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Abstract- — Timely detection of eye-related diseases is critical for preserving vision and preventing permanent visual loss. With 

the growing availability of ophthalmic imaging, artificial intelligence has emerged as an effective tool for enabling fast and 

automated disease screening. This study proposes a real-time artificial intelligence–driven framework for eye disease detection 

based on deep learning techniques. The system employs convolutional neural networks (CNNs) to process retinal fundus images 

and optical coherence tomography (OCT) scans for identifying prevalent eye conditions such as diabetic retinopathy, glaucoma, 

and age-related macular degeneration. To support real-time operation, the model architecture is optimized for low computational 

complexity and rapid inference without compromising diagnostic accuracy. The proposed system assists ophthalmologists by 

providing instant diagnostic feedback, reducing manual examination time, and supporting early clinical decision-making. 

Experimental evaluation demonstrates that the model achieves high detection accuracy along with minimal processing delay, 

making it suitable for real-time deployment in clinical settings, telemedicine platforms, and large-scale eye screening programs. 

The results highlight the potential of AI-based solutions to enhance accessibility, efficiency, and reliability in modern ophthalmic 

diagnosis. 
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I. INTRODUCTION 

 
Eye diseases remain a major global health concern, 

contributing significantly to vision impairment and preventable 

blindness across all age groups. Disorders such as diabetic 

retinopathy, glaucoma, cataracts, and age-related macular 

degeneration often develop gradually and may not present 

noticeable symptoms during their early stages. As a result, 

many patients seek medical attention only after irreversible 

visual damage has occurred. Early diagnosis and continuous 

monitoring are therefore essential to preserve vision and 

improve patient outcomes. Ophthalmic imaging techniques, 

including retinal fundus imaging and optical coherence 

tomography (OCT), are widely used for examining structural 

changes in the eye. However, the increasing demand for eye 

care services, combined with a shortage of skilled 

ophthalmologists, makes manual image interpretation labor-

intensive and time-consuming, particularly in rural and 

underserved regions. 

 

Recent advancements in artificial intelligence, especially deep 

learning, have transformed medical image analysis. 

Convolutional Neural Networks (CNNs) have demonstrated 

strong capability in automatically extracting discriminative 

features from complex ophthalmic images, enabling accurate 

detection and classification of various eye diseases. Several 

research studies report that deep learning models can achieve 

diagnostic performance comparable to experienced clinicians. 

Despite these achievements, many existing AI-based systems 

are designed for offline analysis and require substantial 

computational resources, limiting their practicality in real-time 

clinical workflows and mass screening initiatives. 

 

Real-time AI-based eye disease detection systems seek to 

overcome these challenges by delivering rapid and reliable 

diagnostic outputs with minimal processing delay. Such 

systems can analyze ophthalmic images instantly during patient 

examinations, allowing clinicians to receive immediate 

feedback and make timely decisions. Real-time performance is 

particularly beneficial in screening programs and 

teleophthalmology, where fast diagnosis can significantly 

improve accessibility to eye care and enable early intervention 

in remote or resource-limited settings. 

 

Ensuring robustness and clinical reliability remains a key 

challenge in real-time AI deployment. Variations in image 

quality, imaging devices, and patient demographics can affect 

model consistency. Therefore, real-time systems must be 

carefully optimized to balance computational efficiency and 

diagnostic accuracy. This work presents a real-time deep 

learning–based framework for eye disease detection that aims 

to support clinicians by reducing diagnostic workload, 

improving screening efficiency, and enhancing the overall 

quality of ophthalmic care. 
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                             II. RELATED WORK 
 

Ahmed A. F. Osman et al. presented a comprehensive review 

of explainable artificial intelligence techniques applied to 

diabetic retinopathy detection. The study analyzed over fifty 

deep learning–based approaches and emphasized the 

importance of interpretability tools such as Grad-CAM, SHAP, 

and LIME. While the reviewed models achieved high 

diagnostic accuracy, the paper highlighted a lack of 

standardized evaluation for explanation quality. The authors 

stressed that explainability is essential for clinician trust and 

real-world adoption. The survey concludes by identifying 

research gaps related to validation, transparency, and clinical 

integration of explainable AI systems in ophthalmology. 

 

N. Sharma and P. Lalwani proposed a hybrid deep learning 

framework for diabetic retinopathy segmentation and 

classification enhanced with explainable AI. The approach 

combines image preprocessing, segmentation using a modified 

U-Net, and classification through deep neural networks. Grad-

CAM visualization was used to explain model predictions, 

improving transparency. Metaheuristic optimization further 

enhanced learning efficiency. Experimental results 

demonstrated strong classification accuracy and reliable lesion 

localization. This work shows that integrating explainability 

with optimized deep models improves diagnostic reliability and 

supports clinical decision-making in automated retinal disease 

detection systems. 

 

Emara A-H. M. et al. introduced a multimodal deep learning 

approach for early diabetic retinopathy detection using fundus 

and OCT images. By integrating complementary imaging 

modalities, the model captured both surface-level and structural 

retinal features. The proposed framework outperformed single-

modality systems in sensitivity and specificity, particularly in 

early disease stages. The study emphasized the value of 

multimodal fusion in handling image variability and noise. The 

results support the adoption of multimodal deep learning 

frameworks for improved screening accuracy and early 

diagnosis in ophthalmic healthcare applications. 

 

S. Suhaila Rahim et al. reviewed artificial intelligence and 

explainable AI techniques for detecting and grading diabetic 

retinopathy and related eye diseases. The paper compared 

various deep learning architectures, preprocessing methods, 

and explainability strategies. It highlighted how explainable AI 

improves trust and interpretability, which are critical for 

clinical acceptance. The authors also discussed challenges 

related to dataset imbalance, model generalization, and 

deployment in real healthcare settings. The review provides 

valuable insights into future research directions aimed at 

building transparent, robust, and clinically reliable AI-based 

ophthalmic diagnostic systems. 

 

Ibrahim Saleh et al. conducted a comprehensive review of AI-

based methods for diagnosing and grading diabetic retinopathy. 

The study analyzed numerous machine learning and deep 

learning models across multiple imaging modalities, including 

fundus photography and OCT. Results showed that deep 

learning models consistently outperform traditional 

approaches, particularly in multi-class classification tasks. The 

paper also examined public datasets and evaluation metrics, 

highlighting limitations such as data scarcity and lack of 

explainability. The authors emphasized the need for multimodal 

data integration and explainable AI to enhance clinical 

adoption. 

 

Zineb Farahat et al. presented a systematic review of artificial 

intelligence algorithms used for diabetic retinopathy screening. 

The study assessed both machine learning and deep learning 

models applied to retinal fundus images. Many systems 

demonstrated high sensitivity and specificity, comparable to 

expert ophthalmologists. However, the authors noted that 

performance often declines when models are applied to 

external datasets. The review emphasized the importance of 

large-scale validation, dataset diversity, and real-world testing 

to ensure consistent and reliable deployment of AI-based 

screening tools in clinical practice. 

 

Al-Omaisi Asia et al. evaluated several convolutional neural 

network architectures for diabetic retinopathy detection using 

retinal fundus images. Models such as ResNet-50, ResNet-101, 

and VGG-16 were compared after preprocessing and data 

augmentation. Among them, ResNet-101 achieved the highest 

classification accuracy. The study demonstrated the 

effectiveness of deep CNNs in capturing complex retinal 

features and highlighted the impact of architecture selection on 

performance. This work provides practical guidance for 

selecting suitable deep learning models in automated eye 

disease detection systems. 

 

Aldaiar Ramis Uulu et al. investigated deep learning techniques 

for multi-class eye disease classification using retinal images. 

The study employed EfficientNet-B3 to classify conditions 

such as diabetic retinopathy, glaucoma, cataract, and normal 

eyes. The proposed model achieved high overall accuracy with 

balanced precision and recall across all classes. The authors 

highlighted the advantages of lightweight architectures in 

reducing computational complexity while maintaining 

performance. This research demonstrates the feasibility of 
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deploying deep learning models for comprehensive eye disease 

screening in real-time clinical environments. 

 

Yining Xu reviewed recent advancements in artificial 

intelligence for retinal disease detection, focusing on both 

technical developments and clinical applications. The paper 

discussed the use of convolutional neural networks, ensemble 

learning, and explainability methods to enhance diagnostic 

accuracy. Challenges such as imaging variability, limited 

labeled data, and deployment constraints were also addressed. 

The study emphasized the importance of integrating AI systems 

into clinical workflows and improving interpretability to 

support ophthalmologists. This work provides a broad 

overview of AI’s growing role in retinal disease diagnosis. 

 

Diagnostics (2025) examined the integration of artificial 

intelligence with optical coherence tomography angiography 

for diabetic retinopathy screening. The review highlighted how 

AI-driven analysis of OCTA images improves sensitivity, 

specificity, and area under the curve compared to traditional 

methods. Advanced deep learning architectures, including 

multi-branch and ensemble models, showed superior 

performance. The paper emphasized early disease detection and 

precise vascular analysis. It concluded that combining 

advanced imaging technologies with AI has significant 

potential for improving diagnostic accuracy, provided ethical 

considerations and clinical validation are properly addressed. 

 

III.PROPOSED METHOD 
 

The proposed system presents a real-time artificial 

intelligence–based framework for eye disease detection using 

deep learning techniques, designed to support accurate and 

rapid clinical diagnosis. The system focuses on automated 

analysis of ophthalmic images, such as retinal fundus 

photographs and optical coherence tomography (OCT) scans, 

to detect common eye diseases including diabetic retinopathy, 

glaucoma, and age-related macular degeneration. The overall 

architecture is structured to ensure high diagnostic accuracy, 

low latency, and suitability for real-time clinical and 

teleophthalmology applications. 

 

The first stage of the proposed system involves image 

acquisition and preprocessing. High-resolution retinal and OCT 

images are collected from publicly available datasets and 

clinical sources. Preprocessing techniques such as noise 

reduction, contrast enhancement, image normalization, and 

resizing are applied to improve image quality and ensure 

consistency across different imaging devices. Data 

augmentation methods, including rotation, flipping, and 

scaling, are employed to address class imbalance and enhance 

model generalization. 

In the second stage, deep feature extraction and classification 

are performed using convolutional neural networks (CNNs). A 

pretrained deep learning model, such as ResNet or EfficientNet, 

is fine-tuned on the ophthalmic image dataset to extract 

discriminative spatial features. Transfer learning reduces 

training time and computational complexity while maintaining 

high performance. The extracted features are passed through 

fully connected layers followed by a softmax classifier to 

categorize images into disease-specific classes. Model 

optimization techniques, including batch normalization and 

dropout, are incorporated to prevent overfitting and improve 

robustness. 

 

To support real-time operation, the system integrates model 

optimization and efficient inference strategies. Lightweight 

network architectures, pruning, and parameter quantization are 

applied to reduce computational overhead without significantly 

affecting accuracy. These techniques enable rapid image 

processing and low-latency predictions, making the system 

suitable for deployment on clinical workstations and edge 

devices used in screening programs. 

 

A key component of the proposed system is explainability, 

which enhances transparency and clinical trust. Explainable AI 

(XAI) techniques such as Gradient-weighted Class Activation 

Mapping (Grad-CAM) are employed to visualize regions of 

interest that influence the model’s predictions. These visual 

explanations help clinicians verify automated decisions and 

understand disease-specific patterns within ophthalmic images. 

Finally, performance evaluation is conducted using standard 

metrics such as accuracy, sensitivity, specificity, precision, 

recall, F1-score, and area under the receiver operating 

characteristic curve (AUC). Experimental results demonstrate 

that the proposed system achieves high accuracy with minimal 

inference time, validating its effectiveness for real-time eye 

disease detection. The system provides reliable diagnostic 

assistance, reduces clinician workload, and enhances early 

disease screening in modern healthcare environments. 
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Figure.1.System Architecture 

Overall Workflow of the Proposed System: 

The proposed real-time AI-based eye disease detection system 

follows a well-structured workflow that integrates image 

processing, deep learning, and explainable decision support to 

deliver accurate and rapid diagnostic outcomes. The workflow 

initiates with ophthalmic image acquisition, where retinal 

fundus photographs and optical coherence tomography (OCT) 

images are collected from clinical imaging devices or 

established datasets. These images include both healthy cases 

and various eye disease conditions, forming the foundational 

input for the system. 

 

Once acquired, the images undergo preprocessing to enhance 

quality and standardize input data. This stage includes resizing 

images to a uniform resolution, eliminating noise, improving 

contrast, and normalizing pixel intensity values. Such 

preprocessing minimizes the effects of imaging inconsistencies 

and artifacts, allowing the model to focus on clinically 

significant patterns. During the training phase, data 

augmentation methods such as rotation, flipping, zooming, and 

scaling are applied to increase dataset diversity, reduce 

overfitting, and handle class imbalance effectively. 

 

The workflow then advances to deep learning–based feature 

extraction and classification. A convolutional neural network 

(CNN) architecture, optimized through transfer learning, is 

employed to automatically learn hierarchical features from the 

processed images. These learned features capture essential 

structural and textural variations related to different eye 

diseases. The extracted representations are passed to fully 

connected layers, where the system classifies the images into 

respective disease categories. 

 

To ensure real-time execution, the system incorporates model 

optimization strategies, including lightweight architecture 

selection, parameter reduction, and efficient inference 

mechanisms. These enhancements significantly lower 

computational overhead and processing time, enabling rapid 

predictions suitable for clinical and telemedicine environments. 

A crucial component of the workflow is explainable diagnosis, 

where explainable AI techniques such as Grad-CAM generate 

visual heatmaps highlighting the image regions that influence 

the model’s decisions. This transparency improves clinician 

trust and supports informed decision-making. 

 

The workflow concludes with output generation and 

performance assessment. The system provides disease 

predictions, confidence levels, and visual explanations, while 

performance is evaluated using standard metrics such as 

accuracy, sensitivity, specificity, precision, recall, and AUC, 

ensuring reliability for real-world deployment. 

  
Figure.2.Methodology workflow of the Interpretable AI-Based 

System for Bone Tumor Diagnosis 

 

The effectiveness of the proposed real-time AI-driven eye 

disease detection system is assessed through comprehensive 

performance evaluation using widely accepted statistical 

metrics. Experiments are conducted on retinal fundus and 

optical coherence tomography (OCT) image datasets 

containing both normal and pathological cases. The dataset is 

systematically divided into training, validation, and testing sets 

to ensure unbiased and reliable assessment of the model. 

 

The diagnostic capability of the system is evaluated using 

accuracy, precision, recall (sensitivity), specificity, and F1-

score, which together measure classification correctness and 

consistency. The area under the receiver operating 

characteristic curve (AUC) is employed to analyze the model’s 

ability to distinguish between different disease classes across 

varying decision thresholds. High sensitivity values 

demonstrate the system’s effectiveness in identifying diseased 

cases, while high specificity reflects its ability to minimize 

false alarms. 

 

In addition to classification metrics, the system’s real-time 

efficiency is examined by measuring inference time and 

processing latency. Results show that the optimized deep 

learning architecture enables rapid predictions without 

compromising accuracy. Furthermore, cross-validation 

experiments confirm the robustness and generalization of the 

system under diverse imaging conditions, highlighting its 
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suitability for real-time clinical deployment and 

teleophthalmology applications. 

 
Figure.3.Performance Evaluation of AI-Assisted Shoe System 

for Safe Navigation of Blind Users 

 

This equation is used to normalize retinal or eye images before 

feeding them into a deep learning model. Here, I(x,y)represents 

the original pixel intensity at location (xⓜ,y), while μand 

σdenote the mean and standard deviation of pixel values across 

the image dataset. Normalization reduces illumination 

variations, enhances contrast, and ensures numerical stability 

during training. In real-time eye disease detection systems, 

normalization improves the model’s robustness to lighting 

differences caused by various imaging devices and acquisition 

conditions, leading to faster convergence and improved 

detection accuracy. 

 

This convolution equation forms the backbone of CNN-based 

eye disease detection models. Iis the input eye image, Kis the 

convolution kernel, and F(i,j)is the resulting feature map. The 

convolution operation extracts spatial features such as blood 

vessel patterns, lesions, and texture variations critical for 

detecting diseases like diabetic retinopathy or glaucoma. In 

real-time systems, optimized convolution operations enable 

rapid feature extraction while maintaining high sensitivity to 

pathological indicators in eye images. 

 

Cross-entropy loss measures the difference between the true 

disease label y_iand the predicted probability y ̂_i. It penalizes 

incorrect predictions more strongly, guiding the model to learn 

discriminative features for accurate eye disease detection. In 

real-time AI systems, minimizing this loss ensures faster 

learning and better generalization across diverse patient data. 

This loss function is widely used in medical image 

classification tasks due to its effectiveness in handling multi-

class diagnostic problems. 

 

IV.RESULTS AND DISCUSSION 
 

The developed Real-Time AI-based Eye Disease Detection 

system was assessed using a standard ophthalmic image dataset 

containing both healthy and diseased eye images, including 

cataract, glaucoma, and diabetic retinopathy. Experimental 

results indicate that the system delivers high diagnostic 

accuracy while maintaining low processing time, thereby 

fulfilling real-time operational requirements. The 

convolutional neural network successfully captured essential 

visual features such as retinal lesions, optic disc irregularities, 

and texture patterns that are vital for identifying eye-related 

disorders. 

 

Performance evaluation revealed notable improvements in 

accuracy, precision, recall, and F1-score when compared with 

conventional machine learning methods. Image normalization 

and augmentation techniques enhanced the system’s resilience 

to variations in lighting conditions and imaging quality. 

Analysis of the confusion matrix showed reduced 

misclassification among visually similar disease categories, 

confirming the effectiveness of the learned feature 

representations. Additionally, real-time feasibility was 

validated through frame-rate analysis, demonstrating efficient 

image processing without loss of diagnostic reliability. 

 

From a practical healthcare standpoint, the proposed system 

supports early disease identification and rapid mass screening, 

particularly beneficial in rural and underserved regions. The 

automated framework decreases reliance on specialist 

availability and helps reduce diagnostic inconsistencies. 

Nonetheless, minor performance limitations were observed in 

cases involving low-quality or highly noisy images, indicating 

scope for further refinement in preprocessing strategies. 

Overall, the findings validate the effectiveness, reliability, and 

applicability of the proposed AI system for real-time eye 

disease detection in modern healthcare environments. 

 

V. FUTURE WORK 
 

Future enhancements of the Real-Time AI system for Eye 

Disease Detection will focus on improving accuracy, 

scalability, and clinical applicability. One important direction is 

the integration of larger and more diverse datasets, including 

images captured from different devices and populations, to 

improve generalization and reduce bias. Incorporating multi-

modal data such as optical coherence tomography (OCT) 

images, patient history, and clinical parameters can further 

enhance diagnostic reliability. Advanced deep learning 

architectures, including vision transformers and lightweight 

hybrid models, may be explored to improve feature extraction 

while maintaining real-time performance. 
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Another promising area is the deployment of the system on 

edge devices and mobile platforms, enabling on-site screening 

in remote and resource-limited regions. Model optimization 

techniques such as quantization and pruning can be applied to 

reduce computational complexity and power consumption. 

Additionally, explainable AI methods can be integrated to 

provide visual and textual justifications for predictions, 

increasing trust and acceptance among clinicians. Future work 

will also involve extensive clinical validation in real-world 

settings and integration with tele-ophthalmology platforms, 

ultimately contributing to accessible, efficient, and early eye 

disease diagnosis. 

 

REFERENCES 
 

1. P. Bollem, G. V. Nikitha, K. S. Sampath, N. Neelima and 

T. V. Smitha, “Real-Time Smart Phone-Enabled Eyes 

Disease Classification,” 2024 3rd International Conference 

for Advancement in Technology (ICONAT), IEEE, 2024.  

2. R. Sarki, K. Ahmed, H. Wang and Y. Zhang, “Automatic 

Detection of Diabetic Eye Disease Through Deep Learning 

Using Fundus Images: A Survey,” IEEE Access, vol. 8, pp. 

123456–123478, 2020.  

3. M. Kermany et al., “Identifying Medical Diagnoses and 

Treatable Diseases by Image-Based Deep Learning,” Cell, 

vol. 172, no. 5, pp. 1122–1131, 2018.  

4. R. Sayres et al., “Using a Deep Learning Algorithm and 

Integrated Gradients Explanation to Assist Grading for 

Diabetic Retinopathy,” Ophthalmology, vol. 126, no. 4, pp. 

552–564, 2019.  

5. J. Li et al., “Deep Learning-Based Automated Detection 

for Diabetic Retinopathy and Diabetic Macular Oedema in 

Retinal Fundus Photographs,” Eye (Lond), vol. 36, pp. 

1433–1441, 2022.  

6. R. El-Sayed M. Elkenawy et al., “Automated Retinal 

Disease Classification Using Deep Learning and AlexNet 

With Statistical Models Analysis,” PLoS ONE, vol. 21, no. 

1, 2026.  

7. “Retinopathy Online Challenge: Automatic 

Microaneurysm Detection in Digital Fundus 

Photographs,” IEEE Trans. Med. Imaging, vol. 29, no. 1, 

pp. 185–195, 2010.  

8. S. Hussein, A. Farouk and M. M. Saeid, “Intelligent 

Retinal Disease Detection Using Deep Learning,” Sci. 

Rep., vol. 15, 43282, 2025.  

9. Z. Gao et al., “End-to-End Diabetic Retinopathy Grading 

Based on Fundus Fluorescein Angiography Images Using 

Deep Learning,” Graefe’s Arch. Clin. Exp. Ophthalmol., 

vol. 260, pp. 1663–1673, 2022.  

10. Varadarajan et al., “Predicting Optical Coherence 

Tomography-Derived Diabetic Macular Edema Grades 

From Fundus Photographs Using Deep Learning,” arXiv, 

2018.  

11. V. Lakshminarayanan, H. Kherdfallah, A. Sarkar and J. J. 

Balaji, “Automated Detection and Diagnosis of Diabetic 

Retinopathy: A Comprehensive Survey,” arXiv, 2021.  

12. M. Antal and A. Hajdu, “An Ensemble-Based System for 

Automatic Screening of Diabetic Retinopathy,” arXiv, 

2014.  

13. P. Kumar and S. Nair, “Glaucoma Detection in Retinal 

Fundus Images Using Deep Learning Architectures,” Int. 

J. Comput. AI, vol. 5, no. 2, pp. 38–44, 2024.  

14. Z. Farahat et al., “Diabetic Retinopathy Screening Through 

Artificial Intelligence Algorithms: A Systematic Review,” 

Surv. Ophthalmol., vol. 69, no. 5, pp. 707–721, 2024.  

15. N. Rajalakshmi, R. Subashini, R. Anjana and V. Mohan, 

“Automated Diabetic Retinopathy Detection in 

Smartphone-Based Fundus Photography Using Artificial 

Intelligence,” Eye (Lond), vol. 32, pp. 1138–1144, 2018.  

16. Odeh, M. Alkasassbeh and M. Alauthman, “Diabetic 

Retinopathy Detection Using Ensemble Machine 

Learning,” Proc. 2021 Int. Conf. Inf. Tech. (ICIT), IEEE, 

2021.  

17. Nagi et al., “A Comparison of Two-Stage Classifier 

Algorithm With Ensemble Techniques on Detection of 

Diabetic Retinopathy,” Proc. 2021 1st Int. Conf. Artif. 

Intell. Data Analytics (CAIDA), IEEE, 2021.  

18. Z. Akhtar et al., “A Deep Learning Based Model for 

Diabetic Retinopathy Grading,” Sci. Rep., vol. 15, 3763, 

2025.  

19. Emara A-HM et al., “Early Prediction of Diabetic 

Retinopathy Using a Multimodal Deep Learning 

Framework Integrating Fundus and OCT Imaging,” Front. 

Med., 2026.  

20. Asare, I. B. Senkyire, E. Freeman, S. H. A. Aluze-Ele, and 

K. Kwao, “PerceptronCARE: Deep Learning-Based 

Intelligent Teleophthalmology Application,” arXiv, 2025.  

21. D. Le, M. Alam, C. Yao et al., “Transfer Learning for 

Automated OCTA Detection of Diabetic Retinopathy,” 

arXiv, 2019.  

22. T. Geetha and C. Hema, “Deep Learning-Based Joint 

Analysis of Diabetic Retinopathy and Glaucoma in Retinal 

Fundus Images,” Sci. Rep., 2025.  

23. Z. Farahat et al., “Deep Learning for Retina Disease 

Screening: A Meta-Analysis,” Med. Image Anal., vol. 80, 

pp. 102–115, 2025. (Note: representative survey inclusion) 

24. G. de La Torre, A. Valls and D. Puig, “A Deep Learning 

Interpretable Classifier for Diabetic Retinopathy Disease 

Grading,” Neurocomputing, vol. 396, pp. 465–476, 2020.  

25. T. Araujo et al., “DR|GRADUATE: Uncertainty-Aware 

Deep Learning-Based Diabetic Retinopathy Grading,” 

Med. Image Anal., vol. 63, 101715, 2020.  



 

 

 

© 2026 IJSRET 
7 
 

 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 

 

 
26. G. Gadekallu et al., “Deep Neural Networks to Predict 

Diabetic Retinopathy,” J. Ambient Intell. Humanized 

Comput., vol. 14, pp. 5407–5420, 2023.  

27. S. He et al., “Artificial Intelligence-Based Screening for 

Diabetic Retinopathy at Community Hospital,” Eye, vol. 

34, pp. 572–576, 2020.  

28. D. Meedeniya et al., “Glaucoma Identification With 

Retinal Fundus Images Using Deep Learning: A 

Systematic Review,” Intell. Med. Univ. J., 2025.  

29. R. Zhang, L. Zhang, L. Zhang and F. Karray, “Retinal 

Vessel Extraction by Matched Filter With First-Order 

Derivative of Gaussian,” Comput. Biol. Med., vol. 40, no. 

4, pp. 438–445, 2010.  

30. Arias-Serrano et al., “Artificial Intelligence Based 

Glaucoma and Diabetic Retinopathy Detection Using 

MATLAB-Retrained AlexNet CNN,” F1000Research, 

2024 

 


