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Abstract 
In recent years, there has been significant progress in Ar-

tificial Intelligence (AI)-based technologies that can facil-

itate the accurate analysis of ophthalmic images. With the 

help of computer vision, the early diagnosis of eye dis-

eases such as Diabetic Retinopathy (DR), cataracts, glau-

coma, and Age-Related Macular Degeneration (AMD) has 

become possible. Nevertheless, overlapping symptoms 

and signs appear in different clinical cases, making it dif-

ficult for health care providers to make an accurate diag-

nosis. As a result, patients might fail to get early treatment, 

resulting in worse outcomes and the rise in the incidence 

of these diseases. Moreover, conventional methods are 

usually costly, l abor-intensive, and require the involve-

ment of a professional ophthalmologist who has sufficient 

knowledge and skills to diagnose the condition. The ob-

jective of this paper is to conduct a literature review on the 

current status of AI technology-based approaches used to 

differentiate among the most prevalent types of ocular dis-

eases by exploring relevant literature published between 

2020 and 2025, analyzing the benefits and drawbacks of 

proposed methods and comparing them to other existing 

tools, and describing popular databases that researchers 

use to test the performance of their models. An important 

finding of this study is the ability of modern computer-

aided diagnosis (CAD) systems to accurately identify vi-

sion-threatening diseases, which may outperform expert 

ophthalmologists. On the other hand, there are several 

challenges that need to be addressed in future studies, such 

as data imbalance, generalizability, validation, and expen-

sive computation.

 

1 Introduction 

Vision is an important component of people's overall health status and quality of life; however, ocular diseases 

that endanger vision are a pressing problem globally. The World Health Organization (WHO) estimates that ap-

proximately 2.2 billion people worldwide suffer from visual impairment or blindness, with a minimum of a billion 

preventable cases [1]. It is therefore crucial that early and correct diagnoses be made, as they have proven to 
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effectively minimize the risk of visual loss [2]. Traditionally, the diagnosis of such diseases is performed manually 

by qualified ophthalmologists based on the analysis of retinal fundus photographs and optical coherence tomog-

raphy (OCT) [3]. Although human analysis remains the clinical standard, it is highly prone to inter-rater variability 

and is time-consuming to perform. Moreover, it is hampered by an extreme shortage of professionals in the field, 

especially in low- and middle-income countries [4]. 

Therefore, ophthalmology is currently experiencing a revolution in AI-based CAD systems [5]. Previous ML tech-

niques require handcrafted features and classical classifiers that rely on expert knowledge and have issues with 

generalization owing to the laborious process of designing their features [6]. This has led to the emergence of DL 

techniques, specifically CNNs. They allow the automatic extraction of features from medical images and better 

diagnostic results [7], thus providing improved support for clinical decision-making [8]. Still, DL models require 

massive annotated datasets, which are usually hard to gather because of clinical and privacy restrictions. As a 

result, researchers are increasingly turning to transfer learning (TL) to adapt pretrained models for smaller oph-

thalmic datasets [9]. Apart from DL architectures, more recent developments include the introduction of attention-

based algorithms, vision transformers (ViT), hybrid CNN-transformer models, and ensemble models that offer 

distinct advantages over classic CNN models [10], [11]. Despite these advances, several challenges remain in 

applying AI to clinical practice, including limited model interpretability ("black box" problem), dataset bias due 

to unrepresentative patient cohorts, and the absence of comprehensive guidelines for AI-assisted diagnostic de-

vices [12], [13]. 

In this review, we aim to comprehensively and concurrently examine the role of ML and DL techniques used in 

ophthalmic image analysis across glaucoma (G), diabetic retinopathy (DR), cataract (C), and age-related macular 

degeneration (AMD), focusing on studies published between 2020 and 2025. We also systematically appraise the 

datasets employed and critically address challenges and limitations related to clinical translation. Finally, we re-

view current developments and highlight future trends in the field of ophthalmology. The organization of this 

review is shown in Figure (1). 

Figure (1): The Paper Structure Diagram. 
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2 Methodology of the Literature Review 

This study adopts a structured narrative literature review approach to examine the most recent advances in AI 

applications across eye health. Relevant scientific studies were obtained from various scientific databases from 

2020 to 2025, such as Web of Science, IEEE Xplore, Science-Direct, PubMed, Springer-Link, MDPI, and arXiv. 

Google Scholar was used as a supplementary search tool. Search terms related to AI, deep learning, retinal imag-

ing, OCT classification, fundus image analysis, and AI in ophthalmology were utilized in combination with Bool-

ean operators (AND/OR). Selection criteria included relevance, methodological clarity, and contribution to AI-

based ophthalmic diagnosis. Articles chosen for further investigation were peer-reviewed empirical studies, sys-

tematic reviews, and methodological articles. Additional representative ML/DL studies were included to provide 

a broader methodological perspective on medical image analysis. Non-English, duplicate, non-peer-reviewed, and 

methodologically unclear studies were excluded. All references were organized with Zotero in order to keep ref-

erences consistent and accurate. 

3 Clinical and Imaging Fundamentals 

The retina is a vital part of the eye involved in the conversion of light stimuli to neural signals with the help of 

photoreceptor cells (rods and cones) to allow visual perception through the optic nerve that sends impulses to the 

brain’s visual cortex [14] (see Figure (2)). Structurally, the retina measures an approximate length of 32 mm and 

has a surface area of 1094 mm² based on typical measurements [15]. Important anatomical structures of the retina 

include the optic disc, which has an average vertical measurement of 1.86 mm and an average horizontal meas-

urement of 1.75 mm [16], [17]. The fovea is a depression within the macula measuring 1.5 mm across and contains 

a dense concentration of photoreceptors for high-resolution and color vision [18]. Additionally, macular pigmen-

tation increases the retina’s ability to absorb light and improve acuity [19]. Fundus imaging is a process by which 

artificial intelligence algorithms detect and diagnose conditions like diabetic retinopathy, macular edema, and 

glaucoma among others [20]. 

 
Figure (2): Anatomy of the human eye [21]. 

 

Diagnosing and monitoring eye diseases rely heavily on advanced ophthalmic imaging modalities. To evaluate 

ocular conditions in a clinical practice, professionals employ a variety of methods, such as Optical Coherence 

Tomography (OCT) [22], Fundus Fluorescein Angiography (FFA) [23], and 2D Color Fundus Photography (CFP) 

[24], in addition to other imaging techniques. OCT and CFP seem to be the most often utilized of them (a compar-

ison is presented in Figure (3)). OCT has become a vital tool in ophthalmology as well as, in certain situations, in 

imaging other organs like the brain. It gives cross-sectional images of the retina, enabling doctors to quantify 

retinal thickness and assess structural changes. In contrast, CFP takes photographs of the inner surface of the eye 

and is frequently used to record and track retinal abnormalities throughout time, both modalities have proven 

useful for early detection of ocular diseases, although CFP is generally considered a more cost-effective and ac-

cessible option in routine clinical settings [25]. 



Alkadhim Journal for Computer Science, Vol. 4, No.3 (2026) 
 

39 

 

Figure (3): Comparison of retinal imaging modalities: (A) Fundus photograph, (B) Optical Coherence Tomography (OCT) 

[26]. 

Such imaging technologies play an important role in the diagnosis, monitoring, and treatment of the most common 

ocular diseases that cause visual impairment. The clinical features, pathology, and imaging aspects of four com-

mon ocular diseases have been presented below. 

 

 Diabetic Retinopathy (DR): A diabetic micro-vascular complication associated with retinal damage in the 

form of micro-aneurysm (MA), hemorrhage (H), hard exudates (EX), and cotton-wool spot (CWS). The dis-

ease starts from non-proliferative (NPDR) to proliferative stages (PDR) [27], [28]. It is typically asymptomatic 

until advanced stages; hence, imaging is crucial for early diagnosis to avoid loss of vision [29]. As illustrated 

in Figure (4). 

 

Figure (4): A normal healthy eye and an eye affected by DR [30]. 

 Glaucoma: This is a progressive optic neuropathy that occurs due to high intraocular pressure (IOP) levels 

resulting in optic nerve damage [5]. Clinically, it is identified through structural changes in the optic nerve 

head, commonly evaluated using the cup-to-disc ratio (with values exceeding 0.5 often considered suspicious) 

[18], as illustrated in Figure (5). Glaucoma has an early asymptomatic stage, thus requiring image-based di-

agnosis [32]. 
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Figure (5): Glaucoma and its effect on the normal eye [33]. 

 Cataract: The development of a disease where there is a progressive opacity of the lens. This causes poor 

transmission of light and vision [34], [35]. It is a disease linked to old age, among others, and can be detected 

using slit lamp imagery [29], [36]. Different from other diseases, vision impairment caused by cataracts is 

generally reversible with surgery [29], Figure (6). 

 

Figure (6): Difference between the normal eye and cataract [37]. 

 Age-related Macular Degeneration (AMD): A progressive retinal disease affecting the macula and central 

vision, including dry (drusen accumulation) and wet (choroidal neovascularization, CNV) forms [38]. Early 

stages are asymptomatic, requiring imaging techniques such as fundus photography and OCT for detection 

[39]. Early diagnosis is critical to prevent severe vision loss [29], [40], Figure (7). 

 

Figure (7): Both the wet (exudative) and dry (atrophic) forms of macular degeneration affect the macula [40]. 

4 Ophthalmic Datasets 

Datasets employed in ophthalmology are fundamental components of AI-assisted diagnostic tools for identifying 

and diagnosing diseases. Nonetheless, those ophthalmology data are associated with challenges that impact the 

success rate of these models in the clinic. 

To begin with, problems associated with poor image quality such as blurriness, noisiness, lack of illumination, 

motion artifacts, and acquisition issues occur frequently in ophthalmological datasets [41], [42]. In addition, low-

quality scans are rejected before being used in several benchmark datasets, resulting in high performance at the 
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expense of the model's robustness. In terms of annotation, labeling ophthalmological images according to stand-

ardized grading scales is an arduous task due to the expensive cost and time-consuming process involved [41]. 

Hence, noisy labels and weak annotations could negatively impact generalizability, increasing the over-fitting risk 

even when state-of-the-art architectures are utilized [43]. The issue of class imbalance, in which the prevalence of 

one category can bias the model, is another significant challenge for reliable clinical use, as the model may become 

biased towards majority classes and thus fail to detect minority conditions correctly [44]. Datasets including AP-

TOS 2019 are examples of class imbalance due to imbalances between different degrees of severity [45]. In turn, 

multi-disease datasets like ODIR contain diseases in long-tailed distributions, where specific pathologies are un-

derrepresented compared to other dominant classes [46].  

A review of available ophthalmic imaging datasets further revealed that retinal fundus images constitute the ma-

jority (57%), followed by optical coherence tomography (OCT) and OCT angiography (19%), whereas other im-

aging modalities are less represented [47]. These distributional differences reflect the broader challenges of dataset 

diversity discussed previously. Table (1) presents the most widely used datasets for ophthalmic image analysis, 

categorized by imaging modality, target disease, and key characteristics. 

 
Table (1): Summary of ophthalmic imaging datasets used in AI-based analysis. 

Source Type  Disease or Task Dataset Name Number of images Country of Origin 

C
o
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n
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u
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h
y
 (C

F
P
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Vessel Segmentation Datasets 

 

DRIVE [48] 40 Netherlands 

STARE [49] 397 USA 

CHASE_DB1 [50], [51] 28 UK 

HRF [52] 45 
Germany and Czech 

Republic 

IOSTAR [53] 30 --- 

Diabetic Retinopathy Datasets 

MESSIDOR [54] 1,200 France 

MESSIDOR-2 [55] 1,748 France 

EPACS [56] 88,702 USA 

DDR [57] 12,524 China 

IDRiD [58] 512 India 

APTOS2019 [59] 5590 India 

DiaRetDB1 V2.1 [60] 89 Finland 

Glaucoma Datasets 

ORIGA [61], [62] 650 Singapore 

REFUGE Challenge 2020 [63] 1200 China 

ACRIMA [64] 705 Spain 

DRISHTI-GS [65], [66] 101 India 

RIM-ONE R1 [67] 169 Spain 

RIM-ONE R2 [67] 455 Spain 

RIM-ONE R3 [67] 159 Spain 

RIM-ONE DL [67] 485 Spain 

OFOAOS [68] 3909 China 

G1020 [69] 1020 Germany 

Myopia 
PALM [70] 1200 China 

HPMI [71] 4011 China 

Multi-Diseases 

RFMiD [72], [73] 3200 India 

JSIEC [74] 1000 China 

ODIR [75], [76] 10,000 China 

Optical Coherence Tomography (OCT) 

OCT2017 [77] 109,309 USA 

Duke's OCT [78] --- USA 

OCTID [79], [80] 572 --- 

OCTDL [81] 2,064 Russia 

2015_BOE_Chiu2 [82] 110 USA 

NEH_UT_2021RetinalOCT [83] 16822 Iran 
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5 Artificial Intelligence Techniques 

Ophthalmology is one of the most AI-ready medical specialties, and the field has seen rapid, transformative ad-

vances. Here's an introduction to the key techniques. 

5.1 Traditional Machine Learning Techniques 

Machine Learning (ML), as a sub-discipline of artificial intelligence, has its basis in the recognition of patterns in 

data. The repeated patterns in the data are recognized by employing statistical and computational techniques [84]. 

The machine learning algorithms handle the complete range of data processing activities such as clustering, re-

gression analysis, anomaly detection, classification, prediction, and decision-making in accordance with the rec-

ognized patterns. The basic concepts of machine learning can be described in terms of the following three para-

digms of learning. The supervised learning approach involves the training of the model on the data set to recognize 

the relationship between the input and the corresponding output. The unsupervised learning approach involves the 

training of the model on the data set without the corresponding outputs. The model then attempts to recognize the 

underlying structure or pattern in the data. The reinforcement learning approach involves the use of trial and error 

in the decision-making process. The model attempts to optimize the decision-making process by the use of reward 

or a penalty in the feedback [85], [86]. Apart from the above three paradigms of machine learning, the semi-

supervised approach has been proposed to use the combination of both labeled and unlabeled data [87]. 

5.1.1 Supervised learning: Classification Algorithms 

Classification algorithms are designed to assign input data into predefined categories or classes based on 

learned patterns from labeled training data. These algorithms can be categorized according to their un-

derlying mathematical principles and computational strategies. 

5.1.1.1 Support Vector Machines (SVM) 

Support Vector Machines (SVMs) are machine learning techniques that utilize the representation of data in terms 

of vectors within a high-dimensional feature space. In such a setting, an SVM algorithm aims to identify the best 

possible hyperplane that separates distinct classes and maximizes the margin between them [88]. The margin rep-

resents the shortest distance between the dividing line between classes and the closest points belonging to each 

class. Such points are known as support vectors. This point needs to be emphasized because these vectors play a 

crucial role in the creation of hyper-planes [89]. SVM theory is based on structural risk minimization. Unlike 

traditional methods that focus solely on the empirical error minimization, this method attempts to find an upper 

bound of the generalization error. Because of that, SVMs demonstrate very good performance in terms of gener-

alization capabilities [88]. These basic ideas can be demonstrated using Figure (8). 
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Figure (8): The maximum margin classifier is illustrated in figures A and B, whereas the use of a slack variable in figures 

C and D helps the support vector classifier to obtain maximum margin regardless of the influence of nearby points even 

when the data set is not separable [90]. 

5.1.1.2 Decision Trees (DT) 

Decision Trees (DTs) are hierarchical models with multiple components working in concert to make interpretable 

predictions. The DT model has a root, internal nodes, edges, and leaves. The internal nodes make decisions based 

on particular features, and the edges show the results of these decisions [91]. The leaves contain the final predicted 

results, which can be class labels for classification models and numerical values for regression models [92]. DTs 

are built through an algorithm called Top-Down Induction of Decision Trees (TDIDT), which follows a divide-

and-conquer approach. The process begins at the root, where all instances are present, and recursively selects 

features to partition the data into more homogeneous sets [93]. The process continues until specific termination 

criteria are met, such as maximum depth, minimum number of instances at nodes, and when all instances in a set 

belong to the same class [91]. To make predictions, DTs work by traversing from the root to the leaves based on 

the decision process determined by input features. The final prediction is made when all decisions are traversed to 

reach a leaf [94]. As illustrated in Figure (9) the basic architecture of a Decision Tree. 

 

Figure (9): Structure of the decision tree (DT) algorithm [95]. 

5.1.1.3 Random Forest (RF) 

Random Forest (RF) generates multiple decision trees and combines their output to generate an outcome, as illus-

trated in Figure (10). The first step is bootstrap sampling, whereby N samples are randomly drawn with replace-

ment from the initial dataset to form a new training set for each tree [96]. This technique, termed bagging, injects 

randomness, making the training dataset different for each tree [97]. Secondly, random feature selection is another 

critical aspect that sets apart RF from ordinary decision trees. Instead of selecting all features at every node, a 

small number of features are chosen randomly to perform the splitting operation in RF. This number is usually p, 

where p denotes the square root of the overall number of features in a classification problem. This feature reduces 

the correlation between different trees and increases the generalizability of the model [91]. The third component 

involves full-depth tree construction, where RF trees are grown to their maximum size without pruning. These 

trees operate independently and perform binary splitting using specific threshold values [98]. Finally, predictions 

from all trees are combined using majority voting for classification and averaging for regression tasks [91]. 
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Figure (10):  An example of a random forest method using three decision trees. Either majority voting or the aver-

age is used to summarize results across decision trees [97]. 

5.1.1.4 K-Nearest Neighbors (KNN) 

One of the simplest models of machine learning includes K-Nearest Neighbors (KNN), which can be used for 

classification and regression. The procedure requires several steps that include the definition of the number of 

nearest neighbors, determination of distances between the input point and all points, finding points with the nearest 

distances, and finally predicting based on such points [99]. In this approach, an input point will be classified based 

on the comparison between the point and all points from the list of data that have been stored. In the case of 

classification, prediction is made through the application of majority voting. Prediction in the case of regression 

will depend on the averaging of all points. The value of k determines the flexibility and bias of the model. With 

small k, the model becomes very flexible, while large values make the decision boundaries smooth [100]. Figure 

(11) visually outlines the fundamental steps of the KNN classification process, from plotting the initial data to the 

final voting mechanism. 

 

Figure (11): K-nearest neighbors [101]. 

5.1.1.5 Logistic Regression (LR) 

The logistic regression (LR) is a generalized linear model, estimating the probability of an outcome using a logit 

link function that relates a linear combination to its output, as shown in Figure (12). Practically, the probability of 

occurrence of a particular class label is estimated using the sigmoid activation function that maps the linear output 

into the range [0,1] [102]. The estimation of such probabilities proves helpful for decision-making processes. The 

logistic regression can work with numerical and categorical input data, where the predicted labels result from the 

estimation of the probability of belonging to each class using the logistic function [103]. According to the task 
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type, different versions of the logistic regression can be utilized. Binary LR is the common version for the problems 

that have two class labels where the inputs are mapped into the interval (0,1) using the logistic function [104]. 

MLR is the extension of binary LR for multi-class problems, using different logistic functions for the calculation 

of the probabilities of occurrence of different class labels [103]. 

 
Figure (12): Logistic Regression [105]. 

5.1.1.6 Bayesian Algorithms 

A Bayesian classifier operates within a probabilistic model of decision-making wherein the result is derived from 

hypothesis probability estimation. Contrary to other techniques that use handpicked features, Bayesian classifica-

tion makes use of all the features available, thus improving predictive ability [106]. Within the Bayesian classifi-

cation family, the Naïve Bayes Classifier technique is arguably the most commonly used algorithm for classifica-

tion, as illustrated in Figure (13). It uses labeled data to classify data instances into classes. The joint probability 

of features and labels is estimated during training. While making predictions, Bayes' theorem is used to estimate 

the posterior probability, after which the class with the greatest probability is selected [107]. Naïve Bayes' algo-

rithm possesses several benefits, including great performance in higher dimensional spaces and efficiency when 

there is insufficient training data [108]. In some situations, Naïve Bayes performs equally well or even better than 

more complicated models, such as decision trees and neural networks [106]. 

 

Figure (13): Naive Bayes Classifier [105]. 

5.1.2 Unsupervised Learning: Clustering Algorithms 

The main aim of clustering algorithms is to partition a dataset into a number of clusters based on the intrinsic 

similarities of the data objects. The data samples inside one cluster should be similar to each other, while those 

belonging to different clusters are dissimilar from one another. Various categories of clustering algorithms have 

been proposed, which differ in terms of their approaches to identifying these clusters. 

5.1.2.1 Hierarchical Clustering 

Hierarchical clustering is one of the most common unsupervised machine learning techniques that demonstrates 

relationships between data elements with the help of tree structures, allowing for analysis on different scales [109]. 

Hierarchical clustering provides a lot of advantages compared to other unsupervised learning techniques, such as 

k-means clustering, since it does not require any prior knowledge about the required number of clusters [110]. 
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Hierarchical clustering has two algorithms namely agglomerative and divisive. The agglomerative algorithm is a 

clustering algorithm that starts with each data element belonging to its own cluster and merges similar clusters one 

after another into a single cluster [111]. Meanwhile, the divisive algorithm takes the assumption that at the begin-

ning, there is a single cluster containing all the data elements and then recursively partitions the clusters till every 

data element belongs to its own cluster [112]. Dendrograms can be used to visualize the hierarchy created with the 

help of agglomerative and divisive algorithms [113]. 

5.1.2.2 Partition-based Clustering 

These algorithms are mainly characterized by partitioning of the dataset into various clusters through the use of an 

objective function that mainly involves the minimization of intra-cluster variation and maximization of inter-clus-

ter differences [114]. Traditionally, there were two main types of partition-based data clustering methodologies, 

namely hard data clustering and soft data clustering. The hard data clustering approach involves partitioning the 

data points into clusters where no overlaps between clusters exists. Soft data clustering involves partitioning of 

data points into clusters such that the data points belong to different clusters [115]. The most commonly applied 

data clustering technique among the hard data clustering approaches is the K-means approach since its implemen-

tation is relatively easy [116]. This technique involves partitioning of the dataset into different clusters referred to 

as centroids or clusters. The algorithm mainly seeks to minimize the variances within clusters through partitioning 

based on the Euclidean distance metric [117]. Unlike other data clustering approaches such as hierarchical data 

clustering, partition-based data clustering approaches are favored when dealing with very large datasets due to 

their computationally efficient nature [115]. However, partition-based data clustering algorithms suffer from some 

limitations, including the challenge of dealing with non-spherical clusters, sensitivity to initialization of clusters, 

and the existence of different data points referred to as outliers [118]. 

5.1.2.3 Density-based Clustering 

The density-based clustering method is one of the essential techniques in cluster analysis that defines clusters 

based on high-density regions that are surrounded by regions of low density. In contrast to other clustering algo-

rithms, it does not rely on the number of clusters as input, is capable of capturing clusters of different sizes and 

arbitrary shapes, and is robust to noise while simultaneously detecting outliers [119]. The two widely applied 

density-based clustering algorithms are Density-Based Spatial Clustering of Applications with Noise (DBSCAN) 

and Ordering Points to Identify the Clustering Structure (OPTICS). 

 DBSCAN: The algorithm is based on recursively labeling points as either core points, border points, or noise 

points (outliers) [120]. It allows for detecting clusters of arbitrary shapes and sizes without specifying the 

number of clusters beforehand [121]. However, it shows high dependence on pre-defined parameters [122].  

 OPTICS: The algorithm was created to address some of DBSCAN's weaknesses, namely its parameter sensi-

tivity and difficulty handling varying densities. It employs core and reachability distances to assign ranks to 

the data points, resulting in a reachability graph with valleys denoting possible clusters [121]. This technique 

enables finding non-spherical and nested clusters without knowing the number of clusters beforehand. Yet, 

OPTICS has several downsides such as complicated results interpretation, high memory usage for nearest-

neighbor calculations, and extra effort for creating reachability graphs [123]. 

5.1.2.4 Model-based Clustering 

Model-based clustering approaches rely on the assumption that the data set used for clustering consists of a com-

bination of various probability distributions, where each distribution corresponds to a distinct cluster [124]. The 

most widely employed clustering approach from among the model-based clustering approaches is the Gaussian 

Mixture Model (GMM) [121]. The fundamental difference between the model-based and non-model-based clus-

tering approaches is that while the former allows for the determination of the posterior probability of the clusters, 

which gives a better representation of the uncertainty associated with the clusters, the latter does not provide this 

information. Nonetheless, the primary premise behind clustering in both cases is similar: determining the param-

eters corresponding to the clusters and to which cluster an element belongs using maximum likelihood estimates 

[124]. 
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5.2 Deep Learning Techniques 

Deep Learning (DL) is considered an emerging technology, and it is a core technique behind the current CAD 

systems [27], [125]. While other machine learning techniques require hand-crafted feature extraction, the deep 

learning algorithm allows itself to automatically discover the discriminative features to be used for predictions 

[126], as illustrated in Figure (14a). The performance of conventional machine learning and deep learning tech-

niques will improve as the amount of training data increases. Conventional learning techniques will show im-

provements in performance during the initial stages as more training data samples become available; yet, the per-

formance stops improving as the techniques hit the limit in capturing complex features because of their limitations 

in capacity. On the other hand, deep learning techniques show continuous improvements as the number of data 

samples used in training increases, Figure (14b) [127]. 

 
Figure (14): (a) ML vs DL, (b) Performance curves of DL and ML with increasing amount of training data [127]. 

5.2.1 Multi-Layer Perceptron (MLP) 

The basic multi-layer perceptron is an essential component of numerous types of artificial neural networks used 

in deep learning applications [128]. The multi-layer perceptron architecture involves three layers: input, hidden, 

and output layers. The initial input layer includes the inputs to the network. The inputs propagate forward to the 

hidden layer where computations take place. The output layer computes the outcome or decision based on the 

computations in the hidden layers [129]. 

The essential property of the basic multi-layer perceptron is its full connection structure. In the fully connected 

architecture, all neurons of one layer are connected to all neurons of the adjacent layer [129]. All connections have 

their weights, determining how much impact signals transmitted between the neurons have. In the context of a 

single neuron, the inputs are being weighted and aggregated into one value. The bias is calculated from the aggre-

gation of weighted values. Then, the aggregation and the bias are used in combination with an activation function 

for output computation [130]. Different activation functions like sigmoid, tanh, and rectified linear units (ReLU) 

provide the nonlinear activation necessary for learning complex patterns [131]. Due to the hierarchical architec-

ture, features are progressively extracted by each consecutive layer of a perceptron, thus making the process of 

learning more effective. An example of the single neuron perceptron is depicted in Figure (15a); the activation 

function (σ) is a nonlinear function of the weighted inputs y, which are calculated based on Eq. (1) [129]. 

 

 y = σ(xw + b)  Eq. (1) 

The input vector, weighting vector, bias, and output value are denoted by the terms x, w, b, and y, respectively. 

The Multi-Layer Perceptron (MLP) model's structure is shown in Figure (15b). 

(a) (b) 
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Figure (15): (a) Perceptron model with a single neuron. (b) MLP Structure [129]. 

5.2.2 Conventional Neural Networks (CNN) 

The fundamental architecture of a CNN is based on its hierarchical nature, with the building blocks arranged in 

layers primarily comprising convolutional, pooling, and fully-connected (FC) layers [132] (as shown in Figure 

(16)). The convolutional layer acts as the backbone of a CNN, performing feature extraction from input raw im-

ages. A set of trainable filters (or kernels) is used to convolve over the image pixels to obtain a set of feature maps 

that allow the model to detect features from simple edges to complex structures [133]. To increase the capacity of 

representation, the convolution operation is supplemented by an activation function, which most often is the ReLU 

activation function, making use of non-linear functions by assigning zero to all negative activations [133], [134]. 

Spatial dimensionality reduction of feature maps is done using a pooling layer. This helps in reducing computa-

tional cost, memory consumption, and over-fitting concerns while maintaining important features in the data. Fi-

nally, the Fully Connected (FC) layer performs high-level reasoning. Before this stage, feature maps are flattened 

into a one-dimensional vector, which is then used by the FC layer to compute final classification probabilities 

[132]. 

 
Figure (16): An example of CNN architecture [135]. 

5.2.3 Recurrent Neural Networks (RNNs) 

Recurrent Neural Networks (RNNs) are another category of neural networks that have been specifically designed 

to deal with sequences of data and time-dependent data [136]. Unlike feed-forward neural networks, RNNs use 

connections between neurons where the information obtained at the previous stages is taken into consideration at 

the present stage of the network. This will make it easy to maintain a hidden state of the network, which conse-

quently makes the network capable of recognizing dependencies within sequences of data. In summary, RNNs are 

quite useful for applications such as speech recognition, sentiment analysis, machine translation, time series pre-

diction, and many more [137]. Despite being quite successful in dealing with sequences of data, RNNs face several 
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issues. For example, one of the issues associated with RNN is that the network tends to suffer from the problem 

of vanishing gradients when trying to retain memory over a longer duration of time [136]. The Figure (17) below 

shows an illustration of a simple RNN network where the hidden memory of the network (ht) is defined using 

equation (2) below [129]. 

 ht  =  g (Wxt + Uht  +  b)  Eq. (2) 

In the above equation, (g) refers to the activation function (usually Tanh), while (U) and (W) are trainable weights 

of the hidden state (h). (b) on the other hand, represents the bias of the neuron while (x) stands for the input vector. 

One of the advanced RNN architectures used to overcome the basic limitations includes the Long Short-Term 

Memory (LSTM). 

 
Figure (17): Simple RNN internal operation [129]. 

5.2.3.1 Long short-term memory (LSTM) 

An important extension of RNN is known as Long Short-Term Memory (LSTM) network. The distinctive feature 

of the LSTM network is that the network has gates in its memory cell. More specifically, there are three gates: the 

forget gate decides which information should be forgotten and which retained, the input gate controls the amount 

of the new information that should be entered into the memory cell, and the output gate decides what should be 

done with the information that has been retained [128]. The memory cell can be seen as the key component of the 

LSTM network. Its purpose is to preserve information in a pathway, with as little modification of information over 

time as possible [138]. That means that the information that has been stored will be preserved through time. There-

fore, preserving information for a longer period of time is the distinctive feature of LSTM since it cannot be done 

with traditional RNN. In addition to the memory cell, there is the hidden state that preserves the information, 

filtered depending on the needs of the particular step [139]. The general architecture of the LSTM network is 

illustrated in Figure (18a). 

 
Figure (18): (a) LSTM's high-level architecture. (b) The LSTM unit's internal structure [140]. 

Figure (18b) illustrates the procedure of the information update in the internal architecture of the LSTM. The 

process of the information update in the LSTM unit is expressed in equation (3) presented below [129]. 

 

 

{
  
 

  
 h

(t) = go
(t)fh(s

(t))                                                        

s(t−1) = gf
(t)s(t−1) + gi

(t)fs(wh
(t−1)) + uX(t) + b

gi
(t) = sigmoid(wih

(t−1) + uiX
(t) + bi)                

gf
(t) = sigmoid(wfh

(t−1) + ufX
(t) + bf)              

go
(t) = sigmoid(woh

(t−1) + uoX
(t) + bo)             

   Eq. (3) 



Alkadhim Journal for Computer Science, Vol. 4, No.3 (2026) 
 

50 

Where (fh) and (fs) are the activation functions for the hidden state and cell state. They are usually implemented 

using the hyperbolic tangent function. The gating function, (g) is implemented using a feed-forward neural network 

with a sigmoid activation function resulting in the outputs in the range of [0, 1] and serving as weighting coeffi-

cients. While (i), (o), and (f) are the subscripts of the input, output, and forget gates [129]. LSTM networks have 

proven to perform well in a variety of areas including speech recognition, natural language processing, machine 

translation, time series prediction, and sentiment analysis [137]. Despite being more complex to compute com-

pared to the basic RNN, the ability of the network to model long dependencies has turned out to be its advantage. 

5.2.4 Generative Adversarial Networks (GANs) 

GANs refer to one of the major advancements in the field of deep learning that enable the creation of new data 

samples that mirror the features of an original dataset. Two neural networks, including a generator and a discrim-

inator, form the basic architecture of GANs. The generator network is developed to be fed with noise, whose output 

is to mimic original data samples, while the discriminator network is trained using a binary classification problem 

that involves original and synthetic data samples [141]. The interaction between the two networks forms the basis 

of the GAN framework as illustrated in Figure (19). 

 
Figure (19): The framework of a GAN [129]. 

However, some notable drawbacks can be experienced when dealing with GANs. For example, training of GAN 

models is known to be complicated due to the numerous hyper-parameters required [142]. Thus, the implementa-

tion of GAN models may be complicated. On the other hand, another problem associated with GANs is that of 

control, meaning that controlling a GAN model's output is difficult [143]. One of the most serious drawbacks of 

GANs is mode collapse occurring when a generator converges to a limited area of a given data distribution [142]. 

5.2.5 Attention and Transformer-Based Models 

The transformer introduced by Ashish Vaswani et al. in 2017 marked another significant improvement in sequence 

modeling by abandoning recurrence and convolutional approaches and fully relying on attention mechanisms. 

While the architecture has greatly outperformed existing models for machine translation, improving the efficiency 

of parallelization and training, the BERT model (Bidirectional Encoder Representations from Transformers), de-

veloped by Jacob Devlin et al. in 2018, has become one of the key developments in NLP [144]. Thus, there are 

many studies devoted to the analysis of transformers in various NLP tasks [145]. Transformers proved effective 

for computer vision as well, showing great results in tasks such as image classification, object detection, and 

segmentation while ensuring computational efficiency that grows linearly as the image size increases [146]. Figure 

(20) shows the structure of the transformer, including several essential components that are detailed in the follow-

ing subsections. 
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Figure (20): Transformer architecture, (a) MHA, (b) Scaled dot-product attention [147], [148]. 

5.2.5.1 Self-attention 

Intra-attention (self-attention) provides an opportunity for a neural network to consider context by examining re-

lations between all elements of input data. In contrast to sequential/local approaches, it gives a chance to consider 

the weights of all elements in order to enable direct interaction. This leads to a constant maximum distance between 

elements (O(1) )[148]. As opposed to CNN where the length of interaction is limited to kernel size, self-attention 

is able to detect long-range dependencies [149]. Its computational cost equals (O(N2)) per pixel. In order to resolve 

the problem, Vision Transformers [150] treat images as sequences of patches/apply attention to downscaled feature 

maps [151]. 

5.2.5.2 Scaled Dot-Product Attention 

Scaled Dot-Product Attention is one of the basic operations used in self-attention mechanisms (Figure (20b)). The 

attention score of queries (Q), keys (K), and values (V) is determined through dot products and scaled by a factor 

of  
1

√dk
. Then, a similarity is obtained using a softmax function. The attention matrix is calculated as follows 

equation (4) [148]. 

  Attention (Q, K, V) = softmax(
QKT

√dk
)V  Eq. (4) 

Where, (dk) denotes the dimension of keys/queries, and (softmax) converts similarity scores into probability dis-

tributions [148]. 

5.2.5.3 Multi-head Attention (MHA) 

In order to be capable of capturing various types of dependencies, multi-head attention decomposes Q, K, and V 

in multiple projection spaces, as shown in (Figure (20a)). Then, self-attention is independently applied within those 

spaces. The MHA is calculated using equation (5), where each attention head computes its value according to 

equation (6) [148]. 

 

 MultiHead(Q, K, V) = Concat(head1, …… , headh)W
O  Eq. (5) 

   headi = Attention(QWi
Q, KWi

K, VWi
V)  Eq. (6) 

Here, QWi
Q, KWi

K, VWi
V are the parameter matrices for the projections of the i − th head, and WO is the final output 

projection matrix. This architecture allows the model to jointly attend to information from different representation 

subspaces, which is crucial for identifying complex patterns in medical images [148]. 

5.2.5.4 Position-wise Feed-Forward Network (FFN) 

(a) 

(b) 
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Position-wise Feed Forward Networks (FFNN) are an integral part of the Transformer architecture, as described 

in [148]. It has been included in each of the Transformer layers, which work in conjunction with the multi-head 

self-attention mechanism, typically after the attention component, with residual connections and normalization 

following this [152]. This component plays an important role in the computation process by providing non-linear-

ity to the model, which helps in learning non-linear functions. In the self-attention layers, the information is dis-

seminated across various positions in the input sequence, which are then processed individually by the feed-for-

ward network, providing an additional processing component to the model, which enhances the flexibility of the 

model to work with various kinds of data [153]. The FFN can be defined by the equation (7) below [154]. 

 

 FFN(xi) = σ(xiW1 + b1)W2 + b2  Eq. (7) 

where (W1), (W2) are the weight matrices for the two linear transformation operations, (b1) and (b2) are the 

corresponding bias vectors, with (σ) representing the non-linear activation function. 

5.2.6 Transfer Learning (TL) 

With transfer learning, knowledge accumulated from data-abundant tasks can be exploited to improve performance 

on data-limited problems, as shown in Figure (21). Rather than designing models from scratch, pre-trained models 

are initialized [155], assuming the presence of common low-level representations between tasks, such as edges 

and textures in computer vision. There are different techniques involved in transferring knowledge. The instance-

based technique adjusts the weights associated with samples within the source domain to prioritize those most 

useful for the target task. The mapping-based technique projects the features from the source and target domains 

into one common space [156]. In the network-based method, which is commonly applied in deep learning, certain 

components of a pre-trained model and its parameters are reused for new tasks [157]. This technique shows re-

markable performance with convolutional and recurrent neural networks because the hierarchical representations 

can be tuned to the application at hand. 

 

 
Figure (21): A generic framework for the transfer learning process, in which a new DL model incorporates knowledge from 

a pre-trained model [128]. 

In practice, transfer learning is normally done using two steps: pre-training and fine-tuning. In the first step, the 

models are initially trained using large datasets. The models are then used for the target task using a smaller dataset. 

This has been proven to work well in scenarios where there is limited data. The existing models provide robust 

initializations for the models, thus improving performance [155]. 

5.2.7 Explainable AI in Ophthalmic Imaging 

Explainable AI (XAI) has become increasingly important in ophthalmic imaging, as high predictive accuracy alone 

is insufficient for safe clinical deployment. Although deep learning systems can achieve expert-level performance 

in retinal image analysis, their inherent opacity limits clinical acceptance, since clinicians cannot readily determine 

how predictions are generated [158]. In ophthalmology, the diagnosis is based on the actual pathological changes 

observed, such as hemorrhages, exudates, changes in the optic disc, defects of the retinal nerve fiber layer, abnor-

malities of the retinal layers, etc., and in this field, interpretability is especially important for clinical validation. 

XAI is therefore seen as a tool for increasing transparency, making for safer decisions, building clinician trust, and 

meeting regulatory requirements for medical AI systems [159]. 



Alkadhim Journal for Computer Science, Vol. 4, No.3 (2026) 
 

53 

5.2.7.1 Explain-ability Methods: Grad-CAM, SHAP, and LIME 

Grad-CAM is one of the most popular post-hoc explain-ability techniques for retinal imaging and OCT analysis, 

generating heat-maps that highlight the areas of an image that are most likely to contribute to a particular predic-

tion. The method uses the last convolutional layer to calculate gradients and defines class-specific localization 

maps, which help answer a clinically relevant question of what area of the retina influenced the diagnosis [160].  

During glaucoma detection, for example, models trained with Grad-CAM visualization generally target optic disc 

and optic cup regions, while those for diabetic retinopathy tend to target areas of the retina with lesions, showing 

clinically significant attention patterns. However, saliency maps are still qualitative and can be misleading even 

when models are based on non-generalizable and biased features, highlighting the need for external validation and 

expert review [161]. 

In contrast to Grad-CAM which emphasizes spatial attention, SHAP and LIME provide complementary explana-

tions with feature attribution. LIME approximates local model behavior for individual cases, enabling the retinal 

regions that influence a specific prediction to be identified for clinician review [162]. By contrast, SHAP quantifies 

the contribution of image features or retinal regions to the final prediction and is often used to evaluate the inter-

pretability and robustness of the model used in diabetic retinopathy screening systems [163]. Nevertheless, these 

two approaches have crucial drawbacks in ophthalmic imaging. Typical approaches for LIME use super pixel 

segmentation, but this may not align with clinically relevant retinal features like lesions or vessel boundaries, 

which limits the medical interpretability of the explanations produced by LIME [164]. Moreover, LIME offers 

explanations by using a local surrogate model which can be too simple to encompass complex feature interactions 

commonly found in deep neural networks [165]. SHAP explanations, conversely, can be hard to interpret at the 

pixel level and can point to any part of the image within a broad region [166]. 

They are designed to provide responses to different clinical questions. Grad-CAM is generally preferred when 

strong spatial localization on the image itself is required, SHAP is employed when feature contributions must be 

quantified, and LIME is applied when a local explanation for an individual prediction is needed [167]. Their col-

lective value in ophthalmology is therefore pragmatic: they provide clinicians with an additional layer of evidence 

for fundus and OCT predictions, help identify implausible or misleading cues, and can support clinical trust, safety 

review, and regulatory acceptance when used in conjunction with validation studies and expert inspection [162] 

[167]. 

 
Figure (22): Comparison of XAI methods in ophthalmic imaging. 

6 AI-Driven Methods for Ocular Diseases Analysis: A Review of Recent Literatures 

This section offers a comprehensive overview of the latest advances in the field of Artificial Intelligence for oph-

thalmic image analysis. It focuses on the rapid evolution and usage of AI techniques in the context of the four 

major ocular diseases. Table (2( provides a summary of various comprehensive and state-of-the-art studies that 

have been discussed. 

6.1 AI-Based Approaches for Diabetic Retinopathy Analysis 

Butt et al. (2022) [27] used pre-trained models (Google Net and ResNet-18) to obtain a 2000-feature vector which 

was further classified using machine learning algorithms such as SVM, Random Forest, and Naïve Bayes. This 

method demonstrated 97.8% accuracy in binary classification and 89.29% in multi-class classification on the AP-

TOS dataset. Nevertheless, relying on only one dataset limited the generalizability of the findings; moreover, the 
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significant disparity between binary and multi-class accuracy indicates problems with the precise grading of dis-

ease severity. 

Jabbar et al. (2022) [9] proposed a model based on VGG Net architecture tested on the Eye PACS dataset, where 

comprehensive preprocessing combined with grade-specific augmentation and manual feature engineering greatly 

improved classification results. The authors reported 96.6% accuracy with an area under the curve of 0.97. Despite 

the encouraging results, the reliance on handcrafted features alongside neural networks is methodologically incon-

sistent since the automatic learning of representation layers should be the main advantage of deep learning tech-

niques, and the manual augmentation of features may artificially inflate performance without contributing to gen-

uine representational learning. 

Mutawa et al. (2023) [168] evaluated four CNN architectures, concluding that a combination of three datasets 

(APTOS, Eye PACS, and ODIR) positively affected the overall performance of models, with DenseNet121 

demonstrating the best accuracy at 98.97%. Nonetheless, merging datasets implies discrepancies among image 

resolutions, acquisition tools, colors, and even grading criteria. The authors did not provide any information con-

cerning whether the researchers applied methods of domain adaptation or normalization to deal with those incon-

sistencies. Consequently, it remains unclear whether the result reflects genuine model robustness or simply the 

dominance of one dataset's characteristics over others during training. 

Krishna and Rao (2023) [169] developed a model incorporating the Flower Pollination Optimization algorithm 

combined with the transfer learning-based DeepID3 network to detect multiple eye diseases, including diabetic 

retinopathy, with 99.23% accuracy on the Messidor and DRISHTI-GS datasets. The proposed approach is inno-

vative, but the extremely high accuracy achieved on two relatively small benchmark datasets causes suspicion 

concerning the possibility of over-fitting. 

Jabbar et al. (2024) [170] designed a deep transfer learning model for real-time detection of diabetic retinopathy 

for telemedicine purposes using a pre-trained VGG Net architecture on the Eye PACS, Messidor, and IDRiD 

datasets, resulting in 97.6% accuracy. The telemedicine focus adds practical clinical value; nevertheless, the study 

does not discuss model latency, hardware requirements, or performance under low-quality image conditions, 

which are critical factors for real-world deployment in resource-limited settings. 

Bhoopalan et al. (2225) [171] designed an optimal task-based vision transformer (TOViT) to diagnose and assess 

the severity of diabetic retinopathy and reported 99% accuracy across the EyePACS, Messidor-2, and APTOS 

datasets. Additionally, the authors presented the results of model implementation on a Raspberry Pi platform as a 

part of edge-computing applications. Although the involvement of the proposed technology in edge computing is 

a practical contribution, the high accuracy achieved on different datasets casts doubts on over-fitting or potential 

data leakage. 

6.2 AI-Based Approaches for Cataract Analysis 

Varma et al. (2023) [172] suggested a deep convolutional neural network (DCNN) model for identifying four 

grades of cataracts according to disease severity, attaining 92.7% classification accuracy through green channel 

contrast enhancement and data augmentation for softmax classification. Although the proposed four-tier classifi-

cation is practical in a clinical setting, the absence of AUC and sensitivity statistics makes it difficult to assess the 

model's reliability for detecting early-stage cataracts. 

Saqib et al. (2024) [173] employed lightweight transfer learning using MobileNetV1 and MobileNetV2 to detect 

both cataracts and glaucoma, reaching 90% and 87% accuracy, respectively. While the lightweight nature of the 

proposed architecture renders it suitable for limited resource settings, the accuracy rate remains relatively mediocre 

when compared to recent state-of-the-art techniques, in addition the study does not address class imbalance. 

Mahmood et al. (2024) [174] applied transfer learning based on the ResNet50 architecture, attaining an excellent 

96.63% accuracy on the publicly available ODIR-5K data set, in the binary classification of cataracts. Although 
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the presented performance figure is very promising, focusing only on the binary classification of the disease and 

not taking into consideration variations in their severity limits the effectiveness. Furthermore, reliance on a single 

publicly available data set without any cross-validation and only ResNet50 as a baseline without comparison to 

more recent models may affect the generalizability and robustness of the findings. 

Feng et al. (2024) [175] proposed a hybrid deep learning technique comprising ResNet50, Squeeze-and-Excitation 

blocks, and a prototypical network classifier. The combination resulted in 98.75% and 99.84% accuracy and AUC, 

respectively. However, the assessment of this model was confined to internal validation, which raises questions 

about whether such performance is reproducible across external testing, different imaging devices. 

Jabber et al. (2025) [176] performed an extensive comparison among DenseNet-201, ResNet-101, and Google 

Net based on a Kaggle dataset, employing image preprocessing via histogram equalization, contrast enhancement, 

and segmentation techniques. The results attained 98.33% accuracy with DenseNet-201 and 90% with Google Net 

for three-tier cataract grading. Although the application of sophisticated image preprocessing techniques is con-

sidered a significant strength of the study, the usage of a single Kaggle dataset and the large performance gap 

between architectures suggest sensitivity to model selection that warrants further investigation. 

6.3 AI-Based Approaches for Glaucoma Analysis 

Singh et al. (2022) [177] used HOG features to detect and classify glaucomatous eyes based on KNN and ANN 

classifiers, obtaining 96.90% and 96.0% accuracy, respectively, demonstrating that handcrafted features remain 

competitive with deep learning on smaller datasets. However, the reliance on handcrafted features introduces a 

degree of manual engineering that may not scale effectively to larger or more heterogeneous datasets. 

Kashyap et al. (2022) [31] introduced a methodology involving transfer learning with a U-Net architecture, where 

DenseNet-201 was applied for feature extraction and classification tasks, obtaining 98.82% and 96.90% accuracy 

on training and test sets, respectively. While the integration of segmentation and classification is well-grounded, 

there is a significant difference between training and testing accuracy rates. The high performance on the training 

dataset implies the possibility of over-fitting, limiting the model's generalizability. 

Velpula and Sharma (2023) [178] presented a multi-stage classification system that employs five pre-trained 

CNNs to diagnose glaucoma. The authors obtained excellent accuracy on four different datasets, i.e., 99.57% on 

the ACRIMA, 94.95% on RIM-ONE, 90.55% on Drishti, and 85.43% on the HVD dataset. Testing the proposed 

model on multiple datasets is a great advantage since it demonstrates its true generalizability. However, the wide 

gap in performance on different datasets highlights the sensitivity of the model to differences in image quality, 

acquisition, and demographic characteristics. 

Patil and Sharma (2024) [125] proposed a framework based on Deep Learning technology to minimize diagnostic 

time and automate the glaucoma diagnostics process. The experiments were performed using a Kaggle dataset 

with 1,022 fundus images. Several pretrained transfer learning models were tested, such as DenseNet169, Mo-

bileNet, InceptionV3, Xception, ResNet152V2, and VGG19. In particular, DenseNet169 showed the highest ac-

curacy equal to 0.9935 with precision and recall rates of 0.9936 and 0.9935, respectively. Nevertheless, almost 

perfect results obtained on a small single-source dataset raise concerns about overfitting, which reduces the prac-

tical utility of the model. 

Chincholi and Koestler (2024) [179] have tried to apply ViT and DETR approaches for detecting and classifying 

glaucoma on fundus images with the help of vision transformers for extracting features and detection transformers 

for recognizing the optic disc and cup and calculating cup-to-disc ratios. As a result, DETR outperforms ViT, 

showing an accuracy rate up to 90.48% and an AUC of 0.95. The use of transformers is innovative, and it enables 

better generalization. Nevertheless, the accuracy has not yet reached full maturity for ophthalmic classification 

tasks without substantially larger training datasets. 

Edan and Feizi-Derakhshi (2025) [180] overcome the problem of using a separate dataset for testing and training 

because the authors experiment with an ensemble-based network combining ResNet-101, ResNet-18, and Darknet-
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19 models using an accuracy-weighted voting strategy. The resulting ensemble-based CNN obtained accuracies 

of 90% on the Drishti-GS dataset, 95.6% on the RIM-ONE v2 dataset, and 99.3% on the ACRIMA dataset. The 

ensemble strategy effectively mitigates individual model limitations and the multi-dataset evaluation strengthens 

generalizability claims; however, the wide variation in accuracy across datasets underscores the persistent chal-

lenge of domain shift, and the computational overhead of ensemble inference may limit deployment in real-time 

clinical systems. 

6.4 AI-Based Approaches for Age-Related Macular Degeneration Analysis 

Wang et al. (2022) [181] suggested a self-attention-based neural network with an encoder-decoder architecture 

resembling U-Net for segmenting and analyzing AMD and Stargardt disease from OCT volumes. The proposed 

approach has shown excellent segmentation capacity and interpretability and provided 98% of accuracy for AMD 

segmentation. At the same time, the model was validated on a relatively small number of images, suggesting its 

possible over-fitting limits the model's generalizability across different imaging conditions. 

Mishra et al. (2022) [182] presented MacularNet, which is an end-to-end CNN including pretrained models and 

deformation-aware attention modules for classifying macular diseases without preprocessing stages. It provided 

99.94% and 99.79% accuracies for five-fold cross-validation on the Duke and NEH datasets, correspondingly. On 

the one hand, the use of cross-validation and deformable attention mechanisms may be considered as advantages. 

On the other hand, near-perfect results on two relatively small benchmark sets may suggest a risk of the model 

being overfit. 

Han et al. (2023) [183] proposed a CNN-based algorithm for the differential diagnosis of neovascular AMD 

(nAMD), central serous chorioretinopathy (CSC), and healthy subjects using spectral-domain OCT. Applying 

transfer learning and mixup augmentation on VGG-16, VGG-19, and ResNet architectures, they obtained 99.7% 

and 91.1% accuracies for 3-class classification and 6-class classification, respectively, on a dataset consisting of 

6,063 images. The multi-class approach and big dataset may be viewed as relative strengths of this research. At 

the same time, a noticeable difference between 3-class and 6-class classification suggests that the model may 

struggle to reliably distinguish between clinically similar subtypes, which poses a problem for clinical practice. 

Ali et al. (2024) [184] developed a CNN-LSTM hybrid model aimed at capturing temporal relations between OCT 

images with LSTM layers. The proposed approach resulted in a classification accuracy of 96.5% based on 2,000 

images from six public sources. Although multi-source data aggregation and temporal analysis of images a con-

tribution point, the use of a relatively small dataset and a rather complex hybrid architecture can increase the 

chances of overfitting of the model. 

Azizi et al. (2024) [185] introduced a Medical Vision Transformer (MedViT)-based framework for AMD detec-

tion from OCT images. A “micro” MedViT variant was proposed, as well as stitchable neural networks to be built 

with linear insertion of pretrained layers and iterative optimization with SGD and AdamW. The approach achieved 

97.9% accuracy in an in-distribution evaluation, incorporating extra out-of-distribution robustness testing. Alt-

hough the inclusion of out-of-distribution evaluation is a distinguishing strength of this work, the stitchable neural 

network design, while technically innovative, introduces considerable architectural complexity, as such designs 

typically require careful hyperparameter tuning and are sensitive to the specific combination of pretrained compo-

nents used during integration. 

Yusufoğlu et al. (2024) [186] proposed a hybrid CNN structure that incorporates ConvMixer, Depthwise Squeeze-

and-Excitation blocks and a modified version of the Inception modules. The model achieved 97.98% accuracy, 

97.95% precision, 97.77% recall, and 97.86% F1 score on a private clinical dataset and 100% across all the metrics 

on the public Noor dataset, highlighting the effectiveness of hybrid and attention-enhanced CNN designs. While 

the hybrid design shows strong performance, the perfect scores on the Noor dataset raise concerns about potential 

overfitting of the model. The results could be representative of the dataset and not representative of the overall 

model generalizability, which means that independent validation is needed. 

Table (2): Comparative Analysis of AI Models in Diagnosing Ocular Diseases. 
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Ref. 

 

Disease Dataset Methodology Key Results Limitation 

Butt et al. 

(2022) [27] 
DR 

APTOS 

(Kaggle) 

Hybrid (GoogleNet, ResNet18 

+ ML classifiers (RF, SVM, 

RBF, NB)) 

Binary Accuracy: 97.80%, 

Multi-class Accuracy: 

89.29% 

Small dataset. Class 

imbalance. Limited 

generalization. No 

clinical validation. 

Jabbar et al. 

(2022) [9] 
DR 

EyePACS 

(Kaggle) 
VGGNet-16 

Accuracy: 96.6%, AUC: 

0.971 

Strong dependence on 

augmentation and po-

tential overfitting. 

Krishna & Rao 

(2023) [169] 
DR 

DRISHTI-GS, 

Messidor-2, Ret-

ina datasets 

DeepID3 + FPOA optimization 
Accuracy: 99.23%, 

F1-score: 98.3% 

Class imbalance and 

bias risk. 

Mutawa et al. 

(2023) [168] 
DR 

APTOS, 

EyePACS, 

ODIR 

Ensemble Transfer Learning 

models (VGG-16, InceptionV3, 

DenseNet-121, MobileNetV2) 

Accuracy: 98.97%, AUC: 

0.9947 

Use of only a small 

dataset size, evaluation 

on balanced data 

Jabbar et al. 

(2024) [170] 
DR 

IDRiD, Messi-

dor, EyePACS 
TAlexNet, ResNet, VGGNet 

Accuracy: 97.6%, 

F1-score: 0.987, 

AUC: 0.981 

The accuracy of the 

model depends on im-

age quality. 

 

Bhoopalan et 

al. (2025) 

[171] 

DR 
EyePACS, Mes-

sidor-2, APTOS 

Task-Optimized Vision Trans-

former (TOViT) 

Accuracy: 99%, 

F1-scores: 93% 

Very large model with 

(267 million) parame-

ters. 

Varma et al. 

(2023) [172] 
Cataract 

HRF, STARE, 

MESSIDOR, 

DRIVE, DRI-

ONS-DB, 

IDRiD, Internet 

images 

Custom CNN 

Overall Accuracy: 92.7% 

(Per-class: Mild 87.5%, 

Mod 93.8%, 

Severe 96.3%, Normal 

93.1%) 

Weak performance in 

mild cataract. Early 

cases missed. 

Saqib et al. 

(2024) [173] 
Cataract 

Not specified 

(N/A) 

MobileNetV1 & MobileNetV2 

(Transfer Learning with custom 

head) 

Cataract vs Normal Accu-

racy: 90% (V1), 87% (V2) 
Weak generalization. 

Feng et al. 

(2024) [175] 
Cataract 

ODIR-5K, Ret-

ina (GitHub), 

Kaggle Cataract 

dataset 

Hybrid Transfer Learning (Res-

Net50 + SE module + Prototyp-

ical Network) 

Accuracy: 98.75%, AUC: 

0.9984, 

F1: 0.9855 

Low demographic di-

versity. Low interpret-

ability. 

Mahmood et 

al. (2024) 

[174] 

Cataract 

ODIR-5K (Nor-

mal vs. Cataract 

only) 

ResNet50 
Test Accuracy: 96.63% Prec: 

0.9715, AUC: 0.9661 

Only used one da-

taset, and Poor ex-

plainability. 

Jabber et al. 

(2025) [176] 
Cataract Kaggle 

DenseNet-201, ResNet-101, 

GoogLeNet 

Detection Accuracy: 98.33% 

Classification Accuracy: 

90% (3-tier) 

Only used one dataset. 

Singh et al. 

(2022) [177] 
Glaucoma 

Drishti-GS, Feiz 

Hospital 

Histogram of Oriented Gradi-

ents (HOG) + classifiers (KNN, 

SVM, LDA, Naïve Bayes, and 

ANN) 

Accuracy on ANN: 96.90%, 

Naïve Bayes: 96%, 

SVM: 90%, KNN: 86% 

Very small dataset. 

Kashyap et al. 

(2022) [31] 
Glaucoma Kaggle, SiMES 

U-Net + DenseNet-201 + 

DCNN 

Test Accuracy: 96.90%, 

Test Recall: 97.03%, 

Spec: 98.15% 

Small dataset. Limited 

generalization. 

Velpula & 

Sharma (2023) 

[178] 

Glaucoma 

ACRIMA, RIM-

ONE, HVD, 

Drishti 

Pre-trained CNN ensemble + 

Maximum voting-based fusion 

Accuracy on ACRIMA: 

99.57% (AUC 1.00), RIM-

ONE: 94.95%, Drishti 

90.55%, HVD: 85.43% 

High computation cost 

Patil & Sharma 

(2024) [125] 
Glaucoma Kaggle 

DenseNet169, MobileNet, In-

ceptionV3, Xception, Res-

Net152V2, VGG19, ResNet50 

Accuracy: 99.35%, Preci-

sion: 99.36%, Recall: 

99.35% 

Small dataset. Limited 

generalization. 

Chincholi and 

Koestler 

(2024) [179] 

Glaucoma SMDG 
Vision Transformer (ViT) and 

Detection Transformer (DETR) 

DETR accuracy: 90.48%, 

ViT accuracy: 87.87%. 

Data scarcity. Class 

imbalance. Dataset 

bias. 

Edan & Feizi-

Derakhshi 

(2025) [180] 

Glaucoma 

ACRIMA, RIM-

ONE v2, 

Drishti-GS 

Pre-trained CNNs (ResNet-

101, ResNet-18, and DarkNet-

19) + voting classifier fusion 

technique. 

Fusion Accuracy: ACRIMA 

99.3%, 

RIM-ONE v2 95.6%, 

Drishti-GS 90.0% 

Dataset-dependent 

performance. Incon-

sistent results between 

the datasets. 
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Wang et al. 

(2022) [181] 
AMD 

FAF images 

(Spectralis 

HRA+OCT) 

U-Net + Self-attention 

AMD Segmentation: Accu-

racy 98%, 

Dice 0.8512. 

Month Progression: Accu-

racy 95%, Dice 0.78 

Limited ability to di-

agnose and predict the 

slow progression of 

Stargardt AMD. 

Mishra et al. 

(2022) [182] 
AMD 

Duke, NEH, 

UCSD, OCTID 
MacularNet (CNN / VGG) 

Acc (5-fold): Duke 99.94%, 

NEH 99.79%, Accuracy: 

UCSD 92.60%, OCTID 

93.12% 

lack of evaluation on 

early-stage macular 

diseases 

Han et al. 

(2023) [183] 
AMD 

Hangil Eye Hos-

pital SD-OCT 

VGG-16/19, 

ResNet + custom heads 

Test Accuracy: 99.7% (3-

class), 91.1% (6-class), 

Ext. Test Accuracy: 100% 

(3-class), 92.3% (6-class) 

Limited diversity. Sin-

gle-device data affects 

the models' generaliza-

bility. 

Yusufoğlu et 

al. (2024) 

[186] 

AMD 

Private OCT, 

Public OCT 

(Noor Eye Hos-

pital) 

PM (Inception + SE Blocks + 

ConvMixer) 

(Private Dataset) Accuracy: 

97.98%, F1: 97.86% 

(Noor Dataset) Accuracy: 

100%, F1: 100% 

Limited dataset diver-

sity may affect gener-

alization; real-world 

challenges were not 

addressed. 

Azizi et al. 

(2024) [185] 
AMD NEH 

Medical Vision Transformer 

(MedViT) 
Accuracy: 94.9% 

Class mismatch. 

Needs fine-tuning. 

Ali et al. 

(2024) [184] 
AMD 

ODIR, DR-200, 

RFMiD, ARIA, 

Kaggle 

AMDNet23 (Hybrid CNN-

LSTM) 

Overall Accuracy: 96.50%, 

Sens: 96.50%, Spec: 

99.32%, F1: 96.49% 

Class imbalance. 

Overfitting risk. 

 

7 Performance Evaluation Metrics 

The assessment of the performance of DL and ML models is achieved through the application of various metrics. 

The application of one metric might be insufficient since there is a variety of metrics that evaluate different facets 

of models' performance. Thus, the employment of different evaluation criteria allows comprehending model's per-

formance in a more complete manner and estimating its predictive potential. The following performance metrics 

are typically used: accuracy (Equation (8)), sensitivity (recall) (Equation (9)), specificity (Equation (10)), pre-

cision (Equation (11)), F1-score (Equation (12)), and the area under the curve (AUC) (Equation (13)). All these 

metrics are calculated based on basic classification results and, therefore, reflect the model performance differ-

ently. The accuracy, sensitivity, specificity, precision, and F1-score are calculated as follows: These evaluation 

measures depend on four numbers: True Positives (TP), True Negatives (TN), False Positives (FP), and False 

Negatives (FN). These four numbers describe classification results produced by the model. The true positive rate 

(TPR) and false positive rate (FPR) are calculated based on the previously described values and are needed for 

estimating AUC. This particular metric shows how well the model can separate between two classes depending 

on the decision threshold. All these metrics are easy to calculate with the help of the scikit-learn library. 

 

 

 Accuracy (ACC) =
(TP + TN)

(TP+ TN + FP+ FN)
  Eq. (8) 

 Recall (Sensitivity) =
TP 

(TP+FN)
  Eq. (9) 

 Specificity (SPC) =
TN

(TN+FP)
    Eq. (10) 

 Precision (PPV) =
TP

(TP+FP)
  Eq. (11) 

 F1 − score =
2∗TP

(2∗TP+FP+FN)
  Eq. (12) 

 AUC = ∫ TPR(FPR−1(x))dx
1

x=0
,  TPR =

TP

TP+FN
,    FPR =

FP

FP+TN
  Eq. (13) 

8 Current Challenges and Limitations 

The use of artificial intelligence for analyzing ophthalmological data is a complicated and intricate issue. It entails 
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a variety of aspects that need to be properly considered in order to achieve positive results. Despite the fact that 

considerable advances have been made in both artificial intelligence and medical imaging, there are still some 

problems that hinder the efficiency of existing methods. In particular, the problems of model accuracy and gener-

alization still play an important role. The following is a list of the major challenges and limitations of AI in oph-

thalmology.  

 

 Limited datasets: One of the major drawbacks is the scarcity of extensive and quality ophthalmological da-

tasets for training AI algorithms. Poor-quality images or datasets with bias can result in low model performance 

and limited generalization to different patient groups. Most of the existing databases have relatively small 

sample sizes, inconsistencies in image annotation, and alignment problems across various imaging modalities. 

 No standardization: The absence of common standards for some imaging modalities (e.g., fundus photog-

raphy and OCT) and the representation of clinical metadata. Consequently, heterogeneous data integration is 

hampered by the lack of appropriate AI-ready frameworks for imaging and metadata processing. 

 Data imbalance: Along with data heterogeneity, class imbalance is yet another problem in the development 

of ophthalmic AI systems. The lack of balance between the underrepresented diseases and predominant cate-

gories results in the model being biased towards the majority class and leading to a reduced sensitivity of the 

model to the detection of the less frequent cases.  

 Single-disease focus: Most existing AI models are designed to identify only a single disease. However, in real 

life, people suffer from more than one disease and there is more complexity in the relationships of these con-

ditions. 

 Privacy issues: Serious regulatory and privacy-related issues are associated with the sensitive nature of both 

clinical data and imaging results.  

 Low interpretability: The poor interpretability of neural network architectures commonly used in ophthalmic 

AI makes models difficult to understand and trust. 

9 Future Research Directions 

Recent advances in ophthalmic artificial intelligence have demonstrated strong potential for retinal disease detec-

tion, segmentation, and clinical decision support. However, several previously discussed limitations continue to 

restrict real-world deployment. Consequently, future ophthalmic AI research is increasingly shifting toward sev-

eral emerging directions, including federated learning, explainable AI, foundation models, multimodal learning, 

and real-time clinical deployment. 

9.1 Federated Learning and Privacy-Preserving AI 

One of the major challenges in ophthalmic imaging is the limited availability of large and diverse multicenter 

datasets. Privacy regulations and institutional restrictions often prevent direct sharing of retinal images across 

hospitals. Consequently, federated learning (FL) has become a promising approach for collaborative development 

of ophthalmic AI, which allows multiple institutions to train shared models without transferring patient data be-

tween institutions [187], [188]. This approach can enhance the protection of privacy and the generalizability of the 

model in other patient populations and imaging modalities. FL can deliver performance similar to centralized 

training in retinal imaging applications, including diabetic retinopathy classification and OCT/OCTA analysis, 

without compromising data privacy [189]. However, domain heterogeneity is still a big challenge due to the dif-

ferences in scanners, image quality, and acquisition protocols, which can reduce the robustness of the model across 

institutions [158]. Thus, future research should work on integrating FL with domain adaptation, self-supervised 

pertaining, and utilizing transformer-based encoders to boost the cross-site generalization and fairness. 

 

9.2 Self-Supervised Learning 

Lack of expert-labeled ophthalmic datasets is still a key bottleneck in the field of medical image analysis. As 

retinal image annotation is often a specialist task, self-supervised and semi-supervised learning approaches which 

can learn meaningful visual representations from unlabeled data [190], which could have a great impact in reducing 
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the associated annotation burden. Taken together, the main future research question is no longer whether ophthal-

mic AI can work with labels alone, but how to build reusable pertained representations that transfer across tasks, 

modalities, populations, and care settings with minimal annotation burden. 

9.3 Vision Transformers (ViTs) 

Recently, vision Transformer (ViT) has become a popular technique in retinal image analysis, as it has the ability 

to simultaneously extract the local lesions and global spatial relationships via self-attention mechanisms. This 

offers a natural fit for ophthalmology applications where pathological findings (e.g., vascular pathology, changes 

in the optic disc and retinal lesions) may often also be confined to localized image regions. Also, the transformer 

may be more robust than standard CNN systems in the face of domain shift and image artifacts [191]. However, 

ViTs take larger quantities of data and have higher computational requirements, making a case for larger metacen-

tric datasets, more computationally efficient pretraining approaches, as well as lightweight hybrid networks suita-

ble for clinical deployment. 

9.4 Foundation Segmentation Models and Segment Anything Model (SAM) 

In ophthalmic imaging, segmentation is a crucial aspect as clinicians often need to analyze retinal layers, vessels, 

lesions, and fluid region structure levels. Recently, the Segment Anything Model (SAM) introduced a foundation-

style promotable segmentation framework trained on extremely large-scale image-mask datasets [192]. This has 

led to a lot of research on adapting foundation segmentation models to retinal imaging applications. Looking 

ahead, the real question is not if SAM is interesting but how it can be used in ophthalmology to its benefit. The 

major focus areas should include tuning of the ophthalmic-specific algorithms, evaluation of existing OCT and 

fundus data from multiple devices, improved clinician interaction prompts and user interfaces, and integration 

with clinical workflows where segmentation can support measurement and monitoring rather than only visual 

demos [193]. 

9.5 Edge AI and Real-Time Clinical Deployment 

Another area of development in the future is AI systems for the ophthalmic field that are lightweight and real-

time, appropriate for teleophthalmology, mobile screening, and low-resource clinical settings [194]. Numerous 

models have been developed that reach high benchmark accuracy but are not easily deployable due to their com-

putational cost. Future work should therefore emphasize model compression, efficient inference, and hardware-

aware optimization for edge devices such as portable retinal cameras and embedded diagnostic systems. In addi-

tion, integration with hospital workflows, picture archiving systems (PACS), and clinical decision-support plat-

forms will be critical for large-scale adoption [195]. Importantly, future edge AI systems need to be robust and 

calibrated despite having less computational complexity. 

9.6 Multimodal Learning 

Future ophthalmic AI systems will also shift from single modality analysis to combining multiple imaging modal-

ities and clinical data sources. A recent study indicates that integration of fundus photography, OCT, OCTA, 

angiography, clinical metadata, and genetics could enhance the diagnostic value and deepen the understanding of 

disease mechanisms [196]. But there are still significant challenges in a multimodal approach to data collection, 

including missing modalities, fusion strategy, privacy protection, and standardization of datasets. Consequently, 

future research should prioritize large paired multimodal datasets, robust multimodal fusion architectures, and 

clinically validated multimodal foundation models capable of supporting real-world ophthalmic decision-making. 

10 Conclusion 

This review demonstrates that artificial intelligence has fundamentally transformed the landscape of ophthalmic 

imaging analysis, enabling automated diagnostic systems that approach or match expert-level performance across 

major ocular diseases: Diabetic Retinopathy, Cataract, Glaucoma, and Age-Related Macular Degeneration. The 

convergence of deep learning architectures, transfer learning strategies, attention mechanisms, and transformer-

based models has substantially advanced the capacity of computer-aided diagnosis systems to detect subtle patho-

logical features, stratify disease severity, and support clinical decision-making in settings where specialist access 

remains limited. 
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Despite these technical advances, the transition from benchmark performance to reliable clinical deployment re-

mains constrained by a set of persistent and interconnected challenges. Data-related limitations, including class 

imbalance, inconsistent annotation protocols, imaging device heterogeneity, and domain shift across institutions 

and populations, continue to undermine model generalizability and external validity. Furthermore, the absence of 

clinical validation across the reviewed literature suggests that reported accuracy metrics may not accurately reflect 

real-world diagnostic reliability. In addition, the issues of patient data privacy, algorithmic transparency, and the 

inherent opacity of deep learning models remain unresolved and represent significant barriers to regulatory ap-

proval and clinician trust.  

It is therefore essential to emphasize that AI systems in ophthalmology are intended to function as decision-support 

tools that augment clinical expertise rather than replace it. The most meaningful advances in the field will likely 

emerge not from incremental accuracy improvements on existing benchmarks, but from rigorous multi-center val-

idation studies, standardized evaluation frameworks, demographically diverse datasets, and collaborative devel-

opment processes that incorporate the clinical knowledge of ophthalmologists alongside the technical contribu-

tions of AI researchers. Addressing these gaps systematically will be critical to realizing the full potential of AI in 

reducing the global burden of preventable visual impairment. 
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