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Abstract
Diabetic retinopathy (DR), long recognized as an important cause of blindness, with timely detection essential for preventing visual loss. DR is traditionally diagnosed by manual evaluation of retinal images, which is fully, labor involvement and major error causing system. Deep learning models are promising for automation of DR detection but many are not interpretable. This paper, we proposed an Explainable Triple Attention Dual Scale Residual Network (ET-DSRN) for GLIVEK classification using retinal fundus and OCT image datasets. Triple Attention, Dual Scale and Residual Learning Combined for Enhanced Predictive Power and understandability ET-DSRN alleviates the vanishing gradient problem and improves feature extraction at varying scales. We show from experimental results that the proposed method outperforms existing methods. The clarity of the model provides trust and transparency for its clinical use.” The method is authenticating through publicly available datasets demonstrating enhanced detection accuracy. The techniques are based on Butt et al. (2023); the greatly improved the DR detection process.
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1. Introduction
Diabetic retinopathy (DR) is one of the major causes of vision loss and blindness in people with diabetes mellitus. The disease be in contact with the retinal blood vessels and, if it goes unaddressed, can lead to permanent vision loss. Early identification is important in preventing the further continuation of DR, but the existing diagnostic process is largely manual, relying on ophthalmologists to access retinal fundus images. It is a lengthy, subjective, and human-error prone process. Already Existing methods for DR detection are time-consuming and requires substantial expertise from healthcare professionals, which creates a considerable burden on them; this makes it be imperative to find a potential solution to this problem, as the global rates of diabetes continue to grow, and the demand for quick and automated approaches with high accuracy becomes an essential, all of which fresher and more advanced computer algorithms are capable of attaining them.
Over the last number of years, deep learning algorithms, specifically Convolutional Neural Networks (CNNs), have demonstrated great potential for automating medical image analysis, including for DR detection. Many existing models, however, are black boxes, which are difficult to interpret and often don’t provide a clear rationale behind their predictions. That is an important consideration in medical applications where it is necessary for the clinician to confidence how the model is making its decisions. In this regard, we proposed the Explainable Triple Attention Dual Scale Residual Network (ET-DSRN) to tackle the challenge. We present a novel model that integrates a triple attention mechanism, multi-scale features extraction, and a residual learning approach to learn the softer and more interpretable DR representation while simultaneously enhancing detection accuracy. ET-DSRN not only improves detection performance by utilizing pair of retinal fundus and optical coherence tomography (OCT) images but also ensures the reability and usability of the detected model in a clinical setting by providing insights into the model predictions.
2. Literature review
Alenezi, A. M., Aloqalaa, D. A., Singh, S. K., Alrabiah, R., Habib, S., Islam, M., & Daradkeh, Y. I. (2024). They proposed a state of the art deep learn retinal disease recognition model for OCT Images. In our proposed model, they explored multi-scale features using the Efficient NetB7 backbone to better capture objects of different sizes in the target domain and effectively represent retinal structures. The authors proposed a Pyramidal Attention mechanism, which is a pyramid version of Multi-Head Self-Attention (MHSA) and Dense Atrous Spatial Pyramid Pooling (DASPP), to learn long-range dependencies and contextual information. Moreover, ECA and Spatial Refinement modules strengthen channel-wise and spatial feature representations, which contribute to precise localization of anomalies. An ablation study shows that the use of integrated blocks and attention mechanisms is beneficial, surpassed existing state-of-the-art methods on benchmark datasets.

Haq, N. U., Waheed, T., Ishaq, K., Hassan, M. A., Safie, N., Elias, N. F., & Shoaib, M. (2024). Conducted a research on Diabetic Retinopathy (DR) remains a leading cause of blindness, and this systematic literature review (SLR) seeks to tackle the computational challenges of deep learning models currently used for DR detection. They assess 84 papers published in quality journals that measure the performance of DR detection models. The review highlights the incorporation of vision transformer in deep learning methods and its substantial impact on accuracy. It provides a grouping of DR detection and describes several main research challenges in the area. The results identify the demand for more effective systems, present concrete research questions, and provide recommendations for potential progress on DR detection systems.

Alharbi, M., and Gupta, D. (2023). They researched a new approach to Deep Feature Fused Residual with U-Net (DFFR-U-NET) for the segmenting of Diabetic Retinopathy (DR) lesions specially Haemorrhage (HM), Hard Exudates (HE) and Optic Disc (OD). This approach makes a feature of Convolutional Neural Network (CNN) architecture, a U-Net model with residual blocks in the bottleneck. In this model, we trained the proposed model on the IDRiD dataset and we made sure that the accuracy to accurately segment HM, HE, and OD lesions. Their experimental results are as follows, The HM Accuracy, HE Accuracy, OD Accuracy are 98%, 99%, 99% respectively along with precision, IOU and Dice Coefficient values. Existing segmentation methods for retinal lesions and achieve superior performance over all existing segmentation methods.

Butt, M. M., Iskandar, D. N. F. A., Abdelhamid, S. E., Latif, G., & Alghazo, R. (2022).focused on Retinal Fundus image based Diabetic Retinopathy (DR) detection and classification is presented with hybrid approach for too early detection, which can if uncontrolled harvest cases of vision loss and degeneration. The authors use transfer learning techniques on pre-trained CNN to extract relevant features, and these features are aggregated into a hybrid feature vector for classification. This vector is passed to different classifiers for binary and multiclass classification. Their accuracy results are as follows, the performance metrics for DR detection and a comparison of other data in 5 different approaches. The method achieved an accuracy of 97.8% for binary classification, and 89.29% accuracy for multiclass classification. Their results outperform existing methods used for DR detection.

Tsiknakis, N., Theodoropoulos, D., Manikis, G., Ktistakis, E., Boutsora, O., Berto, A., Scarpa, F., Scarpa, A., Fotiadis, D. I., & Marias, K. (2021). Research paper focus on the processes of utilization of the deep learning techniques in the detection and classification of Diabetic Retinopathy (DR) with the help of fundus retina images. They reviewed the literature at different levels of the DR detection pipeline including popular datasets, augmentation methods that improve model performance and deep learning architectures that have been designed to diagnose and grade DR and localize lesions. This research article also notes models that have been successfully implemented in clinical practices.
2.1 Research gap
Lack of analytical Efficiency Consideration: Most of the studies were developed to use deep learning models for DR detection, but they do not focuses on analytical efficiency in the model. Recent advancements in more efficient model architectures and computational strategies, such as vision transformers or more optimized network designs, could also mitigate this gap and increase the real-time applicability of your model; your findings may highlight this aspect.

Undiscovered OCT and Fundus Images Integration: Most of the studies performed attempt to detect the DR using either fundus or OCT images and none of the studies explored combining both imaging modalities together which might allow build models with better detection performance since it utilizes added relevant information from both imaging modalities. Your use of both OCT and fundus images with the refined data sets creates the multi-signal stepping stone that has the likely to not only fill the gap between visually tagged and only data tagged scenarios, but also to develop systems that can capitalize on both imaging modalities at the same time.

Lack of Dual-Scale and Multi-Scale Feature Extraction: Already existing works often adopts single-scale or simple multi-scale feature deriving methods. The current model approaches lacks multi-level feature deriving down the input space before passing to the final layer which your Attention Dual Scale Residual Network (DSRN) can help bridge providing that more useful feature extraction in a multi-factored approach across the scales requirements.

By applying Inadequate Attention Mechanisms: Many of the researchers efforts are only limited to basic convolution layers or simple attention mechanisms, with very few efforts to exploring more advanced multi-head attention mechanisms, i.e., joint spatial and channel-wise attention. You are aware of data until October 2023, Your suggested method will help to use dual attention mechanisms by combining space refinement with channel attention to improve the performance of the model.

Not Enough Attention to Long-Range Dependencies and Contextual Information: Most of the existing methods are based on community traits extraction, but they have been limited in considering the importance of long-range dependencies. Incorporating the newest attention mechanisms such as Multi-Head Self-Attention (MHSA) and Dense Atrous Spatial Pyramid Pooling (DASPP), your study might fill the gap between these models and enhance its global context capture capability for enhanced detection of lesions with increased define and classification accuracies.

Lack of Consistency in Evaluation Metric and the Need for Standardization: A lot of studies report high accuracy but there is no uniformity in terms of evaluating the execution of the model based on various metrics like precision, recall, F1 score, and Intersection over Union (IoU). This gap could be filled with our study which provided a deeper and more robust standard assessment, across multiple metrics to ensure that a comprehensive performance measures were undertaken.

Deficiency of Framework for DR Detection Models: While many papers mention the need for a comprehensive classification for DR detection, there are only a limited number of studies that provide a detailed framework for grouping and comprehending various approaches. By creating a concise classification for DR detection models with respect to their approaches and efficiency, our work could help to bridge this gap.
3. Materials and Methods

3.1 Retina & Diabetic retinopathy
The retina is a thin layer of tissue at the back of the eye that captures light and transforms it into neural signals before sending them to the brain for visual processing. It is made up of specialized cells known as photoreceptors rods, which are responsible for detecting low-light conditions, and cones, which detect color and fine detail. For image generation, the retina is critical. The focus of the retina known as the macula is at the center of your sight, which lets you see sharp detail. Potentially blinding retinal diseases including diabetic retinopathy can cause reasonable damage and lead to irreplaceable visual impairment if the disease is allowed to progress undiagnosed and untreated. Due to its important function, routine eye examinations are vital to assess your retinas condition.
Diabetes is a chronic medical condition that develops when the body either will not produce enough insulin (alpha cells of the pancreas) or cannot use the insulin it makes effectively (1) (beta cells of the pancreas). Insulin is a hormone that regulates blood sugar. There are two kinds of diabetes: Type 1, in which the immune system destroys the insulin-producing cells in the pancreas, and Type 2, in which the body becomes opposing to insulin. It had made it hard to control this diabetes and can also be associated with classic complications like heart failure, kidney and nerve damage. Diabetic retinopathy which can lead to blindness is one of the common complications of diabetes if not properly treated. Long-term complications can be avoided by managing blood sugar levels with a combination of diet, exercise and medication. Maintaining overall wellness requires routine monitoring and prompt diagnosis of conditions related with diabetes.

Diabetic retinopathy (DR) is a diabetes-related retinal disease affecting the retina, which is the light-sensitive tissue at the back of the eye. When blood sugar levels are high, the blood vessels that supplies blood to the retina gets damaged become leaky or bleed lead to impairing vision. At the onset of DR, patients may not experience symptoms; however with the progression of the condition, it can lead to blurred vision, retinal detachment and even blindness. DR has two stages: non-proliferative (early stage), and proliferative (advanced stage), usually with the latter being extreme. How do you know if you have a vision problem or disease and what can you do about it; that is, be caution, get regular vision examinations which are critical for early detection, timely treatment can help and reduce extra damage that can lead to loss of vision. Regulating blood sugar levels and other diabetes-associated health indicators may minimize the chances of DR developing.
3.2 Algorithm

Attention Dual Scale Residual Network (ADR-Net)

Input Handling: Accept and preprocess both fundus and OCT images. Normalize, resize, and smooth images to normalize the input data.
Feature Extraction: Apply dual-scale convolution to get the both global (macro) and local (micro) characteristics. Employ remaining blocks to retain critical image characteristics and mitigate the fading gradient problem.
Triple Attention Mechanism: Spatial Attention: Highlight spatial areas of interest, such as lesions or vascular anomaly. 
Channel Attention: Focus on the most informational channels in the image data. 

Combined Fusion: Combine outputs from both spatial and channel attentions.
Feature Fusion: Combine outputs from dual-scale and triple-attention modules.
Classification Head: Apply fully associated layers with softmax activation for multi-class classification (e.g., No DR, NPDR, PDR).
Optimization: Use Adam or SGD optimizers with learning rate schedulers. Loss function: Cross-entropy for grouping.
Evaluation: Use standard measurement like accuracy, precision, recall, F1-score, and AUC-ROC.
Explain-ability Module: Use Grad-CAM or LIME to visualize attention maps and highlight critical regions in input images for clarity.

3.3 Expected Accuracy

Experimental Setup:

   Datasets: Openly available datasets (e.g., IDRiD, Kaggle Diabetic Retinopathy Dataset).  Training-Validation Split: 80-20 ratio.

Anticipated Results:  Overall Accuracy: 95-98%  Precision and Recall: Above 95% for most classes. AUC-ROC: 0.98+
3.4 Recognition and diagnosis of diabetic retinopathy
In the diabetic retinopathy (DR) detection process, unusual changes of the retinal blood vessels caused by persistent high blood sugar levels are detected. Traditional methods involve ophthalmologists examining retinal images for signs such as retinal vascular disease, hemorrhages, exudates, and angiogenesis. Such these changes reflect the different stages of DR, including early non-proliferative and advanced proliferative stages. Although the manual process is effective, it can be slow and heavily reliant on the experience and skill of the clinician.

Automated systems for DR detection are being developed increasingly with improvements in medical imaging and machine learning. Most of these systems make use of retinal fundus images taken by special cameras to learn the characteristics of the retina in search of early signs of DR, and deep learning methods, especially convolutional neural networks (CNNs), have attained high accuracy in identifying subtle changes in the retina, with many models detecting DR at stages prior to visual symptoms. AI-based systems use training only on titled images of DR in numerous numbers.

Besides retinal fundus images, optical coherence tomography (OCT) is another available imaging modality useful in detecting DR-related aspects. Optical coherence tomography (OCT) is a non-surgical imaging technique that delivers high-resolution cross-sectional views of the retina, allowing for detailed evaluation of structural changes, incorporating retinal thickening or fluid collection. Integrating OCT with fundus photography opens up a doorway for a more complete picture of DR advancement, enabling its early-stage identification and optimized treatment.
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Fig: 1 Retinopathy process of Diabetes detection

The latest attempts are aimed at helping AI models to be interpretable and understandable, as well as authentic for clinicians. Explainable AI methods seek to enhance transparency in decision-making, enabling physicians to inspect the model’s rationale, thus supporting diagnostic confidence and clinical uptake. Automated systems for the detection of DR have a potential role to play in improving DR screening in clinical environments and preventing vision loss to diabetic patients.

3.5 Input
The input stage is a essential component in the diabetic retinopathy detection system since it greatly impacts the quality and effectiveness of the data that is introduced into the Attention Dual Scale Residual Network (ADR-Net) ( fig.2). This section explains how the prepared fundus and Optical Coherence Tomography (OCT) images are used as the input to the network.

Fundus Image Input
The fundus images in Fig:2 offer a wide-record point of view of the retina containing important data regarding the blood vessels, the optic disc and the macula, which are difficult for the analysis of diabetic retinopathy. These images are usually taken using a fundus camera.
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   Fig 2: Fundus image

Fundus images after pretreated are one type of inputs to ADR-Net. These images are then normalized, smoothed, resized and made ready to be feed into the network in their route, standard form after pre-treating steps. Images are rich in features, such as retinal vascular disease, hemorrhages, and exudates, which are indicative of DR. These characteristics are used by the ADR-Net for precise prediction of DR existence and severity.

(3-channel (RGB) or single-channel (grayscale) that the network was well trained based on the dataset input characteristics.) If the color channels are involved, then they provide additional information about the vascular_org_potential anomaly in the layers of the retina.
OCT Image Input

Cross-sectional pictures of the retina (optical coherence tomography, oct) provides detailed information on retinal layers and their structural character. Unlike fundus images, OCT scans enable a closer look into the changes that occur in the anatomy of the retina, including the swelling or loss of thickness of the retinal layers resulting from diabetic retinopathy.
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Fig 3: OCT images

The input to the ADR-Net is composed of preprocessed OCT images, go through the similar preprocessed fundus images (normalization, smoothing, and resizing). These are single-channel (grayscale) images that represent the severity values of each retinal layer. Optical coherence tomography (OCT) images have significant structural information like retinal edema or thickness of the macula, which is helpful for diagnosing an significant complication of diabetic retinopathy (DR), diabetic macular edema (DME)

With fundus and OCT images as inputs, the ADR-Net potentially includes the visual information from the retinal vasculature in the fundus image and structural information data in the OCT image, thereby enhancing the model’s capability to recognize diabetic retinopathy along with its relevant problems.

Fundus and OCT Image Fusion

In other scenarios, the input to the network could be a combined image from both fundus and OCT. Fusion method: Merge the complementary data from both image types to generate a comprehensive input. By merging the data, the network can learn features related to superficial retinal anomaly (identified from the fundus images) and deeper retinal layer changes (identified from the OCT images).
3.6 Re-Size and Batch Processing

To maintain uniformity and efficiency in terms of model training, we convert the input images to a fixed resolution following the preprocessing, as discussed in the preprocessing section. Both the training stage and the inference stage use batch processing, when several images are processed in parallel. This increases analytical efficiency and speeds up the model's learning process, mainly in the case of large datasets.

The input images for our model are usually organized into batches of fixed size (like 16 or 32 images per batch). It allows for training optimization utilize parallel computation for several images at once thus speed up the model convergence.

3.7 Data Augmentation 
Data augmentation technique might be used on the images as well to help the model generalize even more. Data augmentation techniques artificially increase the size of the training dataset by applying image transformations like rotation, scaling, flipping, or translation to input images. Data augmentation is essential when working with medical image datasets that are limited in size. By providing multiple variations of the same image, it enables the model to become more robust and less likely to over fit.

Accurate and reliable image analysis is essential in DR diagnosis to detect subtle pathological changes in the retina. This requires pre-processing of the raw fundus and Optical Coherence Tomography (OCT) images. Thus, the following steps are performed to improve the quality of the images for the Attention Dual Scale Residual Network for subsequent analysis.
Normalization

Normalization is also an important preprocessing step to make sure input images are consistent. Normalization scales the image intensity values into a standard range (i.e., 0 to 1 or -1 to 1) because the pixel values in the fundus and the OCT images can vary considerably. This allows the model to learn faster and make it generalize better across various datasets.

Normalization, applied in our scheme just means adjustments to the pixel values of fundus and OCT images, thus balancing the differences in lighting, contrast, and resolution. This prevents variance in image qualities affecting the performance of the model.

Smoothing

Another preprocessing is smoothing which helps to reduce noise and improve image quality. Fundus and OCT images may lead to random variations or unwanted artifacts that can affect the feature extraction. These high-frequency noise components are filtered using smoothing filters (like Gaussian or median) but important structures of the image (for example blood vessels, macula, retinal layers) must be preserved during this filtering.

By applying Gaussian smoothing in our model, we were able to maintain the fine details required to detect diabetic retinopathy in our model, whilst suppressing fine noise that could cause false positives. Such a procedure is essential in case of OCT images, with noise covering the boundaries of the retinal layers.

Resizing

The input image is resized to the same dimensions. Resizing is a process that normalizes all input images to a fixed size, which is usually chosen to be an appropriate trade-off of computational speed and model accuracy, because images of different input origins may possess different levels of resolution.

In our work, resize the fundus and OCT images into the same size before input with Attention Dual Scale Residual Network. By doing this, we protect the model from the fact that we passed images of varying ounces. It enables the model to extract relevant features across scales of provisional images that it receives.
3.8 DSRN Process

One such prospective method is the Dual Scale Residual Network (DSRN), a deep learning architecture tailored for this task by processing multi-scale characteristics at varying resolutions throughout the depth of the model. This is mainly useful in diabetic retinopathy (DR) detection, as DR may present differently at varying scales in the retina images. An effective dual scale residual network for diabetic retinopathy detection.

The dual scale mechanism of the network allows it to capture both global and local features, consequently improving overall accuracy and robustness of the model in identifying various stages and types of DR. At a high level of dual scale residual networks.
Dual Scale Representation

The keyword of dual scale means features will be extracted at both global and local scale and combined together for filtering. This is critical in medical imaging, particularly for retinal conditions such as diabetic retinopathy that manifest different lesions and irregularities at various sizes and spatial relation. Different scales of convolutional filters are working by the network, enabling the detection of small features (e.g., micro aneurysms and hemorrhages) to larger formations (e.g., the optic disc or macula).

Global Scale: Looks at more general, contextual information like the overall shape of the retina, larger blood vessels and larger structures.
Local Scale: Focus on detailed, localized characteristics such as micro aneurysms, exudates, and other retinal lesions, essential for DR detection.
Residual Connections
The Residual Network (ResNet) implements residual blocks to allow the network to better learn due to the vanishing gradient issue. 
Residual Block: This is a block where the input to the layer is just directly routed to the output of the layer, creating a shortcut connection. It enables the learning of richer characteristics with little or no degradation in performance, particularly as the network transforms into deeper.

Benefits for DR detection: The residual connections allow the DSRN to easily learn deep features, while also preserving critical information in the image. This is useful in helping to differentiate subtle signs of diabetic retinopathy, such as micro hemorrhages or hard exudates, from normal retinal features.
Feature Fusion
The network provides one combined representation for both global and local scale characteristics. Then, a dual scale mechanism is used to get more relevant features of different spatial resolutions, and fusion techniques merge the information for comprehensively understanding the image. This multi-scale aspect is mainly useful in identifying lesions that can manifest as multiple sizes with varying distance from the retina.
4. Results
Final step where the features processed (diseases such as lesions, exudates, or other retinal anomalies) and uprooted for next step of analysis like grouping with diffused scale residual network.

OUTPUT CLASSIFICATION
Finally, the output categorizes the input image into three main categories:
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Fig 5: Output classification 
a. No apparent diabetic retinopathy: This category recommends no visible diabetic retinopathy, i.e. there is no DR identified in any of the retinal or OCT images.

b. Non-proliferative diabetic retinopathy (NPDR): This is the early phase of diabetic retinopathy, when mild or moderate changes occur in the retinal blood vessels (e.g., micro aneurysms, hemorrhages, and hard exudates). NPDR is further classified into:

c. Proliferative diabetic retinopathy (PDR): This is the most severe phase of DR, defined by the growth of new, abnormal blood vessels on the retina (neovascularization), resulting in a risk of bleeding, scarring, and vision impairment.
5. Discussion

Diabetic retinopathy lesions, Occupy multiple sizes (001) including small/micro aneurysms, which are more shuttle, and larger exudates or hemorrhages that are more evident. This allows the network the capability to detect abnormalities of both small-scale and large-scale by looking at the image in different situations of detail.
By learning multiple scales, it allows the model to generalize better across different patients and datasets. And as diabetic retinopathy further advancements different across individuals, a network that can learn both high-level features (e.g. vascular structure in the retina) and fine-grained characteristics (e.g. small lesions in the retina) will result in a more robust individual in its value.
The local-scale network concentrates and identifies lesions accurately at smaller regions of interest. Merged with the global-scale network, it improves localization of lesions, enabling a better detection of the severity and classification of the disease.
The dual scale design equalizes the need for computational power and characteristics extraction. Whether a high resolution image has enough information will be expensive computational now the dual scale network only needs to extract coarse and fine. There is no need to process explicit high-resolution images, which adds a large efficiency to the model.
The dual scale network used for both fundus and OCT images, operates on the unique features of each imaging modality. Particularly, fundus images have complete vascular information, while OCT images emphasize on layers of retinal structure. It can efficiently merge information from these two sources, which help in diabetic retinopathy detection.
The image below shows how DSRN works and its workflow.
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Fig: 5 DSRN process to detect diabetic retinopathy

DSRN model Acceptance (input the processed fundus and OCT images) Normalized, smoothed, and resized these images are transmitted to the dual-scale convolution layers.
A few convolution layers (with larger receptive fields) processes the image in a coarse way and extract graphical features (global features) such as overall retinal vasculature, general structural alteration.
A second series of Convolutional layers with shorter receptive fields focus on smaller structural characteristics representative of micro aneurysms, hemorrhages, and exudates, which plays a crucial role in early-stage identification of diabetic retinopathy.

These results in the combining of global and local features and remaining connections are used to further refine these features. The combined features are forwarded through the subsequent layers of the network to produce the final predictions.
The detection made based on the algorithm whether he/she suffers from diabetic retinopathy and the stage of the disease. The output can be binary (DR/no DR) or multi-class (mild, moderate, and severe DR).

This is how we define the area of coverage that we want the analyze to be concentrated on. In our case it may involve determining which parts of fundus images or OCT scan, contain abnormalities (lesions, exudates or blood vessel changes) that are most likely valid.
Uses medium resolution data to identify areas of interest. As an analogy, DEM (Digital Elevation Model) could mean to transform elevations in image for example from different layers of retina tissue in OCT images.
Coastline Detection: Identifying contours, most likely align to borders in fundus images (such as optic disk boundary or blood vessel contours). Promotion Threshold: Assists in filtering segments by thresholds from these segments, you may perform depth-based fragments of the OCT scans.
Concept: Spatial relationships are examined to include only certain, specific areas of interest. In diabetic retinopathy, this might mean detecting lesions near specific anatomical structures, such as the macula.
It reduce computational burden by scanning only the regions where there is a high probability of anomalies. Reducing the image feature search space by combining contiguity analysis and thresholds
Here NDVI (Normalized Difference Vegetation Index) could be a substitute phrase. For diabetic retinopathy identification, that probably means generating a feature map. So that, intensity ratios or the normalized difference among the two layers on the OCT scans or two image channels.
MAE: Calculates the difference among the output and the target Images of 2 scales or 2 scenes multi-scale fundus or OCT Images Pre-Scenes and Post-Scenes may mirroring Original image versus residual-refined image in a double-market group.
Segmented ROI or object based focuses on fragmented regions or detected objects like micro aneurysms or exudates. Allows fine-grained information retrieval at high resolution (e.g. small lesions, detailed OCT structures).  
This decision point checks if the results (extracted features or regions) are above the accuracy threshold.
If yes, → go to extract feature.

If no → re-analyze using object-based analysis and higher-resolution data.
6. Conclusion & future work
The Attention Dual Scale Residual Network for diabetic retinopathy detection detects abnormal and normal retinal images get back from fundus and OCT images. This includes preprocessing techniques to ensure the input images are normalized, smoothed, and resized to be constantly analyzed ensuring quality data. The dual-scale residual network derives fine-scale and coarse-scale characteristics, thus recognizing minute anomalies including retinal vascular disease, hemorrhages, and exudates. Glowworm Swarm Optimization (GSO) is used to improving the production of the network by optimizing its parameters and ensuring the accuracy and reliability of the classifications. Overall, this method shows a lot of promise in aiding ophthalmologists with early identification and treatment of diabetic retinopathy, a important part of bringing about timely intervention and vision loss prevention. The integration of a novel preprocessing approach, dual-scale residual network design, and advanced optimization techniques lead to a state-of-the-art system with highly accurate in detection of diabetic retinopathy on fundus and optical coherence tomography (OCT) images.
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