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1. Abstract 

This study uses pictures called optical coherence tomography images along with information about the patient to find 

out if they have retinal diseases and how bad they are. The doctors looked at seven kinds of problems: choroidal 

neovascularization, drusen, DME, normal retina, RVO, ERM and vitreomacular interface disorder. They made a 

computer program that can tell which kind of problem a patient has. To make the program better at predicting how bad 

the disease is the doctors included information about the patient like how old they are, if they have diabetes, if they have 

high blood pressure and if they smoke. The program looks at the optical coherence tomography images. Finds the 

important things about them instead of using a more complicated method.The doctors used a lot of optical coherence 

tomography images, 84,568 to teach the program. It was very good at telling which kind of retinal problem a patient 

had. It was 97 percent of the time and it found the real problems 95 percent of the time and it did not say someone had 

a problem when they did not 94 percent of the time.The doctors did a lot of work to check how good the program was 

and they found out that it is very helpful for eye doctors to find retinal diseases early and to take care of patients. The 

program can find kinds of retinal diseases and tell how bad they are, which is very useful, for doctors. 

Keywords: machine learning, risk factors, multi-class classification, artificial intelligence, retinal disease, OCT 

imaging, severity prediction, and performance analysis. 

2. Introduction 

Medical image analysis has become very good at finding diseases thanks to medical image analysis learning. In the past 

finding diseases was not very accurate. It took a lot of time. Nowadays Machine Learning is used a lot. It gives us fast 

and accurate results. Diseases that affect the retina, which's a thin layer at the back of the eye, are a major cause of vision 

loss because they affect our vision. 

This paper is about using computers to find and predict how severe retinal diseases are. The retinal diseases we are 

talking about are neovascularization, drusen, DME, RVO, ERM, vitreomacular interface disorder and normal retina. We 

use optical coherence tomography images and information about the patient, such as their age if they have diabetes, high 
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blood pressure and if they smoke, to predict how severe the disease is. Some optical coherence tomography images that 

show these seven conditions are shown in Figure 1. 

We are trying to solve the problem of finding diseases using machine learning by using OCT images and information 

about the patient. We use OCT images and information about the patient to find diseases and predict how severe they 

are. A few optical coherence tomography images that show these seven conditions are shown in Figure 1.To make our 

classification better we use the seven retinal disease classes to train the VGG-16 model, We also use information about 

the patient to predict how severe the retinal disease is, which gives us results, for doctors. The retinal diseases we are 

talking about such as neovascularization, drusen, DME, RVO, ERM, vitreomacular interface disorder and normal retina 

can be. Predicted using OCT images and patient information. 

Medical image analysis is used to find diseases and medical image analysis is very important. Retinal diseases are found 

using optical coherence tomography images and patient information. The  

Retinal diseases are neovascularization, drusen, DME, RVO, ERM, vitreomacular interface disorder and normal retina. 

We use medical image analysis to find these diseases. 

 

      

Figure 1: Representative OCT Images of Retinal Diseases 

3. Objective 

● The model uses risk factors to figure out how bad retinal diseases are, which helps it automatically find these diseases 

in seven types of retinal diseases. 

● The model uses a kind of VGG-16 model that has been trained already to learn from the data that we have which makes 

the model work better and it does not need to do as much work and it also helps stop the model from overfitting. 

● This way of doing things helps eye doctors find and treat diseases early by looking very closely at OCT images of 

retinal diseases and saying exactly how bad the retinal diseases are, which is very important, for retinal diseases. 

4. Related Work 

Initially, binary or multiple  classification of retina  was performed based on OCT images, followed by the introduction 

of a novel AOCT-NET model, a CNN-based model, for the multiclass classification of retinal diseases based on spectral 

domain OCT images, as presented in the study by Alqudah [7]. The effectiveness of CNN models over traditional 

machine learning models was demonstrated in the study by Kim and Tran [5] based on the application of deep learning 

models to OCT images for the classification of retinal diseases. A coherent convolution neural model was suggested for 

the detection of retinal disease based on OCT images, as presented in the study by Upadhyay et al. [30]. To increase the 

task, the concept of ensemble and fusion was introduced. Ai et al. [2] proposed the FN-OCT model, which is a fusion-

based model using multiple feature representations for improving the detection performance in the presence of diseases. 
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Paul et al. [24] proposed the OCTX model, which is a model using multiple classifiers for improving the generality of 

the model. Khan and Khan [8] improved the performance in the diagnosis task by using the concept of deep ensemble 

classifiers. Choudhary et al. [21] model focusing on the optimized feature learning for the classification task in retinal 

diseases. Sunija et al. [14] proposed the OctNet model, which is a lightweight CNN model for improving the performance 

in the diagnosis task.In addition to the classification-based models, the concept of prediction and modeling was also 

introduced. Romo-Bucheli et al. [4] model for predicting the need in the context of neovascular AMD that uses the 

concept of longitudinal OCT imaging. Banerjee et al.[10] employed a sequential DL model for AMD progression using 

longitudinal SD-OCT biomarkers. Christopher et al. [27] employed a DL model to predict error to the visual field using 

structural maps from OCT images.Multimodal AI systems have also been identified as having the capability to utilize 

various imaging modalities in combination with OCT images. Zedadra et al.  

[1] employed a multi-modal hybrid AI system to predict multi-label retinal diseases using OCT and fundus imaging 

modalities in combination with each other. Kang et al. [26] employed a multimodal imaging-based deep learning system 

to predict retinal vascular diseases that require treatment using various imaging modalities. Liu et al. [15] employed an 

OCT-AI telemedicine platform to evaluate retinal diseases in the primary care environment. In addition, Rim et al. [17] 

and Wagner et al.  

[25] employed a prediction model to predict various systemic diseases using retinal imaging modalities, which led to 

the development of a new concept termed oculomics to predict various health conditions using retinal imaging 

modalities.  

In addition, to predict diabetic retinopathy and microstructural changes, Elsharkawy et al. [9] and Sharafeldeen et al.In 

their study, Yanagihara et al. [6] emphasized the methodological issues encountered in deep learning-based applications 

in OCT imaging. Muchuchuti and Viriri [19], Bali and Mansotra [16], Lim et al. [12], and Parmar et al. [23] presented 

detailed reviews on AI-based applications and Wong et al. 

[28] also presented a detailed study on AI-based applications in retinal imaging in cardiovascular risk prediction. 

Although the studies presented in the aforementioned papers have high classification accuracy, most studies are focused 

on classification using images and only a  

A few diseases are considered in the classification process. Also, few studies are focused on the integration of clinical 

risk factors, multiple class diseases, and severity level prediction in a single framework. Most studies are focused on 

increasing the complexity of the model using ensemble and multimodal approaches, making it difficult to implement in 

real-time due to the requirement of large datasets.Thus, in this study, we propose a new model by extending the existing 

studies in the field by implementing a VGG-16 transfer learning model for seven-class classification. Unlike in the 

previous approaches, in the proposed system, the patient-specific risk factors are considered while predicting the severity 

of the diseases. This will help in the accurate multi-class classification of the diseases and the prediction of the severity 

of the diseases, which is helpful in the development of the holistic approach for the AI-based retinal disease diagnosis 

system. 
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Figure 2: Block diagram of the proposed intelligent retinal disease diagnosis system.

5. Methodology 

For the purpose of conducting this research work, a CNN model has been proposed, which may be used for the 

classification of retinal diseases by analyzing the images of optical coherence tomography. The CNN model, which has 

been proposed in this research work, has been based on another CNN model known as VGG16, which may be used for 

the classification of retinal diseases. The VGG16 model has been based on the image net dataset, which includes 13 

convolutional layers, 3 fully connected layers, and 5 max pooling layers. In addition, the VGG16 model has the ability 

to extract various features from the images, starting from edges and texture to other features in retinal images. The 

architecture of the model, which has been proposed in this research work, is as shown in figure2. 

5.1 Dataset Description 

For the purpose of training and testing model based on the VGG-16, it is essential to create the dataset of images using 

images obtained from two publicly available sources: 

For the case of CNV, DME, DRUSEN, NORMAL OCT Dataset - Aniruth CV dataset [30]  

● This includes train, validation, and test sets, along with images of different classes, namely, NORMAL, DRUSEN, 

CNV, DME, etc. Good quality OCT images of the retina with different pathological characteristics. 

For VID, ERM, RVO OCT Dataset - Extra Eye Disease OCT Dataset[31] 

● These datasets are used for the augmentation of the original dataset and the diversity of the retinal disease patterns. 

● The images are randomly divided into train, validation, and test sets in a ratio of 70:15:15 for consistency. 
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5.2 Dataset Preprocessing 

To ensure uniformity and compatibility with the VGG-16 architecture, the following preprocessing steps were carried 

out on the dataset: 

Resizing: All images were resized to 224 x 224 pixels. 

Normalization: Normalization was achieved by dividing all the pixels by 255. 

Data Augmentation: In order to improve the generalization and prevent overfitting, the following data augmentation 

strategies were employed on the training set: 

● Random zooming by ±5% 

● Width and height shifts by ±2% 

● Horizontal flipping 

● Rescaling the values of the pixels (normalizing the values to the range [0,1] by dividing by 255). 

5.3 Proposed Model Architecture 

The people who created this model took the layers of the VGG-16 model. Removed them. They added a classification 

head that's specifically for the seven-class OCT dataset. The model they created has parts. 

● The input layer is where the RGB OCT images are uploaded and they have to be 224 by 224 pixels. 

● The convolutional base uses the pre-trained VGG-16 layers to get the features from the images. At first they did not 

change any of the layers so the model could keep the features it learned from ImageNet. 

● The GlobalAveragePooling2D takes the features. Turns them into one vector per channel which means it has fewer 

parameters but still keeps the important features of the OCT images. 

● The connected layer is a layer with 256 neurons and it uses ReLU activation to learn about the relationships between 

the features of the OCT images. 

● They used a dropout rate of 0.5 to stop the VGG-16 model from overfitting. 

● The output layer is a layer with 7 neurons. It uses softmax activation to classify the retinal diseases into these 

categories: NORMAL, DRUSEN, CNV, DME, ERM, RVO and VID. 

They trained the VGG-16 model in two steps. First they only trained the layers. Kept the convolutional base the same 

so it could use the features it learned from ImageNet. Then they changed the four layers of the VGG-16 model and 

trained them again with a lower learning rate so the VGG-16 model could learn about the patterns in the OCT images. 

5.4 Model Training 

The dataset was divided into three parts: training, validation and testing. We split the dataset in a way that makes sense. 

This means all the pictures of a patient are, in one part. We did this so we can be sure the model training is working 

correctly. The model needs to be tested on pictures of patients it has never seen before. This way we can see how well 

the model works with patients.The model training is very important because it helps us to know if the model can be used 

with patients. Model training is a part of making sure the model is good enough to use with patients. 
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Figure 3 shows the VGG-16 based neural network architecture that we used. This VGG-16 based convolutional neural 

network was used for our work. We used the VGG-16 based neural network to do two things: extract features from 

images and classify retinal disease. The VGG-16 based convolutional neural network played a role in our project. We 

used the VGG-16 based neural network to get the features and then classify retinal disease. 

 

Table 1. Dataset label distribution showing the number of OCT images, per retinal disease category across training, 

validation and testing splits. 

 

 

 

 

 

 

 

 

The VGG-16 architecture was pre-trained on the ImageNet dataset. You can see what the VGG-16 architecture model 

looks like in Figure 3. When we started training the model we did not change the layers of the VGG-16 architecture at 

first. Then we made some changes to the layers of the VGG-16 architecture to make the VGG-16 architecture model 

work better. During the time we were training the VGG-16 architecture model: 

● We used 32 images at a time. 

● Each time we went through all the images it took 2,398 steps. 

Class Training Images Validation Images Testing Images Total Images 

NORMAL 35,973 10,278 5,139 51,390 

DRUSEN 6,206 1,773 887 8,866 

CNV 26,218 7,491 3,746 37,455 

DME 8,118 2,319 1,161 11,598 

ERM 108 23 24 155 

RVO 70 15 16 101 

VID 53 11 12 76 
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● We changed the pictures a bit by rotating them or making them bigger or smaller to help the VGG-16 architecture 

model work better with different kinds of pictures. 

● We gave importance to some types of diseases because there were not many examples of them in the dataset.

 

Figure 4 shows a block diagram of our proposed deep learning framework.This framework is used for classifying 

diseases. The OCT images are. Augmented first. Then we train a model based on VGG-16. After that we evaluate the 

trained model. The evaluated model is then used to make predictions about retinal diseases. We use OCT images in our 

framework. The framework uses a VGG-16 model. Our framework classifies diseases. 

Table 2. Here are the configuration details and hyperparameter settings of the VGG-16 based retinal disease 

classification model. 

Parameter Specific Value 

Initialized Weights ImageNet Pre-trained 

Training Dataset 83,484 OCT images 

Validation Dataset 32,000 OCT images 

Testing Dataset 13,247 OCT images 

Input Image Size 224 × 224 × 3 
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Steps per Epoch Approx. 2,398 

Batch Size 32 

Output Softmax probabilities for 7 classes 

5.5 Performance Evaluation 

The proposed VGG-16 based OCT model was checked to see how well it works. This was done by using different 

measures to get a good idea of how well the VGG-16 based OCT model can classify all types of retinal diseases. The 

following things were looked at: 

1. Sensitivity (Recall / True Positive Rate) 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 

=  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 

(1) 

Sensitivity is a measure of how the model can find people who really have a disease. It shows the percentage of disease 

cases that the model gets right. The model needs to have sensitivity so it can catch as many disease cases as possible. 

This is very important for doctors when they are trying to diagnose people because they do not want to miss anyone who 

has a disease. High sensitivity in the model means it is good, at finding the people who really have the disease 

2. Specificity (True Negative Rate) 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 

=  
𝑇𝑁

𝑇𝑁 +  𝐹𝑃
 

(2) 

The specificity of a model is about finding people who do not have a disease. It is the number of people who are correctly 

said to be healthy. 

When a model has specificity it means that healthy people are not told they are sick by mistake. The specificity of a 

model is very important for disease diagnosis. It helps to make sure that the model is correct when it says someone is 

healthy. The specificity of a model is important because we do not want healthy people to be told they have a disease 

when they really do not have a disease. The model's specificity is crucial for disease diagnosis. It helps to make sure that 

the model is correct when it says someone is healthy and the specificity of a model is very important  for this. 

3. Accuracy 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 

=  
𝑇𝑃 +  𝑇𝑁

𝑇𝑃 +  𝐹𝑃 +  𝑇𝑁 +  𝐹𝑁
 

(3) 

Accuracy tells us how correct the model is overall. It is helpful. Accuracy alone can be tricky when the data is not 

balanced. This is why we look at metrics too. Accuracy shows how well the model does across all categories. It can be 

misleading if some categories have much more data than others. So we consider extra metrics to get a picture. The 
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accuracy metric gives us an idea of the model's performance. It is useful. Not enough, on its own especially when the 

data is uneven. In cases we need to look at other metrics as well to understand the models accuracy. 

4. Operating Characteristic and Area Under Curve 

The ROC curve shows how good the model is at finding the things it is supposed to find. It does this by comparing the 

True Positive Rate, which's the number of correct finds to the False Positive Rate, which is the number of incorrect finds. 

The AUC or Area Under the Curve tells us how well the model can tell the difference between things. The models 

overall ability to distinguish between things is measured by the AUC. The ROC curve is a way to see how the True 

Positive Rate and the False Positive Rate are related. The True Positive Rate is also called Sensitivity. The False Positive 

Rate is one, minus the Specificity. When we talk about AUC it is a measure of how good a model is at predicting things. 

● AUC is 1.0: this means the model is perfect at telling things 

● AUC is 0.5: this means the model is just guessing and not really predicting anything. 

       5.    Cohen’s Kappa Score 

Cohen’s Kappa is a measure of inter-rater agreement that controls for chance. In the context of OCT classification, it 

measures the agreement between the predicted and actual class labels. 

6. Confusion Matrix 

between the normal and pathological OCT scans. The value of the Cohen’s Kappa measure was found to be 96.89%. A 

confusion matrix was created for all the classes (NORMAL, DRUSEN, CNV, DME, ERM, RVO, VID) to understand 

the correct and incorrect predictions in more detail. It was found that the model was having difficulty in classifying rare 

diseases such as ERM, RVO, and VID. 

6. Result 

6.1 Evaluation of the Proposed Model on the Testing Dataset 

The proposed RetinaSense model was tested on a separate set of data from the training data set for unbiased analysis of 

the model’s performance.The model was tested for multi-class classification for seven different types of diseases: CNV, 

DME, DRUSEN, ERM, NORMAL, RVO, and VID. 

The overall accuracy obtained by the model on the testing data set was 97.17%. The sensitivity and specificity values 

obtained for the model on the testing data set were 95.00% and 94.50%, respectively.The Area Under the ROC Curve 

for the model was obtained as 0.9701, confirming its ability to discriminate between different classes.
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Figure 5: One-vs-rest ROC curves for the classification of 7-class diseases in the field of retina using the proposed 

model, VGG-16. The model has high discriminative ability with AUC between 0.93 and 1.00.

Table 3: Performance comparison of the proposed VGG-16 model with ResNet50 and InceptionV3 for multi-class 

retinal disease classification. 

Parameter ResNet50 InceptionV3 Proposed VGG-16 Model 

AUC 0.9400 0.9500 0.9701 

Kappa 93.60% 94.10% 96.89% 

Sensitivity 92.41% 93.60% 95.00% 

Specificity 93.81% 93.90% 94.50% 

Accuracy 94.61% 95.63% 97.17% 

As per the comparative analysis referred to in Table 4, it is observed that in traditional machine learning techniques, 

there is high dependence on feature extraction techniques. However, in the proposed RetinaSense system, deep transfer 
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learning is used to extract features from the OCT images and provide accurate retinal disease prediction with clinical 

recommendations. 

Table 4: Comparative Analysis of Recent Deep Learning Methods for Retinal Disease Detection using OCT Images. 

Reference Approach Database 

Used 

Result and Observation 

Sotoudeh-

Paima et al. 

(2021) 

Multi-scale CNN with 

Feature Pyramid Network 

UCSD OCT 

Dataset 

Achieved accuracy of 93.4%, 

enhanced feature extraction with 

multi-scale representation. 

Hassan et al. 

(2021) 

Bayesian Deep Learning Public OCT 

datasets 

Achieved accuracy of 98.26%, 

enhanced generalization capability. 

Vives-Boix et 

al. (2021) 

CNN based Am-

InceptionV3 

APTOS 2019 

Dataset 

Achieved accuracy of 94.46% in 

retinal disease detection. 

Zhang et al. 

(2022) 

Hybrid CNN with Attention 

Mechanism 

Public OCT 

dataset 

Achieved accuracy of 96.8%, 

enhanced localization capability of 

features in retinal images. 

Wang et al. 

(2022) 

Deep Residual Network 

(ResNet-50) 

Large OCT 

retinal dataset 

Achieved accuracy of 97.1%, 

signifying its capability in feature 

learning. 

Kumar et al. 

(2023) 

An Ensemble CNN Model 

using VGG-16 and 

DenseNet 

Public OCT 

dataset 

Achieved accuracy of 98.1% with 

increased sensitivity and 

specificity. 

Mukherjee et 

al. (2024) 

Retinal Layer Segmentation 

using Deep Learning and 

SD-OCT 

Clinical OCT 

dataset 

Proves the reliability of automated 

segmentation in the diagnosis of 

retinal diseases. 
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Li et al. (2025) Retinal Disease 

Classification using 

Transfer Learning with 

VGG-16 

Public OCT 

dataset 

Achieved accuracy of 95.19%, 

precision of 95.29%, and recall of 

95.19%. 

RetinaSense 

(Proposed 

System) 

Transfer learning-based 

VGG16 CNN model with a 

Flask-based web system 

and AI-generated 

recommendations 

Mendeley 

OCT Dataset 

(~109,000 

images) 

The system is designed to classify 

7 different retinal diseases: CNV, 

DME, DRUSEN, ERM, RVO, 

VID, Normal. The proposed 

model was able to attain an 

accuracy of around 97-98%. 

    

6.2 Web-Based Implementation of Proposed Model

The model that was trained for eye diseases was placed on a website.The website enables individuals to, on time, predict 

eye diseases.The images of the individual’s eyes are uploaded to the website.The images are then processed, and the 

individual is able to know the eye disease he or she is suffering from and the level of the disease.The system also provides 

recommendations on what to do regarding the eye diseases, using OCT images for prediction of eye diseases.The system 

enables both doctors and individuals to access results quickly

Figure 6(a): The input screen for the demographic information of the patient, which includes the application number, 

name, age, gender, contact information, and residential address. 

Figure 6(b): The input screen for the clinical history and risk factors, which include various risk factors such as diabetes, 

hypertension, myopia, kidney diseases, smoking, hyperlipidaemia, trauma, inflammation, glaucoma, and family history 

of AMD. 
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Figure 7(a): The interface of the Web-based RetinaSense prediction system, which predicts the disease based on the 

OCT image uploaded into the system. The detected disease is Vitreomacular Interface Disorder, and the affected area is 

indicated in the bounding box. 

 

Figure 7(b): AI-generated image of the clinical recommendation module with the predicted severity of disease (73%) 

and medical actions, dos and don’ts for Vitreomacular Interface Disorder (VID). 

https://ijsmt.org/
mailto:editor@ijsmt.org


International Journal of Science, Strategic Management and Technology 
Volume 02 Issue 03 March-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8 

An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases 

 
© Author(s). This work is peer-reviewed, openly published, and permanently archived 
This article is openly accessible and reusable with proper attribution.     
https://ijsmt.org/ , Email: editor@ijsmt.org                                                                                                                                                                                             14 

 

7. Conclusion and Future Enhancement 

In the proposed study, an automated diagnostic system based on deep learning has been developed to classify retinal 

diseases based on OCT images. In this regard, the proposed study has developed a deep learning model based on the 

VGG-16 structure with the application of transfer learning to improve the performance of the classification of retinal 

diseases based on OCT images. The motivation behind the proposed study is based on the trend of OCT images in the 

field of ophthalmology, as well as the requirement for computer-aided systems to improve the detection of retinal 

diseases at an early stage.  

In this regard, the proposed model has been trained with the OCT image dataset and has achieved better performance 

compared to other deep learning architectures, such as ResNet50 and InceptionV3. Accuracy, Sensitivity, Specificity, 

AUC, and Cohen’s Kappa statistical evaluation metrics were used to evaluate the performance of the model. The results 

of the experiments show that the proposed VGG-16 model performed well in terms of classification accuracy (97.17%), 

sensitivity (95.00%), specificity (94.50%), and AUC (0.9701), which validated the reliability of the model in detecting 

abnormalities in the retina, such as Vitreomacular Interface Disorder (VID) and other diseases. 

The proposed RetinaSense web application is useful in terms of disease prediction, severity prediction, and artificial 

intelligence-based recommendations for clinical decision-making. The model is capable of accurately locating disease 

regions in OCT images for decision-making support.In the near future, the proposed model can be used for the detection 

of different retinal diseases such as retinal tear, retinal detachment, age-related macular degeneration (AMD), retinitis 

pigmentosa, etc.The model can be tested with a large number of diverse clinical datasets for better results. Additionally, 

as one of the key future enhancements, the system can be implemented in real-world environments with the support of 

medical professionals and medical facilities. With the support of medical professionals, the system can be optimized for 

the integration of hospitals, cloud computing, and real-time patient screening applications. This will help in 

implementing the system in real-world environments as a decision support tool, which in turn will help in the cure of 

patients. 
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