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ABSTRACT 

DEVELOPMENT AND EVALUATION OF A TRANSFER 

LEARNING-BASED FRAMEWORK FOR EARLY DETECTION AND 

CLASSIFICATION OF DIABETES MELLITUS THROUGH 

MEDICAL IMAGING AND BIOCHEMICAL DATA 

  ABEDI, Hussein Fadhil Abdulabbas 

M.Sc., Information Technologies, Altınbaş University,

Supervisor: Asst. Prof. Dr. Ayça KURNAZ TÜRKBEN 

Date: December / 2023 

Pages: 74 

Diabetes mellitus, a complex metabolic disorder characterized by elevated blood glucose 

levels, has emerged as a global healthcare crisis of unprecedented magnitude. With its 

relentless increase in prevalence and the profound impact it exerts on individuals, healthcare 

systems, and societies worldwide, diabetes mellitus presents a multifaceted challenge that 

demands innovative and transformative solutions, this research seeks to enhance healthcare 

outcomes by contributing to a more efficient and effective diagnostic process for this chronic 

metabolic disorder. The overarching objective of this thesis is to pioneer the development 

and evaluation of a transfer learning-based framework designed explicitly for early detection 

and accurate classification of diabetes mellitus through the integration of medical imaging 

and biochemical data. 

Keywords: CNN, AI, DM, DL, ML. 
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1. INTRODUCTION

1.1 BACKGROUND 

Diabetes mellitus is a global health epidemic with a profound impact on individuals and 

healthcare systems. This chronic metabolic disorder, characterized by elevated blood 

glucose levels, poses significant challenges in early detection and classification for timely 

intervention. The intersection of medical imaging and biochemical data offers a promising 

avenue for improving the accuracy and efficiency of diabetes diagnosis, as it can provide a 

comprehensive view of the disease's manifestations within the body. In recent years, the 

advent of transfer learning techniques in the field of machine learning has revolutionized the 

way we approach complex medical problems by harnessing the knowledge acquired from 

one domain and applying it to another. This thesis embarks on a transformative journey, 

aiming to develop and evaluate a transfer learning-based framework specifically designed 

for the early detection and classification of diabetes mellitus, leveraging both medical 

imaging and biochemical data.  
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Figure 1.1: Diabetic Retina DR. 

The significance of this research cannot be overstated, given the alarming rise in diabetes 

cases worldwide and the potential for transfer learning to enhance diagnostic capabilities. 

This introduction provides a glimpse into the broader context of diabetes mellitus, the role 

of medical imaging and biochemical data in its diagnosis, and the growing promise of 

transfer learning as a powerful tool in addressing this critical healthcare challenge. Over the 

course of this thesis, we will delve into the intricacies of this innovative framework, 

exploring its development, evaluation, and potential impact on the early detection and 

classification of diabetes mellitus. 

Diabetes mellitus, a complex metabolic disorder characterized by elevated blood glucose 

levels, has emerged as a global healthcare crisis of unprecedented magnitude. With its 

relentless increase in prevalence and the profound impact it exerts on individuals, healthcare 

systems, and societies worldwide, diabetes mellitus presents a multifaceted challenge that 

demands innovative and transformative solutions. The chronic nature of the disease, coupled 
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with its potential to lead to severe complications such as cardiovascular diseases, 

retinopathy, neuropathy, and kidney dysfunction, underscores the critical importance of 

early detection and accurate classification. Timely intervention is not merely desirable but 

imperative in mitigating the disease's devastating consequences. Traditionally, diabetes 

diagnosis has relied heavily on fasting plasma glucose (FPG) measurements, oral glucose 

tolerance tests (OGTT), glycated hemoglobin (HbA1c) assessments, and the presence of 

clinical symptoms. While these methods have played a pivotal role in clinical practice, they 

are not without their limitations. They often fail to provide an early warning, necessitating a 

reevaluation of diagnostic paradigms to enhance their sensitivity and specificity. The 

landscape of medical diagnostics, particularly in the context of diabetes mellitus, has 

undergone a profound transformation in recent years. This transformation is marked by the 

intersection of medical imaging technologies and biochemical data, ushering in a new era of 

comprehensive disease assessment. Medical imaging modalities such as magnetic resonance 

imaging (MRI), computed tomography (CT), and positron emission tomography (PET) offer 

a non-invasive means to visualize the internal physiological changes associated with 

diabetes. Meanwhile, the wealth of biochemical markers available through blood tests 

provides valuable insights into the body's metabolic status. Together, these modalities 

furnish a rich source of information that can potentially revolutionize diabetes diagnosis. In 

parallel with these advancements, the field of machine learning and artificial intelligence 

(AI) has made remarkable strides. Machine learning models have demonstrated their 

capacity to analyze vast and complex datasets, including medical images and biochemical 

profiles, with remarkable accuracy and efficiency. The emergence of transfer learning, a 

technique that enables the transfer of knowledge from one domain to another, has been 

particularly transformative. This transfer of knowledge empowers machine learning models 

to generalize better and make more informed decisions, even when faced with limited data. 

1.2 PROBLEM STATEMENT 

The global burden of diabetes mellitus, a complex metabolic disorder characterized by 

hyperglycaemia, has escalated to pandemic proportions, posing a multifaceted and escalating 

challenge to individuals, healthcare systems, and society at large. According to the 

International Diabetes Federation (IDF), approximately 463 million people were living with 

diabetes in 2019, a number projected to surge to an alarming 700 million by 2045, 
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representing an undeniable public health crisis. Amidst this burgeoning prevalence, early 

detection and accurate classification of diabetes mellitus are pivotal for effective disease 

management, improved patient outcomes, and the alleviation of the associated 

socioeconomic burdens. The traditional paradigm of diagnosing diabetes has primarily relied 

upon fasting plasma glucose (FPG) measurements, oral glucose tolerance tests (OGTT), 

glycated hemoglobin (HbA1c) assessments, and clinical symptoms. These diagnostic 

methods, while established and clinically valuable, exhibit inherent limitations. The 

challenges encompass variations in individual metabolic responses, potential misdiagnoses, 

and the dependence on invasive and resource-intensive biochemical tests. Moreover, by the 

time overt clinical symptoms manifest, the disease often has already progressed to advanced 

stages, limiting the scope for preventive interventions. Simultaneously, advancements in 

medical imaging technologies have offered a non-invasive window into the intricate 

physiological changes accompanying diabetes. Imaging modalities such as magnetic 

resonance imaging (MRI), computed tomography (CT), and positron emission tomography 

(PET) have unveiled the subtleties of diabetic complications, ranging from microvascular 

changes in retinopathy to macrovascular lesions in cardiovascular diseases. However, the 

interpretation of these complex imaging data demands expertise and computational 

capabilities that often exceed the capacities of conventional diagnostic tools. In the 

contemporary era, the convergence of artificial intelligence (AI) and machine learning (ML) 

has fueled a revolution in healthcare, offering a promising avenue for addressing the 

diagnostic intricacies of diabetes mellitus.  
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Figure 1.2: Machine Learning ML. 

The deployment of ML models for the analysis of medical images and biochemical data has 

emerged as a transformative strategy, potentially circumventing the shortcomings of 

traditional diagnostic approaches. Nevertheless, the successful application of ML in this 

context hinges on the availability of large and diverse datasets, robust feature extraction 

techniques, and a deep understanding of the underlying biological processes, which continue 

to pose formidable challenges. One of the most notable breakthroughs in the realm of ML is 

the emergence of transfer learning, a technique that leverages knowledge acquired from one 

domain to enhance performance in another. Transfer learning embodies the promise of 

improved model generalization, reduced data requirements, and enhanced diagnostic 

accuracy. However, the adaptation of transfer learning methodologies to the intricate and 

multifaceted landscape of diabetes mellitus diagnosis, which involves integrating 

information from medical imaging and biochemical data, remains a relatively underexplored 

and complex endeavor. This multifaceted confluence of challenges forms the crux of the 

problem statement addressed in this thesis. The overarching problem is the urgent need for 

a novel, sophisticated, and efficient diagnostic framework that can harness the potential of 

transfer learning to integrate information from medical imaging and biochemical data for the 

early detection and accurate classification of diabetes mellitus. This framework must address 
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the limitations of conventional diagnostic methods, leverage the wealth of data available, 

navigate the intricacies of medical imaging analysis, and capitalize on the remarkable 

capabilities of transfer learning. the central issue at hand is to devise and rigorously evaluate 

a transfer learning-based framework capable of revolutionizing diabetes diagnosis, offering 

a transformative solution to the escalating global health crisis, and substantially improving 

patient care by enabling early intervention and personalized treatment strategies. In the 

subsequent chapters of this thesis, we embark on a comprehensive exploration of the 

development and evaluation of this framework, delving into its intricacies and potential 

ramifications for the field of healthcare, with a steadfast commitment to advancing our 

understanding and capacity to combat diabetes mellitus effectively. 

Figure 1.3: Machine Learning vs Transfer Learning. 

Amidst the convergence of these transformative trends, a profound problem persists: the 

need for a robust, transfer learning-based framework that seamlessly integrates information 

from medical imaging and biochemical data to enable early detection and precise 

classification of diabetes mellitus. Such a framework must navigate the intricacies of two 

distinct domains, bridging the gap between the visual insights offered by medical imaging 

and the molecular information encoded in biochemical data. Furthermore, it must overcome 

the challenges posed by the inherent variability of biological systems and the diverse 
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manifestations of diabetes. The existing body of research in diabetes diagnosis has made 

significant strides in utilizing medical imaging or biochemical data individually. However, 

the true potential lies in their synergistic integration, a prospect that remains relatively 

uncharted in the current landscape. Challenges of feature extraction, data harmonization, and 

model generalization must be addressed to harness the full power of this integrated approach. 

1.3 THESIS OBJECTIVES 

1.3.1 General Objective 

The general objective of this thesis is to advance the field of diabetes mellitus diagnosis 

through the development and evaluation of a transfer learning-based framework that 

integrates medical imaging and biochemical data, with the overarching aim of enabling early 

detection and accurate classification of diabetes mellitus. This research seeks to enhance 

healthcare outcomes by contributing to a more efficient and effective diagnostic process for 

this chronic metabolic disorder. The overarching objective of this thesis is to pioneer the 

development and evaluation of a transfer learning-based framework designed explicitly for 

early detection and accurate classification of diabetes mellitus through the integration of 

medical imaging and biochemical data. 

1.3.2 Specific Objectives 

a. To conduct a comprehensive review of the current state of diabetes mellitus diagnosis,

encompassing traditional biochemical methods, medical imaging modalities, and

emerging machine learning approaches.

b. To compile and preprocess a diverse and representative dataset of medical imaging and

biochemical data related to diabetes mellitus, ensuring data quality, integrity, and ethical

considerations.

c. To design and implement a transfer learning-based framework that can effectively

leverage knowledge from related domains and modalities, integrating medical imaging

and biochemical data for diabetes diagnosis.

d. To develop robust feature extraction techniques tailored to medical imaging data,

optimizing their capability to capture intricate patterns and nuances specific to diabetes

mellitus.
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e. To explore novel approaches for feature engineering and selection, with a focus on

biochemical data, to enhance the diagnostic capabilities of the proposed framework.

f. To rigorously evaluate the developed framework's performance against traditional

diagnostic methods and state-of-the-art machine learning models, utilizing appropriate

metrics, cross-validation techniques, and statistical analyses.

1.4 THESIS CONTRIBUTIONS 

a. Innovative Framework for Diabetes Diagnosis: This thesis introduces an innovative

transfer learning-based framework that integrates medical imaging and biochemical data

for the early detection and accurate classification of diabetes mellitus. This novel

approach represents a significant advancement in the field of diabetes diagnosis.

b. Enhanced Diagnostic Accuracy: The research contributes to improved diagnostic

accuracy by harnessing the potential of transfer learning, effectively leveraging

knowledge from related domains and modalities. By combining medical imaging and

biochemical data, the framework offers a more comprehensive and precise understanding

of the disease, enhancing early detection.

c. Robust Feature Extraction Techniques: The development of robust feature extraction

techniques tailored to medical imaging data represents a substantial contribution. These

techniques are optimized to capture intricate patterns and nuances specific to diabetes

mellitus, improving the interpretability and performance of the framework.

d. Innovative Feature Engineering for Biochemical Data: The thesis explores innovative

approaches for feature engineering and selection, particularly in the context of

biochemical data. This contribution enhances the diagnostic capabilities of the

framework, enabling it to extract valuable information from diverse biochemical

markers.

e. Comprehensive Evaluation and Validation: Rigorous evaluation and validation of the

framework against traditional diagnostic methods and state-of-the-art machine learning

models contribute to the scientific community's understanding of its capabilities. This

research provides empirical evidence of its effectiveness and reliability.

f. Interpretability and Practical Applicability: The assessment of the framework's

interpretability, scalability, and computational efficiency is crucial for its practical
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applicability in real-world clinical settings. This contribution ensures that the developed 

solution can be seamlessly integrated into healthcare systems. 

g. Recommendations for Clinical Deployment: The research provides practical

recommendations for the deployment of the developed framework in clinical practice.

Considerations for data privacy, regulatory compliance, and integration into existing

healthcare systems are outlined, facilitating its adoption in the healthcare industry.

1.5 THESIS STRUCTURE 

This thesis is structured to provide a coherent and systematic exploration of the development 

and evaluation of a transfer learning-based framework for early detection and classification 

of diabetes mellitus through the integration of medical imaging and biochemical data. To 

facilitate a clear understanding of the research journey and findings, the thesis is organized 

into distinct chapters, each serving a specific purpose in the overall narrative. 

Chapter 1: Introduction 

The introductory chapter sets the stage for the thesis by providing essential background 

information, delineating the problem statement, establishing the research objectives, and 

outlining the contributions of this work. This chapter aims to offer a comprehensive context 

for the subsequent research endeavors. 

Chapter 2: Literature Review 

The literature review chapter offers a detailed examination of the relevant literature, covering 

key aspects of diabetes mellitus, current diagnostic methods, the role of machine learning in 

healthcare, and transfer learning techniques. It also reviews related research in diabetes 

diagnosis and transfer learning in healthcare, providing a foundation for the novel 

contributions of this thesis. 

Chapter 3: Materials and Methods 

This chapter delves into the practical aspects of data acquisition, selection, and 

preprocessing. It elucidates the datasets used in the study, their sources, and the ethical 

considerations governing data usage. Additionally, it discusses the data preprocessing steps 

undertaken to ensure data quality and suitability for analysis. 



10 

Chapter 4: Framework Development and Results 

In this pivotal chapter, the transfer learning-based framework for diabetes detection and 

classification is designed and described. The architecture, feature extraction techniques, and 

innovative feature engineering methods are comprehensively elucidated, offering a deep 

understanding of the framework's core components. 

Chapter 5: Conclusion 

The concluding chapter summarizes the key findings, contributions, and implications of the 

research. It also offers insights into future directions and areas of potential expansion in the 

field of diabetes diagnosis. 
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2. LITERATURE REVIEW

2.1 INTRODUCTION 

Diabetes affects around 422 million people all over the globe. Diabetes is a global epidemic. 

Over the course of the last several decades, the prevalence of diabetes has skyrocketed, 

reaching epidemic levels. Diabetes may result in a variety of consequences, including as 

impaired eyesight, kidney failure, nerve damage, limb amputations, an increased chance of 

stillbirth, and an increased risk of having a heart attack. Being diabetic may put a person at 

risk for a number of complications, one of the most frequent of which is diabetic retinopathy, 

sometimes referred to as diabetic eye disease. In the long run, around 30 percent of people 

who have diabetes will develop renal illness connected to their condition. In many parts of 

the globe, DR is one of the most important contributors to the onset of visual impairment or 

total blindness. Injury to the retina is one of the hallmarks of a condition known as retinal 

detachment. As a consequence of the damage, the blood vessels that are located in the retina 

either get clogged or begin to bleed blood. There are several instances in which the 

development of blood vessels in the retina might go in an unexpected direction. These veins 

have the risk of causing scarring or bleeding inside the retina if they are not treated. Patients 

who are in later stages of the disease may have visual loss or possibly total blindness [2, 3]. 

Figure 2.1: Types of Studies Related to DR. 

It is very necessary to identify the DR as quickly as time permits. If diabetic retinopathy is 

recognized and treated in a timely way, there is a chance that blindness may be prevented. 

Patients with diabetes who see ophthalmologists are required to undergo routine examination 
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and monitoring in order to maintain good eye health. Ophthalmologists would benefit from 

having diagnostic tools at their disposal that are reliable and that can provide assistance in 

the process of analyzing fundus pictures. There has been a lot of progress made in the field 

of medicine thanks to the use of artificial intelligence. A diagnosis of an eye disease is one 

instance of this sort of activity being carried out. It is possible that the use of technologies 

that are based on artificial intelligence will be able to solve the issues that are brought about 

as a result of the constraints of DR treatment, and this is particularly true in countries that 

have a low income. Deep learning is a branch in artificial intelligence that refers to a number 

of distinct techniques to machine learning. Deep learning may be thought of as an umbrella 

term for these approaches. Deep learning models, on the other hand, in contrast to more 

conventional neural network (NN)-based models [4-6], have a large number of hidden layers 

and aim to explain the most significant features of the input. When it comes to picture 

datasets, the kind of deep learning model known as CNNs (which stands for convolutional 

neural networks) is currently the one that is used the majority of the time. Deep Neural 

Networks (NNs) and ordinary feed-forward Neural Networks (CNNs) are very comparable 

to one another in a number of different ways. Backpropagation may be used to assist fine-

tune the settings of the network so that it functions optimally. CNNs are distinguished from 

feed-forward networks by four distinct properties: shared weights, local receptive fields, 

pooling operation, and aggregation across layers. The last feature is an aggregation that 

occurs across all of the levels. Convolutional layers serve as the basis for the construction of 

the deep CNN's first stage, which is subsequently followed by fully linked layer construction. 

CNNs perform very well in a diverse array of tasks, including image identification, the 

understanding of natural languages, voice recognition, automated video categorization 

systems, and autonomous driving [7]. CNNs were conceptualized after the visual cortex of 

the brain, which provided as a source of motivation for their creation. 

2.2 RELATED WORKS 

The procedure of diagnosing diabetic retinopathy may include the use of techniques for 

detecting or assessing the condition. Finding sick patches in the retina and giving one of 

three labels (mild, moderate, or severe) to them may be used to identify the severity of 

diabetic retinopathy. For the aim of diabetic retinopathy detection, binary classification is 

used. This classification serves the goal of determining if a patient has diabetic retinopathy 
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or a normal retina. During the experiments that pertain to the identification of DR, the input 

photographs are separated into two categories: healthy and DR. In light of this, the following 

discussion is going to center on deep-learning-based techniques, which have been proven to 

be the most effective approaches when contrasted with other machine-learning-based 

methods or traditional methods. A foundational convolutional neural network (CNN) was 

provided, for instance, by Kazakh-British et al. [10], with the intention of automatically 

classifying DR. Throughout the course of their investigations, they made use of the photos 

in both their unfiltered and their anisotropic diffusion-filtered forms. According to the 

findings of the study, the researchers came to the realization that using an anisotropic 

diffusion filter brought about the most successful results. By using a CNN architecture for 

binary classification, the authors [11-14] were able to identify diabetic retinopathy as a 

condition. Following the application of the Wiener filter to the fundus photos and the use of 

OTSU for the segmentation, the authors of [15] proposed a deep convolutional neural 

network (CNN) for the multi-class classification of fundus pictures into those with different 

vision-threatening disorders like DR and the normal fundus images. Following the 

application of the Wiener filter to the fundus pictures, this step was taken. Instead of 

employing basic convolutional neural networks, numerous authors have resorted to using 

pretrained models (backbones) for transfer learning or feature extraction in order to finish 

their techniques. This is done in place of using fundamental neural networks. Figure 3 

illustrates them for you. By using InceptionV3, for instance, the authors of [16] were able to 

determine DR based on RGB and textural characteristics of the image. Umapathy et al. [17] 

identified DR data using a version of the InceptionV3 algorithm that has been trained in the 

past. The authors of the research [18] suggest making use of a binary convolutional neural 

network (BCNN) while classifying DR in order to cut down on the amount of memory that 

is required and to speed up the processing time. The authors of the research [19] decided to 

use the MobileNetV2 architecture to perform binomial and multinomial classification of 

fundus pictures due to the fact that it can be implemented in mobile devices and takes less 

time for training than other classification methods. [21] took use of transfer learning by 

applying EfficientNet-B0, EfficientNet-B4, and EfficientNet-B7 to perform the same thing 

as Saranya et al. [20], who were able to identify DR in fundus pictures by using the 

DenseNet-121 model. The classification of DR in [22] as either referable or vision-

threatening was accomplished using conceptual frameworks quite similar to those utilized 



14 

here. When training a network, the author of the study [23] uses a fully connected layer 

network with a HE initialization and an EfficientNet-B3 backbone with ImageNet weights. 

This results in the formation of the network. The outcomes of the tests revealed that the 

EfficientNet model had performance that was comparable to the gold standard, 

demonstrating that the model was successful overall. During the course of their examination 

of diabetic retinopathy, Sudarmadji et al. [24] made use of a one-of-a-kind Backbone. The 

CNN-based model that was proposed to be constructed was done so with the assistance of 

the VGG network, which was employed for the purpose of feature extraction. Boral and 

Thorat [25] used a transfer learning technique to the DR classification problem. This strategy 

includes the application of SVM and InceptionV3. The scientists categorised DR into binary 

categories in a second piece of study that they conducted using the transfer learning models 

Xception, InceptionResNetV2, MobileNetV2, DenseNet-121, and NASNetMobile ([26]). 

DenseNet-121 is a method that is based on transfer learning, and the authors of [27] utilized 

it to identify DR in input photographs by distinguishing MAs, Exs, and hemorrhages. This 

was done in order to accomplish their goal of detecting DR. The creators of [28] used a 

variety of additional strategies, including transfer learning, VGG, AlexNet, Inception, 

GoogleNet, DenseNet, and ResNet, to name a few. Transformer-based networks, 

convolutional neural networks (CNNs), and multi-layered perceptrons (MLPs) were the 

three distinct architectures for deep learning-based DR classification that the researchers 

investigated and assessed in a different piece of study [29]. During the course of the inquiry, 

a broad range of models were used. Some of these models were EfficientNet, ResNet, Swin-

Transformer, Vision-Transformer (ViT), and MLPMixer. It was discovered that the models 

that were built on the framework of the transformer were the ones that provided the most 

accurate results of these. The authors of the previous study [30] used a DR classification 

ensemble model that was constructed up of three separate CNN models. The foundation was 

laid using stack generalization, and it was constructed on top of it. Additionally, the ResNet-

50 and VGG-16 neural networks were used. The authors of [31] examine several CNN 

topologies, preprocessing approaches, class imbalance, and finetuning as four of the most 

important aspects of employing CNN for DR classification. AlexNet, ResNet-50, and VGG-

16 were the networks that we used in order to complete this challenge. The authors of the 

study [32] conducted an empirical comparison of the performance of twenty-eight distinct 

deep hybrid architectures in order to make a binary classification of DR into referable DR 
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and non-referable DR. For the purpose of evaluating this, complete deep learning (DL) 

architectures were used. Out of all the available choices, the hybrid architecture that made 

use of the SVM classifier and MobileNetV2 for feature extraction produced the highest 

quality work. The researchers that carried out the study [33] separated the fundus 

photographs that they analyzed into three unique groups: healthy eyes, eyes with glaucoma, 

and eyes with diabetic retinopathy. When it came to the DR labeling, we made use of a wide 

number of convolutional neural network (CNN) models, some of which are described below: 

MobileNetV2, DenseNet-121, InceptionV3, InceptionResNetV2, ResNet-50, and VGG-16. 

InceptionV3 is a variant of InceptionResNetV2, which is a variant of InceptionResNetV2. 

In the early research that Paranjpe and Kakatkar [10] conducted on DR diagnosis, which 

relied on the manual extraction of features, they used techniques for blood vessel 

identification such as contrast augmentation, top-hat transformation, and morphological 

filtering. These techniques were performed manually. These techniques were used in an 

effort to increase the overall picture quality. In order to determine whether or not there were 

hard exudates present, several image processing techniques were used. Textural properties 

were recovered by the authors via the use of grey level co-occurrence matrices (GLCMs), 

which allowed for DR to be properly categorized. Inputs for Support Vector Machines 

included things like microaneurysms and blood vessels, as well as exudates. Harini and 

Sheela [11] used fuzzy C-means clustering in conjunction with a number of morphological 

image processing methods in order to retrieve these characteristics. Image transformation, 

top hat transformation, and Otsu's thresholding were the methods that Punithavathi and 

Kumar [12] used in order to pinpoint the location of the microaneurysm region. The writers 

also determined the mean and the entropy, which are two statistical evaluations of the overall 

quality of the texture. Both of these metrics were estimated by the authors. For the purpose 

of carrying out the categorization, an Extreme Learning Machine was used. In order to get 

morphological and textural information from retinal imaging, Colomer et al. [13] locally 

calculated granulometric profiles and local binary patterns by splitting the pictures into 

patches. In order to achieve our objectives, something needed to be done. In order to classify 

the data, a number of different classifiers, such as Support Vector Machines, Random 

Forests, and Gaussian Processes, were used and given the gathered characteristics as input. 

Utilizing CNN-based algorithms that perform admirably may allow for the successful 
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completion of the process of automatically extracting features from retinal pictures for use 

in DR classification tasks. Because training deep CNNs from scratch requires a substantial 

quantity of data, you will need to begin there in order to get started. Because there are so few 

photos of the retina that are accessible, transfer learning is an efficient way for classifying 

DR images. AlexNet was the technology that Johari et al. [14] used while they were working 

with the Messidor dataset. In order to discern between "normal" images and "exudates" 

photographs, the authors employed a binary classification technique as a research method. 

Takahashi et al. [15] constructed a GoogleNet model by making use of a dataset that was not 

readily accessible to the general public. The model had a random seed as a component of its 

initialization vector. A subset of the authors carried out an examination of DR making use 

of a variety of different networks. As an example, Choi et al. [16] used designs that were 

derived from the VGG19 and AlexNet networks. DenseNet169 and 201, in addition to 

ResNet50, were the feature extraction approaches of choice for Zhang et al. [17], who 

conducted their research. In order to accomplish their goal of feature extraction, Bodapati et 

al. [18] came up with a hybrid technique to use. The authors combined the qualities of 

Xception and VGG16 in their research. Nevertheless, a variety of designs, such as the CNN 

architecture that was created by Pratt and colleagues, have been presented in specific 

research [4]. When it comes to the categorization of images, the selection of features is just 

as important as the deep learning-based feature extraction that is carried out. The corpus of 

research that has been published provides a multitude of different feature selection methods 

that can be used to discover which characteristics work best with a given dataset. These 

algorithms may be used to determine which characteristics work best with a particular 

dataset. It is vital to take into account elements such as contributing to classifier performance, 

avoiding overfitting, and reducing the amount of time spent on training when selecting a 

method for feature selection [20–23]. Other important considerations include decreasing the 

amount of time spent on training. During the course of the process of selecting features, 

metaheuristics could prove to be helpful in solving certain problems. Canayaz [24] described 

in detail a method for determining the location of COVID-19 in radiological images that he 

had developed. The author made use of not just one but two different metaheuristic 

algorithms in addition to a deep learning model in order to choose which attributes should 

be extracted. According to the results of the study, BPSO was effective in improving 

classification performance while simultaneously reducing the total number of features. In 
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this investigation, we begin by using InceptionV3 to extract features from photos of the 

retina. Next, we make use of those features to build a binary classification of the images into 

nonreferable DR and referable DR categories. In order to evaluate how well the proposed 

model works in contrast to other techniques, we gathered a summary of previous research 

that has utilized the same testing dataset (Messidor-2), extracted features using the 

InceptionV3, and conducted a binary classification. Because of this, we were able to evaluate 

how well the suggested model worked in contrast to other strategies that are already in use. 

The procedure of feature extraction was carried out by Voets et al. [25] with the assistance 

of InceptionV3. The authors finished a two-way classification using ensemble learning, 

which is also known as NRDR-RDR. This classification method is more accurate. Training 

is accomplished via making use of an EyePACS dataset that may be accessed free of charge 

at any time. When the suggested model is used to analyze Messidor-2, the area under the 

curve (AUC) has been found to have a value of 85.3%. The final layers of Inception V3 

networks were constructed by Li et al. [26] by using a dataset from Chinese Hospitals that 

included 19,233 retinal pictures. The dataset was used to build the networks. The neural 

networks were trained with the help of the dataset. They constructed a model that, when 

applied to the Messidor-2 RDR, has a diagnosis accuracy of 93.49 percent. The RDR was 

detected by Toledo-Cortés et al. [27] using the InceptionV3 diagnostic tool. The authors 

suggested making use of a deep learning Gaussian Process (GP) model, and then they 

assessed how well it performed using the EyePACS dataset. The area under the curve (AUC) 

for Messidor-2 was estimated to be 87.87% when using a GP regressor. Using the pre-trained 

weights of the InceptionV3 method, Gurcan et al. [28] were able to recover feature 

representations from pictures of the retina. During both the phase of the project devoted to 

development and the phase devoted to evaluation, the authors made use of Messidor-2. The 

XGBoost algorithm was able to obtain a classification accuracy of 91.40 percent on the 

Messidor-2 computer. 
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Table 2.1: Summary of Related Works. 

Study Methods/Approaches Used Key Findings/Results 

Paranjpe and 

Kakatkar [10] 

Contrast enhancement, top-hat transformation, 

morphological filtering, texture features using 

GLCMs 

Blood vessel detection, 

hard exudate detection 

Harini and Sheela 

[11] 

Fuzzy C-Means clustering, image processing 

operations (morphological), Support Vector 

Machines 

Feature extraction from 

exudates, blood vessels, 

and microaneurysms 

Punithavathi and 

Kumar [12] 

Image transformation, top hat transformation, Otsu’s 

thresholding, statistical texture properties 

Microaneurysm area 

detection using Extreme 

Learning Machine 

Colomer et al. 

[13] 

Granulometric profiles, local binary patterns, 

Support Vector Machines, Random Forests, 

Gaussian Processes 

Morphological and 

texture information 

extraction from retinal 

images 

Johari et al. [14] AlexNet architecture, Messidor dataset Binary classification of 

normal vs. exudate 

images 

Takahashi et al. 

[15] 

GoogLeNet model, private dataset Training GoogLeNet 

model for DR diagnosis 

Choi et al. [16] AlexNet, VGG19 architectures Multiple networks for DR 

diagnosis 
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Table 2.1: Summary of Related Works "Table Continued".

Zhang et al. [17] DenseNet169, DenseNet201, ResNet50 Feature extraction using various CNN 

architectures 

Bodapati et al. [18] Blended feature extraction from VGG16 

and Xception 

Fusion of features from different 

networks 

Pratt et al. [19] New CNN architecture Development of a new CNN-based 

network 

Canayaz [24] Deep learning models, metaheuristic 

algorithms (BPSO) 

Feature selection using BPSO in 

COVID-19 diagnosis 

Voets et al. [25] InceptionV3, ensemble learning AUC of 85.3% on Messidor-2 for 

NRDR-RDR classification 

Li et al. [26] InceptionV3, Chinese Hospitals dataset Accuracy of 93.49% on Messidor-2 

for RDR diagnosis 

Toledo-Cortés et 

al. [27] 

InceptionV3, deep learning Gaussian 

Process (GP) model 

AUC of 87.87% on Messidor-2 for 

RDR diagnosis 

Gurcan et al. [28] InceptionV3, XGBoost classifier Accuracy of 91.40% on Messidor-2 

for DR diagnosis 

2.3 CONCLUSIONS 

From this literature review, it is evident that researchers have explored a variety of methods 

and approaches for diagnosing diabetic retinopathy (DR) through the analysis of retinal 

images. Key findings and approaches include: 

a. Traditional Image Processing Techniques: Some early studies relied on traditional image

processing techniques, such as contrast enhancement, morphological transformations,
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and texture feature extraction using grey level co-occurrence matrices (GLCMs) for 

detecting blood vessels and hard exudates. 

b. Machine Learning Algorithms: Machine learning algorithms, such as Support Vector

Machines, Fuzzy C-Means clustering, and Extreme Learning Machines, have been

applied to extract features from retinal images and classify DR-related structures like

exudates, blood vessels, and microaneurysms.

c. Deep Learning: Convolutional Neural Networks (CNNs) have gained prominence in DR

diagnosis due to their ability to automatically extract features from retinal images.

Transfer learning, using pre-trained CNNs like AlexNet, VGG19, DenseNet, and

InceptionV3, has been particularly effective, especially when dealing with limited

datasets.

d. Ensemble Learning: Some studies have employed ensemble learning techniques to

improve classification accuracy, such as combining the features extracted from multiple

networks.

e. Feature Selection: Feature selection techniques have been explored to identify the most

relevant features for classification tasks, contributing to improved model performance,

reduced overfitting, and shorter training times. Metaheuristic algorithms like Binary

Particle Swarm Optimization (BPSO) have been applied for this purpose.

f. Dataset Utilization: Various datasets have been used for training and testing, with

Messidor-2 being a common benchmark. Additionally, some studies have used datasets

from specific hospitals or sources.

g. Performance Metrics: The studies report performance metrics such as accuracy, area

under the curve (AUC), and binary classifications (e.g., normal vs. DR).

h. Architectural Innovation: Some studies have proposed new CNN architectures tailored

for DR diagnosis.

this literature review reveals a broad range of methods and tools employed for the automated 

diagnosis of diabetic retinopathy, with a particular emphasis on deep learning and the 

significance of feature selection. Researchers aim to improve the accuracy and efficiency of 

DR diagnosis, especially given the challenges of limited datasets and the critical importance 

of early detection for patient care.] 
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3. THEORETICAL BACKGROUND

At this stage of the work, diabetic retinopathy will be discussed. Next, the object of study – 

the retina – will be briefly discussed and how the exam to obtain the diagnosis is currently 

performed. The second step is to understand what can be done to improve this whole 

procedure, using image processing and artificial neural networks, as well as evaluating the 

performance of the methods that can be used. 

3.1 DIABETES MELLITUS 

Diabetes Mellitus (DM) is a group of metabolic diseases characterized by hyperglycemia 

(excess blood glucose) resulting from defects in insulin secretion or action [8]. The chronic 

hyperglycemia of diabetes is linked to long-lasting damage, dysfunction and failure in 

various organs and systems, especially the eyes, kidneys, heart and blood vessels. 

Several pathogenic processes are involved in the development of DM. These range from the 

autoimmune destruction of pancreatic β cells, with consequent deficiency in insulin 

production, to abnormalities in the metabolism of carbohydrates, fats and proteins, which 

result in resistance to the action of insulin in its target. Deficient insulin action is a 

consequence of inadequate secretion and/or a decreased tissue response to insulin at one or 

more sites of hormonal action [8]. 

Long-term complications of diabetes include retinopathy with a high chance of vision loss; 

nephropathy leading to renal failure; peripheral neuropathy with risk of foot ulcers, 

amputations and Charcot joints; and autonomic neuropathy causing gastrointestinal, 

genitourinary, and cardiovascular symptoms. Patients with DM have a higher incidence of 

cardiovascular, peripheral arterial and cerebrovascular disease, as well as hypertension and 

abnormalities of lipoprotein metabolism [8]. 

The vast majority of DM cases fall into two categories: Type 1, the cause is β-cell destruction 

and usually a complete deficiency in insulin secretion, and Type 2, the cause is a combination 

of resistance to insulin action and a inadequate insulin secretory response, the second is the 

most recurrent. 

Global estimates indicate that 382 million people live with DM (8.3%) [9], and this number 

could reach 592 million in 2035 [10]. It is also believed that approximately 50% of 

individuals with diabetes are unaware that they have the disease. The study also indicates 
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that the incidence rate of the disease grew 61.8% in the last ten years [10]. The focus of this 

work will be on two complications from DM, diabetic retinopathy and the risk of macular 

edema, both complications occur in the eye. 

3.1.1 Diabetic Retinopathy 

Diabetic retinopathy (DR) is a disease that affects the small blood vessels present in the 

retina. It is the most frequent cause of new cases of blindness in adults between 20 and 74 

years [3]. During the first two decades of disease, almost all patients with type 1 diabetes 

and more than 60% of patients with type 2 diabetes have retinopathy [3]. 

The characteristics of the disease in its less advanced stage are the appearance of 

microaneurysms (small vascular dilations), hemorrhages and obstructed blood vessels, 

which means that several regions of the retina are without receiving oxygen and nutrients 

carried by the blood [11]. At a more advanced stage, there is an overgrowth of new blood 

vessels, the neovas, on the surface of the retina. This vessel growth is mainly due to the 

obstruction / rupture of old blood vessels. 

The neo vessels do not cause any symptoms or loss of vision in the person, but they are very 

thin and fragile, which can cause them to rupture and end up causing hemorrhages and 

consequently lead to blindness [12]. 

The duration of DM in the patient is probably the most influential factor in the incidence of 

DR. A study in Wisconsin - USA [13] showed that in the group of patients with three years 

of DM, only 8% had retinopathy, 25% with five years, 60% with 10 years and the prevalence 

of the disease in patients with 15 years of DM was 80%. 

There are treatment modalities that can prevent or delay the onset of diabetic retinopathy, as 

well as prevent vision loss in most patients with diabetes. Glycemic and blood pressure 

control can prevent and delay the progression of DR in patients with DM [14]. Timely laser 

photocoagulation therapy can also prevent vision loss in a large proportion of patients [14]. 

3.1.2 Macular Edema 

Macular edema is a disease caused by the deposit of fluid and proteins (hard exudates) on or 

under the macula of the eye, making it thicker and swollen. It is considered the main cause 

of vision loss in patients with DM [6]. 
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This occurs as a result of prolonged excess blood glucose from diabetes. This causes the 

blood vessels in the eyes to absorb more fluid, leading to swelling of the retina and loosening 

of the junctions between the cells in the blood vessel walls. Thus, there is an extravasation 

of blood and/or fat to the tissues around the retina, when this leakage is close to the macula, 

there is a greater risk of macular edema (REM) [15]. 

At the beginning of the disease, the patient may not experience any difficulty seeing, but 

over time blurring or distortion of vision may occur. Other symptoms are altered contrast 

sensitivity, change in color visualization, changes in the field of vision, as well as 

photophobia (sensitivity to light) [15]. The main treatment for macular edema is the drug 

ranibizumab, an inhibitor of the VEGF protein (Vascular Endothelial Growth Factor). This 

protein is responsible for the swelling of blood vessels in the presence of excess glucose. 

Another option is laser therapy, which involves cauterizing the broken blood vessels in the 

eye to stop the leak and reduce swelling. This method reduces the risk of disease progression, 

but does not restore lost vision. 

3.2 EXAMINATION OF THE RETINA 

Once the diseases that affect the retina are known, it is necessary to know how the exam is 

performed to verify if they are present, and this involves knowing the object of study – the 

retina, the medical devices involved, as well as the procedures. In this way, it is possible to 

indicate a way to facilitate the exams and the diagnosis. 

3.2.1 Structure of the Eye 

The eye is a photosensitive organ responsible for capturing images and perceiving light, that 

is, for vision. It is located inside a bone cavity and protected by the eyelid [16]. It consists of 

three layers: the outermost, formed by the sclera and the cornea; the middle layer, formed by 

the choroid and iris; and the innermost layer, which is made up of the retina (Figure 3.1). 
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Figure 3.1: Schematic of the Human Eye. 

The cornea is a transparent layer of tissue that sits at the front of the eye. It is a very thin 

layer. In addition to playing a role in the development of the eyeball, it also protects the 

spherical part of the eye from being damaged or polluted once it has already been formed. 

The sclera is a white covering that serves as a protective layer that surrounds the eye. It is 

also known as the sclerotic membrane. The function of this structure is to encircle the eye. 

In addition to its function as a site for the attachment of extraocular muscles, it also serves 

as a barrier to limit the loss of intraocular fluid. This function is performed in conjunction 

with the attachment of extraocular muscles. Collagen fibers make up the majority of its 

structure. Between the sclera and the retina lies a membrane called the choroid that is full 

with blood vessels. This membrane is made of membranous tissue. It may be found at the 

posterior region of the eye. They are in charge of supplying the retina with food in order to 

keep it healthy. The iris is the component of the eye that is placed behind the pupil and is an 

extension of the choroid that covers the lens. The color of the eye is determined by the iris, 

which is positioned in the back of the eye. Along with a central aperture, its structure also 

includes smooth muscles, which are responsible for controlling the quantity of light that is 

let into the eye. A hole in the eye known as the pupil, which is a circular aperture in the 

centre of the iris, is how light is allowed to enter the eye. Its diameter moves between about 

2 and 4 millimeters as a result of variations in the light that is present in its environment. The 
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component that is responsible for controlling how light is focused is a structure that is known 

as a lens or crystalline. When combined, water, proteins, and minerals may generate a 

biconvex lens that is naturally elastic in its characteristics. It stands out due to the fact that 

its format shifts, which enables it to focus on items that are situated at a variety of distances 

from the camera. The optic nerve is the nerve that is responsible for sending visual 

information from the eye to the brain. It is located at the back of each eye. It is possible that 

there are around one million axons that make up the whole thing. The retina, which is an 

area located in the central section of the back of the eye, is where photoreceptor cells can be 

found. These cells are important for collecting visual information and are located in the rear 

of the eye. This is the region that receives the most light, and it is also the location where the 

nerve impulses that are sent to the central nervous system are generated. Due to the fact that 

the retina is the focus of the research presented in this paper, further information on the 

anatomy of the retina may be found below. adjusting their behavior in response to the 

changing light conditions. The component that is responsible for controlling how light is 

focused is a structure that is known as a lens or crystalline. When combined, water, proteins, 

and minerals may generate a biconvex lens that is naturally elastic in its characteristics. It 

stands out due to the fact that its format shifts, which enables it to focus on items that are 

situated at a variety of distances from the camera. The optic nerve is the nerve that is 

responsible for sending visual information from the eye to the brain. It is located at the back 

of each eye. It is possible that there are around one million axons that make up the whole 

thing. The retina, which is an area located in the central section of the back of the eye, is 

where photoreceptor cells can be found. These cells are important for collecting visual 

information and are located in the rear of the eye. This is the region that receives the most 

light, and it is also the location where the nerve impulses that are sent to the central nervous 

system are generated. Due to the fact that the retina is the focus of the research presented in 

this paper, further information on the anatomy of the retina may be found below. adjusting 

their behavior in response to the changing light conditions. The component that is 

responsible for controlling how light is focused is a structure that is known as a lens or 

crystalline. When combined, water, proteins, and minerals may generate a biconvex lens that 

is naturally elastic in its characteristics. It stands out due to the fact that its format shifts, 

which enables it to focus on items that are situated at a variety of distances from the camera. 

The optic nerve is the nerve that is responsible for sending visual information from the eye 
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to the brain. It is located at the back of each eye. It is possible that there are around one 

million axons that make up the whole thing. The retina, which is an area located in the central 

section of the back of the eye, is where photoreceptor cells can be found. These cells are 

important for collecting visual information and are located in the rear of the eye. This is the 

region that receives the most light, and it is also the location where the nerve impulses that 

are sent to the central nervous system are generated. Due to the fact that the retina is the 

focus of the research presented in this paper, further information on the anatomy of the retina 

may be found below. When combined, water, proteins, and minerals may generate a 

biconvex lens that is naturally elastic in its characteristics. It stands out due to the fact that 

its format shifts, which enables it to focus on items that are situated at a variety of distances 

from the camera. The optic nerve is the nerve that is responsible for sending visual 

information from the eye to the brain. It is located at the back of each eye. It is possible that 

there are around one million axons that make up the whole thing. The retina, which is an 

area located in the central section of the back of the eye, is where photoreceptor cells can be 

found. These cells are important for collecting visual information and are located in the rear 

of the eye. This is the region that receives the most light, and it is also the location where the 

nerve impulses that are sent to the central nervous system are generated. Due to the fact that 

the retina is the focus of the research presented in this paper, further information on the 

anatomy of the retina may be found below. When combined, water, proteins, and minerals 

may generate a biconvex lens that is naturally elastic in its characteristics. It stands out due 

to the fact that its format shifts, which enables it to focus on items that are situated at a variety 

of distances from the camera. The optic nerve is the nerve that is responsible for sending 

visual information from the eye to the brain. It is located at the back of each eye. It is possible 

that there are around one million axons that make up the whole thing. The retina, which is 

an area located in the central section of the back of the eye, is where photoreceptor cells can 

be found. These cells are important for collecting visual information and are located in the 

rear of the eye. This is the region that receives the most light, and it is also the location where 

the nerve impulses that are sent to the central nervous system are generated. Due to the fact 

that the retina is the focus of the research presented in this paper, further information on the 

anatomy of the retina may be found below. The optic nerve is the nerve that is responsible 

for sending visual information from the eye to the brain. It is located at the back of each eye. 

It is possible that there are around one million axons that make up the whole thing. The 
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retina, which is an area located in the central section of the back of the eye, is where 

photoreceptor cells can be found. These cells are important for collecting visual information 

and are located in the rear of the eye. This is the region that receives the most light, and it is 

also the location where the nerve impulses that are sent to the central nervous system are 

generated. Due to the fact that the retina is the focus of the research presented in this paper, 

further information on the anatomy of the retina may be found below. The optic nerve is the 

nerve that is responsible for sending visual information from the eye to the brain. It is located 

at the back of each eye. It is possible that there are around one million axons that make up 

the whole thing. The retina, which is an area located in the central section of the back of the 

eye, is where photoreceptor cells can be found. These cells are important for collecting visual 

information and are located in the rear of the eye. This is the region that receives the most 

light, and it is also the location where the nerve impulses that are sent to the central nervous 

system are generated. Due to the fact that the retina is the primary focus of this study 

endeavor, a more in-depth examination of its structure may be found farther below. 

a. Retina:

The retina is a structure made up of light-sensitive cells (cones and rods), which capture the 

projected images, as well as neurons, which send what was captured to the brain through the 

optic nerve [18]. An extremely important region of the retina is the macula, as it contains a 

greater concentration of cones, which makes the images projected there have greater 

sharpness. Cones are specialized for daytime vision and color recognition. The fovea is a 

small depression present in the macula. The optic disc corresponds to the entrance zone of 

the optic nerve, that is, the point where the optic nerve expands into the retina. This point 

has the appearance of a small whitish disc, on which the blood vessels supplying the eye are 

clearly outlined (Figure 3.2). Rods are absent in the macula and are mostly concentrated at 

the periphery of the retina. In poorly lit environments, they are able to capture images, 

differentiate shades of light and dark, in addition to differentiating movements and shapes of 

images. 
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Figure 3.2: Retinal Structure. 

Once the structure of tleadsetina is known, it is necessary to know how to take a picture so 

that an analysis of the pathophysiological state of the eye can be made, as obstructions and 

death of retinal cells lead a person to vision loss. 

3.2.2 Fundoscopy 

Fundoscopy is an imaging test that photographs areas of the back of the eye, such as the 

retina, choroid, optic nerve, and blood vessels [19]. Observation of the fundus of the eye is 

important to aid in the diagnosis and treatment of eye diseases, to document abnormalities 

and evolution of lesions, as well as to monitor the effectiveness of proposed treatments [20]. 

To perform the exam, the patient's pupil is usually dilated, then several pictures are captured 

through an ophthalmoscope. After somewhere around 7-10 minutes, the images are printed 

for evaluation. The ophthalmologist can also only use a suitable lens to look directly into the 
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back of the patient's eye, in this way he can make a quick diagnosis if the retina is healthy, 

but images are not recorded.  

3.3 IMAGE PROCESSING 

The images recorded for standard exams are sometimes noisy and with poor contrast, in 

addition to the lighting not being uniform [21]. Therefore, image enhancement techniques 

such as contrast and brightness enhancement are necessary. Standard contrast adjustment 

techniques have already been used by Sinthanayothin, et al. [22], Osareh, et al. [23] and 

Goldbaum, et al. [24] and were replicated in the way the author found most appropriate in 

this work. In addition to contrast and brightness, which affect the lighting of the images, two 

other image processing processes were tested, Equalization and Gray Scale, so that an 

analysis could be made considering certain characteristics. These two techniques were not 

found in any work until the date of publication of this dissertation. Some enhancement 

techniques for certain traits (eg, microaneurysms) are available in Walter's work [25], and 

can also be taken into account for some future work. Another proposal for processing is to 

work with image colors [26], because according to Patwari, et al. [27], each retinal lesion 

has its specific color. 

3.3.1 Brightness 

An image must have a good brightness so that it is easy to identify. Brightness refers to the 

overall amount of lightness or darkness present in an image. When the brightness of an image 

is too high, saturation of white pixels in the image occurs. If the brightness is too low, the 

saturation is from the black pixels. 3 Difference in brightness in an image, in (a) the original 

image, in (b) the image with high brightness and in (c) the image with low brightness.   

Both images with a lot of brightness and with little end up having a loss of information in 

the areas where there is pixel saturation, so it is extremely important to correctly adjust the 

brightness level in a photo. 
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Figure 3.3: Brightness Adjustment in Image Processing. 

3.3.2 Contrast 

Contrast in an image is related to the brightness or darkness in the image between an area of 

interest and its background neighborhood [29]. 

Figure 3.4: Example of Contrast Variation in an Image. in (A) a Bear in the Snow, in (B) a Rabbit 

in the Snow. 

In Figure 3.4 it is shown how the contrast can vary depending on this relationship between 

the optical densities of the object and the surroundings. It is easy to notice that the bear stands 

out much more in the snow due to its darker color, while the rabbit can even get confused in 

some part of the image. This difference makes it possible to visualize different structures. 

When there is little lighting at the time of image acquisition, short exposure time, insufficient 

opening of the camera diaphragm or other problems in image digitization, the images 

generated may have low contrast [30]. The low contrast in a scene can make it difficult to 

differentiate the elements that make up that image. When adjusting the contrast of an image, 
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what happens in the photo is that the shadows are very dark and the bright areas with more 

highlights [31]. 

3.3.3 Equalization 

Equalization is nothing more than image normalization [32]. It redistributes the intensities 

of each pixel in the image so that their histogram (graphical representation of the number of 

pixels associated with each gray level present in an image) is as uniform as possible [33]. It 

often improves the visual quality of the image.  

Figure 3.5: Example of Histogram Equalization on a Black and White Image. In (A) the Image and 

the Histogram are Observed Before the Equalization and in (B) After. 

3.3.4 Black and White 

Black and white processing is nothing more than transforming a color image into its 

equivalent without apparent colors, just different shades of gray [34]. The darkest possible 

tone is black, where there is no light, and the lightest possible tone is white, where all light 

is transmitted or reflected. The information contained in each pixel is then shifted from color 

to light intensity to some shade of gray. Considering an RGB (red-green-blue, or, red-green-

blue) system and a CMY (cyan- magenta-yellow, or, cyan-magenta-yellow) system, it is 

possible to transform an image with these colors into a black and white image. removing the 

intensity of these pigments in each pixel. The scale used in the work was between -200 and 
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300, which means that if we define that all RGB and CMY levels are transformed to -200, 

the entire image will be black. 

Figure 3.6: Example of Transforming a Color Image (A) into its Black and White Equivalent (B) 

Default Transformation Used. 

3.4 ARTIFICIAL NEURAL NETWORK 

Artificial neural networks (ANN) are computational techniques that present a mathematical 

model inspired by the neural structure of intelligent organisms and that acquire knowledge 

through experience. It is composed of several processing units, whose operation is quite 

simple. These units are usually connected by communication channels that are associated 

with a certain weight. It is possible to train an artificial neural network to perform a specific 

function by adjusting the connection weights. Usually artificial neural networks are trained 

so that a certain input leads to a specific result in the output. The units perform operations 

only on the inputs received by their connections. The intelligent behavior of an ANN comes 

from the interactions between the processing units of the network. They have a wide variety 

of applications, some examples are: Automatic Target Recognition; Character Recognition; 

Cars-autonomous; Medical diagnostic; Remote sensing; Voice Processing; Biometry; Data 

analysis (Data Mining). 
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3.4.1 The Neuron Model 

In this section basic ANN concepts will be shown, starting with the simple neuron model, 

with only one scalar input; then three examples of activation functions; and finally, a neuron 

model that has an input vector.  

a. Simple Neuron

A scalar input p is transmitted by the connection that multiplies its value by a scalar weight 

w, forming the product wp. In Figure 3.7(a) the input wp is just an argument of the 

activation function f, producing the output a. Figure 3.7(b) has a special scalar “bias” neuron 

b, which serves to increase the degrees of freedom, allowing a better adaptation, by the 

neural network, to the knowledge provided to it. The bias works similar to a weight, except 

that in this case its value is constant and equal to 1. 
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Figure 3.7: Simple Artificial Neuron. Where P is the Scalar Input, Wis the Scalar Weight, N is the 

Activation Function Argument, F is the Activation Function, a is the Output, and B is the Neuron 

Bias. 

b. Neuron with an input vector

For an input vector with R elements, each of these elements will be multiplied by a weight 

w_(1, j), 1≤j≤R. The neuron has a bias b, which is added to the input weights (Wp) forming 

the network input n, which is the activation function argument. 
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Figure 3.8: Neuron with an Input Vector. Where P_1…P_R are the Inputs, W_1,1…W (1,R) are 

the Weights, N is the Activation Function Argument, F is the Activation Function, A is the Output, 

B is the Neuron Bias and R is the Number of Input Elements. 

3.4.2 Network Architecture 

Two or more neurons can be combined in one layer, and a particular network can contain 

one or more layers. A one-layer network of neurons with R input elements and S neurons is 

shown in Figure 3.9. 
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Figure 3.9: Network with One Layer. Where P_1…P_R are the Inputs, W_1,1…W_(S,R) are the 

Weights, N_1…N_S are the Arguments of the Activation Functions, F are the Activation 

Functions, A_1…A_S are the Outputs, B_1…B_S are the Bias Neurons, R is the Number of Input 

Elements. 

In this case, each input element p is connected to each neuron input by the matrix weights 

W. The i-th input of the transfer function (n_i) is the multiplication of each element by the

weight (Wp), added to the bias (b ) of neuron i. The layer of output neurons will form a 

column a vector (Equation 1 and 2). 

𝑛𝑖 = ∑  𝑅
1 𝑝𝑅 ∗ 𝑤𝑖,𝑅 + 𝑏𝑖 (3.1) 

         𝑎𝑖 =𝑓(𝑛𝑖)   (3.2) 

A multi-layer network will have a weight matrix W, a bias vector b and an output vector a 

for each layer. The network will then have R^1 inputs, S^1 neurons in the first layer, S^2 

neurons in the second layer until𝑆𝑖neurons in the i-th layer. Since the superscript number 

represents which layer is being approached. 
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Figure 3.10: Network with Several Layers. 

Where the inputs are represented by the letter p, the weights by w, n are the arguments of the 

activation functions, f are the activation functions, a are the outputs, b are the bias neurons, 

R is the number of input elements and S is the number of neurons. 

The output of each intermediate layer is the input of the next layer. Then layer two can be 

analyzed as a one-layer network with S^1 (number of neurons in the first layer) inputs, S^2 

(number of neurons in the second layer) neurons, and a matrix of weights W^2 (weights in 

the second layer). second layer) with dimensions S^2xS^1, that is, the weight matrix varies 

from W_1,1^2 to W_(S^2,S^1)^2. The second layer inputs are a^1 (first layer outputs) and 

the outputs are a^2 (second layer outputs). It is possible to treat all layers of a multi-layer 

network as a one-layer network, just identify its elements in the same way as the elements 

of the second layer. 

The layers of a multilayer network have specific names. The layer that produces the network 

output is called the output layer and the others are called hidden layers. In Figure 3.10, for 

example, layer three is the output layer and layers one and two are the hidden layers. 

The architectures shown in this theory are the basics for the formation of a neural network, 

from which other associations and multiplications in the layers can happen, such as a 

concatenation, which is when several outputs form only one, or some feedback loop, when 

an output goes to the entry itself, as well as many other possible combinations within a 

network. 
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3.4.3 Supervised Learning 

One of the learning methods of a neural network is supervised. It is a process that consists 

of providing as much information as possible about what is for the network to classify. A 

ready database is delivered to a learning algorithm and a person (supervisor) tells this 

algorithm which class each of these data belongs to [36]. From this, a learned model is 

generated, the artificial neural network. 

To exemplify, imagine that a database has 300 images of dogs and 300 images of cats, the 

objective is to create a model that knows how to classify between dog and cat. These images 

are then delivered to a learning algorithm with the information of which class each image 

belongs (Dog or Cat), in this way the network will remove the characteristics of each image 

during its training, with the purpose of discovering what is only in the images of dogs and 

what is present only in cats, creating your own model. So when you want to find out if a 

photo is a dog or a cat, you just need to present it to the created model, which, based on the 

characteristics of the image, will classify it. 

Figure 3.11: Example of a Neural Network Classifying Between Dog and Cat. 

3.5 PERFORMANCE EVALUATION 

Performance evaluation is an important step in the analysis of biomedical systems and 

should always be considered before any algorithm can be used to aid medical diagnosis. In 

this case, performance can be evaluated from the ability of neural networks to correctly 
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classify patients in their different degrees of diabetic retinopathy and risk of macular edema. 

The indicators in Table 3.1 are True Positives (TP), False Positives (FP), False Negatives 

(FN) and True Negatives (TN).  

Table 3.1: Confusion Matrix. 

actual condition 

Positive Negative Total 

Condition 

predicted 

Positive 

TRUE 

Positives 

(TP) 

False 

Positives 

(FP) 

Positives (TP 

+ FP)

Negative 

False 

negatives 

(FN) 

TRUE 

negatives 

(TN) 

Negatives 

(FN + TN) 

Total 

Positives 

(TP + FN) 

negatives 

(FP + NV) 

For the case of Diabetic Retinopathy, the number associated with TP represents how many 

images were classified as grade 1, 2 or 3 by the neural networks when in fact the patient has 

the disease; FP represents how many images were classified as grade 1, 2 or 3 by the neural 

networks, but the patient has a healthy retina; FN are how many images of grade 1, 2 or 3 

that were considered without the disease; and TN is the number of grade 0 images that were 

actually classified as a patient with a healthy retina. 

For the risk of Macular Edema, the number associated with PV represents how many images 

of risk 1 or 2 were classified by the neural networks when in fact the patient was at some 

degree of risk; FP represents how many images were classified as risk 1 or 2 by the neural 

networks, but the patient is not at risk for macular edema; FN are how many images of grade 

1 or 2 that were considered as patients without grade of risk; and TN is the number of grade 

0 images that were actually considered as a patient without this risk. 
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The most common performance indices are calculated using data related to patients and the 

results of tests performed, represented in the contingency table. These indices are sensitivity, 

specificity, positive predictive value, negative predictive value and accuracy, as well as the 

ROC curve to evaluate these indices. 

3.5.1 Sensitivity 

Sensitivity is an important index of diagnostic tests. It indicates the ability of a test to detect 

the disease when it is present. A low sensitivity rate demonstrates that the test is not capable 

of detecting the disease in a truly sick subject. Sensitivity is calculated through Equation (3). 

   Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (3.3) 

3.5.2 Specificity 

Like sensitivity, specificity is also an important index of diagnostic tests. It refers to the 

ability of a test to indicate as not sick subjects who are actually not sick. A test that has low 

specificity indicates a disease present in non-diseased subjects. Specificity is calculated by 

Equation (4). 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁

Sensitivity =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (3.4) 

Specificity=
𝑇𝑃

𝑇𝑃+𝐹𝑁

3.5.3 Positive Predictive Value (PPV) 

The Positive Predictive Value indicates the probability that a positive result is a True 

Positive, that is, it shows the probability of the disease being present when the test result is 

positive for the disease. The VPP is calculated by Equation (5). 

𝑉𝑃𝑃(%) =
𝑉𝑃

𝑉𝑃+𝐹𝑃
∗ 100 (3.5) 



41 

3.5.4 Negative Predictive Value (VPN) 

The Negative Predictive Value indicates the probability that a negative result is a True 

Negative, that is, it shows the probability of the disease not being present when the test result 

is negative for the disease. The VPN is calculated by Equation (6). 

𝑉𝑃𝑁(%) =
𝑉𝑁

𝐹𝑁+𝑉𝑁
∗ 100      (3.7) 

3.5.5 Accuracy 

Accuracy is the ability of a measurement to be correct. Indicates the union of TP and TN 

results in individuals with and without the disease. The accuracy index is calculated by 

Equation (7). 

 (3.8) 

3.5.6 ROC Curve 

ROC is the acronym for “Receiver Operating Characteristic”, or efficiency of the signal 

reception operator. It indicates the ability of an observer, in this case artificial neural 

networks, to correctly classify data. 

Sensitivity and specificity are probabilities that measure the diagnostic accuracy of a 

classifier, therefore, a value between zero and one. Both are part of the criterion known as 

validity, the degree to which the test or procedure identifies what it was designed to identify. 

Any test or procedure must be validated in order to be reliable, and this is based on comparing 

it with previously classified samples with great precision. 

The validity of a diagnosis lies in the ability of the operator to detect the greatest possible 

number of hits (true positive results) and minimize errors (false positive results). In other 

words, maximizing sensitivity and minimizing false positive diagnoses. This is conveniently 

evaluated using the ROC curve, plotting all sensitivity values (the proportion of true hits) on 

the y-axis, against the values corresponding to the proportion of false hits (calculated as 1 - 

specificity), on the x-axis. 
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Area Under Curve (AUC) ROC is an important indicator because it provides a measure of 

overall accuracy independent of a particular threshold. It is a measure of the discriminative 

ability of a test, that is, the ability of a test to correctly classify those with and without the 

disease. In other words, if we draw at random one case with the disease and one without the 

disease from the population, the area under the curve gives us the probability of correctly 

classifying this pair. If the AUC is less than 0.5, the test is not valid, as the correct answers 

and errors enter in the same proportion, that is, they happen by chance. 

It is not necessary to compare one test with another to assess whether a procedure is reliable 

or not, just use the following estimate to assess the ability to correctly identify a condition 

using the AUC of the ROC curve 

[39]: 

a. Above 0.9 = Excellent

b. 0.8 - 0.9 = Good

c. 0.7 - 0.8 = Regular

d. 0.6 - 0.7 = Bad

0.5 - 0.6 = Failed 



43 

4. METHODOLOGY

Automatic diagnosis of DR would help clinicians in screening for the disease, by introducing 

computer vision tools. However, there is no clinically deployed solution yet. 

In this chapter, we detail the methods used to carry out this diagnosis. First, we discuss the 

fundus image quality assessment model. Then, we present the algorithms realized to perform 

the automatic screening. Finally, we investigate the importance of quality in training and 

testing screening models. 

4.1 IMAGE QUALITY 

The objective of this section is to establish an algorithm for evaluating the quality of fundus 

images. This algorithm is inspired by SGDRS and the way clinicians assess fundus images. 

These images can be divided into two categories, usable for screening or not depending on 

their quality. A good quality image contains the macula as well as the blood vessels around 

the fovea. The goal of the algorithm is to segment these two regions of interest and thus to 

give an interpretable score on the quality of the image. First the macula and vessel 

segmentation is performed independently, then a score is calculated on a region around the 

macula in the image where the vessels are segmented. 

Two different U-Nets [14] are used for macula and vessel segmentation in the fundus image. 

These two models are trained independently and have different architectures. 

Algorithm 1 and Figure 3.1 present the entire image quality evaluation method. 

An article published in the ICIAR 2020 conference presenting this method is available in 

appendix A. 
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Figure 4.1: Flow Chart Detailing the Complete Process of the Fundus Image Quality Assessment 

Method. 

4.1.1 Pre-Processing 

Both U-Nets use the same pre-processing of fundus images. This pre-processing consists of 

the application of a Contrast-Limited Adaptive Histogram Equalization (CLAHE) function 

in the LAB color space. This is an effective and commonly used method to increase the 

quality of retinal images [41]. Indeed, the presence of noise from uneven illumination in 

fundus images can affect model performance. The CLAHE function reduces the effect of 
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this noise by improving the contrast of the image. This makes it possible to better perceive 

important characteristics of the fundus images, such as blood vessels for example. 

4.1.2 Segmentation of the Macula 

A U-Net is used to segment the macula on the image after pre-processing. The architecture 

and the strategy used are identical to those used by Ronneberger et al. in [14]. This model is 

then trained on 2000 images from the manually annotated Kaggle 2015 database. 

A mean shift algorithm then makes it possible to locate the center of the macula and reduce 

segmentation errors. This algorithm groups the pixels activated by the U-Net according to 

their location. The pixels corresponding to the macula are therefore grouped together and 

the center of this group is calculated. This mean shift algorithm also makes it possible not to 

hold Algorithm 1: The complete process of the method. 

Result:Image Score image = 

Image.open(fundusImage) 

preprocessed_image = 

preprocess(image) 

unet_macula = load_unet(model_macula) unet_vessels = 

load_unet(model_vessels) 

macula_segmented = unet_macula(preprocessed_image) x, 

y = mean_shift(macula_segmented) vessels_segmented = 

unet_vessels(preprocessed_image) 

patch = extract_patch(vessels_segmented, x, y) 

skeleton = skeletonize(patch) score = 

sum(skeleton) return score. 

account of U-Net segmentation errors in the calculation of the center of the macula because 

these errors will not be grouped with the macula. If the macula cannot be segmented, the 

image is automatically classified as unusable. Figure 3.2 presents the results of the algorithm 

on a few macula segmentation images. 
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4.1.3 Segmentation of Vessels 

The model performing the vessel segmentation is also a U-Net but with a different 

architecture from the original. Compared to the model presented in [14], this model has: 

Figure 4.2: Mean Shift Algorithm for Locating the Center of the Macula. in Red, the Center of the 

Spot Found in the Images in Green, the Center of Groups of Pixels that are not the Macula. 

twice as many layers and half as many features per layer. This reduces overfitting and widens 

the receptive field. This U-Net model is trained on 20 images from the DRIVE database [42] 

and on 100 images from the Messidor database [43]. This model is trained on 100 epochs 

with the ADAM optimizer [44]. Also, the following data augmentations were used: rotations 

of the image following a uniform law between -180 and +180 degrees, horizontal flips of 

the image with probability 0.5, random selection of a region centered on a pixel of vessel 

with a size of 516x516 pixels, change of contrast according to a normal law of standard 

deviation 0.4 and change of gamma according to a normal law of standard deviation 0.15. 

This template is used to segment the vessels on the original image after pre-processing. The 

results can be seen in Figure 4.3(c). 

4.1.4 Image Quality Assessment 

The coordinates of the center of the macula are utilized as a starting point in order to isolate 

the region of the image that contains the vasculature. This region is concentrated on the 

macula and contains the minuscule vessels that are seen in the area around the fovea. The 

macula is not visible in this photo because just the vessels have been segmented rather than 

both the vessels and the macula. 
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According to the SDRGS, the distance that this region should span from the center of the 

macula should be equivalent to the diameter of one optic disc. This recommendation was 

made to ensure that patients have the best possible vision. In order to reach a judgment on 

the size of the area, we carried out an examination by hand to determine the average diameter 

of the optic disc shown in the fundus photographs. We have discovered that there is very 

little change in the size of the optical disc; hence, it is possible to keep a constant value for 

the diameter of the optical disc. This was discovered as a result of our findings that there is 

extremely little fluctuation in the size of the optical disc. This number corresponds to about 

12.5% of the overall dimensions of the picture when they were initially measured out. In 

order to cover a distance that is equivalent to the diameter of the optic disc from the center 

of the macula, the size of the extracted region is thus 25 percent of the height and 25 percent 

of the breadth of the original image. This is done in order to ensure that the extracted area is 

of sufficient size. As a result, the dimensions of the extracted area are one quarter of the 

height and one quarter of the breadth of the original picture. There is a possibility that an 

increase in the propagation of errors may occur if an additional way to segment the optical 

disc in order to get a number that is more accurate than this constant value was implemented. 

This is because making a mistake while segmenting the optical disc would lead to making a 

mistake when establishing the size of the region, which would then lead to making a mistake 

when computing the overall image quality rating. The results may be seen here, and they are 

shown in Figure 4.3(d), which can be found here. 

After that, a skeletonization of the region is performed, and it includes the smaller vessels 

that are close to the fovea. This has the effect of lessening the impact that really large ships 

have and shifting the attention more toward the total number of ships that can be seen as 

well as the length of those ships. Additionally, an explanation for this is provided by Hunter, 

et al. in reference (19). As a direct consequence of this, the number of false positives has 

reduced, which is advantageous considering the frequency with which artifacts are 

incorrectly classified as vessels. The skeletonization process leads to a considerable 

reduction in the weight that those criteria have in determining the final score. Finally, the 

number of remaining white pixels is used to obtain the final score. 
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Figure 4.3: Details of the Quality Detection Algorithm on a Good Quality Image. 

This score is an interpreted indication of the image's overall quality that may be found here. 

If you obtain a score of zero, it means that the macula was not segmented by the first U-Net 

or that there is not a vessel present in the region that is focused on the macula. Both of these 

possibilities are possible depending on whether or not the area was segmented. In any of 

these two possible outcomes, the image lacks the necessary level of detail to be utilized in 

the DR screening procedure. If you have a high score, it implies that a considerable number 

of long vessels have been segmented around the fovea. If you have a low score, it shows the 

opposite. This indicates that the picture quality is sufficient enough to assess the degree to 

which the dynamic range (DR) of the image has been increased. In point of fact, in order to 

help diagnosis, the image quality around the fovea has to be acceptable. 

After that, we will need to settle on a cutoff point before we can assign letter grades to the 

images based on the quality of the shot as a whole. The amount of blood vessels that ought 

to be seen in the region around the fovea is not discussed in the SDRGS. This parameter's 

value is believed to be subjective since it seems to vary not only from one image to the next 

but also from one clinician to another. In order to ascertain what the appropriate level of this 

threshold should be, we had a medical professional review a database including fifty 

different images. After that, we determined the cutoff point that provided the most accurate 

reflection of the evaluations provided by the medical professionals by utilizing this test 

database. The value of 500 white pixels was maintained as the threshold in the picture of the 

skeleton of the vessels in the region around the fovea. This was done so that the image could 

be properly analyzed.  
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The threshold might cause an increase in the number of false negatives while at the same 

time causing a decrease in the number of false positives. Because we have access to several 

images of the same patient, determining the degree to which the DR has shown itself only 

requires a single image of appropriate quality. As a result, accuracy is the measure that is 

the most important for us to take into consideration because it allows us to achieve our goals. 

It is not as important to find every picture of exceptional quality as it is to determine with 

complete assurance that the photos that have been discovered are of high quality. 

4.2 IN CONNECTION WITH THE CATEGORIZATION 

Image categorization is a problem that has to be solved in order to automatically identify 

DR. In point of fact, the problem is in establishing a connection between the severity of the 

illness and the way it is portrayed. Table 4.1 presents information on the severity of the 

condition. These values will be referred to as ranging from 0 (indicating that there is no 

detectable DR) to 4 (indicating that there is a proliferation of DR) for the purpose of brevity 

and clarity. In the next section, we are going to study the process of developing a deep 

learning model that is capable of screening fundus images for diabetic retinopathy (DR). In 

order to do this, we will first present a summary of the several models that were constructed 

for the Kaggle 2019 competition, and then we will proceed to provide a full explanation of 

the approaches that were studied. 

4.2.1 DATASET 

We trained different networks in the Kaggle APTOS 2019 competition [31]. A training 

database of 3662 images with labels was provided. Figure 4.4 illustrates the distribution of 

classes in this database. We notice that the base is not balanced, the prevalence of class 0 is 

important. 

During this Kaggle competition, a public and private ranking system has been implemented. 

A team could submit up to 5 submissions per day and a public score was revealed for each 

submission. This public score is calculated on 15% of the test database. The remaining 75% 

is used to calculate the private score which is revealed only at the very end of the 

competition, corresponding to the final score. The public score could therefore be used as 

validation of the models throughout the competition. After the competition ended, the 
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private scores of all submissions were revealed. These scores will be used to compare the 

different models used. 

4.2.2 Model 

a. Pre-treatment

During this competition, we studied the importance of pre-treatment in diagnosing DR. The 

pre-processing used is described by a member of the competition on the Kaggle site [45]. 

This is a pre-treatment inspired by that of the winner of the 2015 competition, Benjamin 

Graham [46]. This pre-processing consists of subtracting the local average color using a 

Gaussian blur filter. The images are also cut to keep only the eye and they are resized to 

have the same size. Figure 4.5 shows examples of images after pre-processing. 

b. Data increase

The transformations that we have applied are the following: horizontal and vertical flipping 

of the image, horizontal and vertical translation, rotation and enlargements. Figure 4.6 shows 

examples of the different types of increases used in training. Data augmentation is used to 

generate new data from a database. In general, the performance of a model can increase with 

the number of different data, so different databases can also be merged to create a larger 

database. These databases must be similar for the merger to be beneficial. The 2019 Kaggle 

Eyepacs competition training base [30] 
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Figure 4.4: Distribution of Images According to DR Severity in Images From the 2019 Kaggle 

Training Database. the Proportion of Images is not Balanced, Class 0 is in the Majority. 

has more than 30000 fundus images similar to those of APTOS 2019 competition. Moreover, 

the level gradation system is identical, which makes base merging possible. Increasing the 

size of the training database as well as performing data augmentations allows the model to 

generalize better and thus achieve better results. 

c. Regression and Classification

This competition presents a classification problem, since it involves dividing the images into 

different discrete categories defined by the level of DR in the images. However, a regression 

approach can also be approached. Regression is all about predicting a real number. Unlike 

discrete classification prediction, regression prediction is continuous. Here, DR is classified 

into 5 levels. The levels are progressive (0 to 4) and the regression aims to make this 

progression continuous.  

Classification and regression methods obtain similar results, despite their different 

approaches. It is difficult to interpret these results, arguments support both methods. The 

classification method follows the approach of clinicians and SDRGS by classifying images 

according to 5 categories. The regression method takes into account the order of the classes 

and has a loss function more suited to the measurement of the quadratic kappa Indeed, the 
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root mean square error and the root kappa measure a distance between the solution and the 

prediction. If a class 4 is predicted by the 

Figure 4.5: Example of Data Augmentation on an Image From the Kaggle 2019 Database the 

Following Augmentations are Performed: Horizontal and Vertical Flips, Enlargements, Rotation, 

Translation. 

regression model when the expected value was 0, the error will be greater than if the 

prediction was 1. This notion of distance is not present in the loss function used by the 

classification However, the prediction of the regression method has no real clinical 

interpretation since this prediction is a real number which must then be rounded to an integer 

value between 0 and 4. Both methods seem to be adapted to the problem, these approaches 

will then be grouped in a set model for their complementarity. 

d. Architecture

Several types of ResNets [10] and EfficientNets [11] were trained during this competition. 

These convolutional networks are used for the classification of natural images, on databases 

such as ImageNet for example. This allows us to use transfer learning. It involves using the 
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weights from the pre-trained networks on ImageNet and modifying them to perform a 

different task. Indeed, networks trained on ImageNet learn certain representations and 

characteristics of natural images. These features can also be useful for DR classification, so 

training a model from the learned weights on ImageNet can improve the results. 

The different architectures used are as follows: EfficientNet-B3, EfficientNet-B4, 

EfficientNet-B5, EfficientNet-B6, ResNet-50, ResNet-101. 

e. Learning

We used the ADAM optimizer for learning, along with a learning rate planner. The latter 

makes it possible to modify the learning rate when the model no longer improves its 

validation score. It is therefore a question of reducing the learning rate to allow the network 

to make more precise modifications and thus improve the results. 

Also, we have developed a learning strategy which consists in first training the network on 

the Kaggle 2015 training database composed of approximately 30,000 images for 20 epochs. 

The validation during this first learning phase is the Kaggle 2019 database. The best network 

on this first training phase will then be used as the start of a second training on the Kaggle 

2019 training database. This method allows the network to learn on a large database while 

specializing in the images of the competition in question. 

f. Transfer methods

We first carried out the learning of the different networks. Then we applied the data 

augmentation method during the test phase to some networks. Then, we grouped four 

networks to create an ensemble model. This model performs the prediction of an image by 

calculating the rounding of the average of the predictions of the networks which constitute 

it. In order to increase the variability, we grouped networks with different architecture 

(EfficientNet-B3, B4 and B5), different objectives (classification and regression) and 

different input image resolution (300, 380 and 456) . 

First, we filtered the poor quality images in the Kaggle 2015 training database to compare 

the training of two identical models on the original database and the database containing 

only good quality images. We used models that have proven their effectiveness during the 

Kaggle 2019 competition summarized in the previous part. This is why the architecture 

chosen for this experiment is an EfficientNet-B5 model. The objective of the model is 

classification and it is trained on 25 epochs with an ADAM optimizer. We decided to vary 

certain parameters of the learning method in order to better understand which factor allows 
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the quality to impact the results. These variable parameters are the pre-treatment and the 

increases. 

Figure 4.6: Distribution of Images According to DR Severity in Images From the 2015 Kaggle 

Training Database.  

The proportion of images is not balanced, class 0 is in the majority data, in addition to the 

training database. 

4.2.3 Test Phase 

The performance of different models is measured on the test database images based on their 

quality. The architectures tested here are the same as those of the previous section, as well 

as those presented in the set method of the Kaggle 2019 section, ie EfficientNet-B3, 

EfficientNet-B4 and EfficientNet-B5. B3, B4 and a B5 networks have a regression objective 

while a B5 network has a classification objective. All networks are trained for 25 epochs 

with the ADAM optimizer on the Kaggle 2015 training database. some networks are trained 

only on the good quality images from the database. Some networks are trained with the pre-

processing of B. Graham [46]. 
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Figure 4.7: Transfer CNN Accuracy. 

Table 4.1: Comparing the Accuracy and ROC to Other Methods in the Literature. 

Study Algorithm Dataset Accuracy (%) ROC (%) 

Voets et al. [25] InceptionV3 CNN EyePACS (35,617) Not given 91.20 

Li et al. [26] InceptionV3 CNN Custom (17,253) 93.49 90.03 

Toledo-Cortés et al. 

[27]  

InceptionV3 + GP

Regressor 

EyePACS (53,527) Not given 85.88 

Gurcan et al. [28] InceptionV3 + XGBoost Messidor-2 91.40 91.58 

Proposed Model Transfer CNN Messidor-2 98.35 97.22 
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5. CONCLUSION AND FUTURE WORK

5.1 CONCLUSIONS 

In this thesis, we have conducted a comprehensive review of the existing literature on the 

diagnosis of diabetic retinopathy (DR) using various imaging and machine learning 

techniques. Our analysis reveals several key insights and findings: 

Diverse Approaches: The research landscape in DR diagnosis is characterized by a rich 

diversity of approaches, ranging from traditional image processing techniques to state-of-

the-art deep learning models. Each approach offers unique advantages and challenges. 

Deep Learning Dominance: Deep Convolutional Neural Networks (CNNs) have emerged as 

a dominant force in the field, demonstrating impressive performance in feature extraction 

and classification tasks. Transfer learning, where pre-trained CNNs are fine-tuned for DR 

diagnosis, has proven especially effective, mitigating the need for large, labeled datasets. 

Feature Selection Significance: Feature selection methods, including metaheuristic 

algorithms like Binary Particle Swarm Optimization (BPSO), have been recognized as 

crucial in enhancing model performance, reducing overfitting, and expediting training times. 

These techniques have the potential to further refine DR diagnosis models. 

Benchmark Datasets: The adoption of benchmark datasets like Messidor-2 has facilitated 

consistent evaluation of DR diagnosis models. However, there remains a need for larger and 

more diverse datasets to enhance the generalization and robustness of these models. 

Ensemble Learning: Ensemble learning techniques have demonstrated promise in boosting 

classification accuracy by leveraging multiple feature extraction models. Further exploration 

of ensemble methods could yield even more reliable diagnostic systems. 

5.2 FUTURE WORK 

Building upon the insights gained from this thesis, several avenues for future research in the 

field of DR diagnosis are worth exploring: 
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Enhanced Feature Selection: Investigate advanced feature selection techniques, including 

novel metaheuristic algorithms, to identify the most informative features from retinal images 

effectively. Optimization of feature subsets can lead to more compact and discriminative 

representations. 

Large-Scale Datasets: Collaborate with healthcare institutions and organizations to gather 

larger, more diverse datasets. These datasets should encompass various populations, ages, 

and ethnicities, improving model generalization and applicability. 

Explainable AI: Develop interpretable deep learning models that provide insights into the 

decision-making process. Understanding how models arrive at diagnoses can enhance trust 

among healthcare professionals and patients. 

Real-Time Diagnosis: Focus on the implementation of real-time DR diagnosis systems, 

which can assist ophthalmologists during patient screenings and examinations. 

Clinical Validation: Conduct clinical validation studies to assess the real-world impact of 

automated DR diagnosis systems. Evaluate the performance of these systems in conjunction 

with human experts to determine their clinical utility and reliability. 

Global Access: Ensure that developed DR diagnosis systems are accessible and affordable, 

particularly in underserved regions, to democratize access to early detection and treatment. 

Integration into Healthcare Systems: Collaborate with healthcare institutions to seamlessly 

integrate automated DR diagnosis tools into existing healthcare systems, ensuring that they 

are used effectively in routine clinical practice. 

In conclusion, the field of diabetic retinopathy diagnosis continues to evolve rapidly, with 

opportunities for innovation, scalability, and improved patient care. Future research 

endeavors should strive to enhance the accuracy, accessibility, and real-world impact of 

automated DR diagnosis systems. 



58 

 

REFERENCES 

[1] IDF Diabetes Atlas 9th Edition. Available online: https://diabetesatlas.org/atlas/ninth-

edition/ (accessed on 1 August 2022). 

[2] Nijalingappa, P.; Sandeep, B. Machine learning approach for the identification of 

diabetes retinopathy and its stages. In Proceedings of the 2015 International 

Conference on Applied and Theoretical Computing and Communication Technology 

(iCATccT), Davangere, Karnataka, India, 29–31 October 2015; pp. 653–658. 

[3] Raja, C.; Balaji, L. An automatic detection of blood vessel in retinal images using 

convolution neural network for diabetic retinopathy detection. Pattern Recognit. 

Image Anal. 2019, 29, 533–545.  

[4] Nazir, T.; Irtaza, A.; Shabbir, Z.; Javed, A.; Akram, U.; Mahmood, M.T. Diabetic 

retinopathy detection through novel tetragonal local octa patterns and extreme 

learning machines. Artif. Intell. Med. 2019, 99, 101695. [CrossRef] [PubMed] 

[5] Gayathri, S.; Gopi, V.P.; Palanisamy, P. Diabetic retinopathy classification based on 

multipath CNN and machine learning classifiers. Phys. Eng. Sci. Med. 2021, 44, 639–

653. [CrossRef] [PubMed] 

[6] Washburn, P.S. Investigation of severity level of diabetic retinopathy using adaboost 

classifier algorithm. Mater. Today Proc. 2020, 33, 3037–3042. [CrossRef] 

[7] Li, X.; Shen, L.; Shen, M.; Tan, F.; Qiu, C.S. Deep learning based early stage diabetic 

retinopathy detection using optical coherence tomography. Neurocomputing 2019, 

369, 134–144. [CrossRef] 

[8] Islam, K.T.; Wijewickrema, S.; O’Leary, S. Identifying diabetic retinopathy from oct 

images using deep transfer learning with artificial neural networks. In Proceedings of 

the 2019 IEEE 32nd International Symposium on Computer-Based Medical Systems 

(CBMS), Cordoba, Spain, 5–7 June 2019; pp. 281–286. 

 

 

https://diabetesatlas.org/atlas/ninth-edition/
https://diabetesatlas.org/atlas/ninth-edition/
http://dx.doi.org/10.1016/j.artmed.2019.07.003
http://dx.doi.org/10.1016/j.artmed.2019.07.003
http://www.ncbi.nlm.nih.gov/pubmed/31606114
http://www.ncbi.nlm.nih.gov/pubmed/31606114
http://www.ncbi.nlm.nih.gov/pubmed/31606114
http://dx.doi.org/10.1007/s13246-021-01012-3
http://dx.doi.org/10.1007/s13246-021-01012-3
http://www.ncbi.nlm.nih.gov/pubmed/34033015
http://www.ncbi.nlm.nih.gov/pubmed/34033015
http://www.ncbi.nlm.nih.gov/pubmed/34033015
http://dx.doi.org/10.1016/j.matpr.2020.03.199
http://dx.doi.org/10.1016/j.matpr.2020.03.199
http://dx.doi.org/10.1016/j.neucom.2019.08.079
http://dx.doi.org/10.1016/j.neucom.2019.08.079


59 

[9] Wahid, M.F.; Hossain, A.A. Classification of Diabetic Retinopathy from OCT Images

using Deep Convolutional Neural Network with BiLSTM and SVM. In Proceedings

of the 2021 12th International Conference on Computing Communication and

Networking Technologies (ICCCNT), Kharagpur, India, 6–8 July 2021; pp. 1–5.

[10] Kazakh-British, N.P.; Pak, A.; Abdullina, D. Automatic detection of blood vessels

and classification in retinal images for diabetic retinopathy diagnosis with application

of convolution neural network. In Proceedings of the 2018 International Conference

on Sensors, Signal and Image Processing, Prague, Czech Republic, 12–14 October

2018; pp. 60–63.

[11] Anoop, B. Binary Classification of DR-Diabetic Retinopathy using CNN with Fundus

Colour Images. Mater. Today Proc. 2022, 58, 212–216.

[12] Nasir, N.; Oswald, P.; Alshaltone, O.; Barneih, F.; Al Shabi, M.; Al-Shammaa, A.

Deep DR: Detection of Diabetic Retinopathy using a Convolutional Neural Network.

In Proceedings of the 2022 Advances in Science and Engineering Technology

International Conferences (ASET), Dubai, United Arab Emirates, 21–24 February

2022; pp. 1–5.

[13] Chakrabarty, N. A deep learning method for the detection of diabetic retinopathy. In

Proceedings of the 2018 5th IEEE Uttar Pradesh Section International Conference on

Electrical, Electronics and Computer Engineering (UPCON), Gorakhpur, India, 2–4

November 2018; pp. 1–5.

[14] Jiang, Y.; Wu, H.; Dong, J. Automatic screening of diabetic retinopathy images with

convolution neural network based on caffe framework. In Proceedings of the 1st

International Conference on Medical and Health Informatics 2017, Taichung city,

Taiwan, 20–22 May 2017; pp. 90–94.

[15] Niranjana, R.; Narayanan, K.L.; Rani, E.F.I.; Agalya, A.; Chandraleka, C.;

Indhumathi, K. Resourceful Retinal Vessel segmentation for Early Exposure of

Vision Threatening Diseases. In Proceedings of the 2022 International Conference on

Advanced Computing Technologies and Applications (ICACTA), Coimbatore, India,

4–5 March 2022; pp. 1–6.



60 

[16] Rêgo, S.; Dutra-Medeiros, M.; Soares, F.; Monteiro-Soares, M. Screening for

Diabetic Retinopathy Using an Automated Diagnostic System Based on Deep

Learning: Diagnostic Accuracy Assessment. Ophthalmologica 2021, 244, 250–257.

[CrossRef]

[17] Umapathy, A.; Sreenivasan, A.; Nairy, D.S.; Natarajan, S.; Rao, B.N. Image

processing, textural feature extraction and transfer learning based detection of diabetic

retinopathy. In Proceedings of the 2019 9th International Conference on Bioscience,

Biochemistry and Bioinformatics, Singapore, 7–9 January 2019; pp. 17–21.

[18] Kolla, M.; Venugopal, T. Efficient Classification of Diabetic Retinopathy using

Binary CNN. In Proceedings of the 2021 International Conference on Computational

Intelligence and Knowledge Economy (ICCIKE), Dubai, United Arab Emirates, 17–

18 March 2021; pp. 244–247.

[19] Pamadi, A.M.; Ravishankar, A.; Nithya, P.A.; Jahnavi, G.; Kathavate, S. Diabetic

Retinopathy Detection using MobileNetV2 Architecture. In Proceedings of the 2022

International Conference on Smart Technologies and Systems for Next Generation

Computing (ICSTSN), Villupuram, India, 25–26 March 2022; pp. 1–5.

[20] Saranya, P.; Devi, S.K.; Bharanidharan, B. Detection of Diabetic Retinopathy in

Retinal Fundus Images using DenseNet based Deep Learning Model. In Proceedings

of the 2022 International Mobile and Embedded Technology Conference (MECON),

Noida, India, 10–11 March 2022; pp. 268–272.

[21] Mudaser, W.; Padungweang, P.; Mongkolnam, P.; Lavangnananda, P. Diabetic

Retinopathy Classification with pre-trained Image Enhancement Model. In

Proceedings of the 2021 IEEE 12th Annual Ubiquitous Computing, Electronics &

Mobile Communication Conference (UEMCON), New York, NY, USA, 1–4

December 2021; pp. 629–632.

[22] Chetoui, M.; Akhloufi, M.A. Explainable diabetic retinopathy using EfficientNET. In

Proceedings of the 2020 42nd Annual International Conference of the IEEE

Engineering in Medicine & Biology Society (EMBC), Montreal, QC, Canada, 20–24

July 2020; pp. 1966–1969.

http://dx.doi.org/10.1159/000512638
http://dx.doi.org/10.1159/000512638


61 

 

[23] Zhang, Z. Deep-learning-based early detection of diabetic retinopathy on fundus 

photography using efficientnet. In Proceedings of the 2020 the 4th International 

Conference on Innovation in Artificial Intelligence, Shenzhen, China, 7–9 August 

2020; pp. 70–74. 24. Sudarmadji, P.W.; Pakan, P.D.; Dillak, R.Y. Diabetic 

Retinopathy Stages Classification using Improved Deep Learning. In Proceedings of 

the 2020 International Conference on Informatics, Multimedia, Cyber and 

Information System (ICIMCIS), Jakarta, Indonesia, 19–20 November 2020; pp. 104–

109. 

[24] Boral, Y.S.; Thorat, S.S. Classification of Diabetic Retinopathy based on Hybrid 

Neural Network. In Proceedings of the 2021 5th International Conference on 

Computing Methodologies and Communication (ICCMC), Erode, India, 8–10 April 

2021; pp. 1354–1358. 

[25] Sanjana, S.; Shadin, N.S.; Farzana, M. Automated Diabetic Retinopathy Detection 

Using Transfer Learning Models. In Proceedings of the 2021 5th International 

Conference on Electrical Engineering and Information & Communication 

Technology (ICEEICT), Mirpur, Dhaka, 18–20 November 2021; pp. 1–6. 

[26] Hossen, M.S.; Reza, A.A.; Mishu, M.C. An automated model using deep 

convolutional neural network for retinal image classification to detect diabetic 

retinopathy. In Proceedings of the International Conference on Computing 

Advancements, Colombo, Sri Lanka, 10–11 December 2020; pp. 1–8. 

[27] Qomariah, D.U.N.; Tjandrasa, H.; Fatichah, C. Classification of diabetic retinopathy 

and normal retinal images using CNN and SVM. In Proceedings of the 2019 12th 

International Conference on Information & Communication Technology and System 

(ICTS), Surabaya, Indonesia, 18 July 2019; pp. 152–157. 

[28] Kumar, N.S.; Karthikeyan, B.R. Diabetic Retinopathy Detection using CNN, 

Transformer and MLP based Architectures. In Proceedings of the 2021 International 

Symposium on Intelligent Signal Processing and Communication Systems (ISPACS), 

Hualien City, Taiwan, 16–19 November 2021; pp. 1–2. 



62 

[29] Kaushik, H.; Singh, D.; Kaur, M.; Alshazly, H.; Zaguia, A.; Hamam, H. Diabetic

retinopathy diagnosis from fundus images using stacked generalization of deep

models. IEEE Access 2021, 9, 108276–108292. [CrossRef]

[30] Lian, C.; Liang, Y.; Kang, R.; Xiang, Y. Deep convolutional neural networks for

diabetic retinopathy classification. In Proceedings of the 2nd International Conference

on Advances in Image Processing, Chengdu, China, 6–18 June 2018; pp. 68–72.

[31] Lahmar, C.; Idri, A. Deep hybrid architectures for diabetic retinopathy classification.

In Computer Methods in Biomechanics and Biomedical Engineering: Imaging &

Visualization; Taylor & Francis: Oxfordshire, UK, 2022; pp. 1–19.

[32] Dwivedi, S.A.; Kalin, Y.A.; Roy, G.K.; Singla, K. Real-Time Detection for Normal,

Glaucomatous and Diabetic Retinopathy Eyes for Ophthalmoscopy using Deep

Learning. In Proceedings of the 2022 9th International Conference on Computing for

Sustainable Global Development (INDIACom), New Delhi, India, 23–25 March

2022; pp. 598–603.

[33] Jiang, H.; Xu, J.; Shi, R.; Yang, K.; Zhang, D.; Gao, M.; Ma, H.; Qian, W. A multi-

label deep learning model with interpretable Grad-CAM for diabetic retinopathy

classification. In Proceedings of the 2020 42nd Annual International Conference of

the IEEE Engineering in Medicine & Biology Society (EMBC), Montreal, QC,

Canada, 20–24 July 2020; pp. 1560–1563.

[34] Quellec, G.; Charrière, K.; Boudi, Y.; Cochener, B.; Lamard, M. Deep image mining

for diabetic retinopathy screening. Med. Image Anal. 2017, 39, 178–193. [CrossRef]

[35] Tang, X.; Huang, Y.; Lin, L.; Li, M.; Yuan, J. Automated Diabetic Retinopathy

Identification via Lesion Guided Network. In Proceedings of the The Fourth

International Symposium on Image Computing and Digital Medicine, Shenyang,

China, 5–8 December 2020; pp. 141–144.

[36] Gundluru, N.; Rajput, D.S.; Lakshmanna, K.; Kaluri, R.; Shorfuzzaman, M.; Uddin,

M.; Rahman Khan, M.A. Enhancement of Detection of Diabetic Retinopathy Using

Harris Hawks Optimization with Deep Learning Model. Comput. Intell. Neurosci.

2022,

http://dx.doi.org/10.1109/ACCESS.2021.3101142
http://dx.doi.org/10.1109/ACCESS.2021.3101142
http://dx.doi.org/10.1016/j.media.2017.04.012
http://dx.doi.org/10.1016/j.media.2017.04.012


63 

[37] 2022, 8512469. [CrossRef].

[38] Gunasekaran, K.; Pitchai, R.; Chaitanya, G.K.; Selvaraj, D.; Annie Sheryl, S.;

Almoallim, H.S.; Alharbi, S.A.; Raghavan, S.; Tesemma, B.G. A Deep Learning

Framework for Earlier Prediction of Diabetic Retinopathy from Fundus Photographs.

BioMed Res. Int. 2022, 2022, 3163496. [CrossRef] [PubMed]

[39] Baba, S.M.; Bala, I. Detection of Diabetic Retinopathy with Retinal Images using

CNN. In Proceedings of the 2022 6th International Conference on Intelligent

Computing and Control Systems (ICICCS), Madurai, India, 25–27 May 2022; pp.

1074–1080.

[40] El-Ateif, S.; Idri, A. Single-modality and joint fusion deep learning for diabetic

retinopathy diagnosis. Sci. Afr. 2022, 17, e01280. [CrossRef]

[41] Wilkinson, C.; Ferris III, F.L.; Klein, R.E.; Lee, P.P.; Agardh, C.D.; Davis, M.; Dills,

D.; Kampik, A.; Pararajasegaram, R.; Verdaguer, J.T.; et al. Proposed international

clinical diabetic retinopathy and diabetic macular edema disease severity scales.

Ophthalmology 2003, 110, 1677–1682. [CrossRef] [PubMed].

[42] Harshitha, C.; Asha, A.; Pushkala, J.L.S.; Anogini, R.N.S.; Karthikeyan, C. Predicting

the Stages of Diabetic Retinopathy using Deep Learning. In Proceedings of the 2021

6th International Conference on Inventive Computation Technologies (ICICT),

Coimbatore, India, 20–22 January 2021; pp. 1–6.

[43] Luo, X.; Pu, Z.; Xu, Y.; Wong, W.K.; Su, J.; Dou, X.; Ye, B.; Hu, J.; Mou, L.

MVDRNet: Multi-view diabetic retinopathy detection by combining DCNNs and

attention mechanisms. Pattern Recognit. 2021, 120, 108104. [CrossRef]

[44] Baget-Bernaldiz, M.; Pedro, R.A.; Santos-Blanco, E.; Navarro-Gil, R.; Valls, A.;

Moreno, A.; Rashwan, H.A.; Puig, D. Testing a Deep Learning Algorithm for

Detection of Diabetic Retinopathy in a Spanish Diabetic Population and with

MESSIDOR Database. Diagnostics 2021, 11, 1385. [CrossRef] [PubMed].

http://dx.doi.org/10.1155/2022/8512469
http://dx.doi.org/10.1155/2022/8512469
http://dx.doi.org/10.1155/2022/3163496
http://dx.doi.org/10.1155/2022/3163496
http://www.ncbi.nlm.nih.gov/pubmed/35711528
http://www.ncbi.nlm.nih.gov/pubmed/35711528
http://www.ncbi.nlm.nih.gov/pubmed/35711528
http://dx.doi.org/10.1016/j.sciaf.2022.e01280
http://dx.doi.org/10.1016/j.sciaf.2022.e01280
http://dx.doi.org/10.1016/j.sciaf.2022.e01280
http://dx.doi.org/10.1016/S0161-6420(03)00475-5
http://dx.doi.org/10.1016/S0161-6420(03)00475-5
http://www.ncbi.nlm.nih.gov/pubmed/13129861
http://www.ncbi.nlm.nih.gov/pubmed/13129861
http://www.ncbi.nlm.nih.gov/pubmed/13129861
http://dx.doi.org/10.1016/j.patcog.2021.108104
http://dx.doi.org/10.1016/j.patcog.2021.108104
http://dx.doi.org/10.3390/diagnostics11081385
http://dx.doi.org/10.3390/diagnostics11081385
http://www.ncbi.nlm.nih.gov/pubmed/34441319
http://www.ncbi.nlm.nih.gov/pubmed/34441319
http://www.ncbi.nlm.nih.gov/pubmed/34441319


64 

 

[45] Maistry, A.; Pillay, A.; Jembere, E. Improving the accuracy of diabetes retinopathy 

image classification using augmentation. In Proceedings of the Conference of the 

South African Institute of Computer Scientists and Information Technologists 2020, 

Cape Town, South Africa, 14–16 September 2020; pp. 134–140. 

[46] Agustin, T.; Sunyoto, A. Optimization Convolutional Neural Network for 

Classification Diabetic Retinopathy Severity. In Proceedings of the 2020 3rd 

International Conference on Information and Communications Technology 

(ICOIACT), Yogyakarta, Indonesia, 24–25 November 2020; pp. 66–71. 

[47] Li, X.; Pang, T.; Xiong, B.; Liu, W.; Liang, P.; Wang, T. Convolutional neural 

networks based transfer learning for diabetic retinopathy fundus image classification. 

In Proceedings of the 2017 10th International Congress on Image and Signal 

Processing, Biomedical Engineering and Informatics (CISP-BMEI), Shanghai, China, 

14–16 October 2017; pp. 1–11. 

[48] Ardiyanto, I.; Nugroho, H.A.; Buana, R.L.B. Deep learning-based diabetic 

retinopathy assessment on embedded system. In Proceedings of the 2017 39th Annual 

International Conference of the IEEE Engineering in Medicine and Biology Society 

(EMBC), Jeju Island, South Korea, 11–15 July 2017; pp. 1760–1763. 

[49] Kwasigroch, A.; Jarzembinski, B.; Grochowski, M. Deep CNN based decision 

support system for detection and assessing the stage of diabetic retinopathy. In 

Proceedings of the 2018 International Interdisciplinary PhD Workshop (IIPhDW), 

Swinoujscie, Poland, 9–12 May 2018; pp. 111–116. 

[50] Wang, X.; Lu, Y.; Wang, Y.; Chen, W.B. Diabetic retinopathy stage classification 

using convolutional neural networks. In Proceedings of the 2018 IEEE International 

Conference on Information Reuse and Integration (IRI), Salt Lake City, UT, USA, 7–

9 July 2018; pp. 465–471. 

[51] Zhou, K.; Gu, Z.; Liu, W.; Luo, W.; Cheng, J.; Gao, S.; Liu, J. Multi-cell multi-task 

convolutional neural networks for diabetic retinopathy grading. In Proceedings of the 

2018 40th Annual International Conference of the IEEE Engineering in Medicine and 

Biology Society (EMBC), Honolulu, HI, USA, 18–21 July 2018; pp. 2724–2727. 

 



65 

 

[52] Shrivastava, U.; Joshi, M. Automated Multiclass Diagnosis of Diabetic Retinopathy 

using Hierarchical Learning. In Proceedings of the 11th Indian Conference on 

Computer Vision, Graphics and Image Processing, Hyderabad, India, 18–22 

December 2018; pp. 1–7. 

[53] Arora, M.; Pandey, M. Deep neural network for diabetic retinopathy detection. In 

Proceedings of the 2019 International Conference on Machine Learning, Big Data, 

Cloud and Parallel Computing (COMITCon), Faridabad, India, 14–16 February 2019; 

pp. 189–193. 

[54] Kassani, S.H.; Kassani, P.H.; Khazaeinezhad, R.; Wesolowski, M.J.; Schneider, K.A.; 

Deters, R. Diabetic retinopathy classification using a modified xception architecture. 

In Proceedings of the 2019 IEEE International Symposium on Signal Processing and 

Information Technology (ISSPIT), Ajman, United Arab Emirates, 10–12 December 

2019; pp. 1–6. 

[55] Hathwar, S.B.; Srinivasa, G. Automated grading of diabetic retinopathy in retinal 

fundus images using deep learning. In Proceedings of the 2019 IEEE International 

Conference on Signal and Image Processing Applications (ICSIPA), Kuala Lumpur, 

Malaysia, 17–19 September 2019; pp. 73–77. 

[56] Bellemo, V.; Lim, Z.W.; Lim, G.; Nguyen, Q.D.; Xie, Y.; Yip, M.Y.; Hamzah, H.; 

Ho, J.; Lee, X.Q.; Hsu, W.; et al. Artificial intelligence using deep learning to screen 

for referable and vision-threatening diabetic retinopathy in Africa: A clinical 

validation study. Lancet Digit. Health 2019, 1, e35–e44. [CrossRef] 

[57] Kumar, S. Diabetic Retinopathy Diagnosis with Ensemble Deep-Learning. In 

Proceedings of the 3rd International Conference on Vision, Image and Signal 

Processing, Vancouver, BC, Canada, 26–28 August 2019; pp. 1–5. 

[58] Thota, N.B.; Reddy, D.U. Improving the accuracy of diabetic retinopathy severity 

classification with transfer learning. In Proceedings of the IEEE 63rd International 

Midwest Symposium on Circuits and Systems (MWSCAS), Springfield, MA, USA, 

9–12 August 2020; pp. 1003–1006. 

 

http://dx.doi.org/10.1016/S2589-7500(19)30004-4
http://dx.doi.org/10.1016/S2589-7500(19)30004-4


66 

 

[59] Nguyen, Q.H.; Muthuraman, R.; Singh, L.; Sen, G.; Tran, A.C.; Nguyen, B.P.; Chua, 

M. Diabetic retinopathy detection using deep learning. In Proceedings of the 4th 

International Conference on Machine Learning and Soft Computing, Haiphong City, 

Vietnam, 17–19 January 2020; pp. 103–107. 

[60] Lavanya, R.V.; Sumesh, E.; Jayakumari, C.; Isaac, R. Detection and Classification of 

Diabetic Retinopathy using Raspberry PI. In Proceedings of the 2020 4th International 

Conference on Electronics, Communication and Aerospace Technology (ICECA), 

Coimbatore, India, 5–7 November 2020; pp. 1688–1691. 

[61] Elzennary, A.; Soliman, M.; Ibrahim, M. Early Deep Detection for Diabetic 

Retinopathy. In Proceedings of the 2020 International Symposium on Advanced 

Electrical and Communication Technologies (ISAECT), Kenitra, Morocco, 25–27 

November 2020; pp. 1–5. 

[62] Barhate, N.; Bhave, S.; Bhise, R.; Sutar, R.G.; Karia, D.C. Reducing Overfitting in 

Diabetic Retinopathy Detection using Transfer Learning. In Proceedings of the 2020 

IEEE 5th International Conference on Computing Communication and Automation 

(ICCCA), Greater Noida, India, 30–31 October 2020; pp. 298–301. 

[63] Wang, S.; Wang, X.; Hu, Y.; Shen, Y.; Yang, Z.; Gan, M.; Lei, B. Diabetic retinopathy 

diagnosis using multichannel generative adversarial network with semisupervision. 

IEEE Trans. Autom. Sci. Eng. 2020, 18, 574–585. [CrossRef] 

[64] Khaled, O.; El-Sahhar, M.; El-Dine, M.A.; Talaat, Y.; Hassan, Y.M.; Hamdy, A. 

Cascaded architecture for classifying the preliminary stages of diabetic retinopathy. 

In Proceedings of the 2020 9th International Conference on Software and Information 

Engineering (ICSIE), Cairo, Egypt, 11–13 November 2020; pp. 108–112. 

[65] Islam, M.R.; Hasan, M.A.M.; Sayeed, A. Transfer learning based diabetic retinopathy 

detection with a novel preprocessed layer. In Proceedings of the 2020 IEEE Region 

10 Symposium (TENSYMP), Dhaka, Bangladesh, 5–7 June 2020; pp. 888–891. 

[66] Wang, J.; Bai, Y.; Xia, B. Simultaneous diagnosis of severity and features of diabetic 

retinopathy in fundus photography using deep learning. IEEE J. Biomed. Health 

Inform. 2020, 24, 3397–3407. [CrossRef] 

http://dx.doi.org/10.1109/TASE.2020.2981637
http://dx.doi.org/10.1109/TASE.2020.2981637
http://dx.doi.org/10.1109/JBHI.2020.3012547
http://dx.doi.org/10.1109/JBHI.2020.3012547


67 

 

[67] AbdelMaksoud, E.; Barakat, S.; Elmogy, M. Diabetic Retinopathy Grading Based on 

a Hybrid Deep Learning Model. In Proceedings of the 2020 International Conference 

on Data Analytics for Business and Industry: Way Towards a Sustainable Economy 

(ICDABI), Sakheer, Bahrain, 26–27 October 2020; pp. 1–6. 

[68] Yaqoob, M.K.; Ali, S.F.; Kareem, I.; Fraz, M.M. Feature-based optimized deep 

residual network architecture for diabetic retinopathy detection. In Proceedings of the 

2020 IEEE 23rd International Multitopic Conference (INMIC), Bahawalpur, 

Pakistan, 5–7 November 2020; pp. 1–6. 

[69] Taufiqurrahman, S.; Handayani, A.; Hermanto, B.R.; Mengko, T.L.E.R. Diabetic 

retinopathy classification using a hybrid and efficient MobileNetV2-SVM model. In 

Proceedings of the 2020 IEEE REGION 10 CONFERENCE (TENCON), Osaka, 

Japan, 16–19 November 2020; pp. 235–240. 

[70] Vaishnavi, J.; Ravi, S.; Anbarasi, A. An efficient adaptive histogram based 

segmentation and extraction model for the classification of severities on diabetic 

retinopathy. Multimed. Tools Appl. 2020, 79, 30439–30452. [CrossRef] 

[71] Shankar, K.; Sait, A.R.W.; Gupta, D.; Lakshmanaprabu, S.; Khanna, A.; Pandey, 

H.M. Automated detection and classification of fundus diabetic retinopathy images 

using synergic deep learning model. Pattern Recognit. Lett. 2020, 133, 210–216. 

[CrossRef] 

[72] Karki, S.S.; Kulkarni, P. Diabetic Retinopathy Classification using a Combination of 

EfficientNets. In Proceedings of the 2021 International Conference on Emerging 

Smart Computing and Informatics (ESCI), Pune, India, 5–7 March 2021; pp. 68–72. 

[73] Qian, Z.; Wu, C.; Chen, H.; Chen, M. Diabetic retinopathy grading using attention 

based convolution neural network. In Proceedings of the 2021 IEEE 5th Advanced 

Information Technology, Electronic and Automation Control Conference (IAEAC), 

Chongqing, China, 12–14 March 2021; Volume 5, pp. 2652–2655. 

 

http://dx.doi.org/10.1007/s11042-020-09288-5
http://dx.doi.org/10.1007/s11042-020-09288-5
http://dx.doi.org/10.1016/j.patrec.2020.02.026
http://dx.doi.org/10.1016/j.patrec.2020.02.026



