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ABSTRACT

Diabetic retinopathy (DR) is a leading cause of preventable vision impairment, requiring scalable and reliable
screening solutions. Artificial intelligence (Al), particularly machine learning and deep learning, has significantly
advanced the automation of DR classification from retinal fundus images. This paper presents a systematic review
of Al-based DR classification approaches, focusing on binary classification, multi-class severity grading and
lesion-based methods and introduces a taxonomy based on their clinical objectives. The review covers state-of-
the-art models, including convolutional neural networks, vision transformers, attention mechanisms and ensemble
techniques, as well as their pre-processing strategies and evaluation protocols. Common benchmark datasets are
analyzed in terms of class distribution and their impact on performance. While current models achieve high
accuracy on standard datasets, challenges remain in generalization, class imbalance and reliable detection of
early-stage DR. Lesion-based approaches improve interpretability, but are often not fully integrated into grading
frameworks. Overall, this review highlights key limitations and outlines future directions toward developing
robust, interpretable and clinically deployable DR classification systems for real-world screening.
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1. INTRODUCTION

Diabetic Retinopathy (DR) is a significant public health issue impacting millions globally, resulting in
vision impairment and blindness if not addressed, primarily affecting those with chronic diabetes
[1].[2],[3]. The illness involves damage to the retinal blood vessels caused by persistent hyperglycemia,
which triggers vascular leakage and capillary occlusion [4]-[5]. This process leads to specific
abnormalities, including microaneurysms, hemorrhages, exudates and neovascularization [1], [6]. The
quick and accurate diagnosis of DR is essential to avert vision impairment, as timely intervention can
markedly enhance patient prognoses and prevent the disease from escalating to irreversible stages [2],

(4], [7]-8].

Traditional DR screening relies on manual examination of retinal fundus images by trained
ophthalmologists [4], [7], [9]-[10]. Although effective, this approach is time-consuming, costly and
subject to inter-observer variability, meaning that the level of agreement among specialists can vary
significantly [11]-[12]. Furthermore, many regions—particularly rural and low-resource areas—lack
sufficient ophthalmology specialists, leading to delayed diagnosis and treatment [6], [9]. Recent
advances in artificial intelligence (Al), particularly machine learning (ML) and deep learning (DL), have
transformed medical image analysis and offered promising solutions for automated DR detection [6],
[9], [13]. Al-based systems can analyze retinal images efficiently, detect pathological features, classify
disease severity and assist clinicians in large-scale screening programs [3], [14]. The availability of large
datasets (such as EyePACS and APTOS 2019), improvements in computational power and the success
of convolutional neural networks (CNNSs) have accelerated research in this domain [15]-[16].

This paper presents a comprehensive review of Al techniques for the automatic detection and
classification of DR. It highlights key factors that affect the performance of DR classification systems,
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including image quality, feature representation, learning strategies and dataset characteristics. The
reviewed studies emphasize the importance of robust Al models for early diagnosis, large-scale
screening and clinical decision support. In addition, this paper summarizes current limitations, open
challenges and future research directions in DR classification.

Unlike previous surveys that primarily summarize CNN-based DR classification models, this review
offers a broader, more critical analysis of recent Al-driven DR detection approaches. The proposed
survey introduces a unified taxonomy encompassing binary classification, multi-class grading, hybrid
frameworks and lesion-based methods. Furthermore, this work critically examines emerging trends,
including vision transformers (ViTs), graph neural networks, multi-modal learning and quantum-
inspired approaches, while emphasizing challenges related to dataset bias, cross-dataset generalization,
explainability, reproducibility and real-world clinical deployment. The review also highlights the gap
between high benchmark performance and practical clinical applicability, thereby providing a more
comprehensive perspective on future-research directions.

The remainder of this paper is organized as follows. Section 2 presents the systematic review
methodology. Section 3 describes the general framework for automated DR classification. Section 4
presents a taxonomy of classification approaches, including binary and multi-class severity grading.
Section 5 reviews existing classification methods. Section 6 summarizes the benchmark datasets
commonly used for DR detection. Section 7 presents a critical discussion of the reviewed literature,
highlighting methodological challenges, dataset bias, reproducibility concerns, clinical deployment
barriers and emerging research directions. Finally, Section 8 concludes the paper by outlining future
opportunities to advance robust, interpretable and clinically deployable DR detection systems.

2. SYSTEMATIC REVIEW METHODOLOGY

This review was conducted following a systematic literature review methodology to ensure
transparency, reproducibility and comprehensive coverage of recent advances in Al-driven DR
detection. Relevant studies published between 2018 and 2025 were retrieved from major scientific
databases, including IEEE Xplore, Scopus, Web of Science, PubMed, ScienceDirect and SpringerLink.
Search queries included combinations of keywords, such as “DR”, “DL”, “Al”, “retinal fundus images”,
“CNN”, “ViT” and “DR grading”.

The inclusion criteria considered peer-reviewed studies that focused on Al-based DR detection or
grading using retinal fundus images and reported quantitative evaluation metrics. Studies unrelated to
DR classification, non-English publications, duplicate papers and articles lacking sufficient
experimental details were excluded. The screening process involved title and abstract filtering, followed
by full-text assessment. Duplicate studies were removed and the selected articles were analyzed for
methodology, datasets, evaluation metrics, strengths and limitations. A PRISMA-style workflow
illustrating the study selection procedure is shown in Figure 1.

2.1 Quality Assessment of Included Studies

To improve the scientific rigor of this systematic review, the included studies were qualitatively assessed
rather than ranked using a numerical scoring system. The assessment considered several methodological
dimensions, including dataset transparency and characteristics, annotation quality and grading
procedures, the suitability of reported evaluation metrics and the handling of class imbalance. Attention
was given to the validation strategy, especially the presence of external validation, the level of
methodological detail provided to support reproducibility and the use of interpretability techniques, such
as explainable Al methods or lesion-based analysis. In addition, the studies were evaluated with respect
to their discussion of clinical relevance, practical deployment considerations and acknowledgment of
limitations. This qualitative assessment supported the critical synthesis presented throughout the
manuscript and facilitated a more balanced interpretation of reported performance beyond accuracy
values alone.

3. THEORETICAL FRAMEWORK FOR AUTOMATED DR DETECTION

The general framework for detecting DR comprises sequential stages that transform raw retinal images
into clinically meaningful diagnostic outcomes [2], [7], [17]. The process begins with data acquisition,



299

Jordanian Journal of Computers and Information Technology (JJCIT), Vol. 12, No. 03, September 2026.

in which retinal fundus images are captured using specialized imaging devices, such as digital fundus
cameras, either in clinical settings or from publicly available datasets, such as EyePACS, Messidor or
IDRID [2], [4], [18]. These images often vary in resolution, illumination and quality, which necessitates
the next stage, pre-processing [4], [19]. Pre-processing aims to enhance image quality and standardize
the input data by applying techniques, such as resizing, normalization, contrast enhancement (e.g.,
CLAHE), noise reduction and illumination correction [2], [19]. This stage improves the visibility of
critical retinal structures and pathological signs associated with DR, such as blood vessels and lesions
[1], [19].

After pre-processing, feature extraction is performed to get discriminative information from the retinal
images [2], [4], [20]-[21]. Features may be handcrafted—such as texture, color and morphological
descriptors—or automatically learned using DL models, which can capture complex spatial patterns
related to DR lesions [1], [4], [22]. Finally, the extracted features are utilized in the classification or
segmentation stage, where ML or DL models assess the presence and severity of DR or to localize
specific lesions, such as microaneurysms, hemorrhages and exudates [2], [4], [7], [23]. These stages
together form an integrated framework that enables accurate, efficient and automated detection of DR,
supporting early diagnosis and large-scale screening programs [2], [4], [24], as shown in Figure 2.
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Figure 1. PRISMA-based workflow for identification, screening, eligibility assessment and inclusion
of studies in the systematic review.
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Figure 2. General framework for automated DR detection.

Although lesion segmentation plays an important role in retinal-image analysis by localizing
pathological structures, such as microaneurysms, hemorrhages and exudates, the primary focus of this
survey is classification-based DR detection and grading approaches. Accordingly, segmentation
methods are discussed only in relation to their contribution to feature representation, interpretability and
lesion-aware classification frameworks rather than as standalone segmentation systems. A
comprehensive analysis of retinal lesion segmentation techniques remains an important direction for
future review studies.

4, TAXONOMY OF DR DETECTION APPROACHES

The taxonomy of DR detection approaches, illustrated in Figure 3, is developed through a systematic
analysis of the reviewed literature and reflects the major methodological and clinical directions in Al-
driven DR diagnosis. The taxonomy categorizes DR detection approaches into four main groups: binary
classification, multi-class severity grading, hybrid binary—multi-class frameworks and lesion-based
classification approaches. Binary-classification approaches primarily focus on efficient screening tasks,
such as distinguishing DR from non-DR or referable from non-referable cases, making them suitable
for large-scale screening systems. In contrast, multi-class grading approaches aim to provide more
clinically meaningful assessments of severity by categorizing retinal images into multiple DR stages.
However, increasing grading granularity introduces greater challenges related to class imbalance,
annotation variability and inter-class similarity.

Lesion-based approaches emphasize interpretability by explicitly identifying pathological retinal
features, such as microaneurysms, hemorrhages and exudates. These methods provide clinically
explainable predictions, but often require detailed lesion annotations and higher computational
complexity. More recent hybrid and multi-modal frameworks attempt to combine the strengths of
different approaches by integrating lesion localization, global contextual learning and attention-based
feature extraction to improve robustness and generalization. The taxonomy also highlights the evolution
of DR detection research from performance-oriented classification systems toward more explainable,
generalized and clinically deployable Al frameworks. This progression reflects the growing emphasis
on interpretability, fairness, cross-dataset generalization and real-world clinical applicability in modern
DR detection systems.

— DR Detection

— Binary Quality assesment
Multi-Class | | Referable VS
(Grading) Non-Referable

DR Classification =

| |Binary and Multi-
class

Lesion Based
Classification

Figure 3. Taxonomy of DR detection.

Based on this taxonomy, the following sections systematically review the literature within these
categories. For each category, studies are analyzed in terms of their objectives, methodologies, datasets
and evaluation metrics. A critical comparison is also provided, highlighting strengths, limitations and



301

Jordanian Journal of Computers and Information Technology (JJCIT), Vol. 12, No. 03, September 2026.

challenges in terms of accuracy, generalization and clinical applicability. Accordingly, Table 2
summarizes binary classification studies, Table 3 reviews multi-class severity grading, Table 4 presents
combined approaches and Table 5 covers lesion-informed classification methods.

5. DR CLASSIFICATION-BASED APPROACHES

The classification of DR is crucial for early diagnosis and treatment, as it ranges from mild non-
proliferative stages to severe proliferative forms that may lead to vision loss. Accurate classification
helps determine the appropriate management strategies and monitor disease progression, making it a
vital aspect of diabetic care [25]. DR is categorized into two main phases: non-proliferative DR (NPDR)
and proliferative DR (PDR) [4]. NPDR is further divided into mild, moderate and severe stages based
on the presence of specific retinal lesions. The standardized DR severity scale is summarized in Table
1, which outlines 5 distinct stages determined by lesion characteristics observed in retinal fundus images.
They can also be categorized as non-referable DR (RO and R1) and referable DR (R2, R3 and R4).

Table 1. DR grade based on the international clinical DR disease severity scale (ICDRDSS) [26].

Grade Description

RO - No DR No visible sign of abnormalities

R1 - Mild NPDR Only the presence of microaneurysms

R2 - Moderate NPDR Below severe NPDR and above just microaneurysms
R3 - Severe NPDR No signs of PDR and any of the following:

1. Each of the four quadrants has above 20 intraretinal hemorrhages
2. Two or more quadrants have definite venous beading

3. One or more quadrants with prominent IRMA

R4 - PDR Either one or all of the following:

1. Existence of neovascularization

2. Vitreous/pre-retinal hemorrhages

5.1 Binary DR Classification

This subsection reviews studies that address binary DR classification, where retinal fundus images are
categorized into two classes, such as DR versus non-DR, healthy versus unhealthy, referable versus non-
referable DR, NPDR versus PDR or gradable versus non-gradable images. Binary classification remains
widely adopted due to its effectiveness in large-scale screening and referral decision support. Table 2
summarizes representative binary DR classification studies, highlighting their pre-processing
techniques, datasets, methodologies, strengths and limitations.

Hu et al. [27] proposed graph adversarial transfer learning (GATL) for DR classification to address
limited annotations and domain variability across retinal imaging devices. GATL integrates self-
supervised learning, graph neural network (GNN)-based feature extraction and adversarial domain
adaptation for intra- and inter-domain alignment. Evaluated on the APTOS 2019 and EyePACS datasets,
it achieves accuracies of 94.3% and 92.7%, respectively, with high sensitivity and specificity. Its
strengths include effective domain adaptation and the utilization of unlabelled data to improve
classification performance. However, the method is limited by GNN assumptions, instability in
adversarial training and the complexity of retinal-image characteristics. The hierarchical DL framework
(HDeep) [28] is proposed for DR classification using a combination of DenseNet-121 and EfficientNet-
B7 models trained on the Kaggle APTOS dataset (5,590 retinal images). The methodology reformulates
the multi-class problem into four binary classification tasks and employs image enhancement and data
augmentation to address class imbalance. The model achieves a Kappa score of 0.911 and an accuracy
of 85.3%, outperforming comparable approaches. Its strengths include a scalable hierarchical
architecture and an effective augmentation strategy, while limitations stem from severe class imbalance
and the difficulty of distinguishing between similar DR severity levels.

A hybrid CNN-based DR classification model is proposed in [4] to address the challenges of manually
detecting DR in fundus images. The method combines InceptionV3 and ResNet50 for feature extraction,
then concatenates the features and performs classification with a CNN. The study uses 44,119 retinal
images from a public dataset across five DR severity classes, applying pre-processing and data
augmentation to enhance image quality and model robustness. The proposed approach achieves 96.85%
accuracy and outperforms existing methods in sensitivity, specificity, precision and F1-score. Its main
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strength lies in the effective integration of multiple DL architectures for improved classification
performance. However, the model is evaluated on a single dataset, which may limit its generalizability
to diverse clinical populations. A faster RCNN-based DR detection framework is proposed in [2] for
early diagnosis by integrating fused features extracted from fundus images. The method combines
histograms of oriented gradient (HOG), Shearlet transform and RCNN features into a unified feature
vector after image pre-processing and noise reduction using an adaptive filter. Experiments conducted
on a dataset of 21,171 fundus images achieved 98.58% accuracy, 97.12% specificity and 95.72%
sensitivity. The primary strength of the approach lies in its feature-fusion strategy, which enhances
detection performance compared with existing methods. However, the model still misclassifies some
DR cases and requires further training and fine-tuning to improve accuracy and reduce computational
cost.

A novel retinal image-quality assessment (RIQA) standard [29] is proposed that classifies retinal images
into four quality grades by integrating image quality, retinal structure and DR lesion features. The
method employs an attention-dilated dense network (ADD-Net), a lightweight DenseNet-based
architecture that incorporates stacked dilated convolutions and attention to enhance feature
representation while maintaining low computational complexity. Using the re-labeled Kaggle retinal
image quality dataset, ADD-Net achieves 97.03% accuracy, 97.06% precision and 98.31% sensitivity,
outperforming existing approaches. The main strengths of the approach include the establishment of a
comprehensive RIQA framework and the suitability of ADD-Net for deployment on portable devices.
However, the dataset exhibits class imbalance, which may introduce bias and affect the model's
generalizability. Pavithra et al. [30] proposed an ensemble DL framework for DR detection using
VGG19, Inception V3 and ResNet50 for feature extraction, followed by CNN-based classification. The
model is evaluated on a fundus-image dataset comprising 2,076 training, 531 validation and 231 test
images, with data augmentation and image enhancement applied during pre-processing. The ensemble
approach achieves an accuracy of 98.47%, outperforming the individual models. The study's main
strength lies in its effective integration of multiple DL architectures for binary DR classification.
However, its performance depends on the availability of high-quality fundus images, which may limit
generalizability in real-world clinical settings.

Table 2. Comparison of Al-based methods for binary DR classification.

Ref. | Pre-processing | Datasets Methods Strengths Limitations

[27] |Resizing EyePACS, GATL Domain adaptation and GNN assumptions, adversarial
(512x512) APTOS graph learning improve instability, complex retinal

robustness images

[28] |CLAHE, vessel | APTOS HDeep (DenseNet121 |Hierarchical classification Sensitive to class imbalance
enhancement + EfficientNet-B7) strategy

[4] |Histogram OCT/Fundus Hybrid CNN Effective feature fusion Single-dataset evaluation
equalization (ResNet50 +

InceptionV3)

[2] [Filtering, DIARETDB1, |Faster-RCNN +HOG |Excellent detection accuracy | Misclassification remains for
cropping DDR, Kaggle + Shearlet some DR cases

[29] |Cropping, DR1, DRIMDB, | ADD-Net Lightweight and deployable | Dataset-quality imbalance
resizing Kaggle

[30] |Normalization, |Kaggle Ensemble CNN Ensemble improves Requires high-quality images
cropping robustness

5.2 Multi-class DR Classification

Multi-class classification in DR involves categorizing retinal images into more than two classes, such
as different disease stages or severity levels. Also, Grading in DR refers to assigning a severity level or
stage to the disease based on specific criteria, such as lesions, hemorrhages, exudates or microaneurysms
[20]. Table 3 summarizes the key studies reviewed in this sub-section, highlighting their pre-processing
techniques, datasets, methodologies, strengths and limitations in multi-class DR classification and
grading.

A novel self-supervised pre-training method, MIE-DR [31], is proposed to leverage unlabelled multi-
modal ophthalmic data to learn both shared and modality-specific retinal representations for DR grading.
The method is evaluated on the IDRID and Messidor datasets, with cross-dataset validation on the
EyePACS-Kaggle and Messidor-2 datasets. Experimental results demonstrated superior transfer
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learning (TL) performance compared with ImageNet pre-training and other multi-modal approaches,
resulting in improved DR classification and grading accuracy. The main strength of MIE-DR lies in its
ability to effectively exploit multi-modal information during pre-training, thereby enhancing feature
representation and generalization. However, its performance depends on the availability of multi-modal
data and fine-grained DR grading remains challenging. A hybrid retinal image-enhancement framework
for DR detection is proposed in [19] to address low contrast, noise and uneven illumination in fundus
images. The method employs image cropping and Gaussian blurring as preprocessing steps, followed
by a DL-based classification model using a modified ResNet50 architecture. Evaluation on the
EyePACS and MESSIDOR datasets demonstrates substantial performance improvements, with
classification accuracy increasing from 73% to 92% and from 79.2% to 93.6%, respectively. The main
strength of the approach lies in its effective image-enhancement strategy, which improves feature
extraction and classification performance. However, the study is limited by the need for further
investigation into enhancement techniques to improve contrast and image sharpness, thereby supporting
more reliable DR diagnosis. In [21], the authors propose a multi-stage patch-based deep CNN
(MPDCNN) that combines the InceptionV3 and Xception models for automated DR grading. The
method analyzes overlapping image patches extracted from 2,290 high-resolution fundus images,
sourced from hospital and public datasets, to enhance feature representation and classification accuracy.
Using five-fold cross-validation, MPDCNN achieves an accuracy of 96.2%, outperforming several
existing approaches. The primary strength of the model lies in its effective integration of shallow and
dense CNN features, which improves grading performance. However, its ability to further differentiate
high-risk PDR cases remains limited, indicating the need for more advanced DL techniques for fine-
grained severity classification.

Bogacsovics et al. [32] proposed a DR detection framework that combines hand-crafted features with
neural network—extracted features to improve automated fundus-image classification. Using a retinal-
image dataset, the method applies pre-processing techniques, including contrast-limited adaptive
histogram equalization and illumination equalization, to enhance lesion-specific feature extraction. The
results demonstrate superior predictive performance compared with conventional approaches that rely
solely on neural-network features. The main strength of the study lies in the effective integration of
hand-crafted and deep features, which improves classification accuracy. However, the approach is
limited by its reliance on a single hidden-layer architecture and requires further investigation of more
advanced architectures to optimize feature fusion and overall performance. A ViT-based DL framework
is proposed in [16] for automated DR severity detection by capturing long-range image dependencies
through TL. The model is trained on the fine-grained annotated DR (FGADR) dataset using image
normalization, data splitting, balancing and augmentation techniques, including flipping and
transposition. Experimental results demonstrate superior performance compared with state-of-the-art
CNN models, achieving an F1-score of 0.825. The study's strengths include the introduction of a novel
VIT architecture and the investigation of data-balancing strategies. However, its effectiveness largely
depends on the availability of large, annotated datasets, which may limit its applicability in data-
constrained settings. She et al. [18] proposed a generative adversarial network (GAN) model to translate
color fundus (CF) images into venous and late-phase fundus fluorescein angiography (FFA) images for
enhanced DR screening. Pre-processing includes pixel-level image matching and filtering out poorly
registered pairs, while augmentation involves random horizontal flips and rotations during training. The
model is trained on 51,370 CF—venous FFA pairs and 14,644 CF-late FFA pairs, collected from 4,438
patients and is externally evaluated on the EyePACS and MESSIDOR2 datasets. Results demonstrate
improved classification performance, with area under the receiver operating characteristic curve (AUC)
increasing from 0.912 to 0.939 on EyePACS and from 0.952 to 0.972 on MESSIDOR?2, while diabetic
macular edema (DME) detection AUC improves from 0.927 to 0.974. The framework enhances DR
screening by providing FFA-like information when conventional FFA is unavailable. However, the
generated images may be less accurate in detecting subtle lesions and further prospective clinical
validation is required.

Mahesh Patil et al. [15] proposed a DL-based DR detection framework using a ResNet-50 architecture,
trained on the APTOS dataset and evaluated on the EyePACS dataset. The method incorporates image
pre-processing, data augmentation and test-time augmentation (TTA) to improve classification
performance and address data imbalance. Experimental results achieve a multi-class accuracy of 97.87%
and a quadratic weighted kappa (QWK) score of 0.985, demonstrating strong generalization across
datasets. The main strengths of the approach include its high classification accuracy, effective use of
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augmentation strategies and cross-dataset evaluation capability. However, its reliance on specific
benchmark datasets may limit generalizability to other DR image distributions and real-world clinical
settings. A blended DL framework for DR grading is proposed in [11], which combines predictions from
multiple DL models and employs 5-fold cross-validation to improve robustness and reduce overfitting.
The model is trained on 33,310 fundus images from the EyePACS, APTOS, Messidor-2 and IDRiD
datasets, with contrast-limited adaptive histogram equalization (CLAHE) and data augmentation applied
to enhance contrast and balance the class distribution. The blended model achieves superior performance
compared with individual DL architectures, demonstrating improved predictive accuracy and reliability.
Its main strength lies in reducing classification bias through ensemble learning. However, its
effectiveness remains dependent on dataset quality and further refinement is required to address
ungradable images and misclassified samples. Athira and Nair [33] proposed a DL-based framework for
automated DR detection and classification into No DR, NPDR and PDR stages using a sub-set of 3,386
fundus images from the APTOS dataset. The methodology incorporates image resizing, grayscale
conversion, Gaussian blurring, circular cropping and optimized parameter tuning, followed by
classification using a ResNet50-based network. The model achieves 94.7% classification accuracy and
99.8% detection accuracy, outperforming several comparative approaches. The main strengths of the
framework include effective pre-processing, optimized training and enhanced detection of subtle retinal
features. However, its performance may be affected by variations in image quality across the dataset
and by challenges in distinguishing visually overlapping DR classes.

A DL multi-label feature extraction and classification (ML-FEC) model [34] employs pre-trained CNN
architectures, including ResNet50, ResNet152 and SqueezeNetl, for multi-label lesion detection and
classification in color fundus photographs (CFPs) to support early DR diagnosis. The methodology
incorporates principal component analysis (PCA)-based feature extraction and data augmentation
through image rotation to improve generalization. Using a fundus-image dataset, the model achieves
accuracies of 94.40%, 93.67% and 91.94% for ResNet152, ResNet50 and SqueezeNet1, respectively,
with low hamming loss values, demonstrating its effectiveness for clinical-screening applications. A key
strength of the proposed framework is its fully automated multi-label DR detection capability, which
supports scalable screening applications. However, its effectiveness is limited by the scarcity of large
publicly available datasets with comprehensive lesion annotations, emphasizing the need for validation
on larger, more diverse datasets to improve generalizability and clinical reliability. A graph CNN
(GCNN) integrated with a variational autoencoder (VAE) framework is proposed in [20] for DR severity
classification by combining local appearance features with global retinal vessel topology. The method
utilizes contrast enhancement and data augmentation to improve image quality and address class
imbalance and is evaluated on the Kaggle and EyePACS datasets. Experimental results achieve 90.34%
accuracy on EyePACS, outperforming existing approaches by 2.85% while maintaining high sensitivity
and specificity. The main strength of the approach lies in the effective integration of GCNN and VAE
for enhanced feature representation. However, its adaptability to real-world clinical settings remains
limited and further optimization is required to improve deployment feasibility. Mahmood et al. [35]
presented a hybrid DR classification framework that integrates morphological image processing with
the Inception v3 DL model to classify fundus images into five DR stages: normal, mild NPDR, moderate
NPDR, severe NPDR and PDR. The approach is evaluated on the Messidor and Kaggle datasets and
incorporates pre-processing steps, including blood-vessel segmentation, optic disc and macula
localization and microaneurysm (MA) and hemorrhage (HEM) detection. The model achieves an overall
accuracy of 96.83% with high sensitivity and specificity, demonstrating the effectiveness of combining
image processing and DL techniques for automated DR diagnosis. A key strength of the framework is
its ability to perform DR classification without expert supervision, while its main limitation is its
dependence on image quality, which may affect diagnostic performance.

Raiaan et al. [7] proposed RetNet-10, a lightweight DL model based on a shallow CNN architecture for
five-class DR classification. The model is trained on a combined dataset of 5,819 fundus images from
APTOS, Messidor2 and IDRID, with pre-processing techniques for noise and artifact removal and data
augmentation using geometric, photometric and elastic deformation methods. RetNet-10 achieves a
testing accuracy of 98.65%, outperforming several state-of-the-art models while maintaining low
computational complexity. The main strength of the model lies in its ability to balance high classification
performance with efficient processing. However, its performance may be affected by dataset imbalance
and variations in image quality across the merged datasets. Mishra et al. [36] proposed a cascaded voting
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ensemble deep neural network (DNN) for DR-severity classification. The method utilizes multi-level
Otsu thresholding for fundus-image segmentation and combines the gray-level co-occurrence matrix
(GLCM) feature extraction with dynamic flamingo optimization. Evaluated on fundus-image datasets,
the model achieves high sensitivity, specificity, accuracy, precision and F1-score, demonstrating
effective DR grading. Its main strength is the integration of multiple learning strategies within a robust
classification framework aligned with standard grading systems, while its limitation is the increased
computational complexity of the ensemble-based architecture. The fundus gradability-recognition
network (FGR-Net) is proposed in [37] for automated assessment of retinal-image quality in computer-
aided design (CAD) systems. The framework combines a deep autoencoder for self-supervised feature
extraction and image reconstruction with a classifier to distinguish gradable from ungradable fundus
images. Evaluated on retinal-image datasets, FGR-Net achieves over 89% accuracy and 87% F1-score
while providing interpretable visual feedback for ophthalmologists. Its main strength lies in enhancing
the interpretability of fundus-image quality assessment; however, its performance in real-time clinical
settings and across diverse datasets requires further investigation.

Nazir et al. [38] proposed a weighted-average ensemble model that combines Inception-v3, VGG16 and
a custom CNN for early DR detection, using the APTOS 2019 dataset (3662 training and 1992 test
images). The approach incorporates image resizing and data-augmentation techniques, including
rotation, zooming and flipping, to improve data diversity and reduce overfitting. The model achieves an
accuracy of 95.06%, a precision of 87.88%, a recall of 83.78% and an F1-score of 85.69%. Its primary
strength lies in integrating multiple DL models to develop an effective automated DR-screening system
that can support clinical decision-making. However, its evaluation is limited by the use of a competition
dataset without test labels, thereby restricting comprehensive performance validation. Xu et al. [25]
proposed RT2Net, a multi-view joint learning framework for DR diagnosis that integrates global fundus-
image features with local vascular features to improve classification performance. The methodology
employs CLAHE and vascular segmentation, followed by feature extraction through dual-branch
networks. Evaluated on the EyePACS and APTOS 2019 datasets, RT2Net achieves accuracies of 88.2%
and 85.4%, respectively, with corresponding AUC values of 0.98 and 0.96. The model's main strength
lies in its ability to leverage complementary global and local information to enhance diagnostic
accuracy. However, its reliance on both feature representations may still result in misclassification in
complex cases and increase model complexity. Liu [39] proposed a cascaded hybrid attention network
(CHAN), which employs residual hybrid attention modules (RHAM) to extract features by combining
channel attention and multi-head self-attention. The model is tested on the MESSIDOR dataset, which
is partitioned into training, validation and test sets, with data augmentation techniques applied to expand
the dataset to approximately 12,000 images. The training regimen includes 100 epochs with an Adam
optimizer, achieving an accuracy rate of 96.34%, placing the method second among existing DR
classification techniques. The main contributions include introducing the CHAN framework and
effectively integrating attention mechanisms to enhance feature extraction. Limitations include the
model's reliance on dataset quality and the potential challenges of optimizing attention mechanisms.

An attention-based DL framework for automated DR grading is proposed in [40], employing separate
attention mechanisms for dark and bright retinal lesions using image-level labels only. The model is
evaluated on the Kaggle DR dataset (35,126 training and 53,576 testing images) and achieves 83.7%
accuracy and a QWK of 0.78, outperforming several existing methods. Its primary strength lies in
generating interpretable attention maps that enhance clinical explainability. However, the image-
decomposition process is computationally intensive and performance remains limited for certain
severity classes, particularly classes 1 and 4. The DR Grading CNN (DRGCNN) [41] addresses DR
grading challenges associated with class imbalance and the neglect of binocular relationships in fundus
images. The model employs a CAM-EfficientNetVV2-M encoder for feature extraction and a binocular
feature-fusion network (BFFN) to integrate information from both eyes. Evaluation on the EyePACS
(88,702 images) and Messidor-2 (1,748 images) datasets yields kappa scores of 86.62% and 86.16%,
respectively, while achieving 89.06% when trained on EyePACS and tested on Messidor-2. The model
enhances grading performance through balanced channel allocation and binocular feature fusion and
improves interpretability using Grad-CAM. However, its performance remains affected by class
imbalance and the quality of input fundus images. Naz et al. [42] proposed a robust fuzzy local
information K-means clustering algorithm for DR detection that enhances conventional K-means by
incorporating localized information into the clustering process. The method is evaluated on the IDRID,
Kaggle and Shiva Netralaya fundus-image datasets, with pre-processing and data-augmentation
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techniques applied. Experimental results achieve 94.4% accuracy with an average execution time of
17.11 seconds and 97% accuracy under noisy conditions. The approach improves unsupervised DR
detection and robustness to noise; however, its scalability to large datasets and dependence on random
centroid initialization may affect efficiency and convergence.

Table 3. Comparative analysis of multi-class DR classification methods.

Ref. | Pre-processing Dataset Methods Strengths Limitations
[31] |Resizing, EyePACS, Messidor, Self-supervised MIE | Multi-modal representation | Requires multi-modal data
normalization IDRID learning
[19] |Cropping, Gaussian | EyePACS, MESSIDOR Modified ResNet50 Image enhancement Sensitive to image quality
blur improves grading
[21] |Patch generation LFH, DIARETDB, MPDCNN Multi-stage feature High computational cost
STARE, Kaggle extraction
[32] |CLAHE Kaggle, Messidor, IDRID |CNN + handcrafted Combines clinical and DL Limited architecture
features features exploration
[16] | Cropping, FGADR ViT Captures global Requires large training
normalization dependencies data
[18] |Registration and Private, EyePACS, GAN + CNN Novel multi-modal image Clinical validation needed
filtering MESSIDOR?2 translation
[15] | Gaussian filtering | APTOS, EyePACS ResNet50 + TTA Excellent cross-dataset Dataset dependency
performance
[11] |CLAHE EyePACS, APTOS, Blended DL Reduces classification bias | Moderate grading
IDRID performance
[33] |Resizing, grayscale, | APTOS ResNet50 Hybrid Optimized pre-processing Image-quality variability
blur pipeline
[34] |Rescaling, CLAHE | Retinal benchmark dataset |PCA + CNN Multi-label lesion analysis Limited dataset size
[20] |Contrast EyePACS GCNN + VAE Exploits vascular topology | Clinical adaptation needed
enhancement
[35] | CLAHE, vessel DRIVE, Messidor, Kaggle | Morphology + Lesion-aware classification | Dependent on image
extraction InceptionV3 quality
[7] |Noise removal APTOS, Messidor2, RetNet-10 Lightweight architecture Dataset imbalance
IDRID
[36] | CLAHE, Gaussian |Kaggle, IDRID, Ensemble DNN Highest grading performance | Computational complexity
thresholding DIARETDB
[37] |None reported EyePACS, EyeQ FGR-Net Image-quality assessment Limited clinical validation
[38] |Standardization, APTOS Ensemble CNN Effective ensemble learning | Competition dataset
cropping limitations
[25] | CLAHE, vessel EyePACS, APTOS RT2Net Multi-view learning Complexity of dual
extraction branches
[39] |Cropping, resizing | MESSIDOR CHAN Hybrid attention learning Attention-optimization
challenges
[40] |Cropping, EyePACS Attention-based Improved explainability Lower grading accuracy
normalization Xception
[41] | Not reported EyePACS, Messidor-2 DRGCNN Binocular feature fusion Class imbalance
[42] | Noise reduction IDRID, Kaggle Fuzzy K-means Robust to noisy images Scalability concerns
[43] |Resizing EyePACS, APTOS Inception-ResNet Dual-path feature extraction | Large model complexity
Hybrid
[44] |Resizing, APTOS, MESSIDOR-2 DenseNet121 + GNN | Incorporates clinical Requires patient
normalization metadata information
[45] | ZCA whitening Kaggle QCNET Quantum-inspired learning | Experimental stage

Henge et al. [43] developed a multi-decision Inception-ResNet-based hybrid model for five-class DR
classification using sequential and non-sequential fundus images. The architecture employs a dual-path
TL framework with 172 weighted layers, processing both color and grayscale images to enhance feature
representation. Evaluated on the EyePACS and APTOS datasets, the model achieves 98.1% accuracy
and a 98.12% F1-score. The integration of dual-image feature mapping and chi-square refinement
improves classification performance and robustness; however, the complex architecture may increase
computational cost and limit deployment in resource-constrained environments. Zedadra et al. [44]
proposed DRdiag, a multi-modal framework that combines a DenseNet121-based CNN with a two-layer
GNN to integrate retinal-image features and patient-specific clinical information, particularly diabetes
duration. Evaluated on the MESSIDOR-2 and APTOS2019 datasets, the model achieves classification
accuracies of 97.6% and 98.0%, respectively. The framework demonstrates the effectiveness of graph-
aware multi-modal learning for improving DR diagnosis by leveraging both visual and clinical data.
However, its reliance on GNN-based modeling and patient metadata may increase system complexity
and limit applicability when clinical information is unavailable. Ikram and Imran [45] proposed a hybrid
guantum-classical neural network (QCNET) that combines DenseNet201 feature extraction with a 4-
qubit variational quantum circuit for DR severity grading. Evaluated on the Kaggle DR dataset using
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random oversampling and ZCA whitening, the model achieves 91.0% accuracy. The integration of
gradient-weighted class-activation mapping (Grad-CAM) enhances interpretability by highlighting
lesion-relevant retinal regions. While QCNET demonstrates the potential of quantum-enhanced learning
and explainable Al, its practical applicability remains constrained by the early-stage development and
scalability challenges of quantum computing technologies.

5.3 Binary and Multi-class DR Classification

This subsection discusses the literature on binary and multi-classification problems. Most research uses
binary classification to distinguish between normal and DR cases, then classifies DR cases into 4 or 5
grades (Normal, Mild, Moderate, Severe and PDR). The studies reviewed in this sub-section are
systematically summarized in Table 4, which provides a comparative overview of pre-processing
techniques, datasets, methodologies, strengths and limitations reported in the literature.

Jaskari et al. [46] investigated uncertainty-aware DR classification using approximate Bayesian neural
networks (BNNs). The study evaluates nine BNN models on EyePACS, KSSHP, Messidor-2 and
APTOS datasets under a 5-class grading scheme and introduces a novel uncertainty measure linked to
classifier risk. The results demonstrate that BNNs effectively estimate prediction uncertainty, while the
proposed QWK-Risk metric improves performance on benchmark datasets. The study's main strength
is the incorporation of uncertainty quantification into DR classification, whereas its primary limitation
is reduced generalizability from benchmark datasets to real-world clinical data. Alahmadi [47] proposed
a DR classification framework that integrates style and content recalibration with texture attention and
spatial-normalization modules to enhance feature representation. The model is evaluated on the APTOS
Kaggle dataset (3,662 retinal images) and achieves an accuracy of 0.85, demonstrating improved
discrimination between healthy and DR samples. The main strength of the approach is the incorporation
of attention mechanisms to enhance the learning of texture and semantic features. However, the model
does not explicitly capture local contextual dependencies, which may limit its ability to model complex
retinal structures. Islam et al. [48] proposed a supervised contrastive learning (SCL)-based two-stage
framework that combines supervised contrastive loss for feature representation and cross-entropy loss
for classification. Using the APTOS 2019 and Messidor-2 datasets with CLAHE-based pre-processing
and data augmentation, the model achieves 98.36% accuracy and 98.50% AUC for binary classification
and 84.36% accuracy for five-stage DR grading. The approach improves robustness and outperforms
conventional CNN-based methods; however, its performance depends on effective augmentation and
representation learning strategies.

A novel few-shot learning (FSL) framework called DRNet is introduced [22] using a prototypical
network with episodic learning for DR detection and grading. Developed on the APTOS2019 dataset,
the model achieves 99.73% accuracy, 99.82% sensitivity and 99.63% specificity for DR detection and
98.18% accuracy, 97.41% sensitivity and 99.55% specificity for DR grading. The framework
demonstrates superior performance with limited training data; however, its effectiveness decreases as
the number of training episodes is reduced. Tian et al. [49] proposed the fine-grained attention and
knowledge-based collaborative network (FA+KC-Net) for DR grading. The method combines FA-Net
to capture subtle lesion features and KC-Net to incorporate lesion-related medical knowledge. Evaluated
on DDR, Messidor, APTOS and EyePACS datasets, FA+KC-Net achieves superior performance on
DDR, Messidor and APTOS, demonstrating high accuracy and stability. Its main strength lies in
integrating fine-grained visual features with domain knowledge, while a limitation is KC-Net's relatively
lower performance, particularly in identifying DR 4 cases. Wong et al. [8] proposed a TL-based DR
grading framework that combines pre-trained ShuffleNet and ResNet-18 models for feature extraction
with an error correction output code (ECOC) ensemble classifier. Using the APTOS dataset, along with
a combination of the EyePACS and Messidor-2 datasets and CLAHE pre-processing, the method
achieves accuracies of 82% for 5-class grading and 96% for binary classification on the APTOS dataset.
The approach improves performance through adaptive differential evolution (ADE)-based optimization
of feature weights and network parameters. However, its effectiveness depends on image quality and
may be susceptible to overfitting.

Farag et al. [3] proposed a DL-based DR severity-grading framework that uses a modified DenseNet169
with a convolutional block attention module (CBAM) and is trained on the APTOS dataset (~13,000
fundus images). Following Gaussian-filter pre-processing, the model achieves 97% accuracy in binary
classification and strong multi-class grading performance, particularly for minority classes. The
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approach offers efficient DR severity assessment with reduced computational complexity; however, its
performance is still affected by dataset imbalance, motivating future investigation into alternative
CBAM configurations and imbalanced learning strategies. Mohammadi and Nguyen [50] evaluated
ChatGPT and Vertex Al for automated DR diagnosis using automated ML (AutoML) on the Messidor-
2 dataset (1,740 fundus images). Image pre-processing is performed using CLAHE assisted by
ChatGPT. The proposed models achieve an area under the precision-recall curve (AUPRC) of 0.81 for
DR severity detection and, for DR presence detection, precision, recall and AUPRC of 84.48%, 84.48%
and 0.90, respectively. The study demonstrates the potential of Al-assisted tools to support image pre-
processing and analysis without coding expertise. However, its limitations include reliance on a single
dataset and uncertain generalizability across diverse populations. Phridviraj et al. [51] proposed a bi-
directional long short-term memory (Bi-LSTM) model combined with the multi-scale retinex with
chromaticity preservation (MSRCP) pre-processing to improve DR detection from low-quality retinal-
fundus images. The Bi-LSTM-MSRCP method is evaluated on the IDRiID, MESSIDOR and Kaggle
datasets, achieving an accuracy of 92.35% and an F-score of 90.56%. Its primary strength is the
integration of image enhancement and DL-based classification to improve detection performance, while
its main limitation is its reliance on optimal tuning of MSRCP parameters.

Ashraf and Alghamdi [17] proposed a hierarchical feature-fusion network (HFF-Net), a hybrid CNN-
based framework for DR screening and grading that employs hierarchical feature fusion to extract multi-
scale retinal features. The model utilizes Swish activation, sparse categorical cross-entropy loss,
CLAHE-based image enhancement, region-of-interest (ROI) extraction and data augmentation.
Evaluated on fundus-image datasets, HFF-Net achieves 98.70% screening accuracy and 73.77% grading
accuracy, outperforming competing methods. Its main strength lies in its effective multi-scale feature
representation for screening and grading; however, the relatively low grading accuracy indicates
challenges in distinguishing among DR severity levels. Yang et al. [52] proposed a transformer-based
multiple-instance learning (TMIL) framework for DR classification, using ViT and a global instance
computing block (GICB) to process high-resolution retinal images. The model is evaluated on the
APTOS dataset (3,662 labeled images) for five-class grading and on the Messidor-1 dataset for binary
classification. TMIL improves classification accuracy and reduces inference time by 62% compared
with direct processing of high-resolution ViT. Its main strengths include efficient handling of high-
resolution images and enhanced sensitivity for certain DR grades. However, the model still exhibits a
false-negative rate exceeding 30%, indicating limited sensitivity in detecting early-stage DR.

Table 4. Comparative analysis of binary and multi-class DR detection methods.

Ref. | Pre-processing Dataset Methods Strengths Limitations

[46] |Resizing, EyePACS, KSSHP, BNNs, VGG16 Uncertainty estimation Clinical-transferability issues
variability Messidor-2, APTOS
reduction

[47] | Cropping, APTOS Texture Attention Attention-guided learning Limited contextual modeling
normalization Network

[48] |CLAHE APTOS, Messidor-2 | SCL + Xception Contrastive representation More complex training

learning
[22] |Resizing APTOS2019 DRNet (Few-Shot Excellent performance with | Sensitive to training episodes
Learning) limited data

[49] |Contrast DDR, Messidor, FA+KC-Net Integrates medical Reduced performance in
enhancement APTOS, EyePACS knowledge severe grades

[8] CLAHE APTOS, EyePACS, ECOC Ensemble Ensemble optimization Potential overfitting

Messidor-2

[3] Cropping, APTOS2019 DenseNet169 + Attention-enhanced Dataset imbalance
Gaussian filtering CBAM classification

[50] |CLAHE Messidor-2 ChatGPT + Vertex Al | Low-code clinical workflow | Single-dataset evaluation

AutoML

[51] |MSRCP IDRID, MESSIDOR, |Bi-LSTM Handles low-quality images | Requires parameter tuning
enhancement Kaggle

[17] |CLAHE, ROI IDRID, APTOS2019 |HFF-Net Effective screening and Lower grading accuracy
extraction grading

[52] |Cropping, patch APTOS, Messidor-1 | TMIL + ViT Efficient high-resolution High false-negative rate
creation analysis

5.4 Lesion-based DR Classification
Some studies focus on classifying lesions in fundus images. Lesion-based classification in DR involves
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categorizing retinal images by specific lesion features, such as microaneurysms, hemorrhagic spots and
exudates. Table 5 presents a comprehensive summary of representative lesion-based classification
studies, highlighting their pre-processing techniques, datasets, methodologies, strengths and limitations.

Lam et al. [53] proposed a DL-based retinal lesion-detection framework using CNNs trained on 1,324
ophthalmologist-labeled image patches from Kaggle retinal images. Using a sliding-window approach,
the model generates lesion-probability maps and achieves AUCs of 0.94 for microaneurysms and 0.95
for exudates. The method demonstrates effective lesion detection with limited training data and supports
automated retinal screening. However, it suffers from a relatively high false-positive rate due to training-
data bias and requires considerable computational time for image processing. Khojasteh et al. [54]
proposed a CNN-based framework for simultaneous detection of exudates, hemorrhages and
microaneurysms using probability maps generated from the softmax layer. The method is evaluated on
the DIARETDB1 and e-Ophtha datasets (284 fundus images) with pre-processing and data-
augmentation techniques. The model achieves sensitivities of 0.96, 0.84 and 0.85 for exudates,
hemorrhages and microaneurysms, respectively and accuracies of 97.3% and 86.6% on DIARETDB1
and e-Ophtha. The approach demonstrates robust DR lesion detection performance; however, it
struggles to distinguish overlapping hemorrhages and microaneurysms and is affected by dataset
imbalance.

Tang et al. [1] proposed a TL-based framework for neovascularization detection in PDR using AlexNet,
GoogLeNet, ResNet18, ResNet50 and a hybrid ResNet18-GoogLeNet model. The method is evaluated
on 1,174 retinal-image patches that have been enhanced with CLAHE. The proposed network achieves
91.57% accuracy, 85.69% sensitivity, 97.44% specificity and 97.10% precision, outperforming
individual CNN models. Its main strength lies in the effective use of TL for detecting early
neovascularization; however, it does not support DR severity grading and depends on the quality of
ground-truth annotations. A novel DL-based method, termed HemNet [55], is proposed for automated
hemorrhage detection using DIARETDB1 (89 images) and DIARETDBO (130 images). The method
employs gamma correction and a Gaussian matched filter for pre-processing and hemorrhage
localization. HemNet achieves 94.21% sensitivity and 94.76% specificity, demonstrating competitive
performance while reducing training time compared with deeper networks, such as AlexNet and VGG-
16. Its main strength lies in its efficiency and high detection accuracy; however, its reliance on seed-
point extraction may lead to missed hemorrhages when seed points are not accurately identified. A DL-
based TL framework for DR detection is proposed in [56] using a modified VGG16 model for feature
extraction and a logistic regression classifier. The approach is evaluated on an Indian DR dataset
containing four lesion classes: microaneurysms, soft exudates, hard exudates and hemorrhages. Image
pre-processing and data-augmentation techniques are employed to improve performance, achieving an
accuracy of 90.4%. The main strength of the method is its reliable screening capability through CNN-
based feature learning, while its limitations include insufficient noise reduction, lack of metadata
integration and limited feature-selection strategies.

Table 5. Comparison of lesion-based approaches for automated DR detection.

Ref. | Pre-processing Dataset Methods | Strengths Limitations

[53] | Normalization Kaggle, E-Ophtha CNN Excellent lesion detection Computationally intensive

[54] | Contrast enhancement | DIARETDBL, E-Ophtha | CNN Multi-lesion detection Difficulty with overlapping lesions

[1] CLAHE Messidor, DIARETDBO0 |TL Detects neovascularization | No grading capability

[55] | Gamma correction DIARETDBO0/1 HemNet Lightweight model Seed-point dependency

[56] | Scaling, color IDRID VGG16/ | Strong lesion representation | Needs better feature selection
correction VGG19TL

6. BENCHMARK DATASETS FOR DR DETECTION

This section summarizes key datasets widely used in DR research, particularly for classification tasks,
such as severity grading and lesion identification. These datasets consist of retinal-fundus images
captured under varying conditions, with differences in resolution, field of view (FOV) and annotation
detail and include labels for pathologies, such as microaneurysms, hemorrhages, exudates and DME.
Table 6 provides a detailed comparison of various DR datasets commonly used in research. Commonly
used datasets include Messidor [57] (1,200 images with DR and DME grading), DIARETDBO0/1 (130
and 89 images with expert lesion annotations) and Kaggle DR (EyePACS) [58], a large-scale dataset of
35,126 images with five-class DR grading, though affected by variations in image quality. Messidor-2



310

"Advancements in Al-driven Diabetic Retinopathy Detection: A Systematic Survey of Methods, Challenges and Future Directions", Y. A.
Ali et al.

[57][59] extends Messidor with 1,748 images from 874 examinations, but lacks standardized DR
annotations.

Other datasets provide more specialized or detailed annotations. E-ophtha [60] focuses on lesion-level
labeling for microaneurysms and exudates, while DRiDB [61] offers detailed annotations of lesions and
anatomical structures from multiple experts. IDRiD [62] includes 516 high-resolution images with both
DR grading and pixel-level lesion annotations, supporting multi-task learning. APTOS 2019 [63]
contains 3,662 images labeled according to ICDRSS severity levels under diverse real-world conditions.
Larger and more recent datasets include DDR [64] (13,673 images from multiple hospitals, including
poor-quality cases) and FGADR [65] (2,842 images with fine-grained lesion annotations and high-
quality grading labels from multiple ophthalmologists), both of which enable more robust evaluation of
DR classification models.

Table 6. Publicly available dataset for DR detection.

x x | £ |0

Bataset Images| 2 5 frjid o % Fundus Camera Annotation Level |Usage
ame o = gSa| 30| @

zZ s s (%}
Messidor 1200 |546 153 247 (254 |- Topcon TRC NW6 non-mydriatic, |Image-level DR grading
[57] 45° FOV
DIARETDBO0/ 130/89 |20 /5 |110/84 Zeiss FF450 + 50° FOV Pixel-level and DR grading,
DIARETDB1 image-level Lesion Detection
[66]
Kaggle DR | 88702 [73726 |7351 |[7025|708 |1892 |Various cameras (Centervue DRS, |Image-level DR grading
(EyePACS) (35126 |25810 (2443 |5292|873 |708 |Optovue iCam, Canon CR1/DGi/
[58] train) CR2, Topcon NW)
Messidor-2 | 1748 |874 174 524 |87 |89 |Topcon TRC NW6 non-mydriatic, |Image-level DR grading
[57] 45° FOV
E-Ophtha 463 - - - - - Topcon TRC-NWES, Canon CR- | Pixel-level DR diagnosis,
[60] DGi Lesion Detection
DRiDB 50 14 36 Zeiss VISUCAM 200, 45° FOV Pixel-level and DR diagnosis,
[61] image-level Lesion Detection
IDRID 516 134 20 193 |65 |104 |Kowa VX-10 Alpha, 50° FOV Pixel-level and DR grading,
[62] image-level Lesion detection
APTOS 2019 |5593 |1805 370 999 |193 |295 |Various fundus cameras Image-level DR grading
[63]
DDR 13673 | 6266 |630 4477|236 |913 |Various fundus cameras Image-level DR grading,
[64] Lesion Detection
FGADR 2842 | 143 125 566 [105 |61 |Not specified Pixel-level and DR grading,
[65] image-level Lesion Detection

Although these benchmark datasets have significantly advanced Al-based DR research, several
important limitations remain regarding dataset diversity, annotation consistency and real-world
generalization. Despite the availability of large benchmark datasets, significant dataset bias remains a
major challenge in Al-driven DR detection. Public datasets often differ substantially in their
demographic distributions, ethnicities, image acquisition devices, illumination conditions and
annotation protocols. Such variability can undermine cross-dataset generalization and degrade
performance when models are deployed in real-world clinical environments. Furthermore, annotation
inconsistency among ophthalmologists introduces label uncertainty, particularly for intermediate DR
stages. These limitations highlight the need for standardized evaluation protocols, diverse multi-center
datasets and fairness-aware learning strategies.

7. DISCUSSION AND RESEARCH GAPS

The literature reviewed in this paper clearly demonstrates that Al-driven solutions for DR detection
have undergone rapid methodological evolution, moving from coarse binary screening systems to
sophisticated multi-task frameworks that integrate classification, lesion detection, segmentation and
clinical interpretability. This progression reflects a broader shift in medical-image analysis from purely
performance-driven models toward systems that aim to approximate clinical reasoning, scalability and
trustworthiness.

Binary DR classification remains the most widely adopted paradigm, largely due to its direct
applicability in population-level screening programs. Studies focusing on DR versus non-DR or
referable versus non-referable DR consistently report high accuracy, sensitivity and specificity, as
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demonstrated by GATL [27], HDeep [28] and ensemble CNN approaches [30]. These models effectively
reduce ophthalmologists’ workload by filtering out normal cases, thereby enabling targeted referral.
However, a closer examination reveals that these impressive metrics are often achieved under controlled
experimental settings with curated datasets, such as EyePACS and APTOS. While domain-adaptation
strategies, such as GATL [27], attempt to mitigate inter-dataset variability, most binary classifiers still
struggle when exposed to heterogeneous clinical environments characterized by diverse imaging
devices, inconsistent illumination and variable patient demographics. Moreover, binary classification
inherently oversimplifies DR pathology, failing to capture disease-progression dynamics that are
essential for personalized treatment planning.

Multi-class DR classification and grading represent a more clinically meaningful task, as they directly
correspond to treatment decisions and follow-up strategies. The reviewed studies highlight a clear trend
toward deeper architectures, attention mechanisms and transformer-based models to address the subtle
inter-class differences among DR stages. Self-supervised and multi-modal pre-training strategies, such
as MIE-DR [31], demonstrate that leveraging unlabeled ophthalmic data significantly enhances feature
representation, particularly when labeled datasets are limited. Similarly, ViT-based approaches [16] [52]
successfully model long-range spatial dependencies, which are critical for capturing global retinal
context. Attention-driven CNNSs [40] [39] further improve discriminative power by focusing on lesion-
relevant regions. Despite these advances, grading performance remains inconsistent across DR stages.
Intermediate classes (mild and moderate NPDR) are frequently misclassified due to overlapping lesion
characteristics and gradual disease transitions. This limitation is repeatedly observed even in high-
performing systems, such as DRGCNN [41]and RT2Net [25]. The problem is exacerbated by severe
class imbalance, where minority classes receive limited representation during training, leading to biased
decision boundaries.

Lesion-based classification approaches address a critical limitation of pure image-level classifiers by
explicitly modeling pathological features, such as microaneurysms, hemorrhages and exudates. Early
CNN-based lesion detectors [53] [54] established the feasibility of automated lesion recognition with
relatively small datasets, highlighting the potential for explainable DR screening systems. However,
lesion-based methods often operate in isolation, focusing on individual lesion types without fully
integrating their spatial distribution, co-occurrence patterns or clinical significance, while newer
methods incorporate TL and hybrid architectures [56][55]. Lesion overlap and visual similarity—
particularly between microaneurysms and hemorrhages—remain persistent challenges. Consequently,
lesion-based classification alone is insufficient for reliable severity grading, reinforcing the need for
integrated frameworks.

Another important consideration when interpreting the literature is the heterogeneity of the diagnostic
tasks across studies. Although many works are collectively categorized under DR detection, they often
target fundamentally different objectives, including binary DR screening, referable versus non-referable
DR classification, multi-class severity grading, lesion detection, image-quality assessment and
segmentation-assisted diagnosis. Consequently, performance metrics reported across these studies are
not always directly comparable, because task complexity, annotation requirements, class distributions
and evaluation protocols differ substantially. Binary screening tasks generally achieve higher accuracy
due to simpler decision boundaries, whereas multi-class grading and lesion-level analysis present greater
challenges related to inter-class similarity, annotation variability and clinical ambiguity. Therefore,
reported performance should be interpreted in the context of the specific diagnostic objective and
experimental setting, rather than as a universally comparable indicator of methodological superiority.

Despite these advances, several critical challenges persist. Most studies rely on a limited set of public
datasets (EyePACS, APTOS, IDRiID, MESSIDOR), leading to weak cross-dataset generalization and
performance degradation on unseen clinical data [15], [46]. Although many studies report high
classification accuracy and AUC values, direct comparison among models remains difficult, because
the evaluated methods use different datasets, pre-processing techniques, train-test splits, grading
protocols and augmentation strategies. Consequently, reported performance metrics may not provide a
fully fair or standardized comparison of state-of-the-art methods. Future research should focus on
unified benchmarking frameworks and standardized evaluation protocols to enable more reliable
comparative analysis. Reproducibility remains a major challenge in Al-based DR research. Many
studies do not provide publicly available source codes, detailed pre-processing pipelines or standardized
train-validation-test splits, making independent validation difficult. Furthermore, inconsistent
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evaluation metrics and dataset protocols complicate fair comparison among models. Establishing open
benchmarking frameworks and reproducible evaluation standards is essential for improving
transparency, facilitating independent verification and accelerating clinical translation. Class imbalance
continues to hinder reliable detection of early and intermediate DR stages, increasing the risk of false
negatives. Reported high-performance metrics should be interpreted cautiously, as several studies rely
on highly imbalanced datasets, limited external validation or extensive augmentation strategies that may
artificially inflate performance. Furthermore, differences in experimental protocols and evaluation
settings reduce reproducibility and complicate fair comparison across studies. These issues highlight the
importance of robust validation using diverse multi-center datasets and standardized testing frameworks.
Although explainability techniques, such as attention maps and Grad-CAM, improve interpretability,
many models still lack clinically meaningful explanations aligned with ophthalmological reasoning.
Furthermore, high computational complexity limits deployment in resource-constrained environments,
despite the emergence of lightweight models, such as RetNet-10 and ADD-Net. Finally, most
approaches rely solely on fundus images, with limited use of multi-modal and longitudinal data.
Addressing these challenges is essential to bridge the gap between experimental performance and real-
world clinical deployment of Al-based DR classification systems.

Although many Al-based DR detection systems achieve high performance on benchmark datasets, their
translation into routine clinical practice remains limited. Most studies rely on retrospective evaluations
using public datasets and lack prospective clinical validation across diverse patient populations and
healthcare settings. In addition, substantial variation exists in validation protocols across studies,
including differences in train-validation-test splits, cross-validation strategies, external validation
practices and performance-reporting standards, making reliable comparison and clinical assessment
difficult. Furthermore, regulatory approval of Al-based medical devices requires robust external
validation, reliability assessment, explainability and evidence of clinical benefit. Practical deployment
also faces challenges related to integration with existing healthcare workflows, interoperability with
electronic health record systems, data privacy and security requirements and clinician trust in automated
decision-support systems. Consequently, future research should prioritize clinically oriented validation
studies, standardized regulatory-compliant evaluation protocols and human-centered Al frameworks to
facilitate the safe and effective adoption of Al-driven DR screening systems in real-world clinical
environments.

Recent research has also explored emerging paradigms beyond conventional CNN- and transformer-
based architectures. Emerging approaches, such as multi-modal learning and quantum-inspired neural
networks, demonstrate promising capability for improving DR classification performance. Multi-modal
systems can integrate complementary information from fundus images, OCT scans and clinical
metadata, thereby enhancing robustness and diagnostic precision. However, these methods typically
require larger datasets, increased computational resources and more complex training pipelines.
Similarly, guantum-inspired models remain in early experimental stages and currently face scalability
and hardware limitations that restrict practical clinical deployment. Despite these challenges, such
approaches represent promising directions for future research toward more comprehensive and clinically
reliable DR detection systems.

8. CONCLUSION AND FUTURE DIRECTIONS

This review examines Al-based approaches for DR classification, including binary detection and multi-
class severity grading. Recent advances in deep learning, particularly CNNs, attention mechanisms and
transformer-based models, have achieved high classification performance, in some cases approaching
expert-level accuracy. However, key challenges remain. Many models suffer from limited
generalization, as they rely heavily on a few benchmark datasets, leading to performance drops in real-
world settings. Class imbalance further affects the reliable detection of early and intermediate DR stages.
Additionally, most classification models rely on global image features and integrate only limited lesion-
level information, while current interpretability methods often fall short of clinical expectations. From
a practical perspective, computational complexity limits deployment, especially for transformer-based
and ensemble models and achieving efficiency—accuracy balance remains challenging. Moreover, most
approaches rely on single-modality fundus images, restricting their ability to capture disease variability.
In conclusion, despite strong progress, bridging the gap between high experimental accuracy and real-
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world clinical deployment remains a key challenge for DR classification systems.

Future research should focus on developing generalized, clinically reliable DR detection systems that
use domain adaptation and federated learning strategies to preserve data privacy while improving cross-
center generalization. Self-supervised and foundation-model approaches may reduce dependence on
large, labeled datasets, while multi-modal learning can integrate fundus imaging with OCT and clinical
metadata to improve diagnostic robustness. In addition, lightweight edge Al architectures are needed
for deployment in resource-constrained screening environments. Standardized benchmarking
frameworks and fairness-aware evaluation protocols should also be established to improve
reproducibility and clinical reliability.
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