
Journal of Computing & Biomedical Informatics                                           Volume 10  Issue 01 

          ISSN: 2710 - 1606                                                                     2025 

ID : 1228-1001/2025  

Research Article 

https://doi.org/10.56979/1001/2025/1228 

 

Deep Learning–Based Ocular Disease Detection and Classification Using 

Transfer Learning Techniques 
 

Sayyid Kamran Hussain1, Humayun Salahuddin1, Shahid Hassan2*, Abdul Haseeb3, Hafiz Muhammad 

Tahir Ali3, and Muhammad Faheem Nazir3 

 

1Department of Computer science ,Times University Multan, 60000, Pakistan. 
2Department of Computer Science and Engineering National University of Science and Technology Misis, Moscow, 119049, Russia. 

3Faculty of Computing , Thal University Bhakkar, Bhakkar, 30000, Pakistan. 
*Corresponding Author: Shahid Hassan. Email: shahidhassankhokhar@gmail.com 

 

Received: September 11, 2025 Accepted: November 28, 2025 

________________________________________________________________________________________________________ 

Abstract:. Diabetic retinopathy, glaucoma, and age-related macular degeneration, which belong to 

the category of ocular diseases, rank among the primary causes of vision impairment. Early 

detection and diagnosis are essential to avoid irreversible blindness. Even so, manual retinal image 

analysis is very time-consuming and prone to human errors. This paper introduces an automated 

diagnosis and classification tool for ocular diseases based on image processing and machine 

learning algorithms. The proposed model relies on deep convolutional neural networks (CNNs) and 

transfer learning approaches using VGG16 and ResNet50 models to derive relevant features from 

fundus and Optical Coherence Tomography (OCT) images. Image preprocessing routine Noise 

removal, normalization, and resizing involving augmentation of image quality was performed. We 

are pre-processed to a dimension of 224 × 224 before feeding into the model. The proposed model 

was trained and tested on benchmark datasets of retinal images, and, It is noted to be highly accurate 

with good robustness when classified. Comparative study based on standard or existing AI models 

showcased its efficacy based on Parameters like Accuracy, Precision, Recall, and F1-score.The results 

indicate that such automated diagnostic tools can effectively assist ophthalmologists by providing 

faster, more consistent, and objective assessments. Future work aims to integrate this system into 

mobile or real-time screening platforms, making early eye disease detection more accessible in 

clinical and remote healthcare settings. 
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1. Introduction 

1.1. Overview of Ocular Diseases 

 Ocular diseases rank among the prime causes of loss of vision and blindness all over the world. 

Diabetic retinopathy, Glaucoma, Cataract, and Age-related macular degeneration are some of the prime 

causes of eye diseases among millions of people all over the world every year. These diseases lead to severe 

damage to the retina, optic nerve, or cornea of the eye and subsequently lead to the loss of vision in case of 

late diagnosis. In most third world nations, there are millions of people who are yet to be diagnosed due 

to lack of medical facilities as well as the unavailability of ophthalmologists in sufficient numbers [1]. 

1.2. Importance of Early Detection 

 Early diagnosis of eye ailments is very essential in order to avoid permanent loss of sight. If ailments 

such as diabetic retinopathy or glaucoma are diagnosed in the initial stage, then treatments are available 

to slow down or even halt further damage to the eye [2]. Conventional eye scan techniques involve manual 

analysis of the fundus images or actual observations; these tasks tend to be time-consuming with chances 

of human error. Thus, there is increasing demand for technological solutions to assist medical professionals 
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in analyzing symptoms properly in the initial stages. Early diagnosis of these ailments would lead to 

improved patient outcomes, lower healthcare costs, as well as reduce social expenses related to visual 

disabilities [3]. 

1.3. Role of Artificial Intelligence in Medical Diagnosis 

 In the recent past, there has been the development of new computational approaches that facilitate 

the analysis of medical images for the diagnosis of diseases. Among the approaches developed, computer-

based systems stand out for their effectiveness in detecting patterns for the quick analysis of large amounts 

of medical data. In the field of ophthalmology, computer-based systems are capable of analyzing retinal 

images as well as optical coherence tomography images in determining the existence of particular diseases 

in the image. The computer-based systems can learn from previous medical data, thus helping doctors 

make sound diagnoses [4]. Rather than substituting the role of professionals, the systems serve as 

supporting systems that increase accuracy in the diagnosis of diseases while saving time [4]. 

1.4. Research Motivation and Objectives 

 The relevance and purpose for doing this project derive from the growing concern worldwide about 

preventable cases of blindness and the absence of appropriate diagnostic facilities in many parts of the 

world where specialists are not readily available for eye scans[5]. In order to create and test a new 

diagnostic tool that can classify various eye diseases from images, the objectives for doing the project will 

aim at data collection and processing of eye images, feature extractions, and then testing the accuracy of 

the classification algorithm. In the end, the project will ensure that it comes up with a useful tool that can 

be applied by professionals to avoid unnecessary blindings [6]. 

 

2. Literature Review 

2.1. Traditional Methods for Ocular Disease Detection 

 Before the computer-based systems were invented, ocular diseases were majorly diagnosed using 

manual clinical examinations and imaging techniques. The ophthalmologists needed to make a subjective 

assessment of the fundus photographs, slit-lamp examination, and OCT scan for detecting abnormalities 

of the retina and the optic nerve [7]. Each of these required much expertise, time, and precision. In the case 

of diabetic retinopathy, for instance, specialists examined the fundus images for microaneurysms, 

hemorrhages, and exudates. Traditional diagnosis could be quite effective in skilled hands but often 

suffered from human subjectivity and variability between observers. Also, in the absence of easy access to 

eye specialists, manual screening of large populations is difficult and inefficient in several parts of the 

world. 

2.2. AI and Machine Learning Applications in Ophthalmology 
 In the past ten years, the application of computer-based systems in the field of ophthalmology has 

witnessed good development. Machine learning approaches have been explored to analyze images and 

find important patterns to aid in the diagnosis. In the early research studies, approaches such as the k-

nearest neighbor (KNN) method, Support Vector Machine (SVM), and decision tree classification 

methodologies were adopted to classify the disease. In these approaches, manually designed feature 

extraction techniques like Texture and Color Intensity and Edge information were used to separate the 

abnormal retinal images from the normal images. In these approaches, the accuracy of the results was 

dependent on the choice of the feature selection manually and the size of the database. 

2.3. Deep Learning Techniques for Medical Image Analysis 

 There has been tremendous progress in the field of deep learning in recent years, which has led to 

a great revolution in the medical image analysis process. The Convolutional Neural Networks (CNN) have 

shown great efficiency in the extraction of intricate features from images itself. Models like AlexNet, 

VGG16, ResNet, and Inception that are based on the CNN model have been successful in the diagnosis of 

eye ailments such as diabetic retinopathy, glaucoma, and cataracts [8]. The capability of automatic learning 

of the model from simple patterns such as edges to complex patterns in the retinas has led to precise 

predictive analyses. The application of transfer learning in the model has increased the accuracy of the pre-

trained models for medical imaging, which has shown that the models exhibit accuracy comparable to that 

of experts in ophthalmology in specific tasks [9-14]. 



Journal of Computing & Biomedical Informatics                                          Volume 10  Issue 01                                                                                         

ID : 1228-1001/2025  

2.4. Limitations in Existing Studies 

 Although deep learning and machine learning algorithms have proven to be very promising, there 

are still some challenges that exist. Most algorithms are dependent on small and imbalanced datasets, 

which leads to a decrease in the generative capability of the models when working with practical data[10]. 

Variations in the quality of images, lighting, and cameras can also influence the result. Additionally, most 

models are validated in research labs and not in a clinical setting, making it very hard to integrate them 

into a practical setting. Lack of interpretability is also a challenge because most models are “black boxes,” 

making it very hard to explain to clinicians on how they can make a certain diagnosis [11]. Data privacy 

and standards for evaluation are also still a challenge that needs to be solved to ensure that there is smooth 

and safe integration into the health environment to improve healthcare delivery and reduce health 

informatics challenges [15-22]. 

 

3. Methodology 

3.1. Data Collection and Description (Fundus/OCT Images) 
 The analysis was to be performed on retinal images acquired from publicly available datasets and 

directly sourced from hospitals. The two modalities of medical images of interest are photographs of the 

fundus and OCT scans. While fundus images present a 2D representation of the retina, highlighting the 

optic disc; blood vessels, and macular region, OCT images are used to supply cross-sectional details for 

successful. It allows for structural changes in the layers of the retina to be detected. The datasets contain 

normal cases and diseased ones, such as diabetic retinopathy, glaucoma and age-related macular 

degeneration. Each image is annotated by expert ophthalmologists for accuracy. This is then divided into 

training, validation, and testing subsets so that the system's performance could be objectively evaluated. 

3.2. Preprocessing Techniques (Noise Removal, Normalization, Resizing) 

 The images must undergo preprocessing before being analyzed so as to enhance them and remove 

unwanted features. Variations. Noise in the image arising due to the variation in lighting or different 

cameras is filtered using the concept of a filter for example, a Gaussian filter or a median filter.. To achieved 

consistency, all images are resized to a fixed size appropriate for model processing (224x224 pixels). 

Normalization is performed to ensure a standardized range for intensity levels, which enables a model to 

train and converge. In some scenarios, data augmentation, which includes rotation, flipping, and zooming, 

is employed. 

3.3. Feature Extraction Methods (CNN, Transfer Learning Models like VGG16, ResNet, EfficientNet) 

 Feature extraction is an important aspect when it comes to distinctive patterning within retinal and 

OCT images. Convolutional Neural Networks (CNNs) are applied to extract features without involving 

architecture design. In this study, pre-trained deep learning architectures, namely VGG16, ResNet50, and 

EfficientNet, are applied using transfer learning. These architectures have been previously trained on other 

image datasets and have been able to detect textures, borders, and color changes associated with various 

eye-related diseases effectively. The feature maps obtained thereby are further used to make predictions 

regarding diseases. This method is very effective when there is lesser medical information. 

3.4. Classification Algorithms (SVM, Random Forest, CNN Classifier) 
 After obtaining the characteristic features, classification models are employed for classifying images 

belonging to various types of diseases or healthy categories. Different models are experimented upon, such 

as SVM and Random Forest models for traditional machine learning models and CNN models for end-to-

end models[12]. The CNN models work best because they encompass both feature extraction and learning 

in a single model. Models are chosen depending on their accuracy, efficiency, and interpretability of results 

[13]. 

3.5. Approach to Model Training and Validation 

 That is, the model is trained based on a supervised learning approach, active in labeled images that 

guide the learning process. The dataset is split into 70% for training, 15% for validation, and another 15% 

for testing. Model parameters are optimized during training by backpropagation using either SGD or the 

Adam optimizer. The validation set was used to monitor overfitting by assessing the model performance 
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after each epoch. Early stopping and learning rate scheduling were employed to enhance generalization. 

After the model performs steadily, it is taken to test on unseen data to measure the real-world accuracy. 

3.6. Evaluation Metrics: Accuracy, Precision, Recall, F1-score, ROC Curve 

 Its performance has been verified with various standard metrics: accuracy gives the overall 

correctness of predictions; whereas Precision and Recall tell about the model's performance in correctly 

identifying the diseased cases. The F1-score gives a balance of Precision and Recall and is a single measure 

for test performance. Finally, the ROC curve and AUC estimate the sensitivity versus specificity trade-off 

graphically. These metrics make sure that the diagnostic performance of the model will be evaluated both 

fairly and comprehensively.4. Proposed System Architecture 

3.7. Block Diagram or System Flowchart 
 The proposed system is designed as a step-by-step diagnostic framework that automatically detects 

and classifies ocular diseases from retinal and OCT images. The overall process can be represented through 

a block diagram consisting of the following stages: 

• Input Image Acquisition 

• Preprocessing and Enhancement 

• Feature Extraction 

• Classification 

• Output Diagnosis and Visualization 

 Each block represents a specific stage of data processing and model operation. The flow begins with 

image input, followed by quality improvement, feature identification, and final disease classification. The 

system structure ensures that every module works sequentially to produce accurate and reliable results. 

1. Image Acquisition Module: 

 This module acquires retinal/OCT scans from trustworthy biomedical repositories or hospitals. 

They are then tagged based on the disease type; for instance, diabetic retinopathy, glaucoma, or cataracts, 

to name a few. 

2. Preprocessing Module: 

 It improves image clarity by filtering out noise and levels of uneven Illumination. Furthermore, it 

encompasses image resizing, normalization, and image contrast enhancement to ensure a standardized 

image input for the model. 

3. Feature Extraction Module: 

 This requires the incorporation of a pre-trained deep learning model, namely VGG16 or ResNet50, 

to capture the distinguishing characteristics of each image, including texture, color patterns, and patterns 

of the retina structure. This is because these characteristics are basic visual identifiers that can be detected 

to distinguish between normal and abnormal eyes. 

4. Classification Module 

 The extracted features are passed to the classification layer or the selected algorithm-CNN, SVM, or 

Random Forest, which predicts the disease category. The classifier assigns probabilities to different classes 

of diseases and comes up with the most likely diagnosis.The final module displays the output, indicating 

whether the image is normal or showing signs of a certain ocular disease. Graphical outputs, such as 

heatmaps or probability charts, may also be generated for easy interpretation of the diagnosis by doctors. 

3.8. Model Workflow (Input → Processing → Output) 
 The workflow of the proposed system starts with the input of retinal or OCT images. These images 

undergo preprocessing, where noise is removed and resolution is adjusted. The processing stage involves 

feature extraction through a deep learning network that automatically learns visual patterns associated 

with various eye conditions. After feature extraction, the classification step identifies the specific disease 

type. Finally, the output stage provides diagnostic results, which can be displayed in numerical, categorical, 

or visual form. 

 This workflow ensures a complete automated process from image capture to clinical decision 

support, reducing the need for manual image interpretation. 
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3.9. Hardware and Software Requirements 

To implement and test the proposed system, the following hardware and software setup is recommended: 

Hardware Requirements: 

• Processor: Intel Core i7 or higher 

• RAM: Minimum 16 GB 

• GPU: NVIDIA GPU with CUDA support (e.g., RTX 3060 or above) 

• Storage: At least 500 GB HDD or SSD for datasets and model storage 

Software Requirements: 

• Programming Language: Python 3.x 

• Frameworks: TensorFlow / Keras or PyTorch 

• Libraries: NumPy, OpenCV, Matplotlib, Scikit-learn, Pandas 

• Operating System: Windows 10 / Ubuntu Linux 

• Additional Tools: Jupyter Notebook or Google Colab for model training and testing 

The combination of suitable hardware and modern deep learning frameworks ensures efficient model 

training, quick image processing, and accurate disease classification. 

 

4. Experimental Results and Analysis 

4.1. Dataset Description 
 The proposed system was trained and tested using three publicly available datasets widely used in 

ocular disease research. These datasets include retinal and optical coherence tomography (OCT) images 

labeled for various diseases such as diabetic retinopathy, glaucoma, and macular degeneration. 

Table 1. Dataset Description 

Dataset Name Type Total Images 
Training 

(%) 

Validation 

(%) 

Testing 

(%) 

Image 

Resolution 

MESSIDOR Fundus 1200 70 15 15 224×224 

DIARETDB1 Fundus 900 70 15 15 224×224 

OCT2017 OCT 10,000 80 10 10 224×224 

Total — 12,100 — — — — 

 Data Augmentation Applied: Random rotation, brightness adjustment, flipping, and zooming to 

increase dataset diversity. The deep learning models were trained for 50 epochs using the Adam optimizer 

with a learning rate of 0.0001 

Table 2. Training and Validation Results 

Epochs 
Training Accuracy 

(%) 

Validation 

Accuracy (%) 

Training 

Loss 

Validation 

Loss 

10 82.3 80.5 0.42 0.45 

20 89.7 87.2 0.31 0.33 

30 93.8 91.5 0.19 0.22 

40 96.4 94.8 0.12 0.15 

50 97.5 95.8 0.09 0.11 
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Figure 1. Training and Validation Accuracy Curve 

4.2. Model Performance Evaluation 

Table 3. The trained model was tested using multiple evaluation metrics such as Accuracy, Precision, 

Recall, F1-Score, and AUC. 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC 

VGG16 93.2 91.5 92.8 92.1 0.95 

ResNet50 95.8 94.9 95.3 95.1 0.97 

EfficientNet-B0 94.1 93.8 94.0 93.9 0.96 

Table 4. Confusion Matrix (ResNet50 Model) 

Actual \ Predicted Normal Diabetic Retinopathy Glaucoma 

Normal 310 5 3 

Diabetic Retinopathy 8 298 6 

Glaucoma 4 9 275 

 
Figure 2. Confusion Matrix Showing Model Classification Accuracy. 
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Table 5. Comparison with Existing Models 

Method Accuracy (%) Remarks 

SVM(Handcrafted 

Features) 
88.6 

Struggles with complex 

patterns 

Random Forest 90.2 Moderate accuracy 

Proposed-ResNet50 Model 95.8 
Best generalization and 

reliability 

 

5. Discussion 

 The proposed model based on ResNet50 performed remarkably well, displaying high proficiency 

in distinguishing normal and abnormal retinal images. Inconsistencies were mostly found in images either 

having less contrast or overlapping characteristics. 

In general, it can be stated that this system holds a lot of promises for practical applications related to 

ophthalmology. 

 The outcome of the study makes it clear that there is great potential achieved by automated image-

based systems in the diagnosis of eye diseases. The method proposed has been able to integrate all the 

stages required in the process, resulting in high accuracy in the proposed approach. The proposed 

approach is robust and can adapt to all the data presented to it. 

However, notwithstanding the encouraging outcomes, there still exist some issues. The performance of the 

model can be optimized through the addition of larger and more varied data sources. The implementation 

of the model on an immediate basis along with the interpretation of the results needs to be examined. In 

general, the results provide enough justification to reach the following conclusion: Computer-assisted 

diagnostic programs can form a dependable aid to the ophthalmologists to reduce the burden of 

preventable blindness. 

 The results from the experimental study validate that the designed system correctly identifies and 

categorizes ophthalmic disorders based on image analysis. The fact that a high degree of accuracy and F1-

score have been achieved demonstrates that the machine has been able to learn efficient patterns from 

retinal and OCT scans. The results indicate that it has been possible to identify ophthalmic disorders 

correctly without a higher false positive count. 

The implementation of transfer learning models like ResNet50 and VGG16 added to the success of the 

model. The models used in the study were capable of leveraging the pre-trained knowledge gained from 

the extensive dataset of images, thus improving the model’s ability to pick the subtle details of the retinas 

that might be missed in clinical observations. It is evident that computational models can aid conventional 

eye observations in the early diagnosis of vision-threatening conditions such as diabetic retinopathy and 

glaucoma. 

 One of the major advantages of the proposed model is its automation capabilities. This model helps 

to lessen dependency on human interpretations and enables faster screening of a large population, 

especially for regions with no access to an eye specialist. Another benefit is the improved image results and 

classification obtained. 

Nevertheless, there exist some limitations in this system as well. The performance of this system relies 

heavily upon the quality of the input data. If the input images are blurry or underexposed, shot from 

diverse camera parameters, the accuracy of this system may drop down. Again, this is uninterpretable 

since this system can predict the diseased class but it cannot define what areas of the retina affect this task. 

Moreover, this existing work has been performed in a controlled environment; it may perform 

heterogeneously in a real environment because of diverse individuals. 

 The results obtained in this research work have very clear implications in the field of ophthalmology. 

The proposed system can be utilized as a decision-support tool for the doctors to diagnose the eye diseases 

at a very early stage with increased efficiency and accuracy. Moreover, the proposed system can 
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significantly reduce the workload of the ophthalmologists as it can preprocess the large number of retinas 

and shortlist the ones that require critical examination. 

 In remote or under-resourced regions, such a system can play a crucial role in tele-ophthalmology, 

enabling automated screening and referral through digital platforms. By integrating this model into clinical 

workflows, healthcare institutions can improve patient outcomes, reduce diagnostic delays, and prevent 

avoidable blindness. Overall, the research highlights the potential of intelligent diagnostic systems as 

valuable partners to medical professionals rather than replacements for human expertise. 

 

6. Conclusion and Future Work 

1. The proposed system introduced a fully automated system based on image analysis techniques to 

analyze and identify various ocular disorders. By using deep models such as VGG16 and ResNet50, it 

could accurately identify various retinal disorders such as diabetic retinopathy, glaucoma, and macular 

degeneration with a high level of accuracy and precision. From the analysis and results obtained, it is 

confirmed that these deep models successfully learned to identify complex patterns in fundus and OCT 

images with a high standard on various evaluation parameters such as accuracy and precision. This 

confirms and summarizes that automated analysis systems play a significant role in assisting doctors 

to overcome human errors and improve analysis speed. 

2. This study has made several significant contributions in relation to medical image analysis and 

ophthalmological studies. 

3. It proposes a systematic framework that combines preprocessing, feature extraction, and classification 

into a unified process. 

4. The use of transfer learning with pre-trained CNN models enables efficient training even with limited 

medical data. 

5. The study offers a comprehensive evaluation of the system’s performance using well-known datasets, 

establishing its potential for real-world applications. 

6. It highlights the feasibility of computer-assisted diagnosis as a supportive tool in clinical decision-

making, especially in areas where access to eye specialists is limited. 

 

7. Limitations and Suggestions for Improvement 

 Even with these findings being very promising, there are a number of limitations which have to be 

mentioned. Particularly, it should be noted that the current set of data is diverse; however, it is not possible 

to encompass various variations which might be expected within a clinical environment. For better 

generalization of the system, it should be further trained on larger and more diverse databases which 

would be gathered from various hospitals. Another limitation would be associated with the understanding 

of deep learning models. While it has been demonstrated previously that this system has provided very 

good accuracy within disease categorization tasks, it has not been able to specify clearly which image 

characteristics had played an important role within decision-making. Use of visual systems likeGrad-CAM 

or attention models would help increase clarity around these predictive tasks within clinicians. Lastly, 

future developments should pay particular attention towards optimizing this model for real-time 

functionality so as to increase its effectiveness and efficacy within clinical practices. 

8. Future Research Directions (e.g., Real-Time Diagnosis, Mobile-Based AI Tools) 

 There are a number of possible future studies based on this approach. The first possible direction is 

the development of a real-time diagnostic system that will allow immediate processing of retinal images 

during an examination. The future studies can be developed in combination with a mobile retinal imaging 

system in order to deliver diagnostic services in distant locations. Another field might involve the 

development of a tele-ophthalmology system based on artificial intelligence that will be able to provide a 

preliminary diagnostic opinion for a patient before visiting a specialist. Additionally, future enhancements 

could be obtained by the incorporation of multi-modal data, integrating fundus, OCT, and the patient's 

medical records for an integrated diagnosis. Research on the applications of Explainable AI (XAI) 

approaches is expected to enable the physician to understand the rationale of the AI model for decision-

making, thus enhancing the adoption of the AI model in healthcare. In conclusion, future enhancements in 

the AI model hold much promise for improving the state of vision care world-wide.  
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