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ABSTRACT—

Retinal diseases, including Diabetic Retinopathy, Glaucoma, Diabetic Macular Edema, and Cataract, are among the leading causes of vision impairment and
blindness worldwide. Early diagnosis is essential for preventing irreversible vision loss and improving patient outcomes. Recent advancements in Artificial
Intelligence (Al) and Deep Learning (DL) have enabled the development of automated retinal disease detection systems that assist ophthalmologists in accurate
and timely diagnosis. This survey paper presents a comprehensive review of recent Al-driven approaches for retinal disease detection using retinal fundus and
Optical Coherence Tomography (OCT) images. It examines various Deep Learning techniques, including Convo-lutional Neural Networks (CNNs), Transfer
Learning models, Vision Transformers (ViTs), EfficientNet, ResNet50, and hybrid architectures employed for retinal image analysis and disease classification. The
survey also analyzes image preprocessing techniques, feature extraction methods, and classification strate-gies that enhance the performance of automated retinal
disease detection systems. A comparative analysis of existing studies is presented to evaluate their methodologies, major contributions, and limitations. Furthermore,
the survey identifies key research gaps, including high computational complexity, limited multi-disease classification, and challenges associated with image qual-
ity variations. Based on these findings, the paper highlights the need for efficient and robust Deep Learning frameworks capable of accurately detecting multiple
retinal diseases while supporting reliable clinical decision-making and improving accessibility to automated eye disease screening.

Index Terms—Retinal Disease Detection, Artificial Intelligence, Deep Learning, Convolutional Neural Networks (CNN), Transfer Learning, Vision
Transformer (ViT), Fundus Images, Optical Coherence Tomography (OCT), Medical Image Analysis.

I. INTRODUCTION

Retinal diseases are among the leading causes of vision impairment and blindness worldwide, affecting millions of people each year. Diseases such as
Diabetic Retinopathy (DR), Glaucoma, Diabetic Macular Edema (DME), and Cataract often develop gradually and may not exhibit noticeable symp-
toms during their early stages. Delayed diagnosis can lead to irreversible vision loss, making early detection and timely treatment essential for preserving
eyesight and improving patients’ quality of life.

Conventional retinal disease diagnosis relies on the manual examination of retinal fundus images by experienced oph-thalmologists. Although this
approach is effective, it is time-consuming, labor-intensive, and may not always be acces-sible in rural or underserved regions where specialized eye care
facilities are limited. The increasing number of patients requiring retinal screening has created a growing demand for automated and reliable diagnostic
systems that can assist healthcare professionals in early disease identification.

Recent advancements in Artificial Intelligence (Al) and Deep Learning (DL) have significantly improved the field of medical image analysis. Deep
Learning models, particularly Convolutional Neural Networks (CNNs), have demonstrated remarkable capability in automatically extracting meaningful
features from retinal images and accurately classifying retinal diseases. Furthermore, Transfer Learning techniques using pre-trained models such as
ResNet50, MobileNetV2, EfficientNet,

and Vision Transformers (ViTs) have enhanced classification performance while reducing training time and computational requirements. These
technologies have enabled the develop-ment of intelligent computer-aided diagnosis systems that support ophthalmologists in detecting retinal
abnormalities with improved accuracy and efficiency.

Numerous research studies have proposed Al-based frame-works for retinal disease detection using retinal fundus images and Optical Coherence
Tomography (OCT) images. These studies have explored various image preprocessing techniques, feature extraction methods, deep learning architectures,
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and hybrid models to improve disease classification performance. Despite these advancements, existing systems still face chal-lenges such as high
computational complexity, dependence on large annotated datasets, variations in retinal image quality, and limited capability to detect multiple retinal
diseases si-multaneously.

This survey paper presents a comprehensive review of recent research on Al and Deep Learning techniques for retinal disease detection. It analyzes the
methodologies, contributions, and limitations of existing studies, provides a comparative analysis of different approaches, identifies the current research
gaps, and highlights the need for efficient, accurate, and robust Deep Learning-based systems capable of supporting early diagnosis and improving clinical
decision-making in ophthalmology.

2. Literature Survey

Artificial Intelligence (Al) and Deep Learning (DL) have emerged as powerful technologies for automated retinal dis-ease detection and classification.
Retinal diseases such as Dia-betic Retinopathy (DR), Glaucoma, Cataract, Diabetic Macular Edema (DME), and Age-related Macular Degeneration
(AMD) are among the major causes of vision impairment worldwide. Early diagnosis of these diseases is essential for preventing irreversible vision loss.
Recent research has focused on devel-oping intelligent computer-aided diagnosis systems capable of analyzing retinal fundus and Optical Coherence
Tomography (OCT) images with high accuracy and reduced dependence on manual interpretation by ophthalmologists.

Convolutional Neural Networks (CNNs) have become the most widely adopted deep learning models for retinal dis-ease detection. CNNs automatically
extract hierarchical image features, enabling efficient identification of retinal abnor-malities without manual feature engineering. Several studies have
demonstrated that CNN-based architectures achieve su-perior classification accuracy compared to traditional machine learning approaches. Image
preprocessing techniques such as contrast enhancement, noise removal, normalization, resizing, and data augmentation have further improved the
robustness and generalization capability of these models.

Transfer Learning has also gained significant attention in retinal image analysis. Researchers have utilized pre-trained deep learning models such as
ResNet50, VGG16, DenseNet, EfficientNet, InceptionV3, and MobileNetV2 to reduce train-ing time while achieving high classification performance.

These models leverage knowledge learned from large-scale image datasets and adapt it to retinal disease classification with relatively smaller medical
datasets. Transfer Learning has proven particularly effective in improving diagnostic accuracy where annotated retinal images are limited.

Recent studies have explored Vision Transformer (ViT) architectures for retinal disease detection. Unlike CNNs, Vi-sion Transformers capture long-
range dependencies and global contextual information within retinal images. These models have shown promising results in multi-label retinal disease
classification, especially for identifying multiple abnormalities present in a single retinal image. However, Vision Trans-former models generally require
large datasets and higher computational resources, limiting their practical deployment in resource-constrained healthcare settings.

Researchers have also investigated lightweight deep learn-ing architectures designed for mobile and edge devices. Lightweight CNNs and compressed
neural networks reduce computational complexity while maintaining competitive clas-sification performance. These models facilitate the develop-ment
of portable retinal screening systems that can be de-ployed in rural clinics and remote healthcare centers where computational resources are limited.

Another important research direction involves hybrid deep learning models that combine multiple feature extraction tech-niques and classification
algorithms. Hybrid architectures inte-grating CNNs with attention mechanisms, wavelet transforms, sparse coding, and ensemble learning have
demonstrated im-proved feature representation and enhanced disease classifi-cation accuracy. These approaches effectively capture both local texture
information and global structural characteristics of retinal images.

Several studies have focused on automated retinal image segmentation before disease classification. Segmentation tech-niques accurately isolate
important retinal structures such as blood vessels, optic discs, optic cups, and macular regions. Accurate segmentation enables more reliable feature
extraction and improves the detection of diseases such as glaucoma and diabetic retinopathy. U-Net and its variants remain the most commonly used deep
learning architectures for retinal image segmentation due to their excellent localization capability.

Optical Coherence Tomography (OCT) image analysis has become another active area of research. OCT provides cross-sectional retinal images that
reveal microscopic structural changes associated with retinal diseases. Deep learning models trained on OCT images have achieved remarkable
performance in detecting macular degeneration, diabetic macular edema, and other retinal abnormalities. Transformer-based OCT clas-sification models
have further improved disease detection by learning complex spatial relationships within retinal layers.

Recent research has also investigated multi-label retinal disease classification systems capable of detecting multiple retinal disorders simultaneously.
Unlike conventional single-disease classifiers, these systems improve clinical efficiency by identifying several retinal abnormalities within a single
screen-ing session. Multi-expert learning frameworks and attention-based deep learning architectures have demonstrated improved performance for
complex retinal disease classification tasks.

Despite these significant advancements, several challenges remain. Most existing models require large annotated datasets and extensive computational
resources. Variations in retinal image quality due to poor illumination, noise, camera dif-ferences, and patient movement continue to affect model
performance. Furthermore, many studies concentrate on a single retinal disease rather than developing generalized multi-disease detection frameworks.
Model interpretability also re-mains a challenge, limiting clinicians’ confidence in Al-assisted diagnosis.
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Overall, the reviewed literature demonstrates that Artificial Intelligence and Deep Learning have substantially improved retinal disease detection through
automated image analysis. CNNSs, Transfer Learning, Vision Transformers, lightweight neural networks, hybrid models, and OCT-based diagnostic
systems have all contributed to enhanced screening accu-racy. Nevertheless, there remains a need for efficient, robust, computationally lightweight, and
clinically interpretable deep learning frameworks capable of accurately detecting multiple retinal diseases across diverse healthcare environments.

3. Comparative Analysis

The comparative analysis indicates that Deep Learning techniques have significantly improved the performance of automated retinal disease detection.
Convolutional Neural Net-works (CNNs), Transfer Learning models, and Vision Trans-formers (ViTs) have demonstrated high classification accuracy
by effectively extracting complex retinal image features. These approaches have reduced the dependence on manual diagnosis and enhanced the efficiency
of retinal disease screening.

Several studies have also employed hybrid architectures by combining CNNs with attention mechanisms, wavelet trans-forms, and ensemble learning
techniques to improve feature representation and classification performance. In addition, lightweight deep learning models have been developed to reduce
computational complexity and support deployment on mobile and resource-constrained healthcare devices.

Despite these advancements, many existing methods require large annotated datasets and high computational resources. Most models are designed to
detect only a single retinal disease and are evaluated using controlled datasets, which limits their applicability in real-world clinical environments.
Therefore, future research should focus on developing effi-cient, scalable, and interpretable Al-based systems capable of accurately detecting multiple
retinal diseases under diverse imaging conditions.

The comparative analysis indicates that Deep Learning techniques have significantly improved the accuracy and ef-ficiency of retinal disease detection.
CNNs, Transfer Learning models, Vision Transformers, and hybrid architectures have demonstrated promising performance in retinal image classifi-
cation and automated diagnosis. However, several challenges remain, including high computational complexity, dependence on large annotated datasets,
image quality variations, and limited capability to detect multiple retinal diseases simulta-neously. These limitations highlight the need for robust and
computationally efficient deep learning frameworks capable of providing accurate multi-disease retinal classification while supporting real-world clinical
applications.

4. Research Gap

The literature survey indicates that Artificial Intelligence (Al) and Deep Learning (DL) have significantly advanced the field of retinal disease detection
through automated anal-ysis of retinal fundus and Optical Coherence Tomography (OCT) images. Existing studies have successfully employed
Convolutional Neural Networks (CNNs), Transfer Learning models, Vision Transformers (ViTs), EfficientNet, and hybrid deep learning architectures to
improve the detection and clas-sification of retinal diseases such as Diabetic Retinopathy, Glaucoma, Cataract, and Diabetic Macular Edema. These
approaches have demonstrated high diagnostic accuracy and have reduced the dependence on manual examination by ophthalmologists.

Despite these advancements, several research challenges remain. Many existing models are designed to detect only a single retinal disease, limiting their
applicability in real-world clinical settings where patients may exhibit multiple retinal abnormalities. Many existing models are designed to detect only a
single retinal disease, limiting their applicability in real-world clinical settings where patients may exhibit multiple retinal abnormalities Several deep
learning models also require large annotated datasets and high computational resources, making their deployment difficult in resource-constrained
healthcare environments. In addition, variations in retinal image quality caused by illumination, noise, and imaging conditions can significantly affect
model performance and diagnostic reliability.

Another important limitation is the limited availability of lightweight and scalable deep learning frameworks that can provide accurate multi-disease
classification while maintain-ing computational efficiency. Although Transfer Learning and Vision Transformer-based approaches have shown promising
results, further improvements are required to achieve robust performance across diverse datasets and clinical environments. Moreover, many existing
systems provide limited interpretabil-ity, making it difficult for healthcare professionals to under-stand the reasoning behind Al-generated predictions.

To address these research gaps, there is a need for an efficient Al-based retinal disease detection framework capable of accurately identifying multiple
retinal diseases from retinal fundus images. The integration of advanced image preprocess-ing techniques, deep learning models, and transfer learning
can improve diagnostic accuracy while reducing computa-tional complexity. Such an intelligent and reliable automated screening system can assist
ophthalmologists in early disease detection, enhance clinical decision-making, and improve ac-cessibility to quality eye care, particularly in regions with
limited medical resources.
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TABLE |

Comparative Analysis of Existing Literature

Ref. | Year | Technology / Method Key Contribution Limitation
[1] 2025 | Vision Transformer (ViT) Improved multi-label retinal dis-ease High computational complexity
classification
[2] 2022 | Transfer Learning + Deep Accurate cataract detection Limited to cataract detection
CNN
[3] 2025 | Lightweight CNN Reduced computational cost withgood Limited feature representation
accuracy
[4] 2025 | Wavelet + CNN Improved retinal feature extraction Complex model architecture
[5] 2024 | Deep CNN Automated retinal disease screening Requires large training datasets
[6] 2024 | CNN + EfficientNet Enhanced feature extraction and High computational requirements
classification
[7] 2024 | Deep Learning for Biomarker Improved anomaly localization and Limited disease categories
interpretabilit
Localization P y
[8] 2024 | Vision Transformer Better multi-label disease classification | Requires extensive training data
[9] 2023 | Lightweight CNN Efficient retinal disease detection Reduced performance on complex
images
[10] | 2023 | CNN-based Deep Learning Comprehensive review of Al Review study without implementation
techniques
[11] | 2022 | Multi-Expert Deep Learning Improved classification accuracy Increased model complexity
[12] | 2022 | Mobile Deep Learning Smartphone-based retinal disease Mobile hardware limitations
screening
[13] | 2022 | Representation Learning Improved retinal feature extraction Depends on dataset quality
[14] | 2022 | Sparse Coding + Deep Accurate retinal anomaly detection High computational cost
Learning
[15] | 2022 | CycleGAN + CNN Enhanced retinal pathology detection Complex training process
[16] | 2022 | Deep Learning for Macular Improved disease grading accuracy Focused only on macular diseases
Disease
[17] | 2022 | Wavelet Scattering Network Robust OCT abnormality detection Limited dataset availability
[18] | 2022 | Multi-task Learning Accurate retinal structure segmentation | High model complexity
[19] | 2022 | CNN + Transfer Learning Comprehensive analysis of Deep Survey paper without experimental
Review Learning methods validation
[20] | 2025 | Transformer-based OCT-Trans | High retinal disease classification Computationally intensive
accuracy
5. Conclusion

Retinal diseases are among the leading causes of vision impairment and blindness, making early diagnosis essential for effective treatment and prevention
of irreversible vision loss. This survey reviewed recent advancements in Artificial Intelli-gence (Al) and Deep Learning (DL) techniques for automated
retinal disease detection. Various studies have demonstrated the effectiveness of Convolutional Neural Networks (CNNs), Transfer Learning models,
Vision Transformers (ViTs), Effi-cientNet, and other deep learning architectures in analyzing retinal fundus and Optical Coherence Tomography (OCT)
images for accurate disease classification.
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The literature survey indicates that Al-based approaches have significantly improved the accuracy, efficiency, and re-liability of retinal disease diagnosis.
Image preprocessing techniques, feature extraction methods, and transfer learning strategies have further enhanced the performance of automated
screening systems while reducing the dependency on manual examination by ophthalmologists. These intelligent diagnostic systems have the potential
to support early detection of retinal diseases, reduce diagnostic workload, and improve healthcare accessibility, particularly in regions with limited access
to specialized eye care.

Despite these advancements, existing studies still face several challenges, including high computational complexity, dependence on large annotated
datasets, variations in reti-nal image quality, and limited capability to detect multiple retinal diseases within a single framework. Addressing these
limitations requires the development of efficient, robust, and scalable deep learning models capable of providing accurate multi-disease classification
while maintaining computational efficiency and reliability.

Overall, the survey highlights the significant role of Arti-ficial Intelligence and Deep Learning in transforming retinal disease diagnosis. Future research
should focus on developing lightweight, explainable, and highly accurate Al-based systems that can support ophthalmologists in clinical decision-making,
facilitate early disease detection, and contribute to improved eye healthcare and better patient outcomes.
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