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Abstract :  Diabetic retinopathy, a cause of vision loss requires early and accurate detection. This study introduces a method, for 

detecting retinopathy using machine learning techniques. We utilize Support Vector Machines (SVM) Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN) to ensure classification. The system analyzes features from high 

resolution fundus images to enable grading. By combining SVM, CNN and RNN strengths our approach outperforms methods, 

offering a path for improved diabetic retinopathy diagnosis. Our models experimental results demonstrate accuracy and 

consistency in identifying stages of DR(Diabetic Retinopathy). This research contributes to advancing automated diagnosis with 

the goal of impacting the timely treatment of diabetic retinopathy and preserving vision. Experiments on the Messidor dataset 

confirm the effectiveness of our proposed model, in grading DR. 
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I. INTRODUCTION  

Diabetic Retinopathy is a retinal complication that affects the retina in humans and can become progressive if not treated 

properly. Retinal diseases that cause the swelling and damage of blood vessels can cause blindness; during the early stages; small 

vessels may swell or rupture. It becomes very important to diagnose the ailment in its preliminary stages because by the time 

its symptoms are apparent, one may already                        lose eyesight irreversibly due to the condition. The current diagnostics which 

includes resorting to manual inspection by an ophthalmologist is cumbersome, and may not be very useful, particularly in 

developing nations where physicians are scarce. Diabetic retinopathy was estimated to having caused about 5 percent of the global 

blindness in 2002 and hence the need to have efficient diagnosis techniques. This means that, countries with increasing numbers of 

diabetic patients, especially in rural setting lack the necessary skilled human resource to deal with the problem. Diabetic 

Retinopathy is classified into five categories: Normal DR, Mild DR, Moderate DR, Severe DR, and Proliferative DR. Severe DR, 

involves the blockage of blood vessels due to their swelling, thereby affecting blood flow. Proliferative DR is the most advanced 

level for DR which involves the development of new, fragile blood vessels in the retina, and can possibly contain blood in the 

vitreous chamber. The fragile new blood vessels formed in Proliferative DR can easily tear when they start to proliferate, which 

would cause blindness. 

Considering the necessity for a well-defined and feasible diagnostic framework, this paper aims at a discussion of the 

utilization of machine learning methods, including Support Vector Machines, Convolutional Neural Networks, and Recurrent 

Neural Networks. Incorporating these higher level technologies, we will be positioning ourselves to improve the detection of 

Diabetic Retinopathy, in offering a relevant and effective means for early diagnosis and prevention. Additionally, the subsequent 

sections comprise of methodology, experiments, and results, which also reveals the possibility of this approach to revolutionize 

diabetic retinopathy diagnosis to drive the fight against avoidable blindness in the world. 

 

II. RELATED WORKS 

Researchers have been working on methodologies to automate the process of diabetic retinopathy detection. Here are some 

citations relevant to our paper in the field of diabetic retinopathy detection. 

Enrique Carrera et al[1] proposed a method that is based on SVM to identify diabetic retinopathy in advance. This method 

involves an initial pre-processing stage in which the blood vessels, microneurysms and hard exudates are segregated and features 

are extracted that is used with SVM. The model tested resulted in a accuracy of 92.4 percent. 

Accuracy: 92.4 % 

 
The method proposed by Shital N. Firke et al[2] introduces the Convolutional Neural Network for Diabetic Retinopathy 

Detection. For this method, Apatos Blindness Detection database is used to train the convolution neural network. Processing of 
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images in this method is done by resizing, pixel rescaling and label encoder. In this approach 3789 color retinal images are 

used to train proposed model. Also 948 images are obtained to test the model’s efficiency in classification. 

Accuracy: 96.15 % 

 
Harry Pratt et al[3] proposed a method in their paper based on CNN for diabetic retinopathy detection. In this method, a 

dataset of 80,000 retinal images are used. These retinal images are rescaled into 512x512 pixels. The dataset is available on 

Kaggle. To define dynamic characteristics, the CNN architecture is built that is responsible for the task of classification. 

Accuracy: 75 % 

 

Dinial Utami Nurul Qomariah et al[4] proposed a method based on deep learning for extraction and classification of 

features using Support Vector Machine algorithm. This method uses high level features of the last fully connected layer that is 

based on transfer learning mechanism. These features from Convolutional Neural Network are input features for classification using 

Support Vector Machine algorithm. This model evaluated on a diverse dataset, achieved a balanced accuracy of 92.3 percent, 

showcasing the efficiency of integrating traditional feature-based methods with deep learning. 

Accuracy: 95.24 % 

 
Wei Zhang et al[5] proposed an automated method for diabetic retinopathy identification. It involves grading system called 

DeepDR. DeepDR is responsible for directly detecting the presence of diabetic retinopathy from fundus images. It also detects the 

severity of diabetic retinopathy using transfer learning and ensemble learning techniques. The model consists of neural networks 

which are based on combination of well-known convolutional neural networks and deep neural networks. 

Accuracy: 94.79 % 

 
Taken together, these studies highlight the shifting nature of the academic context of DR and its stages and training fellow 

ophthalmologists on how to identify the stages of diabetic retinopathy techniques including hybrids, the sequential anal- ysis of 

data, of implementing these concepts. In the following sections of our research, we synthesize information from this model that 

seeks to cohesively design a proper and efficient model. As a result, there is a need for an efficient application and assessment 

mechanism for diagnosing and categorizing diabetic retinopathy. 

 

III. PROPOSED METHODOLOGY 

3.1Dataset 

The proposed model is evaluated on dataset that is publicly available. The messidor-2 data set 

(https://www.kaggle.com/datasets/andreivann17/messidor-2), which contains approximately 1800 fundus images. The ratio of 

retinal images that has pupil dilation to the retinal images that doesn’t have pupil dilation is 2:1. The dimension of the fundus 

image is 1440 × 960, 2240 × 1488, or 2304× 1536;. According to the number of microaneurysms, hemorrhages, and the existence 

of neovascularization, each image is classified as one of five grades (Mild, Moderate, Normal, Proliferative and Severe). 

 

3.2Pre-processing 

In a comparison of the existing methods of detecting diabetic retinopathy using machine learning, the preprocessing can be 

defined as a set of activities, which are essential for the further process to train a deep learning model. The first step involves 

loading the labeled dataset, which is a process of loading the input data that you are going to use to train your model including the 

retinal images of patients with diabetic retinopathy and their classification according to their severity annotations. This data is 

noisy, hence multiple preprocessing is applied to it to reduce the amount of noise present in the data. To achieve this, the 

following steps were applied with an aim of ensuring that all images were in a format that can be easily accessed by the users 

for training. Preprocessing involve cropping and scaling down of images. Cropping is performed in order to obtain the central 

retinal image. The pre-processing of images involves normalization with the help of z-score and min-max scaling methods. The 

images are ready to be given as input into the model. For feature extraction, a deep learning model, Convolutional Neural Network 

(CNN) is adopted. The last layer of classification is bypassed, and the features from the remaining layers are passed to the next 

layers to be classified. Other modifications are applied on top of the pre-trained model which is more suitable for the classification 

of diabetic retinopathy images and generally includes fully connected layers. The above data set is preprocessed and the model is 

trained with it, and the accuracy and loss rates are checked during the training process. Some of the preprocessing steps may be 

applied universally, while others are selected depending on the properties of the dataset and potential requirements for the chosen 

machine learning algorithm. 

 

3.3Model Training and Architecture 

The models include Support Vector Machines (SVM), Convolutional Neural Networks (CNN), and Recurrent Neural Networks 

(RNN) and each of them is trained with the data set specified as training data. This training process involves the repeated 

fine-tuning of weight parameters and other factors like the network’s bias. The goal is to let the models detect fine details within 

the image of the retina and develop the capability for projecting pertinent aspects of Diabetic Retinopathy about the levels of 

severity. 

To perform the task of diabetic retinopathy detection, we used Support Vector Machines (SVM), Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN). They were developed to exploit features and patterns unique to 

retinal images that are typical in those algorithms. 

1) Support Vector Machine (SVM): Support Vector Machine are used because they have shown promising results for the 

classification of the retinal images with different DR severity levels. SVM classification involves feature extraction and 

classification as indicated in the following. Following pre- processing the retinal images are features which characterize them, 

are converted into feature vectors. They may include the pixel intensity, texture features and shapes derived from the 
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cropped and resized images. SVM then finds a hyperplane that best classifies the different severity classes of the feature space. 

In this testing phase, the retinal images which are unseen by the system are pre-processed and then transformed into a feature 

vector before being fed into the trained SVM model. SVM then separates the images into the defined degree of severity 

based on the decision boundary it has trained. 

2) Convolutional Neural Networks (CNN): CNNs are used in learning spatial hierarchies and local structures in the 

retinal image. The CNN architecture consists of the convolutional layers which are the initial layers which take in the 

convolution operation, applying filters to the image to obtain the local features and patterns. The convolutional layers learn 

hierarchical representations in which the network detects low-level features (e.g. terminal nodes and edges) to early layers and 

high-level features, (e.g. complex structures) in deeper layers while keeping simpler structures in layers closer to the 

input/output interfaces. The pooling layers act to down-sample the features maps that are produced by the convolutional 

layers and retain only important information. Lastly, the fully connected layers are used to make features learn global relations 

and patterns from the previously extracted abstract features. The final fully connected layer generates a probability distribution 

of each severity class using various activation functions. 

3) Recurrent Neural Networks (RNN): Recurrent Neural Networks are utilized for managing temporal connections existing 

in sequential retinal images data. The architecture of RNN is of recurrent layers that enable the network to store memory of 

past information. In the context of applying the model to diabetic retinopathy detection, the periodic nature of the time 

series of retinal images taken over time is taken into account to identify temporal features and trends. Seeing that DR develops 

over a period of time, the RNN analyses sequential images of the retina and theirs features over time. 

 

3.4Integration 

To combine the strength of all the algorithms, the integration technique is applied at the decision level. The probabilities from 

SVM, CNN, and RNN are then averaged, and an ensemble learning technique is applied to give the final result. This ensures that 

the retinal image analysis is done using spatial, temporal and global features hence increasing the level of accuracy. The integration 

of all these different machine learning models is done with the goal of developing a strong and efficient model for diagnosing 

diabetic retinopathy. 

 

3.5Model Evaluation 

    To assess the performance of the trained models, a comprehensive set of evaluation metrics are employed. These metrics 

include: 

 

1. Accuracy: This is a metric that determines the extent of correctness of the models in as a capacity of determining the severity 

of diabetic retinopathy. It measures the extent to which the model has classified the testing data set. It measures overall 

correctness of the model. 

  Accuracy = TP + TN / TP + FP + TN + FN 

2. Precision: Precision assesses the values that were rightly predicted as positives and it measures the ability to prevent false 

negative predictions. Precision is always calculated as the ratio of true positive values to the sum of true positive values and     

false positive values. 

   Precision = TP / TP + FP 

3. Recall: Recall determines the models’ performance in detecting all the positives out of the total positive cases. Recall is 

always measured as the ratio of true positive values to the sum of true positive values and false negative values. 

Recall = TP / TP + FN 

     The trained model is tested on the testing set using the above mentioned three metrics. In order to achieve the objectives of 

the work, the assessment of the models’ performance in accurately predicting the input retinal image based on the severity levels 

of diabetic retinopathy is provided. As viewed, the higher the values of accuracy, precision and recall, the better the model, as 

they denote a reliable model. Accuracy and recall make a good positive pair together with F1 score, which, when summed up 

with precision, provide a complete picture of the models’ performance. This approach is more suitable than focusing only on a 

single measure; it gives more insights about the capability of the model in performing well on unseen data and shows the ability 

of model to detect various levels of diabetic retinopathy. 

 

http://www.jetir.org/


© 2024 JETIR May 2024, Volume 11, Issue 5                                                            www.jetir.org (ISSN-2349-5162) 

 

JETIR2405G29 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org p200 
 

 

figure 3.1 Confusion Matrix 

 

IV. EXPERIMENT RESULTS 

The integration of machine learning models like CNN, RNN and SVM have been done to improve the overall efficiency as 

well as accuracy of the model. The accuracy of the model is dependent on various factors like number of convolutional layers 

used in CNN and RNN and the number of dropout samples. Integration of these machine learning models make the proposed 

model more robust and powerful. A result of the proposed model is provided in this section. Using evaluation metrics such as 

Accuracy, Precision and Recall, the results are as follows: 

 

table 3.1 Results Obtained 

Training Accuracy Testing Accuracy Loss 

89.39% 88.12% 0.3299 

 

 

V. IMPLEMENTATION DETAILS 

 

                                  
                   a) No DR      b) Mild DR       c)Moderate DR       d) Proliferative DR        e) Severe DR 

 

figure 5.1. Retinal Images for Diabetic Retinopathy with Disease Grades 

 

VI. CONCLUSION 

Most people suffer from diabetes which is the main cause of diabetic retinopathy. It can also lead to permanent blindness if not 

detected in early stages. Hence a model must be developed for early diagnosis and detection of diabetic retinopathy. Deep Learning 

algorithms like CNN and RNN which work accurately for classification of images are employed. The proposed model is a 

combination of CNN, RNN and SVM. SVM  is employed for effectively grading the retinal images into various classes based 

on severity levels. The messidor-2 data set is used for experiments. The experimental findings show that in terms of accuracy, 

sensitivity and other metrics the proposed model performs better than the other representative models. Based on the results, the 

proposed combination model can provide good results to build a robust diabetic retinopathy detection model. 

 

VII. FUTURE SCOPE 

The future scope of this model includes that the model can be trained on more datasets to be capable of detecting a lot 

more diseases. The proposed model can be integrated  into existing healthcare systems for effective detection and prediction. 
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