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Abstract 
 

Diabetes-induced retinal damage (DR) represents a notable 
vision threatening problem that needs initial identification 
because it is essential to prevent irrecoverable damage and 
blindness. Through this paper we propose a machine 
learning approach for diabetic retinopathy using deep 
learning. Retinal fund images are analyzed using a 
Convolutional Neural Network (CNN) based on the residual 
network 152 architecture and categorize them in three stages 
of DR severity level. This model was trained with the help of 
in-depth dataset with marked retinal images, resulting in an 
accuracy rate of approximately 97% on the test set. The 
system includes a user-friendly interface for seamless 
integration in clinical settings. Our approach demonstrates 
the feasibility of automated DR screening. This may support 
faster, more reliable, and scalable diagnostic methods for 
early intervention and improved patient outcomes. 
 

 
INTRODUCTION 
Diabetic blindness (DR) is a serious problem resulting from diabetes that affects the eyes and can 
result in visual disability and potential loss of sight if not immediately recognized and cured 
(World Health Organization, 2020; Grzybowski et al., 2020). Conventional diagnostic techniques 
for DR include manual testing of clinical retinal images by an ophthalmologist. Ophthalmologists 
are biased and may not be easily approachable in all regions, particularly in resource-restricted 
environments (Bellemo et al., 2019; Krause et al., 2018). 
The widespread presence of diabetes is worldwide and is escalating the need for efficient, more 
precise and scalable test screening methods for DR (Grzybowski et al., 2020; Fang et al., 2022). 
Upgrades in machine learning (ML) and deep learning (DL) provide promising solutions for 
automating detection and classification of DR from retinal images (Gulshan et al., 2016; Ting et 
al., 2017). This makes early diagnosis and treatment easier. 
Early detection of DR is of greatest importance to prevent irreversible damage, and traditional 
screening methods are often hampered by access restrictions, subjectivity, and time constraints 
(Ruamviboonsuk et al., 2021; Abràmoff et al., 2018). The aim of this study is to bridge the gap 
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between accessibility and diagnostic accuracy of healthcare systems by providing a cost 
effective, scalable and efficient DR detection system that uses the power of residual networks 
and Pytorch framework. 
This paper is structured in the following manner. Section II offers an extensive review of 
literature exploring contemporary developments in deep learning methodologies for identifying 
diabetic retinopathy. Section III elaborates on our technical approach, encompassing the 
adaptation of the ResNet-152 architecture, image preprocessing strategies, and the creation of 
an accessible user interface. Section IV presents our experimental outcomes featuring 
illustrative examples across all five severity classifications of diabetic retinopathy, highlighting 
the system's diagnostic effectiveness. Lastly, Section V provides concluding remarks 
summarizing key discoveries and potential avenues for subsequent investigation. 
 
LITERATURE SURVEY 
The concept of automated diagnosis of diabetic retinopathy has seen significant advancements 
with the rise of deep learning techniques. Alyoubi et al. (2020) provided a comprehensive 
review of deep learning methods for DR detection, highlighting the potential of CNNs in this 
domain. Chen et al. (2023) developed a revised ResNet-50 architecture specifically tailored for 
DR detection, demonstrating improved accuracy compared to standard implementations. 
Gangwar and Ravi (2021) combined Residual Network based deep features with random forest 
classifiers, showcasing a hybrid approach to DR classification. The fundamental architecture used 
in many modern DR detection systems, ResNet, was introduced by He et al. (2016), who 
demonstrated the power of residual connections in training very deep networks without 
suffering from the vanishing gradient problem. 
A groundbreaking study at the hands of Ruamviboonsuk et al. (2021) demonstrated a deep 
learning system capable of detecting DR across the disease spectrum with performance 
comparable to specialists. The World Health Organization (2020) has also recognized the 
potential of automated screening methods, publishing guidelines for implementing DR 
screening programs that could potentially incorporate AI-based systems. 
 
METHODOLOGY 
Proposed Solution: 
Our innovative approach deals with diabetic retinopathy screening through enhanced deep 
learning algorithms. We've carried out a custom-tailored convolutional neural network based on 
ResNet-152 architecture that effectively categorizes retinal fundus images into three 
classification tiers: healthy retina (Stage 0), early-stage diabetic retinopathy (Stage 1), and 
intermediate disease progression (Stage 2). 
The system's development involved training our specialized neural network on an extensive 
collection of professionally annotated retinal images, enabling the model to identify subtle 
pathological markers characteristic of each disease phase. Following comprehensive validation, 
the trained algorithm demonstrates remarkable accuracy in evaluating previously unexamined 
retinal scans. To maximize clinical utility, we've created an intuitive user interface using Tkinter 
that healthcare providers can easily navigate to upload patient images and receive immediate 
diagnostic assessments. 
 
System Architecture: 
The system architecture for our diabetic retinopathy detection comprises several key 
components: 
 
ResNet-152 Model: 
Stem: Initial 7×7 convolution with 64 filters, Inter-batch statistical normalization, 
Rectified linear transformations, and 3×3 max pooling. 
Four residual stages alongside bottleneck blocks for feature extraction. 
Global average pooling and classification layer for DR stage prediction (He et al., 2016). 
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Fig. 1. Detailed illustration of the deep convolutional neural network pipeline for diabetic retinal 
image classification. The process begins with raw retinal fundus images (left) that undergo 
feature extraction through convolutional layers. The center portion shows the ResNet-152 
architecture with its characteristic residual connections and layer structure (7x7 conv, 64 
followed by multiple 3x3 conv blocks). The pipeline continues through several neural network 
layers (right) including conv1, bn1, relu, maxpool, and subsequent layers that progressively build 
the feature representation before final classification. The model employs 152 layers with 3x3 
convolutions of increasing depth (64, 128, 512 channels) to effectively capture retinal 
abnormalities at different scales. 
 
Data Flow Architecture: 
Data Layer: Manages the retinal image dataset Preprocessing Module: Transforms images to 
224×224 pixels and normalizes pixel values 
Model Layer: ResNet-152 CNN model fine-tuned for DR classification 
Prediction Module: Processes model output to determine DR severity 
User Interface: Tkinter-based GUI for user interaction. 

 
Fig. 2. System Architecture High-level architecture diagram of the automated retinal analysis 
system showing this data flow between the main components. The Data Layer connects to both 
the Preprocessing Module and Prediction Module. The Preprocessing Module feeds processed 
images to the Model Layer (ResNet-152), which then connects to both the Prediction Module and 
User Interface. The modular design ensures separation of concerns and facilitates seamless data 
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processing and classification. 
 
Implementation Details 
The methodology includes the below key steps: 
Data Gathering and Preprocessing: 
Dataset of retinal images annotated with DR stages (kaggle, 2015) 
Preprocessing for uniformity: resizing to 224×224 pixels, normalization, and data augmentation 
(Sahlsten et al., 2019; Araújo et al., 2023). 
 
Model Selection and Transfer Learning: 
ResNet-152 architecture selected for its usefulness in image categorization (He et al., 2016). 
Pre-trained on ImageNet and adapted for DR detection (Gangwar & Ravi, 2021; Wang et al., 
2022). 
Final layer changes to output three classes corresponding to DR stages. 
 
Training: 
80% training / 20% validation split. 
Error calculation by cross-entropy loss function paired with Adam optimization (Chen et al., 
2023; Li et al., 2018). 
Hyperparameter tuning for optimal performance. 
 
Evaluation: 
Precision, recall, accuracy and F1-score statistics. 
Confusion matrices and ROC curves for comprehensive assessment (Gargeya & Leng, 2017; 
Raman et al., 2021). 
 
Deployment: 
Integration with Tkinter GUI for practical clinical use. 
User-friendly interface for image upload and result visualization. 
 
EXPERIMENTAL RESULTS 
The automated retinal analysis system was continuously tested to assess its performance in 
categorizing retinal dataset images. The ResNet-152 model reached about approximately 97% 
accuracy on the test dataset, validating its effectiveness in classifying different stages of diabetic 
blindness. The system functionality was confirmed through a user- friendly Tkinter-based GUI 
that processes uploaded retinal images and provides diagnostic results. 
Three representative cases were analyzed to demonstrate the system's capabilities: 
Case 1: No DR Detection The system correctly identified a healthy retina eye image without 
indications of diabetic blindness. As shown in Figure 3, the uploaded fundus image appears to 
have normal vasculature and no visible lesions. 
 
Case 2: Mild DR Detection In this case, the system successfully detected early signs of diabetic 
retinopathy. Figure 4 shows the uploaded image with subtle retinal changes characteristic of 
mild DR, including microaneurysms. 
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Case 3: Moderate DR Detection The system accurately classified a case of moderate diabetic 
retinopathy, as shown in Figure 5. This image displays more pronounced vascular abnormalities 
and lesions compared to mild cases. 

 
Fig. 3. No DR Detection Healthy retinal fundus image accurately classified as "Class 0: No DR" by 
the system. The image exhibits normal retinal vasculature with clear arterial and venous 
distinction, an intact optic disc with normal color and margins, and absence of any 
microaneurysms, haemorrhages, exudates, or cotton wool spots that would indicate diabetic 
changes. 
 

Fig. 4 Mild DR Detection Original retinal fundus image classified as "Class 1: Mild" by the system. 
The image shows early signs of diabetic retinopathy with visible microaneurysms and small 
haemorrhages appearing as yellowish spots across the retinal surface, particularly prominent in 
the superior and temporal regions. The optic disc and vascular structures remain largely intact. 
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Fig. 5 Moderate DR Detection Retinal fundus image classified as "Class 2: Moderate" by the 
system. The image displays more advanced diabetic changes characterized by numerous hard 
exudates (bright yellow-white deposits) concentrated in the right half of the retina, increased 
vascular abnormalities, and early signs of neovascularization. The optic disc appears normal 
while the macula shows early signs of involvement. 
 
CONCLUSION 
Automated Retinal Analysis system using ResNet 152 effectively exhibited the application of 
deep learning to a critical medical problem, achieving a test accuracy of 97% in classifying DR 
stages. The model proved effective in taking out appropriate features from retinal images, and 
the Tkinter GUI provided a functional interface for users to communicate with the system. The 
high accuracy proposes potential for real-world use, such as aiding ophthalmologists in early DR 
detection, which could prevent vision disability through timely action. Although, limitations 
include the need for further approval on wide-ranging datasets to ensure robustness across 
different populations and imaging conditions. 
Further research could involve processing further key performances to better understand class-
specific performance, scaling up the dataset for improved categorization, or researching 
different architectures. Further GUI improvements, such as batch processing or blending with 
medical record systems, could then increase its practical functionality. In conclusion, this 
project has successfully delivered a solution to address Diabetic Blindness while demonstrating 
the potential of convolutional neural networking techniques in clinical image pattern 
recognition. 
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