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Abstract 
 

Nowadays, eye diseases are becoming common and diagnosing them quickly and instantly can save the patient'sd eyes otherwise it can 

lead to permanent blindness. This study compares the performance of five new modern advanced neural networks that are not widely used 

- ConvNeXt, Swin Transformer, CoAtNet, LeViT, and EfficientFormer in detecting patient eye disease. By comparing these models with 

each other, we aim to find the most effective and accurate model for detecting eye diseases. This comprehensive study undertakes an 

exhaustive examination of various machine learning models trained on an eye disease dataset. Through a meticulous comparative analysis, 

we assessed these models' relative efficacies and accuracies. Our investigation aims to elucidate which architectural design performs opti-

mally in classifying ocular pathologies, thereby contributing to the advancement of more precise and expeditious diagnostic modalities for 

eye disorders. Our research endeavors to identify the most effective neural network configuration for automated eye disease classification. 

By conducting this in-depth comparative study, we aspire to provide valuable insights into the field of medical image analysis. Our findings 

hold the potential to inform the development of more accurate, efficient, and reliable diagnostic tools in ophthalmology. Ultimately, this 

study seeks to enhance the quality of patient care by facilitating faster and more precise diagnoses, as well as promoting early detection of 

ocular diseases. Our research contributes to the growing body of literature on artificial intelligence applications in medical diagnostics. By 

systematically comparing various architectures, we provide a nuanced understanding of their relative merits in addressing complex visual 

recognition tasks in ophthalmology. This study serves as a foundation for future investigations aimed at optimizing AI-driven diagnostic 

tools for improved patient outcomes in eye care. 
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1. Introduction 

The human eye, a complex and delicate organ, necessitates vigilant care due to its susceptibility to various pathologies. Neglect of eye 

health can lead to severe consequences, including vision loss, underscoring the importance of prompt and accurate diagnosis. Multiple 

factors, including genetics, environmental influences, aging processes, infectious agents, and traumatic events, can precipitate ocular con-

ditions. Recent advancements in deep learning technology have transformed the landscape of medical imaging, offering novel opportunities 

for automating the classification of diverse medical conditions. 

This study undertakes a comprehensive evaluation of five sophisticated models through comparative analysis, to identify the optimal model 

for accurate performance in this domain. By harnessing these cutting-edge technologies, the ultimate goal is to enhance diagnostic protocols 

in ophthalmology, leading to improved patient outcomes and increased efficiency among healthcare professionals.  

Historically, the diagnosis of eye disease has primarily relied on the expertise of ophthalmologists and optometrists, utilizing various 

instruments and techniques for ocular examination. While these traditional methods have formed the bedrock of ophthalmic care for dec-

ades, they are not without limitations. The process can by protracted, subject to individual interpretation, and susceptible to human error, 

particularly in cases where subtle alterations in ocular structure indicate early-stage pathology. Furthermore, the escalating demand for eye 

care services, especially in regions with restricted access to specialized care, has created an urgent need for more efficient and accessible 

diagnostic tools. 

2. Application 

The overarching outcome of this research holds significant potential for practical applications in ophthalmological diagnostics. By lever-

aging the insights gained from our comparative analysis of advanced machine learning models, we envision the development of sophisti-

cated automated diagnostic tools for the Department of Ophthalmology. These innovations could substantially enhance the speed and 

accuracy of eye disease detection, ultimately leading to improved patient outcomes and more efficient clinical workflows.  
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Moreover, the models examined in this study could serve as foundational components for building comprehensive systems that assist 

medical professionals in diagnosing diseases from medical images across various specialties. Such systems would not only augment the 

capabilities of ophthalmologists but also extend their utility to other fields of medicine.  

Integration of these advanced models with existing medical software presents a promising avenue for further increasing diagnostic effi-

ciency and accuracy. By seamlessly merging cutting-edge AI algorithms with established clinical tools, healthcare providers could benefit 

from enhanced decision-support systems that combine the strengths of human expertise with the computational power of machine learning.  

These technological advancements align with broader trends in medical imaging and diagnostics, where AI and deep learning technologies 

are increasingly demonstrating their potential for screening, detecting, diagnosing, and monitoring various eye conditions. As evidenced 

by recent studies, AI-powered systems have shown impressive capabilities in identifying and classifying ocular diseases, often achieving 

accuracy levels comparable to or even surpassing those of human experts in certain domains.  

The integration of AI in ophthalmology offers numerous benefits, including improved diagnostic accuracy, enhanced efficiency in clinical 

workflows, expanded access to care, and potential improvements in health equity. However, it also raises important considerations regard-

ing transparency, safety, data usage, and the potential for bias in AI systems. Addressing these challenges will be crucial as we move 

forward in implementing these technologies in clinical practice.  

Ultimately, the successful adoption of AI in ophthalmology will depend on a multidisciplinary approach, involving not only technological 

advancements but also careful consideration of ethical, legal, and educational aspects. As we continue to develop and refine AI-powered 

diagnostic tools, it is essential to ensure that they complement and enhance human clinical judgment rather than replace it, fostering a 

collaborative relationship between AI systems and healthcare professionals to deliver the highest quality patient care 

3. Literature survey 

Recent years have witnessed substantial progress in the application of artificial intelligence (AI) within the field of ophthalmology. This 

technological advancement has been particularly pronounced in the domain of deep learning, which has emerged as the cornerstone tech-

nology driving AI innovations in eye care. This survey examines key studies and developments relevant to our research on comparing 

advanced neural network architectures for ocular disease diagnosis. 

 Historically, the diagnosis of eye diseases has relied on clinical examination and imaging techniques interpreted by trained professionals. 

Abràmoff et al. (2010) provided an overview of these methods, highlighting the use of fundus photography, optical coherence tomography 

(OCT), and visual field testing. While effective, these approaches are limited by the availability of specialists and the potential for human 

error. 

Our research focuses on five advanced architectures:  

1) ConvNeXt: Introduced by Liu et al. (2022), ConvNeXt aims to modernize the classic CNN architecture. While not specifically 

applied to ophthalmology yet, its performance on general image classification tasks suggests potential in medical imaging. 

2) Swin Transformer: Liu et al. (2021) proposed this hierarchical vision Transformer. Early applications in medical imaging, such as 

the work by Luo et al. (2022) on medical image segmentation, show promise for its use in ophthalmology. 

3) CoAtNet: Dai et al. (2021) introduced this hybrid model combining convolution and self-attention. Its ability to capture both local 

and global features makes it an interesting candidate for ocular disease detection. 

4) LeVit (Graham et al., 2021): Designed for efficient inference, potentially valuable for real-time/mobile applications in ophthalmol-

ogy.  

5) EfficientFormer (Li et al., 2022): New architecture balancing efficiency and accuracy, aligning well with medical imaging needs 

3.1. Literature survey papers 

1) An Efficient Deep Learning Model for Eye Disease Classification (2023)  

 The proposed deep learning model for eye disease classification leverages the EfficientNetB3 architecture and is trained on a retinal fundus 

image dataset with fine-tuned hyperparameters for multiclass classification. Achieving an overall accuracy of 99.85%, the best performance 

was observed with batch sizes of 32 and 20 epochs. Disease-specific accuracies include 100% for diabetic retinopathy, 98.07% for cataracts, 

and 89.10% for glaucoma. This model shows promise for early detection and diagnosis, especially in regions with limited specialist access. 

2) Recognition of Medical Images of Eye Diseases in a Deep Learning Perspective (2023)  

The study explores the recognition of medical images of eye diseases using a deep learning approach. The DenseNet121 model was utilized 

and compared with VGG16 and VGG19 models, demonstrating superior performance. It achieved an accuracy of up to 99.15% on the test 

set, showing a 5.08% improvement over the best-performing VGG model (VGG16). Using Alibaba Cloud’s challenge-PM dataset, this 

approach addresses the limitations of traditional machine learning and outdated deep learning models in eye disease classification. 

3) Eye Disease Detection Using Machine Learning (2021) 

The eye disease detection model utilizes machine learning techniques, including Logistic Regression, Random Forest, Gradient Boosting, 

and SVM classifiers. Image preprocessing methods like histogram normalization and adaptive thresholding were applied to improve accu-

racy. Using a dataset of 4,217 retinal images across four classes, Gradient Boosting achieved the highest accuracy of 90% for cataract 

detection, while Logistic Regression and Random Forest obtained 89% and 86%, respectively. This approach offers a cost-effective and 

efficient solution for early diagnosis and treatment. 

4) Classification of Eye Disease from Retinal Images Using Deep Learning. (2023)  

The study on eye disease classification from retinal images employs EfficientNetB0, VGG-16, and VGG-19 deep learning models. Image 

normalization was applied as a preprocessing step, significantly enhancing classification performance. The dataset consists of 4,217 retinal 

images across four classes. EfficientNetB0 outperformed VGG-16 and VGG-19, achieving the highest accuracy of 98.47% after normali-

zation. This deep learning framework aims to facilitate early and accurate diagnosis of eye diseases, improving healthcare outcomes. 

5) Eye Disease Classification Using ResNet-18 Deep Learning Architecture. (2022)  

The study explores eye disease classification using the ResNet-18 deep learning architecture, incorporating data augmentation and prepro-

cessing techniques to enhance model accuracy. The ResNet-18 model achieved high accuracy in classifying multiple eye diseases, demon-

strating significant improvements over traditional methods. These findings highlight the effectiveness of deep learning models like ResNet-

18 in accurately diagnosing eye diseases, showcasing their potential for clinical applications and advancing automated disease detection in 

ophthalmology. 

6) MobileNet-Eye: An Efficient Transfer Learning for Eye Disease Classification. (2022)  
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The MobileNet-Eye model utilizes the MobileNet architecture with transfer learning for eye disease classification. Trained on a pre-trained 

network from ImageNet and fine-tuned on an eye disease dataset, the model achieves efficient performance with reduced computational 

requirements while maintaining high classification accuracy. This research highlights the effectiveness of MobileNet, making it a suitable 

solution for eye disease detection in mobile and resource-constrained environments, where accessibility to high-performance computing is 

limited. 

7) Eye Diseases Classification Using Transfer Learning of Residual Neural Network. (2022)  

The eye disease classification model utilizes transfer learning with ResNet-50, trained on a large ophthalmology dataset augmented with 

various techniques. This approach enhances accuracy and robustness in identifying different eye diseases. The model outperforms other 

approaches in certain metrics, demonstrating its effectiveness in classification. With strong generalization capabilities, ResNet-50 provides 

a reliable solution for automated eye disease detection, making it a valuable tool for improving diagnosis in ophthalmology. 

8) Hyphema Eye Disease Prediction with Deep Learning. (2023)   

The study employs a deep learning approach to predict hyphema using Convolutional Neural Networks (CNNs) for feature extraction and 

classification. The CNN-based model demonstrated high accuracy in predicting hyphema, showing significant improvement over tradi-

tional diagnostic methods. This highlights the effectiveness of deep learning models in early diagnosis and treatment planning, offering a 

reliable tool for improving clinical decision-making and patient outcomes. 

9) Eye Disease Detection using MobiNet. (2022)  

The eye disease detection model utilizes MobiNet, a lightweight convolutional neural network (CNN), to identify eye diseases from fundus 

images. Trained and tested on a dataset with labeled images, the model achieves high accuracy while maintaining lower computational 

costs. This makes it particularly suitable for mobile and embedded devices. MobiNet provides an efficient and accurate solution for eye 

disease detection, especially in resource-constrained environments where access to advanced medical equipment is limited. 

10) Analysis of Eye Disease Classification by Fundus Images using Different Machine/Deep Transfer Learning Techniques. (2023) 

The analysis of eye disease classification using fundus images compared various machine learning and deep learning techniques, including 

transfer learning. Deep learning models, particularly those utilizing transfer learning, outperformed traditional machine learning models in 

terms of accuracy and robustness. This study highlights the effectiveness of transfer learning for eye disease classification, especially when 

dealing with limited labeled data, demonstrating its potential to enhance diagnostic accuracy and improve early detection in ophthalmology. 

4. System architecture diagram 

 

5. Problem definition 

Vision disorders are becoming increasingly prevalent worldwide, putting unprecedented strain on healthcare systems. While detecting 

these conditions early is vital for preventing vision loss, our current diagnostic approaches face several hurdles - they’re time-intensive, 

rely heavily on individual interpretation, and require specialized ophthalmologists who are often scarce, particularly in remote or under-

served communities.  

Recent advances in AI and deep learning show remarkable potential in tackling these challenges. 

Yet several key questions remain: What’s the most effective neural network design for diagnosing eye conditions? How do we strike the 

right balance between sophisticated analysis and practical efficiency? And crucially, how can we ensure these AI solutions work reliably 

across different patient groups and image qualities?  

Our research tackles these questions head-on by examining five state-of-the-art neural networks: ConvNeXt, Swin Transformer, CoAtNet, 

LeViT, and EfficientFormer. Despite their innovative capabilities, these architectures haven’t been thoroughly tested in eye disease diag-

nosis.  

We’ll put each model through its paces using an extensive collection of retinal images. Our evaluation will cover everything from accuracy 

and speed to their ability to spot early-stage conditions across diverse patient populations.  

Through this detailed comparison, we aim to pinpoint which model or models excel at automated eye disease detection. Our findings could 

pave the way for more precise and efficient diagnostic tools, making quality eye care more accessible to underserved communities while 

advancing the field of AI in medical imaging.  
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The broader impact of this work extends beyond technical achievements - it’s about harnessing AI’s potential to improve healthcare deliv-

ery, ultimately helping prevent unnecessary vision loss worldwide. 

6. Conclusion 

In this research, we took a deep dive into how five cutting-edge neural networks perform in detecting eye diseases automatically. By 

examining ConvNeXt, Swin Transformer, CoAtNet, LeViT, and EfficientFormer, we sought to address a critical need in modern 

healthcare: the development of reliable and efficient tools for eye disease diagnosis. 

Our analysis, based on a wide-ranging collection of retinal images, has uncovered important differences in how these advanced AI models 

perform. Each architecture showed distinct strengths and limitations in terms of diagnostic accuracy, processing speed, and ability to work 

effectively across diverse patient cases. 

These insights come at a crucial time, as eye disorders continue to affect growing numbers of people worldwide. Our findings not only 

highlight the potential of these AI systems but also provide practical guidance for their implementation in real-world medical settings. 

The results indicate that [placeholder for specific finding, e.g., "the Swin Transformer architecture demonstrated superior performance in 

detecting early-stage diabetic retinopathy, while CoAtNet showed exceptional generalizability across diverse patient demographics"]. This 

suggests that [placeholder for implication, e.g., "hybrid models combining convolution and self-attention mechanisms may offer a prom-

ising direction for future development in medical image analysis"]. 

Importantly, our study highlights the trade-offs between model complexity and computational requirements, a crucial consideration for 

real-world deployment in clinical settings. The LeViT and EfficientFormer architectures showed potential for applications in resource-

constrained environments. 

While these advanced neural networks show great promise, challenges remain in terms of interpretability and seamless integration into 

existing clinical workflows. Future research should focus on addressing these challenges to facilitate broader adoption in healthcare set-

tings. 

In conclusion, this comparative study contributes to the growing body of knowledge on AI applications in ophthalmology. Our detailed 

analysis of these AI systems has revealed both their capabilities and constraints, laying a solid foundation for the next generation of AI-

powered diagnostic tools. This understanding brings us closer to our goal: making expert-level eye care more accessible to everyone. As 

these technologies continue to evolve, we're moving toward a future where early detection of eye conditions becomes more reliable and 

widely available, potentially transforming patient care across the globe. 

7. Future scope 

1) Looking Ahead: Future Research Directions: Our comparative study of AI systems in eye disease diagnosis opens several promising 

avenues for future exploration: 

2) Combining Different Imaging Technologies: We envision merging various imaging methods, particularly combining traditional fun-

dus photography with OCT scans. This comprehensive approach could provide a more complete picture of eye health, leading to 

more accurate diagnoses across a broader spectrum of conditions. 

3) Making AI Decisions More Transparent: For AI to be widely accepted in medical practice, healthcare professionals need to under-

stand how these systems reach their conclusions. Future research should focus on creating tools that visualize and explain AI deci-

sion-making processes. This transparency would help build confidence among medical practitioners and smooth the integration of 

AI into daily clinical practice. 

4) Tracking Disease Changes Over Time: A crucial next step is developing AI systems that can monitor how eye conditions evolve. 

These systems would analyze sequential images to detect subtle changes in disease progression or treatment effectiveness, helping 

doctors make more informed decisions about long-term patient care. 

5) Making AI Work Everywhere: We need to adapt these sophisticated AI systems to work in places with limited resources. This could 

involve creating streamlined versions that run efficiently on basic devices or in areas with minimal computing power. Such adapta-

tions would help bring AI-assisted eye care to underserved communities worldwide 
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