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ABSTRACT 

 

In order to optimize clinical management and treatment, it is crucial to accurately 

diagnose and classify eye diseases. The significant increase in the occurrence of eye 

diseases and the frequency of visual impairment recently has highlighted the urgent need 

for enhanced diagnostic techniques and therapies. Deep learning algorithms have shown 

significant promise in addressing the issue of disease classification. Current diagnostic 

methods for eye diseases increasingly include advanced medical imaging techniques, 

including optical coherence tomography angiography (OCTA), optical coherence 

tomography (OCT), color fundus photography (CFP), and fundus fluorescein 

angiography (FFA). This study aims to construct a robust framework for accurately 

classifying eye diseases by using two distinct color fundus photography (CFP) datasets. 

To classify the diseases this study proposes a novel classifier model called EDNet-20. 

The EDNet-20 design represents a novel convolutional neural network. The EDNet-20 

architecture saw significant enhancements via a rigorous model tweaking of the 

Convolutional Neural Network (CNN) model using the Mendeley dataset. The study 

meticulously used data augmentation and pre-processing techniques to enhance the 

quality and quantity of images in both datasets. The recommended model attained an 

accuracy of 94.26% on the Mendeley dataset and 91.80% on the private dataset. 

Compared to eight high-quality transfer learning models, three models that use attention 

mechanisms, and the basic convolutional neural network (CNN), the recommended 

model outperformed in terms of accuracy, precision, specificity, recall, and f1 score. 

These results provide evidence that deep learning technologies may successfully reduce 

the incidence of vision loss caused by eye diseases. EDNet-20 will be valuable for 

medical practitioners in enhancing patient outcomes because of its streamlined design 

and exceptional ability to accurately classify eye diseases. 
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CHAPTER 1 

Introduction 
 

 
1.1 Overview 

 

The eye, a marvel of biology, captures the world's beauty in its intricate dance of light 

and perception. The eye holds paramount importance as the primary sensory organ in the 

human body, as approximately 80% of sensory input is received through it [1]. Eye 

diseases can pose obstacles to both clear vision and sensory perception, frequently 

disrupting people's visual capabilities [2]. Eye diseases have been challenging the public 

health system worldwide for a long time. According to the WHO, blindness and vision 

impairment pose a significant public health challenge, impacting a minimum of 2.2 

billion individuals globally, and the numbers are increasing rapidly [3]. The most 

common eye conditions comprise diabetic retinopathy (DR) [4, 5, 6], glaucoma [4, 5, 6], 

age-related macular degeneration (AMD) [4, 5, 6], myopia [6], retinitis pigmentosa (RP) 

[7], retinal detachment (RD) [8], disc edema [9], and central serous chorioretinopathy 

(CSCR) [10], which cause visual impairment. In 2010, statistical analysis indicated that 1 

in every 39 individuals who were blind experienced blindness because of DR, while 1 in 

every 52 individuals faced visual impairment due to DR [11].  By 2030, the number of 

individuals with diabetes retinopathy is projected to exceed 400 million, while the 

number of those suffering from glaucoma is expected to reach 80 [12]. Around 67 million 

individuals in the EU are presently impacted by some form of AMD, and projections 

suggest this figure will rise by 15% by 2050 due to the aging population [13]. The 

prevalence of myopia and high myopia is expected to notably rise on a global scale, 

impacting close to 5 billion individuals with myopia and 1 billion with high myopia by 

2050 [14]. RP affects more than 1.5 million patients worldwide and is the most common 

type of inherited retinal dystrophy, occurring in approximately 1 in 4000 people globally 

[15]. Rhegmatogenous retinal detachment stands out as the predominant urgent condition 

affecting the retina, occurring at a rate of 6.3 to 17.9 cases per 100,000 people annually 

[16]. Papilledema, characterized by optic disk edema stemming from idiopathic 

intracranial hypertension (IIH), represents the most common cause of this condition. Its 

occurrence is notably high, reaching up to 3.5 cases per 100,000 females aged 15 to 44 

years old [17]. A study conducted in South Korea comparing corticosteroid users and 

non-users found that the overall occurrence of central serous chorioretinopathy was 5.4 

cases per 10,000 person-years among men and 1.6 cases per 10,000 person-years among 

women [18]. Nearly 1.1 billion vision impairment effects can be prevented worldwide 
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[19]. If eye diseases aren't caught early, they can harm the retina and lead to permanent 

vision loss [20].  Detecting eye diseases early and providing appropriate treatment is 

essential to preventing vision loss [21]. Deep learning methods have attained cutting-edge 

accuracy in distinguishing between healthy and diseased retinal fundus images but 

effectively classifying multiple retinal eye diseases remains a significant hurdle [22]. 

75% of patients with DR reside in regions lacking adequate development, where there is 

a shortage of specialists and the necessary infrastructure for detection. As a result, 

millions of people around the globe still suffer from vision problems due to inadequate 

predictive diagnosis and a lack of proper eye care [23]. The increasing prevalence of eye 

diseases is paralleled by a rise in the acquisition of retinal fundus images through 

screening. This leads to a significant increase in the workload and time required for 

medical professionals due to the complexity involved [24]. 

 

1.2 Background and Present State 

 

Presently, medical imaging techniques stand out as one of the most valuable tools for 

diagnosing various eye diseases reviewed [25]. Analyzing these medical images 

necessitates the use of cutting-edge technological advancements. Ophthalmologists 

utilize a range of imaging techniques, such as Optical Coherence Tomography (OCT) 

[26], Fundus Fluorescein Angiography (FFA) [27], Color Fundus Photography (CFP) 

[28], and several other scans, to assess eye conditions. These advanced methods enable 

precise and swift categorization, significantly enhancing patient prognosis in eye 

diseases. 

 

Through advancements in computational capabilities and the refinement of neural 

networks, deep learning has established the pinnacle of autonomous learning [29]. Deep 

learning finds application in ophthalmology for tasks like analyzing data, segmenting 

images, diagnosing conditions automatically, and potentially predicting outcomes [30]. 

CNNs, a form of deep learning architecture comprised of numerous layers arranged 

hierarchically, are employed to convert pixel data from images into significant features. 

These extracted features are then instrumental in the process of identifying and 

categorizing various diseases. Leveraging deep learning advancements holds the potential 

to expedite the analysis of color fundus images, thereby enhancing the classification of 

eye [31, 32, 33]. It is possible to enhance the performance of CNN models through the 

attention mechanism. The attention mechanism holds the potential for enhancing CNNs' 

segmentation performance by emulating human behavior, concentrating on the most 

pertinent information in the feature maps, and downplaying irrelevant parts [34]. The 
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core idea of the attention mechanism is that the model learns by concentrating on specific 

areas of interest. Recently, the attention mechanism has proven to be effective in image 

captioning [35]. 

 

This study aims to classify different types of eye diseases using color fundus images to 

help medical professionals and radiologists develop better treatments and reduce 

blindness and vision impairments. The study employs two datasets containing variations 

in the image size and unwanted noise. Removing these undesirable elements from the 

images is essential for optimizing the performance of a CNN model. Image 

augmentation, which involves modifying images to enhance training data, utilizes various 

techniques such as photometric, geometric, and elastic deformation. Of these, the most 

effective photometric augmentation techniques are employed. The study proposes an 

automated and reliable deep learning model called EDNet-20, based on CNN 

architecture. The model is fine-tuned through model optimization and the overall process 

of color fundus image classification. The study deploys eight transfer learning models, 

three models that use attention mechanism, and the basic convolutional neural network 

(CNN) to compare the robustness of the proposed model. Various performance metrics 

are employed to assess how well the model works while investigating different image 

pre-processing methods to achieve the best results. The research conducts a thorough 

experiment on the dataset to determine the most effective pre-processing algorithms and 

their settings, known as model optimization. Once optimal performance is achieved, the 

proposed model undergoes k-fold cross-validation to prevent overfitting. Consistent 

findings from the study highlight that integrating image processing techniques with 

model optimization and transfer learning can accelerate the diagnosis of eye diseases, 

potentially benefiting clinicians in their treatment approaches. 

 

1.3 Problem Statement 

 

The increasing accessibility of digital imaging technologies and the prevalence of eye 

diseases worldwide have generated an urgent need for precise and rapid methods of 

diagnosis and classification. Fundus photography may enhance our understanding of 

different eye illnesses by capturing detailed images of the posterior segment of the eye. 

The human study of these photographs is arduous, subjective, and susceptible to errors 

when it comes to recognizing little abnormalities that could otherwise remain unnoticed. 

The paper titled "EDNet-20: An Eye Disease Classification Approach combining CNN 

and Hybrid Attention" is based on solid reasoning to overcome challenges in medical 

imaging and ocular illnesses. The development of deep learning algorithms has opened 
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up a promising avenue for automating fundus image interpretation. This advancement has 

the potential to enable the efficient, accurate, and speedy categorization of eye illnesses 

on a large scale. Convolutional neural networks (CNNs), a kind of deep learning 

algorithm, are very effective for image analysis jobs due to their remarkable capability to 

extract intricate features and patterns from extensive datasets. To create reliable 

classification systems for identifying and categorizing different eye illnesses, CNN 

models are trained using annotated fundus image datasets. 

  

The primary objective of the work is to eradicate the potential for incorrect diagnosis and 

treatments by developing automated classification systems using deep learning 

techniques that can efficiently analyze large volumes of fundus pictures. Implementing 

this would enable streamlined screening, thereby enhancing the precision and 

dependability of identifying ocular conditions. 

 

1.3.1 Research Questions 

 

The researchers in the study titled "EDNet-20: An Eye Disease Classification Approach 

combining CNN and Hybrid Attention" formulated a series of inquiries to guide their 

research. The inquiry explored the outcomes of deep learning models, the practical 

implications of automated sickness identification utilizing fundus images, and the 

classification technique. 

Key questions for further research: 

 

1. What methods may be used to enhance the accuracy and efficiency of classifying 

eye illnesses in fundus photos using deep learning? 

The primary purpose of deep learning in image classification via knowledge acquisition 

from fundus photographs is the focus of the investigation. The primary objective of the 

study is to investigate the mechanisms of deep learning in order to enhance the efficiency 

and accuracy of classifying eye diseases in fundus images. 

 

2. Regarding the diagnosis of eye illnesses, how do different kinds of convolutional 

neural networks perform? 

The primary focus of the investigation is on how deep learning models in image analysis 

to aid in the categorization of eye illnesses. The objective of this study is to enhance the 

proposed model by evaluating its performance in comparison to other models. 
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3. What is the relationship between the model's generalizability and the most 

important variables? 

The investigation explores the fundamental factors that impact overall performance, 

including image quality, demographic information, and data volume. The primary 

objective of the research is to enhance performance by discovering the underlying factors 

that contribute to it. 

 

4. How can one differentiate between different eye illnesses based on the fundus 

image? What are the key elements of this image? 

The query aims to differentiate between different eye illnesses by analyzing fundus image 

attributes in order to provide valuable information. The objective of this study is to 

enhance the diagnosis of eye diseases by examining the underlying anatomical elements 

associated with these problems. 

 

5. What is the comparative effect of the recommended model on the diagnosis and 

classification of eye illnesses, as compared to more traditional approaches? 

The investigation explores the possible impacts of using the study's suggested framework 

to enhance the efficacy of eye treatment as compared to traditional methods. The 

objective of the study is to ascertain the enhancements made to treatment procedures 

upon the implementation of the model. 

 

6. How can we use the triumphs and failures of different categorization systems to 

develop a diagnostic tool that is more dependable and accurate? 

The objective of the investigation is to analyze the advantages and disadvantages of 

various methods for categorizing eye diseases. The aim is to develop diagnostic tools by 

using the gathered information. 

 

7. How can we use this newly discovered knowledge to improve patient care and 

generate better healthcare results, and what are the implications of the research for 

the growing field of medical imaging? 

The topic under discussion is the most effective method of using the knowledge gained 

from medical imaging research in real-life scenarios. 

 

The thesis is structured based on a series of research inquiries that together direct the 

examination of the intricacies involved in classifying eye diseases using deep learning 

methods. 
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1.4 Objectives 

 

The predicted outcomes of the research "EDNet-20: An Eye Disease Classification 

Approach combining CNN and Hybrid Attention" could involve a variety of discoveries 

and notable achievements. 

The expected outcomes include the following: 

 

1. Creation of a disease classification system. 

The objective is to create deep learning models that can precisely detect and classify 

different eye diseases using fundus photographs with a high level of accuracy. The 

system will use cutting-edge deep learning techniques, including advanced models such 

as VGG19, MobileNetV2, InceptionV3, and DenseNet201, in conjunction with the 

suggested model. The primary objective of the method is to get the most accurate results 

in classifying various ocular diseases. 

 

2. An assessment and comparison review of deep learning models. 

The selected deep learning models will be deployed to conduct evaluations and analyses 

in order to get relevant insights. The research will provide an analysis of performance 

indicators, accuracy, and efficiency models, as well as reveal valuable settings. 

 

3. Efficient dataset generation. 

Various data preparation approaches will be investigated to improve performance. The 

techniques of resizing, grayscale conversion, smoothing, sharpening, histogram 

equalization, and data augmentation will be investigated in order to generate an optimum 

dataset. 

4. Examine the significant features of the fundus photograph. 

The project will use image-processing methods such as image filtering, feature 

extraction, and picture segmentation to gain knowledge about the anatomical structures 

associated with different illnesses. This part aims to optimize deep learning models. 

 

5. Incorporation into the medical treatment process. 

Integrating the model into the current processes helps optimize the diagnosing process. 

The key factors to consider when evaluating the performance of an automated system are 

the precision of its classification, the efficiency of its speed, the reliability of its model, 

its capacity to handle larger workloads, and its cost-effectiveness compared to 

conventional techniques. 
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6. Utilize the advantages of various classification methods and verify the outcomes. 

In order to create a more reliable and precise diagnostic tool, it is crucial to use the 

advantages of categorization methods and address their shortcomings. 

 

7. Participate in educational discussions. 

The focus of the research serves to add to the academic literature on the intersection of 

deep learning and eye problems. 

 

1.5 Scope and Limitations 

 

The objective of the project is to classify prevalent eye conditions such as diabetic 

retinopathy, macular scar, and myopia by using high-resolution retinal photographs 

obtained from both public and commercial medical databases. In addition, the research 

also investigates the classification of less common eye diseases to assess the strength and 

adaptability of the classification model. The development and evaluation of classification 

systems include the use of machine learning methods such as Convolutional Neural 

Networks (CNNs) and Deep Learning models. Evaluation conducted using conventional 

measures such as accuracy, precision, recall, and F1-score. Nevertheless, the variability 

in picture quality and resolution has a substantial impact on the effectiveness of 

classification algorithms. Furthermore, the dataset exhibit an imbalance, resulting in 

models that are biased. Elaborate models need significant computing resources and 

lengthier training durations. The incorporation of novel classification methods into 

clinical processes may encounter opposition as a result of alterations in traditional 

practices. 

 

1.6 Report Layout  

 

Chapter 1: Introduction 

The first section of the report is the introduction. The book provides an introduction to 

the research, highlighting the significance of categorizing and identifying eye illnesses, 

the use of deep convolutional neural networks (CNNs), and the need to compare different 

approaches for detection and classification. This document outlines the research 

questions, objectives, and overall framework of the study. 

 

Chapter 2: Background 

The background chapter thoroughly explores relevant literature and past investigations. 

This part offers a thorough understanding of the theoretical foundations, research 
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methods, and technical advancements related to the categorization and diagnosis of eye 

diseases, as well as deep convolutional neural networks (CNNs). It establishes the 

foundation for the current inquiry, identifying specific areas where there is a shortage of 

existing information. 

 

Chapter 3: Research Methodology 

The research methodology chapter provides a comprehensive explanation of the specific 

methods used to conduct the study. This document provides a comprehensive summary 

of the study strategy, data-collecting methods, model structure, and the rationale behind 

the selection of certain methodologies. Furthermore, this chapter discusses ethical 

concerns and recognizes any constraints that may impact the research. 

 

Chapter 4: Implementation 

This chapter represents the implications of models, model optimization to create a robust 

classifier. The chapter summarizes the implications of all models training, model testing 

and evaluation. 

 

Chapter 5: Result and Analysis 

This chapter presents the empirical findings obtained by using transfer learning and deep 

convolutional neural networks (CNNs) to categorize eye disorders. The study includes 

thorough evaluations of the effectiveness of several detection and segmentation 

techniques, along with visual illustrations and statistical measures to verify the results. 

 

Chapter 6: Impact on society, Environment and Sustainability 

The chapter on social effect explores the broader ramifications of the study results on 

healthcare and medical diagnostics. The text explores the potential benefits of advanced 

techniques for categorizing eye illnesses, including improved patient care, greater 

treatment results, and overall improvement in public health. The chapter also examines 

potential technological developments and their wider social ramifications. 

 

Chapter 7: Conclusion and Future Research 

This last chapter consolidates the whole study by providing a concise overview of the 

main discoveries, restating the conclusions drawn from the research, and suggesting 

practical uses and potential areas for further investigation. The text explores the 

consequences for future investigation, offering a guide for those who are interested in 

building upon the existing work. 
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The structured layout ensures a logical flow of information, guiding the reader through 

the study process, from the introduction to the wider implications and suggestions. This 

approach facilitates a comprehensive comprehension of the research process and its 

potential impact on both the scholarly and practical implementations of deep learning in 

the classification of eye diseases. 

 

1.7 Summary 

 

Worldwide, 2.2 billion people suffer from an eye illness of some kind. This includes 

central serous chorioretinopathy, glaucoma, myopia, retinitis pigmentosa, retinal 

detachment, and diabetic retinopathy. Timely identification and management of these 

ailments are crucial in averting permanent visual impairment. While the classification of 

many illnesses is still difficult, deep learning approaches have shown promise in 

differentiating between healthy and diseased retinal fundus pictures. To evaluate eye 

diseases, medical imaging techniques including Fundus Fluorescein Angiography, Color 

Fundus Photography, and Optical Coherence Tomography may be used. Deep learning, 

which is a consequence of advances in processing power and neural networks, may be 

used by ophthalmologists to evaluate data, segment pictures, diagnose illnesses 

autonomously, and perhaps forecast outcomes. By focusing on target areas, the attention 

process improves the classification accuracy of CNN models. 

 

The effort uses color fundus pictures to classify eye disorders with the goal of improving 

medical treatments and reducing blindness and visual impairments. Two are used in the 

research to enhance CNN models' performance. The study presents EDNet-20, an 

automated CNN-based model that is further improved by classifying color fundus 

pictures and improving the model. The investigation's main goal is to develop a 

trustworthy convolutional neural network model for the diagnosis of eye disorders in 

order to have an impact on the worldwide eye care sector. The goal of the project is to 

avoid incorrect diagnosis and treatments by developing automated classification systems 

that use deep learning methods. 
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CHAPTER 2 

Literature Review 

 
 
2.1 Overview 

 

In order to fully understand the fundamental ideas and approaches used in this study on 

"EDNet-20: An Eye Disease Classification Approach combining CNN and Hybrid 

Attention," it is essential to set foundations by introducing basic concepts and defining 

important terms. Transfer learning, a key principle in artificial intelligence, plays a major 

role in this work by allowing the model to use information acquired from unrelated tasks 

to enhance the classification of eye diseases. Deep Convolutional Neural Networks 

(CNNs) are used to effectively capture complex patterns in medical imaging, making 

them integral for image interpretation. Identification is the process of finding eye diseases 

in medical photographs, whereas segmentation entails accurately identifying the spatial 

boundaries of the damaged areas. This study employs these terminologies in an organized 

way to investigate the relationships among transfer learning, deep convolutional neural 

networks (CNNs), and the comparative examination of detection and classification 

methodologies. It is crucial for readers to have a shared awareness of these initial details 

in order to understand the complexities of the research and appreciate the sophisticated 

methods used in diagnosing eye diseases. 

 

2.2 Related Work 

 

A number of prominent studies have shown the effectiveness of CNNs in accurately 

identifying and diagnosing certain eye disorders, including diabetic retinopathy, 

glaucoma, and age-related macular degeneration. 

 

Classification and Detection 

 

In this study, Srivastava et al. [36] investigate the use of artificial intelligence in the area 

of ophthalmology. This subject is particularly suited for computer algorithms because of 

the availability of digital images and quantifiable data. Their main areas of concentration 

include the retina, cornea, anterior region, and pediatric ophthalmology. They provide 

very accurate disease segmentations, including a computer-based segmentation of the 

optic nerve for glaucoma scoring. 
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Mayya et al. [37] used convolutional neural networks and multiple preprocessing 

techniques to identify COD in eye fundus images. They evaluated the ResNeXt50 model, 

which achieved an accuracy of 86.06% and an F1 score of 89.53%, with the optimal 

outcomes obtained using RGB RoI cropped images. 

 

Li et al. [38] conducted a study to compare automatic and traditional systems in detecting 

diabetic retinopathy, age-related macular degeneration, and glaucomatous optic 

neuropathy. They used an independent dataset from China and compared diagnostic 

consistency between different experience levels and non-physician graders. The study 

found that the deep learning system had higher sensitivity  (97.8% vs. 91.1%) but lower 

specificity (92.5% vs. 99.6%) than general ophthalmologists. 

 

Zang et al. [39] developed an automated diagnostic system that can classify ailments by 

utilizing extensive structural OCT and OCTA data. The semi-sequential 3-dimensional 

convolutional neural networks of the framework can be employed to diagnose diabetic 

retinopathy and age-related macular degeneration. Non-DR or AMD data is employed in 

the second phase of the glaucoma diagnostic procedure. The framework's AUC was 

greater than 0.9 for each illness that was assessed, suggesting that it performed 

exceptionally well. 

 

Song et al. [40] evaluated the diagnostic capabilities of a robotically aligned optical 

coherence tomography (RAOCT) system combined with a deep learning model for 

identifying referable posterior segment pathology in OCT images from emergency 

department patients. The model, RobOCTNet, was trained and validated to differentiate 

between OCT images requiring ophthalmology consultation and those not. The model 

achieved an AUC of 1.00 in internal testing and 0.91 in external validation, with a 

sensitivity of 95% and a specificity of 76%. 

 

Choudhary et al. [41] created an artificial intelligence model that can automatically 

identify different stages of retinal illness. The OCT-scanned retina pictures are classified 

into four groups using a VGG-19 architecture consisting of 19 layers. The model attained 

a classification accuracy of 99.17%, with specificities and sensitivity rates of 0.995 and 

0.99, respectively. The authors propose that the model has the potential to be modified 

for the treatment of several additional retinal illnesses. 

 

In their study, Saranya et al. [42] devised a methodology to promptly diagnose diabetic 

retinopathy (DR) by detecting red lesions in retinal pictures. The model employs pre-



            ©Daffodil International University 
 

12  

processed pictures to minimize unwanted disturbances and improve the distinction 

between different elements, and it utilizes the UNet architecture for the purpose of 

semantic segmentation. A sophisticated convolutional layer architecture is included for 

the purpose of pixel-level class labeling. The performance of the model was evaluated 

using four datasets. The IDRiD dataset achieved a specificity of 99%, a sensitivity of 

89%, and an accuracy of 95.65%. The STARE dataset achieved a specificity of 96.65%, a 

sensitivity of 95.23%, and an accuracy of 96%. 

 

Kaur et al. [43] developed a method for classifying retinal images using a three-step 

process. They used CLAHE and DNCNN neural networks for image enhancement, 

applied morphological and K-means algorithms for segmentation, and then inputted the 

segmented images into their EyeNet model, built on the ResNet-18 architecture. The 

model achieved an impressive 99.76% accuracy. 

 

Karlin et al. [44] developed a deep-learning classifier to identify thyroid eye disease 

using external photographs. They compared their model's performance with that of 

domain experts using two datasets. An ensemble model was constructed using five neural 

networks trained on different subsets of Stein Eye Institute data. The final prediction was 

combined, resulting in an overall accuracy of 89.2% on the test set and 86% on the 

survey set. 

 

Sun et al. [45] developed an end-to-end deep learning model for classifying UWFI 

diseases using a limited dataset. They used high-performing convolutional neural 

networks (CNNs) like EfficientNet-B7, DenseNet, and ResNet-101, and initialized 

parameters from pre-trained models from ImageNet. The model used the normal eye as a 

classification reference and included an additional self-attentive layer to enhance feature 

dimension balance. EfficientNet-B7 was chosen for the deep learning model due to its 

superior performance on the internal test set, achieving an average AUC of 0.9880. 

 

Attention Mechanism 

 

Wang et al. [46] addressed two primary obstacles in the classification of fundus images: 

the classification of multiple labels and the restrictions on the availability and quality of 

data. The researchers used a problem transformation-based methodology and utilized 

various CNN models. They integrated a CNN MBConv block and a transformer into a 

unified network architecture. The researchers developed a complex neural network called 

MBSaNet, which utilizes convolutional blocks and self-attention modules to detect 
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various fundus illnesses. The model attained an Area Under the Curve (AUC) of 0.891 on 

the test set from an external source and 0.878 on the test set from the same source as the 

model. 

 

Huang et al. [47] introduced the Global Attention Block (GAB) for use in feed-forward 

convolutional neural networks (CNNs). The GAB creates an attention map, which is used 

to compute adaptive feature weights. This module is easily integrated into any CNN, 

improving classification performance. They developed a lightweight model called 

GABNet, which serves as a feature extraction network after data preprocessing. GABNet 

outperformed the Xception and EfficientNetV2B3 algorithms without transfer learning, 

achieving a 3.7% increase in classification accuracy. The model achieved 95.4% in the 

limited model and 96.5% in the complete model. 

 

Dinpajhouh et al. [48] developed Attention-DenseNet, a model for detecting and 

assessing diabetic retinopathy using a pre-trained convolutional neural network. The 

model incorporates an attention mechanism, prioritizing significant regions more 

effectively than other CNN models. The APTOS 2019 dataset and fivefold cross-

validation were used to evaluate the model's performance, achieving an overall accuracy 

of 98.44% for detection and 83.69% for severity grading. 

 

Lu et al. [49] created an automated multilabel classification algorithm to detect fundus 

illnesses from color fundus pictures. The model, using a convolutional neural network, 

has the capability to accurately categorize both normal circumstances and seven prevalent 

forms of fundus illnesses. A method of attention was included to augment the process of 

extracting features. The model demonstrated a high level of accuracy in multi-disease 

classification, with 98.64% and 94.27% accuracy on the processed training and validation 

sets, respectively. This impressive performance was obtained despite the use of a tiny 

training dataset. 

 

Ma et al. [50] developed a U-Net algorithm with a supervised attention mechanism for 

retinal vessel segmentation to improve precision and extract details of small vessels and 

edges. They integrated three sub-modules: the DFM encoding module, the CSE decoding 

module, and the SFM supervised fusion module to optimize the foundational network. 

The network's performance was evaluated using three publicly available datasets, with 

the DRIVE dataset achieving a high accuracy of 0.9570 with the combination of 

Base+CSE+SFM, while STARE and CHASE_DB1 datasets achieved the highest 

accuracy of 0.9660 and 0.9667 with the proposed model (DFM+CSE+SFM). 
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2.3 Comparison Between Existing Works 

 

The study "EDNet-20: An Eye Disease Classification Approach combining CNN and 

Hybrid Attention" evaluates the effectiveness of transfer learning and deep Convolutional 

Neural Networks (CNNs) in detecting and classifying eye diseases. It compares these 

methods with traditional methods and advanced classification techniques. The research 

provides valuable insights into the strengths and weaknesses of each approach, offering a 

comprehensive understanding of their impacts on diagnostic procedures. The study also 

emphasizes the importance of a comprehensive approach to medical diagnostics, 

integrating both conventional and modern techniques. The results enhance our 

understanding of eye disease detection and classification and offer practical suggestions 

for improving current diagnostic methods. This comparative analysis will form the basis 

for future chapters, laying the groundwork for discussions on societal impact, 

recommendations, and implications for future research. 

 
Table 2.3.1: Comparative Analysis of Related Works 

 

Study Image Type Model Accuracy 

Srivastava et al. 
(2023) [36] 

Fundus Image Convolutional Neural 
Network (CNN) 

The study emphasizes AI 
applications in the area 
of ophthalmology and 
presents various disease 
segmentation approaches 
from other studies 

Mayya et al. (2023) 
[37] 

Fundus Image Convolutional Neural 
Network (CNN) 

Accuracy 86.06% and F1 
score 89.53% 

Z. Li et al. (2023) 
[38] 

Fundus Photographs Convolutional Neural 
Network (CNN) 

The comparison between 
DLS and 
Ophthalmologists 
demonstrates sensitivity 
(97.8% vs 99.6%) and 
specificity (92.5% vs 
99.6%) 

Zang et al. (2023) 
[39] 

Optical coherence 
tomography angiography 
(OCTA) and optical 
coherence tomography 
(OCT) 

Convolutional Neural 
Network (CNN) 

The framework 
demonstrated robust 
performance, with the 
AUCs of the ROC curves 
for the test dataset 
exceeding 0.9 for each 
disease evaluated in the 
study. 

Song et al. (2023) 
[40] 

Optical coherence 
tomography (OCT) 

Convolutional Neural 
Network (CNN) 

During validation, 
RobOCTNet achieved an 
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AUC of 91%, sensitivity 
of 95%, and specificity  
of 76% 

Choudhary et al. 
(2023) [41] 

Optical coherence 
tomography (OCT) 

Convolutional Neural 
Network (CNN) 

The customized VGG19 
achieved an accuracy of 
99.17% with a specificity 
and sensitivity of 99.5% 
and 99%, respectively. 

Saranya et al. (2023) 
[42] 

Color Fundus Image Convolutional Neural 
Network (CNN) 

The result divided into 
two parts, the IDRiD 
dataset red lesion 
detection system 
achieved an accuracy of 
95.65%, and the STARE 
dataset DR classification 
system got an accuracy 
of 96%. 

Kaur et al. (2023) 
[43] 

Color Fundus Image Convolutional Neural 
Network (CNN) 

The proposed EyeNet 
model achieved an 
accuracy of 99.76% 

Karlin et al. (2023) 
[44] 

Photographs Ensemble Neural 
Network 

The model achieved an 
accuracy of 89.2% and 
86% on the test set and 
survey set respectively 

Sun et al. (2023) 
[45] 

Ultra-widefield fundus 
images 

Convolutional Neural 
Network (CNN) 

The EfficientNet-B7 
network achieved an 
average AUC of 98.8% 

Wang et al. (2023) 
[46] 

Fundus Image 
 

Convolutional Neural 
Network (CNN) 

The proposed MBSaNet 
achieved an AUC value 
of 89.1% on the off-site 
test set and 87.8% on the 
on-site test set. 

Huang et al. (2023) 
[47] 

Optical coherence 
tomography (OCT) 

Convolutional Neural 
Network (CNN) 

The GABNet model 
achieved an accuracy of 
95.4% in the limited 
model and 96.5% in the 
complete model 

Dinpajhouh et al. 
(2023) [48] 

Color Fundus Image Convolutional Neural 
Network (CNN) 

The proposed model 
Attention-DenseNet 
demonstrates an overall 
accuracy of 98.44% for 
the detection and 83.69% 
for the grading task. 

Lu et al. (2023) [49] Color Fundus Image Convolutional Neural 
Network (CNN) 

The proposed model 
achieved an accuracy of 
98.64% on the training 
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set and 94.27% on the 
validation set. 

Ma et al. (2024) [50] Digital Retinal Images 
and Color Fundus Image 

Convolutional Neural 
Network (CNN) 

The STARE and 
CHASE_DB1 datasets 
attained an accuracy of 
96.6% and 96.67%, 
respectively, with the 
proposed model. 

 
 
 
2.4 Open Issues 
 
The research focuses on the classification of eye diseases using fundus images using deep 
learning techniques. Retinal diseases pose a global health challenge, necessitating precise 
and prompt detection for effective treatment. The research aims to overcome the 
limitations of traditional methods, which often fall short in terms of sensitivity, 
specificity, and diagnostic accuracy. The research explores the use of transfer learning, an 
emerging concept in artificial intelligence, to improve the classification and detection of 
eye diseases. Transfer learning enables models to utilize knowledge gained from different 
tasks, addressing the complexities and variations found in retinal images. Combining 
deep Convolutional Neural Networks (CNNs) with attention mechanisms further 
enhances the model's effectiveness in extracting detailed patterns and features from 
complex visual data. The research also includes a comparative analysis of detection and 
classification methods, examining their strengths, weaknesses, and potential synergies. 
The research seeks to provide insights that surpass traditional classification techniques, 
refine current diagnostic methodologies, and improve the impact of eye diseases on 
public health. 
 
 
2.5 Summary 
 
This study explores the classification of eye diseases using fundus images using deep 
learning. Transfer learning enhances classification by using information from unrelated 
tasks. Deep Convolutional Neural Networks capture complex patterns in medical 
imaging. The study investigates the relationships between these concepts and compares 
detection and classification methodologies. Understanding these details is crucial for 
understanding the complexities of eye disease diagnosis. The research explores the use of 
transfer learning in artificial intelligence to improve the classification and detection of 
eye diseases using fundus images. It aims to overcome traditional methods' limitations in 
sensitivity, specificity, and diagnostic accuracy. The study also compares detection and 
classification methods, aiming to provide insights that improve public health and enhance 
the understanding of eye diseases. 
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CHAPTER 3 

Methodology 

 
3.1 Overview 

 

The study "EDNet-20: An Eye Disease Classification Approach Combining CNN and 

Hybrid Attention" explores the use of advanced AI methods for medical diagnostics, 

specifically in classifying eye diseases. The research aims to address the challenges of 

conventional eye disease classification techniques by incorporating transfer learning and 

deep Convolutional Neural Networks (CNNs) with attention mechanisms. Transfer 

learning enhances the classification of eye diseases, while deep convolutional neural 

networks (CNNs) are used to discern detailed patterns from medical images, improving 

diagnostic precision and sophistication. The comparative analysis of different methods 

for detecting and categorizing abnormalities in fundus images helps to understand their 

strengths and weaknesses, enabling the creation of more reliable and efficient diagnostic 

instruments. The research combines artificial intelligence, medical imaging, and 

ophthalmology to advance eye disease classification using innovative approaches like 

transfer learning and deep convolutional neural networks. 

 

The CNN base model was trained using a batch size of 16, a learning rate of 0.001, and 

the Adam optimizer. The entire dataset has undergone training for 100 epochs, with the 

loss function being specified as Categorical Cross-Entropy. This investigation was 

conducted on a machine with an Intel Core i5-10400F CPU, NVidia GeForce GTX 1080 

GPU, 16 GB RAM, and a Samsung 980 Pro 500GB PCIe 4.0 M.2 NVMe SSD for 

storage. The study focused on eye disease classification architectures, including the 

proposed EDNet-20 as well as established models like VGG16, VGG19, DenseNet201, 

DenseNet169, ResNet50, Xception MobileNet, and MobileNetV2. 

 

3.2 Proposed Methodology 

 

Various steps are performed to develop an effective CNN-based classification model for 

eye disease. Figure 3.2.1 depicts the whole process, illuminating the numerous processes 

necessary to create a successful computer-aided classification system that might assist in 

proper disease diagnosis. 
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Figure 3.2.1 Illustrate an overall approach to classifying eye disease based on two 

datasets is as follows: Frame (A) shows that the two datasets (i.e., The Mendeley and 

Private dataset) are collected. (B) Using image pre-processing steps, an enhanced pre-

processed dataset is generated. (C) The pre-processed dataset is augmented using 

photometric augmentation techniques. (D) A baseline CNN model has been developed. 

(E) A robust model is developed by architectural and hyper parameter optimization. (F) 

The proposed model results are analyzed using performance analysis. 

 
The research conducted many tests using two datasets that are specifically connected to 

eye problems. Each dataset underwent several image processing procedures to improve 

the quality of the pictures and eliminate any imperfections. In order to tackle the 

problems of data imbalance and shortage, several data augmentation techniques were 

used, such as photometric, geometric, and elastic deformation approaches. Out all these 

options, photometric augmentation was shown to be the most effective. The 

supplemented dataset was then divided into three parts: 70% for training, 20% for testing, 

and 10% for validation. These portions were then used as input for a baseline CNN 

model. Model optimization was conducted to get the most favorable performance. 

EDNet-20 was created by making adjustments to the layer architecture and hyper 

parameters of the baseline CNN model, using this optimization as a basis. Eight advanced 

transfer learning models, namely VGG16, VGG19, DenseNet201, DenseNet169, 

ResNet50, Xception MobileNet, and MobileNetV2, were trained and assessed on the 

datasets. Their accuracy was then compared to that of the proposed model. An analysis 

was conducted on the performance of the EDNet-20 model using different metrics on the 

two datasets. An k-fold cross-validation test was performed to assess the presence of 

overfitting.   

 

3.2.1 Dataset Description 

 

The proposed model has been tested on two datasets. This section provides pertinent 

details about these datasets and insights into the comprehensive testing methodology 

employed to evaluate the model's performance. The specifics of the datasets are outlined 

below. 

 

A. Mendeley Dataset 

This research analyzed 5229 images of healthy and affected eye images from a Mendeley 

dataset [51]. The dataset contains ten different classes of images, but one of them are not 

considered in this study due to the very small number of images. The images were in JPG 
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format and had a size of 2004×1690 pixels. Figure 3.2.1.1 shows the Mendeley dataset in 

pictorial form for different classes. The dataset description is summarized in Table 3.2.1. 

 

 
Figure 3.2.1.1: Random images from the Mendeley dataset 

 

B. Private Dataset 

The private dataset containing 1320 images of healthy and affected eye images was 

collected from Anawara Hamida Eye Hospital in Faridpur and BNS Zahrul Haque Eye 

Hospital in Faridpur district with the help of the hospital authorities. The images were 

graded by a skilled doctor. The dataset was captured by Topcon digital fundus machines 

(TL-211) which are linked to a separate Nikon DSLR camera (D90) with a maximum 

resolution of 4288x2848. Figure 3.2.1.2 shows the Mendeley dataset in pictorial form for 

different classes. The dataset description is summarized in Table 3.2.1. 

 

 
Figure 3.2.1.2: Random images from the Private dataset 
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Table 3.2.1: Datasets description 

 

Name Mendeley Dataset Private Dataset 

Total Number of Images 5229 1320 

Average Dimension 2004×1690 4288x2848 

Color Grading RGB RGB 

Data Format JPG JPG 

Classes Number of Images 

Retinitis Pigmentosa 139 47 

Retinal Detachment 125 92 

Myopia 500 198 

Disc Edema 127 86 

Diabetic Retinopathy 1509 281 

Glaucoma 1349 315 

Macular Scar 444 211 

Healthy 1024 65 

Central Serous 
Chorioretinopathy 

101 6 

 

 

3.2.2 Image Pre-processing 

 

The initial stage in employing deep learning networks with images involves pre-

processing the image data. Pre-processing images is considered a crucial initial step 

before inputting them into a neural network, and this process is essential for attaining 

satisfactory accuracy and reducing the model's computational time [52]. Image pre-

processing enhances quality by reducing noise and eliminating unnecessary artifacts, 

ensuring clearer and more accurate images [53]. Preprocessing steps enhance image 

quality, and these techniques extract valuable information from images [54]. Developing 

an effective neural network-based classifier for eye diseases involves several crucial 

steps. This study utilized two color fundus image datasets for all experiments. For each 

dataset, similar image processing techniques were applied. Initially, the images were 

resized to 224 x 224 pixels. The image pre-processing is demonstrated in Figure 3.2.2.1. 
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A. Image Resize 

Image resizing is crucial for deep learning models, as smaller images lead to faster 

training and greater computational efficiency. Additionally, consistent image size is often 

required for many deep-learning architectures [55]. Resizing an image during pre-

processing involves changing its dimensions, either increasing or decreasing its size. This 

process might be employed to modify the image's aspect ratio or to fit it into a specific 

space. In this research, the images have been resized to 224 x 224 pixels, resulting in a 

different aspect ratio. An output of the resized image is shown in Figure 3.2.2.1. 

 

 
Figure 3.2.2.1: Pre-processed Image 

 

3.2.3 Data Augmentation  

 

Data augmentation is crucial in the field of deep learning models, particularly in the 

development of models for visual object recognition. Data augmentation is an effective 

method for addressing the problem of inadequate training data. Data augmentation refers 

to the practice of using modified real-world samples to expand the size of training or 

testing datasets [56]. This method bolsters deep learning models by enlarging the training 

dataset with new images generated from the original ones, thereby improving the model's 

ability to generalize and mitigate overfitting. The effectiveness of ML algorithms often 

increases with more data, even if it's of lower quality, as long as the model can extract 

useful information from the dataset [57]. With limited datasets, harsh regularization or 

simpler architectures are needed, but data augmentation techniques have shown great 
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success in image analysis and classification [58]. Deep learning models require a large 

dataset to improve performance, prevent overfitting, and facilitate advanced feature 

extraction [59, 60]. An additional concern is the preservation of picture quality, which is 

of utmost importance in the medical domain to preserve critical image characteristics 

[61]. As a result, the dataset was expanded using photometric augmentation techniques. 

 

3.2.3.1 Photometric Augmentation 

 

Photometric augmentation is a method of image processing used to alter or improve the 

visual characteristics of a digital image [62]. Mathematical operations on visual data 

adjust the contrast, sharpness, color, and brightness. Photometric augmentation modifies 

pixel brightness, sharpness, contrast, and color while maintaining the original geometry 

of the image [64]. Photometric image augmentation alters image pixel content while 

maintaining spatial structure, focusing on adjusting visual attributes like color, 

brightness, sharpness, and contrast [64]. This technique enhances image quality and 

excellence by reducing visual noise and improving readability. Additionally, it can create 

multiple versions of the same image with different characteristics, enabling users to 

quickly select their preferred variant. In this study, four photometric augmentation 

methods were applied to increase images in the dataset. 

 

A. Brightness Altering 

Brightness refers to the overall lightness or darkness in an image, adjusted in photometric 

data augmentation to simulate diverse lighting conditions and enhance dataset diversity 

[65]. Equation (1) has been incorporated to enhance image quantity and adjust brightness 

levels. 

 

Brightness (x) = Source (x) + factor   (1) 

 

The brightness of the image at position (x) is determined by adding a factor to the 

brightness of the source image at the same position. When the value of the factor is 

greater than 1, the image will be brighter, and when it is less than 1, the image will be 

darker. 

 

B. Contrast Altering 

Contrast refers to the difference in brightness between pixels within a region of interest 

(ROI) and those in the background of an image. When contrast increases, light areas 

become lighter and dark areas darker. In photometric augmentation, adjusting contrast 
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involves modifying the difference between the bright and dark parts of an image. This 

alteration helps vary the details, thereby expanding the range of training data available for 

machine learning models [65]. Equation (2) has been incorporated to enhance image 

quantity and adjust contrast levels. 

 

Contrast (x) = Source (x) + factor   (2) 

 

The contrast of x is defined as the source value of x with a specific factor added to it. 

When the value of the factor is greater than 1, the contrast will increase, and when it is 

less than 1, the contrast will decrease. 

 

C. Sharpness Altering 

Sharpness in photography depends on how well a system preserves details, which is 

crucial for photo quality. Tone zone boundaries are key factors affecting sharpness. 

Adjusting overall brightness or darkness, termed brightness alteration in photometric 

augmentation, diversifies datasets and simulates varied lighting conditions for machine-

learning tasks [65]. Equation (3) has been incorporated to enhance image quantity and 

adjust sharpness levels. 

 

Sharpness (x) = Source (x) + factor   (3) 

 

Sharper edges result from applying a sharpening factor above 1, while a factor below 1 

softens and blurs the image. 

 

D. Color Altering 

Altering the image's color levels is an effective way to enhance it. When performing 

photometric augmentation, adjusting and enhancing color attributes helps deep learning 

models better adapt to changes in color and lighting, thereby improving their capability 

[66]. Equation (4) has been incorporated to enhance image quantity and perform color 

alteration. 

 

Color (x) = Source (x) + factor   (4) 

 

When the value of the factor is greater than 1, the color intensifies, and when it is less 

than 1, it becomes weakened. 
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Table 3.2.3.1: Detailed Information on Image counts in the original and augmented dataset 

 

Class 

Number of Images 

Without Augmentation With Augmentation 

Mendeley 
dataset 

Private dataset Mendeley 
dataset 

Private 
dataset 

Retinitis Pigmentosa 139 47 695 235 

Retinal Detachment 125 92 625 460 

Myopia 500 198 2500 990 

Disc Edema 127 86 635 430 

Diabetic Retinopathy 1509 281 3000 1405 

Glaucoma 1349 315 2700 1575 

Macular Scar 444 211 2050 1055 

Healthy 1024 65 2600 325 

Central Serous 
Chorioretinopathy 

101 06 505 30 

 

Table 3.2.3.1 explaining the description of both datasets including image classes with 

their actual number and number after augmentation. 
 

3.3 Hardware and Software Requirements 

 

The research project "EDNet-20: An Eye Disease Classification Approach Combining 

CNN and Hybrid Attention" requires a substantial amount of resources in the areas of 

software, hardware, data gathering, model validation, ethical consideration, 

documentation, and reporting. 

 

Need in Hardware 

Access to a high-powered GPU (NVidia GeForce GTX 1080) for use in deep learning 

model training; other high-performance computing resources are available. 
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Storage and Servers: Huge backup solutions and PCIe 4.0 M.2 NVMe SSDs (Samsung 

980 Pro 500GB) are available. 

Desktop Computers: PCs with powerful processing capabilities used for data preparation, 

model building, and evaluation. 

 

Needed Programs and Files 

Windows 11 is the OS. 

Programs for Deep Learning: TensorFlow and PyTorch; for Convolutional Neural 

Network (CNN) Model Development, Training, and Evaluation. 

Python provides an adaptable and widely used environment for running deep learning 

algorithms and analyzing data. 

Data analysis tools and libraries: NumPy, OpenCV, and Pandas, among others. 

Data visualization frameworks such as Matplotlib and Seaborn 

 

Gathering and Preparing Data 

Collaborating with healthcare organizations to get datasets, including Mendeley and 

clinical datasets. 

Labels for eye disease categorization have been attached to the datasets. 

Data preprocessing includes tasks such as dividing the data into test, validation, and 

training sets and enhancing and normalizing images. 

 

Training and Evaluation of Models 

To facilitate transfer learning, make use of pre-trained models such as ResNet50, 

Xception MobileNet, DenseNet201, DenseNet169, VGG19, and MobileNetV2. 

Criteria for Assessment: Precision, Accuracy, Recall, F1-score, and Specificity are the 

detection metrics. 

The generalizability of the model may be checked by doing k-fold cross-validation. 

 

Factors related to ethics and regulations 

Get the go light from the appropriate ethical committees. 

Ensuring data protection policies are in place to preserve patient information is crucial for 

data privacy. 

Whenever possible, be sure to get people's informed permission. 

 

Reporting and Documentation 

Documentation: Keep detailed records of all procedures, programs, and outcomes. 

Writing: Get your reports and articles ready to be published. 
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Software Archive: When working with code, use a version control system such as Git 

(GitHub). 

 

Thoroughly attending to these implementation needs will allow the research project on 

deep learning for eye disease categorization to be carried out, producing results that are 

both robust and useful to clinical practice. 

 

3.4 Project Management and Financial Analysis 

 

Both the planning and finance stages of a research project are crucial. The efficacy of a 

study and its impact on the progression of knowledge depends on the researchers' 

adeptness in effectively overseeing the project's activities and financial resources. Create 

a complete project plan outlining each stage, including data collection, model selection, 

training, and evaluation. Include specific due dates for each step. Identify the essential 

resources for the project and allocate them appropriately. Identify any risks and 

uncertainties that might impact the final result of the project. Achieving success in a 

project requires the implementation of a well-defined strategy and the continuous 

monitoring of progress according to that plan. The study's total budget plan would 

include expenses such as personnel expenditures, software and hardware purchases, data 

collection, and managerial expenses. By integrating project management and finance 

ideas, the project may enhance its efficiency, accountability, and financial sustainability, 

resulting in increased value creation and a more impactful outcome. 

 

The projected budget for the project varies from BDT 5,800 to BDT 10,500, 

encompassing crucial elements such as expert consultations (BDT 2,000-3,000) with 

healthcare professionals, necessary software and tools (BDT 1,000-2,000) for 

implementing models, and data collection and processing (BDT 1,000-2,000) from local 

hospitals. In addition, expenditures related to documentation and report writing, ranging 

from BDT 1,000 to BDT 2,000, will be incurred to guarantee thorough reporting of 

research results. Furthermore, incidental costs, ranging from BDT 800 to BDT 1,500, will 

be allocated to cover unanticipated expenses such as travel and communication. The 

project intends to successfully fulfill its goals and contribute to the progress of analytics 

in healthcare and improvement of patient outcomes by maintaining a clear and organized 

financial plan. Periodic progress evaluations and financial audits will be carried out to 

ensure that the project remains on schedule and within the allocated budget shown in 

table 3.4.1. 
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Table 3.4.1: Budget Estimation 

S No. Sector Projected Cost (BDT) 

1 Visit Professionals and Healthcare 2000-3000 

2 Software and Tools 1000-2000 

3 Data Collection and Processing 1000-2000 

4 Documentations 1000-2000 

5 Others 800-1500 

 Total Projected 5800-10500 

 

 

3.5 Summary 

 

The proposed methodology for eye disease classification uses advanced deep learning 

techniques, starting with dataset collection and image preprocessing. Convolutional 

Neural Networks and other deep learning models will be evaluated for their effectiveness 

in classifying eye diseases. Cross-validation techniques will ensure models generalize 

well to unseen data, and the most effective approach will be identified.
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CHAPTER 4 

Implementation 

 

4.1 Overview 
 
The process of developing, training, and evaluating classification models is explained in 
the implementation section of the eye disease categorization study. It offers a 
comprehensive understanding of research objectives by including the process of data 
collection through to execution. Crucial processes include data collection and 
preparation, model development, training and validation, and ultimately, clinical 
integration and deployment. 
 
4.2 Train Models 
 
The Model Training section outlines the methods and processes used to develop and 
refine deep learning models for various eye diseases. It covers model architecture, 
training procedures, and evaluation metrics. The model architecture determines their 
effectiveness, and the dataset is divided into training, validation, and test sets for 
evaluation. Parameters like learning rate, batch size, and epoch number are adjusted to 
optimize performance. Loss functions and optimization algorithms are employed to 
minimize the difference between predicted and actual labels. 
 
4.2.1 Transfer Learning Models 
 
This study evaluates the performance of several Transfer Learning models when trained 
on the same datasets, while also considering the training duration, to determine the 
effectiveness of the proposed strategy. 
 

I. VGG16 
VGG16 is notable for its consistent use of 2x2 max-pooling layers with a stride of 2, and 
it favors 3x3 convolution layers with a stride of 1 throughout its architecture. This 
uniform arrangement of convolution and pooling layers extends across the entire model. 
It also includes two fully connected (FC) layers and a SoftMax layer for final output. The 
"16" in VGG16 refers to the total number of layers, including weights [67, 68]. 
 

 
 

Figure 4.2.1.1: Architecture of VGG16
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II. VGG19 
The VGG architecture was initially designed for image recognition tasks. In VGG19, it 
employs 19 weight layers with a reduced 3 × 3 convolutional filter size. This model 
achieved top ranks in the ILSVR (ImageNet) competition of 2014, securing both first and 
second places. It operates with a fixed input image size of 224 × 224 and is trained on the 
extensive ImageNet dataset, comprising millions of images [68]. 
 

 
Figure 4.2.1.2: Architecture of VGG19 

 
III. DenseNet201 
DenseNet-201 is a convolutional neural network based on DenseNet, featuring 201 
layers. DenseNet models are characterized by dense connections between layers, where 
each layer gets input from all previous layers. This design promotes feature reuse, 
reduces parameter counts, and improves gradient flow, enhancing both training efficiency 
and performance. DenseNet-201 aims for high accuracy in image classification, typically 
trained on large datasets such as ImageNet [68, 69]. 
 

 
Figure 4.2.1.3: Architecture of DenseNet201 

 
IV. DenseNet169 
DenseNet-169 is an advanced convolutional neural network with 169 layers. It builds on 
the DenseNet model by incorporating dense connectivity, where each layer gets input 
from all preceding layers. This design promotes efficient feature reuse, reduces 
parameters, and improves gradient flow. These benefits enhance training effectiveness 
and performance, making DenseNet-169 ideal for high-accuracy tasks like image 
classification on large datasets such as ImageNet [68, 69]. 
 

 
Figure 4.2.1.4: Architecture of DenseNet169 



            ©Daffodil International University 
 

31  

V. MobileNet 
MobileNet is a CNN architecture made for mobile and embedded systems, focusing on 
efficiency. It uses depthwise separable convolutions to lower parameters and 
computation, yet maintains accuracy. Its lightweight design suits tasks like real-time 
object detection and image classification on devices with limited hardware [70]. 
 

 
Figure 4.2.1.5: Architecture of MobileNet 

 
 
VI. MobileNet V2 
MobileNet v2 is an improved version of the MobileNet architecture, further optimizing 
performance for mobile and embedded devices. It introduces inverted residuals and linear 
bottlenecks to enhance efficiency while maintaining accuracy. MobileNet v2 is designed 
to be even more lightweight and suitable for tasks requiring real-time processing on 
hardware-constrained devices like smartphones and IoT [71]. 
 

 
Figure 4.2.1.6: Architecture of MobileNetV2 

 
 

VII. ResNet50 
ResNet-50, a 50-layer convolutional neural network, is a member of the ResNet family 
known for its deep structure and residual connections. These connections address the 
vanishing gradient issue by providing direct paths for gradient flow during training. 
ResNet-50 is extensively applied in computer vision tasks such as image classification 
and feature extraction from large datasets like ImageNet, offering efficient training and 
high performance in deep learning tasks [72]. 
 

 
Figure 4.2.1.7: Architecture of ResNet50 
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VIII.  Xception 
Instead of the usual convolutional layers, Xception improves convolutional neural 
networks by adding depthwise separable convolutions to each node. This strategy is 
based on MobileNet's research. This strategy has the potential to improve its ability to 
identify complex patterns in data by streamlining the procedure and minimizing the 
number of parameters. Xception's optimizations considerably enhance computer vision 
applications, such as photo classification and object detection [73]. 

 
Figure 4.2.1.8: Architecture of Xception 

 
 
4.2.2 Hybrid Attention Mechanism Block 
 
The significance of the Attention Mechanism in deep learning is widely recognized [74]. 
However, traditional standalone Attention Mechanisms face limitations, such as difficulty 
in effectively capturing valuable features or information. To address these challenges, 
this research employs a Hybrid Attention Mechanism Block. The Hybrid Attention 
Mechanism block comprises two elements: (A) Channel Self Attention Block and (B) 
Spatial Self Attention Block. The Hybrid Attention Module consists of three parallel 
Channel Self Attention Blocks, known as Selective Kernel Networks (SKNets) [75, 76] 
and Spatial Attention Mechanism (SAM) [76]. Figure 4.2.2.1 shows the Hybrid Attention 
Mechanism Block architecture. 
 

 
Figure 4.2.2.1: Hybrid Attention Block Architecture. 
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A. Channel Self-Attention Block 

Channel-wise attention performs better by adjusting the importance of different channels 

within a feature map, allowing it to extract crucial channel-specific information more 

effectively [77]. Self-attention is a mechanism within a sequence that connects different 

positions to encode data, using importance scores to enhance the modeling of long-range 

dependencies [78]. Figure 4.2.2.2 shows the Channel Self Attention Mechanism Block 

architecture. 

 

 
Figure 4.2.2.2 Channel Self Attention Block Architecture. 

 
 

B. Spatial Self-Attention Block 

Spatial attention functions as an adaptive mechanism for selecting specific regions in 

space to focus on and deciding where to direct attention [79]. Channel attention is 

focused on voxel interactions and task relationships in a small area, while spatial 

attention is focused on integrating information about where things are in space on a larger 

scale, creating complex links between local features that are given different amounts of 

weight [80]. Figure 4.2.2.3 shows the Spatial Attention Mechanism Block architecture. 

 

 

Figure 4.2.2.3 Spatial Self-Attention Block Architecture.
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4.2.3 Base CNN Model 
 
A Base CNN (Convolutional Neural Network) model was initially proposed, suitable for 
use in the deep learning process. Figure 4.2.3.1 shows a baseline CNN model 
architecture. 
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The base CNN model consists of six blocks, each containing a convolutional layer 

followed by a max-pooling layer. The convolutional layer is the most crucial component 

in CNN architecture, as it extracts features from the input data [81]. 

 

𝑐𝑜𝑛𝑣 (𝑥, 𝑦) = (𝑎 × 𝑏)[𝑥, 𝑦] ∑ 𝑖 ∑ 𝑗  𝑎[𝑖, 𝑗]𝑏[𝑥 − 𝑖, 𝑦 − 𝑗]    (5) 

 

Where conv(x,y) is the output of the following layer, a is the input image, the kernel is 

represented as b, and the size of the kernel is defined by i,j, and × is the convolution 

operation. 

 

The initial configuration includes a convolutional kernel size of 5 x 5 and a dropout of 

0.7. Each block utilizes 64 convolutional kernels. The convolutional layer generates 

feature maps, which show the output of the previous layer after applying the filter. 

After convolution, a pooling layer picks out the most important values from the hidden 

units. Its goal is to reduce the number of features while keeping important data and 

getting rid of unnecessary ones by lowering the resolution in the layer below it [82]. 

 

The base model uses PReLU as its activation function, and softmax is employed as the 

final layer activation function. With 5 x 5 filters and the rectified linear unit (PReLU) as 

its activation function, each convolutional layer effectively pulls out information. PRelu 

activation can fix problems with regular activation functions, making it easier for deep 

convolutional neural networks to fit models and find images [83]. 

 

4.2.4 Model Optimization 

Model optimization involves enhancing the performance of a machine learning model by 

adjusting several parameters to get superior outcomes. Within the realm of deep learning, 

specifically in the context of Convolutional Neural Networks (CNNs), several tactics and 

approaches are used. 

 

4.2.5 Architectural Optimization 

Creating an optimal model by modifying the architecture and hyperparameters of a base 

CNN model involves several crucial steps. These adjustments are designed to enhance 

the model's performance for specific tasks, such as classifying fundus images in this 

scenario. In the process of architectural optimization, adjustments are made to the 

convolutional layers, maxpool layers, attention module, and LSTM layer to develop the 

most efficient and optimal model architecture. A convolution layer extracts features from 

input data in CNNs, while a pooling layer reduces dimensionality by extracting patches 
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from feature maps [84]. Pooling layers down-sample feature maps, preserving essential 

information while reducing computational complexity and ensuring spatial invariance 

[85, 86]. Various configurations of convolutional and maxpool layers result in different 

levels of accuracy. The adjustment of these layers aims to achieve the optimal model that 

offers the highest accuracy. Attention has significantly improved computer vision 

systems and deep neural network understanding by emphasizing relationships among 

elements within sequences through self-attention mechanisms [87, 88]. It enables models 

to prioritize critical regions, such as the Region of Interest (ROI), to achieve peak 

accuracy and efficiency [89]. This study used several attention mechanisms, such as soft 

attention, channel attention, spatial attention, and a new hybrid attention module, to find 

and choose the most efficient model design. After identifying the ideal attention module, 

the suitability of LSTM was evaluated to define its design. This was done by utilizing its 

capacity to handle both spatial and sequential information, which ultimately improved the 

predictive capabilities of the model [90, 91, 92]. 

 

4.2.6 Hyperparameter Optimization 

Following the identification of the most appropriate model architecture, this study 

conducted a hyperparameter optimization to refine and optimize the model's parameters. 

The size of a model's convolutional kernel affects its ability to capture features. Smaller 

kernels improve detail and efficiency, whereas bigger kernels capture wider features but 

increase parameter complexity, which may reduce model performance [93]. ReLU has 

become the dominant activation function in deep learning because of its simplicity and 

improved performance. This is important for ensuring that the complexity of the neural 

network matches the complexity of the dataset to prevent overfitting or under-

convergence during training [94, 95]. It is often recommended to use smaller batch sizes 

and moderate learning rates to improve convergence and achieve greater generalization 

during the training of a network [96, 97, 98]. By making changes to the flattened layer, 

the network's ability to connect convolutional features to fully connected layers is 

improved, which leads to better design and better model performance [99, 100]. 

Changing the loss function and optimizer may have a significant influence on both the 

training process and the model's ability to achieve an optimum solution [101]. 

 

4.2.7 Proposed EDNet-20 Model 

 

EDNet-20 has been developed through architectural and hyperparameter optimization 

within the Bayes CNN framework. Figure 4.2.7.1 depicts the EDNet-20 model 

architecture. 
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The proposed EDNet-20 model consists of four blocks, each containing a total of twenty 

layers. In order to reduce the dimensions of the network's feature maps and capture 

significant information, each block starts with a convolutional layer succeeded by a max-

pooling layer. In order to enhance the stability of the network's learning process, a batch 

Fi
gu

re
 4

.2
.7

.1
: P

ro
po

se
d 

E
D

N
et

-2
0 

m
od

el
 a

rc
hi

te
ct

ur
e.

 



            ©Daffodil International University 
 

38  

normalization layer is included after the max-pooling layer in the fourth block. ReLU is 

used as the activation function for each convolutional layer, with a kernel size of 3 x 3. 

ReLU is often used as the activation function in Convolutional Neural Networks (CNNs) 

due to its reduced computing expense. It converts all input values into non-negative 

integers. The rectified linear unit (ReLU) activation function is often considered the most 

common in the field of deep learning [102]. The first four blocks consist of kernels in the 

following order: 32, 64, 128, and 256. The optimization process utilizes Adam with a 

batch size of 32. 

 

The model is trained using a learning rate of 0.001. The Hybrid Attention module 

consists of two maxpool layers and is combined with the fourth block. The concatenate 

layer is used to integrate several signals. The activation layer is tasked with converting 

the feature maps and producing the state vectors for the model. To enhance the model's 

performance and capacity to generalize, it may be enhanced by including a regularization 

layer with a rate of 0.5. The subsequent action involves using the flatten and reshape 

layers to seamlessly merge the output of the model into a unified vector. Subsequently, 

using deep neural networks with an LSTM layer is the subsequent course of action to 

rectify faults. The ultimate result is generated by standardizing and arranging the model's 

output via the use of softmax and dense layers. 

 

 

4.3 Model Evaluation 

 

Model assessment is an essential stage in research, with the goal of assessing the 

effectiveness and dependability of the models created for categorizing different eye 

disorders. This section provides an overview of the fundamental principles of metrics 

used to assess the effectiveness of these models. 

 

 

4.3.1 Evaluation Metrics 

 

In order to evaluate the performance of the proposed model, many metrics have been 

assessed. A true positive (TP) is when the model accurately detects a positive instance. A 

true negative (TN) occurs when the model accurately detects and classifies a situation as 

negative. False positives (FP) and false negatives (FN) occur when the model makes 

erroneous predictions of positive and negative instances, respectively. Accuracy refers to 

the proportion of accurate predictions produced by the model, expressed as a percentage. 
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Accuracy 

Measures the overall correctness of the model. It is the ratio of correctly predicted 

observations (both true positives and true negatives) to the total observations. 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
்௉ା்ே

்௉ା்ேାி௉ାிே
    (6) 

 

Precision 

Measures the accuracy of positive predictions. It is the ratio of correctly predicted 

positive observations to the total predicted positive observations. 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
்௉

்௉ାி௉
     (7) 

 

Recall 

 

Measures the fraction of actual positives that are correctly identified. It is the ratio of 

correctly predicted positive observations to all observations in the actual class. 

 

𝑟𝑒𝑐𝑎𝑙𝑙 =  
்௉

்௉ାி
     (8) 

 

Specificity 

 

Measures the accuracy of negative predictions. It is the ratio of correctly predicted 

negative observations to the total predicted negative observations. 

 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
்ே

்ேାி௉
    (9) 

 

 F1 Score 

The harmonic mean of precision and recall. It provides a single metric that balances both 

precision and recall. 

 

𝑓1 𝑠𝑐𝑜𝑟𝑒 = 2 ×  
௣௥௘௖௜௦௜௢௡×௥௘௖௔௟௟

௣௥௘௖௜௦௜௢௡ା௥௘௖
   (10) 

 



            ©Daffodil International University 
 

40  

4.4 Summary 

The implementation phase focused on developing deep learning models, specifically 

Convolutional Neural Networks (CNNs) for image classification tasks. Various 

architectures like VGG16, VGG19, DenseNet201, DenseNet169, ResNet50, Xception 

MobileNet, and MobileNetV2, were trained and tested to determine the most suitable 

model. The models were trained on two datasets, with each image annotated according to 

the specific eye disease it represented. A stratified k-fold cross-validation approach was 

used to ensure robustness and generalizability. Hyperparameters were tuned, and 

techniques like dropout and batch normalization were applied to prevent overfitting. The 

trained models were evaluated using performance metrics like accuracy, precision, recall, 

and F1-score. The best-performing models demonstrated high accuracy and robustness. 
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CHAPTER 5 

Result and Analysis 
 

5.1 Overview 

 

The Results and Analysis section presents the research findings. It evaluates developed 

models, their performance metrics, and implications. The section includes a comparative 

analysis of different algorithms, hyperparameter optimization efforts, common patterns in 

misclassified images, cross-validation experiments, and performance evaluation on 

independent test sets  to ensure model robustness and generalizability. 

 

5.2 Experimental Results 

 

The experimental results section evaluates eye disease classification models, highlighting 

performance metrics and outcomes from diverse dataset testing. 

 

5.2.1 Performance Analysis of the Proposed Model 

 

After completing the model optimization on the base CNN model, the robust final EDnet-

20 model has been generated, and that classification performance is considerably 

enhanced. Tables 5.2.1.1 and 5.2.1.2 present the statistical analysis for the EDNet-20 

model, such as precision, recall, and f1 score. 
 

Table 5.2.1.1: The performance of EDNet-20 model on the Mendeley dataset 

Dataset Class Precision Recall F1-score Overall Accuracy 

Mendeley 

CSCR 73.28 95.05 82.76 

94.26 

DR 97.65 93.51 95.53 

DE 75.32 93.70 83.51 

GC 98.07 94.37 96.18 

MS 90.62 95.72 93.10 

MP 93.16 95.40 94.27 

RD 81.69 92.80 86.89 

RP 78.82 96.40 86.73 

NM 96.78 93.85 95.29 



            ©Daffodil International University 
 

42  

Table 5.2.1.2: The performance of the proposed model on the private dataset 
 

Dataset Class Precision Recall F1-score Overall Accuracy 

Private 

CSCR 23.53 66.67 34.78 

91.80 

DR 98.88 94.66 96.73 

DE 91.95 93.02 92.49 

GC 98.34 95.18 96.73 

MS 96.59 93.84 95.19 

MP 93.94 93.94 93.94 

RD 92.47 93.48 92.97 

RP 75.41 97.87 85.19 

NM 89.47 91.89 90.67 

 

 
Tables 5.2.1.1 and 5.2.1.2 present a comprehensive assessment of the performance of the 

proposed model, EDNet-20, across two distinct datasets: Mendeley and Private. The 

model consistently delivers outstanding results across various classes within these 

datasets, reflected in high accuracy, recall, and F1-score values that approach or reach 

one. This indicates a strong ability to accurately identify samples for each dataset and 

class. Additionally, the test accuracy spans from 91.80% to 94.26%, showcasing the 

model's robustness and reliability. In the below figure, 5.2.1.1 shows the confusion 

matrix of the proposed model in different modality datasets. 
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Figure 5.2.1.1 shows the confusion matrix of datasets (a) Mendeley and (b) Private 

dataset of the proposed model. The performance of an algorithm may be seen by the 

specific table layout. While the x-axis values represent the predicted label of the test 

images and the y-axis values represent the actual label of the test images, the diagonal 

values denote the True Positives. 

 

5.2.2 Analysis of Accuracy and Loss 

 

In deep learning, accuracy and loss for training, testing, and validation datasets are vital 

indicators of a model’s performance and its ability to generalize. Training Accuracy 

reflects the percentage of correctly predicted instances in the training dataset, while 

Training Loss measures how accurately the model predicts the training data, showing the 

difference between predicted and actual values. Validation and test accuracy and loss 

operate similarly in evaluating the model's performance on new data. Table 5.2.2.1 shows 

the performance of the proposed model. 

 
Table 5.2.2.1: Values of Accuracy and Loss 

 

Dataset Train 
Accuracy 

Train Loss Test 
Accuracy 

Test Loss Validation 
Accuracy 

Validation 
 Loss 

Mendeley 99.64 0.0559 94.26 3.0970 96.06 2.4560 

Private 99.64 0.0559 91.80 4.0140 96.06 2.4560 

 

 

 
 

Figure 5.2.2.1 Visual Representation of Accuracy and Loss 
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Figure 5.2.2.1 illustrates the accuracy and loss of training, testing, and validation for two 

datasets: Mendeley (a) and Private (b). Analysis of the EDNet-20 model's performance 

reveals consistent accuracy between training and validation across both datasets. 

However, variations are observed in the model's testing accuracy and loss: achieving 

94.26% accuracy with a loss of 3.0970 on the Mendeley dataset and 91.80% accuracy 

with a loss of 4.0140 on the private dataset. 

 

5.2.3 K-Fold Cross Validation 

 

During cross-validation, the dataset is divided into K folds in order to assess the model's 

performance using fresh data. The research used K-fold cross-validation to evaluate the 

suggested model. This validation approach is performed by using both training and test 

datasets, where each fold acts as a distinct data segment for every k training and 

validation iteration. This methodology facilitates the comprehension of how randomness 

and variable bias impact accuracy, which is measured by the difference between the 

actual and projected accuracy. Figure 5.2.3.1 shows K Fold Cross Validation accuracy. 

 

 
 

Figure 5.2.3.1: K Fold Cross Validation 

 

This study investigates the effects of using different K-fold cross-validation numbers, 

specifically 1-fold, 2-fold, 3-fold, 4-fold, and 5-fold values. As a result, the testing 

accuracy fluctuated among 93.81%, 93.87%, 95.12%, 93.70%, and 94.78% on the 

Mendeley dataset and 92.45%, 91.32%, 90.89%, 92.10%, and 91.61% on the private 
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dataset. Given the notable increase in accuracy observed with 5-fold cross-validation in 

the study, this method seems to offer the most reliable estimate of the model's 

performance. 

 
5.3 Comparative Analysis 

 

This section assesses and compares the efficacy of several deep learning models in the 

detection and classification of eye illnesses. It emphasizes their advantages and 

disadvantages to provide a thorough insight into their clinical usefulness. 

 

5.3.1 Comparison with Attention-based Models 

 

The proposed model is tested against the baseline CNN and three other attention-based 

models to evaluate its performance. The comparison utilizes several metrics, including 

accuracy, precision, recall, specificity, and F1-score. Although attention-based models 

are adept at highlighting relevant sections of the input data and often attain high accuracy 

due to their advanced architecture, the proposed model seeks to enhance these outcomes 

through optimization techniques. The proposed model demonstrated promising testing 

accuracy, potentially outperforming the attention-based models in the evaluated 

scenarios, showcasing its effectiveness and potential benefits in real-world applications. 

  
A. Table 5.3.1.1 represents the comparison between the proposed model and 

attention-based models on the Mendeley dataset. 
 

Table 5.3.1.1: Comparison between the proposed model and attention-based models on Mendeley dataset. 
 

Model 
Configuration 

Accuracy Precision Recall Specificity F1 Score 

Base CNN 72.52±4.65 72.17±4.48 72.85±4.18 72.95±3.52 71.83±4.98 

CNN + Soft 
Attention 

79.91±3.54 81.95±3.45 81.92±3.75 79.96±3.44 81.93±3.25 

CNN + Channel 
Self Attention 

90.14±2.12 90.14±2.23 90.94±2.27 90.10±2.56 90.14±2.68 

CNN + Spatial 
Self Attention 

90.21±1.45 90.38±1.41 90.21±1.51 90.59±1.33 90.24±1.30 

Proposed 
EDNet-20 (CNN 

+ Hybrid 
Attention) 

94.26±0.31 95.16±0.29 94.25±0.08 99.29±0.19 94.58±0.23 

 
B. Table 5.3.1.2 represents the comparison between the proposed model and 

attention-based models on the private dataset. 
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Table 5.3.1.2: Comparison between the proposed model and attention-based models on Private dataset. 
 

Model 
Configuration 

Accuracy Precision Recall Specificity F1 Score 

Base CNN 75.34±3.89 70.94±5.13 74.12±6.07 71.68±4.83 73.56±6.21 

CNN + Soft 
Attention 

78.67±4.23 83.24±4.57 82.58±4.92 80.72±4.65 82.47±4.11 

CNN + Channel 
Self Attention 

90.27±3.10 91.38±3.17 91.72±3.45 89.96±3.64 90.48±3.92 

CNN + Spatial 
Self Attention 

89.87±2.34 91.52±2.19 90.96±2.44 91.18±2.27 90.75±2.12 

Proposed 
EDNet-20 (CNN 

+ Hybrid 
Attention) 

91.80±0.24 93.03±0.26 91.80±0.11 98.98±0.25 92.27±0.24 

 

Tables 5.3.1.1 and 5.3.1.2 provide a comprehensive summary of the performance of 

various models on the Mendeley dataset. The models tested include the Base CNN, CNN 

+ Soft Attention, CNN + Channel Self Attention, CNN + Spatial Self Attention, and the 

Proposed EDNet-20 (CNN + Hybrid Attention). These models were trained on both 

Mendeley and private datasets. The accuracy results indicate the effectiveness of each 

model on these datasets. EDNet-20 consistently surpassed the other models in terms of 

accuracy, precision, recall, specificity, and F1 score. Notably, CNN + Spatial Self 

Attention also performed well, consistently achieving accuracy rates above 90% across 

all datasets. In contrast, CNN + Channel Self Attention showed variable performance, 

while Base CNN and CNN + Soft Attention had lower accuracies. Overall, the findings 

demonstrate that EDNet-20 consistently outperforms the other models, achieving an 

exceptional accuracy of 94.26% and 91.80% on the Mendeley and private datasets, 

respectively. These results highlight EDNet-20's potential as a highly effective model for 

eye disease classification. 

 

5.3.2 Comparison with Transfer Learning Models 

 

The proposed model undergoes testing against eight advanced transfer learning CNN 

models to assess its performance. Evaluation involves metrics such as accuracy, 

precision, recall, specificity, and F1-score. While transfer learning CNN models are 

skilled at identifying pertinent aspects of input data and frequently achieve high accuracy 

because of their sophisticated architecture, the proposed model aims to improve upon 

these results through optimization techniques. The proposed model has shown promising 

testing accuracy, potentially surpassing the transfer learning CNN models in the studied 

scenarios, demonstrating its efficacy and potential advantages in practical applications. 
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A. Table 5.3.2.1 shows the comparative analysis of classification results for 

transfer learning CNN models with the proposed EDNet-20 model on the 

Mendeley dataset. 

 
Table 5.3.2.1: Comparison between the proposed model and transfer learning CNN models. 

 
Method VGG

16 
VGG

19 
Mobile

Net 
Mobile
NetV2 

ResNet
50 

DenseNet
201 

DenseNet
169 

Xcepti
on 

EDNet
-20 

Accuracy 66.33 
±3.82 

81.21 
±4.12 

71.92 
±4.15 

75.12 
±2.87 

78.62 
±3.21 

78.43 
±2.49 

81.27 
±2.15 

81.79 
±2.44 

94.26  
±0.31 

Precision 69.45 
±3.15 

80.04 
±3.89 

76.03 
±4.72 

74.65 
±2.99 

78.81 
±3.15 

78.16 
±1.97 

81.58 
±2.39 

81.24 
±1.91 

95.16  
±0.29 

Recall 67.89 
±3.75 

81.97 
±4.05 

72.37 
±4.35 

75.03 
±2.74 

78.61 
±3.20 

77.98 
±1.94 

81.94 
±2.68 

81.18 
±1.87 

94.25  
±0.08 

Specificity 69.26 
±3.49 

79.86 
±3.67 

73.14 
±4.09 

75.45 
±3.12 

77.04 
±3.92 

76.58 
±2.65 

80.92 
±2.86 

81.17 
±2.74 

99.29  
±0.19 

F1 Score 70.04 
±3.97 

80.55 
±3.98 

74.26 
±4.01 

75.78 
±3.05 

78.97 
±3.46 

78.09 
±2.05 

81.59 
±2.39 

81.18 
±1.87 

94.58  
±0.23 

  
 

B. Table 5.3.2.2 shows the comparative analysis of classification results for 
transfer learning CNN models with the proposed EDNet-20 model on the 
Private dataset. 

  
Table 5.3.2.2: Comparison between the proposed model and transfer learning CNN models. 

 
Method VGG

16 
VGG

19 
Mobile

Net 
Mobile
NetV2 

ResNet
50 

DenseNet
201 

DenseNet
169 

Xcepti
on 

EDNet
-20 

Accuracy 63.48 
±3.21 

77.43 
±3.78 

70.28 
±3.92 

72.65 
±3.34 

75.84 
±3.78 

74.95 
±2.87 

80.12 
± 2.55 

79.22 
±2.21 

91.80  
±0.24 

Precision 66.72 
±2.87 

76.12 
±3.42 

77.19 
±4.38 

71.68 
±3.21 

82.29 
±3.49 

80.18 
±2.37 

83.16 
±2.20 

78.32 
±2.96 

93.03  
±0.26 

Recall 64.91 
±3.45 

77.56 
±3.57 

71.02 
±3.98 

76.05 
±3.06 

81.12 
±3.74 

76.04 
±2.31 

78.26 
±3.05 

82.45 
±2.34 

91.80  
±0.11 

Specificity 66.18 
±3.08 

75.96 
±3.21 

74.26 
±3.78 

78.57 
±3.56 

73.92 
±4.37 

79.13 
±2.48 

82.13 
±3.17 

78.12 
±3.12 

98.98  
±0.25 

F1 Score 66.92 
±3.52 

76.87 
±3.51 

72.59 
±3.64 

77.80 
±3.33 

76.05 
±4.01 

72.93 
±3.05 

76.54 
±2.98 

84.20 
±2.21 

92.27  
±0.24 

 
Tables 5.3.2.1 and 5.3.2.2 provide a comprehensive summary of the performance of 

multiple models on the Mendeley and private datasets. The models tested include 

VGG16, VGG19, DenseNet201, DenseNet169, MobileNet, MobileNet V2, ResNet50, 
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Xception, and EDNet-20, all trained on both datasets. Accuracy results indicate the 

models' performance, with EDNet-20 consistently outperforming others across all 

metrics. DenseNet169, Xception, and VGG19 also consistently achieved accuracy rates 

above 80%. In contrast, models like MobileNet V2, DenseNet201, and ResNet50 showed 

varying performance, and VGG16 and MobileNet demonstrated lower accuracies. 

Overall, these findings underscore EDNet-20's exceptional performance, consistently 

achieving high accuracy of 94.26% and 91.80% on the Mendeley and private datasets, 

respectively. These results highlight EDNet-20's potential for classifying eye diseases. 

 

5.4 Summary 

 

Figure 5.4.1 presents the Transfer Learning CNN model test accuracy comparison with 

EDNet-20 on the Mendeley dataset. 

 

 
 

Figure 5.4.1 Transfer Learning CNN model comparison 

 

Figure 5.4.1 presents the Transfer Learning CNN model test accuracy comparison with 

EDNet-20 on the Private dataset. 
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This in-depth research investigates the effectiveness of deep convolutional neural 

networks (CNNs) in categorizing nine different types of fundus images. Utilizing a 

substantial dataset comprising 6555 original photos from two sources, the study employs 

advanced augmentation techniques to create five images from each original photograph. 

Focusing on classifying eye diseases, the research evaluates the performance of a 

baseline CNN model, and various transfer learning CNN models, and introduces a novel 

model. The study rigorously tests eight sophisticated transfer learning CNN models, 

including VGG16, VGG19, DenseNet201, DenseNet169, MobileNet, MobileNet V2, 

ResNet50, and Xception, alongside the proposed EDNet-20, across the nine fundus image 

categories. Notably, EDNet-20 emerges as the top performer, achieving an impressive 

accuracy of 94.26% and 91.80%, as illustrated in figure 5.4.1. 
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CHAPTER 6 
Impact on Society, Environment and Sustainability 

 
6.1 Impact on Life 

 

Machine learning and artificial intelligence are being used in eye disease categorization 

research to enhance patient treatment and provide social and economic advantages. 

Precise and timely identification of ocular conditions, such as diabetic retinopathy or 

glaucoma, may halt the advancement to critical stages, such as loss of vision. Advanced 

categorization systems have the ability to customize treatment programs for particular 

patients, resulting in enhanced and individualized care. Timely identification of ocular 

conditions may avert visual impairment, maintain autonomy, and alleviate emotional and 

psychological distress in individuals who may encounter anxiety and despair as a result 

of deteriorating eyesight. 

 

6.2 Impact on Society and Environment 

 

Impact on Society 

 

The research "EDNet-20: An Eye Disease Classification Approach Combining CNN and 

Hybrid Attention" employs sophisticated artificial intelligence methodologies, including 

transfer learning and deep Convolutional Neural Networks (CNNs), to enhance medical 

diagnosis. This methodology improves the accuracy and efficiency of classifying eye 

ailments, empowers healthcare professionals to make wiser decisions, and results in 

improved clinical results and societal advantages. 

 

Eye diseases provide substantial obstacles to healthcare systems globally, and the 

integration of more accurate diagnostic tools may enhance the quality of patient care by 

minimizing incorrect diagnoses and expediting treatment procedures. EDNet-20's 

enhanced classification algorithms facilitate the creation of customized treatment 

regimens for particular eye diseases, resulting in enhanced patient results and satisfaction. 

 

The research also supports the progress of telemedicine technology, which may enable 

diagnosis remotely in rural areas with limited availability of eye care practitioners. 

Precise categorization of illnesses may minimize useless interventions and 

hospitalizations, enhancing the handling of ocular-related problems in society. 
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The finding has the potential to transform precision medicine in the identification and 

treatment of eye diseases, improving the accessibility and cost of healthcare, especially in 

disadvantaged areas with limited medical resources. Emerging technology may be used to 

provide sophisticated diagnostic tools to regions lacking access to traditional healthcare 

facilities. 

 

Impact on Environment 

 

The "EDNet-20: An Eye Disease Classification Approach Combining CNN and Hybrid 

Attention" research initiative aims to improve medical diagnostics by integrating transfer 

learning and deep convolutional neural networks. These technologies require intensive 

computational processes, often requiring energy-intensive GPUs and hardware. However, 

advancements in hardware efficiency, cloud computing strategies, and sustainable 

practices can mitigate environmental concerns. Optimizing algorithms for energy 

efficiency and adopting renewable energy sources in data centers can reduce the carbon 

footprint associated with such research. This aligns technological progress with eco-

friendly practices, ensuring healthcare innovations uphold both medical excellence and 

environmental responsibility. 

 

6.3 Ethical Aspects 

 

The "EDNet-20: An Eye Disease Classification Approach Combining CNN and Hybrid 

Attention" study adheres to strict ethical standards, ensuring patient privacy and 

confidentiality. It obtains informed consent where necessary, respecting individual rights. 

The study's commitment to transparency promotes ethical practices in information 

dissemination, supports reproducibility, and invites scrutiny. This ethical framework 

highlights the dedication to societal well-being and the responsible application of 

advanced medical technologies; ensuring advancements in diagnostics contribute to 

enhanced patient care. 

 

6.4 Sustainability Plan 

 

The sustainability strategy for "EDNet-20: An Eye Disease Classification Approach 

Combining CNN and Hybrid Attention" emphasizes minimizing its environmental 

footprint while maximizing societal benefits. This includes optimizing computational 

efficiency through improved algorithms and adopting energy-efficient practices 

throughout model training and deployment. Additionally, the study leverages cloud 
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computing methodologies to reduce overall energy consumption. The commitment to 

environmentally responsible data management and storage further underscores these 

efforts. These initiatives illustrate a commitment to integrating green computing 

principles into technological advancements, ensuring that advances in medical 

diagnostics align with environmental sustainability. Ongoing refinement of these 

sustainable practices is essential for fostering responsible and environmentally conscious 

scientific innovation. 

 

6.5 Summary  

 

The research used machine learning and artificial intelligence to enhance patient care and 

provide societal and economic advantages. This technology has the potential to detect 

and cure eye diseases, therefore avoiding vision loss and minimizing mental suffering. 

Additionally, it facilitates the development of telemedicine technology, allowing for 

remote diagnosis in distant regions. This discovery has the potential to revolutionize 

precision medicine, enhancing the accessibility and affordability of healthcare, 

particularly in underprivileged regions. The research highlights the need of being 

transparent, following ethical principles, and using cloud computing to decrease energy 

use. The emphasis on environmentally appropriate data handling and storage highlights 

the incorporation of green computing ideas into medical diagnostics. 
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CHAPTER 7 

Conclusion and Future Work 
 
 
The study aims to improve the classification and treatment of eye diseases using the 

medical imaging technique CFP. Early-stage diagnosis is challenging due to time-

consuming screening and factors like noise, artifacts, and equipment supply disruptions. 

There is a global shortage of medical equipment, radiologists, and experts capable of 

interpreting screening data, especially in rural areas and developing countries. Computer-

aided detection (CAD) technologies can help reduce radiologists' workloads by 

evaluating eye fundus images across different modalities. Recent advancements have led 

to the development of AI solutions for the automated identification of eye diseases based 

on these imaging modalities. The research begins with image pre-processing and employs 

augmentation techniques to increase the dataset size. Model optimization techniques are 

applied to create a robust, fine-tuned CNN model (EDNet-20) for classifying fundus 

images into different classes. EDNet-20 excels in distinguishing between diseased and 

normal fundus images, with its accuracy surpassing comparable works. Various statistical 

analyses, including K-fold cross-validation, are conducted to ensure the model's 

reliability and robustness. 

 

7.1 Conclusion 

 

The study aims to create a reliable model for classifying eye diseases using advanced 

techniques. Two datasets were used to assess the model's effectiveness. Using diverse 

image processing methods, the quality and quantity of eye disease lesion images were 

improved, and overfitting was prevented. EDNet-20, a robust model based on the 

Convolutional Neural Network (CNN) architecture, achieved an accuracy of 94.26% on 

the Mendeley dataset and 91.80% on a proprietary dataset. Comparative analysis showed 

that EDNet-20 consistently surpassed other models in terms of accuracy and reliability, 

indicating its potential for practical applications in medical diagnostics. The research 

emphasizes the importance of integrating advanced image processing and deep learning 

methods to enhance diagnostic precision. EDNet-20's achievements demonstrate how 

deep learning strategies can improve medical diagnostics, patient outcomes, and 

healthcare operations. This research sets a groundbreaking standard for eye disease 

classification and lays the groundwork for future advancements in medical imaging and 

artificial intelligence research. 
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7.2 Limitations and Future Work 

 

The research used two small datasets for deep learning, highlighting the need for more 

comprehensive and diverse datasets to improve the robustness and accuracy of eye 

disease classification models. The small size, low quality, and minimal parameters of the 

datasets led to a lengthy and time-consuming addressing procedure, highlighting the need 

for substantial computational effort to achieve meaningful results. Future research aims to 

explore new constraints associated with eye diseases through advanced medical imaging 

techniques, enhancing the model's precision and potentially uncovering novel insights 

into the early detection and treatment of eye diseases. This approach could significantly 

contribute to medical diagnostics, leading to better patient outcomes and more efficient 

healthcare solutions. 
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Appendix A 

Course Outcomes, Complex Engineering Problems (EP) and Complex 
Engineering Activities (EA) Addressing 

Title: EDNET-20: AN EYE DISEASE CLASSIFICATION APPROACH 
COMBINING CNN AND HYBRID ATTENTION  

Student ID: 201-15-14266 

 
CO Description for FYDP 

CO CO Descriptions PO 
Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to 
identify an eye disease classification problem for the Final Year 
Design Project (FYDP) 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for this 
FYDP 

PO2 

CO3 Explore diverse problem domains through a literature review, delineate 
the issues, and establish this goals for the FYDP 

PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable 
project management procedures throughout the development life cycle 
of the FYDP 

PO11 

Phase -II 
CO5 Design and develop technical solutions and system components or processes 

that meet specified requirements, ensuring compliance with public health and 
safety standards, as well as considering cultural, socioeconomic, and 
environmental factors in this FYDP 

PO3 

CO6 Choose and apply appropriate methodologies, resources, and contemporary 
engineering and IT technologies to address complex engineering processes, 
encompassing prediction and modeling, while adhering to relevant constraints 
in this FYDP 

PO5 

CO7 Analyze societal, health, safety, legal, and cultural considerations, along with 
associated responsibilities, in the context of professional engineering practice 
and the resolution of this problem, employing logical reasoning guided by 
contextual understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of 
professional engineering endeavors in addressing intricate engineering 
challenges within social and environmental frameworks. 

PO7 

CO9 Implement ethical principles and adhere to professional standards and norms 
in this FYDP 

PO8 
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CO10 Capable of operating proficiently both individually and as a team member or 
leader across diverse teams and interdisciplinary settings in this FYDP. 

PO9 

CO11 Proficiently communicate with the engineering community and broader 
society regarding complex engineering endeavors, including the ability to 
comprehend and generate comprehensive reports and design documentation, 
as well as provide and receive clear instructions throughout this FYDP. 

PO10 

CO12 Acknowledge the importance of self-directed and life-long learning within the 
evolving landscape of technology, and possess the readiness and capability to 
engage in lifelong learning endeavors. 

PO12 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 
Engineering Problems (EP), and Attainment of Complex Engineering 

Activities (EA) 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering 
Problems (EP): 

SN 
EP 

Definition 
Attainment CO 

Justification 

(with Knowledge Profile) 
References 

 

1. 

E
P

1:
 D

ep
th

 o
f 

K
no

w
le

d
ge

 r
eq

u
ir

ed
 

Yes 

C
O

1,
 C

O
2,

 C
O

3,
 C

O
5,

 C
O

6,
 C

O
7 

 a
nd
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This project demonstrates 
fundamental engineering (K3) 
principles by employing deep neural 
networks, data augmentation 
techniques, and diverse CNN 
architectures for image processing 
and classification tasks. The project 
demonstrates specialist knowledge 
(K4) by conducting transfer learning 
with advanced CNN architectures 
like VGG16, VGG19, 
DenseNet201, DenseNet169, 
ResNet50, Xception MobileNet, 
and MobileNetV2, enhancing eye 
disease classification accuracy in 
color fundus images, crucial for 
computer-aided diagnosis. 

Page no: 

 [19-24] 

Section:  

[3.2.1]  

Page no:  

[29-32] 

Section:  

[4.2.1]  

The project applies engineering 
practice & design (K5) by the 
figure of process of experiments. 
The project addresses engineering 
practice & technology (K6)   by 

Page no: 

 [17] 

Section:  
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employing CNN model. [3.2]  

Page no:  

[34] 

Section:  

[4.2.3]  

This project ensures to K8 
(Research Literature) by 
synthesizing insights from recent 
studies, to advance eye disease 
classification using deep learning, 
showcasing a comprehensive 
understanding of current 
methodologies. 

Page no:  
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Section:  

[2.2, 2.3]  
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This project addresses EP-2 by 
recognizing the hurdles in eye 
disease classification, including 
limitations of traditional methods 
and the complexities of integrating 
transfer learning and deep CNNs. 
Through comparative analysis, it 
confronts challenges in 
understanding spatial distributions, 
offering insights for refining 
diagnostic methodologies. 
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This project addresses EP-3 by 
meticulously comparing 
experimental outcomes, highlighting 
Transfer Learning as the chosen 
significant solution for enhancing 
eye disease classification amidst 
multiple potential approaches. 

Page no: 

 [41-48] 

Section: 

 [5.2, 5.3] 
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This project's interdisciplinary 
approach extends beyond computer 
science and engineering, impacting 
medical diagnostics in eye disease, 
contributing to advancements in 
public health and healthcare 
practices which indicate EP-4. 

Page no: 

 [10-16, 49] 

Section: 

 [2.2, 5.4] 
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This project's comprehensive 
approach addresses high-level 
problems by integrating various 
components across data collection, 
statistical analysis, and proposed 
methodology, ensuring a holistic 
solution to complex challenges in 
medical diagnostics which ensures 
EP-7. 

Page no: 

 [17-25] 

Section: 

 [3.2, 3.2.1, 
3.2.2,  3.2.3] 

 
Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the 
following]: 

 

SN 
EA 

Definition 
Attainment 

CO Justification References 
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11
 

This project utilizes diverse 
resources such as high-
performance computing 
infrastructure, GPUs, deep 
learning frameworks, annotated 
datasets, and ethical 
considerations to ensure 
systematic research and 
contribute to advancements in 
eye disease classification 
through transfer learning and 
deep CNNs. 

Page no: 

 [23-25] 

Section: 

 [3.3] 
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No N/A N/A 

3. 
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n 

Yes 

This project comes with a new 
CNN model enhanced by hybrid 
attention mechanism to improve 
the effectiveness of the CNN 
model in case of image 
classification. 

Page no: 
 

[36-38] 
 

Section: 
 

[4.2.7] 
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Yes 

This project contributes to 
society by improving healthcare 
through advanced eye disease 
classification methods, while 
also promoting environmental 
sustainability by employing 
efficient computational 
resources and adhering to 
ethical guidelines for patient 
data privacy. 

Page no: 

 [51-52] 

Section:  

[6.1, 6.2, 6.3] 
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5. 
E

A
-5
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F
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it

y 
Yes 

This project expands upon 
existing research by examining 
a novel approach in eye disease 
classification through transfer 
learning and deep CNNs, 
demonstrated through 
preliminary terminologies and a 
comprehensive comparative 
analysis, offering new insights 
into the field. 

Page no:  

[14-15] 

Section:  

[2.1, 2.3] 

 
 

Addressing CO (4, 9, 10, and 12): 
 
SN COs Attainment Justification References 

1 CO4 Yes 

This project addresses CO4 by 
integrating effective project 
management and financial oversight, 
ensuring meticulous planning, resource 
allocation, and budget estimation for 
optimal resource utilization throughout 
the research lifecycle. 

Page no:  
 

[27] 
 

Section:  
 

[3.4] 

2 CO9 Yes 

The project demonstrates adherence to 
ethical principles by prioritizing patient 
privacy, obtaining informed consent, 
and transparently documenting the 
research process, ensuring responsible 
knowledge dissemination and societal 
well-being through the ethical 
application of advanced healthcare 
technologies which comply with CO9. 

Page no:  
 

[52] 
 

Section: 
  

[6.3] 

3 CO10 No N/A N/A 

4 CO12 Yes 

The project's dedication to continuous 
learning (CO12) and adaptation within 
the dynamic technological landscape is 
reflected in its comprehensive data 
collection, rigorous statistical analysis, 
meticulous methodology development, 
and thorough experimental results and 
analysis, showcasing a commitment to 
staying updated and refining techniques 
to address modern challenges. 

Page no:  
 

[17-22, 41-45] 
 

Section:  
 

[3.2, 5.2] 
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