
IAES International Journal of Artificial Intelligence (IJ-AI) 

Vol. 14, No. 6, December 2025, pp. 4541~4551 

ISSN: 2252-8938, DOI: 10.11591/ijai.v14.i6.pp4541-4551      4541 

 

Journal homepage: http://ijai.iaescore.com 

Combining convolutional operators in unsupervised networks 

for kidney abnormalities 
 

 

Aekkarat Suksukont1, Anuruk Prommakhot2, Jakkree Srinonchat3 
1Department of Computer Engineering, Faculty of Industrial Education, Rajamangala University of Technology Suvarnabhumi, 

Suphanburi, Thailand 
2Department of Computer Engineering, Faculty of Engineering, Rajamangala University of Technology Thanyaburi,  

Pathum Thani, Thailand 
3Department of Electronics and Telecommunication Engineering, Faculty of Engineering, Rajamangala University of Technology Thanyaburi, 

Pathum Thani, Thailand 

 

 

Article Info  ABSTRACT 

Article history: 

Received Oct 31, 2024 

Revised Sep 12, 2025 

Accepted Oct 18, 2025 

 

 Deep learning plays a pivotal role in advancing the diagnosis of renal 

dysfunction, achieving performance levels comparable to those of medical 

experts. However, disease domain variations and model differences can 

impact learning quality. To address renal dysfunction, we propose dual-

stream convolutional (DSC) and dual-input convolutional (DIC) for 

unsupervised learning. The proposed network is designed to process multi-

scale data and employs parallel data aggregation to enhance learning 

capabilities, improving the reliability of the experimental results. DSC 

achieved training losses of 0.0069, 0.0056, 0.0042, and 0.0048 for normal, 

cyst, stone, and tumor datasets, respectively, while DIC achieved losses of 

0.0066, 0.0063, 0.0044, and 0.0058 for the same categories. The 

experimental results demonstrate that our proposed models outperform state-

of-the-art approaches, making them well-suited for broad application in 

clinical research studies. 
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1. INTRODUCTION 

Deep learning has gained wide acceptance across various research fields, particularly in the medical 

domain, due to its ability to collect data and learn complex features or patterns for detection, segmentation, 

classification, and recognition, especially in diagnosing diseases through magnetic resonance imaging (MRI), 

X-ray, or microscopic images [1]–[3]. While deep learning yields highly efficient results, understanding the 

essential components of disease, such as regions of interest or disease positions in medical images, remains 

crucial for explaining disease hallmarks and the network's ability to learn the pathogenesis [4]. Overlapping 

features, which obscure critical disease components [5], and noise in the images [6], [7] are significant 

factors that impact learning and can lead to noise signals before errors occur. These challenges, mainly when 

dealing with networks tasked with learning the identity or patterns of overlapping diseases, such as  

COVID-19 and kidney abnormalities in X-ray images [8], [9], or brain tumors and kidney disease in MRI 

scans [10], [11], pose limitations that require careful attention. 

In recent years, deep learning techniques have been developed to enhance the efficiency of learning 

complex disease components and handling disease features. These advancements have led to notable 

https://creativecommons.org/licenses/by-sa/4.0/
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performance improvements, such as enhancing convolutional neural network (CNN) parallelization with 

residual fusion to mitigate vanishing gradient issues and applying DropBlock techniques to better extract key 

features from complex medical images [12]. The integration of visual geometry group (VGG)-16 and  

VGG-19 has enhanced the ability to capture both shallow and deep features, thereby improving medical 

insight detection [13]. 

The development of the adaptive hybridized deep CNN focuses on residual learning and dilated 

convolutions to address missing information, allowing for broader and more detailed feature extraction.  

It incorporates autoencoders and skip connections to pass information to deeper layers and reduce the 

dimensionality of complex image data for more accurate disease recognition in large images [14]. A modified 

deep belief network has also been designed as a classification algorithm for predicting kidney-related 

diseases, using Softmax as the activation function and categorical cross-entropy as the loss function for early 

detection of chronic diseases [15]. 

The you only look once version 8 (YOLOv8) model has been employed to analyze differentiated 

medical features, demonstrating its effectiveness in disease detection and diagnosis [16]. Additionally, deep 

learning has been applied to address the challenge of disease characteristics that arise from the diversity of 

image data, such as using multi-scale learning to handle varying data complexities. Networks are often 

designed with different receptive fields or convolutional operators (multi-scale) to capture target patches 

effectively [17], [18], providing significant design advantages over traditional machine learning methods. 

In previous works [12]–[18], they investigated the effectiveness of deep learning approaches in 

addressing challenges related to imaging and improving learning outcomes from imbalanced medical data. 

Although deep learning has demonstrated outstanding potential for medical image applications, some critical 

issues remain unresolved. First, image quality impacts overall learning performance, or changes in the data 

domain influence the quality of the network's learning. Second, designing CNNs to handle different data 

dimensions affects the network's ability to capture features. 

These issues are central to the development of deep learning, highlighting the need for continued 

improvement in deep learning techniques. We propose a learning model for kidney disorders using a 

convolutional operator fusion strategy with VGGNet, which is divided into two models: dual-stream 

convolutional (DSC), designed to capture additional features and address information loss during feature 

extraction and dual-input convolutional (DIC), which is designed to learn multi-scale data and capture complex 

features, allowing the model to adapt effectively to constrained domains. The proposed network leverages 

unsupervised learning to manage complex data and reduce the dimensionality of medical images. 
 

 

2. METHOD 

2.1.  Convolutional operator 

The convolutional operator [19] is an essential mathematical function that extracts features from input 

data. It highlights crucial patterns, such as edges, corners, or textures. The operator works with a kernel, which 

slides across the input data, performing convolutions at each position to detect features like edges and textures. 

Stride, the step size of the filter's movement, reduces the output size to minimize computational complexity. 

The same padding enhances this process, ensuring the output size matches the input size. The 

rectified linear unit (ReLU) activation function is also applied after convolution to remove negative values, 

allowing the model to learn more complex patterns. As mentioned, the convolutional operator in CNNs 

works by multiplying pixel values from the input with the filter's weights, combining the results into a single 

value at each position of the feature map, as in (1). 
 

𝑆(𝑖,𝑗) = (𝐼 ∗ 𝐾)(𝑖,𝑗) ∑ ∑ 𝐼(𝑖+𝑚,𝑗+𝑚)𝑛 ⋅ 𝐾(𝑚,𝑛)𝑚  (1) 
 

Where 𝑆(𝑖,𝑗) represents the output at position𝑖, 𝑗on the feature map, or the result of the convolution, (𝑖, 𝑗) is 

the input value at position𝑖, 𝑗on the input image, and 𝐾(𝑚,𝑛)denotes the weights in the filter or kernel at 

position𝑚, 𝑛. The symbol * represents the convolution operation. 
 

2.2.  Dual convolutional operator 

Dual convolutional [20] operators are convolutional filters designed to extract features from 

different data viewpoints. Each filter is tailored to detect specific features, such as horizontal edges, vertical 

edges, or complex surfaces, and these features are then combined into a single feature map. This approach 

enables the model to capture in-depth information and features of varying sizes. In this study, both filters are 

concatenated into a vector to form the final feature map, as in (2). 
 

𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑖,𝑗) = 𝑆1(𝑖,𝑗) + 𝑆2(𝑖,𝑗) (2) 
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Where 𝑆1(𝑖,𝑗) is the output of the first convolution at position (𝑖, 𝑗), 𝑆2(𝑖,𝑗) is the output of the second 

convolution operation at the same position (𝑖, 𝑗), and 𝑆𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑖,𝑗) is the sum of these two values at each 

position (𝑖, 𝑗). This study concatenates feature maps into a vector to form the final feature map. 
 

2.3.  Residual layers 

Residual layers [21] are designed to address the problem of vanishing gradients, which often occurs 

as networks deepen, by introducing skip connections. These connections allow the input of a given block to 

bypass the transformations in other layers and be directly added to the output, enabling more effective 

learning of new features, as shown in (3). 
 

𝑦 = 𝑓(𝑥) + 𝑥 (3) 
 

Where 𝑥 is the input, 𝑓(𝑥) represents the processing function of the convolutional layer, and the final result 

is obtained by adding the values of 𝑥 and 𝑓(𝑥), residual layers also enables the model to learn more complex 

transformations while maintaining its trainability. 
 

2.4.  Deep learning techniques 

Deep learning involves networks that process data through multiple layers, with each layer learning 

progressively complex features. This research employs VGG-19 [22], a deep learning architecture designed 

to capture intricate features. The network is notable for its use of small filters and a consistent structure 

across all layers, a key feature that enhances its ability to collect features from diverse data and improve 

overall performance efficiently. 
 

 

3. PROPOSED METHOD 

This research aims to classify renal abnormalities in computed tomography (CT) scan images. Our 

experiments utilize the well-established VGGNet, incorporating loosely combined convolutional operators to 

enhance its ability to capture variance-dependent features. Unlike the original deep-structured expanded 

networks, our approach introduces a distinct experimental framework. The techniques and experiments are 

divided into three parts, as shown in Figure 1. In Figure 1(a), this network combines a modified convolutional 

operator (MCO) with VGG-19 to improve learning from medical image data. Input images with a size of 

100×100×3 pixels are fed into both branches. On the MCO side, the network uses convolutional kernels with 

32, 64, 128, and 256 filters, each with a 3×3 kernel, SAME padding, and a ReLU activation function. 

These layers are grouped into blocks consisting of three stacked layers, followed by a 2×2  

max-pooling layer at the end of each block. Residual connections are added to help avoid the vanishing 

gradient problem as the network deepens. In parallel, the VGG-19 branch applies its standard convolutional 

architecture, using multiple convolutions and max-pooling layers to extract deep feature representations. After 

processing, the features from both branches are fused, flattened into a vector, and passed through three fully 

connected layers with 120, 500, and 500 nodes, respectively, before reaching the final output layer. This model 

design focuses on improving feature fusion and adaptability to complex data by learning diverse features. The 

network was trained on the kidney dataset, as in Figure 2, using the hyperparameters as in Table 1. 
 
 

Table 1. Parameters for training the model 
Parameter Value 

Input size 100×100×3, 150×50×3, 200×200×3 
Max epochs 20 

β1 and β2 (Adam optimized) 0.9, 0.0009 

Function Sigmoid 
Epsilon 1e-8 

Batch size 2 

Learning rate 10-3, 10-4, 10-5 

 
 

In Figure 1(b), the design takes dual-input data with different characteristics. Images sized 

150×150×3 pixels are fed into the MCO, which uses a convolutional kernel with 32, 64, 128, and 256 filters. 

Each layer applies a 3×3 kernel with SAME padding and ReLU activation, arranged into blocks of three 

stacked layers followed by a 2×2 max-pooling layer. Residual connections also support stable learning and 

reduce the risk of vanishing gradients. Meanwhile, the second branch receives 200×200×3 pixel images and 

processes them through the standard VGG-19 architecture, which extracts deep features using 3×3 kernels, 

2×2 max-pooling layers, and convolutional kernels from 64 to 512. Once both streams complete feature 

extraction, the outputs are fused and passed through two fully connected layers, each with 500 nodes, before 

reaching the final output layer. This architecture is designed to process multiple image features 
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simultaneously, making it highly efficient in handling complex datasets. The network was trained on the 

kidney dataset as in Figure 2, using the parameters in Table 1. 
 
 

 
(a) 

 

 
(b) 

 

Figure 1. Proposed method for kidney abnormality of (a) DSC fusion for unsupervised learning and (b) DIC 

fusion for unsupervised learning 
 
 

4. EXPERIMENTAL AND RESULTS 

4.1.  Kidney dataset 

A kidney imaging dataset was compiled from the picture archiving and communication system 

(PACS) of various hospitals in Dhaka, Bangladesh [13], [23]. The dataset consists of images from patients 

diagnosed with tumors, cysts, stones, or normal conditions. After thorough examination, 12,446 unique images 

were generated, including 5,077 normal images as shown in Figure 2(a), 3,709 cyst images as shown in  

Figure 2(b), 1,377 stone images as shown in Figure 2(c), and 2,283 tumor images as shown in Figure 2(d).  

The dataset was uploaded to Kaggle to encourage other researchers to develop innovative methods. It was split 

into 80% for the training set, 10% for the validation set, and 10% for the test set for benchmarking purposes. 
 
 

    
(a) (b) (c) (d) 

 

Figure 2. Kidney abnormalities dataset of (a) normal, (b) cyst, (c) stone, and (d) tumor 
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4.2.  Experiment setup 

The setup consists of a Windows system with an Intel Core i5-12400F LGA 1700 CPU @ 2.5 GHz, 

32 GB of RAM (clocked at 5,600 MHz), and an NVIDIA RTX 4070 GPU with 12 GB of VRAM and  

5,888 CUDA cores. The code is implemented using NumPy and TensorFlow. The proposed model and deep 

learning network are also trained using standardized parameters, as summarized in Table 1. 
 

4.3.  Evaluation 

The mean squared error (MSE) evaluates the difference between predicted and actual values, 

measuring their deviation and always yielding a positive result. In this study, it is used to assess the capability 

of the unsupervised network, as shown in (4), where n is the number of samples. 𝑦𝑖  is the actual value of the 

sample 𝑖, 𝑦
∧

𝑖 is the predicted value of the sample𝑖, (𝑦𝑖 − 𝑦
∧

𝑖)
2 is the squared error of the sample 𝑖. 

 

𝑀𝑆𝐸 =
1

2𝑛
+∑ (𝑦𝑖 − 𝑦

∧

𝑖)
2

𝑛

𝑖=1
 (4) 

 

4.4.  Performance of training model 

This study presents a system for detecting kidney abnormalities, focusing on networks with dense 

layers and dual input scales based on unsupervised learning. The experiments are conducted on a dataset 

containing four types of abnormalities: normal, cyst, stone, and tumor. MSE is employed to evaluate the 

learning performance of the proposed experiments. 

Figure 3 shows experimental results using dual dense layers with different hyperparameter settings. 

Observing the learning process at each epoch with learning rates of 10-3, 10-4, 10-5, we notice rapid learning that 

points to stable performance. In Figure 3(a), normal has the lowest MSE at 0.0069, which is due to the better 

performance of the 10-4 compared to 10-3 and 10-5, which are 0.0093 and 0.0106, respectively. In Figure 3(b), 

the cyst achieves the lowest MSE of 0.0056 with 10-4, which is higher than 10-3 and 10-5 by 0.0028 and 0.006, 

indicating that 10-4 provides better learning stability. Similarly, in Figure 3(c), stone records the lowest MSE at 

0.0042 using the 10-4, reflecting its effective capability in reducing loss. Finally, in Figure 3(d), the tumor 

achieves the lowest MSE at 0.0048 with the 10-4. These results show the overall effectiveness and consistency 

of the 10-4 across all data types. Furthermore, across all conditions (normal, cyst, stone, and tumor), the learning 

rate of 10-4 offers the most balanced results, achieving the lowest final loss in MSE with a training speed of 20 

epochs. The higher learning rate of 10-3 shows faster convergence but slightly higher loss, while the lower 

learning rate of 10-5 results in slower learning and the highest loss in all experiments. 
 
 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 3. Loss of DSC fusion for unsupervised learning of (a) normal, (b) cyst, (c) stone, and (d) tumor 
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Figure 4 shows experimental results using dual input scales with different hyperparameter settings. 

Observing the learning at each iteration for learning rates of 10-3, 10-4, and 10-5, we see fast learning across 

all rates, indicating effective learning. In Figure 4(a), normal has the lowest MSE at 0.0066, which is due to 

the better 10-4 compared to 10-3 and 10-5, which are 0.0090 and 0.0136, respectively. In Figure 4(b), cyst has 

the lowest MSE from 10-4 with a value of 0.0063, which is higher than 10-3 and 10-5 by 0.0016 and 0.007, 

indicating that 10-4 has better learning stability. Similarly, in Figure 4(c), stone has the lowest MSE at 0.0044 

from the experiment with 10-4, demonstrating its effective loss reduction capability. Finally, in Figure 4(d), 

tumor has the lowest MSE at 0.0058, which is due to the 10-4. The experimental results confirm the overall 

effectiveness of this learning rate across all data types. Additionally, the curve for 10-4 has a higher learning 

rate than that of 10-3 which shows faster learning but with a slightly higher loss across all experiments.  

At 10-5, the curve progresses more slowly but achieves the lowest loss values in every experiment. 
 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 4. Loss of DIC fusion for unsupervised learning of (a) normal, (b) cyst, (c)stone, and (d) tumor 
 
 

4.5.  Density analysis 

Principal component analysis (PCA) on a heatmap is a technique used in TensorFlow to describe the 

density of renal abnormalities. This study analyzes the differences between four conditions: normal, cysts, 

stones, and tumors. The component description utilizes the concatenated layer results to demonstrate the 

proposed network's capability for unsupervised feature fusion. The data density, representing changes and 

distribution in each condition, is visualized in Figures 5 and 6. 

In Figure 5, the composition of the normal, cyst, stone, and tumor data reveals significant 

differences in density distribution. The normal data, as in Figure 5(a), shows two distinct density peaks, 

clustered between PC1: -45 and 45, with moderate variability along PC2 and a wide dispersion. In contrast, 

the cyst data, as shown in Figure 5(b), present a highly concentrated cluster between PC1: -45 and 60, with a 

relatively low-density peak, indicating uniformity in the cyst profile. The stone data, as in Figure 5(c), shows 

two distinct peaks, one centered around PC1: -60 and 80, suggesting distinct subgroups within the stone data. 

Lastly, as in Figure 5(d), the tumor data exhibit the highest variability, with a broad dispersion along both 

PC1 and PC2, reflecting the complexity of tumor characteristics. These differences in density and distribution 

underscore the varying levels of variation, with cyst being the most uniform and tumor the most diverse. 

Figure 6 shows the data density and distribution differences across the principal components. The 

normal data, as in Figure 6(a), exhibits two peaks spread from PC1: -15 to 30, reflecting a balanced 

distribution. As in Figure 6(b), the cyst data show the least spread, with contours concentrated around  

PC1: -25 to 40 and a lower density peak, indicating homogeneity. The stone data, as in Figure 6(c), spans a 
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broader range from PC1: -60 to 80 and shows two distinct peaks, suggesting a moderate level of variability. 

In contrast, as in Figure 6(d), the tumor data displays the widest spread, ranging from PC1: -45 to 60, with 

three high-density peaks indicating high variability. These results indicate that numerical and density 

distributions are key indicators of the complexity and variability of each condition. 
 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 5. Feature map visualization of DSC fusion for unsupervised learning of (a) density of concatenate layers 

(normal (10-4)), (b) density of concatenate layers (cyst (10-4)), (c) density of concatenate layers (stone (10-4)), 

and (d) density of concatenate layers (tumor (10-4)) 
 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 6. The density of concatenate layers from DIC fusion for unsupervised learning of (a) density of 

concatenate layers (normal (10-4)), (b) density of concatenate layers (cyst (10-4)) (c) density of concatenate layers 

(stone (10-4)), and (d) density of concatenate layers (tumor (10-4)) 
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4.6.  Comparison model 

In this section, we select other state-of-the-art models (VGG-16, VGG-19, Xception, DenseNet-121, 

and EfficientNetB7 [22], [24]–[26]), which are based on unsupervised learning and adapted from previous 

studies on kidney abnormalities, to compare their performance with the DSC and DIC models. The parameters 

used for the experiments are shown in Table 1. The experimental results are summarized in Figure 7. 

Figure 7 compares the loss values across different models: VGG-16, VGG-19, Xception, DenseNet-

121, and EfficientNetB7 on the normal, cyst, stone, and tumor datasets. The results indicate that 

EfficientNetB7 demonstrates the best training performance across all groups, achieving losses of 4.3433e-04, 

0.0010, 0.0033, and 0.0015 for the normal, cyst, stone, and tumor datasets, as in Figures 7(a) to 7(d). 

DenseNet-121 and Xception show slightly higher losses than EfficientNetB7, as in Figures 7(a) to 7(d), but 

they still efficiently learn the data. In contrast, VGG-16 and VGG-19, as in Figures 7(a) to 7(d), exhibit 

higher loss values than the other models, with significantly slower learning rates. This suggests that these 

networks struggle with more complex tasks and require further tuning. Compared to the proposed methods in 

Figures 3 and 4, it is evident that while DSC and DIC have lower performance than EfficientNetB7, they are 

comparable to DenseNet-121 and Xception, and outperform VGG-16 and VGG-19. 
 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 
(d) 

 

Figure 7. Loss comparison across various models for kidney abnormality of (a) normal (10-5), (b) cyst (10-5), 

(c) stone (10-5), and (d) tumor (10-5) 
 
 

5. DISCUSSION 

This study proposes a combination of a CNN and the VGG-19 in a DSC network to enhance its 

performance and capability in learning kidney-medical features. The model design in Figure 1(a) employs 

identical input dimensions (100×100×3) for a two-stream network [27]. It integrates different 32, 64, 128, 

and 256 convolutional kernels and 2×2 kernel sizes to capture multi-scale spatial features and their 

dependencies effectively. Additionally, residual connections between processing blocks help mitigate the 

vanishing gradient problem and facilitate the learning of deep networks. In contrast, Figure 1(b) shows the 

two different input sizes (150×150×3 and 200×200×3) to improve the network’s ability to process images 

with varying characteristics. This DIC approach [28], [29] enables the model to learn from multiple data 



Int J Artif Intell  ISSN: 2252-8938  

 

Combining convolutional operators in unsupervised networks for kidney abnormalities (Aekkarat Suksukont) 

4549 

sources, thereby enhancing its deep feature learning capacity and facilitating a comparative analysis of 

responses across input variations. 

Our experiments with the DSC model suggest it achieves a reasonable balance between complexity 

and performance, as measured by MSE. In the experiments, a learning rate of 10⁻⁴ yields the lowest loss 

across all classes shown in Figures 3(a) to 3(d), namely normal, cyst, stone, and tumor. The obtained 

accuracies reflect the model's capability to learn complex features from medical data effectively. Although a 

higher learning rate of 10⁻³ leads to faster convergence, it results in a higher loss. Conversely, a lower 

learning rate of 10-5 slows down learning and fails to reduce the loss as effectively of 10⁻⁴ within the given 

number of epochs. These results indicate that the proposed network design enhances the model's learning 

capability and is suitable for analyzing various types of medical image data. 

The experimental results and studies in this research show that the proposed DSC and DIC models, 

which combine the functionality of convolutional operators and VGG-19 networks, are effective in learning 

complex medical image features, especially when using an appropriate learning rate of 10⁻⁴, which yields the 

lowest loss across all data groups. Although the proposed models are inferior to EfficientNetB7 [26] in terms 

of achieving the lowest loss, they demonstrate learning performance comparable to advanced models such as 

Xception [24] and DenseNet-121 [25], and outperform VGG-16 and VGG-19 [22]. In addition, the dual-

input stream design improves the ability to process data with different characteristics. However, this research 

also identifies some limitations that should be addressed in future work, such as reducing network 

complexity, applying regularization techniques to prevent overfitting, incorporating a variety of clinical 

indicators, exploring transfer learning [30] approaches, and designing lightweight models [31] for effective 

application in real-world medical devices. 
 

 

6. CONCLUSION 

This paper presents a method for combining convolutional operators in unsupervised networks for 

kidney abnormalities. The proposed network integrates two types of operators: i) DSC, which extracts 

features from a single input through parallel pathways and ii) DIC, which processes images of varying 

resolutions to enhance multi-scale learning. This enables the network to learn multi-view features and helps 

reduce overfitting during training. The technique is tested on the kidney abnormalities dataset, a widely 

accepted and publicly available resource for research and development. Experimental results show that the 

proposed network outperforms others with a lower training loss rate. This success demonstrates that the 

method is effective and opens up opportunities for future work, particularly in applying multi-scale and 

multi-input models to enhance 3D disease detection in medical imaging. 
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