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Abstract:

Kidney stones are a common condition that may cause severe pain and complications if not diagnosed
early. Computed tomography (CT) imaging is widely used for identifying renal stones due to its high
sensitivity. This study focuses on binary image-level classification (stone vs. normal) in CT images
using deep learning architectures. Three convolutional neural networks—ResNet50, XResNet50, and
DenseNet201—were evaluated under a unified preprocessing and training pipeline. Two publicly
available CT datasets were used, each divided into 70% training and 30% testing sets. Models were
trained using Google Colab with data augmentation to reduce overfitting. Performance was assessed
using accuracy, precision, recall, and F1-score. Across the two datasets, XResNet50 achieved the
highest accuracy (97% and 92%, respectively). While the reported results indicate strong performance
under the defined experimental setup, further validation using patient-wise splitting and additional
datasets is recommended to confirm generalisation. These findings provide a comparative reference
for selecting suitable architectures for CT-based kidney stone classification.
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Introduction

DNNs have shown significant growth due to their capabilities in various fields. They have played a
critical role in several medical applications. Convolutional Neural Networks (CNNs) are an example of
DNNs that have enhanced the detection accuracy of several diseases through CT medical images.
ResNet, DenseNet, and EfficientNet are deep learning models with distinct architectures evaluated
recently for kidney stone detection [1]. In this study, the DenseNet model achieved an accuracy of 86%,
which outperformed the other deep learning models. Similarly, lightweight architectures such as
MobileNet improved performance while reducing computational cost. In 2023, MobileNet and depthwise
separable convolutions were utilised to build StoneNet. The model achieved 97.98% accuracy.
Furthermore, it increased efficiency by reducing complexity and computing cost [2]. In contrast, earlier
methods that relied on traditional machine learning struggled to generalise across datasets. A
comparison study introduced in 2021 evaluated deep convolutional neural networks (DCNNSs) against
traditional classifiers. DCNNs obtained better results, with a precision of 98% and a recall of 97% [3].
Coronal CT images used by a deep learning model for automated kidney stone detection attained an
accuracy of 96.82%, emphasising the performance of CNNs with medical images [4].

To address inconsistencies among reported results, controlled comparisons across architectures
are needed. A lightweight model for detecting renal stones could run in real time because of its
efficiency. This model achieved a 96% F1 score while maintaining the false-negative rate of 4% [5].
However, most previous studies evaluate a single architecture or use different datasets, making direct
comparison difficult. A researcher incorporated feature fusion to enhance the classification accuracy.
As a result, using feature fusion techniques increased detection accuracy by 11% [6]. Another study
evaluated data fusion techniques for the classification of kidney stones [7].

DNN was also implemented with multi-view imaging by using multiple angles of CT scan images.
Consequently, this method increased the accuracy of kidney stone detection [8]. Moreover, neural
networks were optimised for renal stone detection. As a result, they obtained a higher accuracy [9]. In
2022, researchers used deep learning with multiple CT image planes to detect kidney stones. This
approach contributed to improving processing speed [10]. CNNs achieved better detection results than
traditional methods based on varying metrics [11]. Researchers utilised deep learning with CT images
to detect kidney stones. They used the XResNet50 architecture. It consists of ResLayer blocks, which
decrease the resolution of the CT image by half. The accuracy of this detection model was 96.82%. In
addition, image augmentation was used to avoid overfitting during the training stage [12].

In [13], researchers used two models. The first model was StackedEnsembleNet, which integrated
four neural networks to increase detection accuracy. The second model was PSOWeightedAvgNet,
which was responsible for finding the optimal weights for each neural network. Another model fusing
ResNet101 and a custom CNN architecture. This model successfully classified stones, tumours, and
normal tissues [14]. Guided Deep Metric Learning (GDML) enhanced the accuracy of stone detection.
It reduced the need for large labelled datasets [15]. The transfer-based ensemble was proposed to
improve classification accuracy for kidney diseases [16]. This approach was based on a combination
of four models, including DarkNet19, InceptionV3, ResNet101, and YOLO. In [17], a CNN-LSTM hybrid
model was utilised for ultrasound image interpretation. The model's accuracy for detecting kidney
stones was 97%. Despite these advances, there is limited research directly comparing widely used
architectures under identical conditions. Inception-ResNetV2 model was used for stone detection using
kidney—-ureter—bladder (KUB) images, while a ResNet and U-Net were used for accurately localising
renal stones [19].

This study focuses strictly on binary CT image classification rather than object detection or
localisation. Unlike detection-based approaches that aim to identify stone positions, the current work
evaluates image-level classification performance under consistent experimental settings. The
research compared three different deep learning architectures. These DNNs were chosen for
their effective performance in medical applications. The comparison was performed using
various evaluation metrics, including accuracy, precision, recall, and computational cost. As a
result, it identified the DNN with the highest overall performance for kidney stone detection
across all the performance metrics. Therefore, the main research gap addressed in this work
is the lack of systematic comparison between commonly used architectures on multiple

datasets using unified preprocessing and evaluation settings.
Material and methods

The comparison of deep learning architectures consists of several stages. The first stage is data
collection. The data were divided into training and test datasets. The datasets were then used to train
and test different DNNSs.
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A. Data Collection

In this research, two public datasets were utilized. The first dataset, obtained from [12], is referred to as
Dataset 1, while the second, obtained from the Kaggle challenge?, is called Dataset 2. The images
stored in these datasets are CT (computed tomography) scans. Both datasets are publicly accessible;
Dataset 1 is provided in [12], and Dataset 2 is available on Kaggle. All CT images are anonymised and
contain no personal identifiers, ensuring compliance with patient privacy and dataset usage policies.
CT scans are medical images acquired using a technique that produces cross-sectional images of the
human body, as shown in Figure 1.

Kidney stone Kidney stone
2 3 .

Kidney_ stone

Kidney_ stone

Figure 1: Example images in Dataset 1

B. Data Processing

In this study, two datasets were utilised. Each dataset was divided into three groups. Each dataset
was randomly divided into 70% training and 30% testing sets at the image level. Due to the absence of
patient identifiers in the publicly available datasets, splitting was performed at the image level. We
acknowledge that patient-wise splitting would provide a more rigorous evaluation protocol. The data
were batched using the DataBlock function with a 64-default batch size. The function is found in the
fast.ai library [20], which prepares data for use in machine learning. Another component in fast.ai is
called RandomResizedCropGPU, which is responsible for data augmentation. The algorithm
implements augmentation by randomly resizing and cropping images during training, preserving the
original aspect ratio. Data augmentation prevents the model from overfitting during training. All images
were resized to 512x512 pixels in this study.
C. Model Training
Several experiments were performed to evaluate neural network architectures. Consequently, the best
model for kidney stone detection from the three suggested architectures was highlighted.

a) ResNet50
ResNet50, proposed by Microsoft Research in 2015, is a 50-layer convolutional neural network. Its
architecture includes residual connections, which enable the network to skip certain layers. Therefore, it
accelerates the training process. These connections also prevent the model from experiencing the
vanishing gradient problem. The model has been successfully implemented in various computer vision
applications, such as object detection, semantic segmentation, and image classification. Table 1
presents the parameters of ResNet50.
Table 1: ResNet50 parameters

Total Parameters 25,557,032
Total Trainable Parameters 25,557,032
Total non-Trainable Parameters 0
Loss Function Cross Entropy Loss
epochs 40

b) XResNet50
This neural network architecture was presented by Tong He et al. [21]. It has the same architecture
as ResNet. Additionally, the neural network uses both 1x1 and 3x3 convolutions. It also has batch
normalization before activation functions. As a result, these components improved the accuracy of
object detection. XResNet50, with a deeper architecture, enables the network to learn more complex

! https://www.kaggle.com/datasets/mansoordaku/ckdisease

14 | Afro-Asian Journal of Scientific Research (AAJSR)



features. XResNet50 achieved state-of-the-art performance in several computer vision tasks. Table 2
shows the parameters of XResNet50.

Table 2: DenseNet201 parameters

Total Parameters 20,013,928
Total Trainable Parameters 20,013,928
Total Non-Trainable Parameters 0
Loss Function Cross-Entropy Loss
epochs 40

c¢) DenseNet201

This convolutional neural network was presented by Gao Huang et al. [22]. The DenseNet family is
known for its densely connected layers. Information flows directly through these layers. DenseNet201
contains 201 layers. The network architecture was built from a series of dense blocks. Each consists of
several connected convolutional layers.Features are passed between consecutive dense blocks. The
connection between dense blocks effectively enables feature reuse and avoids the vanishing gradient
problem. The parameters of DenseNet201 are shown in Table 3. Training of the previous three models
was performed in a cloud-based environment using Google Colab. This tool provides access to high-
speed resources for code execution on the available GPUs (Graphical Processing Units). The trained
models were saved for use in kidney-stone detection in the next stage.

Table 3: DenseNet201 parameters

Total Parameters 20,013,928
Total Trainable Parameters 20,013,928
Total Non-Trainable Parameters 0
Loss Function Cross-Entropy Loss
epochs 40

Results and discussion

This section reports the evaluation of the three deep learning architectures on two datasets

separately, using precision, recall, and F1 score metrics.
A. Results on Dataset 1

DenseNet201 demonstrated high performance according to the confusion matrix. The model
correctly classified 196 examples as kidney stones, while 19 instances were wrongly classified as
normal images. The model correctly classified 165 normal images and misclassified 16 images, as
shown in Figure 2. The confusion matrix illustrates true versus predicted classes, allowing visual
inspection of false positives and false negatives between models. For evaluation metrics, the detection
accuracy on dataset 1 was 91%. The precision for normal images was 90%, and 92% for kidney stone
images. The recall metric was 91% for both normal and kidney stone images. The F1 score was 92%
for kidney stones and 90% for normal instances.

The ResNet50 model successfully classified 171 kidney stone images and misclassified 44. For
normal images, the model identified 149 normal images and misclassified 32 as kidney stone images,
as shown in Figure 3. The model achieved a detection accuracy of 81%. The precision was
77% for normal images and 84% for kidney stones. For the recall metrics, they were 82% for
normal images and 80% for kidney stone images. The F1 score was 80% for normal images
and 82% for kidney stone images.
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Figure 2: Confusion matrix of DenseNet201 on Dataset 1
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Figure 3: Confusion matrix of ResNet50 on Dataset 1

The XResNet50 had the highest performance among the three suggested network architectures.
The model correctly classified 209 out of 215 kidney stone images, reflecting a low rate of false
positives. It correctly classified 174 normal images and misclassified 7 images, as shown in Figure 4.
The precision of this model is 97% for both normal and kidney stone images in the test dataset. The
recall is 96% for normal and 97% for kidney stone images. The model achieved an accuracy of 97%.
In addition, the F1 score was 96% and 97% for the normal and kidney stone images, respectively. In
conclusion, the XResNet50 model outperformed other neural network architectures on Dataset 1. Since
the reported accuracy values are relatively high, there remains a possibility of overfitting, particularly for
XResNet50 on Dataset 1, despite using data augmentation and validation splitting to reduce this risk.
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Figure 4: Confusion matrix XResNet50 on Dataset 1
B. Results on Dataset 2
When evaluating DenseNet201 on Dataset 2, it correctly recognised 153 kidney stone images and
misclassified two images within normal classes. Therefore, the DenseNet201 performed better on
Dataset 2 than on Dataset 1. In contrast, for normal images, the model correctly identified 86 images
and incorrectly classified 36 normal images as containing kidney stones, as shown in Figure 5. The
detection accuracy of DenseNet201 was 86%. The model reported a high precision of 98% for normal
images 81% for kidney stone images. For the recall metric, it was 99% for kidney stone images and
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only 70% for normal images. The F1 score was 89% for kidney stone images and 82% for normal
images. The significant fluctuations in the metric values illustrate instability in the performance
of the DenseNet201 model on Dataset 2.
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Figure 5: Confusion matrix of DenseNet201 on Dataset 2

TheResNet50 model correctly identified 152 kidney stone images and misclassified 3 as normal images.
It also successfully predicted 92 images as belonging to the normal class, while incorrectly classifying
30 instances as kidney stone images, as shown in Figure 6. According to the evaluation metrics, the
detection accuracy was 88%. The precision was 97% for normal images and 84% for kidney stone
images. For the recall metric, the model achieved 98% for kidney stone images and 75% for normal
images. The F1 score was 90% for kidney stone images and 85% for normal images.
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Figure 6: Confusion matrix of ResNet50 on Dataset 2

The XResNet50 architecture outperformed the two previous models on the datasets used in this
research. The model correctly classified 153 kidney stone images and misclassified only 2 instances
as normal images. For normal images, it correctly predicted 101 instances and misclassified 21 images,
as illustrated in Figure 7. For evaluation metrics, XResNet50 achieved a detection accuracy of 92%.
The precision metric was 88% for kidney stone images and 98% for normal images. Recall was 99%
for kidney stone images and 88% for normal images. The model obtained an F1 score of 93% for kidney
stone images and 90% for normal images. The XResNet50 demonstrated superior performance
compared to other architectures. The summaries of performance comparisons for the three models are
shown in Tables 4 and 5. Unlike prior studies that focus on a single architecture, this comparison
provides practical guidance by revealing performance differences when models are evaluated under
identical experimental conditions.
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Figure 7: Confusion matrix of XResNet50 on Dataset 2

Table 4: Performance comparison on Dataset 1

Model aceuracy | PRESION | Pl | 1 s | FlEeeen | S | vormal
ResNet50 0.81 0.84 0.80 0.82 0.77 0.82 0.80
DenseNet201 0.91 0.92 0.91 0.92 0.90 0.91 0.90
XResNet50 0.97 0.97 0.97 0.97 0.97 0.96 0.96
KS =Kidney
Stone

Table 5: Performance comparison on Dataset 2

F1
Model Accuracy Pr%ilg;on R(eKCSa)” (Eé) Tlileocrﬁlgl? (I\chrcn?gl) (No;mal
ResNet50 0.88 0.84 0.98 0.90 0.97 0.75 0.85
DenseNet201 0.86 0.81 0.99 0.89 0.98 0.70 0.82
XResNet50 0.92 0.88 0.99 0.93 0.98 0.88 0.90
KS = Kidney
Stone

Extensive research has been conducted to compare the performance of deep learning architectures
for the automatic detection of kidney stones. Yildirim et al. [12] compared various CNN architectures,
including DenseNet and ResNet variants, on Dataset 1, which was also used in this research. Their
results demonstrated the superior performance of ResNet50 over other models. Al-mutairi et al. [13]
conducted a comparison study using fused deep-learning networks in kidney stone detection. They
reported that the combination of features from multiple architectures contributed to enhancing the
performance. Although they used a different dataset, the XResNet50 achieved better results compared
to the standard DenseNet201 and ResNet50 architectures. Mehta and Wang [14] presented hybrid
deep-learning frameworks to classify kidney stones. Their findings indicated that the combination of
sequential models (ResNet101) and CNN-based feature extractors led to an enhancement in the
performance of detection results. This study has several limitations. First, data splitting was performed
at the image level rather than the patient level due to dataset constraints, which may introduce potential
bias. Second, experiments were conducted using a single train-test split without repeated statistical
validation. Third, external validation on independent multi-centre datasets was not performed. Future
work will address these aspects to strengthen the robustness and generalizability of the findings.
Conclusion

This research investigated three deep-learning architectures used with medical images to find the
most appropriate model for kidney stone detection. Therefore, it will help specialists during the diagnosis
process. CT images were chosen for deep learning models due to their high accuracy. After comparing
three deep learning models, the XRresNet50 achieved the highest performance among the evaluated
architectures under the defined experimental setup. However, further validation is required to confirm
generalizability across broader clinical settings. Two datasets were utilised for this study. Therefore,
additional datasets are recommended for a more comprehensive comparison. Future work includes
comparing techniques for kidney stone localisation. For example, GRAD-CAM (Gradient-weighted
Class Activation Mapping) can locate regions of interest in medical images. This visual representation
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might help doctors understand the logic behind decisions made by deep learning models. Across the

two datasets, XResNet50 achieved the highest accuracy (97% and 92%), precision (97% and 98%),

and F1-scores (97% and 93%), confirming its robustness relative to DenseNet201 and ResNet50.
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