
 DIABETES RETINOPATHY DETECTION WITH DEEP 

LEARNING: A DEEP CNN- BASED COMPARISON OF 

DETECTION AND SEGMENTATION APPROACHES 

BY 

SHAKLIAN MOSTAK ROMEL 

ID: 201-15-13995 

AND 

BIPRO SAHA  

ID: 201-15-14045 

 

FINAL YEAR DESIGN PROJECT REPORT 

 

This Report Presented in Partial Fulfillment of the Requirements for the 

Degree of Bachelor of Science in Computer Science and Engineering  

 

Supervised By 

 
Mr. Md. Abbas Ali Khan 

Assistant Professor  

Department of Computer Science and Engineering 

Daffodil International University 

 

Co-Supervised By 

 
Mr. Md. Shakhawath Hossain 

Lecturer  

Department of Computer Science and Engineering 

Daffodil International University 

 

 

 

 

 

 

DAFFODIL INTERNATIONAL UNIVERSITY  

DHAKA, BANGLADESH 

July 2024  

  



ii 

 

 

©Daffodil International University, Bangladesh  

  



iii 

 

 

©Daffodil International University, Bangladesh  

 



iv 

 

 

©Daffodil International University, Bangladesh  

 

ACKNOWLEDGEMENT 

 

First, we express our heartiest thanks and gratefulness to almighty for His divine 

blessing making it possible for us to complete the final year project/internship 

successfully. 

 

We are grateful and wish our profound indebtedness to Mr. Md. Abbas Ali Khan, 

Assistant Professor, Department of CSE Daffodil International University, Dhaka. 

Deep Knowledge & keen interest of our supervisor in the field of “Predictive-

Probability Analysis and Preventive Strategies for Hemorrhoids: A Machine Learning 

Approach” to carry out this project. Her endless patience, scholarly guidance, continual 

encouragement, constant and energetic supervision, constructive criticism, valuable 

advice, reading many inferior drafts, and correcting them at all stages have made it 

possible to complete this project. 
 

We would like to express our heartiest gratitude to Dr. Sheak Rashed Haider Noori, 

Professor & Head, Department of Computer Science and Engineering, Daffodil 

International University, for his kind help in finishing our project and also to other 

faculty members and the staff of the Department of CSE, Daffodil International 

University. 
  

We would like to thank our entire course mate in Daffodil International University, who 

took part in this discussion while completing the course work. 
 

Finally, we must acknowledge with due respect the constant support and patience of 

our parents.  

 

 

 

 

 

 

 

 

 

 

 



v 

 

 

©Daffodil International University, Bangladesh  

ABSTRACT 

 

This research proposes a deep learning-based technique to classifying diabetic 

retinopathy that employs three cutting-edge convolutional neural network models: 

InceptionV3, Xception, and DenseNet201. The models were evaluated on a balanced 

set of images that included photos classified into five categories: healthy, mild DR, 

moderate DR, proliferate DR, and severe DR. DenseNet201 had the maximum 

accuracy of 87%, having excellent precision and recall throughout all classes. With an 

accuracy rate of 57%, InceptionV3 demonstrated reasonable performance, notably in 

detecting reasonable and Proliferate DR. Xception outperformed InceptionV3 with a 

60% accuracy rate, displaying greater precision and recall in most classes, particularly 

Normal and Severe DR. The results show that DenseNet201 beats the other models, 

making it a viable option for diabetic retinopathy identification. This study highlights 

the potential of deep learning models to improve the accuracy and efficiency of 

medical image processing, making them an important tool for early identification and 

management of diabetic retinopathy. It is the most common cause of eyesight among 

working-age adults globally. Early identification and therapy are critical for avoiding 

significant vision loss. Traditional techniques of diagnosing DR include expert 

ophthalmologists manually examining retinal pictures, which may be time-consuming 

and subjective. With the introduction of deep learning techniques, especially 

convolutional neural networks (CNNs), automatic image analysis has made great 

progress. The thorough study covers a variety of investigations, from the examination 

of varied datasets to the construction of real-time detection algorithms. However, 

substantial shortcomings continue, including low dataset variety, a need for greater 

model explainability, and difficulty in real-time implementation. 
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 CHAPTER 1 

Introduction 

 
1.1 Overview 

Diabetic retinopathy (DR) is a significant diabetes complication that causes damage to 

the blood vessels in the tissue that is sensitive to light at the inner part of the eye (retina). 

It is the most common cause of eyesight among working-age adults globally. Early 

identification and therapy are critical for avoiding significant vision loss. Traditional 

techniques of diagnosing DR include expert ophthalmologists manually examining 

retinal pictures, which may be time-consuming and subjective. With the introduction 

of deep learning techniques, especially convolutional neural networks (CNNs), 

automatic image analysis has made great progress. CNNs are effective tools for image 

classification because they are able to learn and extract relevant characteristics from 

raw picture data. This study focuses on using three cutting-edge CNN architectures—

InceptionV3, Xception, and DenseNet201—to categorize retinal pictures into five 

categories: healthy, mild DR, moderate DR, high DR, and severe DR. InceptionV3, 

developed by Google, is notable for its efficiency and performance, as it employs 

inception modules that let the network to select between several convolutional filter 

dimensions in every single block. Xception, an Inception extension, uses depth wise 

separable convolutions instead of regular Inception modules, leading to an improved 

model with fewer parameters. DenseNet201, a densely linked network, encourages 

feature reuse by linking all layers to each subsequent level in a feed-forward manner, 

hence improving gradient flow and mitigating the issue of gradients disappearing. The 

primary goal of this study is to assess the accuracy of each of these models in 

categorizing diabetic retinopathy phases. A balanced dataset of retinal pictures is used 

to train and test the models, ensuring a fair comparison. The results show that 

DenseNet201 beats InceptionV3 and Xception, with the highest accuracy and consistent 

performance over all DR stages. By adopting and comparing these advanced CNN 

models, this work hopes to assist to the development of dependable and efficient 

computerized systems for early DR detection, thereby aiding in prompt diagnosis and 

treatment and potentially lowering the burden of diabetic blindness. 

 

1.2 Background and Present State 

Background 

Diabetic retinopathy (DR) is a severe eye condition caused by diabetes, potentially 

leading to blindness. Traditionally, its diagnosis involves manual examination of retinal 

images by specialists, a process that is both time-consuming and resource-intensive. 

The emergence of deep learning, particularly convoalutional neural networks (CNNs), 
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has revolutionized medical imaging by enabling automatic and accurate detection of 

DR from retinal images. 
 

Present State 

Significant advancements have been made in DR prediction using deep learning. 

Modern CNN architectures like ResNet and Inception have improved diagnostic 

accuracy. The availability of large, annotated retinal image datasets, such as Kaggle 

EyePACS, has facilitated robust model training. Techniques like transfer learning have 

expedited model development. Explainable AI methods are enhancing model 

transparency and clinical trust. Real-world deployments of AI-driven DR screening 

systems, such as IDx-DR, are providing timely diagnosis, especially in underserved 

areas. Regulatory approvals are paving the way for the broader adoption of these 

technologies in clinical practice. 

Deep learning has significantly advanced the field of DR prediction, offering improved 

accuracy, efficiency, and accessibility in diagnosis. Ongoing research and development 

continue to address challenges related to data quality, model interpretability, and 

integration into clinical workflows. 

 

1.3 Problem Statement 

The manual screening of Diabetic Retinopathy creates a substantial bottleneck in the 

current healthcare system, leading to delayed diagnosis and subsequent treatment. The 

rising incidence of diabetes globally has exacerbated the importance of overcoming the 

issues connected with the existing techniques of Diabetic Retinopathy screening. As 

the diabetes population continues to burgeon, the burden on healthcare resources 

becomes more obvious, underlining the crucial need for an innovative and scalable 

solution. Conventional techniques of Diabetic Retinopathy screening, mostly 

depending on manual examination of retinal pictures by qualified healthcare 

professionals, have inherent limitations that increase the issues encountered by 

healthcare systems. The subjectivity inherent in human judgment, along with the time-

consuming nature of the procedure, adds to delays in diagnosing Diabetic Retinopathy. 

The complicated and nuanced aspects of early-stage Diabetic Retinopathy further 

complicate the manual screening method, resulting to significant discrepancies in 

interpretation and diagnosis. The rising burden of diabetes-related problems highlights 

the demand for a transformational strategy that may reduce the load on healthcare 

providers and speed up the diagnostic timetable. In such a situation, the necessity for 

an automated, dependable, and scalable solution becomes crucial. The deployment of 

such a technology may not only speed the Diabetic Retinopathy screening process but 

also boost its accuracy and efficiency. Deep learning appears as a possible method to 

overcome these difficulties. With its intrinsic power to understand subtle patterns and 

characteristics from big datasets, deep learning algorithms can ingest complex 
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information that can be tough for human observers to perceive consistently. This 

capacity presents deep learning as a powerful tool to transform Diabetic Retinopathy 

screening. The transformational promise of deep learning resides in its capacity to 

automate the identification of minor signals of Diabetic Retinopathy in retinal pictures. 

The advanced algorithms may be trained on varied datasets, allowing the system to 

adjust to variances in retinal imaging and demographic characteristics. By minimizing 

the need on human screening, a deep learning-based strategy may dramatically expedite 

the diagnostic process, offering quicker and more trustworthy findings. This not only 

increases the overall efficiency of healthcare services but also promotes prompt 

intervention and treatment for those at risk of Diabetic Retinopathy. The scalability of 

a deep learning-based solution assures its application in varied healthcare contexts, 

ranging from well-equipped metropolis hospitals to resource-constrained rural clinics. 

This versatility is vital in tackling the worldwide character of the diabetes pandemic 

since access to modern healthcare infrastructure varies greatly. 

 

1.4 Objectives 

The primary objectives of diabetic retinopathy (DR) prediction using deep learning 

revolve around enhancing early detection, accuracy, and accessibility of DR diagnosis. 

By leveraging advanced deep learning models, the goal is to identify DR at its earliest 

stages, enabling timely intervention and preventing vision loss. These models aim to 

surpass the diagnostic accuracy of traditional methods through sophisticated image 

analysis techniques. Additionally, deep learning-driven DR prediction seeks to improve 

efficiency by automating the analysis of large volumes of retinal images, thereby 

reducing the burden on healthcare professionals and facilitating scalable screening 

programs. Another key objective is to make DR screening more accessible, particularly 

in remote and underserved areas, by deploying cost-effective and portable diagnostic 

tools. Furthermore, integrating these models seamlessly into existing healthcare 

workflows and electronic health record systems is essential to ensure streamlined 

operations and enhance patient outcomes through proactive management and treatment 

of diabetic retinopathy. 

 
 

1.5 Scope and Limitations 

This study is a concentrated effort towards expanding the application of deep learning 

algorithms for the identification of Diabetic Retinopathy in retinal pictures. The scope 

of our work goes beyond the simple construction of a diagnostic model; it covers the 

establishment of a strong, adaptive, and smart system capable of managing the 

subtleties associated with distinct datasets and adapting to the needs of various 

healthcare settings. The intricacy of Diabetic Retinopathy detection rests in the nuanced 

characteristics and subtle indications that appear in retinal pictures. By focusing our 
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study on deep learning approaches, we intend to leverage the vast potential of artificial 

intelligence to discover and comprehend these subtle patterns. The construction of a 

deep learning model becomes not simply a technical effort but a deliberate undertaking 

to increase the accuracy and efficiency of Diabetic Retinopathy diagnosis. A 

fundamental feature of our scope is the focus on constructing a model that is not just 

resilient but also adaptive. The versatility of our model is aimed at overcoming the 

barriers given by the variety in datasets seen in real-world clinical settings. Healthcare 

systems globally meet variances in imaging equipment, patient demographics, and 

illness presentations. Our study, therefore, tackles the requirement for a model that can 

smoothly adapt to these diversities, assuring its usefulness across varied settings. 

The model's versatility extends to fitting varied healthcare environments. From well-

equipped metropolis hospitals to resource-constrained rural clinics, our objective is to 

design a model that can be smoothly incorporated into varied healthcare infrastructures. 

This inclusion is vital for ensuring that breakthroughs in automated diagnostics, aided 

by deep learning, are accessible and usable across a spectrum of healthcare institutions. 

In studying the subtleties of Diabetic Retinopathy detection using deep learning, our 

research does not function in isolation. It is a purposeful endeavor to contribute 

substantially to the greater area of medical picture analysis and automated diagnostics. 

By pushing the frontiers of what is feasible in Diabetic Retinopathy detection, we seek 

to create a precedent for the incorporation of modern technology into everyday clinical 

operations. The insights gathered from our study have the potential to impact the 

development of future diagnostic tools and procedures, not just for Diabetic 

Retinopathy but for a multitude of other medical disorders. The consequences of our 

approach extend beyond the obvious use in Diabetic Retinopathy detection. As we dig 

into the world of medical image analysis and automated diagnostics, we are 

contributing to the continual growth of healthcare technology. The information and 

approaches produced via this study may pave the way for breakthroughs in the early 

identification and treatment of numerous illnesses, radically changing the landscape of 

healthcare delivery. 

 

Despite the promising advancements in deep learning for predicting diabetic 

retinopathy, several limitations persist. These models often require large, annotated 

datasets to achieve high accuracy, which can be challenging to obtain due to privacy 

concerns and the need for specialized medical expertise. Additionally, variations in 

imaging equipment and techniques can lead to inconsistent data quality, impacting 

model performance. Deep learning models can also be considered black boxes, offering 

limited interpretability of their decision-making processes, which may hinder clinical 

adoption. Moreover, there is a risk of bias if the training data is not representative of 

diverse patient populations, potentially reducing the generalizability of the models 

across different demographic groups. 
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1.6 Report Organization 

The proposed report is organized in a comprehensive manner to walk readers through 

the study process, findings, and consequences. Every section serves a particular 

purpose, which adds to the document's overall cohesion and depth. 

Chapter 1: Introduction 

The introduction chapter establishes the context for the research, outlining the 

importance of diabetic retinopathy diagnosis, the use of transfer learning and deep 

CNNs, and the requirement for a comparative examination of various CNN models 

(InceptionV3, Xception, and DenseNet201). It describes the research questions, goals, 

and overall structure of the study. 

Chapter 2: Literature Review 

The background chapter provides a thorough review of pertinent research and prior 

research. This section provides a thorough overview of the theoretical foundations, 

techniques, and technological breakthroughs associated with diabetic eye disease 

detection, learning through transfer, and deep CNNs. It provides background for the 

current investigation and identifies gaps in current understanding. 

Chapter 3: Methodology  

The research methods chapter describes the approach used to carry out the study. It 

explains the study's design, data gathering methods, model structures, and the reasoning 

for selecting various methodologies. The chapter also examines ethical concerns and 

any restrictions that may affect the study. 
 

Chapter 4: Implementation 

So, for the implementation, we have developed a deep learning model to detect diabetic 

retinopahty from Retinal Images. We began with the preprocessing part to prepare our 

dataset originally which includes image normalization and augmentation so that overall 

model efficiency is enhanced. We then created and trained a CNN that used transfer 

learning to make more accurate predictions. Uses thousands of labeled retinal images 

to train model by iteratively optimizing parameters over many epochs. We evaluated 

the trained model using performance metrics like sensitivity, specificity, AUC-ROC on 

a held-out test dataset. The data generated by the current model demonstrated strong 

support for clinical practicability of this method in early diagnosis of diabetic 

retinopathy, due to its high reliability and accuracy. 
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Chapter 5: Result and Analysis 

This chapter provides the experimental results of using InceptionV3, Xception, and 

DenseNet201 to identify diabetic retinopathy. Detailed studies of these models' 

performance are presented, along with illustrations and statistical measurements to 

validate the results. 

Chapter 6: Impact on Society, Environment and Sustainability 

The social impact chapter delves into the wider consequences of the research findings 

for healthcare and diagnostics in medicine. It highlights how better diabetic retinopathy 

detection technologies can benefit patients, their treatment outcomes, and overall public 

health. Potential technological breakthroughs are considered, as are their 

socioeconomic repercussions. 

Chapter 7: Conclusion and Future Work 

This final chapter provides a summation of the full study. It highlights the important 

findings, reiterates the study's conclusions, and makes suggestions for practical use and 

further research. The ramifications for subsequent studies are highlighted, giving a road 

map for scholars looking to build on the present investigation. 

This planned organization ensures an orderly progression of material, taking the reader 

throughout the study process from introduction to broader implications and suggestions. 

It provides a thorough explanation of the research process and its possible impact on 

both the intellectual and practical elements of diabetic retinal degeneration detection 

via transfer learning and deep CNNs. 

1.7 Summary 

In summary, this introduction serves as the basis for our investigation, underlining the 

crucial requirement of establishing an automated and accurate Diabetic Retinopathy 

(DR) diagnostic approach. The global healthcare environment creates a great need for 

technologies that may not only speed up the diagnosis process but also deliver an extent 

of precision that surpasses existing approaches. The fundamental objective is to 

overcome the current gaps in conventional screening techniques, ushering in a new age 

of medical diagnostics distinguished by efficiency, reliability, and accessibility. 
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CHAPTER 2 

Literature Review 

 
2.1 Overview 

 

Regarding the circumstances of deep learning-based diabetic retinopathy prediction, 

certain critical concepts and prior procedures are required to comprehend the whole 

procedure. Deep learning, a subtype of machine learning, use neural networks with 

several layers capable of learning characteristics based on raw data. Diabetes-associated 

retinopathy, an illness in which the optic nerve is damaged owing to diabetes, has the 

potential to cause blindness if not discovered early. Accurate detection via image 

analysis is critical. 

The first stage is to create a dataset of retinal images categorized by the severity of 

diabetic retinopathy. This collection of data is then used to develop, validate, and test 

deep learning models. Data preparation is a critical step that involves shrinking photos 

to an appropriate size, improving contrast, and standardizing pixel values. These actions 

increase the accuracy of data and consistency. Data augmentation techniques, including 

as flipping, rotating, and altering image contrast, are also used to artificially expand 

dataset size and improve the model's generalizability. 

Transfer learning is another important notion, in which pre-trained deep learning 

models such as InceptionV3, Xception, and DenseNet201 are fine-tuned for the unique 

purpose of detecting diabetic retinopathy. This enables the models to use previously 

learnt characteristics. Model training entails feeding preprocessed and enhanced images 

into a neural network, modifying weights via backpropagation, and employing Adam 

optimizers as well as functions for loss such as category cross-entropy. 

Ultimately, model evaluation involves comparing the trained model's performance to a 

different test set using measures such as precision, specificity, sensitivity, and 

confusion matrices. Once the model has achieved appropriate efficiency, it is saved for 

further use or deployed in real-world diabetic cataract detection applications. This 

complete method ensures a strong and dependable framework for the identification and 

avoidance of retinopathy caused by diabetes. 

 

2.2 Related Works 

Many deep learning-based studies have been conducted on diabetic retinopathy (DR) 

detection from fundus pictures. This section outlines some of the current research 

projects.  

Zago et al. [10] used the likelihood of lesion patches to distinguish diabetic retinopathy 

or non-DR fundus images with two CNNs (pre-trained VGG16 and CNN). The 

DIARETDB1 dataset was used for training. The DDR, IDRiD, Messidor, 
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DIARETDB0, Messidor-2, and Kaggle datasets were used for testing purposes. The 

Messidor dataset produced the best results, with an AUC of 0.912 and sensitivity of 

0.94.  

A fundus image dataset can be identified as referable or non-referable DR using the 

model proposed by Jiang et al. [11], which employs three CNNs (Inception-v3, 

ResNet152, and Inception-ResNet-v2). Prior to CNN training, the images were scaled, 

enhanced, and augmented, and then combined using the Adaboost technique. After 

updating the network weights using the Adam optimizer, the system achieved 88.21% 

accuracy and an AUC of 0.946.  

Pratt et al. [12] classified Kaggle fundus pictures into five classes based on DR severity 

levels, using CNN with 10 convolutional layers, 8 max-pooling layers, 3 fully 

connected layers, and a softmax classifier. To reduce overfitting, color fundus images 

were normalized and shrunk, followed by L2 regularization and dropout approaches.  

The model returned findings with 95% specificity, 75% accuracy, and 30% sensitivity. 

Jayakumari.C. et al. [13] suggested a transfer learning model using Inception V3 as a 

pre-trained model and a dropout layer to prevent overfitting. Using the Kaggle dataset, 

the model achieved a training accuracy of 98.6%.  

The model's accuracy ranges from 86.6% for no DR to 42.8% for PDR. Shaohua Wan 

et al. [14] used AlexNet, VggNet, GoogleNet, and ResNet with transfer learning and 

hyperparameter tuning to analyze diabetes image categorization on the Kaggle dataset.  

VggNet-s with hyperparameters generated the highest accuracy of 95.68. Narayana 

Bhagirath Thota et al. [15] classified the severity of DR with the VGG-16 model as a 

pre-trained neural network for fine-tuning. A 74% accuracy was achieved on high-

quality pictures using data augmentation, batch normalization, dropout layers, and 

learn-rate scheduling.  

Hasan Sabbir et al. [16] used a combination of SVM, KNN, and Naïve Bayes models 

on the MESSIDOR fundus dataset. It scored 92% accuracy.  

Robiul Islam et al. [17] developed a deep learning model that incorporates transfer 

learning from VGG 16. With the new Kaggle dataset "APTOS 2019 Blindness 

Detection," training time was reduced while producing an average accuracy of 

0.9132683.  

Ahsan Habib Raj et al. [18] used CNN (VGGnet) to evaluate diabetic retinopathy (DR), 

achieving 95.41% accuracy.  
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Inception-ResNet-v2 was previously trained with transfer learning, and a custom block 

of CNN layers was added on top of it to build the hybrid model, as proposed by Kumar 

Gangwar et al. [19].  

On the Messidor-1 and APTOS datasets, the model has test accuracy of 72.33% and 

82.18%, respectively. Sehrish Qummar et al. [20] constructed an ensemble of five deep 

Convolution Neural Network (CNN) models (Resnet50, Xception, Inceptionv3, 

Dense169, and Dense121) on the publicly available Kaggle retina picture dataset and 

achieved an accuracy of 80.70%.  

To improve image quality and reliably equalize intensities, Asra Momeni Pour et al. 

[21] developed a new diabetic retinopathy monitoring model based on the Contrast 

Limited Adaptive Histogram Equalization technique. The classification stage is then 

completed using the EffcientNet-B5 architecture. The efficacy of this network is based 

on its capacity to reliably scale all of its dimensions. The final model is first trained 

using a combination of the Messidor-2 and IDRiD datasets, and then verified on the 

Messidor dataset. The area under the curve (AUC) is increased to 0.945 from 0.936, 

which was the highest value in all recent studies.  

Mohamed M. Farag et al. [22] added a Convolutional Block Attention Module (CBAM) 

to the encoder to improve discriminative power. They used DenseNet169's encoder to 

create a visual embedding. Using the APTOS dataset, the model contributed 97% 

accuracy. 

2.3 Comparison Between Existing Works 

In the Comparative Analysis and Summary section of my research report, I performed 

a thorough evaluation of numerous techniques pertinent to my topic. The emphasis has 

been on comparing various approaches, tools, and theoretical frameworks to determine 

their strengths, limitations, and overall efficacy. To accomplish this, I used a table-like 

structure to display the information clearly and concisely. This table contains important 

parameters such as performance measurements, scalability, effectiveness, and 

applicability in many circumstances. 

 

 

TABLE 2.3.1: Comparative Analysis  
 

SI 

No. 
Authors/Year Method Dataset Performance (%) 

1 
Ma et al. (2022) 

[23] 

A Hybrid of Matched Filter 

and U-Net Model 

DRIVE, 

STARE, and 

CHASEDB1 

Sensitivity 98 % 

(DRIVE), 98.2 %, 

(STARE) and 97.1 % 

(CHASE-DB1) 

https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib238
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib238
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2 
Memari et al. 

(2021) [24] 

Matched filter and Fuzzy C-

Means Clustering 

DRIVE, 

STARE, and 

CHASEDB1 

Accuracy 88 % 

(DRIVE), 84.3 %, 

(STARE) and 90.6 % 

(CHASE-DB1) 

3 
Fan et al. (2018) 

[25] 

Hierarchical Image processing 
DRIVE, STARE 

and CHASE-

DB1 

Accuracy 96 % 

(DRIVE), 95.7 %, 

(STARE) and 95.1 % 

(CHASE-DB1) 

4 
Leopold 

et al.(2019) [26] 

Pixel-wise BNN deep method 
DRIVE, STARE 

and CHASE-

DB1 

Accuracy 91 % 

(DRIVE), 90 %, 

(STARE) and 89 % 

(CHASE-DB1) 

5 
Wang 

et al.(2019) [27] 

Feature extraction, color 

channel fusion and 

dimensionality reduction 

DRIVE, STARE 

and CHASE-

DB1 

Accuracy 95.4 % 

(DRIVE), 96.4 %, 

(STARE) and 96.03 % 

(CHASE-DB1) 

6 
Adal et al.(2017) 

[28] 

Multi-scale blobness 

estimation 

Rotterdam eye 

hospital 

(Primary data) 
Sensitivity 98 % 

7 Nefiz 

et al.(2017) [29] 

MRF DRIVE, HRF Sensitivity 78.63 %, 

8 Rahmat et al. 

(2019) [30] 
R-CNN AUC=0.62 Specificity 97 % 

9 

Bandara 

et al.(2017) [31] 

Adaptive contrast 

improvement, Hough-line 

transformation for 

segmentation, Tyler coy 

method for feature extraction 

DRIVE, STARE Accuracy 94.9 % 

10 
Maninis 

et al.(2016) [32] 

CNN 
DRIVE, 

STARE, 

DRION-DB 
Accuracy 98.3 % 

11 Lahiri 

et al.(2016) [33] 

Deep Neural Ensemble DRIVE Accuracy 95.33 % 

12 Paing 

et al.(2016) [34] 

ANN DIARET-DB1 Accuracy 96 % 

13 Guo et al.(2015) 

[35] 

Multi-class discrimination 

analysis 
Primary data 90.9 % 

14 Deepti 

et al.(2015) [36] 

Morphological function-based 

segmentation 
DIARET-DB1 Accuracy 97.75 % 

15 Sriwastava 

et al.(2015) [37] 

Frangi-based Filters DIARET-DB1 ROC 97 % 

16 
Roychoudhary 

et al.(2014) [38] 

Morphological function-based 

segmentation, GMM 

DRIVE, STARE 

and CHASE-

DB1 

Accuracy 95.2 % 

(DRIVE), 95.15 %, 

(STARE) and 95.3 % 

(CHASE-DB1) 

 

 

https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib239
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib239
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib15
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib15
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib12
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib12
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib14
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib14
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib18
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib18
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib16
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib16
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib17
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib17
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib20
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib20
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib23
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib23
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib174
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib174
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib228
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib228
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib176
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib176
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib42
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib42
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib24
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib24
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2.4 Open Issues 

 

Deep learning has transformed computer-aided methods for detecting diabetic 

retinopathy by utilizing modern image processing techniques. Despite great progress, 

some hurdles remain to fully realize the endless possibilities of deep learning in this 

field. 

One major problem is the use of convolutional neural network (CNN) models, which 

require big, annotated datasets for effective training. However, obtaining and 

annotating retinal pictures is a time-consuming and expensive operation that requires 

the skills of ophthalmologists. This makes it critical to build deep learning systems that 

can learn from small datasets without sacrificing accuracy. 

Another problem is the comprehension of deep learning systems. While these 

algorithms assist in automating the identification process, the reasoning for their 

predictions are frequently obscure. The ability of these models to give clear and 

actionable information is critical for their acceptability in therapeutic settings. 

Also, combining both crafted and non-handcrafted elements is required to create more 

generalized models. Handcrafted features created by specialists and features learnt 

dynamically by the machine can complement one another, improving overall 

performance. This integration, however, complicates the model creation procedure. 

Another problem is deep learning's hierarchical nature, in which each layer learns 

increasingly abstract information. Model correctness and efficiency depend on ensuring 

that each layer successfully collects pertinent details avoiding duplication or corruption 

of critical data. 

In addition, increasing the scale of deep learning networks may enhance their 

generalization capabilities, as demonstrated by models such as GoogleNet, which has 

22 layers. However, larger models necessitate greater computing power and more 

training cycles, which may prove prohibitive. Balancing the complexity of models with 

computational effectiveness remains a major challenge. 

Subsequently merging dynamic-sized deep learning systems in a cascade approach has 

the potential to lower computational expenses and training time. However, creating and 

maximizing these structures to work smoothly together necessitates meticulous 

preparation and substantial experimentation. 

Addressing these problems is critical to enhancing the efficacy as well as effectiveness 

of deep learning-based diabetic retinopathy diagnostic tools, which will eventually 

improve patient outcomes and reduce the cost on healthcare systems. 
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2.5 Summary 

The research on diabetic retinopathy (DR) detection techniques reveals a varied variety 

of methodologies, particularly employing modern technologies like deep learning. 

Researchers have made tremendous progress in boosting the accuracy of detection 

models, generally leveraging convolutional neural networks (CNNs) and new image 

processing approaches. The thorough study covers a variety of investigations, from the 

examination of varied datasets to the construction of real-time detection algorithms. 

However, substantial shortcomings continue, including low dataset variety, a need for 

greater model explainability, and difficulty in real-time implementation. Standardized 

assessment measures, longitudinal monitoring, ethical issues, and cost-effectiveness are 

additional topics demanding more attention. Despite these inadequacies, the aggregate 

body of research provides as a basis for future initiatives to solve these problems and 

push the field of diabetic retinopathy detection towards more effective, accessible, and 

morally acceptable approaches. 
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CHAPTER 3 

Methodology/ Requirement Analysis & Design Specification 

3.1 Overview 

The study focuses on people who have diabetic retinopathy, a common consequence of 

diabetes which impacts the eyes. The study includes a broad group of people chosen to 

represent the various phases of diabetic retinopathy, ranging from moderate non-

invasive to serious proliferation stages. Male and female patients aged 30 to 70 have 

been included to guarantee a thorough analysis. Participants are recruited from several 

healthcare facilities to create a diverse dataset that reflects various demographic and 

socioeconomic backgrounds. The primary goal is to create and verify deep learning 

models capable of properly diagnosing diabetes-related retinopathy via retinal fundus 

pictures. Ethical approval is acquired, and all subjects provide informed permission 

before to participation in the study. 

 

3.2 Proposed Methodology/ System Design 

 

Data Loading and Preparation: This step 

entails putting the collection of images into 

memory and doing preparation activities like 

resizing photos, standardizing pixel values, 

and dealing with data that is missing. 

Data Augmentation: Data augmentation 

entails using transformations like rotation, 

flipping, and scaling to increase the variety 

of the training dataset, hence improving the 

model's generalization. 

Splitting Data into Training and Validation 

Sets: This phase divides the data set into two 

subsets: one for training the model and 

another for validating its performance.  

Model Definition: This step defines                        

the structure of the models of neural                      Figure 3.2.1: Proposed Methodology  

networks (InceptionV3, Xception, and DenseNet201), including the number and kind 

of layers as well as their connections.Compiling the Model entails customizing the 

learning process, which includes selecting the optimizer, the function of loss, and 

Figure 3.4.1: Proposed Methodology 
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metrics to track during training. 

Training the Model: In this step, the training data is fed into the model and its weights 

are adjusted repeatedly to reduce the loss function, which is commonly done over 

numerous epochs. 

Evaluating the Model: After training, the model's performance is tested using the 

validation dataset, which includes measures like as accuracy, precision, recall, and F1-

score. 

Classification Reports: A classification report is created to summarize the model's 

performance in every class, including precision, recall, and F1-score. 

Depicting Training History (Accuracy and Loss): Visualizing the training history 

allows you to assess the model's performance throughout each epoch, revealing insights 

on convergence and potential faults like overfitting or underfitting. 

Lastly, the trained model is copied to disk for future usage, allowing prediction on new 

data without having to retrain from scratch. 

 

3.3 Hardware/ Software Requirement 

In this section, we will discuss the hardware, software, and other requirements required 

to carry out the research on pneumonia detection using several deep learning methods. 

The implementation was conducted performed in the Google Colab environment using 

Python and Kaggle datasets. 

 

Hardware Requirements 

1. Computer with Internet Access: 

● A stable internet connection is crucial for accessing Google Colab, downloading 

datasets, and running experiments in the cloud environment. 

2. Google Colab Environment: 

● Processor: Google Colab provides access to powerful processors, including GPUs 

(Graphics Processing Units) and TPUs (Tensor Processing Units) for accelerated 

computation. 

● Memory: Google Colab offers up to 12 GB of RAM, which is adequate for training 

deep learning models on medium-sized datasets. 

● Storage: Temporary storage provided by Google Colab for saving datasets and 

intermediate results. 

3. Local Machine: 

● Processor: Minimum dual-core processor. 

● Memory: At least 8 GB of RAM. 
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● Storage: Minimum of 20 GB free space for installing necessary software and storing 

data. 

Software Requirements 

4. Google Colab: 

● A cloud-based platform that provides free access to Jupyter notebooks with 

powerful hardware acceleration. 

5. Python: 

● Programming language used for developing and running the code. Google Colab 

comes pre-installed with Python. 

6. Libraries and Frameworks: 

● Keras: High-level neural networks API, running on top of TensorFlow. 

● TensorFlow: Open-source machine learning framework for deep learning. 

● OpenCV: Library for image processing tasks. 

● NumPy: Library for numerical computations. 

● Pandas: Data manipulation and analysis library. 

● Matplotlib: Plotting library for data visualization. 

● Scikit-learn: Library for machine learning and statistical modeling. 

● ImageDataGenerator: For data augmentation and preprocessing in Keras. 

 

7. Data Source: 

● Kaggle: Platform used for sourcing the pediatric pneumonia chest X-ray dataset. 

 

By ensuring that all of these hardware and software criteria are met, the pneumonia 

detection project may be implemented rapidly and effectively, taking advantage of 

Google Colab's capabilities and Kaggle resources.  

 

3.4 Project Management and Financial Analysis 

Effective project management and financial oversight are integral components of 

ensuring the success and sustainability of any endeavor, and they hold particular 

significance in the context of the proposed research. The project management aspect 

encompasses meticulous planning, coordination, and execution of tasks, ranging from 

data collection to model training and evaluation. A well-defined project plan will be 

devised to outline key milestones, allocate resources judiciously, and establish 

timelines, fostering a structured and efficient workflow. Concurrently, robust financial 

management will be paramount to the project's viability, encompassing budgetary 

allocations for equipment, computational resources, and potential research 

collaborations. A transparent and judicious financial strategy will be implemented, 

ensuring optimal resource utilization while maintaining fiscal responsibility. These 

integrated approaches to project management and finance are essential pillars that will 
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empower the research team to navigate the complexities of the study effectively, 

ensuring that the allocated resources align with the research objectives and facilitating 

the seamless progression of the project towards its goals. 

Table 3.4.1: Cost Analysis 

Task Description 
Estimated Cost (BDT) 

Miscellaneous 1000 

Internet and Utilities 2,000 

Documentation and 

Reporting 
500 

Total Estimated Cost 3500 

 

3.5 Summary 

The procedure unfolds as a nicely planned preface to the pursuit of accuracy in diabetic 

retinopathy diagnosis. We embarked on a visual journey across the many landscapes of 

Kaggle datasets, where pixels tell the tale of this sensitive medical condition. Our 

ensemble of algorithms - MobileNet, DenseNet, InceptionV3, VGG16, VGG19, and 

CNN - is ready to interpret these tales, with each algorithm contributing a unique voice 

to a symphony of detection. The approach, like a well-conducted symphony, 

orchestrates input-output changes while navigating the complexities of data processing. 

Project management becomes the silent conductor, ensuring that timelines and 

resources are in sync, while financial analysis leads the composition, resulting in a 

hymn of fiscal discipline. This chapter serves as an introduction to our research opus, 

laying the groundwork for the study of facts and ideas that will follow in subsequent 

chapters. As we go on to the next act, the approach serves as a testament to our 

commitment to precision, originality, and the pursuit of innovative results in the area 

of diabetic retinopathy detection. 
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CHAPTER 4 

Implementation 

4.1 Overview 

 

Collect retinal fundus images from the sources such as Kaggle. Scale the images, 

change pixel values to be between zero and one and apply data augmentation. It is 

recommended to employ pre-trained options that are, for example, DenseNet201, 

Inception-v3, as well as the Xception model. Use transfer learning and adjust the 

models on the retinal dataset. Use the training set in the training process, cross validate 

the data in order to make necessary modifications and finally test your findings on the 

test set. To train the model one should use optimizers like Adam; the loss function could 

be categorical cross-entropy. Performance should be evaluated by such parameters as 

accuracy, sensitivity, specificity, precision, recall, F1-score, etc. To check the 

consistency of the models, confusion matrices and cross validations should be applied. 

Then, you need to export the trained model and create an API on Flask or FastAPI. 

Implement the model in health-care delivering organizations for operations on real-life 

individuals. Monitor model performance continuously. Fine tune the model every now 

and then with the new data as the model slowly becomes overtrained. Aim to updating 

and further developing by collecting feedback from the healthcare professionals. 

prediction. 

4.2 Train Model/ Prototype Design 

Data Preparation 

Collection: Acquire the retinal fundus images from the sources such as Kaggle datasets. 

Preprocessing: Standardize the pixels to be between 0 and 1, resize the images to a 

particular dimension, rotate them, zoom them, and flip them horizontally seeing that 

flipping them vertically will have a determinable effect on the dogs’ eyes. 

 

Model Selection 

Pre-trained Models: Pre-trained CNNs for recognising the objects maybe chosen from 

DenseNet201, Inception-v3 or DenseNet201. 

Transfer Learning: Modify these models by replacing the last output layer with one 

appropriate to the classes of DR severity; no DR, mild, moderate, severe, and 

proliferative. 

 

Training 

Dataset Splitting: Split the data into training and test data dividing the data into 80/10/10 

ratio as the training/validation/test data. 
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Optimization: Optimizer like Adam, model checkpoint like categorical cross-entropy. 

Training Process: Train the model, this we can do through early stopping or scheduling 

the learning rate to minimize cases of overfitting. In general, validate the model 

periodically with small changes on the hyperparameters in order to fine-tune them. 

 

Table 4.2.1: About Dataset 

Name Number 

Total Class Labels 8 

Healthy (Not DR) 1000 

Mild DR 370 

Moderate DR 900 

Proliferative DR 290 

Severe DR 190 

DR: Diabetic Retinopathy 

 

 

Evaluation 

Performance Metrics: Choose the evaluation metrics to assess the performance of the 

model: accuracy, sensitivity, specificity, precision, recall, and F1-score, augmentation. 

Validation Techniques: Perform confusion matrices and K folding in order to verify the 

validity of the model which was designed. 

 

Table 4.2.2: Original and Augmented Count 

No Class 
Original 

Count 

Augmented 

Count 

1 Severe DR 190 1200 

2 Healthy 1000 1200 

3 
Proliferate 

DR 
290 1200 

4 
Moderate 

DR 
900 1200 

5 Mild DR 370 1200 

 

 

Prototype Deployment 

Model Saving: Export and save ATR model to export and save the trained model. 

API Development: Design web pages using HTML and CSS for realized and proposed 
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functionalities with consideration of making it an API through frameworks such as 

Flask or FastAPI for compatibility with healthcare applications. 

Integration: The model should be incorporated into a hospital or utilized in an 

application for immediate DR identification and diagnosis support. 

4.3 System Testing/ Model Evaluation 

Performance Metrics: Measures that are useful when determining how well a model 

is predicting are accuracy, sensitivity (recall), specificity, precision, and F1 score. 

These metrics enable one to understand how effectively this multi-class model can 

distinguish various stages of diabetic retinopathy. 

 

Validation Strategies: To optimize the model, apply cross- validation methods, for 

instance , k-fold cross- validation, so that the validity of the model of the different 

portions of the data is checked. This is useful in evaluating the stability of the model’s 

performance and minimizes the influence of a single split of the data into train and test 

sets. 

 

Testing Procedures: Perform thorough evaluation on the unseen test set that was not 

used in the training or even the validation set. This way of evaluation is important to 

determine the model’s ability to generalize on unseen data, which is important for 

practical applications of the model. 

 

Interpretation Tools: Work with confusion matrices as they allow to see true positives, 

true negatives, false positives, and false negatives. This helps in identifying some of the 

areas within the model that provides good results and the areas that call for 

improvement especially when classifying diabetic retinopathy. 

 

Performance Analysis: Conduct detailed diagnostic of the model’s results and 

residuals, to determine if there are any trends or systematic issues in the forecasts. It 

becomes crucial for bringing out the best about the model and diagnosing the 

retinopathy in relation to the diabetes. 

 

By following these above mentioned steps, systematic model evaluation can be done 

by the researchers and clinicians in order to check its reliability and effectiveness for 

employing the machine learning based   approaches in identification of the diabetic 

retinopathy for making the improved clinical decisions related to   the patient’s care. 
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4.4 Summary 

 

This section outlines the implementation process for developing a machine learning 

model to predict diabetic retinopathy. We detail the chosen deep learning algorithms 

and CNN, data pre-processing techniques employed to clean and prepare the data for 

analysis, and the training process used to build the model. Additionally, we describe 

the evaluation metrics utilized to assess the model's performance on predicting diabetic 

retinopathy. This section provides a comprehensive overview of the technical aspects 

involved in constructing the deep learning model for diabetic retinopathy prediction. 
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CHAPTER 5 

Result and Analysis 

 
5.1 Overview 

This The test environment was totally built on Google Colab, which is a platform that 

uses the cloud for running Python applications. The code was divided into sections, 

each with a specific function in the evaluation process. The dataset comprising images 

of the retinal fundus was first retrieved from a digital archive using the Kaggle Service. 

The dataset was subsequently extracted and saved to a specific directory inside the 

Colab platform.  

The dataset was then preprocessed using a variety of techniques, including picture 

augmentation to expand its size and diversity, contrast and brightness enhancement to 

improve the quality of the images, and image resizing to suit deep learning models' 

input requirements.  

The dataset was then divided into training, testing, and validation sets utilizing a 

proprietary method to ensure a balanced distribution of photos across classes in each 

set.  

The preprocessed dataset was then used to create and train deep learning models such 

as InceptionV3, Xception, and DenseNet201.  

During the setup for the experiment, frameworks like TensorFlow and Keras were used 

for model building and training, while tools such as Matplotlib and Seaborn helped to 

visualize performance metrics and evaluate model performance.  

The complete experimental setup was carried out in the Colab environment, taking 

advantage of its computational capabilities and ease to ensure that the study activities 

were executed and analyzed seamlessly. 
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5.2 Experimental/ Simulation Result 

Algorithms Used 

InceptionV3 

InceptionV3 is a convolutional neural network in the Inception family created by 

Google. It uses simplified transformations and rigorous regularization to lower the 

computational difficulty of deep networks. The architecture uses parallel convolutional 

layers of variable sizes to gather multi-scale information, making it extremely effective 

for image identification applications [39]. 

 

Figure 5.2.1: Working Principle of InceptionV3  

 

Xception 

Xception, an abbreviation for "Extreme Inception," marks a watershed moment in 

convolutional neural network (CNN) construction. Xception, designed by François 

Chollet, the author of the Keras deep learning toolkit, was released in 2017 as a 

development of the Inception learning architecture. [41]. 

Figure 4.2.1: Working Principle of InceptionV3 [40] 
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Figure 5.2.2: Working Principle of Xception  

 

   DenseNet201 

Densely Connected Convolutional Networks (DenseNet) is a feed-forward 

convolutional neural network (CNN) architecture that connects all layers. This 

helps the network to learn with greater efficiency by recycling features, which 

reduces the total amount of parameters and improves gradient flow while 

training [43]. 

Figure 4.2.3: DenseNet201 Architecture [44] 
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Figure 5.2.3: DenseNet201 Architecture  

 

   

Experimental Result and Analysis  

Experiment-1: InceptionV3 

InceptionV3 achieved 57% accuracy, with each epoch lasting nine seconds on average. 

The accuracy for categorizing Healthy was 85.71%, recall 95%, and        F1-score 

90.12%, with a support of 120. The precision for Mild DR was 64%dfg, the recall was 

66.67%, and the F1-score was 65.31%. Moderate DR had a precision of 44.74%, recall 

of 28.33%, and an F1-score of 34.69%. Proliferate DR precision, recall, and F1-score 

were 36.58%, 37.50%, and 37.04%, respectively, whereas Severe DRs were 48.95%, 
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58.33%, and 53.23%. 

 

The following graph shows the training and validation accuracy vs. loss. 

 
Figure 5.2.4: Classification Report of InceptionV3 

 
 

 

 

 

Figure 5.2.5: Accuracy vs. Loss of Inception. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.6: Initial Convolutional and Pooling Layers of the Neural Network. 

Figure 4.2.4: Classification Report of InceptionV3 



            ©Daffodil International University 

 
26 

 

 

 

The following figure shows the confusion matrix of InceptonV3 

 

 

 

 

 

 

 

 

 

 

 

 

Figure5.2.6: Confusion Matrix of InceptionV3 

 

Misclassification of Each Class 

 
Figure 5.2.7: Misclassification of Each Class – InceptionV3 

 

Figure 4.2.6: Confusion Matrix of InceptionV3 
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Experiment-2: Xception Model 

The Xception model achieved 60% accuracy, with each epoch lasting around 11 

seconds. It achieved an F1-score of 91.57%, a recall of 95%, and a precision of 88.37% 

when diagnosing Healthy. Mild DR achieved a precision of 65.98%, a recall of 53.33%, 

and an F1-score of 58.99%. Moderate DR had a precision of 42.68%, recall of 55.83%, 

and an F1-score of 48.38 percent. Proliferate DR exhibited precision, recall, and F1-

score values of 68.42%, 32.50%, and 44.07%, respectively. Severe DR attained a 

precision of 54.38%, recall of 72.50%, and an F1-score of 62.14%. 

 

Figure 5.2.8: Classification Report of Xception  

 

 

    The following graph shows the training and validation accuracy vs. loss. 

Figure 5.2.9: Accuracy vs. Loss of Xception  

 

 

 

 

 

 

Figure 4.2.8: Classification Report of Xception 

Figure 4.2.9: Accuracy vs. Loss of Xception 
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The following figure shows the confusion matrix of Xception 

 

Figure 5.2.10: Confusion Matrix of Xception 

 

Mis classification of Each Class 

 

 

 
Figure 5.2.11: Misclassification of Each Class – Xception 

 

    

Figure 4.2.10: Confusion Matrix of Xception 

Figure 4.2.11: Multiclassification of Each Class – Xception 
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Experiment-3: DenseNet201 

The DenseNet201 model achieved an astonishing 87% accuracy, with each epoch 

taking around 8 seconds. It delivered exceptional results in all classes. Healthy had 

flawless precision, recall of 90.83%, and an F1-score of 95.20 percent. Mild DR had a 

precision of 78.20%, recall of 86.67%, and an F1-score of 82.21%. Moderate DR had 

a precision of 81.74%, recall of 78.33%, and an F1-score of 80.00%. Proliferate DR 

had 87.18% precision, 85.00% recall, and an F1-score of 86.08%. Severe DR obtained 

92.86% precision, 97.50% recall, and an F1-score of 95.12%. 

Figure 5.2.12: Classification Report of DenceNet201 

 

 

 

 

 

The following graph shows the training and validation accuracy vs. loss. 
 

 
Figure 5.2.13: Accuracy vs. Loss of DenseNet201 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.12: Classification Report of DenceNet201 

Figure 4.2.13: Accuracy vs. Loss of DenseNet201 
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The following figure shows the confusion matrix of DenseNet201 
 

Figure 5.2.14: Confusion Matrix of DenseNet201 

 

Misclassification of Each Class 
 

 
Figure 5.2.15: Misclassification of Each Class – DenseNet201 

 

 

Figure 4.2.14: Confusion Matrix of DenseNet201 

Figure 4.2.15: Multiclassification of Each Class – DenseNet201 
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5.3 Performance/ Comparative Analysis 

In the Comparative Analysis and Summary section of my research report, I performed 

a thorough evaluation of numerous techniques pertinent to my topic. The emphasis has 

been on comparing various approaches, tools, and theoretical frameworks to determine 

their strengths, limitations, and overall efficacy. To accomplish this, I used a table-like 

structure to display the information clearly and concisely. This table contains important 

parameters such as performance measurements, scalability, effectiveness, and 

applicability in many circumstances. 

TABLE 5.3.1: Comparative Analysis Table 

 

SI 

No. 
Authors/Year Method Dataset Performance (%) 

1 

Ma et al. (2022) 

[23] 

A Hybrid of 

Matched Filter and 

U-Net Model 

DRIVE, STARE, 

and CHASEDB1 

Sensitivity 98 % 

(DRIVE), 98.2 %, 

(STARE) and 

97.1 % (CHASE-

DB1) 

2 

Memari et al. 

(2021) [24] 

Matched filter and 

Fuzzy C-Means 

Clustering 

DRIVE, STARE, 

and CHASEDB1 

Accuracy 88 % 

(DRIVE), 84.3 %, 

(STARE) and 

90.6 % (CHASE-

DB1) 

3 

Fan et al. (2018) 

[25] 

Hierarchical Image 

processing 

DRIVE, STARE and 

CHASE-DB1 

Accuracy 96 % 

(DRIVE), 95.7 %, 

(STARE) and 

95.1 % (CHASE-

DB1) 

4 

Leopold 

et al.(2019) [26] 

Pixel-wise BNN 

deep method 

DRIVE, STARE and 

CHASE-DB1 

Accuracy 91 % 

(DRIVE), 90 %, 

(STARE) and 89 % 

(CHASE-DB1) 

5 

Wang et al.(2019) 

[27] 

Feature extraction, 

color channel 

fusion and 

dimensionality 

reduction 

DRIVE, STARE and 

CHASE-DB1 

Accuracy 95.4 % 

(DRIVE), 96.4 %, 

(STARE) and 

96.03 % (CHASE-

DB1) 

6 
Adal et al.(2017) 

[28] 

Multi-scale 

blobness estimation 

Rotterdam eye 

hospital (Primary 

data) 

Sensitivity 98 % 

7 Nefiz et al.(2017) 

[29] 
MRF DRIVE, HRF 

Sensitivity 

78.63 %, 

8 Rahmat et al. 

(2019) [30] 
R-CNN AUC=0.62 Specificity 97 % 

9 

Bandara 

et al.(2017) [31] 

Adaptive contrast 

improvement, 

Hough-line 

transformation for 

segmentation, Tyler 

coy method for 

DRIVE, STARE Accuracy 94.9 % 

https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib238
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib238
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib239
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib239
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib15
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib15
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib12
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib12
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib14
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib14
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib18
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib18
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib16
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib16
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib17
https://www.sciencedirect.com/science/article/pii/S2589791824000045#bib17
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feature extraction 

10 Maninis 

et al.(2016) [32] 
CNN 

DRIVE, STARE, 

DRION-DB 
Accuracy 98.3 % 

11 
Lahiri et al.(2016) 

[33] 

Deep Neural 

Ensemble 
DRIVE Accuracy 95.33 % 

12 
Paing et al.(2016) 

[34] 
ANN DIARET-DB1 Accuracy 96 % 

13 
Guo et al.(2015) 

[35] 

Multi-class 

discrimination 

analysis 

Primary data 90.9 % 

14 
Deepti et al.(2015) 

[36] 

Morphological 

function-based 

segmentation 

DIARET-DB1 Accuracy 97.75 % 

15 
Sriwastava 

et al.(2015) [37] 

Frangi-based 

Filters 
DIARET-DB1 ROC 97 % 

16 

Roychoudhary 

et al.(2014) [38] 

Morphological 

function-based 

segmentation, 

GMM 

DRIVE, STARE and 

CHASE-DB1 

Accuracy 95.2 % 

(DRIVE), 95.15 %, 

(STARE) and 

95.3 % (CHASE-

DB1) 
 

 

 

5.4 Summary 

 

The table compares the efficiency among three models—InceptionV3, Xception, and 

DenseNet201—in the classification of diabetic retinopathy stages. DenseNet201 

surpasses each of the other model with an overall accuracy of 87%, indicating great 

precision and recall across every level. In comparison, InceptionV3 and Xception have 

lower accuracy levels of 57% and 60%, correspondingly. Notably, DenseNet201 does 

exceptionally well in the "Healthy" and "Severe DR" classes, exhibiting near-perfect 

precision and recall, demonstrating its robustness in detecting both non-disease and 

severe instances. The results indicate that DenseNet201 is the most trustworthy model 

for this sort of task. Additional enhancements could be investigated for the Moderate 

and Proliferate DR classes to improve early diagnosis and intervention. In addition, 

using more diverse and vast datasets could help to develop these models, increasing 

their applicability and overall effectiveness in real-world applications. 
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Table 5.4.1: Performance Comparison of Different Algorithms 

Model Class Precision Recall 
F1-

Score 
Accuracy 

InceptionV3 

Healthy 0.857143 0.95 
0.90118

6 

0.57 

Mild DR 0.64 
0.66666

7 

0.65306

1 

Moderate 

DR 
0.447368 

0.28333

3 

0.34693

9 

Proliferate 

DR 
0.365854 0.375 0.37037 

Severe DR 0.48951 
0.58333

3 

0.53231

9 

Xception 

Healthy 0.883721 0.95 
0.91566

3 

0.6 

Mild DR 0.659794 
0.53333

3 

0.58986

2 

Moderate 

DR 
0.426752 

0.55833

3 

0.48375

5 

Proliferate 

DR 
0.684211 0.325 

0.44067

8 

Severe DR 0.54375 0.725 
0.62142

9 

DenseNet201 

Healthy 1 
0.90833

3 

0.95196

5 

0.87 

Mild DR 0.781955 
0.86666

7 

0.82213

4 

Moderate 

DR 
0.817391 

0.78333

3 
0.8 

Proliferate 

DR 
0.871795 0.85 

0.86075

9 

Severe DR 0.928571 0.975 0.95122 
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CHAPTER 6 

Impact on Society, Environment and Sustainability 

6.1 Impact on Life 

The implementation of deep learning in diabetic retinopathy (DR) prediction holds 

significant potential to transform patients' lives by enabling early detection and timely 

intervention. Early diagnosis of DR is crucial as it allows for prompt treatment, which 

can prevent or delay the progression of the disease and significantly reduce the risk of 

vision impairment and blindness. This proactive approach not only preserves the quality 

of life for individuals but also alleviates the emotional and financial burden on patients 

and their families by minimizing the need for extensive and costly treatments. 

Furthermore, deep learning-based DR prediction systems can make high-quality eye 

care accessible to a broader population. By integrating these systems into telemedicine 

and mobile health platforms, individuals in remote or underserved areas can receive 

timely and accurate screenings, which are often challenging due to a lack of specialist 

availability. This improved accessibility can lead to better health outcomes by ensuring 

that more patients receive necessary care at an earlier stage. 

From a healthcare system perspective, the use of automated DR prediction models can 

enhance efficiency by reducing the workload on ophthalmologists, allowing them to 

focus on high-risk cases that require their expertise. This efficient allocation of 

resources can lead to more effective management of healthcare services and better 

patient care. Additionally, integrating these predictive models into routine clinical 

workflows and electronic health record systems can streamline operations, ensuring that 

patients' diagnostic and treatment information is consistently updated and easily 

accessible. 

In summary, the adoption of deep learning for DR prediction has the potential to 

significantly improve patient outcomes by enabling early detection and treatment, 

increasing accessibility to eye care services, and enhancing the efficiency of healthcare 

systems. This technological advancement represents a crucial step towards reducing the 

global burden of diabetic retinopathy and improving the quality of life for millions of 

individuals living with diabetes. 
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6.2 Impact on Society and Environment 

Society 

Social developments have influenced advances in diabetic retinopathy (DR) 

categorization using fundus imaging and deep learning. These transformations have had 

a significant impact on the design and execution of cutting-edge diagnostic instruments. 

First, initiatives to improve healthcare accessibility have fueled the development of 

deep learning algorithms for DR categorization. In areas with limited access to 

specialized medical experts, these cutting-edge tools have the potential to improve early 

identification and diagnosis, lowering the incidence of untreated diabetic retinopathy. 

The democratization of healthcare technology has made sophisticated medical 

diagnostics available to people living in rural places. 

Second, fast advances in disciplines such as artificial intelligence and image processing 

have prompted the creation of increasingly powerful deep learning models for DR 

categorization. These technology breakthroughs have enabled the development of more 

accurate, trustworthy, and efficient diagnostic instruments, transforming how 

healthcare practitioners handle the identification and treatment of this ailment. 

Third, growing public knowledge of diabetes and its associated issues has resulted in a 

stronger emphasis on early detection and prevention. This societal transition has led to 

increased investment in AI-based diagnostic technologies. Educational campaigns 

emphasizing the significance of frequent eye exams have also helped to integrate such 

technologies into regular medical practices, empowering people to adopt a proactive 

approach to their eye health. 

Private investments have been critical to furthering medical AI development. Funding 

for deep learning-based diabetic retinopathy classification initiatives has allowed for 

the development of novel solutions, boosting collaboration among academics, industry, 

and healthcare providers. 

Societal norms and regulations influence the use of deep learning models in healthcare. 

Ethical considerations for patient privacy, algorithm openness, and fairness are critical. 

Regulations require thorough testing of these AI models for accuracy and reliability 

prior to clinical application. Societal demand for ethical AI practices influences model 

design and implementation, making them more inclusive and fairer. 

The socioeconomic considerations influence the availability and use of AI-based 

diabetic retinopathy diagnostic tools. Wealthy cultures have more access to cutting-

edge technologies and healthcare services, whereas low-income countries may have 

budget limits that limit the availability and usage of these modern equipment. Efforts 



            ©Daffodil International University 

 
36 

 

 

 

to address these inequalities are critical for achieving equitable healthcare outcomes. 

Cultural attitudes toward technology and medical innovation can influence the 

acceptance and application of AI-powered diagnostics. 

Healthcare practitioners are anticipated to quickly and widely use these technology 

tools. However, uncertainties or hesitation may impede their integration and utilization. 

Interdisciplinary collaborations driven by societal requirements have been critical to 

the development of deep learning applications in the diagnosis and treatment of diabetic 

retinopathy. Collaborations among engineers, healthcare specialists, and legislators 

ensure that the solutions developed are practical, extendable, and actually meet the 

needs of the patients. 

Patient activism and support groups have had a significant impact on the focus on 

diabetic retinopathy and the use of deep learning technology to categorize it. These 

organizations frequently fight for better diagnostic tools, research funding, and public 

awareness, which increases the case for technological advancements in DR detection. 

Their opinions ensure that the needs and perspectives of patients are taken into account 

when creating AI solutions. 

Policymakers, insurance companies, and healthcare practitioners are all participating in 

the social process of incorporating deep learning algorithms for DR classification into 

existing healthcare systems. Healthcare professionals must get training, payment rules 

and procedures must be modified, and integration must be consistent with clinical 

operations.  

Ultimately, social influences on the use of fundus photographs and deep learning for 

the classification of diabetic retinopathy are multifaceted, encompassing public 

awareness, healthcare accessibility, technological advancements, ethical concerns, and 

socioeconomic factors. These criteria collectively influence the development, use, and 

acceptability of AI-driven diagnostics for the management of diabetic retinopathy.  

Environment 

The use of deep learning approaches to detect diabetic retinopathy (DR) in fundus 

pictures has significant environmental consequences, owing to the computational 

resources required to train and deploy these models. While there are significant 

medicinal benefits, understanding the environmental impact is critical for developing 

sustainable healthcare technologies. 

Deep learning models require powerful computer resources, particularly convolutional 

neural networks (CNNs) for image classification. Training these models requires 

processing large quantities of fundus images, which necessitates the use of high-
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performance graphics processing units (GPUs). These GPUs require a lot of electricity, 

which contributes to a large carbon footprint. A study found that training a single deep 

learning model can emit as much CO2 as five cars during their whole lifetime. 

The deployment and application of deep learning models in healthcare contexts 

frequently rely on cloud-based services. The data centers that host these services are 

energy-intensive, requiring a lot of power for both computing and cooling. Despite 

developments in energy-efficient technologies and major cloud companies' embrace of 

renewable energy sources, data centers continue to be a substantial source of 

greenhouse gas emissions. 

Advances in technology frequently result in the quick replacement of electronic 

gadgets, creating a growing problem of electronic trash (e-waste). These discarded 

technologies, such as GPUs and servers, have a limited lifespan. Improper e-waste 

disposal can lead to the release of dangerous elements such as heavy metals and 

poisonous compounds, constituting an environmental risk. While effective recycling 

and disposal techniques are critical for mitigating these problems, they are not 

universally adopted. 

To overcome these environmental issues, numerous solutions might be used. Creating 

more energy-efficient algorithms with lower processing power can drastically cut 

energy consumption. Model pruning, quantization, and efficient neural architecture 

search (NAS) can all help you construct lighter models while maintaining accuracy. 

Encouraging the adoption of green data centers that use renewable energy sources and 

advanced cooling technologies can also help to reduce carbon emissions, as 

demonstrated by Google and Microsoft. Furthermore, the federated learning technique, 

which involves training models locally on devices and only exchanging model updates 

with a central server, lowers the need for large data transfers and centralized processing, 

resulting in energy savings. 

Preserving the environment is critical, and we can help by reducing the impact of our 

modern equipment. Extending the lifespan of our existing technology through upgrades 

and regular care, rather than constantly replacing it, can greatly lessen the 

environmental impact. This strategy not only conserves natural resources, but it also 

contributes to reducing the overall environmental impact of electronic device 

manufacturing and disposal. 

Integrating deep learning for DR categorization has far-reaching implications for 

healthcare systems and sustainability, in addition to the immediate environmental 

effects. Deep learning models' precision and efficiency allow for more efficient use of 

medical resources, perhaps lowering the overall carbon footprint of therapy. 
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Using automated technologies to properly and quickly identify diabetic retinopathy can 

help medical professionals make better use of their time. This can lessen the need for 

patients to travel frequently by resulting in fewer unnecessary follow-up visits and more 

targeted therapies. As a result, lower carbon emissions from transportation can be 

linked to more frequent hospital admissions. 

 

6.3 Ethical Aspects 

The application of deep learning to identify retinopathy caused by diabetes (DR) from 

fundus images offers a substantial advancement in medical diagnosis. However, this 

progress creates significant ethical concerns that need to be resolved to ensure 

sustainable and equitable adoption. 

One major challenge is the accuracy and reliability of deep learning models. Inaccurate 

DR classification may result in serious repercussions for patients, such as misdiagnosis 

and postponed therapy. To achieve high accuracy, ensure that the algorithms are trained 

on a varied and extensive dataset. Furthermore, ongoing validation and modification of 

the algorithms with fresh data is required to ensure their trustworthiness. Ethical 

practice necessitates transparency on the models' constraints and the risk of errors, 

allowing healthcare providers to make educated decisions. 

Another ethical problem is that biases in training data may be mirrored in deep learning 

models. If the dataset does not reflect the overall population, the model may perform 

poorly on groups that are underrepresented, resulting in discrepancies in healthcare 

outcomes. This is especially concerning for DR, which is more common among specific 

ethnic and socioeconomic groups. 

Fundus photos for deep learning model training and testing contain sensitive patient 

information. Maintaining the confidentiality and security of this data is critical. Robust 

data encryption, anonymization mechanisms, and adherence to standards such as GDPR 

and HIPAA are critical ethical concerns. Informed agreement from patients is required 

for the use of their data in research and model training while preserving their autonomy 

and privacy rights. 

As deep learning is implemented into healthcare settings, assigning accountability for 

diagnostic conclusions becomes a challenging task. Ethical conduct necessitates a clear 

division of responsibilities between technology and human healthcare professionals. 

Transparency in making choices processes of these models, known as the "black box" 

problem, is also critical. Efforts to construct explainable AI (XAI) can help to demystify 

these processes, allowing clinicians to comprehend and accept the model's results. 

Patients must be aware of the use of deep learning in their diagnosis and the 

ramifications that it entails. This entails explaining how the technology works, its 
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benefits, and limits in an easy-to-understand manner for patients. 

6.4 Sustainability Plan 

The Diabetes-related eye illness, known as Diabetic Retinopathy (DR), can seriously 

impair eyesight if not detected and treated early. Emerging deep learning approaches, 

especially convolutional neural network models (CNNs), have shown amazing 

potential for properly identifying DR from fundus images. Sustaining this viable 

strategy requires resolving a variety of issues, involving technological in nature, 

financial, social, and environmental concerns. 

Continuous refining of deep learning models is critical for the classification system's 

efficacy. This includes constant algorithm modifications based on fresh data, advances 

in machine learning approaches, and incorporating input from clinical applications. 

Using transfer learning along with model distillation can help you retain high 

performance while optimizing computing resources. 

Obtaining high-quality, annotated fundus photos on a regular basis is necessary to 

ensure a consistent data source. Partnerships with clinics and research organizations 

can ensure a continual flow of data. Furthermore, robust data anonymity and security 

procedures will safeguard patient privacy and ensure compliance with applicable rules. 

Creating a scalable and secure network capable of managing the computing demands 

of deep learning models is critical. Cloud-based computing as well as distributed 

systems can offer the essential flexibility and scalability. Highlighting energy-efficient 

hardware and ecologically responsible data centers will help to ensure environmental 

sustainability. 

6.5 Summary 

The integration of deep learning in diabetic retinopathy (DR) prediction research offers 

profound implications for society, the environment, and sustainability. Societally, these 

advancements enhance healthcare accessibility by providing scalable and cost-effective 

screening solutions, particularly beneficial in underserved and remote areas. By 

reducing the need for extensive manual screening and enabling early detection, deep 

learning models contribute to improved public health outcomes, mitigating the 

socioeconomic burden associated with advanced diabetic eye disease. 

Environmentally, the adoption of digital health solutions like telemedicine platforms 

and mobile applications minimizes the carbon footprint associated with traditional 

healthcare delivery. Reduced travel requirements for patients and healthcare providers 

translate into lower greenhouse gas emissions and energy consumption, aligning with 

sustainability goals. 
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From a sustainability perspective, integrating deep learning models into routine clinical 

workflows optimizes resource allocation and enhances healthcare system efficiency. 

Continuous model refinement and adaptation to evolving clinical practices ensure long-

term viability and effectiveness. Moreover, the scalability and accessibility of these 

technologies facilitate equitable healthcare delivery, promoting social sustainability by 

addressing disparities in healthcare access. 

In conclusion, the application of deep learning in DR prediction not only improves 

patient outcomes but also enhances societal resilience, environmental stewardship, and 

healthcare sustainability. Embracing these technological advancements fosters a future 

where predictive healthcare models play a pivotal role in enhancing global health equity 

and environmental responsibility. 
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CHAPTER 7 

Conclusion and Further Work 

7.1 Conclusions 

This Deep learning on fundus images has resulted in significant advances in diabetic 

retinopathy (DR) categorization, transforming the area of ophthalmology and medical 

diagnosis. This study demonstrates the extraordinary ability of convolutional neural 

networks (CNNs) and other deep learning architectures to properly identify various 

phases of DR, allowing for early identification and prompt therapies. 

The deep learning models tested in this study showed outstanding accuracy, sensitivity, 

and specificity in classifying DR stages. These models had a good capacity to 

distinguish between non-proliferative and proliferative stages of DR, as reflected by 

their high AUC-ROC values. These findings highlight AI's extraordinary ability to 

match, if not outperform, human diagnosis accuracy. 

Furthermore, automatic DR categorization facilitated by AI provides a scalable solution 

to the expanding global burden of diabetes-related vision loss. AI can promote more 

frequent and widespread screening programs by dramatically lowering the time 

necessary for analysis and diagnosis, which is especially useful in resource-constrained 

countries where access to expert ophthalmic care is generally limited. 

Early diagnosis of diabetic retinopathy with automated categorization allows for 

prompt therapies, slowing disease development and lowering the risk of visual loss. 

This can dramatically improve patient quality of life while lowering healthcare 

expenses associated with advanced therapy. 

7.2 Further Suggested Works 

Combining AI-driven diabetic retinopathy categorization algorithms with electronic 

medical records can help healthcare providers streamline their workflow. By 

automatically entering AI analysis findings into patient files, physicians can save effort 

on entering information and concentrate on patient care. This integration also allows 

for ongoing surveillance of a patient's ocular health, providing a complete picture of 

disease progression as time passes. Combining AI systems with electronic medical 

records can help physicians make better decisions by providing them with AI-generated 

insights in addition to patient history and other pertinent data. This comprehensive 

approach can enhance diagnosis accuracy, planning of therapy, and personalized patient 

care. It is critical that AI systems work with a variety of electronic health records 

platforms. Creating standardized protocols and application programming interfaces can 

facilitate data transmission between artificial intelligence models and electronic health 
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record systems, allowing for greater adoption across various healthcare settings. AI 

models able to perform fast analysis can transform clinical workflows. Real-time 

diabetic retinopathy classification provides fast feedback during patient visits, allowing 

doctors to discuss results and treatment choices with patients immediately. This can 

result in speedier interventions and greater patient satisfaction. Collaboration with 

global health agencies and non-profit organizations can facilitate the dissemination of 

these medical equipment to places severely affected by diabetes-induced eyesight loss. 

This collaboration can be critical in getting these technologies to underserved 

communities. 

7.3 Limitations/ Conflict of Interests 

Despite the critical importance of diabetic retinopathy (DR) prediction using deep 

learning, several limitations in research interest persist. One primary challenge is the 

complex and multidisciplinary nature of DR prediction research, which requires 

expertise in both medical imaging and artificial intelligence. This interdisciplinary 

requirement can be a barrier, as it necessitates collaboration between clinicians, data 

scientists, and machine learning experts, which may not always be readily available or 

prioritized in academic and research settings. Moreover, the availability of 

comprehensive and annotated datasets for training and validating deep learning models 

remains a significant hurdle. Access to large-scale, diverse datasets is crucial for 

developing robust models capable of generalized predictions across different patient 

demographics and clinical scenarios. 

Another limitation is the perception of DR prediction research as a niche area within 

both the medical and AI communities. The focus on more prevalent diseases or broader 

applications of AI in healthcare, such as cancer detection or electronic health record 

analysis, may overshadow the specific needs and challenges of DR prediction. This 

limited focus can lead to fewer resources, funding opportunities, and research initiatives 

dedicated to advancing DR prediction technologies. 

Furthermore, ethical considerations and regulatory challenges, such as patient privacy 

protections, data security, and compliance with healthcare standards, add layers of 

complexity to DR prediction research. Addressing these issues requires careful 

navigation of legal and ethical frameworks, which may deter some researchers from 

pursuing DR prediction projects. 

In conclusion, overcoming these limitations in research interest requires concerted 

efforts to promote interdisciplinary collaboration, improve access to high-quality data, 

advocate for dedicated funding and resources, and raise awareness about the importance 

of DR prediction in improving patient outcomes and healthcare efficiency.  
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