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Abstract 

Diabetic retinopathy (DR) remains one of the most common vision-related complications 
of diabetes and requires timely, accurate diagnosis to prevent severe outcomes. Conventional 
diagnostic approaches rely on the expertise of ophthalmologists, who manually examine reti-
nal images for lesions—a process that can be time-consuming and prone to fatigue-related 
errors. To address these limitations, this work proposes a fully automated framework for DR 
detection and stage classification that leverages recent advances in deep learning. The study 
focuses on the five recognized stages of DR, ranging from the earliest form, non-proliferative 
diabetic retinopathy (NPDR), through to the advanced proliferative stage (PDR). The method 
integrates two powerful pre-trained convolutional neural networks, ResNetV2 and Mo-
bileNet, with capsule network layers to enhance feature representation. A stochastic ensem-
ble strategy is applied to further strengthen the robustness of predictions. Experimental eval-
uation on the Kaggle APTOS 2019 dataset demonstrates a test accuracy of 99.81%, outper-
forming comparable methods in the literature. Performance was assessed using standard 
metrics such as precision, recall, F1-score, and the ROC curve. Beyond classification accuracy, 
the approach also offers improved interpretability through capsule-based visualization tech-
niques and ensemble-driven lesion localization, enabling better identification of retinal ab-
normalities across different DR stages.  
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1. Introduction 
The increasing prevalence of diabetes reinforces the need for improved management of its 

complications. Diabetic retinopathy (DR) represents one of the most significant complica-
tions of diabetes, being one of the leading causes of blindness in the world [3]. Diabetes is de-
fined by hyperglycemia and is becoming more prevalent. Diabetic retinopathy occurs when 
blood vessels in the retina leak leading to damage and disruption of vision [20]. Research 
shows that about 40% to 45% of patients with diabetes will have DR in their lifetime. Predic-
tions made by the International Diabetes Federation (IDF) indicate a sharp rise in the num-
ber of people who will have diabetes, expecting to go from 537 million today to 643 million by 
2030[4]. In India, the situation is dire; the Indian Council of Medical Research estimates that 
there are more than 10 million people living with diabetes [21]. Numbers of this magnitude 
supports the need for improved management of complications related to diabetes with the 
largest representation of these complications being found with DR [19]. 
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At present, diagnosing and grading DR entails that a health care provider on the patient's 
behalf, requires that an eye doctor or specialist performs a manual examination. It can be a 
very long process and can be subjective in nature, resulting in inconsistency of results[8][22]. 
For that reason, it is necessary to develop better systems for accurate and quick detection and 
grading of diabetic retinopathy. Automated systems are emerging using deep learning and 
have been shown to effectively classify retinal images allowing for valuable deep learning 
based systems to effectively and accurately assess retinal images for the presence of DR le-
sions[5].This research aims to advance the field by introducing a new automated DR grading 
methodology based on ensemble deep capsule networks. By taking advantage of pre-trained 
CNNs and ensemble learning models and capsule networks, this new module aims to improve 
DR diagnosis performance by providing enhanced robustness based on the trained mod-
els[7][25]. The input for our automated system will be fundus images, which will subsequent-
ly classify the different stages ranging from diabetes without diabetic retinopathy (NoDR), 
mild non-proliferative DR (NPDR), moderate NPDR, severe NPDR, and proliferative DR 
(PDR) [1][2]. Figure 1 shows the categories and the classification differences based on fundus 
images. Deep learning has recently revolutionized automated detection of DR from retinal 
fundus images, lessening the reliance on expert ophthalmologist specialists, and the neces-
sary initial screening steps[23][24]. Overall, deep CNNs have shown great performance in ex-
tracting discriminative features in an effort to classify DR and other base line disease stages, 
but they have also generally failed to account for spatial features and relationships among 
features in pooling layers, as well as structures of faint lesions needed to grade severity of DR. 
Capsule networks (CapsNets), developed by Sabour et al., eliminate this limitation by pre-
serving part-whole relationships with dynamic routing algorithms, thereby encoding spatial 
hierarchies in medical images in an advanced way [26]. Nonetheless, when using capsule 
networks with large-scale fundus datasets, two major issues arise: high computational costs 
which limit scalability and performance saturation, in which accuracy eventually reaches a 
plateau and does not improve as model complexity increases [6]. 

 

   

(a) No DR (b) Mild NPDR (c) Moderate NPDR 

  

(d) Severe NPDR (e) PDR 
Figure 1. Samples of different stages of DR. 

 
Despite encouraging results from both CNNs and capsule networks, existing DR grading 

approaches are constrained by three major limitations: single-stream architectures that fail to 
leverage complementary feature representations from different network families, determinis-
tic fusion strategies that can overfit to dataset-specific characteristics and reduce generaliza-
tion, and insufficient ablation studies that leave the relative contribution of individual archi-
tectural components poorly understood[21][35]. 

To address these gaps, this study proposes a Stochastic Ensemble Dual-Stream Capsule 
Network for multi-class DR grading. The framework incorporates several key innovations: 



 A dual-stream architecture that integrates ResNetV2 and MobileNet backbones in par-
allel, enabling simultaneous extraction of complementary global and lightweight features. 

 Capsule-based feature preservation, where capsule layers retain spatial relationships 
critical for accurate lesion localization and DR severity discrimination. 

 A stochastic ensemble fusion mechanism, in which randomized weighting during fea-
ture fusion mitigates overfitting and enhances robustness to domain shifts. 

 A comprehensive evaluation pipeline that includes extensive experiments on the AP-
TOS 2019 dataset, ablation studies, hyperparameter tuning, and state-of-the-art compari-
sons, demonstrating substantial performance improvements. 

The remainder of this paper is organized as follows: Section 2 reviews related work in DR 
detection using CNNs, capsule networks, and hybrid architectures. Section 3 describes the 
proposed methodology in detail. Section 4 presents experimental results, ablation analyses, 
and comparative evaluations. Section 5 concludes the study and outlines potential directions 
for future research. Furthermore, our methodology advances scientific visualization by 
providing clearer class-specific representations of DR stages through capsule-based spatial 
feature mapping. By visualizing feature hierarchies and lesion-sensitive regions within fundus 
images, our framework contributes to the emerging field of visual analytics in medical AI. 

2. Literature review 
Diabetic retinopathy (DR) is a serious health concern impacting individuals worldwide and 

has spurred numerous research efforts aimed at improving diagnosis and treatment. Convo-
lutional Neural Networks (CNNs) have emerged as effective methods for automatically grad-
ing DR due to their ability to analyze fine details in retinal images. Numerous researchers 
have attempted different design features and approaches for CNNs to enhance the accuracy 
and efficiency of DR classifications. 

To mitigate the issue of over fitting in CNNs, Tymchenko, Marchenko, and Spodarets em-
ployed data augmentation techniques. In this case, they did not start from scratch by con-
ducting training on a CNN encoder as it was pre-trained. They also implemented a novel ap-
proach of using three decoders: EfficientNet-B4, EfficientNet-B5, and SE-ResNeXt50 to clas-
sify diabetic retinopathy (DR) lesions. The final prediction was made by feeding a linear re-
gression model into the outputs. When combining the results sourced from three models and 
utilizing a dataset from Aptos (Aptos-19-5829 dataset, Yang et al., 2019), the authors ob-
tained a DR detection accuracy of 99.3%. To achieve greater classification efficiency, various 
researchers have focused on preprocessing methodologies such as image resizing from the 
Aptos 2019 blindness dataset to a common reference format to support learning efficiency. 
Gangwar and Ravi (2021) also enhanced their dataset in order to tighten their models per-
formance. With a hybrid model that included custom CNN layers and Inception-ResNet-v2, 
their achieved quasi-accurate of 82.18%. 

Equally, another study employed an ensemble with three Efficient-Net models on an aug-
mented dataset, achieving a remarkable quadratic kappa score of 0.924377 on the APTOS test 
dataset [9]. This indicates that ensemble learning can achieve better model performance and 
reliability. In conclusion, both studies made major advances in detecting diabetic retinopathy 
using deep learning and additional application research must be conducted to determine how 
transferrable these results would be in other datasets and clinical settings.In a previous study 
conducted by Mishra, Hanchate, and Saquib [10], after preprocessing steps performed on di-
abetic retinopathy (DR) images led to a series of steps to crop, resize, and cleaned the fishing 
image. They subsequently applied two CNN models, DenseNet-121, and VGG-16, respectively 
using transfer learning especially around DenseNet-121, which showed greater cautiously 
higher criteria than VGG-16 with this results using transfer learning showed accuracy of 
96.11% from a pre-trained DenseNet using IMAGENET, and 73.26% for VGG-16 using data 
from the aptos-19 database. This points to the significance of learning about CNN methods 
and learning around transfer learning to be able to apply classification for DR. Mushtaq and 



Siddiqui [11] also employed preprocessing steps like background and black corner removal 
and scaling and applied Gaussian blur to the fishing images, as well as augmenting their da-
taset with techniques to balance the dataset. Their application of regression and DenseNet-
169 models lead to results that yielded a reasonable accuracy of 90% for DR classification, 
demonstrating the significant impact that detailed pre-processing and dataset augmentation 
can have on model performance and accuracy. In another methodology, AbdelMaksoud, 
Barakat, and Elmogy [12] utilized an approach that involved resizing, cropping and normal-
ized the retinal images prior to DR classification. They also incorporated a hybrid model as a 
classification mechanism, which included a fine-tuned DenseNet BC-121 architecture block-
Dense, Eyenet and three convolution layers, and classified the DR into five classes accurately. 
This leads us to believe that hybrid models may be capable of effectively capturing different 
features, resulting in a better degree of accuracy for a multi-class DR grading assignment. 
Lastly, Chowdhury et al. [13] created a preprocessing pipeline that consisted of cropping, 
background removal and resizing, and when they performed data augmentation to minimize 
their dataset's unbalance, they performed a 5-fold cross-validation, and a 2-phase training 
method to reach different learned weights with their model features generated using Effi-
cientNet-B5 extractor. In the end, their final ensemble model was able to achieve a combined 
quadratic weighted kappa score of 0.96, which proved the efficacy of their approach in a 
meaningful enough manner to produce sufficiently performant DR detection models. 

In general, the studies reviewed show that deep learning methods are an effective ap-
proach to automating the detection of diabetic retinopathy. These studies successfully devel-
oped CNN models with more efficient preprocessing and improved classification accuracy 
rates for diabetic retinopathy severity level classifications. The studies pursued transfer learn-
ing, ensemble learning, and hybrid models to increase classification performance and robust-
ness across a range of datasets. Despite the reported findings, the studies revealed challenges 
in relation to issues such as dataset imbalance, model interpretability, and generalizability to 
clinical use in real-world settings enough to warrant future research studies. Overall, the re-
viewed studies reported impressive accuracies, however to become applicable and reliable for 
use in clinical practice is to validate accuracy against larger and more diverse datasets. Sum-
mary of related works is shown in table 1. 
Table 1 Summary of Related works 
Study Method Dataset Performance 

Tymchenko et al. [7] Ensemble: Efficient-
Net-B4, B5, SE-
ResNeXt50 + Linear 
Regression 

APTOS 
2019 

Accuracy: 99.3% 

Gangwar & Ravi [8] CNN + Inception 
ResNet-V2 

APTOS 
2019 

Accuracy: 82.18% 

Karki & Kulkarni [9] Ensemble of three Ef-
ficientNet variants 

APTOS 
2019 

Quadratic Kappa: 0.924 

Mishra et al. [10] DenseNet-121 vs. 
VGG-16 

APTOS 
2019 

DenseNet: 96.11%, VGG-16: 
73.26% 

Mushtaq & Siddiqui [11] DenseNet-169 APTOS 
2019 

Accuracy-90% 

AbdelMaksoud et al. [12] DenseNet-BC121 + 
Eyenet + CNN fusion 

APTOS 
2019 

Accuracy- 91.2% 
Sensitivity-96% 
Specificity-69%  
DSC-92.45% 
QKS-0.883 

Chowdhury et al. [13] EfficientNet-B5 with a 
two-phase ensemble 
learning 

APTOS 
2019 

Quadratic Weighted Kappa 
score -0.961 



3. Proposed methodology 
The main aim of this study is to create a sophisticated architecture that can efficiently clas-

sify fundus images into five classes: no DR, mild NPDR, moderate NPDR, severe NPDR, and 
PDR. Our objective will be reached by using an ensemble of deep learning capsule networks 
and pre-trained deep learning CNN models that will guarantee universal and constant per-
formance in the study by appropriately utilizing capsule networks' advantages for spatial rep-
resentation and feature extraction from various pre-trained CNN models. 

3.1. Dataset 
This research investigation experimented with different deep transfer learning methods 

utilized in the APTOS 2019 blindness recognition dataset [37]. The 3662 images in the da-
taset are divided into 5 classes, which are as follows: Figure 3 shows an example from each 
category, while The entire amount of images in each classification is displayed in Table 2. The 
classes are categorized by the dataset in this way: No_DR is represented by Class 0, Moderate 
is characterized by Class 2, Severe is characterized by Class 3, and PDR is characterized by 
Class 4. 
Table 2: Amount of images for each class in the APTOS 2019 dataset 
Class Number 0 1 2 3 4 
Number of Images 1805 370 999 193 295 

3.2. Preprocessing and augmentation 

We used the aptos-19 dataset for our experimental setup that contained images of varying 
sizes. To maintain consistency and ease analysis, we resized all the samples and recorded 
them in 256x256 pixels. We then pre-processed the images into gray-scale images by using 
the green channel of the images. Our reasoning for using gray-scale images was to enhance 
the important features while minimizing any distracting nature of colors as gray-scale images 
are consistent across many platforms and operating systems [36]. Also, we used the green 
channel as the retina has a high sensitivity to this wavelength, thus this would yield optimal 
contrast visually with vascular structures. In addition, we also used contrast-limited adaptive 
histogram equalization (CLAHE) to improve the local-contrast of pixels for more clear defini-
tion of features, which is essential for interpreting the images as accurately as possible. The 
images following pre-processing, including five classes, are shown in Figure 2. 

 

 
Figure 2: Examples of preprocessed images at various stages 



 
Figure 3: Imbalanced class distribution in Aptos-19 dataset. 

 
We considered the unbalanced class distributions found in the aptos-19 dataset, shown in 

Figure 3, we used data augmentations to resolve this issue and improve the performance of 
our proposed method. We adopted basic types of augmentations such as rotation, horizontal 
flips, vertical flips, and mirroring to produce a balanced dataset, as we wanted to amplify 
learning from a balanced training dataset. We employed augmentations to provide a more 
performant computational approach and additionally encouraged a more comprehensive 
view of diabetic retinopathy (DR) by providing a more diverse or diverse and representative 
training dataset. 

3.3. Feature extraction 
The primary objective of our research is to develop a robust and high-performing architec-

ture capable of accurately identifying and categorizing diabetic retinopathy (DR) from fundus 
images. To harness the potential of deep pre-trained neural networks, we propose leveraging 
pre-trained ResNetV2[14] and MobileNet[15] models to extract intricate features from fundus 
images. We will facilitate two separate capsule networks with these extracted features so that 
more intricate spatial representations could be achieved. By utilizing pre-trained networks, 
we aim to maximize the extraction of fine features from the images while minimizing the 
computational burden associated with training from scratch. We hypothesize that features 
extracted from the Convolutional base will encapsulate crucial fundus characteristics, thus 
facilitating effective DR detection. In order to make it work; we keep the other layers frozen 
and remove the layers that are near the output layers. Consequently, the convolution base 
used to derive the fundus’s spatial properties is the frozen layers. 

In contrast to conventional Convolutional neural network (CNN) architectures[48], our 
proposed methodology integrates capsule layers to extract lower-level information from fea-
ture maps generated by the pre-trained ResNet and MobileNet architectures. Unlike CNNs, 
capsule networks exhibit resistance to rotation and transformation while preserving spatial 
information across the network. Central to capsule networks is the concept of capsules, com-
prising neurons that determine the likelihood and direction of specific elements in an image 
[16][17]. 

In this framework, every capsule encapsulates the outcome as a condensed vector of rich 
information following a series of complex operations applied to the input. These operations 
include affine transformation, weighted summation, and squashing, as detailed in equations 
(1-3). 

Let's denote𝑞𝑖
𝑙+1as the output vector at the higher-level capsulejin layerl+1, and p repre-

sents the input vector from a lower-level capsuleiin layer l. Through affine transformation, 
the lower-level features undergo encoding into a higher-level abstract representation, facili-
tating the information transfer and abstraction process[47].The lower-level features are en-



coded into a higher-level abstract representation using the affine transformation as described 
below: 

𝑝̂𝑗|𝑖
𝑙+1 =  𝑊𝑖𝑗

𝑙 𝑝𝑖
𝑙 (1) 

Here, 𝑊𝑖𝑗
𝑙 denotes the weight matrix responsible for learning to associate input features 

during the model's learning phase. Subsequently, a weighted summation operation is con-
ducted to calculate the output of capsule j at layer l+1. 

𝑠𝑗
𝑙+1 =  ∑ 𝑐𝑖𝑗𝑝̂𝑗|𝑖

𝑙+1        

𝑖
 (2) 

In this context,𝑐𝑖𝑗represents the coupling coefficients, satisfying the condition∑ 𝑐𝑖𝑗𝑖 =1 and 

𝑐𝑖𝑗 ≥ 0for all j. These coefficients are derived through the dynamic routing algorithm. Subse-

quently, a squash function is applied, comprising a scaling term followed by a normalization 
term. 

      𝑞𝑗
𝑙+1 =  

‖𝑠𝑗
𝑙+1‖

2

1 + ‖𝑠𝑗
𝑙+1‖

2

𝑠𝑗
𝑙+1

‖𝑠𝑗
𝑙+1‖

2 (3) 

The model we propose employs a series of non-linear layers to capture spatial representa-
tions and DR-specific details. The initial non-linearity stems from deep pre-trained convolu-
tional models, followed by another layer of non-linearity introduced by capsule layers. The 
mathematical expressions for this concept can be articulated as follows: 

Let 𝑓𝐶𝑁𝑁(𝑥) denote the function representing the deep pre-trained convolutional models, 
where x represents the input data. Similarly, let 𝑓𝑐𝑎𝑝𝑠𝑢𝑙𝑒(𝑥)represent the function associated 

with the capsule layers. Thus, the overall model's output can be expressed as: 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑓𝑐𝑎𝑝𝑠𝑢𝑙𝑒(𝑓𝐶𝑁𝑁(𝑥)) (4) 

This formulation encapsulates the sequential application of non-linear layers in capturing 
spatial representations and DR-specific details. 

3.4. Classification 

Once more, we utilize capsule networks to create an ensemble learning model. As we al-
ready know, ensemble models surpass single models in terms of performance; therefore, 
it is believed that the suggested ensemble capsule network will benefit from both sepa-
rate capsule networks and contribute to improving overall model performance[45][46]. 

In our plan, we have two capsule networks: one connected to the ResNet model's convolu-
tion basis and the other to Mobile Net’sconvolution base. A softmax layer connects each cap-
sule network to generate the likelihood of the different classes. Let us take 𝑥𝑖 =
{𝑥𝑖1, 𝑥𝑖2, … 𝑥𝑖𝑁}, which are the scores generated by the i-th capsule's softmax layer. We use a 
fully connected neural network model to create this stochastic ensemble technique, and the 
computation can be expressed as: 

𝑥 = ∑ 𝜆𝑖𝑥𝑖

𝑁

𝑖=1

 (5) 

∑ 𝜆𝑖 = {−∞, +∞}

𝑁

𝑖=1

 (6) 

We expect the model to dynamically adjust the weights for combining the output scores of 
the capsule networks through the use of a stochastic ensemble. This approach is anticipated 
to enhance DR detection and categorization capabilities. 

Finally, we illustrate the overall framework of the proposed methodology in Figure 4.The 
diagram depicts a sophisticated ensemble capsule network architecture proposed for diabetic 
retinopathy classification from fundus images. The algorithm starts with raw retina fundus 
images, which are initially processed through a preprocessing phase. Preprocessing includes 



resizing the images, conversion into grayscale by extracting the green channel, and enhance-
ment of contrast through algorithms like CLAHE. These operations are essential to increase 
the prominence of relevant features and for providing uniformity to the input images prior to 
their ingestion into the neural networks. 

Following preprocessing, the images are both passed through two independent convolu-
tional neural network (CNN) backbones, specifically ResNetV2 and MobileNet. Both CNNs 
serve as feature extractors, generating rich and hierarchical representations of the retinal im-
ages. It is common for these CNN convolutional layers to be frozen at training to preserve 
their learned weights and lower computational cost. The ResNetV2 output is depicted by 
green feature maps, whereas the MobileNet output is represented by purple feature maps. 
The feature maps extracted by both CNN backbones are reshaped afterward into a form that 
can be used for capsule network input. Reshaping reduces the high-dimensional spatial fea-
ture maps to tensors that can be understood by capsule layers, allowing for the representation 
of spatial hierarchies in the data. 

After reshaping, the feature maps undergo processing by capsule network layers. Each 
backbone's reorganized features first pass through a Primary Capsule layer, where capsules of 
neurons encode not just the presence but also the pose and spatial relationships of the identi-
fied features. The Class Capsule layer then pools these capsules to represent particular diabet-
ic retinopathy classes. 

 

 
Figure 4. Block diagram of the proposed methodology. 

 
Capsule networks are especially effective in medical images since they preserve spatial hi-

erarchies and are insensitive to rotations and deformations of images, which are typical issues 
in retinal scans. These outputs from the capsule layers are then sent through fully connected 
(FC) layers that convert the capsule outputs to class scores or probabilities for a particular di-
abetic retinopathy category. Basically, these FC layers serve as classifiers that approximate 
how likely every DR stage is. Lastly, the model uses an ensemble classifier that combines the 
outputs of both FC layers—one linked to the ResNetV2 capsule network and the other linked 
to the MobileNet capsule network. Through this combination of predictions, the ensemble 
takes advantage of the complementary strengths of both CNN backbones and capsule repre-
sentations to yield better classification accuracy and resilience. This combination can be per-
formed through weighted averaging or trainable mechanisms. In short, this design combines 



the strong feature extraction performance of pretrained CNNs and the spatial cognition and 
stability of capsule networks in an ensemble approach. Such a composite method seeks to 
improve automated diabetic retinopathy detection and classification in fundus images 
through capturing multiple and complementary feature representations. 

The pseudocode algorithm shown below provides a clear and structured representation of 
the methodology used in the approach for automating diabetic retinopathy diagnosis and 
classification. 
Algorithm: Deep Learning Ensemble Methodology for Fundus Image Classification 
1. Data Preprocessing: 

Step 1.1: Load fundus images from the dataset. 
Step 1.2: For each image: 

a. Apply CLAHE to enhance image contrast: 
b. Extract the green channel from the enhanced image. 
c. Resize the image to 224x224 pixels 

2. Data Augmentation: 
Step 2.1: Initialize Image Data Generator with augmentation techniques (rotation, shift, 
flip, shear, zoom, fill mode). 
Step 2.2: Generate augmented images in batches using `flow` method. 

3. Feature Extraction using Pre-trained Models: 
Step 3.1: Load pre-trained ResNetV2 and MobileNet models without their top layers. 
Step 3.2: For each pre-trained model: 

a. Freeze the layers to retain learned features. 
b. Extract deep features from the training images. 
c. Reshape the extracted features. 

4. Capsule Network Implementation: 
Step 4.1: Define a custom Capsule Network architecture with dense layers. 
Step 4.2: For each pre-trained model's extracted features: 

a. Compile the Capsule Network with Adam optimizer and categorical cross-entropy loss. 
b. Fit the Capsule Network to the extracted features and labels. 

5. Ensemble Technique: 
Step 5.1: Make predictions using the trained Capsule Networks. 
Step 5.2: Combine predictions using an ensemble technique: 

6. Evaluation: 
Step 6.1: Compute evaluation metrics for the ensemble model: 

a. Calculate Accuracy,precision,Recall,F1-score 
Step 6.2: Plot ROC curve for multiclass predictions,Confusion matrix and accuracy curves 

4. Results and discussion 
We conducted all experiments for DR detection and classification using Python with the 

PyTorch and Keas libraries. By closely observing the effectiveness of our proposed approach 
and adjusting parameters within predefined limits, we established optimal hyper parameters 
for all models. Specifically, we set the learning rate to 0.0001, while the regularization rates 
for weights and biases ranged from 0.001 to 0.1. To enhance training efficiency, we employed 
the ADAM optimizer. We employed the Aptos 2019 blindness detection dataset, publicly ac-
cessible via Kaggle [18]. This dataset contains 3,662 labeled images in the training folder and 
1,928 unlabeled images in the testing folder. Our experimentation exclusively focused on la-
beled images. The dataset underwent a partition into a 70:30 ratio for training and testing 
sets, respectively. Augmentations were applied solely to the training set, maintaining the in-
tegrity of the testing split. 

Evaluation of our ensemble capsule model's performance was based on accuracy, preci-
sion, recall, and F-measure. These metrics were computed using equations (7)-(10), where 



TP, FP, TN, and FN denote true positive, false positive, true negative, and false negative, re-
spectively. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

TP +  FP +  TN +  FN
 (7) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (8) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (9) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

We have depicted a visualization showcasing the performance of three different models: a 
capsule network with ResNetV2, a capsule network with MobileNet, and our proposed en-
semble capsule network, as illustrated in Fig. 5. Notably, the individual models exhibit com-
mendable accuracy, which could be attributed to the inherent capability of capsule networks 
to capture hierarchical relationships among features, thereby offering a complementary rep-
resentation to that learned by traditional convolutional neural networks (CNNs) such as Res-
NetV2 and MobileNet. Moreover, the introduction of ensemble learning leads to a noticeable 
enhancement in performance. This improvement can be attributed to the ability of the en-
semble model to amalgamate predictions from multiple models, thereby mitigating overfit-
ting and achieving a more generalized understanding of the data distribution. 

 

 
Figure 5. Comparison graph of different models. 

 
We have provided a detailed summary of the results in Table 3, presenting the perfor-

mance metrics of the proposed ensemble model alongside the two standalone models that 
were combined. 
Table 3. Performance of different proposed methodology. 

Model Accuracy Precision Recall 
F-
measure 

MobileNet Base with CapsuleNetwork 89.93 82.53 89.40 85.51 
ResNetv2 Base with CapsuleNetwork 92.99 87.06 92.05 89.28 
Ensemble Capsule Network 99.81 99.89 99.40 99.64 

4.1. Hyperparameteer tuning 

We performed an extensive hyperparameter tuning study to understand how various pa-
rameters affect the performance of our ensemble capsule network for diabetic retinopathy 



classification. The experiments focused on optimizing learning rate, weight decay, batch size, 
dropout rate in capsule layers, routing iterations, and ensemble weighting of backbone out-
puts. 

Table 4 encapsulates the effect of learning rate, weight decay, and batch size. The learning 
rate of 0.0001 always yielded the optimal results, with the highest accuracy at 99.81%, along 
with better precision, recall, and F1-score. This rate allowed for stable and smooth conver-
gence during training. Higher learning rates (e.g., 0.001) yielded oscillating loss and worse 
accuracy (~93.42%).Values for weight decay (regularization) were essential in preventing un-
derfitting and overfitting. A moderate rate of 0.001 avoided overfitting without compromising 
the model's capacity to learn complex retinal features. High regularization (0.1) resulted in 
underfitting with decreased accuracy. The batch size of 32 was an optimal choice between 
noisy gradients and stable updates, enhancing the rate of convergence and generalization. 
Low batches (16) caused slow convergence while high batches (64) diminished stochasticity, 
negatively impacting generalization. 
Table 4.Effect of Learning Rate, Weight Decay, and Batch Size on Model Performance 
Learning 
Rate 

Weight 
Decay 

Batch 
Size 

Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

0.001 0.001 16 93.42 92.85 93.20 93.02 
0.0005 0.01 32 96.88 96.50 96.70 96.60 
0.0001 0.001 32 99.81 99.89 99.40 99.64 
0.0001 0.1 64 98.12 97.80 97.50 97.65 

Table 5 indicates the effect of dropout rate, routing iterations in capsule layers, and en-
semble weighting. A dropout rate of 0.3 in the capsule layers was able to regularize the model 
without compromising learning capacity. Lower dropout resulted in minor overfitting, 
whereas higher dropout (0.5) resulted in reduced performance. Having 3 routing iterations 
within capsule layers enabled improved feature agreement and information flow, improving 
model accuracy. Additional iterations provided decreasing returns but higher computational 
expense. Ensemble weighting benefited the ResNetV2 backbone with 60%, supporting the 
MobileNet backbone's 40%, maximizing accuracy and stable classification performance. Mo-
bileNet-favored or balanced weightings produced slightly less accurate performance. Togeth-
er, these results show why these hyperparameters need to be carefully tuned. A combination 
of the capsule network with deep convolutional feature extractors is significantly sensitive to 
the dynamics of an optimizer and regularization. The adopted optimal values maximize this 
model's ability to capture complex features and generalize well on diabetic retinopathy da-
tasets. 
Table 5: Effect of Dropout Rate, Routing Iterations, and Ensemble Weighting on Model Per-
formance 
Dropout 

Rate 
Routing 

Iterations 
Ensemble 

Weighting (Res-
NetV2 / Mo-

bileNet) 

Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-
Score 

(%) 

0.1 1 0.4 / 0.6 93.42 92.85 93.20 93.02 
0.3 3 0.5 / 0.5 96.88 96.50 96.70 96.60 
0.3 3 0.6 / 0.4 99.81 99.89 99.40 99.64 
0.5 5 0.7 / 0.3 98.12 97.80 97.50 97.65 

4.2. Ablation study 
To evaluate the impact of individual architectural components on the classification per-

formance, we conducted an ablation study with six different model configurations. These con-
figurations include standalone CNN backbones, capsule-only networks, combinations of 
CNNs with capsule layers, and the final ensemble integrating both capsule-enhanced CNN 



models. Table 6 summarizes the results across multiple metrics accuracy, precision, recall, 
and F1-score while Figure 6 visually compares their performance. 
Table 6: Performance comparison of Different models 
Model Variant Accuracy 

(%) 
Precision 
(%) 

Recall 
(%) 

F1-score 
(%) 

ResNetV2 only 96.12 95.84 95.67 95.75 
MobileNet only 94.88 94.50 94.12 94.31 
Capsule only 92.45 91.83 91.56 91.69 
ResNetV2 + Capsule 98.34 98.20 98.10 98.15 
MobileNet + Capsule 97.85 97.63 97.50 97.56 
Proposed Ensemble (Res-
NetV2 + MobileNet + Cap-
sule) 

99.81 99.85 99.79 99.82 

Table 6 gives the quantitative comparison of performance between six model configura-
tions employed in our ablation study. ResNetV2 and MobileNet standalone CNN backbones 
recorded decent accuracy rates of 96.12% and 94.88%, respectively, as seen in their ability to 
extract useful features from OCTA images. The Capsule-only model with no CNN-based fea-
ture extraction recorded the lowest accuracy (92.45%), highlighting that capsule networks are 
not good enough for this purpose without supporting deep feature representations. Combin-
ing capsule layers with the CNN backbones dramatically improved performance; ResNetV2 + 
Capsule and MobileNet + Capsule models enhanced accuracy by about 2.2% and 3%, respec-
tively, over their CNN-only counterparts. These improvements reflect the robustness of the 
capsule layers in representing spatial hierarchies and relationships essential for classifying 
diabetic retinopathy lesions. The ensemble, which combines predictions of both capsule-
augmented CNNs, further raised performance to an impressive 99.81% accuracy, showing 
that it is beneficial to combine different architectures to extract complementary features and 
enhance robustness. Precision, recall, and F1-score measures also follow similar patterns, 
supporting the ensemble's better balance between sensitivity and specificity. 

 

 
Figure 6: Performance comparison of Different models 

 

4.3. Model interpretability and visual analysis 

The interpretability of deep learning models is essential in clinical applications, particular-
ly in ophthalmology, where diagnostic confidence is tied not only to accuracy but also to the 
transparency of decision-making. This study evaluates interpretability through confusion ma-
trices, ROC curve analysis, training dynamics, and an examination of the capsule network’s 



inherent capability for spatial feature preservation. Additionally, we have included the confu-
sion matrices obtained by these models in Fig. 7. 

 

  

(a) (b) 

 

(c) 
Figure 7:Confusion matrix obtained for (a) MobileNet Base with Capsule Network, (b) Res-

NetV2 with Capsule Network, and (c) Ensemble Capsule Network. 
 

The confusion matrices reveal clear differences in classification behavior between the 
models. In the MobileNet+ Capsule configuration, misclassifications were predominantly ob-
served between mild and moderate DR classes. This is expected given the subtle textural and 
vascular changes differentiating these categories. The ResNetV2 + Capsule model showed a 
reduction in such errors, although mild confusion persisted between severe and proliferative 
DR stages, where overlapping pathological indicators can mislead the network. The ensemble 
model, however, demonstrated minimal off-diagonal activity, signifying robust classification 
boundaries across all five severity levels. Notably, its capacity to resolve borderline cases   
particularly moderateversus severe DR addresses a critical clinical challenge, as these distinc-
tions often dictate whether invasive treatment is warranted. 

The ROC analysis further substantiates the performance advantage of the ensemble ap-
proach. The MobileNet + Capsule network achieved an average AUC of approximately 0.95, 
while the ResNetV2 + Capsule reached around 0.97. In contrast, the ensemble attained near-
perfect separability with an AUC approaching 0.999 across all classes. This marked im-
provement reflects the synergy of feature diversity and decision stability achieved by integrat-
ing multiple capsule-based CNN backbones, effectively balancing sensitivity and specificity 
across the severity spectrum. Furthermore, the ROC curves of the three models are depicted 
in Figure. 8, while the accuracy and loss curves are presented in Figure. 9. 

 



 
Figure 8. ROC of different models discussed. 

 
The training accuracy and loss plots for the ensemble model show rapid convergence with 

stable validation performance, indicating that the chosen regularization strategies, augmenta-
tion pipeline, and hyperparameter tuning effectively mitigated overfitting. The smooth vali-
dation loss trajectory confirms that the model maintained generalization capability despite 
achieving high training accuracy, which is critical for deployment in real-world screening en-
vironments with unseen data distributions. 

 

  

Figure 9. Accuracy and Loss Curves of the discussed models 
 

Our model not only excels in classification metrics but also strengthens the domain of sci-
entific visualization and visual analytics. Through confusion matrices, ROC curves, and class 
activation visualizations, we offer clinicians interpretable insights into model behavior. The 
capsule layers further allow visualization of hierarchical spatial relationships, enabling inter-
pretability of DR lesion detection across varying severity levels. These tools can support oph-
thalmologists in understanding and validating automated decisions, thereby bridging the gap 
between AI systems and clinical trust. 

Although class activation maps like Grad-CAM are not included in this study, our proposed 
architecture contributes to scientific visualization and visual analytics through multiple 
mechanisms. First, capsule networks inherently preserve spatial hierarchies and pose infor-
mation, enabling a more interpretable feature representation compared to traditional CNNs. 
Second, we provide extensive performance visualizations including confusion matrices, ROC 
curves, and learning curves that help analyze model behavior in detail. These visual outputs 
offer clinicians a meaningful understanding of the classification patterns and potential mis-
classifications across DR severity levels. 

4.4. Comparison with state of art methods 
To evaluate the performance of the suggested Stochastic Capsule Fusion Network, it was 

compared with some of the latest state-of-the-art diabetic retinopathy classification algo-



rithms published in the literature. Table X provides a listing of the models, techniques, and 
their respective classification accuracies. The mentioned studies cover a range of deep learn-
ing models, from simple CNN architectures like VGG-16, DenseNet201, Inception-v3, and In-
ception-ResNet-v2 to complex hybrid designs like Hybrid Residual U-Net, Local Binary CNN 
(LB-CNN), and multi-model ensembles of architectures like DenseNet-121, Xception, Incep-
tion-v3, and ResNet-50. 

These methods have reported accuracies of between 84.6% for MSA-Net and 97.41% for 
LB-CNN, and as such, there is significant variance in performance based on architecture 
complexity, feature extraction approach, and dataset. Although high performances are seen 
with models such as Inception-ResNet-v2 (97.0%) and VGG-16 (96.86%), these methods es-
sentially use convolutional layers to represent features and do not have direct mechanisms to 
extract spatial hierarchies and part–whole relationships. Conversely, the Stochastic Capsule 
Fusion Network proposed in the paper attained a classification accuracy of 99.81%, surpas-
sing every method compared. The performance boost can be ascribed to the synergy of sto-
chastic ensemble learning and capsule network layers that improve robustness, maintain spa-
tial relationships, and boost generalization. The experiments illustrate that blending capsule-
based feature modeling into an ensemble scheme can serve to greatly improve the state of art 
for automatic diabetic retinopathy detection. Moreover, a comparative analysis of our pro-
posed system against existing research models that utilized the Aptos-19 database has been 
conducted, and the results are summarized in Table 7. 
Table 7. Performance Comparison in terms of accuracy with existing models- APTOS Da-
tasets. 

Reference Methodology Accuracy 
Al-Antary, M. T. (2021)[27] MSA-Net 84.6% 

Oulhadj, M., et al. (2022) [28] 
Densenet-121, Xception, Inception-

v3, Resnet-50 
85.28% 

Crane, A., & Dastjerdi, M. (2022) [29] Inception-ResNet-v2 97.0%, 
Escorcia-Gutierrez, J., et al. (2022) [30] VGG-16 96.86% 

Salluri, D. Ket al.. (2022)[31] Hybrid Residual U-Net 94% 
Kobat, S. G., et al. (2022) [32] DenseNet201 93.85% 

Macsik, P., et al. (2022) [33] 
Local binary-convolutional neural 

network (LB-CNN) 
97.41% 

Yadav, S., & Awasthi, P. (2022 [34] Inception-v3 88.1% 

Proposed Model 
Stochastic  Capsule  Fusion 

Network 
99.81% 

Our proposed model for diabetic retinopathy diagnosis and classification significantly out-
performs existing models on the APTOS dataset. Our model achieved an accuracy of 99.81%, 
compared to the best preceding accuracy of 94.20% from Sikder et al. (2021) who also used 
tuned XGBoost. We also exceeded the precision of Yongjia Lei's GF-CapsNet (2024) at 
95.59% with a precision of 99.89%, and our recall of 99.40% is more than double from the 
previous best of 92.68% from Sikder et al. Furthermore, our model also achieved a F1-score 
of 99.64%, suggesting balanced expecation for all metrics but also indicating sufficiently 
higher performance for one or more metrics. Through the application of ensemble learning 
and a capsule network model, the ability to capture finer spatial representations was benefi-
cial for highly accurate DR severity classifications. Combination of multiple deep learning 
models provide more robust and reliable diagnostic output which also confirms that it is suit-
able for clinical practice. The superior performance of the proposed model verifies that diag-
nostic accuracy and reliability will improve, enhancing the use of deep learning in DR diagno-
sis and management. A comparison of our proposed system's performance related to existing 
research models that utilized the Aptos-19 database was also completed, and is summarized 
in Table 8. 

 
 



Table 8. Comparison of performance with existing models on APTOS 2019 
Reference Year Methods Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-

Score 
(%) 

Sikder et 
al.[38] 

2021 Tuned XGBoost 94.20 94.34 92.68 93.51 

Islam et 
al.[39] 

2022 SCL(Supervised con-
trastive learning) 

84.35 73.84 70.51 70.49 

Oulhadj et 
al.[40] 

2022 Ensemble 85.28 80.00 70.00 73.00 

Bodapati 
et al.[41] 

2022 Stacked Convolution-
al Auto Encod-

er(SCAE) 

86.08 76.00 82.00 - 

Oulhadj et 
al.[42] 

2023 Ensemble(CapsNet+ 
Inception 

Block+Discrete 
Wavelet Transform) 

86.54 76.00 70.00 73.00 

Mondal et 
al.[43] 

2023 Ensemble  Method 86.08 76.00 82.00 - 

Yongjia 
Lei[44] 

2024 Graph Neural Net-
work (GNN)-fused 

CapsNet 

86.49 0.9559 0.7914 0.7101 

Proposed 
Model 

2024 Ensemble Capsule 
Network 

99.81 99.89 99.40 99.64 

5. Conclusion and future scope 
The increasing incidence of diabetes-related complications, especially diabetic retinopathy 

(DR), is a serious problem worldwide and diabetic retinopathy is the most important cause of 
vision impairment across the globe. The grading and detection of DR lesions by ophthalmolo-
gists manually are an arduous and time-consuming process. This study aimed to tackle this 
issue by utilizing advances in deep learning methods to create an automated DR diagnosis 
and classification system. By combining a number of pre-trained deep learning networks lay-
ers with capsule network layers for feature extraction and employing a stochastic ensemble 
process for classification with fundus images, our proposed solution provides an opportunity 
to assist ophthalmologists with accurate diagnoses and grading of DR. Evaluation of the pro-
posed model using the Aptos-19 dataset showed stellar results, with an overall testing accura-
cy of 99.81%. The accuracy highlights the potential of the method for improving both the effi-
ciency and effectiveness of DR diagnosis and grading. Future work could explore if integra-
tion with an interactive visual analytics dashboards, enabling dynamic searching and explora-
tion of DR diagnosis, lesion heatmaps, and class-specific prediction trajectories, would pro-
vide transparency and decision support and encourage clinical implementation. Further re-
search and validation on diverse datasets and real-world clinical settings will be essential to 
confirm the generalizability and robustness of the proposed methodology. Additionally, ef-
forts to streamline the integration of automated DR diagnosis systems into clinical practice 
and healthcare workflows are warranted to ensure widespread adoption and impact. 
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