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Abstract: Diabetic retinopathy (DR) is a disease which can be observed in patients who have diabetes. Due to this, causes slowly 

detriment to the retina and light-sensitive nerves i.e photoreceptors, used to identify light at back to eye. DR is not identified in its 

early stage as no direct symptoms found in early stage, but as the patient progresses, the patient may experience blurred vision or 

overall loss of vision. People with diabetes can be 25 times more blind than the average person. Identification at initial stage and 

treatment of diabetic retinopathy (DR) are extremely important in forestall to vision loss among individuals with diabetes. However, 

existing screening methods, which rely on manual evaluation of retinal images captured by non-mydriatic fundus cameras, are 

time-intensive and error-prone.  Our proposed methodology employs convolutional neural networks (CNNs) in juxtaposition with 

advanced preprocessing systems to mine life-threatening features from retinal images. To address challenges such as high 

dimensionality and computational complexity, the model integrates Linear Discriminant Analysis (LDA) and Principal Component 

Analysis (PCA) for feature optimization. The system classifies retinal images into five stages of DR—Normal, Mild Non-

Proliferative, Moderate Non-Proliferative, Severe Non-Proliferative, and Proliferative—achieving robust multiclass classification. 

To overcome limitations of traditional deep learning models, such as vanishing gradients and prolonged training times, the CNN 

architecture leverages dense residual U-network that enable feature reuse and enhance model efficiency. By integrating low-level 

features from shallow layers with high-level dense features, the model significantly improves detection accuracy. This research 

may mark a significant advancement in diabetic retinopathy screening, addressing key challenges in clinical practice and 

contributing to improved patient outcomes. 
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1. Introduction 
Diabetic retinopathy: 
Diabetic retinopathy is a disease which can be served in patients who have diabetes. Due to this, causes gradual 

damage to the retina and light-sensitive nerves at the rear or back of the eye. Diabetic retinopathy is a dangerous 

related eye problem of diabetes. The capacity of the body to utilize and store sugar (glucose) is hampered by diabetes. 

The disease is defined as excessively high sugar in the blood, which can harm many body parts, along with the eyes. 

After long period, diabetes affects small blood vessels all over the body, including the retina. Diabetic retinopathy is 

the result of the leakage of blood and other fluids from these small vessels. This causes the retinal cells to enlarge, 

which impairs or causes blurred vision. 
Typically, both eyes are affected. Diabetes retinopathy is highly possible to develop as a person's diabetes 

progresses. Diabetic retinopathy can be reason of blindness if untreated. 
Diabetes is a disease that continues for a long time which may be deleterious for various parts of the body, 

including the retina. As the study says that in most of the developed countries the diabetic retinopathy is one of the 
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leading factor of vision loss. It also develops to one extent in almost all patients with chronic diabetes. Closely 

associated with diabetes, it causes structural changes in the retina and causes irreversible damage. 
DR is not identified in its early stage as no direct symptoms found in early stage, but as the patient progresses, 

the patient may experience blurred vision or overall loss of vision. People with diabetes can be 25 times more blind 

than the average person. 
Corona virus disease (COVID19) pandemic resulted inexpressive death and illness, with 133,552,775 cases 

worldwide and 2,894,296 deaths as of April 2021. At the public health level, the  effects of this epidemic, especially 

outside of control and trade ,are beginning to manifest themselves in diseases such as diabetic retinopathy. Diagnosed 

in about one-third of diabetics, DR is among the most frequent causes of vision loss globally[1]. 
Diabetic retinopathy is a diabetic complicacy that involves enlargement of retinal veins and arteries as well as 

fluid and blood leaks.[18]. DR can cause vision loss if it is in high stage. Globally, DR causes 2.6% of vision loss [19]. 

Likelihood of DR being present is increased in diabetics who have been suffering from this disease for a long time. 

Normal retinal vetting is useful for early findings and remedy to keep away from the high possibilities of blindness in 

diabetics [20]. 
The emergence of distinct types of lesions on the retinal picture distinguishes diabetic retinopathy. 

Microaneurysms, haemorrhage, and soft and hard exudates are examples of these lesions (EX). [16, 20, 21]. 
The first sign of DR is microaneurysms, which are tiny pink spherical spots on the retina caused by a weak area 

in the vessel walls.There are sharp margins and the length is less than 125μm [22]. AOSLO reflectance and classic 

fluoresce in imaging have both revealed microaneurysms of this type. 
Haemorrhages appear as big patches on the retina, measuring greater than 125 m in length and with an abnormal 

border. Flame (superficial) and blot (deeper) are main 2 parts of haemorrhages. 
Hard exudates appear to be shiny-yellow spots on the retina ensuing from effusion of plasma. Their edges are 

razor-sharp and may be located within the retina`s outside parts. 
Soft exudates (additionally referred to as cotton wool) seem as white places at the retina attributable to the 

expansion of a neuron. The form is oval or spherical. 
Diabetics are costly and time consuming as they have to undergo regular retinal health examinations. The main 

purpose of this study is to identify diabetic retinopathy, automatically evaluate and analyze retinal images using a deep 

learning CNN model, and help ophthalmologists treat and diagnose infected patients by using deep learning CNN 

model.   

2. Proposed Work: Problem Formulation: 
Regular eye checkup is necessary for detecting and treating diabetic retinopathy early. Regular eye checkup can 

help diagnose people with diabetes at an early stage, enabling fluctuations in blood pressure or blood glucose to be 

managed efficiently in order to slow the progression of diabetic retinopathy. This research is important because it will 

help to solve the present challenges in the diabetic retinopathy screening procedure.   
Ophthalmologists currently employ non-mydriatic fundus cameras to collect the retinal images for clinical 

analysis. The professional screening specialists will determine whether or not patients have any abnormalities based 

on the image obtained by the fundus camera (including diabetic retinopathy). Screeners manually examine any 

changes (abnormalities) on the retinal picture to determine the correct diagnosis. This procedure is both time-

consuming and prone to mistake.  
Various machine learning algorithms, like Adaboost, Random Wooded area, and SVM, had been applicable to 

improve the version of DR detection, according to the study. But, there’s quite time to investigate additional important 

factors that contribute to the detection of DR images. This is done by employing feature selection algorithms to extract 

additional features and find associated qualities. Deep networks can aid in the diagnosis of chromatic diseases and the 

Coronary artery fragmentation. In latest years, deep neural networks have essentially relived arduous feature descent 

and selection phases; nevertheless, because fundus photographs generally have poor contrast and changing image rate, 

deep networks are also useful for image preparation for efficiency. Other deep networks can be employed instead of 

CNNs, which are the most commonly utilized by researchers. The process of building a solid picture database for deep 

network training is currently ongoing. 
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The emergence of distinct types of lesions on the retinal picture distinguishes diabetic retinopathy. 

Microaneurysms, haemorrhage, and soft and hard exudates are examples of these lesions (EX). [16, 20, 21]. 
Microaneurysms, which appear as little pink spherical spots on the retina due to a weak region in the vessel 

walls, are the initial indications of DR. There are sharp margins and the length is less than 125 μm. MA was classified 

into six categories by Michael [22]. AOSLO reflectance and classic fluorescein imaging have both revealed 

microaneurysms of this type. 
Haemorrhages appear as big patches on the retina, measuring greater than 125 m in length and with an unnatural 

border. Flame (superficial) and blot (deeper) are main 2 parts of haemorrhages. 
Hard exudates appear to be shiny-yellow scars at the retina of the eye caused by plasma leakage. It create the 

sharp edges and can be found in the outside layers of the retina 
Soft exudates (known as cotton wool) will be seen on the retina as white patches caused by nerve fibre swelling. 

Oval or spherical shapes are common. 
As per the International Clinical Diabetic Retinopathy (ICDR), the Diabetic Retinopathy Severity Scale can 

classify as listed below: [4] 
Severity Level 0: No obvious retinopathy Observation: No abnormalities 
Severity Level 1: Mild NPDR Observation: Microaneurysms only 
Severity Level 2: Moderate NPDR 
Observation: Not only microaneurysms however less than intense NPDR 
 Severity Level 3: Excessive NPDR  
 Observation: One of the subsequent 
In each of the four quadrants, there were more than 20 intraretinal haemorrhages. 
Two or more quadrants of transparent venous beading 
One or more quadrants have intraaretinal microvascular abnormalities (IRMA). 
There was no sign of proliferative retinopathy. 
Severity Level 4: Proliferative diabetic retinopathy (PDR) Observation: One or both of the following are 

possible option i) Angiogenesis ii) Vitreous / Preretinal bleeding 
Proposed Model will be implemented as the following way: 
Input images from the Kaggle platform in its original format. 
Conversion  image to Grayscale. 
Apply standardization & normalization on image  
Apply Contrast Limited Adaptive Histogram Equalization 
Apply the contrast enhancement mechanism (Edge-Preserving Guided Image Filtering) 
Resized  images to create proper data images. 
To boost data density, create [48*48] dimensional dapples via randomly picking their facilities within the unique  

retinal image (Data Augmentation). 
Do sampling on image data 60% for training and 40% for testing. 
Make a network of DRUnet 
Apply feature extraction through train DRUnet using  training dataset.  
Apply a dimension reduction of features using Principal Component Analysis and Linear Discriminant Analysis 

(LDA)  
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Use of Softmax Function for testing the network using testing dataset, recognize images after evaluation 

process, 
Classification  of  Diabetic Retinopathy symptoms. 

 
Figure 1: Architecture of a proposed model 

Data Acquisition Phase: 
The Kaggle images have a wide range of high-decision fundus images retrieved in various imaging conditions. 

A clinician (a trained pathologist) evaluated the dataset on a scale of 0 to 4 agreeing   diabetic retinopathy is a 

classify in each image. [9] “[0- No DR, 1- Mild, 2- Moderate, 3- Severe, 4- Proliferative DR]” 
Feature selection: 
The technique of automatically picking characteristics in a predictor variable or data that contribute the most to 

the desired result is called as feature selection. Selection of features are used to identify and remove undesired, 

irrelevant, or excess attributes from data that do not contribute to classifier precision or have the potential to reduce 

model accuracy [9]. 
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Fig. 2. The DR stages: (a) Normal  (b) Mild  (c) Moderate  (d) Severe  (e) Proliferative  (f) Macular 

edema 
            Table 1: An overview of various feature extracted from retinal fundus images [9] 

Features Scientific importance and the reasons for their inclusion/exclusion 

 

Optical separation 

The part of the eye, often known as the distance,  the region in the retina wherein the 

segments of the visual cortex go away the retina. The normal human eye's optic disc 

carries roughly from the optic nerve to the brain, there seemed to be 1 million 

neurons [38]. As a result, the quality to consider is excellent.. 

 

Fovea 

The pyramidal cells in this region are connected to the ganglion cells and give foveal 

visual acuity, which is the sharpest central visual acuity in the retina [39]. However, 

this trait was not chosen since it was not included in earlier literature. 

 

 

artery of plasma 

Subconjunctival bleeding occurs when little fragile arteries of blood rupture beneath 

the tissue that covers the white of the eye (conjunctiva), causing redness [40]. The 

blood vessel area within the normal picture is 37230.56, which reduces with diabetic 

retinopathy owing to contraction. Diabetes destroys the retina's blood vessels. 

Diabetic retinopathy can lead to blindness if left untreated [30] [31]. 

 

 

Blood vessels are 

blotted. 

They are ophthalmic and universal sickness markers, not disease manifestations in 

itself   [40]. Hemorrhages are detected using the same detection technique. As a 

result, it is a crucial characteristic to think about. If they are tiny, they seem to be 

microaneurysms; they manifest as MA distortion in the retina's interior layers, 

including the outer area of natural and interior nuclear layers. Red lesions are another 

name for haemorrhages. 

 

 

Number of 

respiratory 

secretions 

 

Any fluid that filters into lesions or regions of inflammation from the circulatory 

system is called an exudate. Serum, fibrin, and white blood cells make up the fluid. 

Cuts, infection, and inflammation can all cause exudates [38]. However, there was 

no discernible change in the quantity of exudates between average and DR-affected 

picture. 

 

 

Swelling 

The formation of liquids within the macula, the area of the retina responsible for 

detailed central vision. the centre area of the retina, is specify as macular edoema. 

The macula is a region of the retina that is mainly accountable for eyesight that is 

clear and direct [41]. The retina is the light-sensitive and delicate tissue behind the 
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eye. Edema does not induce diabetic retinopathy, according to the above research 

analysis. 

 

The junction of 

two blood vessels 

Bifurcation is the splitting of a blood vessel, creating two or more branches.  Filtering 

methods that function by optimizing the responsiveness of a ship structure are used 

in the general class of ship segmentation procedures. As observed in [48], the average 

of normal fundus images is much higher than the average of diabetic images. As a 

result, it is a useful accent to be considered. 

 

Entropy of 

Shannon 

Shannon entropy is the anticipated arithmetic mean of a data provided from each 

transmission. Any flow of information can be used to simulate or display 

messages[42]. Diabetic retinopathy photos have a much lower entropy value than 

normal ones. 

 

 

LBP entropy 

 

LBP is a superior texture description operator that requires less computation and is 

light interference resistant. However, the characteristics chosen by LBP mostly 

include textual information about the input, not information about shape. 

 

LBP energy 

In glaucoma, LBP energy is much decreased, and alpha-LBP function is provided. 

This suggests that glaucoma has more structural alterations than other eye diseases 

[44]. 

 

 

Microaneurysm 

Microaneurysms are seen in the retina of diabetics' eyes [45]. The existence of MA 

in the diabetic picture may be seen by detecting it and comparing it to the normal 

image. Patients with DR are usually asymptomatic in primary condition or situation; 

Patients may experience symptoms including distortion, floaters, and poor vision as 

the situation worsens. Microaneurysms are the most common early sign of diabetic 

retinopathy. 

 

 

Exudates Area 

Hard exudates are the yellow specks on the skin. They're lipid leakage residues from 

injured capillaries. Diabetes is the most prevalent cause of the aforementioned 

symptoms[46][41]. It may be found in all phases of the DR process. As a result, it 

must be regarded a significant characteristic. 

Pre-processing: 
In this we are going to use Preprocessing, feature ranking and segmentation are used to determine to an 

existence of diabetic retinopathy. For an assurance that the dataset is consistent and only displays important 

characteristics, preprocessing is necessary [9]. 
The Guided Image Filtering (edge-preserving filtering) [3] 
Edge Preserving Guided Image Filtering (EGIF) is a contrast enhancement approach that is used to enhance 

sharp edges, aside from flattening low-gradient zones. Diabetic retinopathy results in progressive destruction to the 

retina's capillaries and arteries, leaving traces and lesions in the retinal tissue. These lesions show as boundaries, and 

when processing retinal pictures, the goal is to highlight these boundaries so that DR symptoms can be diagnosed 

more accurately. This is why it's important to take advantage of the advantages of guided picture filtering. Edge-save 

smoothing and filtering are performed on specific photos using guided filters, which are based on another image 

termed a guided image [13]. The guided image can be the original image, a modified or updated version of original 

image, or something entirely new. [14]. 
The Principal Component Analysis [3] 
The Principal Component Analysis is a strong computer approach that transforms a set of associated features 

into a reduced set of characteristics are said to be principle elements using complex mathematical ideas. According to 

the typical image with integrated projections onto the subspace formed by the orthogonal axis approach, the data 

recorded in the dataset is recovered in reduced dimensions in PCA. Important data features are given with minimal 

data loss using dimensionally compressed computational information. Many applications benefit from this decrease, 

including picture compression and data representation. PCA is therefore employed in a variety of biological imaging 

applications. Pattern detection for high-dimensional data and emphasize extraction, image decomposition, image 

registration, image fusion, image segmentation, and image noise removal are examples of face recognition and picture 

compression.Linear  
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Discriminant Analysis (LDA) 
A statistical, pattern recognition, and machine learning method for determining a linear combination of 

variables that classifies or separates two or more classes of objects or occurrences is Fisher's linear discriminant, which 

is expanded upon by discriminant function analysis, also known as normal discriminant analysis (NDA). Prior to 

further classification, the combined output is often utilized to reduce entropy. It may also be used as a linear classifier.  
Data augmentation [3] 
When the dataset contains just a little amount of training data, the data augmentation approach is critical in 

assisting the network in learning the required invariance and healthiness features. Data augmentation refers to a 

collection of techniques for increasing the amount and efficiency of data sets. Horizontal flipping, random crop, scale 

transformation, rotation, translation and noise disruption are some of the data augmentation techniques that may be 

used to enhance a dataset. 
This research classifying the images of retina of diabetic patient into five labels numbered from  0 to 4 where each 

label named as Normal, Mild non-proliferative, Moderate non-proliferative, Severe non-proliferative and proliferative. 

To achieve the accuracy we are using image processing system to improve the input quality of image before extracting 

the features and deep learning CNN model will use in combination of Principal Component Analysis (PCA) and Linear 

Discriminant Analysis(LDA) for multi class classification and to get the accuracy in the result.  

Scope of Research: 

Regular eye checkup is necessary for detecting and treating diabetic retinopathy early. Regular eye checkup can help 

diagnose people with diabetes at an early stage, enabling fluctuations as a linear classifier or, more typically, to reduce 

dimensionality before further classification, the resulting combination can be utilized. This research is important 

because it will help to solve the present challenges in the diabetic retinopathy screening procedure. 

Ophthalmologists currently employ non-mydriatic fundus cameras to collect the retinal images for clinical analysis. 

The professional screening specialists will determine whether or not patients have any abnormalities based on the 

image obtained by the fundus camera (including diabetic retinopathy). Screeners manually examine any changes 

(abnormalities) on the retinal picture to determine the correct diagnosis. This procedure is both time-consuming and 

prone to mistake. 

This study employed an image processing-based methodology. The goal of adopting this strategy is to identify 

specific traits that are responsible for diabetic retinopathy. It has been discovered that using deep learning CNN model-

based classifiers to extract features from raw photos results in more accurate predictions. 
The scope of this research classifying the images of retina of diabetic patient into five labels numbered from  0 to 4 

where each label named as Normal, Mild non-proliferative, Moderate non-proliferative, Severe non-proliferative and 

proliferative. To achieve the accuracy we are using image processing system to improve the input quality of image 

before extracting the features and  deep learning CNN model will use in combination of Principal Component Analysis 

(PCA) and Linear Discriminant Analysis(LDA) for multi class classification and to get the accuracy in the result. 

About Proposed Model:  

In our proposed model consist of a useful convolutional neural network architecture. First Preprocessing is to be done 

on retinal images provided to the model [3]. Deep supervised learning designs provide significantly high efficiency 

and realization in real-world use, in addition to traditional supervised and unsupervised strategies. This proposed 

research uses image processing system using deep learning CNN model to influenced neural networks and 

incorporates the rest of the feedback connections to enable low-level feature migration and reuse. There are many 

issues associated with training very deep neural networks. Due to the potential for the gradient to disappear, the 

forward current is often reduced and the training period can be cruelly delayed [3]. To overcome these problems, it 

was introduced to reuse the low-level properties of the shallow layer to take advantage of the prosperity of deep CNNs 

in recent years. Skipping the remaining links is an efficient and comprehensive classification procedure that uses a 

bearing design that integrates high-stage functions of dense layers and coffee-degree features of sparse layers [3].  

This proposed model can achieve the classification accuracy to efficiently identify diabetic retinopathy in early stage  
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