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Abstract 

Age-associated macular degeneration (AMD), diabetes-related retinopathy (DR), and glaucoma all can be 

diagnosed through DL-based OCT analysis of images. We discuss DL architectures employed (e.g., 

convolutional neural networks (CNNs), recurrent neural networks (RNNs), transformer networks) to examine 

complicated data sets for early disease markers usually not visible in screening. OCT provides high-resolution 

images of the retina, ideal for DL algorithms to identify early manifestations of disease patterns. The review 

identifies improvement in diagnostic efficacy, efficiency, and public screening using these technologies. We 

also touch upon implementation challenges such as availability of data, model interpretability, and 

reproducibility across heterogeneous populations and imaging platforms. Finally, we discuss promising future 

studies to take these technologies from the bench to the bedside and beyond, providing effective tools for timely 

intervention and personalized ophthalmic care with vision preservation. 
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1. Introduction  

The eye, which breaks down into anterior and 

posterior categories, is an essential organ in the 

human body which provides sight. The anterior 

segment is made up of ciliary body, lens, cornea, iris, 

and tear. The choroid, retina, humor of the vitreous, 

and sclera comprise the posterior segment [1]. The 

eye is an active organ, which is easily susceptible to 

invade metabolic diseases and causes blindness or 

vision loss [2]. Patients Diabetic eye diseases, 

particularly diabetic retinopathy, diabetic muscle 

edema, cataract, and glaucoma, are becoming more 

prevalent in patients with diabetes [3]. Blindness is 

mostly caused by several retinal eye disorders; which 

ophthalmologists identify using OCT scans [4]. Dry 

eye disease is a chronic disease that occurs due to 

ocular surface dysfunction and is associated with 

inflammation. People who regularly watch videos, 

wear contact lenses, and use makeup have a high risk 

of developing dry eye disease [5]. Glaucoma, 

cataracts, age-related macular degeneration, diabetic 

retinopathy, and diabetic hypertension are among the 

common and harmful eye conditions [6]. Many 

imaging modalities such as optimal coherence 

tomography (OCT) and color fundus photography 

(CFP) are typically used to evaluate ocular diseases. 

Cross section images of the retina were generated to 

assess the condition of the eye and measure retinal 

thickness [7]. The only method to receive prompt 

treatment and avoid vision loss is to detect eye 

diseases early on, as untreated conditions result in 

irreversible vision loss [8]. Researchers have 

developed many models for detecting eye diseases 

employing machine learning and deep learning 

models. These learning processes also allow a 
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practical implementation of a larger amount of data 

[9]. Diabetes eye illness has been classified into 

multiple classes using convolutional neural 

networks.. It is one of the models that efficiently 

detects diabetic eye disease from deep features. Even 

if it is difficult to implement with the computational 

complexity parameters and memory requirements. 

Nevertheless, the convolutional neural network can 

provide great classification results for diabetic eye 

diseases which is sometimes unwanted in capturing 

long-range dependencies, as well as capturing the 

complex spatial relationship of retinal images [12]. 

DenseNet has also been used in some limited studies 

as an approach to extract the spatial features of retinal 

images [13]. VGG and extreme gradient (XGBoost) 

has been used in hybrid model resulting in complex 

structure[14]. Lightweight deep learning has been 

developed to minimize the computational complexity 

requirements but still has shown weaknesses as per 

performance. Novel models are suggested to give 

adequate results while diminishing any other 

challenges has still being relied on. 

2. Literature Survey 

Alharbi et al. [16] proposed a hybrid squeeze net with 

LRCN model for classifying eye disease. The 

purpose of this article was (propose a model for 

classifying eye disease). The eye diseases were 

optimized by using hybrid classifier which is the 

fused squeezenet and long term recurrent 

convolutional network with CNN classification 

module. In order to have a correct classification of the 

images, the features of the important data needed to 

be extracted from the blood vessels. The proposed 

model is trained and validated using tenfold cross-

validation test on the fundus image database. The 

assessments conducted on the proposed model 

showed 98% accuracy level, specificity of 98%, F1-

score of 97.85 is, recall of 97.6%, and precision of 

98.4%. However, fused model has limited filters and 

computational cost was high. A CNN-MDD was 

created by Subin et al. [17] to identify a number of 

eye conditions. The purpose of this work was to use 

retinal fundus pictures for the early diagnosis of age-

related eye disorders. Following pre-processing of 

the photos, the flower pollination optimization 

technique was used to optimize the model for feature 

extraction. In order to increase network performance 

and accuracy, the CNN model's training 

hyperparameters were also tuned.Finally, the output 

of the CNN was given to a multiclass support vector 

machine classifier to identify the disease type. The 

performance of the proposed model achieved 

precision of 98.30%, accuracy of 95.27%, recall of 

95.21% and F1 score 93.3%. The limitation of this 

model was that it required large amounts of datasets. 

Chavan et al. [18] put forward a multi-level GSO-

CNN for classifying multiple retinal disease using 

retinal images. The proposed model has two phases 

such as pre-processing and classification. In pre-

processing, smoothing, resizing and normalization of 

the images were performed. Then the MGSCNN 

classifier was used to classify normal and abnormal 

images. The result of the proposed model 

demonstrated that high accuracy of 95.09% was 

achieved. The main drawback of the model is high 

time and resources. For the purpose of segmenting 

and classifying multiclass diabetic eye illness, 

Vadduri et al. [19] created a deep learning model. 

Resnet50, VGG-16, Xception, and EfficientNetB7 

and other pre-trained models were applied to a raw 

retinal image. Additionally, image enhancing 

methods like illumination adjustments, CLAHE, and 

green channel extraction were applied to the raw 

photos. Furthermore, from the raw ocular fundus 

images, the crucial optic nerve and blood arteries 

were extracted using image segmentation techniques. 

In the tasks for detecting normal, glaucoma, and 

diabetic retinopathy, the suggested DCNN performed 

well. The performance of the developed model 

achieved high accuracy level as high as 98.33% in the 

detection of glaucoma. The disadvantage of this 

model was over fitting, and interpretability issues. In 

order to diagnose eye diseases, Chandra Joshi et al. 

[20] developed a deep learning framework called 

Vision Deep-AI for retinal blood vessel segmentation 

and multi-class classification. To better extract 

features and generate multi-scale features, the 

scientists segmented the blood vessels using U-net's 

weighted bidirectional feature pyramid (BFP) 

architecture. Color fundus images were used. Data 

augmentation was also performed to help with over 

fitting.  
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3. Methodology 

3.1 Data Collection and Preprocessing 

A heterogeneous set of OCT and OCTA images were 

obtained from different clinical sources, such as 

public databases like the Duke OCT dataset and 

proprietary datasets of ophthalmology clinicsIt 

included pictures of controls, glaucoma, AMD, and 

DR. Experienced ophthalmologists tagged the photos 

to indicate biomarkers such as retinal layer thickness, 

intraretinal fluid, and subretinal fluid. The dataset 

was divided into three sets for fair evaluation: 

training (70%), validation (15%), and testing (15%). 

To improve quality and consistency, preprocessing 

was applied to raw OCT and OCTA images. Noise 

reduction through wavelet transforms, pixel intensity 

normalization, and alignment of 3D scans were part 

of the process Patient movement artifacts were 

removed from OCTA images using motion correction 

algorithms Images were then resized to a uniform 

resolution for feeding into DL models [10][11]. 

3.2 Feature Extraction 

Following pre-processing, a "Bidirectional long short 

enclosed convolutional Variational autoencoder 

(BiLS-CVA)" will be used to extract pertinent 

features from the OCT images. In the OCT volumes, 

the hybrid architecture is intended to capture both 

long-range and local relationships. Within the 

variational autoencoder framework, the bidirectional 

long short-term memory (LSTM) components will 

describe sequential information and long-range 

contextual linkages, while the convolutional layers 

will extract local spatial features.Furthermore, the 

VAE component will ensure extraction of a compact 

and meaningful low-dimensional feature 

representation 

3.3 Multi-Class Classification 
Next, the extracted features will be used in the 

proposed "Optimized Progressive attention based 

densely connected Long former vision transformer 

(OPDLViT)" for multi-class classification of 

different retinal eye diseases, a new Vision 

Transformer architecture that incorporates a number 

of significant components: 

3.4 Explainable AI (XAI) Analysis 

 In order to further promote the interpretability and 

 

 

clinical relevance of our proposed framework, we 

will leverage Explainable AI (XAI) methods to 

interpret how the model makes predictions. More 

specifically we will employ SHapley Additive 

exPlanations (SHAP) and Local Interpretable Model-

agnostic Explanations (LIME) to demonstrate which 

parts of the features and OCT images were most 

influential in predicting each disorder. This will lead 

to visualized explanations of how biomarkers 

relevant to each disorder contribute to the predictions, 

contributing to clinician trust and understanding.  

3.5 Experimental Setup and Performance 

Evaluation 

To evaluate our proposed work, we will use a rich 

multi-class retinal eye disease dataset that contains 

OCT images as well as other pertinent biomarkers. 

The data set will be properly held out as training, 

validation, and testing dataset(s). For multi-class 

retinal illness classification, we will compare the 

suggested OPDLViT model against other cutting-

edge deep learning algorithms in terms of accuracy, 

precision, recall, F1 score, and area under the receiver 

operating characteristic curve 1 (AUC). Furthermore, 

we'll start ablation to assess each  part of the proposed 

OPDLViT architecture (e.g., progressive attention, 

dense connections, Long Former). 

4. Results and Discussion 

The classification of retinal eye diseases from fundus 

images using deep learning (DL) is summarized in 

the table. Using a range of DL models, the 

investigations achieve accuracy levels of 95.09% to 

98.33%, including hybrid architectures (SqueezeNet 

+ LRCN), custom CNNs (CNN-MDD, MGSCNN), 

and well-known CNNs (ResNet50, VGG-16, 

Xception, EfficientNetB7). All studies identify 

certain limitations like high computational cost, large 

dataset size requirements for generalizability, 

overfitting potential, non-interpretability of the 

model, and less than ideal performance in some cases. 

Overall, the table reflects improvement in DL-based 

retinal disease classification while identifying certain 

challenges in developing efficient, robust, and 

clinically relevant models. Table 1 shows Medical 

Image Analysis.
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Table 1 Medical Image Analysis

Author & 

reference 
Year Model Performance Demerits 

Alharbi et al. 

[16] 
2024 

hybrid squeeze 

net and LRCN 

Attained the accuracy 

level as 98%, specificity 

of 98%, F1-score 97.85, 

recall 97.6% and 

precision 98.4%. 

Fused model consist of 

limited filters and cost 

was computationally 

high. 

Subin et al. [17] 2022 CNN-MDD 

Obtained precision 

98.30%, accuracy 

95.27%, recall 95.21% 

and F1 score 93.3% 

The limitation of this 

model was required 

large datasets to show 

the generalizability. 

Chavan et al. 

[18] 
2024 MGSCNN 

Obtained accuracy level 

of 95.09%. 

The disadvantage of 

this model was high 

time and resource 

consumption. 

 

Vadduri et al. 

[19] 
2023 

Resnet50, 

VGG-16, 

Xception and 

EfficientNetB7 

Achievedaccuracy level 

of 98.33% 

The disadvantage of 

this model was 

overfitting and 

interpretability issues. 

 

Chandra joshi et 

al. [20] 
2024 

Vision Deep-

AI 

Provided an accuracy of 

97.73% and 93.83% 

specificity. 

 

Less performance and 

possess high 

computational 

complexity 

Conclusion 

The synergistic combination of OCT imaging and 

deep learning represents a paradigm-shifting 

innovation in ophthalmology, offering unparalleled 

opportunities to optimize patient care through 

enhanced diagnostic precision, predictive modeling, 

and customized treatment plans. In the future, 

collaborative, innovative, and ethically responsible 

efforts are of utmost importance to overcome current 

limitations and ensure equitable and widespread 

clinical translation of these advances, ultimately 

reducing the worldwide burden of vision loss and 

giving rise to a new era of precision eye care. 
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