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Abstract— Diabetic retinopathy (DR) is a common complication of diabetes that can lead to vision loss if not detected and 

treated early. Deep learning techniques have shown great promise in the automated detection of DR from retinal images, 

offering a potential solution to the growing healthcare challenge. This survey paper provides an in-depth analysis of various 

deep learning methods and approaches used for diabetic retinopathy detection. We categorize the techniques into two main 

columns: Image-based and Non-image-based approaches, to offer a comprehensive understanding of the field. 

 

Key words: Diabetic Retinopathy (DR), Deep Learning Techniques 
 

I. INTRODUCTION 

Diabetic retinopathy (DR) is a common and potentially vision-threatening complication of diabetes. It affects the retina and can 

lead to vision loss if not diagnosed and treated promptly. The condition progresses through various stages, including mild, 

moderate, severe non-proliferative DR (NPDR), and proliferative DR (PDR) [2]. Early detection and timely intervention are 

crucial for preventing vision impairment, making DR screening an essential part of diabetes management. 

 Deep learning techniques, a subset of artificial intelligence, have garnered considerable attention for their ability to 

automate DR detection from retinal images. This survey paper aims to provide a comprehensive overview of the various deep 

learning techniques and approaches employed in the diagnosis of diabetic retinopathy. We categorize these approaches into two 

main columns: Image-based and Non-image-based techniques, enabling readers to gain a thorough understanding of the current 

landscape of DR detection. 

 
Fig. 1: The DR stages: (a) normal retinal (b) Mild DR, (c) Moderate DR, (d) Severe DR, (e) Proliferative DR,(f) Macular 

edema [1] 

II. IMAGE-BASED APPROACHES 

A. Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) have revolutionized the field of computer vision and have proven to be highly effective 

in DR detection. These networks are specifically designed to handle image data, making them well-suited for the analysis of 

retinal images [3, 4, 5]. CNNs operate through convolutional layers that detect patterns, features, and textures within images, 

followed by pooling layers for spatial reduction and fully connected layers for decision making. 

 In the context of DR detection, various CNN architectures have been explored. These include LeNet, VGG, ResNet, 

and Inception, each with its unique strengths and applications. Researchers have found that pre-trained CNN models, which 

have been initially trained on vast image datasets, can be fine-tuned for DR detection[6], reducing the need for large annotated 

datasets and enhancing performance. 

 Furthermore, the preprocessing of retinal images plays a crucial role in enhancing the capabilities of CNNs. Techniques 

such as contrast enhancement, noise reduction, and data augmentation help in improving the quality of input images and 

robustness of the model [7, 8]. The application of CNNs to DR detection continues to evolve, with ongoing efforts to improve 

accuracy, speed, and scalability. 

B. Segmentation-Based Approaches 

Segmentation-based approaches focus on identifying and delineating specific retinal structures, such as blood vessels and 

lesions, as an integral step in DR detection. This enables the localization and quantification of abnormalities, which is essential 

for disease grading and monitoring. 
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 Prominent segmentation architectures include U-Net and Fully Convolutional Networks (FCN). These networks are 

designed to produce pixel-wise segmentations, making them well-suited for identifying the extent and boundaries of retinal 

lesions[9]. However, creating high-quality pixel-level annotations for training can be challenging and time-consuming. 

 In practice, a combination of segmentation and classification is often employed. This involves first segmenting the 

relevant structures, and then utilizing the segmented regions for further analysis and classification. This fusion of segmentation 

and classification techniques can improve the overall accuracy of DR detection models, enabling finer-grained analysis and 

diagnosis. 

C. Ensemble Techniques 

Ensemble techniques offer a means to enhance the robustness and reliability of DR detection models. These methods combine 

multiple models or predictions to arrive at a more accurate and stable diagnosis. 

 Bagging and boosting are two widely used ensemble techniques. Bagging involves training multiple models on subsets 

of the dataset and aggregating their outputs, reducing the risk of overfitting. Boosting, on the other hand, iteratively adjusts the 

weights of training examples to give more emphasis to previously misclassified instances, thereby improving model 

performance. 

 Another approach to ensembling involves stacking multiple deep learning models, which combines their predictions 

at a higher level to make the final diagnosis. This approach has shown promise in achieving better generalization and improved 

performance. 

 Ensemble techniques have emerged as effective strategies for addressing common challenges in DR detection, such 

as class imbalance and model variability. These methods are valuable tools for increasing diagnostic accuracy and building 

more reliable systems for diabetic retinopathy screening. 

III. NON-IMAGE-BASED APPROACHES 

A. Feature Extraction and Selection 

While deep learning models have shown exceptional performance in DR detection, non-image-based approaches, such as 

feature extraction and selection, continue to play a significant role. These methods involve manually defining and extracting 

relevant features from retinal images [10]. These features can be based on texture, color, shape, or other characteristics that 

may be indicative of diabetic retinopathy. 

 Dimensionality reduction techniques, such as Principal Component Analysis (PCA) and t-Distributed Stochastic 

Neighbor Embedding (t-SNE), are applied to reduce the dimensionality of feature vectors, making them more manageable and 

interpretable. Feature selection methods help identify the most relevant features and improve model efficiency. 

 Understanding the importance of specific features in diabetic retinopathy detection is crucial, as it provides insights 

into the underlying mechanisms of the disease. Non-image-based approaches complement image-based techniques and can be 

valuable in situations where deep learning models may not be feasible or where interpretability is of utmost importance [11, 

12]. 

B. Multimodal Data Fusion 

Incorporating information beyond retinal images is another avenue for enhancing the accuracy and reliability of DR detection 

models. Multimodal data fusion combines retinal images with additional clinical data, such as patient demographics, medical 

history, and lab results, to provide a more comprehensive view of a patient's health [13, 14]. 

 Fusion strategies can be categorized into early fusion, where different data types are combined at the input level, and 

late fusion, where predictions from separate models are integrated at a later stage. Early fusion combines diverse data sources 

into a unified representation, while late fusion allows separate models to make individual predictions that are then combined. 

 This integration of multimodal data has shown the potential to improve diagnostic accuracy, especially when dealing 

with complex medical conditions like diabetic retinopathy [15]. By considering not only the retinal images but also the patient's 

overall health and history, the model gains a more holistic perspective, contributing to more informed decision-making. 

C. Transfer Learning from Other Medical Domains 

Transfer learning leverages knowledge from related medical domains to improve diabetic retinopathy detection. In scenarios 

where sufficient annotated data for diabetic retinopathy may be limited, transferring knowledge from other medical image 

analysis tasks offers an attractive solution. 

 Transfer learning involves adapting pre-trained models from related domains, such as general ophthalmology or other 

retinal conditions. This approach capitalizes on the shared features and patterns present in medical images, reducing the need 

for extensive data collection and annotation [16]. 

 While transfer learning offers the potential to jumpstart model development, it also presents challenges, such as domain 

shift and model biases. Researchers are exploring techniques to mitigate these challenges and ensure the successful transfer of 

knowledge for improved diabetic retinopathy detection. 
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IV. EVALUATION METRICS AND DATASETS 

A. Commonly used evaluation metrics 

The evaluation of diabetic retinopathy detection models relies on various performance metrics, each providing valuable insights 

into a model's effectiveness. Sensitivity, specificity, area under the Receiver Operating Characteristic (ROC) curve (AUC), and 

F1-score are among the most commonly used metrics [17]. 

 Sensitivity (True Positive Rate) measures the proportion of true positives correctly identified by the model, indicating its 

ability to detect cases of diabetic retinopathy. 

 Specificity (True Negative Rate) quantifies the model's accuracy in identifying non-diabetic retinopathy cases. 

 AUC summarizes the model's overall performance in distinguishing between normal and diabetic retinopathy cases, with 

a higher AUC indicating better discrimination [19]. 

 F1-score balances the trade-off between precision and recall, providing a single measure of a model's performance. 

 Selecting the appropriate evaluation metrics depends on the specific goals of the DR detection system, considering factors 

like the relative importance of false positives and false negatives. 

Sr no Accuracy Method Name 

1 98.60% CNN-Transformer hybrid model [18] 

2 95% Multi-scale feature extraction CNN [20] 

3 96.80% CNN with contextual information [21] 

4 98.60% Transformer neural network [25] 

5 99.10% Combination of CNN and RNN [26] 

6 98.20% Ensemble learning [27] 

7 97.50% Data augmentation [29] 

8 99.30% Attention-based CNN [30] 

Table 1: Accuracy of the different methods used 

B. Popular Diabetic Retinopathy Datasets 

Several datasets have been widely adopted in the development and benchmarking of diabetic retinopathy detection models. 

These datasets are essential for training and evaluating models, and they differ in terms of size, diversity, and the presence of 

annotations [22, 23]. 

 The Kaggle Diabetic Retinopathy Detection dataset is one of the most well-known and frequently used datasets in the 

field. It contains a large collection of retinal images with associated annotations for disease severity grading. The IDRiD dataset 

(Indian Diabetic Retinopathy Image Dataset) comprises retinal images from diabetic patients and is notable for its variety in 

terms of image quality and diabetic retinopathy stages. 

 The Messidor dataset is another widely utilized dataset that includes retinal images and annotations for diabetic 

retinopathy grading[24]. 

 The EyePACS dataset is a valuable resource that features a diverse range of retinal images, making it a suitable choice 

for training and validating models. 

 The choice of dataset depends on research objectives, data availability, and the need for domain-specific 

characteristics. These datasets play a pivotal role in advancing the development and evaluation of diabetic retinopathy detection 

algorithms. 

V. CHALLENGES AND FUTURE DIRECTIONS 

A. Challenges in DR detection 

The field of diabetic retinopathy detection faces several challenges that necessitate ongoing research and innovation:  Class 

imbalance: Imbalanced datasets, where certain classes (e.g., severe cases) are underrepresented, can lead to biased models. 

Addressing class imbalance is crucial for achieving reliable and equitable detection. 

 Generalization to diverse populations: Models trained on one demographic group may not generalize well to others. 

Ensuring that DR detection models are robust across diverse patient populations is essential for real-world applicability. 

 Explainability and trustworthiness of models: In medical applications, the interpretability of model decisions is critical. 

Ensuring that deep learning models are transparent and can provide explanations for their predictions is an ongoing challenge. 

B. Future directions 

The future of diabetic retinopathy detection holds promising directions: 

 Explainable AI for medical applications: Developing methods for explaining the decisions of deep learning models in 

medical contexts is crucial for gaining the trust of healthcare professionals and patients. 

 Integration with electronic health records (EHRs): Combining DR detection with electronic health records allows for a 

more holistic understanding of a patient's health, enabling personalized treatment plans and longitudinal monitoring. 

 Personalized medicine and telemedicine applications: The advancement of DR detection technologies will pave the way 

for personalized treatment strategies and telemedicine solutions, allowing for remote monitoring and timely intervention. 
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 These future directions highlight the potential for deep learning techniques to revolutionize diabetic retinopathy 

management and pave the way for more accessible and effective healthcare solutions. 

VI. CONCLUSION 

In conclusion, this survey paper has provided a comprehensive overview of the diverse landscape of deep learning techniques 

for diabetic retinopathy detection. From image-based approaches, including convolutional neural networks, segmentation-based 

methods, and ensemble techniques, to non-image-based approaches involving feature extraction, multimodal data fusion, and 

transfer learning, the field of DR detection is rich with innovation and potential. 

 The utilization of various evaluation metrics and access to diverse datasets have advanced our understanding of the 

disease and enabled the development of robust detection models. However, the challenges of class imbalance, generalization 

to diverse populations, and model explainability persist and call for continued research efforts. 

 Looking forward, the integration of diabetic retinopathy detection with electronic health records, the development of 

explainable AI for medical applications, and the rise of personalized medicine and telemedicine applications promise to enhance 

the impact of deep learning in the field. The combination of technological advancements and a deepening understanding of the 

disease will drive progress in diabetic retinopathy management and ultimately improve patient outcomes. 
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