 0.33 0.31 -0.02 
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The average diameter error for both the optic disc and cup is approximately ±4%. Graphs 

depicting the correlation between the automatically detected diameter and manually 

measured diameter for the optic disc and cup can be observed in Fig. 8a and Fig. 8b 

respectively. 

 
 

Fig. 8a: This figure represents the comparison of the diameter of the Optic Disk 

segmented by using manual and automated processes. 

 
 

Fig. 8b: This figure represents the comparison of the diameter of the Optic Cup 

segmented by using manual and automated processes. 

 

The calculation of the CDR, an essential pointer in the detection of glaucoma and 

hypertension, involves measuring the optic cup and optic disc areas and determining 

their ratio. Normal patients typically have a CDR below 0.6, while patients with 

abnormalities tend to have a CDR above 0.6. Fig. 9 depicts the error comparison between 

the automated CDR and manual CDR, serving as an evaluation of the approach's 

performance. This figure illustrates the distribution of errors across 50 sample images. 
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From the results displayed in Fig. 9, it is evident that our Active-BDCLF method achieves 

a maximum error for the CDR of approximately less than ±4%. Additionally, the average 

mean error is intended to be almost6.11%,    demonstrating the higher accuracy of the 

CDR measurement. These findings indicate that Active-BDCLF outperforms other 

methods in this context. 

 
 

Fig. 9:The result shows the error in the Cup-Disk Ratio calculated automatically and 

manually. 

 

Figure 10 is offered to gauge the effectiveness of the proposed method. It compares 

glaucoma detection results from our proposed method with those from the manual 

method. A CDR value greater than 0.60 is used to identify a patient as a potentially 

abnormal case. It is found that the Active-BDCLF process has average sensitivity, 

specificity, and precision are 95.83%, 98.23%, and 96.49% 

 
 

 

Fig. 10: This figure represents the dataset ranging from normal to possible risk factors [1]. 
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The performance quality of various classifiers is determined by computing assessment 

metrics such as accuracy, specificity, and sensitivity, which are obtained using equations 

(23), (24), and (25). Accuracy = TP+TNTP+TN+FP+FN      (23) Specificity = TNTN+FP      (24) Sensitivity = TPTP+FN      (25) 

Where, TN =  True Positive, TN = True Negative, FP =  False Positive and FN = False Negative. 

Table 4 presents the computation results for various metrics in the context of optical disc 

(OD) and optic cup (OC) analysis. Specifically, it covers sensitivity, specificity, 

overlapping error (OD and OC), balanced accuracy (OD and OC), and absolute error in 

cup-to-disc ratio (CDR), denoted asAOD, AOC, EOD, EOC, δE, respectively. When focusing 

on OD segmentation, the Active BDCLF method accomplishes a sensitivity of 98.6%, 

specificity of 99.7%, and accuracy of 98.5%, accompanied by an absolute error of 2.8%. 

Similarly, for OC segmentation, the Active BDCLF method demonstrates a sensitivity of 

approximately 97.7%, specificity of 98.7%, accuracy of 96.8%, and a minimum error of 

2.8%. These results further establish the superiority of the PROPOSED technique over 

alternative methods. 

 

Table 4: Statistical results of optic cup and optic disk 

Dataset 
Sensitivity Specificity Accuracy 

EOD EOC 𝛅𝐄 
OD OC OD OC OD OC 

CHASEDB1 0.962 0.953 0.997 0.983 0.975 0.968 0.103 0.103 0.049 

DRIVE 0.968 0.947 0.984 0.972 0.971 0.945 0.087 0.294 0.045 

HRF 0.986 0.977 0.984 0.987 0.985 0.962 0.074 0.241 0.028 

STARE 0.950 0.932 0.976 0.975 0.953 0.960 0.093 0.285 0.069 

 

In the preceding section, wavelet terms were applied for energy minimization. However, 

thin vessels can sometimes be removed when their orientations differ from those of the 

wavelet terms. Additionally, high intensity can be exhibited by non-vessel structures, 

such as pathological regions. In such scenarios, edges have struggled to be accurately 

detected by the active contour, often resulting in the misclassification of pathological 

regions as vessels. For example, as shown in Fig. 11, this issue is demonstrated in a portion 

of an image containing signs of pathology. Here, edges are not detected effectively by the 

active contour, leading to the misinterpretation of pathological regions as vessels. The 

ability of the active contour to update the evolution function in subsequent iterations can 

be further hindered by high-intensity regions. Edge detection errors are often caused by 
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factors such as the presence of pathology, intensity variations within the image, or 

inconsistencies in the level set function that arise during the evolution process, 

potentially destabilizing it. 

 
 

Fig. 11: Image part from DRIVE dataset (a) the input image, (b) image with applied 

enhancement, (c) active contour result after 100 iterations. 

Therefore, a solution for modification called ‘reinitialize’ is used, but it is difficult to 

implement. ‘Reinitialize’ is not available in the active contour. A performance 

enhancement framework is used to prevent the evolutionary equilibrium from being 

destroyed, which strives to maintain the outline along the borders of the image. An 

equation for modifying the evolution function is developed by the proposed algorithm as 

shown below: Eoptimal(x, y) = α1En(x, y) + α2IHessian(x, y)En(x, y) + α3Imatch(x, y)En(x, y) 

Where α1 > 0, α2 > 0, and α3 > 0 are the coefficients that regulate the importance of each 

term. En(x, y) can be achieved from the following equation. En(x, y) = En−1(x, y) + ∆t. F(ϕ, x, y) 

Where F(ϕ, x, y)is the potential operator, ∆t is the time phase, and n is the iteration 

frequency. E0 is the initial curve and its obtained as E0(x, y) = ϕ0(x, y)ϕ(0, x, y). IHessian 

and Imatch in equation 6 are Binary representations derived from the Hessian matrix [61] 

and matched filter [62], respectively. A matched filter is considered a framework for 

vessels. It is typified by a second-dimensional Gaussian filter and is merged with the main 

picture. The convolution matrix is utilized in various iterations. The kernel completes 

twelve rotations in 15° stages and adapts to differently oriented vessels. The peak 

performance of the filter is determined per pixel, and a boundary criterion is next utilized 

to supply a binary vessel structure. In [61], a vessel enhancement filter utilizing the 

Hessian matrix components is discussed. The Hessian is a square array that holds the 

second-order partial derivatives. These frameworks can be molded by the intricacies of 

the image and three-second derivatives Gaussianxx , Gaussianyy , Gaussianxy as H(f) =[fxx fxyfxy fyy]. Eigenvalues γ1 and γ2 are measured as γ1 = 1 2⁄ (fxx + fyy + temp) and γ2 =
1 2⁄ (fxx + fyy − temp). The temp function is achieved as temp = √((fxx − fyy)2 + 4fxy2 ). 

The hessian filter is measured as: 
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Hessian = { 0 if  γ2 > 0exp (− Rβ22β2) (1 − exp (− s2c2)) otherwise 

Where Rβ = γ1γ2 and s = √γ12 + γ22. The Hessian matrix demonstrates qualities including 

noise removal, recognition of linear structures, and spot-like appearances. 

The final step involves the extraction of the vessel tree. Different strategies for sorting are 

available. In this approach, basic thresholding with a global threshold criterion obtained 

from Otsu’s method [63] was used. Two classes of pixels are present in the vessel 

segmentation: the pixel (i, j) is assigned to either the foreground or the background. The 

optimum threshold separating these classes is calculated by the Otsu algorithm, ensuring 

that their interclass variance is maximized [63]. The optic discs or bright lesions can 

increase false positives. Additionally, some thin vessels are fragmented. Therefore, post 

processing is required to restore fragmented edges and the eliminate of noise. 

Morphological operators were used for this work. Noise pixels, which are not part of the 

vascular network, were eliminated by considering a threshold level based on the number 

of pixels, with regions having fewer pixels than the threshold being discarded. For linking 

edges, the bridge morphologies operator was used. The bridge operator ties pixels 

together that each has two nonzero neighboring pixels. The separation of the vessel of the 

overall image by using the proposed active contour technique is shown in Fig. 12. Fig. 12 

compares the manual and automatic results of the vessel's structure with respective input 

images. Compared to other pre-existing techniques, this method offers superior accuracy 

and faster processing time. The proposed automated method for segmenting vessels 

attains an average accuracy of 98.4% and a sensitivity of 97.6%. 
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Fig. 12: Result shows the overall vessels segmentation using active contour by fusioning 

CLAHE and Blind Deconvolution: (a) Input RGB fundus image, (b) CLAHE and Blind 

Deconvolution fusion-based Enhancement, (c) Vessels after applying Active Contour 

function, (d) Active Contour based segmentation, (e) Manual Segmentation. 

 

Fig. 13 explains the vessel mapping and artery-vein separation within the mentioned 

specific ring mask. The ring mask has been chosen for complexity due to the vessel’s 

branching. 

 
 

Fig. 13: Result shows the separation of arteries and veins within specified ring mask: (a) 

The Input RGB Image, (b) Red components of RGB image, (c) Segmented optic disk, (d) 

(3D-1.5D) mask, (e) Segmented Vessels (f) Segmented vessels within mask, (g) Separated 

veins, (h) Separated arteries, and (I) Segmented vessel’s labeling. 

 

The evaluation metrics, accuracy, and sensitivity are calculated for various classifiers to 

assess their qualitative performance. Table 5 presents the results of compilation the 

recital of the Active-BDCLF system with previously established methods. The table 

indicates that our proposed method outperforms the other techniques in retinal vessel 

segmentation, with a sensitivity ranging from 96.58% to 98.73%. Additionally, our Active-

BDCLF method surpasses the conventional methods in terms of accuracy, achieving an 

accuracy of 98.56%. 

 

Table 5: The results show the performance analysis of the proposed technique compared 

to the previously established methods. 

Algorithm Dataset Samples 
Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

Li DRIVE 40 75.69 98.16 95.27 
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et al [54] STARE 20 77.26 98.44 96.28 

CHASEBD1 28 75.07 97.93 95.81 

Srinidhi et 

al. [55] 

DRIVE 40 86.44 96.67 95.89 

STARE 20 83.25 97.46 95.02 

CHASEBD1 28 82.97 96.63 94.74 

Yan 

et al. [56] 

DRIVE 40 76.31 98.20 95.38 

STARE 20 77.35 98.57 96.38 

CHASEBD1 28 76.40 98.06 96.07 

Jin et al. 

[57] 

DRIVE 40 79.63 98.00 95.66 

STARE 20 75.95 98.78 96.41 

CHASEBD1 28 81.55 97.52 96.37 

Yuchen 

Yuan et al. 

[58] 

DRIVE 40 80.46 98.05 95.81 

STARE 20 79.14 98.70 96.65 

CHASEBD1 28 84.02 98.01 96.73 

Active-

BDCLF 

HRF 45 96.58 97.65 98.56 

DRIVE 40 97.23 96.69 97.39 

CHASEDB1 28 98.41 95.31 98.14 

STARE 20 98.73 96.45 98.37 

To measure vessel width, the center line and the edges of the first vessels are computed 

from the segmented binary vessels using thinning and canny edge detection methods. 

These images are then mapped to locate the vessel width for a pixel position on the 

specific vessel center line, fig. 14. 

 
 

Fig.14: Results representing: (a) vessel’s skeleton, (b) vessel’s edge, (c) mapping of (a) and 

(b). 

 

To measure the vessel's width, a pixel from its centerline image is taken into account, 

subsequently, a mask is applied with the center pixel at its core. This mask aims to 

identify the edge pixels near the centerline pixel. Every pixel location within the mask is 

established by advancing the pixel position incrementally until the mask's size is reached 

and rotating each position from 0° to 180° relative to the center pixel simultaneously. To 

extend the angle of rotation, the step size is considered to be less than 180° divided by the 

mask length. 
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Fig. 15: This figure represents the process (a) finding the edge pixels and (b) the vessel’s 

width or minimum distance of pair pixels. 

 

Edge pixel intensity has been searched for each obtained position to determine whether it 

is border pixel or not. Once the pixel’s boundary is measured, its minor is identified by 

shifting the angle by 180 degrees and expanding the distance from one to the mask's 

maximum dimension [fig. 15]. Thus, a rotationally invariant mask is created, and all 

possible pixel pairings are picked to find the width or diameter of that cross-sectional 

area. x1 = x + r cos(θ)  (26) y1 = y + r sin(θ)  (27) 

Where,(x, y) is the vessel centerline pixel position, r = 1,2,3, . . . . . . . , (mask size/2)and θ = 00, . . . . . . . . . ,1800. For any pixel position, if the binary parameter in the edge 

image is 1 then the pixel (x2, y2) in the opposite edge has been measured by considering θ = 1800 + θand by varyingr.  

 

After operating, a pair of pixels was discovered on the opposite edge. The minimum 

Euclidean distance, √(x1 − x2)2 + (y1 − y2)22
, was calculated from this pair of pixels to 

determine the width of the vessel's cross-section. Table 5 displays the resulting widths at 

20 distinct cross-sections of the vessel as shown in figure 15b. 

Measuring the width of the vessel is crucial because it helps determine the AVR, which 

indicates the severity of the disease based on the condition of the retinal image. Table 6 

provides a comparison of vessel widths obtained using the proposed automated 

technique and manual measurements. Two images from each dataset (HRF and DRIVE) 

were chosen for analysis.  
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Table 6: Result of Euclidean Width of 20 cross section of figure (14b). 

Cross 

Secti

ons 

Centerlin

e Pixel 

Position 

Width-Line  

End Point 

Vessel’
s 

Width 

(Eucli

dean 

Distan

ce) 

(𝐱, 𝐲) (𝐱𝟏, 𝐲𝟏) (𝐱𝟐, 𝐲𝟐) 

1 (17,27) 
(13,69

) 

(20,75

) 
9.22 

2 (45, 48) 
(41,42

) 

(50,53

) 
14.21 

3 (53,42) 
(48,37

) 

(58,4

6) 
13.45 

4 (58,38) 
(53,33

) 

(61,43

) 
12.80 

5 (41,166) 
(29,15

5) 

(55,17

7) 
34.06 

6 (50,157) 
(36,14

7) 

(62,17

0) 
34.71 

7 (65,142) 
(52,12

8) 

(79,15

2) 
36.12 

8 (74,131) 
(59,11

9) 

(88,14

3) 
37.64 

9 (69,125) 
(65,11

4) 

(92,13

7) 
35.47 

10 (108,80) 
(100,7

5) 

(116,8

7) 
20.00 

11 (116,70) 
(108,6

3) 

(123,7

8) 
21.21 

12 (125,63) 
(117,5

5) 

(133,7

0) 
21.93 

13 (136,52) 
(128,4

5) 

(144,6

0) 
21.93 

14 (124,95) 
(121,9

2) 

(129,9

8) 

10.00 

15 (135,88) 
(133,8

5) 

(137,9

0) 

6.40 
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16 (143,80) 
(140,7

6) 

(146,8

4) 

10.00 

17 (147,77) 
(143,7

4) 

(150,8

2) 
10.63 

18 (132,153) 
(135,1

50) 

(129,1

56) 
8.48 

19 (144,161) 
(147,1

58) 

(141,16

3) 
7.81 

20 (159,170) 
(162,1

68) 

(156,1

73) 
7.81 

Table 7 presents the automated measurements of retinal vessel width using Active-

BDCLF, along with manually collected data. It also illustrates the automatic and manual 

calculations of AVR, showcasing a marginal average error of less than ±4% as shown in 

Figure 17. A normal retinal image is characterized by an AVR range exceeding 6.6, 

whereas a range below this threshold indicates abnormalities related to glaucoma or 

hypertension [1]. Consequently, the Active-BDCLF technique proposed in this study is 

capable of effectively assessing retinal data abnormalities, rendering it highly favorable. 

 

Table 7: The outcome presents a comparison between the widths of the vessel acquired 

through the automated method proposed and those obtained through manual 

measurements. 

Sl. 

No

. 

𝐖𝐢𝐝𝐭𝐡𝐀𝐮𝐭𝐨𝐦𝐚𝐭𝐢𝐜𝐖𝐢𝐝𝐭𝐡𝐌𝐚𝐧𝐮𝐚𝐥AVR 
ERR

OR 
Arte

ry 

Ve

in 

Arte

ry 

Ve

in 

Aut

o 

Man

ual 

1 11.75 
21.

40 

12.2

0 

23.

40 

0.54

9 
0.521 

-

0.02

7 

2 
18.0

2 

27.

31 

17.4

6 

26.

57 

0.65

9 
0.657 

-

0.00

2 

3 
17.6

9 

38.

83 

17.8

5 

40.

02 

0.45

5 
0.446 

-

0.00

9 

4 
14.8

7 

28.

28 

15.6

5 

31.1

4 
0.525 0.502 

-

0.02

3 

5 3.16 
4.4

7 
6.41 

8.9

4 

0.70

6 
0.717 

0.01

0 
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6 2.76 
3.6

1 
2.81 

3.6

0 

0.76

4 
0.780 

0.01

6 

7 
10.5

0 

15.

80 
9.4 

13.

60 

0.66

4 
0.691 

0.02

6 

8 
10.6

3 

13.

45 

10.7

6 

13.

41 

0.79

0 
0.802 

0.01

2 

9 6.83 
10.

82 
5.32 

7.8

1 
0.631 0.681 

0.05

0 

10 2.03 
6.0

8 
2.06 

6.3

2 
0.333 0.325 

-

0.00

7 

Fig. 16 displays the assessment result of automatic and physically calculated AVR and 

error of the projected technique whereas fig. 17 represents the percentage of error in 

detection of AVR. 

 
Fig.16: Results shows the comparison of automatic measured AVR with manual AVR. 
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Fig 17: Result shows the percentage of error in the detection of automatic AVR 

The presentation evaluation of a binary classifier system was conducted using the receiver 

operating characteristic (ROC) curve displayed in Fig. 18. This curve portrays the 

association between the true positive rate (sensitivity) and the false positive rate (1 - 

specificity) with varying classification thresholds. By visualizing the classifier's 

performance at various thresholds, the ROC curve enables the assessment of its ability to 

distinguish between positive and negative instances. Additionally, it facilitates the 

comparison of different classifiers or models. In this particular ROC curve, the dataset 

from the drive was utilized to analyze the performance of five distinct techniques, 

including the proposed Active-BDCLF method. Results indicate that the PROPOSED 

method outperforms existing techniques in terms of ROC, as evidenced by its faster and 

more stable curve. A stable ROC curve signifies that the classifier's performance remains 

consistent and reliable across diverse datasets or conditions, thereby instilling confidence 

in its generalization capability to new and unseen data. Furthermore, these findings 

establish the superiority of the proposed Active-BDCLF method over existing approaches. 

 
 

Fig.18:The average ROC plot for 40 DRIVE data is shown using five different methods. 

The AVR and CDR values obtained through the Active-BDCLF method, as shown in Table 

8, are applied to measure the condition of the patient in terms of diabetes, glaucoma, and 

overall health. To accomplish this, a selection of retinal images from the HRF dataset, 

encompassing diabetic, glaucoma, and healthy cases, were randomly chosen. The results 

obtained were promising, revealing an average CDR of 0.68 for diabetic patients, 0.62 for 

glaucoma patients, and 0.41 for healthy individuals. Similarly, the average AVR values 

were found to be 0.52 for diabetics, 0.43 for glaucoma patients, and 0.75 for those without 

any eye-related conditions. 
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Table 8: Result shows the AVR and CDR for patient’s different health conditions. 

HRF 

Image 

Patent’s 

Condition 

OD 

(Avg.) 

OC 

(Avg.) 

WArtery 

(Avg.) 

WVein 

(Avg) 
CDR AVR 

01_dr 

Diabetic 

372 294 13.15 32.37 0.63 0.41 

02_dr 375 306 12.32 22.62 0.67 0.54 

03_dr 327 281 14.05 23.18 0.74 0.61 

04_dr 336 268 13.19 26.39 0.64 0.50 

01_h 

Healthy 

410 248 17.39 20.81 0.37 0.84 

02_h 408 267 16.18 23.41 0.43 0.69 

03_h 396 237 17.02 22.11 0.36 0.77 

07_h 416 278 17.36 24.79 0.45 0.70 

01_g 
Glaucoma 

338 261 12.27 26.58 0.60 0.46 

08_g 367 292 11.43 28.91 0.63 0.39 

 

 

 

8. Conclusion: 

An automated approach has been proposed to evaluate two specific target features in the 

human eye, namely CDR and AVR, to detect abnormalities associated with conditions like 

diabetes, glaucoma, and hypertension. The results obtained so far are promising, 

demonstrating high levels of accuracy: 98.6% for OD, 97.8% for OC, and 98.55% for AVR, 

with only minor errors. This technique surpasses other established methods in terms of 

speed due to its fully automated nature, and it requires minimal expertise for 

implementation, making it accessible to individuals with any level of medical knowledge. 

The positive outcomes achieved through this method allow for the measurement of 

various parameters (such as nicking, narrowing, and branching coefficients), which can 

assist in diagnosing different diseases. 

A series of clinical images acquired from publicly available datasets will be quantitatively 

evaluated in the next study to find the retinopathy of prematurity (ROP).  
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