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Diabetic retinopathy (DR) is a chronic microvascular complication of diabetes and remains 

one of the leading causes of preventable blindness worldwide. For DR, early detection and 

accurate stage classification through fundus image analysis are critical for timely intervention 

and effective treatment planning. In this work, we present a novel hybrid classification 

pipeline for DR screening that integrates transformer-based vision models with optimization-

guided feature selection. The architecture leverages a dual-stream design, combining the 

global feature extraction capability of a refined vision transformer (RViT) with the local 

feature capturing the strength of an adaptive MobileNetV3 (AdaMobileNetV3). This design 

enhances the modelling of retinal lesions, such as microaneurysms, hemorrhages, and 

exudates, at a local scale while concurrently capturing global contextual information. A two-

stage feature selection strategy is employed, initially removing highly correlated features, 

followed by selecting the most discriminative subset using the weighted goose optimization 

algorithm (WGOA). The proposed method is evaluated on two DR datasets featuring varying 

class distributions, including imbalanced and multi-label scenarios. The proposed architecture 

outperforms baseline methods (RViT-AdaMobileNetV3 and RViT-AdaMobileNetV3+GA), 

achieving macro F1-scores of 0.9800 on Dataset A and 0.9764 on Dataset B, thereby 

demonstrating its robustness, adaptability, and translational potential for cross-dataset DR 

classification tasks. 
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1. Introduction 

Diabetes mellitus is a prevalent and chronic systemic metabolic disorder that results from inadequate 

insulin secretion or insulin resistance. This imbalance causes abnormally high blood glucose concentration, 

which is called hyperglycemia [1-3]. Bonaventure’s analysis [4] of prevalence and incidence data from 

Western countries shows a sharp rise in the population-level burden of diabetes over the last several decades. 

The national prevalence of diabetes in China is about 12%, and the country has the largest number of 

diabetics in the world, due in part to its population base. 
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Diabetic retinopathy (DR), one of the many long-term complications of diabetes, is one of the most 

debilitating and is the leading cause of vision loss in working-age adults (20–64 years) [4]. DR develops 

as a result of prolonged hyperglycemia, which causes abnormal retinal vessel changes, such as 

neovascularization. These pathological changes include capillary wall weakening, hemorrhages, exudates, 

macular edema, and neovascularization. In the absence of treatment, DR can lead to partial or total vision 

loss [5]. Conventional DR signs, including microaneurysms, hard and soft exudates, and hemorrhages, are 

important indicators found in fundus photography [6]. 

To standardize diagnosis and therapy, DR has been classified into five stages based on the 

international clinical diabetic retinopathy disease severity scale (ICDRS): no DR, mild NPDR, moderate 

NPDR, severe NPDR, and PDR. One of the major challenges in DR treatment is its asymptomatic onset, 

whereby patients often remain unaware of the condition until significant visual impairment develops. 

Therefore, early detection and routine screening are necessary [7, 8]. However, the rapidly growing 

prevalence of DR is not matched by an adequate number of trained ophthalmologists [9]. Moreover, even 

experienced clinicians may find it difficult to accurately determine disease severity, thus contributing to 

higher misdiagnosis rates. 

To overcome these difficulties, computer-aided diagnosis (CAD) systems are becoming increasingly 

important for clinical practice. Such systems can alleviate healthcare workload, promote diagnosis 

consistency, and accelerate the detection of diabetic-related complications. Convolutional neural networks 

(CNNs), recognized as one of the most successful techniques in machine learning, have demonstrated 

significant capability in analyzing medical images, particularly in DR classification because of their 

capacity to extract complicated visual information hierarchically [10-12]. 

Over the past decade, numerous deep learning-based methods for diagnosing diabetic retinopathy 

have emerged. The DcardNet model [13], with adaptive rate dropout and three independent stage 

predictions, is an example model designed based on clinical diagnostic requirements. This structure 

increases reliability and allows more effective training of patients for more in-depth ophthalmic 

examination. Another study [14] used a modified ResNet-18 with a Swish activation, and the results were 

state of the art compared with regular CNN models. Likewise, Kao and Lin [15] suggested incorporating 

EfficientNetV2 and dark channel prior through fusion to further improve lesion visibility and DR detection. 

Motivated by the limited number of annotated datasets, [16] proposed a work that combines the eye-

tracking of ophthalmologists with the fundus images, applying the OTSU thresholding and a class 

activation map (CAM)-based regularization. This resulted in a more accurate and interpretable approach 

that obtained 94% and 94.83% classification accuracies on the DIARETDB0 and DIARETDB1 datasets, 

respectively. 

However, a number of concerns must be addressed to put CNN-based DR classifiers into clinical 
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practice. Inter-class discrimination is challenging due to concurrent lesions and pathological patterns. In 

addition, for DR datasets, data imbalance may cause model performance bias and weak generalization. 

To combat these challenges, attention mechanisms have been widely adopted. Such mechanisms have 

been shown to help the models focus on the most informative parts of an image, achieving better 

recognition performance in fine-grained classification. For instance, CABNet [17] adopts the global 

attention block (GAB), incorporating the class-specific attention block (CAB) to learn global and class-

related features. In [18], a texture-spatial attention mechanism is proposed to improve the saliency-based 

learning via an encoder-fusion structure. 

To address the shortcomings of single-view fundus images, Luo, et al. [19] introduced MVDRNet, a 

multi-view deep learning model that integrates features extracted from different views by CNNs and 

attention modules. Such enhanced feature fusion results in more comprehensive lesion characterization 

and improved diagnostic performance. Another prominent work is the CNN-Trans hybrid model [20], 

which combines CNN-LSTM with Xception and Vision Transformer (ViT). This concatenation improved 

performance, and when combined with coordinate and self-attention, it reached 80.68% accuracy, thus 

presenting comparable state-of-the-art efficiency. 

These studies also highlight the notable advancement of automatic DR detection. There are 

significant limitations, most importantly regarding overlapping features, class imbalance, and low 

interpretability. These difficulties call for new solutions based on previous knowledge, attention 

mechanisms, and hybrid models to improve the diagnostic reliability and clinical uptake. 

The following research gaps (RGs)—RG-1 on global-local feature fusion and RG-2 on advanced 

feature selection—are systematically addressed in this study through a hybrid RViT-AdaMobileNetV3 

architecture and a two-stage feature refinement strategy: 

RG-1: Existing CNN architectures lack robust global-local feature fusion, limiting their ability to capture 

both fine-grained retinal textures and broader contextual patterns.  

RG-2: Existing pipelines perform little or no effective feature selection, leading to redundancy, overfitting, 

and poor generalization in high-dimensional deep features. 

The novelty and contributions of this study include 

i. A hybrid architecture 

ii. Robust two-stage feature selection 

iii. Improved generalization and interpretability 

2. Literature Review 

In recent years, the need for accurate and early diagnosis of diabetic retinopathy (DR) has driven 

significant advances in computer-aided diagnosis (CAD) systems. These systems aim to support 
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ophthalmologists in analyzing retinal fundus images, particularly by leveraging deep learning techniques, 

which have demonstrated superior performance in feature extraction and classification across a variety of 

image-based medical domains. 

Several CNN-based architectures have shown promising results in DR classification tasks. In [21], 

the authors used MobileNetV2 with transfer learning and achieved 0.91 accuracy in DR classification and 

0.92 in recognizing DR, with an AUC of 0.9.  Their model also obtained macro accuracy, recall, and F1-

scores of 0.78, 0.83, and 0.80,  respectively, showcasing its potential for clinical adoption. In a related 

study, the authors in [22] formulated the DR classification problem, reporting accuracies of 0.91 and 0.90 

on two different  real-world datasets. 

Addressing the scarcity of labeled data, Yang, et al. [23] proposed a channelized  generative 

adversarial network (GAN) with semi-supervised learning, incorporating three modules: a generative 

model to produce sub-field images, a GAN-based semi-supervised classifier to utilize both labeled and 

unlabeled samples, and a DR-specific feature extractor for high-resolution image representation. These 

innovations enabled robust performance under limited supervision. 

The integration of image processing with transfer learning is explored in [24], where the authors 

utilized the Xception model along with advanced preprocessing techniques to extract richer features. Their 

approach achieved 92% training accuracy and 88% test accuracy, demonstrating the effectiveness of hybrid 

strategies. Similarly, the authors in [25] fused features derived from ResNet-50 and applied the random 

forest classifier. The use of average pooling layer features from ResNet enabled efficient training of deeper 

models, overcoming vanishing gradient issues and enhancing predictive accuracy. 

A classic machine learning pipeline is reported in [26], where feature extraction was used to detect 

DR severity from 0 to 4. Among various classifiers tested, naïve Bayes achieved 83% accuracy, 

emphasizing that even traditional models remain relevant when feature engineering is effective. 

Gao, et al. [27] introduced DLGP-DR, a deep learning model that integrates Gaussian processes to 

improve classification and probabilistic ranking. On the EyePACS dataset, the model reached a sensitivity 

of 93%, specificity of 92%, and AUC of 0.97. The performance remained strong on the Messidor dataset 

with sensitivity, specificity, and AUC of 72%, 86%, and 0.88, respectively, validating its cross-dataset 

applicability. 

Two novel architectures, CKML-Net and VNXK, are proposed by Wang, et al. [28] for fine-grained 

DR classification. Inspired by GoogLeNet and VGGNet, respectively, these models incorporate multi-

kernel learning, multiple loss functions, and a hybrid LGI color space, while leveraging transfer learning to 

address class imbalance. The best results are reported on both  datasets used in the study. 

Yaqoob, et al. [29] further enhanced the ResNet50 architecture by integrating attention mechanisms, 

achieving a training accuracy of 0.98 and an F1-score of 0.95, indicating substantial improvements over 
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existing techniques. Similarly, the TaNet model [30] demonstrated superior classification performance 

using transfer learning on Messidor-2, EYEPACS-1, and APTOS 2019 datasets, with precision, recall, and 

F1-score of 98.75%, 97.89%, and 98.89%, respectively. 

3. Proposed Methodology 

3.1. Overview of the Proposed Method 

This section presents the adopted methodological framework as shown in Figure 1, used to design, 

implement, and evaluate the proposed RViT-AdaMobileNetV3 + WGOA classification pipeline for retinal 

disease detection. The procedure was structured to ensure methodological rigor and reproducibility, 

comprising three core components: (1) the study design, which outlines the experimental protocols, datasets, 

and reference benchmarks; (2) the implementation plan, detailing a step-by-step process from data 

preprocessing through feature extraction to optimization and final classification; and (3) the analytical 

strategies, encompassing performance metrics, evidence-based statistical analysis, and visualization 

techniques to interpret the results. Each component is interconnected, collectively demonstrating how the 

study was conceived, executed, and interpreted to substantiate the effectiveness of the proposed method. 

The method is generalizable over datasets with varying  disease types and class distributions, ensuring 

robust clinical interpretability. The key steps of the method are summarized in Table 1: 

Table 1. Proposed RViT-AdaMobileNetV3 model. 

Step 1 Dataset preparation and preprocessing 

Step 2 Hybrid deep feature extraction via RVit-AdaMobileNetV3 

Step 3 Feature vector construction 

Step 4 Feature redundancy elimination 

Step 5 Feature optimization using WGOA 

Step 6 Final classification with support vector machine 

Step 7 Performance reporting and visualization 

The weighted goose optimizer (WGOA)-based feature selection phase uses a stratified train-test split 

to ensure proportional representation of each class during fitness evaluation, which helps maintain class 

balance in the optimization loop. Additionally, the hybrid RVit-AdaMobileNet model extracts rich feature 

representations that improve separability across all classes, including minority ones. These features are 

further refined by eliminating highly correlated attributes and optionally applying recursive feature 

elimination (RFE) to reduce dimensionality. This sequence not only enhances model performance but also 

mitigates the bias typically introduced by imbalanced data, as evidenced by class-level insights drawn from 

the final confusion matrix. 

https://doi.org/10.53898/josse2025544
https://engiscience.com/index.php/josse


S. Betha and J. Seventline, 2025 276 
 

 

 
Journal of Studies in Science and Engineering. 2025, 5(2), 271-296. https://doi.org/10.53898/josse2025544 https://engiscience.com/index.php/josse 

 

Figure 1. Implementation procedure of the proposed framework. 

3.2. Detailed Implementation Steps 

3.2.1. Dataset Preparation and Preprocessing 

The preparation of the image dataset is carried out in structured folders, with each RGB-transformed 

image tensor batched with a loader that supports data shuffling and on-the-fly transformations. The 𝒟 =

{(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁 is batched to ensure consistent input dimension with 224X224 pixels. In addition, it enables 

handling data efficiently during feature extraction and training. We used two datasets, namely A with four 

classes and B with seven classes, for this work. Figure 2 and Table 2 illustrate the procedure: 

Table 2. Dataset preparation and preprocessing. 

Input -  

Dataset with class-wise ground truth labels 

Step 1 All images resized to 224 X 224 pixel resolution 

Step 2 PyTorch transformations used to tensorize and convert to RGB format 

Step 3 Implementation of a PyTorch-compliant custom dataset class with DataLoader-based 

mini-batch shuffling and parallelized image-label retrieval 

Output -  

i. Tensor-formatted images with class labels as (image_tensor, label) batches 

ii. DataLoader object 
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Figure 2. Implementation procedure for data preprocessing. 

3.2.2. Hybrid Deep Feature Extraction via RVit-AdaMobileNetV3 

A novel hybrid architecture, RVit-AdaMobileNet, is developed by integrating two powerful 

backbones. Table 3 demonstrates the procedure: 

i. RefinedVision transformer (RViT) 

ii. AdaMobileNetV3 

Table 3. Hybrid deep feature extraction via RViT-AdaMobileNetV3 model. 

Input -  

Image batches from DataLoader 

Step 1 Load pretrained refined vision transformer (RViT) and AdaMobileNetV3 without 

classification heads. 

Step 2 Forward input through both networks and concatenate their feature vectors. 

Step 3 Apply dense classification head and train using Adam optimizer and categorical cross-

entropy loss. 

Output -  

i. Trained RVitAdaMobileNet hybrid feature extractor 

ii. Optimal weights learned from the dataset 

The RViT module is used to encode the images through self-attention after splitting into patches. It 

gives an output 𝑓RViT ∈ ℝ768. AdaMobileNetV3 processes the image in a lightweight manner to generate 

feature representations, 𝑓Mobile ∈ ℝ960. These two are concatenated to form 𝑓fused, as shown in Equation 1: 

𝑓fused = [𝑓RViT, 𝑓Mobile] ∈ ℝ1728       (1) 

A multi-layer perceptron projects the 𝑓fused vector and is trained using a cross-entropy loss function, 

as shown in Equation 2: 

ℒ𝐶𝐸 = − ∑ 𝑦𝑐
𝐶
𝑐=1 log(𝑦̂𝑐)        (2) 
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This hybrid integration captures both global attention and local texture features in a most effective 

way. This also improves the robustness of the model more than using a single model, as shown in Figure 3: 

 

Figure 3. Implementation procedure for Hybrid RViT-AdaMobileNetV3. 

3.2.3. Feature Vector Construction: 

The trained hybrid model is then turned into a feature extractor by discarding the classification head. 

The step-wise procedure is described in Table 4. For each input image, we forward it via the model in 

evaluation mode to obtain high-dimensional deep features, which are then saved along with their labels for 

downstream tasks. Each image 𝑥 ∈ ℝ3×224×224 is mapped to a high dimensional feature vector 𝑓fused. A 

feature vector is produced across the dataset in the form represented in Equation 3: 

𝑋 = [𝑓fused

(1)
, 𝑓fused

(2)
, … , 𝑓fused

(𝑁)
] ∈ ℝ𝑁×1728      (3) 

Table 4. Feature vector extraction using RViT-AdaMobileNetV3 model. 

Input -  

i. Trained RVitAdaMobileNet 

ii. Complete dataset via DataLoader. 

Step 1 Disable gradient computation (evaluation mode). 

Step 2 Pass each image through the model. 

Step 3 Store resulting feature vectors and their corresponding labels. 

Output -  

i. Features: NumPy array of shape (N, D) 

ii. Labels: Ground truth vector 

𝑦 ∈ ℝ𝑁 represents the corresponding labels. These are the deep features that are then fed as input for 

further selection and classification of diabetic retinopathy, as shown in Figure 4: 
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Figure 4. Implementation procedure for feature vector construction using RViT-AdaMobileNetV3. 

3.2.4. Feature Redundancy Elimination 

We calculated a Pearson correlation matrix to identify and eliminate highly correlated features 

(threshold > 0.9). Optionally, if the number of features is less than 50, then RFE with a linear SVM model 

is used to further reduce the dimension. Table 5 summarizes these steps. A Pearson correlation 

coefficient 𝜌𝑖𝑗 is calculated for each feature pair using Equation 4: 

𝜌𝑖𝑗 =
Cov(𝑋𝑖,𝑋𝑗)

𝜎𝑋𝑖
𝜎𝑋𝑗

          (4) 

Table 5. Feature redundancy elimination. 

Input -  

i. Extracted features 

ii. Corresponding labels 

Step 1 Compute correlation matrix. 

Step 2 Drop features with Pearson correlation coefficient > 0.9. 

Step 3 If remaining features exceed 50, apply recursive feature elimination (RFE) with a linear 

SVM. 

Output -  

i. Filtered feature matrix 

In another perspective, the features that have 𝜌𝑖𝑗 >0.9 are removed. This reduces the number of 

features for efficiency and to decrease overfitting. The output is called a filtered feature matrix. We 

employed recursive feature elimination using a linear support vector machine. This produces a reduced 

feature space while increasing the generalization and predictability of the machine learning model, as 

shown in Figure 5: 
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Figure 5. Implementation Procedure for Filtered Feature Matrix  

3.2.5. Feature Optimization Using WGOA: 

The WGOA brings in migration, mutation, and probabilistic weighting schemes to help maintain 

population diversity and prevent the algorithm from sinking prematurely into local optima. WGOA is an 

effective feature subset selection algorithm for dimensionality reduction, particularly aimed at classification, 

as it encourages the selection of compact feature subsets that exhibit lower redundancy and higher 

predictive content. This step involves WGOA to get the best feature subset. Each goose represents a 

candidate feature subset encoded as binary vector 𝑔 ∈ {0,1}𝑑. The steps are outlined in Table 6. The fitness 

function in Equation 5, which is the accuracy of an SVM trained with selected features, defines each goose:  

Fitness(𝑔) = Accuracy (SVM(𝑋𝑔, 𝑦))     (5) 

Table 6. Feature Optimization Using WGOA 

Input -  

i. Features_selected, labels 

Step 1 Initialize binary population of candidate feature masks. 

Step 2 Iteratively evaluate fitness (classification accuracy via SVM). 

Step 3 
Guide population toward best-performing solution with probabilistic migration and 

mutation steps (WGOA). 

Output -  

i. Optimized feature vectors 

ii. Binary mask representing chosen features 

The weights in this instance are chosen to favor candidate subsets without redundant features. Geese 

migrate to the best-performing individual at the end of each generation, with stochastic mutation introduced 

at regular intervals to maintain population diversity, as in Eq(6): 
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𝑔new = Mutate (Crossover(𝑔top , 𝑔current))      (6) 

The subset that performed best, 𝒮 ⊆ {1,2, … , 𝑑}, is chosen and used for classification, as shown in Figure 6: 

 

Figure 6. Implementation procedure for feature optimization using WGOA. 

3.2.6. Final Classification with Support Vector Machine 

The SVM is a powerful classifier that can efficiently deal with high-dimensional data with wide 

margins. Stratified splitting helps present a balanced class representation, which is an essential feature in 

medical sets with imbalanced classes. The selected features 𝑋𝒮 ∈ ℝ𝑁×|𝒮| are then split into training and 

test subsets. Table 7 presents the steps in the process. A linear SVM classifier with hinge loss is trained as 

defined in Equation 7. Predictions are then made on the test using accuracy and confusion matrix analysis, 

as shown in Figure 7: 

ℒSVM =
1

2
∥ 𝑤 ∥2+ 𝐶 ∑ max𝑁

𝑖=1 (0,1 − 𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏))    (7) 

Table 7. Final classification with Support Vector Machine. 

Input -  

i. Selected_features, labels 

Step 1 Perform an 80:20 stratified train-test split. 

Step 2 Train a linear support vector classifier. 

Step 3 Evaluate predictions on the test set. 

Output -  

i. Predicted labels 

ii. Confusion matrix 

iii. Accuracy score 
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Figure 7. Implementation procedure for final classification using SVM. 

3.2.7. Performance Reporting and Visualization: 

Predictions are compared against the ground truth labels. Evaluation measures, such as recall, 

precision, and F1-score, are calculated. The confusion matrix is then drawn by heatmap to provide detailed 

information on how the classifier is performing in all the classes. These measures not only achieve a 

holistic perspective of model performance but also provide detailed per-class performance, contributing to 

interpretations in medical diagnosis. Visualization is also a valuable tool to realize model biases or model 

systematic errors in the form of class-specific predictions. Table 8 and Figure 8 outline these steps: 

Table 8. Performance reporting and visualization. 

Input -  

i. Ground truth y_test and predicted y_pred 

Step 1 Compute precision, recall, F1-score, and accuracy. 

Step 2 Visualize confusion matrix via heatmap. 

Step 3 Evaluate predictions on the test set. 

Output -  

i. Evaluation metric values 

ii. Annotated confusion matrix plot 
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Figure 8. Implementation procedure for prediction. 

4. Method Validation 

In this study, the macro-averaged scores macro precision, macro recall, macro F1-score, macro false 

positive rate (macro FPR), and macro false negative rate (macro FNR) are employed to ensure a fair and 

class-balanced evaluation of the performance in medical diagnosis tasks such as diabetic retinopathy 

classification. The choice is particularly important due to the natural class imbalance in real-world retinal 

disease datasets, as some of its classes (e.g., no DR and PDR) are over-represented. 

Macro averaging treats all classes equally (unlike weighted metrics), disregarding the class imbalance. 

This allows us to test whether the model also generalizes well on minority or rare classes, an important 

aspect for clinical applicability. For example, a model that does well on majority classes but fails on severe 

yet rare conditions would have high weighted scores but low macro scores, signifying potential diagnostic 

blind spots. 

In addition, in healthcare, false positives and false negatives have asymmetric costs. A macro-

averaged approach gives a balanced overview of error rates on all topics that prevents the model from 

overfitting toward the majority classes. Therefore, macro metrics are very well suited to balanced 

prediction, fairness across disease categories, and robustness of classification, and they are meaningful for 

validation of the proposed model in a realistic diagnosis scenario. 

4.1. Comparative Models: 

We constructed two comparative models to evaluate the performance of the proposed RViT-

AdaMobileNetV3 + WGOA framework. These models enabled us to compare the influence of 

architectural fusion and metaheuristic feature selection on classification accuracy and on dimension 

reduction. 

4.1.1. Method 1 - Baseline RViT-AdaMobileNetV3 

We first used a baseline model to observe the training effect of our proposed RViT under the audio-

visual enhancement strategy. 
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This setting uses RViT-AdaMobileNetV3 architecture and removes all the feature extractors except 

the transformer-based RViT module. The output of the last attention block is used to directly feed into one 

linear SVM for disease diagnosis. No further cross-convolutional fusion or feature selection was employed; 

this produced a baseline for comparison. 

4.1.2. Method 2 - RViT-AdaMobileNetV3 + Genetic Algorithm (GA) 

This approach further improves the baseline by fusing the RViT and AdaMobileNetV3 feature 

representations. Feature selection is carried out after feature concatenation using GA. GA emulates the 

evolution process—selection, crossover, and mutation—evolving binary feature masks with the highest 

SVM classification accuracy over generations. 

4.2. Dataset Description 

4.2.1. Dataset A: Diabetic Retinopathy Fundus Images (Four-Class) 

Dataset A [31]comprises a curated collection of high-resolution retinal fundus images categorized 

into four clinical classes indicative of diabetic eye health conditions. These include 

• Class 0 - Normal: Retinal images showing no signs of diabetic retinopathy (300 images) 

• Class 1 - Cataract: Images with lens opacification, which impairs visibility of retinal features (100 

images) 

• Class 2 - Glaucoma: Images exhibiting optic nerve head cupping or related structural abnormalities (100 

images) 

• Class 3 - Retina disease: Miscellaneous retinal pathologies associated with diabetic degeneration (100 

images) 

All images were resized to 224×224 pixels during preprocessing and normalized to tensor format. 

Images were randomly split using an 80:20 ratio for training and testing, respectively.  

The dataset serves to evaluate the capacity of the proposed RVit-AdaMobileNet + WGOA model in 

distinguishing between structurally subtle yet clinically significant retinal conditions in diabetic patients. 

4.2.2. Dataset B: Hybrid Retinal Disease Classification Dataset (Seven-Class) 

Dataset B [32] is a hybrid compilation of retinal fundus images designed to evaluate multi-class 

classification performance across varying diagnostic categories. It combines two sources: 

1. A structured CSV-based dataset containing class labels from 0 to 4, and 

2. A folder-based dataset representing additional classes labeled as 5 and 6. 

All images were standardized by resizing to 224×224 pixels and normalized to ensure compatibility 

with the model input pipeline. 

The dataset consists of the following categories: 

o Class 0: No disease (129 images) 
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o Class 1: Mild non-proliferative diabetic retinopathy (22 images) 

o Class 2: Moderate non-proliferative diabetic retinopathy (156 images) 

o Class 3: Severe non-proliferative diabetic retinopathy (84 images) 

o Class 4: Proliferative diabetic retinopathy (64 images) 

o Class 5: Cataract (lens opacification) (100 images) 

o Class 6: Glaucoma (optic nerve cupping) (101 images). 

Dataset B serves as a comprehensive benchmark for validating the performance of hybrid deep 

learning models. It assesses not only the classification capability across a spectrum of retinal disease 

severity but also the model’s adaptability in fusing multi-source data,  a critical requirement for practical 

medical image analysis workflows. 

After preparing the dataset using a custom class and applying uniform transformations (resizing to 

224×224 and tensor normalization), the proposed methodology implicitly addresses class imbalance 

through stratified sampling and robust feature selection.  

4.3. Experimental Results 

4.3.1. Dataset A 

Table 9 shows that RVit-AdaMobileNetV3 with WGOA-based feature selection significantly 

demonstrated better performance in all evaluation metrics for Dataset A than any other compared model 

and that the proposed method had an overall accuracy of 98.35%, while the macro-averaged precision, 

recall, and F1-score were more than 96%, which implies outstanding generalization performance among 

all the classes in the case of the infrequent inter-class overlapping. The confusion matrix as shown in Figure 

9(c) indicates a small number of misclassifications and strong diagonal dominance, achieving near-perfect 

separation across all four retinal disease categories. 

Method 1 (RVit-AdaMobileNetV3 without feature selection) was much worse in comparison, with 

60.33% accuracy and extreme misclassifications where Classes 0 and 2 were completely mistaken for 

Class 3, and so on. The weak balance of predictions and strong class bias resulted in a low precision and a 

macro F1-score of approximately 34.32%. Method 2 (RVit-AdaMobileNetV3 with GA) achieved a 

remarkable improvement with an accuracy of 76.03% and a macro F1-score of 71.26%, which confirmed 

the advantage of evolutionary feature selection in the classification. However, its confusion matrix still 

showed significant confusion between Classes 1 and 2, illustrating the poor discriminative power of the 

method.  

In general, our results confirm the efficacy of the proposed hybrid model structure and of the 

WGOA-driven selection of features. The model not only shrank the size of the fused feature set but also 

retained—and even enhanced—the discriminative structure required for multi-class classification of 
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diabetic retinopathy-related fundus images. 

Table 9. Classification performance metrics of models on dataset A. 

Method Method 1 (Baseline) Method 2 (GA) Proposed (WGOA) 

Accuracy 0.6033 0.7603 0.9835 

Macro precision 0.3354 0.7139 0.9924 

Macro recall 0.3832 0.7306 0.9690 

Macro F1-score 0.3432 0.7126 0.9801 

Weighted precision 0.4410 0.7837 0.9840 

Weighted recall 0.6033 0.7603 0.9835 

Weighted F1-score 0.4940 0.7642 0.9833 

 

Figure 9. Confusion matrices for dataset A of (a) RViT-AdaMobileNetV3 model (b) RViT-

AdaMobileNetV3+GA model (c) Proposed RViT-AdaMobileNetV3+WGOA model. 

Table 10. Misclassification performance metrics of models on dataset A. 

Method Macro FPR Macro FNR 

Method 1 (baseline) 0.1966 0.6168 

Method 2 (GA) 0.0737 0.2694 

Proposed (WGOA) 0.0088 0.0310 
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4.3.2. Dataset B 

The experimental results of the proposed RVit-AdaMobileNetV3 + WGOA on Dataset B (seven 

different retinal disease classes), as shown in Table 11, demonstrate the excellent classification 

performance. We also observe an excellent confusion matrix with only single  misclassification across all 

categories. On the whole, accuracy was up to 99.24%, whereas macro-averaged precision, recall, and F1 

were close to 1.0, revealing very reliable and balanced classification between the classes. This slight 

departure from complete diagonal dominance in the matrix proves the discriminative power of the RVit-

AdaMobileNetV3 hybrid feature extractor and the effectiveness of the weighted goose optimization 

algorithm (WGOA) in retrieving concise and discriminative features from high-dimensional deep 

representations. The findings confirm the built-in robustness of the proposed model and its clinical 

relevance to challenging multi-class contexts. 

 

Figure 10. Confusion matrices for dataset B of (a) RViT-AdaMobileNetV3 model (b) RViT-

AdaMobileNetV3+GA model (c) Proposed RViT-AdaMobileNetV3+WGOA model. 
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In contrast, Method 1 (RVit-AdaMobileNetV3 without feature selection) achieved an accuracy as 

low as 58.33% and generated a macro F1-score of 39.88%. The confusion matrix in Figure 10(c) indicates 

massive misclassification among the closest disease classes, particularly Classes 2, 3, and 4, implying that 

the model found it difficult to differentiate similar retinal diseases when no feature selection strategy was 

used. Method 2 (RVit-AdaMobileNetV3 + genetic algorithm) performed better, obtaining an accuracy of 

71.76% and a macro F1-score of 57.63%, but still misclassified borderline cases, particularly between 

Classes 2 and 3 and Classes 4 and 2. The GA also gave improvements, but it did not have the same accuracy 

or class distinction as the WGOA. 

Table 11. Classification performance metrics of models on dataset B. 

Method Method 1 (Baseline) Method 2 (GA) Proposed (WGOA) 

Accuracy 0.4719 0.7276 0.9924 

Macro precision 0.4721 0.7307 0.9643 

Macro recall  0.4719 0.7276 0.9938 

Macro F1-score 0.4713 0.7242 0.9764 

Weighted precision 0.4576 0.7265 0.9943 

Weighted recall 0.4719 0.7276 0.9924 

Weighted F1-score 0.4597 0.7248 0.9929 

These results highlight the ability of the proposed approach to handle that type of more complex and 

imbalanced multi-class datasets. The proposed WGOA feature improved classification performance and 

was calculated with lower computational time to extract a subset of features, demonstrating its applicability 

to real clinical classification tasks in various retinal diseases. 

Table 12. Misclassification performance metrics of models on dataset B. 

Method Macro FPR Macro FNR 

Method 1 (baseline) 0.076 0.5592 

Method 2 (GA) 0.052 0.3976 

Proposed (WGOA)  0.0088 0.0310 

4.4. Feature Extraction Analysis 

The following provides a detailed description of the statistical measures used to evaluate the efficacy 

of the feature extraction pipeline across both datasets (A and B), focusing on apparent feature variance and 

mutual information (MI). These measures assess the diversity and discriminative power of extracted 

features, which are crucial for achieving strong classification performance.  
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The average variance for features in Dataset A was 36.4680, with a maximum of 50.6347 and a 

minimum of 22.7864 (nominal). This suggests a set of high-to-medium variance values that are fairly 

evenly distributed across feature pairs, although not all features vary at the same rate. In contrast, Dataset 

B had a lower average variance of 34.7332 but a wider range, with a maximum of 56.2747 and a minimum 

of 14.4307. This indicates that while some features in Dataset B exhibit abnormally high variance, others 

show very low variability, potentially introducing noise into the classification process. 

 

Figure 11. Feature variance distribution of dataset A. 

 

Figure 12. Feature variance distribution of dataset B. 

The histograms (Figures 11 and 12) illustrate these distributions, showing that Dataset A’s variance 

is more tightly clustered, whereas Dataset B displays a broader spread. To assess feature importance, we 

conducted mutual information (MI) analysis. Dataset A showed its highest MI scores at 0.5038, 0.5399, 

0.7450, and 0.7694, indicating a moderate degree of dependence between the top-ranked features and class 
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labels. While these features are informative, their discriminative power could still be improved. In 

comparison, Dataset B achieved higher MI scores—0.9573, 0.9797, 0.9899, 1.0266, and 1.1381—

indicating that its selected features were more strongly correlated with the target classes than those in 

Dataset A. The bar charts (Figures 13 and 14) make these differences in feature relevance visually apparent: 

 

Figure 13. Top four mutual information scores of dataset A. 

Comparing feature extraction results from Datasets A and B is valuable because it provides insight 

into both the statistical properties of the features and their practical significance in real-world classification 

contexts. Firstly, the MI values generally indicate that Dataset B provides more discriminatory features. MI 

measures how much information a feature contributes about the class labels. In real-world applications such 

as medical diagnosis, remote sensing, or financial fraud detection, a higher MI implies that the features are 

more informative for predicting outcomes.  

For example, in a medical imaging application, if a feature representing lesion texture has a high MI 

value, it would provide strong evidence of the condition’s presence. Such features are more likely to yield 

accurate and confident classifications, especially in tasks requiring high specificity and precision.  

Dataset A, although having lower MI scores compared to Dataset B, shows less bias in the between-

feature variance. Variance reflects the spread or diversity of feature values across samples. If the variance 

pattern is consistent across all features, it suggests that the features are evenly distributed across different 

strata of systemic factors, reducing the likelihood of overfitting. 

In practical applications such as industrial defect detection or real-time monitoring, models trained 

on such features tend to generalize well to unseen data because the features remain stable and robust over 

time. Therefore, for applications requiring long-term stability, Dataset A, despite its slightly lower initial 

discriminatory capability, may ultimately be more reliable. 

The two datasets exhibit complementary strengths, demonstrating that no single statistical measure 
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(such as MI or variance) can fully determine a feature’s value. Similarly, a high MI alone does not guarantee 

model robustness, and uniform variance does not necessarily ensure strong class separability. 

Consequently, the analysis supports employing adaptive feature selection techniques: algorithms or 

pipelines capable of dynamically balancing discriminative power (e.g., MI, ANOVA, chi-square) with 

statistical consistency (e.g., variance, entropy) throughout the entire feature subset search process. 

 
Figure 14. Top four mutual information scores of dataset B. 

For instance, in a production-grade AI system, high-MI features from Dataset B could be used for 

primary classification, followed by the integration of stable features from Dataset A to enhance robustness 

against noise or data drift. Finally, combining feature sets through ensemble learning or hybrid selection 

methods (e.g., PSO-RFE, LASSO with MI weighting) could enable the development of models that are 

both highly accurate and robust, making them suitable for large-scale real-world deployment. 

In conclusion, this in-depth study not only enhances understanding of the datasets’ technical 

characteristics but also establishes a strategic foundation for developing intelligent, robust AI systems 

capable of adapting to changes in data behavior and application constraints. 

4.5. Discussion 

The experimental results from both Dataset A (four classes) and Dataset B (seven classes) 

demonstrate consistent and significant improvement with each refinement. The baseline model (Method 1), 

using the RViT-AdaMobileNetV3 module alone, without any feature-level screening, performed worst on 

both datasets, attaining 60.33% accuracy on Dataset A with macro-fused precision and recall of 0.3354 

and 0.3832, respectively, and 47.19% accuracy on Dataset B with macro-fused precision and recall values 

of 0.4721 and 0.4719, respectively. These results indicate relatively weak class separation, particularly in 

the face of class imbalance, and lead to a higher misclassification rate, as also shown in Table 10 by the 

macro-values of FPR and FNR (0.1966 and 0.6168, respectively, for Dataset A). 
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Figure 15. Prediction of images vs. ground truth values of dataset A using proposed model. 

This outcome was improved in Approach 2, with the feature selection used on the extracted features 

based on RViT-AdaMobileNetV3 by a genetic algorithm (GA). This further resulted in substantial 

improvements: the accuracy on Dataset A increased to 76.03% using the macro precision and recall of 

0.7139 and 0.7306, respectively, and macro FPNR and FNR were 0.0737 and 0.2694, respectively. On 

Dataset B, similar increases were achieved: the accuracy improved to 72.76%, and macro precision and 

recall reached 0.7307 and 0.7276, respectively. These findings confirm the efficiency of GA-based 

optimization to improve generalization and minimize the rate of misclassifications; yet, the model still 

suffered from moderate errors, particularly in detecting minority classes. 

 

Figure 16. Prediction of images vs. ground truth values of dataset B using proposed model. 
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In contrast, the proposed approach, RViT-AdaMobileNetV3 with weighted goose optimizer 

(WGOA), outperformed the state of the art for both datasets. The F1-score of the model on Dataset A is 

98.35%, with macro-precision, macro-recall, and macro-F1-score all larger than 0.96; macro-FPR and 

macro-FNR are kept reduced to 0.0088 and 0.0310, respectively, as shown in Table 12. Additionally, on 

Dataset B, the accuracy reached a maximum value of 99.24%, and macro metrics overcame 0.96. Weighted 

scores were also high in both cases, across all detection metrics, thus underlining robustness against class 

imbalance. These results indicate that hybrid feature fusion demonstrates better discriminative performance, 

while WGOA can select a subset of features from high-dimensional data, making the proposed approach 

robust and clinically applicable for the automatic classification of retinal diseases. 

Figure 15 shows correctly classified examples from Dataset A containing four categories: normal, 

cataract, glaucoma, and retinal disease. In each case, the model accurately recognized the class, with ground 

truth and predicted labels displayed above each image. Figure 16 presents correctly classified examples 

from the multi-class retinal disease classification model for seven distinct categories: no disease, mild, 

moderate, severe, proliferative, cataract, and glaucoma. Ground truth labels are shown for each row, with 

the corresponding predicted labels placed alongside them, demonstrating the model’s ability to accurately 

identify both disease type and severity across diverse retinal pathologies. These examples provide strong 

evidence of the model’s discriminative power, maintaining high accuracy across different disease groups 

and adapting to varying visual patterns in retinal fundus images. 

4.6. Limitations 

Although this study highlights several strengths, certain limitations must also be acknowledged. The 

datasets employed possess properties well-suited for the intended use cases; however, their relatively small 

size may constrain the model’s ability to generalize to broader populations. Moreover, the high-MI feature 

scenarios observed—particularly in Dataset B —suggest a potential risk of overfitting if not mitigated 

through robust regularization or adaptive feature selection methods. Additionally, the current validation is 

limited to the datasets used in this study, meaning that performance under varying imaging conditions and 

acquisition protocols may not fully generalize to multi-center clinical environments. 

5. Conclusion 

In this article, we propose a hybrid deep learning and optimization-driven classification pipeline for 

automated detection of diabetic retinopathy and retinal diseases using fundus images. The integration of 

RViT and AdaMobileNetV3 helps gather detailed information about the overall context and specific 

textures in the images. The pipeline fine-tunes the feature set using correlation-based filtering and RFE and 

then uses a nature-mimicking optimization strategy, the weighted goose optimization algorithm (WGOA), 

to choose a pool of strongly discriminative features. This methodological fusion not only overcomes the 

challenges of dimensionality and redundancy but also preserves pertinent task information for high-risk 
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classification. 

The results from testing on two different datasets—one for four types of diabetic eye disease and 

another for seven types of disease—show that the new method works better than the previous methods, 

RViT-AdaMobileNetV3 and GA-enhanced, across different measures of success. The results show that the 

new combined method works better for different types of datasets that have various class distributions and 

low similarities between classes. Analysis of confusion matrices indicates the minimization of 

misclassification and enhancement of sensitivity in minority classes. 

The higher mutual information in Dataset B enhanced feature discriminability, resulting in a macro 

F1-score of 0.9764, while the more uniform variance in Dataset A promoted stability and excellent 

generalization, achieving a macro F1-score of 0.9800. These results further indicate that combining Dataset 

A with the high-MI features of the underperforming classes from Dataset B yields the most reliable and 

accurate predictions, consistent with expectations from the feature extraction analysis. 

Moreover, cross-dataset experiments demonstrate the robustness and generalization performance of 

the model, indicating its potential for practical clinical applications. The architecture is modular and 

scalable, with the possibility to incorporate attention refinement layers, cross-modality inputs, and 

ensemble decision strategies. In short, a simple and flexible test is suggested that uses transformer vision, 

lightweight CNNs, and smart methods to choose important features, offering an effective and precise way 

to check for and assess retinal diseases. 

Based on these results, future work will investigate the adaptive weighting of high-MI and stable 

features during training, enabling the model to dynamically balance discriminability and robustness through 

a feature fusion strategy. Further research should also explore alternative methods for domain adaptation 

and continual learning to improve performance on evolving datasets. Extending the approach to multimodal 

retinal data and other medical imaging domains could further enhance its generalizability. 
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