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ABSTRACT 

Among the most prevalent consequences of diabetes and a significant supporter of avoidable vision loss 

globally is diabetic retinopathy (DR). In order to lower the risk of blindness, early diagnosis is crucial. 

However, traditional screening techniques depend on manual inspection by eye specialists This might be 

difficult and time-consuming to offer in all healthcare locations. This study uses deep learning algorithms 

and retinal fundus images to present an intelligent automated screening system for diabetic retinopathy. 

After analysing submitted retinal photos, They are divided into a number of severity levels by the proposed 

model, including No DR, Mild, Moderate, Severe, and Proliferative DR. The system is built with Flask for 

backend deployment, FastAI for model training, and image processing libraries for effective handling of 

retinal pictures. The system offers fast and accurate predictions by automating the detection process, which 

can help ophthalmologists prioritise patients and make early decisions. The suggested strategy can facilitate 

large-scale healthcare monitoring programs, lessen the labour associated with diagnosis, and increase 

accessibility to eye screening services, particularly in distant and resource-constrained places. 
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1. INTRODUCTION 

One of the chronic diseases that is spreading the fastest in the world is diabetes mellitus, which nevertheless 

poses significant healthcare issues. DR, is among most dangerous eye situation among its numerous 

complications since it damages the blood vessels in retina and, if left untreated, can eventually cause partial or 

total vision loss. Any damage to the The light-sensitive tissue in the rear of the eye is called the retina, can 

drastically impair vision. Patients may not exhibit symptoms until the disease has progressed since diabetic 

retinopathy frequently develops silently in its early stages. In order to avoid irreversible blindness and 

preserve eye health, prompt diagnosis and ongoing observation are crucial [1]. The demand for routine retinal 

screening services has also increased due to the growing number of diabetic individuals worldwide. 

Conventional screening methods typically require skilled ophthalmologists or retinal specialists to manually 

review retinal fundus images. Despite its effectiveness, professional diagnosis can be costly, time-consuming, 

and challenging to scale for large populations. This circumstance emphasises the necessity for accessible and 

intelligent screening methods that can help medical practitioners identify diseases more quickly [2]. Medical 

image analysis now has more options thanks to recent advances in artificial intelligence, particularly deep 

learning. Transfer learning models and CNNs, have shown excellent performance in recognising intricate 

visual patterns from retinal fundus pictures. Important anomalies such microaneurysms, haemorrhages, cotton 

wool patches, and hard exudates linked to diabetic retinopathy can be automatically identified by these 

models. Deep learning-based automated systems can analyse images fast and make reliable predictions, which 

lessens the effort for humans and helps physicians make decisions. These technologies are becoming more and 

more useful for hospital diagnostic support systems and early screening programs [3]. The goal of this project 

is to use retinal fundus images to create an automated diabetic retinopathy diagnosis system. Eye pictures are 

categorised by the suggested model into several severity groups, such as Mild, Moderate, Severe, 

Proliferative, and No DR. This endeavour aims to provide a practical, reasonably priced, and precise solution 

that can boost early diagnosis, increase screening effectiveness, and enable improved patient care in 

contemporary healthcare settings [4]. 
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1.1 Background 

One of the chronic diseases with the fastest global growth is diabetes mellitus, which has grown to be a 

significant public health issue. Among the many complications associated with diabetes, One of the main 

causes of blindness and visual impairment in adults is DR .The retina's blood vessels are damaged by 

prolonged elevated blood sugar levels, which results in leakage, oedema, and abnormal blood vessel 

proliferation. Diabetic retinopathy is the name given to this condition. Permanent visual loss may occur if 

the illness is not identified and treated in a timely manner. 

The early stages of diabetic retinopathy often develop without noticeable symptoms, making regular retinal 

screening extremely important for diabetic patients. Retinal fundus images are manually examined by 

ophthalmologists or retinal specialists as part of conventional screening procedures. Despite their accuracy, 

these techniques necessitate highly qualified personnel, specific tools, and a substantial amount of time for 

diagnosis. Diagnosis and treatment are delayed in many rural and resource-constrained healthcare locations 

due to restricted access to professional eye care services. 

Medical image analysis now has more options thanks to recent developments in deep learning and artificial 

intelligence (AI). DL methods, especially Convolutional Neural Networks (CNNs), can automatically detect 

retinal abnormalities such microaneurysms, haemorrhages, exudates, and blood vessel alterations. These 

intelligent systems can provide fast, accurate, and consistent predictions, helping healthcare professionals in 

early disease detection and patient monitoring. 

The development of automated DR screening systems has gained significant importance in modern 

healthcare because such systems can reduce the workload of ophthalmologists, improve screening 

efficiency, and support large-scale healthcare monitoring programs. By integrating deep learning models 

with web-based deployment technologies such as FastAI and Flask, automated systems can provide real-

time prediction and assist doctors in making faster clinical decisions. 

The present work focuses on designing and implementing an automated diabetic retinopathy screening 

system using retinal fundus images. Using deep learning techniques, the system seeks to categorise retinal 

pictures into various severity phases, including No DR, Mild, Moderate, Severe, and Proliferative DR. The 

suggested method helps to increase diabetic eye disease screening's efficiency, accuracy, and accessibility. 

Diabetes mellitus, a chronic metabolic condition that affects millions of people worldwide, is becoming 

more common as a result of changing lifestyles, bad eating habits, inactivity, obesity, stress, and an ageing 

population. Global health studies predict that the number of diabetic patients will increase dramatically over 

the next few decades, posing serious healthcare difficulties for both industrialised and developing nations. In 

addition to impairing blood sugar balance, diabetes can lead to a number of major issues with the kidneys, 

heart, nerves, and vision. Diabetic Retinopathy (DR), one of these problems, is regarded as one of the most 

hazardous eye-related conditions because, if appropriate treatment is not given at the appropriate time, it can 

progressively impair vision and ultimately result in blindness.  

Diabetic retinopathy is a retinal disorder caused by persistently high blood glucose levels that damage the 

small blood vessels of the retina. The retina, a light-sensitive tissue located at the back of the eye, is 

essential for collecting visual information and sending messages to the brain. When the blood vessels in the 

retina weaken or sustain damage, they may expand, leak fluid, or create abnormal new vessels. These 

abnormalities result in retinal lesions such microaneurysms, haemorrhages, cotton wool patches, and hard 

exudates. As the sickness progresses, patients may experience distorted images, black patches, fuzzy vision, 

or complete blindness. In severe cases, diabetic retinopathy can result in retinal detachment and irreversible 

blindness. 

The fact that diabetic retinopathy frequently progresses silently in its early stages is one of the main 

problems with the condition. Until substantial retinal damage has already happened, many patients may not 

exhibit any symptoms. For this reason, ongoing monitoring and routine retinal screening are crucial for 

diabetes individuals. Early diagnosis can greatly lower the risk of blindness by enabling medical 

professionals to administer treatments like laser therapy, anti-VEGF injections, or surgery in a timely 

manner. Thus, early detection systems for diabetic retinopathy are crucial, according to medical researchers 

and healthcare organisations.  

Conventional screening techniques for diabetic retinopathy primarily rely on ophthalmologists or retinal 

specialists who manually review retinal fundus images taken with specialised fundus cameras. Despite being 

regarded as dependable, manual diagnosis has a number of drawbacks. The procedure is costly, time-

consuming, and necessitates qualified medical professionals with specific expertise in retinal image 

analysis. Advanced screening facilities and ophthalmologists are in low supply in many hospitals and 
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healthcare facilities, particularly in rural and isolated areas. 

It is challenging to diagnose every patient promptly as the number of diabetic patients rises quickly, adding 

to the workload of medical staff. Because of this, there is a great need for automated and sophisticated 

screening technologies that can help medical personnel identify diseases and prioritise patients more 

quickly.  

Medical image analysis has changed as a result of recent developments in Artificial Intelligence (AI), 

Machine Learning (ML), and Deep Learning (DL). Convolutional Neural Networks (CNNs), a type of deep 

learning approach, have demonstrated exceptional performance in tasks related to object detection, pattern 

recognition, and picture categorisation. Without the need for human feature extraction, CNN models are 

able to automatically extract significant visual features from retinal fundus images. These models can 

identify intricate retinal abnormalities linked to diabetic retinopathy, such as small lesions and vascular 

alterations that might not be readily apparent during a manual inspection. With little human involvement, 

automated deep learning systems can swiftly analyse thousands of retinal images and produce precise 

predictions.  

Using transfer learning, EfficientNet, ResNet, Vision Transformers, and ensemble deep learning 

architectures, researchers have created a number of AI-based diabetic retinopathy diagnosis systems In the 

past few years. Researchers have been able to build high-performance DL models for multi-class diabetic 

retinopathy classification thanks to publicly accessible retinal imaging datasets like Kaggle EyePACS and 

APTOS. Retinal pictures can be categorised by these intelligent systems into various severity phases, 

including Mild, Moderate, Severe, Proliferative, and No DR. By using pre-trained networks that shorten 

training times and increase prediction accuracy, transfer learning has further enhanced model performance. 

In healthcare settings, automated diabetic retinopathy detection systems have a number of benefits. They 

can minimise human error, speed up screening, lessen the strain of ophthalmologists, and assist with large-

scale population screening initiatives. These technologies are especially helpful in low-resource, distant 

locations where access to specialised eye care services is restricted. Healthcare professionals may quickly 

diagnose patients and prioritise high-risk patients for additional care by incorporating AI-powered screening 

tools into clinics, hospitals, and telemedicine platforms. This increases the effectiveness of treatment and 

helps diabetes individuals avoid preventable blindness. The usefulness of AI-based medical systems has also 

expanded with the development of cloud computing, online technologies, and mobile healthcare apps. Deep 

learning models can be implemented as real-time online applications where users can contribute retinal 

photos and get immediate predictions thanks to modern web frameworks like Flask. Retinal images are 

improved through scaling, normalisation, noise reduction, and contrast enhancement methods using image 

processing libraries like Pillow and OpenCV. These preprocessing techniques enhance the quality of the 

images and aid deep learning models in making more accurate predictions. Design and implementation of  

automated diabetic retinopathy screening system utilising DL techniques and retinal fundus images is the 

main focus of the proposed research project. Flask is used for backend deployment and FastAI is used for 

model training in the system's development. A CNN-based classification model analyses the uploaded 

retinal image after it has been preprocessed. Through an easy-to-use web interface, the model forecasts the 

severity stage of diabetic retinopathy. For large-scale healthcare screening applications and early diabetic 

retinopathy detection, the system seeks to offer a workable, precise, and affordable solution 

. 

2. LITERATURE SURVEY 

Due to growing number of diabetes patients globally and increasing demand for the  early diagnosis 

methods, diabetic retinopathy (DR) detection has emerged as a significant study subject in medical image 

analysis. Conventional retinal screening techniques mostly rely on ophthalmologists doing manual 

examinations, It might be difficult, expensive, and time-consuming to provide in large-scale healthcare 

settings. Researchers have investigated a number of ML and DL approaches for automated diabetic 

retinopathy detection utilising retinal fundus pictures in order to get over these restrictions. 

Previous methods for detecting diabetic retinopathy relied on machine learning and conventional image 

processing techniques. From retinal images, these methods extracted manually created features such 

haemorrhages, exudates, microaneurysms, and blood vessel architectures. For classification, methods such 

as Decision Trees, K-Nearest Neighbours (KNN), Support Vector Machines (SVM), and Logistic 

Regression were frequently employed. These techniques produced mediocre results, but their efficacy was 

constrained by the need for specialised knowledge and the inability of handmade feature extraction to 

effectively capture complicated retinal abnormalities [1], [2]. 
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With the advancement of artificial intelligence and deep learning, Convolutional Neural Networks (CNNs) 

have become increasingly popular for medical picture classification challenges. Human feature engineering 

is not required. CNN-based models autonomously extract hierarchical features from retinal pictures. Studies 

have demonstrated the great accuracy of CNN designs including AlexNet, VGGNet, ResNet, InceptionNet, 

and EfficientNet in the classification of diabetic retinopathy. Important retinal lesions include hard exudates, 

cotton wool patches, microaneurysms, and haemorrhages linked to the advancement of diabetic retinopathy 

can be accurately identified by these models [3], [4]. 

The effectiveness of diabetic retinopathy detection systems has been significantly enhanced via transfer 

learning. Researchers use pre-trained models that have been built on huge picture datasets and refine them 

using retinal fundus images rather than starting from scratch when building deep learning models. Research 

demonstrates that transfer learning works effectively even with small medical datasets, shortens training 

times, and increases accuracy. In multi-class diabetic retinopathy grading tasks, models like ResNet50, 

Inception-ResNet-v2, DenseNet, and EfficientNet have shown excellent classification performance [5], [6]. 

In order to enhance diagnostic performance, ensemble deep learning approaches have also been investigated 

in recent studies. To improve generalisation and resilience, ensemble approaches integrate predictions from 

several deep learning models. When it comes to categorising diabetic retinopathy severity into No DR, 

Mild, Moderate, Severe, and Proliferative DR categories, EfficientNet-based ensemble systems have 

demonstrated exceptional performance [7], [8]. 

Enhancing the practicality of AI-based diabetic retinopathy screening systems has been the subject of 

several studies. Hospitals and nationwide screening programs have assessed large-scale automated retinal 

image analysis systems (ARIAS). Results from experiments show that automated solutions can significantly 

lessen ophthalmologists' workloads and increase screening accessibility in rural and low-resource healthcare 

settings. AI-driven screening systems deliver excellent sensitivity and accuracy while supporting extensive 

patient monitoring programs, according to research done at public healthcare facilities in England and India 

[9], [10]. 

Another important research direction is explainable and interpretable artificial intelligence in healthcare. 

Since medical diagnosis requires reliability and trust, researchers have proposed frameworks for validating 

AI models using international standards such as SPIRIT-AI, CONSORT-AI, and STARD-AI. Explainable 

AI techniques help doctors understand model predictions and improve confidence in automated diagnostic 

systems. Validation frameworks such as BS30440 emphasize safety, transparency, fairness, and ethical 

deployment of AI systems in healthcare applications [11], [12]. 

Researchers have also investigated disease progression prediction systems using deep learning. Instead of 

only classifying the current disease stage, advanced models analyze retinal fundus images to estimate the 

future progression risk of diabetic retinopathy. Deep learning systems trained on large-scale retinal datasets 

can predict disease progression timelines and recommend personalized screening intervals for patients. Such 

systems can support preventive healthcare and early intervention strategies [13]. 

In addition to CNN-based methods, modern approaches such as Vision Transformers (ViT), self-supervised 

learning, and foundation models have gained attention in retinal image analysis. Models like RETFound 

utilize large collections of unlabeled retinal images to learn generalized retinal representations that can be 

adapted for multiple ophthalmic disease detection tasks. These approaches reduce dependency on labeled 

medical datasets and improve model generalization across diverse clinical environments [14]. 

Despite significant advancements, several challenges still exist in automated diabetic retinopathy detection 

systems. One major issue is the variability in retinal image quality caused by illumination differences, noise, 

blur, and camera limitations. Poor-quality retinal images can reduce prediction accuracy and increase false 

classifications. Another challenge is class imbalance in medical datasets, where severe diabetic retinopathy 

cases are often underrepresented. Additionally, many deep learning models operate as black-box systems, 

limiting interpretability and clinical trust. Real-world deployment also requires models that are 

computationally efficient, scalable, and capable of handling diverse patient populations [15]. 

Therefore, the present work focuses on developing an automated DR screening system using retinal fundus 

images and DL techniques. The proposed system utilizes FastAI-based CNN models along with image 

preprocessing and Flask web deployment to provide accurate and real-time diabetic retinopathy 

classification. The system aims to support ophthalmologists by improving early diagnosis, reducing manual 

workload, and enhancing accessibility of diabetic eye screening services in hospitals and remote healthcare 

environments. 
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2.1 Comparative Analysis of Existing Work 

No. Study Model Used Dataset XAI Used Strength Limitation 

1 Gulshan et al. 

(2016) 

CNN EyePACS No High DR 

detection 

accuracy 

Requires large 

dataset 

2 Wang & Yang 

(2017) 

Deep CNN Fundus 

Images 

Heatmap 

Visualization 

Good lesion 

localization 

Limited 

interpretability 

3 Hacisoftaoglu 

et al. (2020) 

CNN Smartphone 

Retinal 

Images 

No Mobile-based 

screening 

support 

Lower image 

quality 

4 Tymchenko et 

al. (2020) 

Ensemble 

CNN 

Kaggle DR 

Dataset 

No Improved 

classification 

performance 

High 

computational 

cost 

5 Screening DR 

Using ARIA 

System (2021) 

Deep 

Learning 

Retinal 

Fundus 

Dataset 

Partial 

Explainability 

High sensitivity 

and specificity 

Expensive 

deployment 

6 Shekar et al. 

(2021) 

CNN Review 

Model 

Multiple 

Datasets 

No Comprehensive 

review 

Limited practical 

implementation 

7 Gao et al. 

(2022) 

End-to-End 

Deep 

Learning 

Fluorescein 

Angiography 

Images 

No Accurate DR 

grading 

Requires 

specialized 

imaging 

8 Nadeem et al. 

(2022) 

Deep 

Learning 

Framework 

Multiple 

Public 

Datasets 

No Identifies 

research 

challenges 

High training 

complexity 

9 Yazid & 

Samsuryadi 

(2022) 

CNN Retinal 

Fundus 

Images 

No Simple 

implementation 

Moderate 

accuracy 

10 Sebastian et al. 

(2023) 

Deep 

Learning 

Survey 

Multiple 

Datasets 

No Covers 

advanced DR 

methods 

Lacks 

experimental 

validation 

11 RETFound 

(2023) 

Self-

Supervised 

Foundation 

Model 

1.6M Retinal 

Images 

Partial Strong 

generalization 

ability 

Requires huge 

training 

resources 

12 Clinical AI 

Guidelines 

(2023) 

Validation 

Framework 

Clinical 

Studies 

Yes Improves 

transparency 

and reliability 

No direct 

prediction model 

13 EfficientNet 

Ensemble 

(2024) 

EfficientNet 

+ Ensemble 

Learning 

35,108 

Fundus 

Images 

No High multi-class 

accuracy 

Computationally 

intensive 

14 DeepDR Plus 

(2024) 

Deep 

Learning 

Prediction 

Model 

700K Retinal 

Images 

No Predicts disease 

progression 

Complex 

implementation 

15 FIDRC-

DLFFO (2025) 

Inception-

ResNet-v2 + 

GRU 

Kaggle 

Dataset 

No Optimized 

feature 

extraction 

High model 

complexity 

 

3. METHODOLOGY 

The suggested system  methodology leverages DL techniques and retinal fundus images to identify and categorise 

diabetic retinopathy automatically. Retinal image gathering, preparation, and feature extraction, model training, 

classification, and web-based deployment for real-time prediction comprise the entire workflow. The technology is 

intended to lessen the manual labour of ophthalmologists while offering quick and accurate diabetic retinopathy 

screening.  
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For retinal image categorisation, the suggested approach primarily employs (CNNs) Using transfer learning. Flask 

is used to deploy the learned model into an online application, whereas FastAI is used for model construction and 

training. The process guarantees effective analysis of retinal images and categorisation into several levels of 

diabetic retinopathy severity, such as proliferative, mild, moderate, severe, and no DR 

3.1 Information Gathering  

Gathering retinal fundus photos from hospital sources and publically accessible databases is the initial step in the 

technique. Retinal pictures from various severity levels of diabetic retinopathy are included in the dataset. Because 

they offer labelled retinal pictures for deep learning model training and testing, public datasets like Kaggle 

EyePACS and APTOS are frequently utilised.  

Images in the gathered dataset are divided into: 

• There is no DR  

• Moderate DR  

• Moderate DR  

• Serious DR 

• Proliferative DR 

A balanced dataset is important to improve model performance and avoid biased predictions during training. 

3.2 Image Preprocessing 

Retinal fundus images collected from different sources may contain noise, blur, uneven illumination, and varying 

image sizes. Therefore, preprocessing is necessary before training the deep learning model. 

The preprocessing stage includes: 

• Image resizing  

• Noise reduction  

• Normalization  

• Contrast enhancement  

• Cropping unnecessary regions  

• Color correction  

Pillow and Python image processing libraries are used for preprocessing operations. These techniques improve 

image quality and make retinal abnormalities more visible for accurate feature extraction.  

3.3 Image Quality Verification 

Before classification, the uploaded retinal image is checked for quality verification. Blurred or low-quality images 

may lead to incorrect predictions and reduce the reliability of the system. 

The quality verification module checks: 

• Image clarity  

• Brightness  

• Focus level  

• Noise presence  

The system requests that the user upload a crisper retinal image if the image quality is low. This improves overall 

prediction accuracy and reliability.  

3.4 CNN for Feature Extraction 

CNNs  are used for feature extraction. Without the need for human feature engineering, CNN automatically 

extracts key retinal characteristics from fundus photos. 

The CNN model extracts features such as: 

• Microaneurysms  

• Hemorrhages  

• Exudates  

• Cotton wool spots  

• Blood vessel abnormalities  

The convolution layers detect low-level and high-level visual patterns that help identify diabetic retinopathy 

severity. 

The CNN feature extraction process is mathematically represented as: 

3.5 Transfer Learning 

Transfer learning is used to improve classification performance and reduce training time. Instead of training a CNN 

model from scratch, a pre-trained deep learning model is fine-tuned using retinal fundus images. 

Popular transfer learning models include: 
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• ResNet  

• EfficientNet  

• InceptionNet  

• DenseNet  

Transfer learning improves: 

• Accuracy  

• Training efficiency  

• Generalization capability  

It is especially useful when medical datasets are limited. 

3.6 Classification Module 

After feature extraction, the classification module predicts the diabetic retinopathy severity stage. The trained CNN 

model analyzes extracted retinal features and classifies the image into one of the predefined classes: 

• No DR  

• Mild  

• Moderate  

• Severe  

• Proliferative DR  

The Softmax function is used for multi-class classification: 

The class with the highest probability is selected as the final prediction result. 

3.7 Validation and Training of Models  

The dataset is separated into: 

• The training set  

• The dataset for validation  

• A dataset for testing 

The model is trained using FastAI deep learning libraries. During training, the CNN learns retinal patterns 

associated with diabetic retinopathy. 

Metrics for performance evaluation comprise:  

• Accurate Preciseness  

• Reflect  

• The F1-score  

• A matrix of confusion  

To improve model generalisation and lessen overfitting, validation is carried out. 

3.8 Web Application Deployment 

After successful training, the model is deployed using Flask framework to create a web-based diabetic retinopathy 

screening system. 

The deployment process includes: 

1. User uploads retinal image  

2. Image preprocessing is performed  

3. CNN model analyzes image  

4. Prediction is generated  

5. Result is displayed on webpage  

Flask-CORS is used for frontend-backend communication, while FastAI handles prediction processing. The web 

application provides real-time diabetic retinopathy detection through a simple and user-friendly interface.  

 

4 . EXPERIMENTAL ANALYSIS 

Using retinal fundus images, an experimental examination of the suggested automated diabetic retinopathy 

diagnosis system was conducted to assess the deep learning model's efficacy, dependability, and prediction 

capacity. FastAI, Flask, Python, and CNNs using the transfer learning techniques were used to construct the 

system for multi-class diabetic retinopathy categorisation. Through a web-based application, the trials 

examined model performance, training behaviour, classification capabilities, preprocessing efficacy, and real-

time prediction performance. 

Multiple retinal fundus photographs from various phases of diabetic retinopathy severity—No DR, Mild DR, 

Moderate DR, Severe DR, and Proliferative DR—were used to test the created system. The suggested CNN-

based method may effectively detect retinal defects linked to diabetic retinopathy and classify images with 
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high prediction confidence, according to experimental assessment. 

4.1 Experimental Environment 

The complete experimental setup used for model development and testing is shown below. 

Hardware Configuration 

Component Specification 

Processor Intel Core i5/i7 

RAM 8 GB / 16 GB 

Storage 256 GB SSD 

GPU NVIDIA GPU (Optional) 

Operating System Windows/Linux 

Software Configuration 

Software Purpose 

Python Programming Language 

FastAI Deep Learning Framework 

Flask Web Deployment 

Flask-CORS Frontend-Backend Communication 

Pillow Image Processing 

Jupyter Notebook Model Development 

 

4.2 Dataset Analysis 

The retinal fundus image dataset used for experimentation was collected from publicly available medical 

datasets and retinal image repositories. The dataset contains retinal images belonging to multiple diabetic 

retinopathy severity stages. 

Dataset Categories 

Class Label Description 

No DR Healthy Retina 

Mild DR Early Retinal Damage 

Moderate DR Moderate Retinal Abnormalities 

Severe DR Advanced Retinal Damage 

Proliferative DR Critical Stage with New Blood Vessel Growth 

The dataset was divided into: 

• Training Dataset 

• Validation Dataset 

• Testing Dataset 

A balanced dataset distribution was maintained to improve classification performance and reduce prediction 

bias. 

4.3 Preprocessing Experimental Analysis 

Image preprocessing was performed before model training to improve image quality and enhance retinal 

lesion visibility. Different preprocessing operations were applied to standardize the retinal images. 

Preprocessing Operations 

Operation Purpose 

Resizing Standard image dimensions 

Normalization Pixel value balancing 

Contrast Enhancement Improves lesion visibility 

Noise Reduction Removes image distortion 

Cropping Removes unnecessary background 

The preprocessing stage improved: 

• Image clarity 

• Retinal vessel visibility 

• Lesion detection capability 

• CNN feature extraction performance 

Experimental observations showed that preprocessing significantly increased classification accuracy by 

improving retinal feature quality. 
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4.4 CNN Training Analysis 

The CNN model was trained using FastAI deep learning libraries and transfer learning techniques. During 

training, the model automatically learned important retinal patterns associated with diabetic retinopathy. 

The CNN training process included: 

1. Convolution operation 

2. Feature extraction 

3. Pooling operation 

4. Fully connected classification 

5. Softmax prediction 

The CNN feature extraction process is represented as: 

y = 𝑓(∑𝑖 = 1n𝑤𝑖𝑥𝑖 + b) 
Where: 

• (𝑥𝑖) = input image pixels 

• (𝑤𝑖) = learned weights 

• (𝑏) = bias 

• (𝑓) = activation function 

Retinal characteristics like these were successfully retrieved by the CNN model: 

• Microaneurysms 

• Bleeding 

• Hard exudates 

• Spots on cotton wool 

• Abnormalities of the blood vessels 

4.5 Training and Validation Accuracy Analysis 

While undergoing training, the model accuracy gradually improved over multiple epochs. Training accuracy 

and validation accuracy were analyzed to evaluate learning performance and overfitting behavior. 

Observation 

• Training accuracy increased continuously during training. 

• Validation accuracy also improved steadily. 

• Small differences between training and validation accuracy indicate good generalization capability. 

After enough training epochs, the model's prediction performance was high. 

Graph Analysis 

The accuracy graph for training and validation shows stable model convergence and effective feature 

learning capability. 

 

Epoch Training Accuracy (%) Validation Accuracy (%) 

1 72 70 

3 82 80 

5 89 87 

7 93 91 

10 97 94 

Accuracy of Training and Validation 

The graph displays how the CNN training procedure improved training and validation accuracy. Model 

achieved approximately 97% training’s accuracy and 94% validation’s accuracy after multiple epochs, 

indicating good learning capability and reduced overfitting. 
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Training and Validation Loss 

The loss graph demonstrates the reduction in training and validation loss values during model training. The 

gradual decrease in loss indicates stable convergence and improved prediction performance of the deep 

learning model. 

 
Performance Evaluation Metrics 

Important evaluation parameters including Accuracy, Precision, Recall, and F1-Score are compared in the 

performance graph. Overall classification performance was high for the CNN-based diabetic retinopathy 

detection model. 
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Result Discussion 

Experimental analysis shows that the proposed FastAI-based CNN model successfully detects diabetic 

retinopathy from retinal fundus images with high accuracy and reliable prediction capability. The Flask-

based web application also provided fast and stable real-time prediction results. 

4.6 Loss Function Analysis 

Loss analysis was performed to monitor prediction error reduction during model training. 

The cross-entropy loss function used is: 

𝐿𝑜𝑠𝑠 = −∑𝑖 = 1𝑛𝑦𝑖𝑙𝑜𝑔(𝑦𝑖^) 
Where: 

• (𝑦𝑖) = actual label 

• yi^ = predicted probability 

Experimental Observation 

• Training loss decreased continuously during training. 

• Validation loss also reduced gradually. 

• Reduced loss indicates improved prediction performance. 

Epoch Training Loss Validation Loss 

1 0.90 0.95 

3 0.62 0.68 

5 0.42 0.48 

7 0.28 0.34 

10 0.12 0.20 

The reduction in loss confirms successful learning and stable CNN optimization. 

 

5. CONCLUSION AND FUTURE WORK 

5.1 Conclusion 

Using retinal fundus images, the suggested automated diabetic retinopathy detection method effectively 

illustrates the use of DL techniques for the early detection and categorisation of diabetic eye illness. 

Convolutional Neural Networks (CNNs), Flask, Python, and FastAI were used in the system's development to 

enable precise and instantaneous diabetic retinopathy screening. Retinal pictures are successfully classified by 

the established model into various severity levels, including No DR, Mild, Moderate, Severe, and Proliferative 

DR. 

Important retinal features such microaneurysms, haemorrhages, exudates, and blood vessel anomalies can be 

successfully extracted from retinal pictures using the CNN-based deep learning model, according to the 

experimental investigation. The image quality was enhanced by the preprocessing and image enhancement 

methods, which also improved the performance of feature extraction and classification. While lowering 

training complexity and computing demands, transfer learning increased prediction accuracy even further. 

Users can input retinal fundus photos and get immediate prediction results using the straightforward and user-

friendly interface of the Flask-based web application. Stable application performance, quick response times, 

and dependable diabetic retinopathy categorisation capabilities were shown in real-time testing. Therefore, 

especially in remote and resource-constrained healthcare settings, the created approach can help 

ophthalmologists with early diagnosis, patient prioritisation, and large-scale retinal screening programs. 

The suggested system has a number of significant benefits, such as: 

Automated detection of retinal diseases 

Decreased manual labour for physicians 

A quicker diagnosis procedure 

Enhanced accessibility for screening 

Support for remote healthcare applications and telemedicine 

The suggested CNN-based model offers trustworthy classification results for diabetic retinopathy detection, as 

evidenced by the overall performance evaluation's high accuracy, precision, recall, and F1-score. Additionally, 

comparative investigation showed that deep learning techniques work better than conventional machine 

learning techniques due to their capacity to automatically extract intricate retinal information from medical 

photos. 

Even though the developed system produced encouraging results, there are still certain drawbacks, like the 

need for high-quality retinal pictures, imbalanced datasets, and the computing demands of deep learning 
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model training. To further increase system scalability and clinical application, future improvements might 

incorporate explainable AI methods, ensemble learning strategies, cloud-based deployment, and integration 

with mobile healthcare platforms. 

In summary, the created automated diabetic retinopathy screening system offers a practical, accurate, and 

effective medical option for the early detection of diabetic eye illness. The efficiency of retinal screening may 

be greatly increased, the danger of avoidable blindness can be decreased, and contemporary intelligent 

healthcare systems can be supported by integrating deep learning and web-based deployment technologies. 

5.2 Future Work 

Using deep learning techniques, the suggested automated diabetic retinopathy detection system has shows 

promising outcomes in  detection and categorisation of the retinal diseases. The system can be further 

enhanced in a number of areas to boost its precision, effectiveness, scalability, and usefulness in healthcare 

settings. To build a more reliable retinal screening system, future research can concentrate on creating more 

sophisticated artificial intelligence models, enhancing the quality of datasets, and incorporating 

contemporary medical technologies. 

Using larger and more varied retinal image datasets is one of the main areas for improvement in the future. 

The system's capacity for generalisation can be enhanced by training the model on pictures gathered from 

various hospitals, populations, and imaging equipment. The deep learning algorithm can function more 

accurately in actual clinical settings with a larger dataset that includes differences in illumination, disease 

severity, and image quality. In order to lower classification bias and enhance prediction performance for 

cases of severe diabetic retinopathy, future research may also concentrate on balancing the dataset. 

The use of sophisticated DL architectures like EfficientNet, DenseNet, Vision Transformers, and ensemble 

learning models is another significant advancement. These contemporary architectures can increase the 

classification accuracy of diabetic retinopathy detection systems and offer superior feature extraction 

capabilities. When analysing complicated retinal abnormalities, ensemble approaches that incorporate 

predictions from many models can further minimise mistakes and enhance overall dependability. 

Explainable Artificial Intelligence (XAI) methods may be incorporated into the system in future studies. 

Doctors may find it challenging to comprehend how predictions are made because deep learning algorithms 

frequently behave like black-box systems. The key retinal regions in charge of categorisation outcomes can 

be highlighted using explainability techniques like Grad-CAM, SHAP, and heatmap visualisation. 

Healthcare personnel will be more open, trusting, and accepting of AI-based diagnostic tools as a result. 

The current system mostly employs retinal fundus pictures to detect diabetic retinopathy. The technique may 

eventually be extended to identify a variety of eye conditions, including retinal detachment, hypertensive 

retinopathy, age-related macular degeneration, glaucoma, and cataract. The application's utility in clinics, 

hospitals, and ophthalmology centers would be greatly increased by creating a multi-disease retinal analysis 

platform. 

Another promising area for future development is cloud-based and mobile healthcare integration. The 

system can be deployed on cloud platforms to support telemedicine applications, allowing healthcare 

professionals in remote areas to upload retinal images and receive instant diagnostic results. Mobile-based 

retinal screening applications integrated with portable fundus cameras can also help conduct low-cost eye 

screening programs in rural and underserved healthcare regions. 

Future work may also include disease progression prediction and patient risk analysis. Instead of only 

classifying the current disease stage, advanced predictive models can estimate the future progression risk of 

diabetic retinopathy and recommend personalized screening intervals. Such predictive healthcare systems 

can support early treatment planning and improve preventive healthcare management for diabetic patients. 

Additional enhancements may involve improving image preprocessing and quality verification techniques to 

handle blurred, noisy, or low-resolution retinal images more effectively. Real-time retinal video analysis, 

automated medical report generation, integration with electronic health records (EHR), and edge AI 

deployment for faster processing can also be explored in future studies. 

Finally, clinical validation and real-world testing in collaboration with hospitals and ophthalmologists will 

be important for improving system reliability and ensuring compliance with healthcare standards. 

Continuous advancements in deep learning, medical imaging, and intelligent healthcare technologies are 

expected to further improve automated diabetic retinopathy screening systems and contribute toward 

reducing preventable blindness worldwide. 
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