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Abstract 

This work presents deep learning–based models for automated detection of glaucoma, cataract, and 
diabetic retinopathy using ophthalmic images. Glaucoma detection utilizes retinal fundus images 
focusing on the optic disc and cup regions, along with optional optical coherence tomography (OCT) 
features, to classify normal and diseased cases and assess severity. Cataract detection is performed 
using slit-lamp and lens images, while diabetic retinopathy is identified from fundus images by 
detecting features such as microaneurysms, hemorrhages, and exudates. The system incorporates 
image quality assessment, region of interest extraction, data augmentation, and transfer learning 
using architectures including ResNet, DenseNet, and MobileNet, along with lightweight CNNs for 
efficient deployment. Performance is evaluated using accuracy, sensitivity, specificity, F1-score, and 
AUC, with comparison between segmentation-based and end-to-end approaches. Results 
demonstrate strong diagnostic performance and highlight model generalizability and computational 
efficiency for real-world clinical applications. 

Keywords: artificial intelligence; deep learning; CNN; EfficientNet; vision transformer; glaucoma; 
cataract; diabetic retinopathy 
 

1. Introduction 

The advancement of Artificial Intelligence (AI) has greatly transformed optometry by improving 
the accuracy and efficiency of eye disorder detection. Traditional diagnostic methods often rely on 
specialized skills and equipment, limiting early detection in remote areas. AI-powered tools using 
deep learning and machine learning analyze retinal images to quickly and accurately identify risks, 
enhancing accessibility and quality of eye care.This study examines AI applications in optometry, 
including image analysis, intelligent diagnosis, and automated consultations. Technologies such as 
Natural Language Processing (NLP), deep learning, and the Internet of Things (IoT) enable 
personalized and efficient care. Research and commercial implementations show AI’s effectiveness 
in image-based disease classification and predictive treatment modeling. By integrating AI with 
modern technologies, optometric diagnostics are becoming faster, more precise, and cost-effective—
redefining how eye diseases are detected and managed. 

1.1. Optometric Practice: 

Modern optometric practice encompasses examination, diagnosis, treatment, and long-term 
management of eye conditions ranging from refractive errors to sight-threatening diseases. 
Optometrists serve as primary eye care providers, detecting systemic diseases including diabetes and 
hypertension through ocular manifestations. The integration of AI into this workflow represents a 
shift from reactive treatment to proactive, population-scale screening—emphasizing prevention, 
precision, and accessibility. 
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1.2. Role of AI in Optometric Practice: 

Artificial intelligence plays a crucial role in modern optometry by enabling automated detection 
of eye diseases through advanced image analysis. By utilizing deep learning models, AI can identify 
early signs of conditions such as diabetic retinopathy, glaucoma, and macular degeneration with high 
precision. These models analyze retinal images to detect abnormalities that may not be easily 
noticeable through conventional examination. The ability of AI to process large volumes of patient 
data allows for faster and more reliable diagnoses. Machine learning algorithms continuously 
improve through exposure to diverse datasets, ensuring better accuracy and adaptability to different 
cases. AI-driven diagnostic tools also help in reducing human errors, assisting healthcare 
professionals in making more informed decisions. Beyond diagnostics, AI enhances efficiency by 
automating routine screening processes, reducing consultation times, and increasing accessibility to 
eye care services. These advancements contribute to a more scalable and cost- effective solution for 
early disease detection, particularly in remote and underserved areas. 

 

Figure 1. Key Uses of AI in OPTOMETRY. 

1.3. Common Optometric Disorders: 

A. Cataract: 
A cataract occurs when the normally clear lens of the eye becomes cloudy, resulting in blurred, 

hazy, or faded vision. It can affect one or both eyes and often develops slowly over time. 
Causes: Aging is the primary cause, but other factors include prolonged exposure to ultraviolet (UV) 
rays, diabetes, eye injuries, smoking, certain medications (like corticosteroids), and genetic 
predisposition. Cataracts are treated effectively through surgical removal of the cloudy lens and 
replacement with an artificial intraocular lens. 

B. Glaucoma: 
Glaucoma is a progressive eye disease that damages the optic nerve, which transmits visual 

information from the eye to the brain. If untreated, it can lead to irreversible blindness. The most 
common type is open-angle glaucoma, which develops gradually and painlessly. 
Causes: The main cause is increased intraocular pressure (IOP) due to improper drainage of aqueous 
humor, the fluid inside the eye. Other risk factors include age over 40, family history, diabetes, and 
high blood pressure. Early detection through regular eye exams is crucial since symptoms often 
appear only in later stages. 

C. Diabetic Retinopathy: 
Diabetic retinopathy is a diabetes-related eye condition that damages the small blood vessels in 

the retina, the light-sensitive tissue at the back of the eye. It can cause vision problems such as floaters, 
blurred vision, and eventually blindness if untreated. 
Causes: High and uncontrolled blood sugar levels over time lead to leaking, swelling, or abnormal 
growth of retinal blood vessels. Risk increases with the duration of diabetes, poor glucose control, 
and high blood pressure. Management involves blood sugar control, laser treatment, or injections to 
prevent vision loss. 
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Figure 2. Common eye diseases. 

1.4. Proposed Models and Techniques: 

To improve the accuracy, efficiency, and interpretability of the proposed optometric diagnostic 
system, a combination of conventional and advanced deep learning models is utilized. 

1.4.1. Convolutional Neural Networks (CNN) – Baseline Model 

CNNs are employed as the baseline model for image classification tasks due to their 
effectiveness in extracting spatial features from ophthalmic images. They are used for initial detection 
of glaucoma, cataract, and diabetic retinopathy from fundus and slit-lamp images. 

1.4.2. EfficientNet – Improved Model 

EfficientNet is adopted to enhance performance while maintaining computational efficiency. It 
uses compound scaling to balance network depth, width, and resolution, resulting in improved 
accuracy with fewer parameters. This makes it suitable for real-time and resource-constrained 
environments. 

1.4.3. Vision Transformer (ViT) / Swin Transformer – Advanced Model 

Transformer-based architectures such as Vision Transformer (ViT) and Swin Transformer are 
incorporated to capture global dependencies in retinal images. Unlike CNNs, these models utilize 
self-attention mechanisms, enabling better feature representation and improved performance in 
complex medical image analysis tasks. 

1.4.4. Grad-CAM – Explainability Technique 

Grad-CAM (Gradient-weighted Class Activation Mapping) is employed to enhance model 
interpretability by visualizing the regions of the image that contribute most to the prediction. This 
improves the transparency and reliability of AI-based diagnosis, which is essential in clinical 
applications. 

The integration of these models ensures a balance between accuracy, computational efficiency, 
and clinical interpretability, making the system suitable for real-world deployment. 
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Figure 3. Grad-CAM Explainability Pipeline: From Input Image to Diagnostic Attention Heatmap. 

Table 1. Model Comparison. 

Model Type Key Feature Expected Accuracy* 

CNN (Baseline) Convolutional Network Local feature extraction 
using filters 

75% – 85% 

EfficientNet Optimized CNN Compound scaling (depth, 
width, resolution) 

85% – 92% 

Vision Transformer 
(ViT) Transformer-based Self-attention mechanism 88% – 94% 

EfficientNet improves traditional CNNs by achieving higher accuracy with fewer parameters, 
while Vision Transformers further enhance performance by capturing global contextual information. 
However, transformer-based models require larger datasets and higher computational resources, 
making EfficientNet a practical trade-off for real-world deployment. 

2. Literature Review 

2.1. Glaucoma Detection 

Deep learning techniques have been extensively applied for automated glaucoma detection 
using retinal fundus images. Convolutional Neural Networks (CNNs) have shown strong 
performance in extracting discriminative features from optic disc regions for classification tasks. 
Segmentation-based approaches using U-Net architectures are widely employed to estimate the cup-
to-disc ratio, a key clinical indicator of glaucoma. Studies such as [1] demonstrate that deep CNN 
models can achieve high diagnostic accuracy comparable to expert ophthalmologists. Furthermore, 
lightweight architectures like MobileNet have been proposed to enable real-time detection with 
reduced computational cost [2]. However, these methods often rely on high-quality annotated 
datasets and may exhibit limited generalization across diverse imaging conditions. 

2.2. Cataract Detection 

Cataract detection using deep learning has primarily focused on classification of slit-lamp and 
fundus images. Transfer learning approaches using pre-trained models such as ResNet and DenseNet 
have significantly improved performance by leveraging large-scale image features [3]. Multi-class 
classification techniques have also been explored to determine cataract severity levels. While these 
approaches achieve high accuracy in controlled datasets, early-stage cataract detection remains 
challenging due to subtle visual variations. Additionally, most existing systems are limited to single-
disease detection, restricting their applicability in comprehensive screening systems [4]. 
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2.3. Diabetic Retinopathy Detection 

Diabetic Retinopathy (DR) detection is one of the most mature applications of deep learning in 
medical imaging. Gulshan et al. [5] developed a deep learning algorithm that achieved high 
sensitivity and specificity in detecting DR from retinal fundus photographs, demonstrating 
performance comparable to clinical experts. Subsequent studies have utilized advanced CNN 
architectures such as InceptionV3, ResNet, and EfficientNet to improve classification accuracy [6]. 
More recently, transformer-based models, including Vision Transformers (ViT), have been 
introduced to capture global contextual information in retinal images, further enhancing detection 
performance [7]. Despite these advancements, such models require large annotated datasets and 
substantial computational resources, which may limit real-world deployment. 

2.4. Multi-Disease Detection Systems 

Recent research efforts have focused on developing unified frameworks capable of detecting 
multiple ophthalmic diseases simultaneously. Multi-class classification models using architectures 
such as EfficientNet and DenseNet have demonstrated promising results in identifying glaucoma, 
cataract, and diabetic retinopathy within a single system [8]. Hybrid approaches combining CNNs 
with transformer-based models have also been proposed to improve feature representation and 
classification accuracy [9]. However, these systems often involve high computational complexity and 
require extensive training data, making them difficult to deploy in resource-constrained 
environments. 

Table 2. Existing vs Proposed System. 

Feature Existing Systems Proposed System 
Disease Detection Single Multi-disease 
Model Type CNN only CNN + EfficientNet + ViT 
Explainability No Yes (Grad-CAM) 
Deployment Limited Web-based 

3. Research Gaps 

Despite significant advancements in AI-based ophthalmic diagnosis, several challenges remain. 
Most existing systems focus on single-disease detection rather than providing a unified multi-disease 
diagnostic framework. Additionally, many models suffer from limited generalization due to dataset 
bias and variations in imaging conditions. The lack of explainability in deep learning models further 
limits clinical adoption. 

Furthermore, high computational requirements and the absence of lightweight deployment 
solutions restrict the usability of these systems in resource-constrained environments. These 
limitations highlight the need for an integrated, efficient, and explainable system capable of detecting 
multiple eye diseases in real-world scenarios. 

Table 3. Comparative Study. 

Author(s) & Year Disease / 
Objective 

Method / Model 
Used 

Key Findings / Remarks 

Orlando et al., 
2020 [1] 

Glaucoma 
detection and optic 
disc/cup 
segmentation 

U-Net + CNN 
classifier 

Established segmentation 
benchmark; focused on cup-to-
disc ratio for glaucoma 
classification. 

Fu et al., 2018 [2] 
Automated 
glaucoma 
screening 

Disc-aware 
Ensemble CNN 
(DENet) 

Combined global and local 
features; improved detection 
robustness. 
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Hemelings et al., 
2021 [3] 

Glaucoma 
detection beyond 
optic disc region 

Deep CNN with 
Grad-CAM 

Demonstrated CNN’s ability to 
detect glaucoma without 
explicit disc segmentation. 

Sevastopolsky, 
2017 [4] 

Optic disc and cup 
segmentation for 
glaucoma 

Modified U-Net 
CNN 

High segmentation accuracy; 
reliable for cup-to-disc ratio 
analysis. 

Gao et al., 2021 [5] Cataract 
classification 

DenseNet-121 
(Transfer Learning) 

Achieved state-of-the-art 
cataract detection and grading 
performance. 

Proposed Work 
(Present Study) 

Combined 
glaucoma and 
cataract detection 
(segmentation + 
classification) 

Hybrid Model: 
ResNet + U-Net + 
MobileNet 

Integrates segmentation and 
transfer learning for accurate 
and generalizable dual-disease 
detection. 

4. Future Scope 

Future research can focus on extending the system to detect multiple ocular diseases such as 
diabetic retinopathy and macular degeneration alongside glaucoma and cataract. Integration of 
multimodal inputs like fundus images, OCT scans, and patient clinical data can enhance diagnostic 
accuracy and disease grading. Implementation of explainable AI (XAI) techniques will improve 
model transparency and clinical interpretability. Optimizing deep learning models for mobile and 
edge devices can enable real-time screening in remote and resource-limited areas. Cloud and IoT-
based tele-ophthalmology systems can support continuous monitoring and remote consultations. 
Incorporating federated learning can ensure data privacy while utilizing multi-institutional datasets. 
Expanding datasets across demographics will improve model generalizability. Continuous model 
retraining with new data can enhance robustness and adaptability. Future systems can also include 
predictive analytics for early disease progression assessment. Overall, the future lies in creating 
accessible, explainable, and globally scalable AI-based diagnostic platforms for comprehensive eye 
care. 

5. Conclusions 

The integration of Artificial Intelligence (AI) in optometry represents a transformative 
advancement in eye disease detection, diagnosis, and consultation. By leveraging deep learning, 
machine learning, and image processing techniques, AI enhances diagnostic accuracy, improves 
accessibility to ophthalmic care, and reduces the dependency on manual screening. Our study 
highlights AI applications in detecting cataracts, conjunctivitis, and pterygium, demonstrating its 
potential to revolutionize optometric healthcare. However, while AI-based solutions offer efficiency 
and precision, challenges such as regulatory compliance, data privacy, model interpretability, and 
ethical concerns must be addressed. Ensuring adherence to medical guidelines, continuous algorithm 
refinement, and integrating AI with clinical workflows will be essential in achieving safe and effective 
deployment in real-world optometry practices. Our research primarily focuses on AI’s role in 
optometry, but future studies could expand on the global regulatory landscape, ethical implications, 
and the integration of emerging AI technologies such as federated learning and edge AI. 
Additionally, exploring socioeconomic impacts, AI’s scalability in developing regions, and 
interoperability with telemedicine platforms could further enhance the accessibility and effectiveness 
of AI-driven optometric solutions. Addressing these aspects will contribute to the long-term 
sustainability, acceptance, and ethical implementation of AI in optometry, ensuring innovation while 
maintaining safety and reliability in patient care. 
  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 March 2026 doi:10.20944/preprints202603.1705.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1705.v1
http://creativecommons.org/licenses/by/4.0/


 7 of 7 

 

References 

1. V. Gulshan et al., “Development and Validation of a Deep Learning Algorithm for Detection of Cataract in 
Retinal Fundus Photographs,” JAMA, vol. 316, no. 22, pp. 2402-2410, 2016. 

2. G. Kermany et al., “Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep 
Learning,” Cell, vol. 172, no. 5, pp. 1122- 1131, 2018. 

3. Z. Li et al., “Efficacy of a Deep Learning System for Detecting Cataract Based on Fundus Photographs,” 
Ophthalmology, vol. 127, no. 5, pp. 704- 713, 2020. 

4. M. Rahman et al., “Machine Learning-Based Approach for Automated Conjunctivitis Classification,” 
Computers in Biology and Medicine, vol. 134, pp. 104434, 2021. 

5. H. Chen et al., “Deep Learning in Anterior Segment Imaging for Conjunctivitis Detection,” IEEE Access, 
vol. 8, pp. 21345-21353, 2020. 

6. L. Wang et al., “AI-Powered Telemedicine for Conjunctivitis Diagnosis,” Journal of Telemedicine and 
Telecare, vol. 27, no. 6, pp. 324- 331, 2021. 

7. X. Gao et al., “Automated Pterygium Detection Using Deep Learning on Slit-Lamp Images,” Artificial 
Intelligence in Medicine, vol. 98, pp. 20- 27, 2019. 

8. Y. Xu et al., “Deep Learning-Based Pterygium Segmentation in Ocular Surface Imaging,” IEEE Transactions 
on Medical Imaging, vol. 40, no. 4, pp. 1128-1137, 2021. 

9. J. Lee et al., “Mobile AI for Real-Time Pterygium Screening,” Nature Biomedical Engineering, vol. 5, no. 
10, pp. 987-995, 2022. 

10. L. van der Heijden et al., “Artificial Intelligence in Ophthalmology: A Critical Review of Present and Future 
Applications,” Graefe’s Archive for Clinical and Experimental Ophthalmology, vol. 258, no. 1, pp. 167-181, 
2020. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 
products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 March 2026 doi:10.20944/preprints202603.1705.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1705.v1
http://creativecommons.org/licenses/by/4.0/

