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Abstract— Worldwide, millions of individuals worldwide suffer from diabetes, a chronic illness. 
One of the primary effects of diabetes is diabetic retinopathy, which can lead to blindness if left 
untreated. Early diagnosis and treatment of diabetic retinopathy are necessary to prevent long-
term damage to the eyes. In this paper, we analyse the most recent findings in the study of diabetes 
diagnosis based on retinopathy. We review the many imaging modalities that can be used to 
identify retinopathy, including fundus photography, optical coherence tomography, and 
fluorescein angiography. Furthermore, we explore the application of artificial intelligence and 
artificial intelligence methods for the automatic detection and categorization of diabetic 
retinopathy.  
 
Index Terms— Diabetic Retinopathy, Fundus Photography, Fluorescein Angiography, Artificial 
Intelligence, Machine Learning  

I. INTRODUCTION  

A chronic metabolic disease called diabetes is characterized by elevated blood sugar. It happens when the body 
either produces too little insulin, the hormone that controls blood sugar, or it uses the insulin it does produce 
improperly. There are two main types of diabetes: type 1 (autoimmune), where the immune system assaults and 
kills the pancreatic cells that produce insulin, and type 2 (defined by insulin resistance and insufficient insulin 
production) [1]. 
Diabetic retinopathy, or DR, is one of the most hazardous effects of diabetes. A degenerative eye condition known 
as degenerative retinopathy (DR) damages the blood vessels in the retina, the back of the eye's light-sensitive 
tissue. Different stages of diabetic retinal disease (DR) can arise from diabetes with continuously increased blood 
sugar levels damaging the retina's small blood vessels. The duration and severity of diabetes, uncontrolled blood 
sugar levels, excessive blood pressure, abnormal lipid levels, inflammation, and genetic predisposition are all 
variables that can affect the development of DR. Changes in the retina, including bleeding, fluid leaking, and the 
formation of new abnormal blood vessels, may occur as DR gets worse. These Diabetic retinopathy, or DR, is one 
of the most hazardous effects of diabetes. A degenerative eye condition known as degenerative retinopathy (DR) 
damages the blood vessels in the retina, the back of the eye's light-sensitive tissue. Different stages of diabetic 
retinal disease (DR) can arise from diabetes with continuously increased blood sugar levels damaging the retina's 
small blood  vessels.  The  duration  and  severity  of  diabetes,  uncontrolled  blood  sugar  levels,  excessive  blood  
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pressure, abnormal lipid levels, inflammation, and genetic predisposition are all variables that can affect the 
development of DR. Changes in the retina, including bleeding, fluid leaking, and the formation of new abnormal 
blood vessels, may occur as DR gets worse. These changes could lead to visual loss and blindness if left untreated 
[2,3]. People with diabetes are susceptible to the degenerative eye condition known as diabetic retinopathy (DR). 
It happens when there is injury to the blood vessels in the retina, the area at the back of the eye that is sensitive to 
light. Around the world, DR is the main cause of working-age people's blindness and vision loss. The rate at which 
DR manifests is directly influenced by the duration and severity of diabetes. Retinal microvascular damage brought 
on by persistently high blood sugar levels can progress the disease through different phases. There are three stages 
in total: proliferative retinopathy, which is the most severe variety, and non-proliferative retinopathy, which is 
mild to severe. Early on, patients with DR are unable to show any symptoms [4]. When the illness gets worse, 
symptoms include floaters, decreased color vision, blurred, or distorted vision, and eventually vision loss may 
appear. For the early detection and treatment of diabetic retinopathy (DR), routine eye exams are crucial [6, 7]. 
Although the precise mechanisms behind the development of DR are not entirely understood, several things 
influence its development. These include inflammatory response, hereditary predisposition, hypertension, 
dyslipidemia, and chronic hyperglycemia (high blood sugar levels).  
The ADL-CNN model's performance is demonstrated by its 94.5% accuracy, 95.10% specificity, 92.2% 
sensitivity, and 93.0% F-measure. Deep learning reformatted capsule networks were introduced by Kalyani et al. 
to identify and categorize diabetic retinopathy. This study investigates how to diagnose diabetic retinopathy using 
low-resource CNN architectures.  

II. RELATED WORKS 

The diagnosis, surveillance, and therapy of diabetic retinopathy (DR) depend heavily on several imaging 
modalities [5]. These methods produce finely detailed retinal images, enabling medical practitioners to evaluate 
the degree of retinal damage and choose the best course of action. 
CNNs, or convolutional neural networks, are deep learning models that excel in interpreting visual input like 
pictures and movies. It is widely used in computer vision applications like object identification, picture 
segmentation, and the categorization of images. CNN makes contributions to the computer vision field and helps 
to make strides in fields like facial recognition, self-driving automobiles, and medical diagnostics [9]. The APTOS 
dataset and CNN models have been employed in numerous studies focused on retinopathy-based diabetes 
diagnosis [13]. Following are some noteworthy, connected works: Gulshan et al. [16] "Deep Learning-Based 
Automated Detection of Diabetic Retinopathy Using Retinal Fundus Images": In this work, retinal fundus images 
were used to identify diabetic retinopathy utilizing a The CNN model was trained on a sizable dataset, which 
included the APTOS dataset. CNN demonstrated the great accuracy and promise of automated DR screening. Ting 
et al. [28] "Automated Detection of Diabetic Retinopathy Using Deep Learning": To identify and categorize using 
the APTOS dataset for CNN model training that would assess the severity of diabetic retinopathy. In several 
circumstances, the model performed better than human experts and attained high accuracy. Suwarna et al. [27] 
"Diabetic Retinopathy Detection Using Deep Convolutional Neural Networks": To identify diabetic retinopathy, 
this study used an APTOS dataset to train the CNN model. The model proved the potential for an automated 
screening system and attained high accuracy. Khalifa, et al.  "Deep Convolutional Neural Networks for Diabetic 
Retinopathy Detection from APTOS 2019": To identify diabetic retinopathy, the authors used a CNN model 
trained on the APTOS 2019 dataset, an updated version of the APTOS dataset. The model demonstrated the 
potential for enhanced screening and diagnosis and attained excellent accuracy. Habib et al. [17] "Diabetic 
Retinopathy Detection Using CNN with Transfer Learning": This study used a pre-trained network to fine-tune a 
CNN model with transfer learning using the APTOS dataset. The model attained good accuracy and showed that 
transfer learning is efficient in detecting diabetic retinopathy. 

III. PROPOSED METHODOLOGY 

These studies demonstrate how well CNN models perform utilizing the APTOS dataset for the identification and 
diagnosis of retinopathy caused by diabetes. The great degree of accuracy attained by these models raises the 
possibility that automated screening methods can help medical professionals identify and treat diabetic retinopathy 
early on. The performance and generalization of CNN models for the diagnosis of diabetic retinopathy are 
continually being enhanced by studies, to enable more effective and precise patient management [30]. The 
proposed model is shown in Figure 1.  
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a. Image Preprocessing: Retinal pictures are frequently preprocessed to improve image quality, eliminate noise, 
and normalize pixel values before analysis. The robustness of subsequent analysis can be increased by using 
methods like image scaling, contrast enhancement, and demising [15]. 
 b. Feature Extraction: To identify the essential elements connected to DR, pertinent features are retrieved from 
retinal pictures. Techniques for manually extracting features, such as vessel segmentation, texture analysis, and 
optic disc recognition, are used in traditional methods [11,12]. However, without intentional feature engineering, 
deep learning networks, particularly CNNs, can automatically extract discriminative features from raw picture data 
[29]. 
 C. Convolutional Neural Networks (CNNs): In automating DR detection and categorization, CNNs have 
demonstrated remarkably good performance. To develop hierarchical representations of the properties in retinal 
pictures, these models are trained using sizable datasets like the APTOS dataset [10]. The CNNs acquire the ability 
to recognize patterns corresponding to various phases of DR, enabling precise classification of severity levels. 
d. Ensemble Methods: Collective choices are made using ensemble approaches, which integrate various individual 
classifiers or models. They can improve the DR classification systems' overall robustness and accuracy [14]. The 
predictions of various CNN models or other classifiers have been combined using techniques like bagging, 
boosting, and stacking, enhancing the total performance. 
e. Validation and Evaluation: Using a variety of criteria, including The F1 score, recall, sensitivity, specificity, 
and accuracy effectiveness of automated DR detection and classification systems is evaluated. All these factors 
help to gauge the potency of our developed system.  Cross-validation methods are frequently used to prevent 
overfitting and ensure accurate performance evaluation.  

 
Figure 1: Representation of the proposed model 

Automated methods for DR detection and categorization have shown promising results, frequently obtaining high 
levels of accuracy that are on par with or even higher than those of human experts. These technologies may help 
medical personnel identify, monitor, and administer DR early on, allowing for prompt interventions and better 
patient outcomes [18]. To improve the screening of DR and lower the risk of vision loss in people with diabetes, 
ongoing research is working to improve these methods. It also wants to incorporate them into clinical practice 
[27].    

IV. DATASET USED 

The APTOS dataset, also referred to as the "APTOS 2019 Blindness Detection" dataset and acquired from the 
Kaggle website (www.kaggle.com/c/aptos2019-blindness-detection), is a commonly used dataset for detecting and 
classifying diabetic retinopathy (DR) [1]. It consists of fundus camera-taken retinal images. The dataset contains 
images of different individuals, each labeled with a severity grade that indicates the degree and existence of DR. 
The complete dataset is frequently used to create subsets for testing, validation, and training. The validation set is 
used for model selection and hyperparameter tuning, the testing set is used to assess the final performance of the 
trained model, and the training set is used to train the DR detection model [26]. 
Preprocessing techniques are used to improve the retinal pictures' quality and make further analysis easier [24,25]. 
Label Processing is done to further classify the severity grades presented in the dataset. Data augmentation 
techniques are frequently used to expand the dataset and make it more diverse. a portion of the practice set is 
designated as the validation set [19,20]. This validation set is used to monitor the model's performance during 
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training and make judgments about model selection, hyperparameter adjustment, and early stopping to avoid 
overfitting. Data normalization is the process of converting retinal image values of the pixels to a conventional 
range, like [0, 1] or [-1, 1]. The dataset is split up into batches to train the CNN model quickly. During model 
training, batching enables quicker computation and memory economy [21]. Following these steps on these 
provided datasets, CNN models are trained and fine-tuned to analyze retinal pictures accurately and quickly for 
the diagnosis and treatment of diabetic retinopathy. Figure 2 shows the APTOS dataset.   

 
Figure 2: APTOS DATASET 

V.  PROPOSED MODEL WORKFLOW USING DATASET 

Data loading, preprocessing, designing the model architecture, training the model, and evaluating it are only a few 
of the activities involved in developing a CNN model for detecting diabetic retinopathy using the APTOS dataset. 
Here is a description of the procedure and some sample calculations: Figure 3 describes the workflow model. 
a. Preprocessing and Data Loading: Load the APTOS dataset, which contains retinal pictures and the labels that 
correspond to each image's severity. Before processing, resize the photos to a standard resolution, like 224x224 
pixels, and normalize the pixel values to the [0, 1] range. 
b. Architecture design model: b. The CNN model’s architecture normally includes convolutional, pooling, and 
fully connected layers. Select the number of layers, filter sizes, and activation functions based on the problem's 
complexity and the computer resources available. Let's make a simple CNN model to demonstrate, has a max 
pooling layer placed after each of the two convolutional, two fully connected, and two convolutional layers.  
c. Model Training: Divide the dataset that has been pre-processed into training, validation, and the model's testing 
sets. Specify the Adam or stochastic gradient descent (SGD) are examples of optimization algorithms, and loss 
functions include category cross-entropy. Use the validation set to evaluate the CNN model's performance after it 
has been trained using the training set. 
To lower the loss function and improve the model's performance to forecast, iteratively update the model's weights 
andbiases. 
Calculation illustration:  There will be 312.5 batches each epoch if the dataset contains 10,000 training images and 
a batch size of 32 (10,000 / 32 = 312.5). 
d. Model Evaluation: Analyse the accuracy, precision, recall, and other pertinent metrics of the trained model's 
performance on the testing set. To find the number of true positives, true negatives,  
false positives, and false negatives, compute the confusion matrix. Utilize the data from the confusion matrix to 
calculate metrics like F1 score, recall, accuracy, and precision. Illustration of a computation: Based on the accuracy 
of (800 + 150) / (800 + 150 + 30 + 25) = 0.945 (94.5%), there were 800 true positives, 150 true negatives, 30 false 
positives, and 25 false negatives in the confusion matrix.     
e. Model Optimization and Fine-Tuning: To enhance performance, fine-tune the model by modifying 
hyperparameters like learning rate, dropout rate, or regularization strength. 
 Perform more training and validation iterations, watching the KPIs to choose the model with the greatest 
performance.  
f. Application and deployment: To categorize and diagnose diabetic retinopathy, apply the learned model to fresh, 
previouslyunexploredretinalpictures. 
Keep an eye on how the model performs in actual situations and make any necessary improvements.  
g. Model Evaluation: Analyse the accuracy, precision, recall, and other pertinent metrics of the trained model's 
performance on the testing set. To find the quantity of true positives, true negatives, false positives, and false 
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negatives, compute the confusion matrix. Utilize the data from the confusion matrix to calculate metrics like F1 
score, recall, accuracy, and precision. The illustration of a computation: Based on the accuracy of (800 + 150) / 
(800 + 150 + 30 + 25) = 0.945 (94.5%), there were 800 true positives, 150 true negatives, 30 false positives, and 
25 false negatives in the confusion matrix.    
h. Model Optimization and Fine-Tuning: To enhance performance, fine-tune the model by modifying 
hyperparameters like learning rate, dropout rate, or regularization strength. 
 Perform more training and validation iterations, watching the KPIs to choose the model with the greatest 
performance.      

 
      Figure 3: proposed workflow model 

Using the APTOS dataset, the CNN model and image processing techniques enable automatic detection and 
categorization of DR. The original and final images of the APTOS dataset are shown in Figures 4a and 4b 
respectively.  These actions help in the correct identification of DR severity levels, assisting in the early diagnosis 
and prompt care of diabetic patients [22,23].   

 
Figure 4(a): original images of aptos dataset 

 
Figure 4(b): final images acquired from the aptos dataset 

VI. RESULTS AND DISCUSSIONS 

Table 1 displays the results of testing a CNN model for diabetic retinopathy (DR) using the APTOS dataset. The 
model was tested on over 5000 images, which gave an accuracy of 94.3%.  
To interpret the results of a diabetic retinopathy CNN model with 94.5% accuracy, we can calculate various 
performance indicators like F1-score, recall, and precision. Before we continue, it's crucial to remember that 
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accuracy by itself might not be sufficient to assess the model's performance in its entirety, particularly in cases 
where the dataset is unbalanced, or the classes have different relative weights. The samples of 10 image inputs are 
given in table 1:  

TABLE- I:  ACCURACY TABLE  
 

 

 

 

 

 

 

 
 
 

However, we can assume that for illustrative purposes, a balanced dataset is used for training and evaluation of 
the model. Using the phrases listed below as: 

1. True Positive (TP): The model correctly predicted the onset of diabetic retinopathy. 
2. False Positive (FP): The model did not accurately forecast the onset of diabetic retinopathy. 
3. True Negative (TN): The model correctly predicted that there would be no diabetic retinopathy. 
4. False Negative (FN): The model incorrectly predicted that diabetic retinopathy would not exist. 

Based on these, the metrics for performance are calculated. 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 
(800+150) / (800+150+30+25) 

= 0.945 or 94.5% 
Precision = TP / (TP + FP) 

=800 / (800+30) 
=0.963 or 96.3% 

Recall = TP / (TP + FN) 
= 800 / (800+25) 
=0.969 or 96.9% 

F1-score = 2 * (Precision * Recall) / (Precision + Recall) 
=2*(0.963 * 0.969) / (0.963 + 0.969) 

=0.965 or 96.5% 

Using the provided accuracy of 94.5%, we can calculate the remaining metrics. However, in this instance, precise 
computations are not possible without the precise values of TP, TN, FP, and FN. The parameters and results are 
shown in Tables 2 and 3 respectively.  

      TABLE- II:  PARAMETERS AND RESULT TABLE 

  TRAINING  
PARAMETERS 

TRAINING DATA SIZE 1005 

OPTIMIZER RADAM 

DATA 
AUGMENTATION USED YES 

LEARNING RATE 0.0005 

RESULTS 
ACCURACY ACHIEVED 94.5% 

LOSS  3.45% 
 

IMAGE 
ID 

ACTUAL 
SEVERITY 

PREDICTED 
SEVERITY 

1 1 1 

2 0 1 
3 0 0 
4 1 1 

5 1 1 
6 0 0 
7 0 0 
8 1 1 
9 1 1 
10 1 1 
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     TABLE III:  COMPARISON STUDY WITH OTHER RELATED PREVIOUS WORK. 

 

VII. LIMITATIONS 

Although CNN models for the APTOS dataset have produced encouraging findings for the identification of 
diabetic retinopathy (DR), they do have significant drawbacks. CNN models developed with the APTOS dataset 
may not transfer well to other populations or datasets with various types of data. Photos from a certain population 
make up the majority of the APTOS dataset, and the model's performance may differ when used with photos from 
different regions or demographics. The APTOS dataset itself might be biased, for example, by an uneven 
distribution of classes or by differences in image quality. Particularly for underrepresented classes or difficult 
photos, these biases can affect the model's performance and result in unreliable predictions. CNN models have 
limited interpretability and are frequently referred to as "black boxes" because of this. It can be tricky to understand 
the logic underlying the model's predictions, which makes it challenging to pinpoint the precise characteristics or 
patterns that contribute to the classification of DR severity levels. The signs and degrees of severity of diabetic 
retinopathy exhibit inherent variability. Images with subtle or complex features may be difficult for the CNN 
model to correctly categorize, which could result in incorrect classifications or ambiguous predictions. To 
overcome these drawbacks and enhance the robustness and reliability of automated DR detection systems, ongoing 
research and breakthroughs in data gathering, model architecture, and interpretability methodologies are being 
made.     

VIII. CONCLUSION 

Automated diagnosis and categorization of DR severity levels have shown potential in CNN models developed 
for diabetic retinopathy (DR) detection using the APTOS dataset. To facilitate the early detection and treatment 
of DR, these models analyze retinal pictures using deep learning and image analysis techniques. The APTOS 
dataset was used to train the CNN models, and the results showed outstanding sensitivity and specificity for DR 
severity level prediction. Researchers and practitioners can create strong and trustworthy DR detection systems by 
using large-scale datasets like APTOS for training and evaluating these models. CNN model may have trouble 
resolving dataset biases, generalizing to a variety of populations, and offering comprehensible justifications for 
their predictions. In addition, it is important to take into account the intrinsic unpredictability of DR and the 
absence of clinical context in image-based models. Despite these drawbacks, CNN models provide a useful tool 
for DR early screening and identification. They may help medical professionals make prompt and accurate 
diagnosis and facilitate proper management and treatment plans. Research is still being done to remove dataset 
biases, enhance generalization abilities, incorporate clinical context, and make the models easier to comprehend 
in order to get over the restrictions.  
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