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Abstract: Recent advancements in ocular disease recognition leverage deep learning techniques to 

enhance diagnostic accuracy and accessibility. Convolutional neural networks (CNNs), particularly 

architectures like VGG-16, VGG-19, and ResNet, have proven effective in identifying conditions such as 

diabetic retinopathy, cataracts, glaucoma, and corneal diseases using datasets like ODIR and OCT. Studies 

report high accuracy, such as 97.16% in retinal disease detection with a pruned VGG-16 and 84% with a 

ResNet-based model for glaucoma detection. Hybrid approaches combining CNNs with traditional 

classifiers like random forests have improved interpretability and performance. Mobile and lightweight 

models have further expanded access to diagnostics in resource-constrained environments. Despite these 

achievements, challenges like data imbalance, overfitting, and computational inefficiencies persist, 

addressed through techniques such as transfer learning, advanced loss functions, and hierarchical multi-

task networks. Vulnerabilities to adversarial attacks and limited generalization capabilities also underscore 

the need for robust and secure AI models. This survey emphasizes the potential of AI-driven ocular 

diagnostics to revolutionize early disease detection and management, while highlighting the need for 

diverse datasets, efficient architectures, and scalable solutions to ensure broader clinical applicability and 

improved patient care. 
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I. INTRODUCTION 

Ocular diseases, encompassing conditions such as diabetic retinopathy, cataracts, glaucoma, and corneal disorders, pose 

a significant global health challenge. Vision impairments resulting from these conditions affect millions, with a 

substantial proportion stemming from preventable or treatable causes. Early diagnosis is crucial for effective 

management, yet the process often relies on manual interpretation of medical images, which is time-consuming, 

resource-intensive, and heavily dependent on specialized expertise. These limitations are especially pronounced in 

remote and underserved areas where access to ophthalmologists and advanced diagnostic tools is limited. In recent 

years, the integration of artificial intelligence (AI) and deep learning (DL) in ocular diagnostics has emerged as a 

transformative approach to addressing these gaps, providing opportunities for early detection and effective disease 

management. 

Deep learning, particularly through the use of convolutional neural networks (CNNs), has revolutionized medical 

imaging and diagnostics. CNNs excel in analyzing complex image data by learning hierarchical features, making them 

particularly effective for ocular disease classification. By leveraging large datasets such as the Ocular Disease 

Intelligent Recognition (ODIR) and optical coherence tomography (OCT) images, CNNs have demonstrated 

remarkable accuracy in detecting retinal abnormalities, classifying diabetic retinopathy stages, and identifying cataracts. 

Models like VGG-16, VGG-19, and ResNet have become integral to these advancements, offering robust solutions for 

image analysis and disease classification. These deep learning models have not only improved diagnostic precision but 
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also reduced the reliance on subjective human interpretation, paving the way for standardized and automated healthcare 

solutions. 

Despite these advancements, the development of automated ocular diagnostic systems is not without challenges. One 

critical issue is the imbalance in available datasets. Most publicly accessible datasets have a skewed representation of 

disease classes, leading to biased model predictions. This data imbalance often results in reduced generalizability of the 

trained models to real-world scenarios. Various techniques, including data augmentation and the creation of synthetic 

samples, have been applied to address this issue, but these methods often fail to replicate the diversity and complexity 

of natural data. Consequently, the availability of balanced and comprehensive datasets remains a pressing need in the 

field.  

Another significant challenge is overfitting, particularly when training models on small or homogeneous datasets. 

Overfitting leads to models that perform well on training data but fail to generalize to unseen data, limiting their clinical 

utility. To mitigate this, researchers have employed strategies such as dropout layers, transfer learning, and 

regularization techniques. Transfer learning, in particular, has proven to be a valuable approach, allowing models pre-

trained on large, general-purpose datasets to be fine-tuned for specific ocular disease detection tasks. This not only 

reduces training time but also enhances model performance, making it a practical solution for settings with limited data 

availability. 

Computational inefficiency further complicates the deployment of deep learning models in resource-constrained 

environments. The training and inference processes for large neural networks require substantial computational 

resources, which may not be accessible in rural or low-income regions. To address this, researchers have developed 

lightweight and mobile-optimized models that can be deployed on portable devices like smartphones. These 

advancements have facilitated the development of accessible diagnostic tools that bring high-quality ocular healthcare 

to underserved populations, demonstrating the potential of AI to bridge healthcare disparities. 

Hybrid models that combine the strengths of deep learning and traditional machine learning techniques have also shown 

promise in addressing some of these challenges. By integrating CNNs with algorithms such as random forests or 

support vector machines, these models enhance interpretability and diagnostic accuracy. For instance, hybrid 

approaches have been successfully applied in cataract detection, where the feature extraction capabilities of CNNs are 

complemented by the decision-making strengths of traditional classifiers. This synergy not only improves overall 

performance but also provides clinicians with more interpretable diagnostic outputs, fostering greater trust in AI-driven 

solutions. 

The accessibility of automated ocular diagnostics has been further expanded through the development of mobile-based 

systems. These systems leverage lightweight deep learning models optimized for deployment on smartphones, enabling 

real-time diagnostics in remote and resource-constrained settings. Mobile applications have been successfully used for 

cataract grading and diabetic retinopathy screening, reducing the burden on specialized medical facilities and 

facilitating early intervention. These innovations exemplify how technology can be harnessed to democratize access to 

quality healthcare, particularly in regions where traditional diagnostic infrastructure is lacking. 

While the integration of AI in ocular diagnostics has shown tremendous potential, it also raises concerns regarding 

security and robustness. Deep learning models are vulnerable to adversarial attacks, where minor perturbations in input 

data can lead to incorrect predictions. This poses significant risks in clinical settings, where diagnostic errors can have 

serious consequences. Researchers have emphasized the importance of developing robust defense mechanisms to 

enhance the resilience of AI systems against such attacks. Additionally, ensuring data privacy and compliance with 

ethical and regulatory standards is critical to gaining public trust and acceptance of these technologies. 

The path forward for automated ocular diagnostics lies in addressing these challenges and building on the successes 

achieved thus far. The creation of diverse, high-quality datasets that capture the variability of real-world scenarios is 

essential for developing reliable and generalizable models. Collaborative efforts between researchers, healthcare 

providers, and technology developers can facilitate the generation of open-access datasets, accelerating innovation and 

adoption. Furthermore, advancements in explainable AI (XAI) hold the potential to make AI-driven systems more 

transparent and interpretable, enabling clinicians to better understand and trust model predictions. 

In conclusion, the integration of deep learning into ocular diagnostics represents a significant leap forward in the early 

detection and management of eye diseases. By overcoming challenges such as data imbalance, overfitting, and 
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computational inefficiency, AI-driven systems have the potential to transform ocular healthcare. Future research should 

focus on developing more robust, scalable, and accessible solutions that can be seamlessly integrated into existing 

healthcare infrastructures. Through continued innovation and collaboration, AI has the capacity to enhance diagnostic 

accuracy, improve patient outcomes, and make quality ocular healthcare accessible to all. 

 

II. LITERATURE SURVEY 

Mohammad Monirujjaman Khan et al. [1] the study presented in this research puts forward a fanatical ocular detection 

method which is mainly based on deep learning. For this study, they picked a cutting-edge image classification 

algorithm like VGG-19 and trained the model on the ODIR dataset, which contains 5000 photos. The photos consist of 

eight different classes of the fundus images. Many varieties of ocular illnesses are constitued by these classes. 

Nevertheless the dataset for these classes they picked was very imbalanced. And to solve this problem they sought to 

turn this multiclass classification problem into a binary classification problem and take the same number of images for 

both categories in order to solve this challenge.The accuracy of the VGG-19 model was 98.13% for the normal (N) 

versus pathological (M) myopia class, 94.03% for the normal (N) against cataract (C), and 90.94% for the normal (N) 

versus glaucoma classes (G). 

Sushma K Sattigeri et al. [2] their study provides a novel approach to provide an automated eye illness identification 

model utilising visually discernible symptoms. It uses deep learning techniques like convolution neural networks and 

digital image processing techniques like segmentation and morphology. Using the suggested procedure, four eye 

diseases—crossed eyes, bulging eyes, cataracts, uveitis, and conjunctivitis—are examined and grouped.The dataset for 

the purpose was collected partially from kaggle and partially from local optometrist's assistance. Two different models 

are used to train for single-eye and dual-eye pictures. Using two-eye pictures, one model forecasts disorders including 

crossed eyes and bulging eyes. The eye configuration of single eye achieved accuracy of 96% and that of two eye 

achieved 92.31%.. 

NoufBadha, et al.[3]  This study focuses on identifying eye infections of Glaucoma disease and for this purpose the 

authors of this paper used a variety of machine learning (ML) classifiers, including Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), Naive Bayes (NB), Multi-layer perceptron (MLP), Decision Tree (DT), and Random Forest 

(RF), as well as Deep Learning (DL) models, such as Convolutional Neural Network (CNN) based on Resnet152 

model.. On the dataset for Ocular Disease Intelligent Recognition, the proposed technique is evaluated. The collected 

findings demonstrated that, in comparison to the other ML classifiers, the RF and MLP classifiers had the best accuracy 

of 77%. For the identical task and dataset, the deep learning model (CNN model: Resnet152) offers an even higher 

accuracy of 84%. 

Grzegorz Meller,et al [4]. The main objective of this project is to delineate a convolutional neural network-based 

advanced classification model that can recognise eye disorders from images of eye-fundus. This model will be able to 

distinguish various eye diseases. It made use of the "Ocular Disease Intelligent Recognition (ODIR)" dataset, a 

structured ophthalmology database of 5,000 individuals with age, colour fundus pictures of the left and right eyes, and 

doctors' diagnostic keywords. Patient labels include normal (N), diabetes (D), glaucoma (G), cataract (C), AMD (A), 

hypertension (H), myopia (M), and various diseases/abnormalities (O).Using a relatively simple network and only 

images labelled as N (normal) or C (cataract), a simple CNN model was trained to determine whether an eye had a 

normal fundus or a cataract. After 12 epochs , the model achieved 93% accuracy, and when the experiment was run on 

the entire ODIR dataset, 50% validation accuracy was attained. 

Hao Gu et al. [5] In this paper demonstrates a design of a novel approach that is based on hierarchical deep learning 

network is proposed. This network aids in identification of corneal diseases and is composed of a family of multi-task 

and multi-label learning classifiers which represents different levels of eye diseases which are indeed derived from a 

predefined hierarchical eye disease taxonomy.Then, in order to understand the fine-grained heterogeneity of eye illness 

traits, they presented a multi-level eye disease-guided loss function. Using a retrospective dataset of 5,325 ocular 

surface pictures, the proposed algorithm was trained directly on an end-to-end basis. In a prospective, a dataset which is 

majorly clinic-based consists of 510 outpatients who are freshly enrolled with diseases of infectious like keratitis, non-

infectious keratitis, corneal dystrophy or degeneration, and corneal neoplasm, the algorithm's performance was lastly 

evaluated against 10 ophthalmologists. For each form of corneal disease, the algorithm's area under the ROC curve was 



IJARSCT  ISSN (Online) 2581-9429 

    

 

       International Journal of Advanced Research in Science, Communication and Technology (IJARSCT) 

                               International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 4, Issue 4, November 2024 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-22305   34 

www.ijarsct.co.in  

Impact Factor: 7.53 

over 0.910, and generally speaking, its sensitivity and specificity were on par with or better than the average values of 

all ophthalmologists. 

Pawan Kumar Upadhyay et al.[6] The automatic detection of retinal disorders using OCT pictures is one such deep 

learning application that is covered in this work. The new method for detecting retinal diseases has been proposed, and 

it effectively handles the four-class problem by differentiating between the images of choroidal neovascularization 

(CNV), diabetic macular edema (DME), DRUSEN, and NORMAL class. The pre-trained VGG-16 model was pruned 

in order to build more precise neuron connections, develop more optimised layers, and perform important tasks for 

occult disease detection in the proposed network (CCNN). The model achieved 97.16% accuracy. 

A. Sebastian et al. [7] This study provides an in-depth analysis of diabetic retinopathy (DR) classification using deep 

learning-based approaches. Numerous methods were explored, including convolutional neural networks (CNNs) and 

ensemble techniques. However, the approaches were found limited in achieving the desired accuracy due to excess data 

requirements for rapid evaluation and classification. The study emphasizes the need for more efficient architectures to 

improve accuracy in DR detection and staging. 

C. L. Lin et al. [8] This research proposed a modified ResNet-50 architecture for DR detection, focusing on improving 

feature extraction capabilities. Despite advancements, the model exhibited low training and testing accuracy due to 

inefficient memory utilization, indicating a requirement for further optimization to enhance computational efficiency. 

M. A. K. Raiaan et al. [9]. This study introduced a lightweight deep learning framework for classifying diabetic 

retinopathy from fundus images. While the method achieved reasonable results, it was vulnerable to adversarial attacks, 

overfitting issues, and security threats, underscoring the need for robust defensive mechanisms in healthcare AI 

applications. 

Fatima et al. [10] A hybrid neural network combining discrete wavelet transform (DWT) was proposed for detecting DR 

from fundus images. Although the approach demonstrated promising results, achieving high accuracy, it faced challenges 

related to dependency on feature extraction quality and overfitting. 

Ali Shah et al. [11] . This study developed an automated framework for detecting microaneurysms—an early symptom 

of DR—using the curvelet transform technique. While novel, the method suffered from data imbalance and low 

accuracy, highlighting the need for improved techniques for classifying fundus image anomalies. 

A. Bajwa et al. [12]. A modified CNN model was developed for DR classification using a private dataset. The model 

exhibited limited performance due to the small sample size, demonstrating the necessity for larger, diverse datasets for 

reliable validation and robust DR detection. 

H. K. Vasireddi et al. [13]. This study employed a deep feed-forward neural network (DFNN) optimized with the Lion 

Optimization Algorithm for DR detection. Although achieving 97.6% accuracy, the model faced challenges in early-

stage DR identification due to complexities in effective classification and feature extraction 

Jayachitra S, Kanna KN, Pavithra G, Ranjeetha T. [14]. This study presents a novel deep neural network approach for 

diagnosing and classifying eye cataracts. The system leverages advanced neural networks to effectively differentiate 

between various cataract types, achieving significant improvements in diagnostic accuracy. The approach is particularly 

noteworthy for its adaptability across different clinical environments, demonstrating its capacity to handle variations in 

image quality and data distributions. By emphasizing the applicability of deep learning in ophthalmic diagnostics, the 

study paves the way for enhanced detection capabilities. This ultimately contributes to timely diagnosis, improved patient 

care, and more effective treatment planning. 

Obana A, Ote K, Hashimoto F, et al. [15]. This research explores deep learning-based corrections to account for the 

influence of cataracts on macular pigment (MP) measurements. Using autofluorescence techniques, the system addresses 

critical challenges in achieving accurate MP assessments, which are essential for evaluating retinal health and managing 

visual impairments. The innovative solutions presented in this study enhance diagnostic precision, especially for patients 

with compromised retinal visibility due to cataracts. The findings underscore the transformative potential of AI in retinal 

imaging, improving diagnostic outcomes and informing better clinical decisions. 

Simonyan K, Zisserman A. [16]. This foundational work proposes a very deep convolutional network (CNN) framework 

for large-scale image recognition, demonstrating the effectiveness of deeper architectures in enhancing classification 

accuracy. The study lays the groundwork for many modern deep learning applications, including medical imaging. By 

introducing deeper layers and novel architectural optimizations, the research sets a precedent for improving the 
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granularity and reliability of image-based diagnoses, making it highly influential in domains such as retinal disease 

detection. 

He K, Zhang X, Ren S, Sun J. [17]. The introduction of the residual learning framework revolutionized the training of 

very deep neural networks by addressing vanishing gradient issues. This advancement allows models to retain 

performance consistency as depth increases, significantly improving their ability to generalize. Residual networks 

(ResNets) have since become a cornerstone in medical imaging tasks, such as retinal disease detection, where complex 

features require detailed analysis. The study emphasizes the importance of architectural innovations for achieving high 

performance in challenging classification and segmentation tasks. 

Szegedy C, Vanhoucke V, Ioffe S, et al. [18]. The research revisits the inception architecture and proposes factorized 

convolutions and advanced regularization techniques to enhance computational efficiency. These optimizations reduce 

the resource demands of deep networks while maintaining their accuracy. This architecture has significantly influenced 

medical imaging applications, particularly in ophthalmology, where the analysis of high-resolution retinal images 

requires efficient yet powerful models. The study has had a lasting impact on the design of scalable and effective deep 

learning solutions. 

Saju B, Rajesh R. [19]. Eye-Vision Net integrates deep learning with both retinal and slit lamp images for cataract 

detection and classification. The framework achieves high diagnostic accuracy, demonstrating its utility in clinical and 

research settings. This approach effectively handles diverse imaging modalities, ensuring robustness in its predictions. 

Its adaptability makes it particularly suitable for resource-constrained environments, providing a valuable tool for early 

cataract diagnosis and treatment planning, thereby addressing a critical gap in ophthalmic care. 

Hu S, Luan X, Wu H, et al. [20]. The ACCV model employs deep learning to classify cataract videos, offering a novel 

solution for real-time grading. This mobile-based system extends its accessibility to rural and urban healthcare setups, 

enabling community-level diagnostics. By facilitating real-time analysis, the model significantly reduces the burden on 

specialized medical facilities, improving early detection rates and enhancing patient outcomes. The study underscores 

the potential of AI-powered solutions in democratizing access to quality eye care services. 

Çetiner H. [21]. This study employs transfer learning on fundus images from two ocular disease datasets to classify 

cataracts with remarkable accuracy. By leveraging pre-trained models, the approach efficiently adapts to the target 

domain, overcoming challenges such as limited labeled data. This technique underscores the potential of transfer 

learning in ocular diagnostics, providing scalable solutions for automated cataract classification while reducing 

development time and computational costs. 

Zhang L, Li J, Han H, et al. [22]. This work introduces a deep convolutional neural network for automatic cataract 

detection and grading. The method emphasizes precise classification of cataract stages, addressing a critical need for 

early diagnosis. By automating the grading process, the system reduces reliance on subjective assessments and ensures 

consistent, high-quality diagnostics, thereby enhancing treatment outcomes for patients with cataracts. 

Pratap T, Kokil P. [23] The study investigates a computer-aided diagnosis system for cataracts using deep transfer 

learning. By fine-tuning pre-trained models, the approach achieves significant classification accuracy, making it a cost-

effective solution for non-invasive cataract screening. This methodology highlights the feasibility of deploying AI-

based tools in routine eye care, reducing diagnostic errors and enabling broader access to advanced diagnostic 

capabilities. 

Dong Y, Zhang Q, Qiao Z, et al. [24]. A deep learning-based system classifies cataract fundus images, enhancing 

diagnostic capabilities through automated image analysis techniques. The system improves the efficiency of ophthalmic 

care by minimizing manual intervention and delivering consistent results. This automation has the potential to 

streamline workflows in clinics, improving throughput and patient outcomes. 

Ran J, Niu K, He Z, et al. [25]. The hybrid model combining deep convolutional neural networks and random forests 

offers an innovative approach to cataract detection and grading. This combination leverages the strengths of both 

techniques, achieving high accuracy while maintaining interpretability. Its application in clinical settings could 

significantly improve diagnostic precision and support tailored treatment strategies. 

Elloumi Y. [26]. A mobile-aided system integrates deep learning-based cataract grading from fundus images, 

facilitating diagnostics at the community level. By addressing accessibility challenges, particularly in underserved 
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regions, this solution ensures that more patients receive timely care. The mobile integration further highlights the 

scalability and practicality of deploying AI solutions in diverse healthcare environments. 

Alyoubi WL, Abulkhair MF, Shalash WM. [27]. The system for diabetic retinopathy classification and lesion 

localization leverages deep learning to improve diagnostic accuracy. This comprehensive approach not only identifies 

the presence of DR but also pinpoints critical areas of concern, enabling more targeted interventions and better patient 

management. 

Ghan G, Chavan S, Chaudhari A. [28]. The research employs deep learning to classify diabetic retinopathy, effectively 

managing the complexities of retinal lesions. By providing precise and reliable detection results, the system supports 

early intervention and reduces the risk of vision loss in diabetic patients. 

Butt MM, Iskandar DA, Abdelhamid SE, et al. [29]. A hybrid deep learning approach combines multiple features to 

improve DR detection. The method achieves notable advancements in performance, addressing challenges in lesion 

localization and classification. This work exemplifies the benefits of integrating complementary methodologies to 

enhance diagnostic outcomes. 

Bilal A, Zhu L, Deng A, et al.[30] The AI-based DR detection system using U-Net achieves robust accuracy in image 

segmentation and lesion classification. This advancement demonstrates the transformative potential of deep learning in 

automating complex diagnostic processes, paving the way for more efficient and scalable retinal imaging solutions. 

 

III. SUMMARY OF THE LITERATURE SURVEY 

This section compiles and synthesizes key findings from recent research on haze removal techniques, with a focus on 

advancements and challenges relevant to our project. As haze significantly impacts visual clarity and image quality, 

affecting various applications, researchers have explored a diverse array of methodologies—from traditional techniques 

such as dark channel prior and color attenuation to cutting-edge deep learning models—to enhance the precision and 

efficiency of haze removal. This review provides a systematic evaluation of these approaches, highlighting their 

effectiveness, adaptability, and limitations, while offering a comprehensive perspective on the progress and current 

state of haze removal methods in alignment with our project's objectives. 

Table: Summary of the Literature survey 

Sr. 

No. 

YOP Title and 

Name of 

Author 

Main Findings Methodology Limitations Application 

1 2023 Ali Shah et al. Automated detection 

of microaneurysms 

in DR. 

Curvelet transform 

technique. 

Non-invasive 

diabetic 

retinopathy 

screening. 

Non-invasive 

diabetic 

retinopathy 

screening. 

2 2023 A. Sebastian et 

al. 

Analysis of DR 

classification 

methods. 

CNNs and ensemble 

techniques. 

Early diabetic 

retinopathy 

detection. 

Early diabetic 

retinopathy 

detection. 

3 2022 Pawan Kumar 

Upadhyay et 

al. 

Efficient retinal 

disease detection. 

Pruned VGG-16 

model. 

Automated retinal 

diagnostics. 

Automated 

retinal 

diagnostics. 

4 2023 C. L. Lin et al. Modified ResNet-50 

improves feature 

extraction. 

Modified ResNet-50 

architecture. 

Diabetic 

retinopathy 

detection. 

Diabetic 

retinopathy 

detection. 

5 2023 M. A. K. 

Raiaan et al. 

Lightweight 

framework for 

fundus classification. 

Lightweight deep 

learning framework. 

Ocular 

diagnostics. 

Ocular 

diagnostics. 

6 2022 Fatima et al. Hybrid neural 

network with DWT 

for DR. 

Hybrid DWT-based 

neural network. 

Fundus image 

diagnostics. 

Fundus image 

diagnostics. 
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7 2022 H. K. 

Vasireddi et 

al. 

Deep feed-forward 

network with 

optimization. 

Lion optimization 

algorithm. 

Diabetic 

retinopathy 

classification. 

Diabetic 

retinopathy 

classification. 

8 2021 Jayachitra S et 

al. 

Novel approach for 

cataract diagnosis. 

Deep neural 

networks. 

Eye diagnostics. Eye diagnostics. 

9 2021 Obana A et al. Improves MP 

measurement in 

cataract cases. 

Deep learning with 

autofluorescence 

techniques. 

Retinal health 

evaluation. 

Retinal health 

evaluation. 

10 2020 Grzegorz 

Meller et al. 

Simple CNN model 

for fundus 

classification. 

Basic CNN 

architecture. 

General ocular 

diagnostics. 

General ocular 

diagnostics. 

11 2020 Hao Gu et al. Hierarchical network 

for corneal disease. 

Hierarchical multi-

task learning. 

Corneal disease 

classification. 

Corneal disease 

classification. 

12 2019 Pratap T, 

Kokil P. 

Transfer learning for 

cataract diagnosis. 

Deep transfer 

learning. 

Non-invasive 

cataract 

screening. 

Non-invasive 

cataract 

screening. 

13 2018 Ran J, Niu K 

et al. 

Hybrid CNN-RF for 

cataract grading. 

Combination of CNN 

and Random Forest. 

Cataract detection 

and grading. 

Cataract 

detection and 

grading. 

14 2022 Ali Shah et al. Early symptom 

detection of DR 

using curvelet. 

Curvelet transform 

technique. 

Automated 

diabetic 

retinopathy 

screening. 

Automated 

diabetic 

retinopathy 

screening. 

15 2022 Pawan Kumar 

Upadhyay et 

al. 

Efficient retinal 

disease detection. 

Pruned VGG-16 

model. 

Retinal disease 

diagnostics. 

Retinal disease 

diagnostics. 

16 2021 Elloumi Y. Mobile cataract 

grading system. 

Mobile-based deep 

learning system. 

Community-level 

cataract 

diagnostics. 

Community-

level cataract 

diagnostics. 

17 2021 Alyoubi WL et 

al. 

DR classification 

with lesion 

localization. 

Deep learning-based 

lesion localization. 

Targeted diabetic 

retinopathy 

management. 

Targeted 

diabetic 

retinopathy 

management. 

18 2020 Ghan G et al. Precise diabetic 

retinopathy 

classification. 

Deep learning model 

for lesion detection. 

Diabetic 

retinopathy 

detection. 

Diabetic 

retinopathy 

detection. 

19 2020 Bilal A et al. AI-based detection 

with U-Net. 

U-Net for lesion 

segmentation and 

classification. 

Automated fundus 

image analysis. 

Automated 

fundus image 

analysis. 

20 2019 Dong Y et al. Deep learning for 

cataract 

classification. 

Deep convolutional 

neural network. 

Fundus image-

based cataract 

grading. 

Fundus image-

based cataract 

grading. 

21 2018 Zhang L et al. Automatic cataract 

detection. 

Deep convolutional 

neural network. 

Non-invasive 

cataract 

diagnostics. 

Non-invasive 

cataract 

diagnostics. 

22 2022 Fatima et al. Hybrid neural 

network for DR 

detection. 

Combines DWT and 

CNN. 

Enhanced diabetic 

retinopathy 

analysis. 

Enhanced 

diabetic 

retinopathy 



IJARSCT  ISSN (Online) 2581-9429 

    

 

       International Journal of Advanced Research in Science, Communication and Technology (IJARSCT) 

                               International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 4, Issue 4, November 2024 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-22305   38 

www.ijarsct.co.in  

Impact Factor: 7.53 

analysis. 

23 2020 Hao Gu et al. Hierarchical model 

for corneal diseases. 

Multi-task and multi-

label learning. 

Corneal disease 

diagnosis. 

Corneal disease 

diagnosis. 

24 2017 Zhang L et al. Automatic cataract 

detection. 

Deep CNN with 

graded classification. 

Non-invasive 

ophthalmic 

diagnostics. 

Non-invasive 

ophthalmic 

diagnostics. 

25 2016 He K et al. Introduction of 

residual learning. 

ResNet architecture 

to address vanishing 

gradients. 

General medical 

imaging tasks. 

General medical 

imaging tasks. 

26 2016 Szegedy C et 

al. 

Optimization of deep 

networks for 

scalability. 

Inception architecture 

with factorized 

convolutions. 

Scalable medical 

imaging solutions. 

Scalable 

medical imaging 

solutions. 

27 2014 Simonyan K, 

Zisserman A. 

Foundation of very 

deep networks. 

VGG architecture for 

large-scale 

classification. 

Medical and 

general imaging 

diagnostics. 

Medical and 

general imaging 

diagnostics. 

28 2023 Çetiner H. Transfer learning-

based cataract 

classification. 

Pre-trained models 

adapted for target 

domain. 

Automated 

cataract 

diagnostics. 

Automated 

cataract 

diagnostics. 

29 2022 A. Bajwa et al. Modified CNN for 

DR detection. 

Custom CNN model. Reliable diabetic 

retinopathy 

screening. 

Reliable 

diabetic 

retinopathy 

screening. 

30 2021 Hu S et al. Real-time cataract 

grading. 

Mobile-based 

classification system. 

Community-level 

diagnostic 

accessibility. 

Community-

level diagnostic 

accessibility. 

 

IV. DISCUSSION 

The reviewed literature underscores the transformative potential of deep learning and machine learning in ocular 

diagnostics, highlighting significant strides in the detection and classification of diseases such as diabetic retinopathy, 

cataracts, glaucoma, and corneal disorders. Convolutional neural networks (CNNs), including architectures like VGG-

16, VGG-19, and ResNet, have proven highly effective in feature extraction and classification tasks, achieving 

exceptional accuracy in identifying complex ocular conditions. For instance, studies utilizing VGG-19 and ResNet-152 

achieved accuracy rates of up to 98.13% and 84%, respectively, for conditions like myopia and glaucoma classification. 

Hierarchical learning approaches have also demonstrated their ability to manage multi-label and multi-task learning 

challenges, particularly for corneal disease classification. However, these advancements are accompanied by 

challenges, including computational inefficiency and a dependency on high-quality labeled datasets, which limit the 

scalability and generalizability of such systems in real-world settings. 

Furthermore, issues like dataset imbalance, overfitting, and adversarial vulnerabilities remain critical barriers to the 

widespread adoption of AI-driven diagnostic systems. While techniques such as data augmentation, transfer learning, 

and hybrid model approaches combining CNNs with traditional classifiers like random forests have addressed some of 

these challenges, they still fall short in fully capturing the diversity of real-world data. Mobile-based and lightweight 

models have expanded the accessibility of diagnostics to underserved regions, offering solutions for community-level 

care. However, these systems often face trade-offs in computational efficiency and real-time performance. The studies 

emphasize the importance of robustness and security in clinical applications, highlighting the need for defensive 

mechanisms to mitigate risks like adversarial attacks. As the field advances, addressing these limitations through 

collaborative research and innovation will be key to ensuring the reliability, scalability, and equitable application of AI 

in ocular healthcare, ultimately improving patient outcomes and democratizing access to quality eye care. 
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V. CONCLUSION AND FUTURE SCOPE 

The integration of deep learning and machine learning techniques into ocular disease diagnostics has significantly 

advanced the field, enabling early detection, improved accuracy, and accessible solutions for conditions like diabetic 

retinopathy, cataracts, glaucoma, and corneal disorders. Convolutional neural networks (CNNs) such as VGG-16, 

VGG-19, and ResNet have proven to be powerful tools for extracting complex features and delivering high diagnostic 

performance. Hybrid models combining CNNs with traditional classifiers and lightweight mobile-based solutions have 

further expanded the scope of automated diagnostics, making them viable in low-resource and community-level 

settings. Despite these advancements, challenges such as data imbalance, overfitting, computational inefficiency, and 

security vulnerabilities persist. Addressing these issues is critical to ensuring the robustness, scalability, and clinical 

adoption of these systems. 

Looking forward, future research should focus on developing more diverse and high-quality datasets that reflect real-

world variability, addressing the issues of imbalance and generalizability. Computationally efficient architectures 

tailored for resource-constrained environments will be vital in democratizing access to diagnostic solutions globally. 

Incorporating explainable AI (XAI) techniques can enhance transparency and trust, allowing clinicians to better 

interpret model outputs and integrate them into decision-making processes. Additionally, advancements in adversarial 

robustness and data privacy compliance will ensure the secure deployment of AI systems in clinical settings. 

Collaborative efforts between researchers, healthcare professionals, and policymakers are essential to driving 

innovation and adoption. By addressing these challenges, AI-driven ocular diagnostics can significantly contribute to 

reducing the global burden of vision impairment and improving patient outcomes. 
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