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 Diabetic Retinopathy is a disease that impacts the retina and happens after a 

long duration of diabetes. Diabetic Retinopathy is one of the primary causes 

of blindness worldwide. It is necessary to diagnose the retinal disease at an 

early stage by analyzing the images of the fundus of the eye with the help of 

software solutions to ensure appropriate treatment to prevent blindness. 

Recently, artificial intelligence has helped the researchers to implement 

computer-aided detection systems for Diabetic Retinopathy. This paper digs 

into software solutions for detecting Diabetic Retinopathy, zeroing in on 

Vision Transformer models. We compared different ways of preprocessing 

retinal fundus images, along with various feature extraction and classification 

methods. When you stack Vision Transformers up against Convolutional 

Neural Networks (CNNs), Vision Transformers really shine. They handle 

global features better — they don’t just focus on small patches. That’s a big 

deal when you’re analyzing something as intricate as retinal images. This 

paper focuses on Vision Transformer models and compares them with 

classical and CNN-based approaches for diabetic retinopathy detection. 
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 I. INTRODUCTION 

 

Artificial intelligence and deep learning have really 

changed the game for medical image analysis lately. CNNs 

like ResNet, VGGNet, and EfficientNet have hit 

impressive accuracy levels with automated Diabetic 

Retinopathy detection. These models pick up hierarchical 

spatial features from retinal images and can catch 

pathological patterns pretty well. But there’s a catch with 

CNNs. They mainly focus on local details and use local 

receptive fields, which can leave them blind to 

relationships spread out across the whole image. That’s a 

problem since retinal abnormalities don’t always pop up 

just in one spot — they’re often scattered in different 

regions. To get around this, transformer-based models have 

stepped into the spotlight. Vision Transformers (ViT) swap 

out convolution operations for self-attention mechanisms, 

which look at how different patches of the image relate to 

each other, everywhere. That means they’re way better at 

catching those long-range connections — and that’s 

exactly what you want for something like diabetic 

retinopathy grading. Bringing together retinal imaging 

with these transformer-based deep learning models is 

leading us toward automated, scalable DR screening 

systems. They can help flag issues early and cut down on 

preventable blindness. The rapid growth in AI and deep 

learning has totally changed how we approach medical 

image analysis, and CNNs like ResNet, VGGNet, and 

EfficientNet have already proven they’re solid for DR 

detection. They’re great at mapping out spatial hierarchies 

in images and spotting abnormalities. Still, their focus on 

local details means they aren’t the best at picking up 

broader connections that matter in medical images, 

especially retinal ones with scattered issues. That’s why 

researchers are looking toward transformer models, which 

are much better at seeing the big picture. Vision 

Transformers now show real promise for tasks like DR 

detection, where those long-range connections are critical. 

Using retinal images with deep learning models like 

transformers opens the door to more efficient DR detection 

— and, just as important, early diagnosis. 

 

 II. LITERATURE SURVEY 

 

These days, researchers are blending CNN backbones with 

transformer encoders, hoping to grab the best parts of each 
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— sharp local feature extraction from CNNs, plus a wider, 

global perspective from transformers. 

 

If you check out the progress in automated diabetic 

retinopathy (DR) detection over the last ten years, it’s 

impressive. Most of the work falls into three main buckets: 

 

- Classical image processing 

- CNN-based deep learning 

- Vision Transformers 

 

A. Classical Image Processing Methods 

 

In the early days, DR detection leaned heavily on classic 

computer vision — basically, hand-crafted features and 

straightforward processing. The focus was on spotting DR 

lesions: microaneurysms, hemorrhages, exudates. 

 

Typical techniques looked like this: 

- Segmenting blood vessels 

- Using morphological filters 

- Applying intensity thresholding 

- Texture analysis with Gabor filters 

- Microaneurysm detection with top-hat transforms and 

region growing 

- Exudate detection via clustering and adaptive 

thresholding 

These methods made sense and weren’t too hard to code, 

but they came with headaches. They struggled when 

lighting changed or image quality dropped, and you 

couldn’t always count on them. Also, as people pushed 

these systems to work at scale, the flaws got even more 

obvious. 

 

B. CNN-Based Deep Learning Models 

 

Deep learning totally flipped the script. With CNNs, 

models automatically learned which features mattered in 

retinal images, so nobody had to spend hours manually 

engineering features. 

 

Popular CNNs include: 

- VGG16 

- InceptionV3 

- ResNet 

 

CNNs brought real boosts: better lesion detection, 

stronger results from transfer learning, and smarter, more 

dependable features. 

 

C. Vision Transformer-Based Approaches 

Transformers started out shaking up language processing. 

But now, they're doing cool stuff in vision, too. 

 

Vision Transformers slice up images into small patches — 

sort of like breaking a paragraph into words. With self-

attention, the model figures out how these patches relate, 

seeing the whole image instead of just zooming in on tiny 

chunks. 

 

Recent studies highlight some strengths for Vision 

Transformers in DR detection: 

 

- They’re flexible, performing well across different 

datasets. 

- They handle tricky, detailed multi-class DR grading. 

- They’re solid at spotting lesions that pop up in scattered 

patterns all over the retina. 

This paper addresses these gaps through a structured 

comparative analysis of different approaches. 

  

    III. MODEL OVERVIEW 

 

Here’s how this diabetic retinopathy detection system 

works: You start by collecting retinal images with fundus 

cameras. Then, you clean up those images, pull out 

important features using Vision Transformers, and finally, 

classify and evaluate them. 

 

A. Image Acquisition Module 

 

Firstly, we get images with specialized fundus cameras. 

The process looks like this: 

 

I(x,y) = R(x,y) ⋅ L(x,y) + N(x,y) 

 

That means: 

- I(x,y) is the actual image you capture, 

- R(x,y) is the retinal structure, 

- L(x,y) is the lighting in the image, 

- N(x,y) covers any noise. 

 

B. Preprocessing Module 

 

We need sharp, usable images, so preprocessing comes 

next. Basically, we resize the images, normalize them, 

boost contrast with CLAHE, and knock down noise using 

a Gaussian filter. 

 

Gaussian Filter: 

 

G(x,y)= ( 1/2πσ^2) e^(-(x^2 +y^2)/( 2σ^2)) 

 

Filtered Image: 

                  I filtered = I * G 

 

C. Patch Embedding (ViT Input) 

Images are divided into fixed-size patches and flattened. 

𝑥𝑝 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝑃𝑎𝑡𝑐ℎ𝑖) 
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Embedding representation: 

                 𝑧0 = [𝑥𝑐𝑙𝑎𝑠𝑠; 𝑥𝑝1𝑬; 𝑥𝑝2𝑬;… ; 𝑥𝑝𝑛𝑬]
+ 𝑬𝑝𝑜𝑠 

 

Where: 

• 𝐸= embedding matrix 

• 𝐸𝑝𝑜𝑠= positional encoding 

 

D. Self-Attention Mechanism 

 

The self-attention mechanism models relationships 

between image patches. 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

 

This enables the model to capture long-range contextual 

relationships across retinal images. 

 

E. Classification Module 

 

The final classification layer uses a soft max function. 

𝑃(𝑦 = 𝑐 ∣ 𝑥) =
𝑒𝑧𝑐

∑ 𝑒𝑧𝑘𝐾
𝑘=1

 

 

The model predicts the following DR stages: 

• No DR 

• Mild 

• Moderate 

• Severe 

• Proliferative DR 

 

F. Evaluation Metrics 
 

Performance is evaluated using: 
 

Accuracy 

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Recall 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

F1 Score 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

IV Experimental Setup 

 

Experiments are conducted on standard datasets such as 

APTOS and Messidor. The dataset is split into training, 

validation, and testing sets (70:15:15). 

Images are resized and normalized, with augmentation 

applied to handle class imbalance. 

         

   V. COMPARATIVE ANALYSIS 

 

Model Feature 

Learning 

Global 

Contex

t 

Data 

Requireme

nt 

Accuracy 

CNN Local Limite

d 

Medium 85–92% 

CNN + 

Attenti

on 

Improved Moder

ate 

Medium 90–94% 

Vision 

Transf

ormer 

Global Strong High 92–97% 

 

Key Findings 

• CNN models perform well in lesion detection. 

• Vision Transformers capture global spatial 

dependencies. 

• Hybrid CNN–Transformer architectures show the 

best performance. 

 

VI. CONCLUSION 

 

This paper has discussed the developments in the field of 

automated detection systems for diabetic retinopathy, 

emphasizing the shift from conventional image processing 

techniques to the more robust deep learning models. 

Although the CNN-based models have shown promising 

baseline results, the Vision Transformer models have 

shown the potential for better global feature modeling 

using self-attention mechanisms.  

  

Although the transformer-based models have shown 

promising results in the multi-class grading of DR, there 

are still some challenges to be overcome. The challenges 

include the data imbalance, the high computational 

complexity, and the lack of interpretability. The 

comparative values are based on existing literature and are 

used for analytical comparison, as this study is a review 

paper. 

 

 Further research needs to be done on the development of 

efficient transformer models, multimodal learning models, 

and explainable AI models. The fusion of retinal imaging 

techniques and Vision Transformer models is a significant 

step towards the development of efficient and intelligent 

DR detection systems that prevent avoidable blindness 

Vision Transformers provide better global feature learning 

than CNNs but require higher computational resources and 

larger datasets. Future work should focus on hybrid models 

and explainable AI to improve performance and 

interpretability 
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