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Abstract - This study explores various automated approaches for detecting kidney stones using CT scan images,
focusing on deep learning and image processing techniques [1]. One approach leverages the XResNet152 deep
learning architecture, involving preprocessing, data augmentation, and extensive training to achieve high accuracy
in distinguishing stones from normal structures [2]. Another method emphasizes image processing techniques such
as segmentation, histogram analysis, and adaptive super pixel techniques, effectively identifying kidney stones
using MATLAB for image enhancement and analysis [3]. A hybrid model combining Convolutional Neural
Networks (CNN) and Support Vector Machines (SVM) is also introduced, providing precise classification of stones,
cysts, and tumours by reducing noise and accurately distinguishing stones from normal tissues [4]. Additionally,
an extended study using a 3D U-Net architecture and CNN classifier achieved a sensitivity of 0.86 and an AUC of
0.95, highlighting the effectiveness of the Res U-Net model for precise and reliable kidney stone detection.
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L INTRODUCTION

Kidney stones are a prevalent medical condition affecting millions worldwide, often leading to severe pain and
complications if not detected and treated promptly [1]. Traditional diagnostic methods, such as ultrasound and X-ray
imaging, can sometimes be limited in accurately detecting small or complex stones, making CT scans a preferred option
due to their high resolution and detailed imaging capabilities [2]. Recent advancements in artificial intelligence,
particularly deep learning and image processing techniques, have shown significant potential in automating kidney stone
detection, providing faster and more accurate diagnoses compared to manual methods [3].

Approaches leveraging convolutional neural networks (CNNs), hybrid models combining CNNs and Support Vector
Machines (SVMs), and advanced architectures like XResNet and 3D U-Net have demonstrated impressive performance
in terms of sensitivity, accuracy, and reliability for kidney stone identification [4]. These automated methods not only
reduce the workload of radiologists but also improve the detection of small or challenging kidney stones, paving the way
for more efficient and accurate diagnostic tools in medical imaging [1].

CT scan

Computed Tomography (CT) scans are a highly effective imaging modality used in medical diagnostics due to their ability
to produce detailed cross-sectional images of the body, making them particularly valuable for detecting kidney stones [1]
. Compared to traditional imaging techniques like ultrasound and X-ray, CT scans offer superior accuracy and resolution,
enabling precise identification of small and complex stones [2]. The use of non-contrast CT scans is especially beneficial
for kidney stone detection, as it eliminates the interference of contrast agents and highlights the density differences
between stones and surrounding tissues [3]. These capabilities have made CT scans the gold standard for diagnosing
kidney stones, providing valuable information for treatment planning and monitoring [4].

Ultrasound

Ultrasound imaging is a non-invasive, safe, and widely used diagnostic tool in the medical field, particularly for the
detection and evaluation of kidney stones [2]. It operates by transmitting high-frequency sound waves into the body and
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interpreting the echoes that bounce back to create real-time images of internal organs and structures. This technique is
highly valued due to its radiation-free nature, making it a preferred option for examining vulnerable patient groups, such
as pregnant women and children, where exposure to ionizing radiation from CT scans or X-rays is undesirable [3].

However, despite its advantages, ultrasound has limitations that can impact its diagnostic accuracy for kidney stones. The
method is less effective at detecting small, radiolucent, or complex stones, especially in obese patients where sound waves
may not penetrate deep enough to visualize deeper structures accurately [1]. The image quality can also be affected by
operator skill, patient positioning, and other variables, sometimes leading to false negatives or underestimation of stone
size and location. Due to these limitations, ultrasound is often used as a preliminary screening tool rather than a definitive
diagnostic method for kidney stones [4].

Machine learning

Machine learning (ML) has emerged as a transformative technology in medical imaging, offering powerful tools for the
automated detection and classification of kidney stones [1]. By leveraging large datasets and advanced algorithms, ML
models can efficiently analyze complex medical images, identifying patterns and features that may be challenging for
human observers to recognize. This approach has significantly improved the accuracy, speed, and consistency of kidney
stone diagnosis, reduced the workload of radiologists and enabled earlier detection and treatment [3].

Deep learning, a subset of ML, has been particularly effective in image-based diagnostics, where Convolutional Neural
Networks (CNNs) excel in processing visual data. CNNs can automatically learn hierarchical features from raw input
images, making them ideal for detecting kidney stones from CT scans or ultrasound images [1]. In recent studies, hybrid
models that combine CNNs with Support Vector Machines (SVMs) have demonstrated impressive accuracy in
distinguishing kidney stones from surrounding tissues, cysts, and tumours [3]. This hybrid approach effectively balances
the feature extraction capabilities of CNNs with the robust classification power of SVMs, enabling reliable and precise
stone identification [3].

II. METHODOLOGY

The studies on kidney stone detection utilize a range of advanced techniques, focusing on deep learning, image processing,
and machine learning methodologies to achieve precise and automated diagnostics. One approach employs the
XResNet152 deep learning model, which is designed to enhance diagnostic accuracy through a series of preprocessing
steps. These steps include data augmentation, where transformations such as rotation, scaling, and flipping are applied to
increase the diversity of the training dataset, thereby reducing overfitting and improving model generalization.
Normalization techniques are also used to standardize pixel values, ensuring consistent input for the model. This method
leverages the XResNetl152 architecture’s deep layers to automatically extract intricate features from CT scan images,
enabling reliable differentiation between kidney stones and normal tissues [1].

Another study emphasizes image processing techniques for kidney stone detection, focusing on methods like image
segmentation, histogram analysis, and adaptive superpixel techniques. These techniques are implemented using
MATLAB, where image segmentation partitions the image into meaningful regions, isolating the kidney stones from
surrounding structures. Histogram analysis evaluates pixel intensity distributions to enhance contrast and highlight
potential stone areas, while adaptive superpixel techniques further refine segmentation by grouping pixels with similar
properties, improving boundary detection and localization accuracy. This approach ensures effective identification and
extraction of stone rgegions, even in complex imaging scenarios [2].

In addition to traditional image processing, hybrid machine learning models have been employed, combining
Convolutional Neural Networks (CNNs) and Support Vector Machines (SVMs). This hybrid approach leverages the
strengths of both techniques—CNNSs automatically learn and extract hierarchical features from medical images, while
SVMs serve as robust classifiers that handle the final decision-making process. The CNN first performs feature extraction,
identifying textures, edges, and patterns unique to kidney stones, while the SVM processes these extracted features to
accurately classify the presence or absence of stones. This combination results in a highly accurate model that effectively
handles the challenges of distinguishing kidney stones from other renal abnormalities, such as cysts or tumours [3].
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An advanced methodology presented in one of the papers utilizes a 3D U-Net architecture for kidney stone detection,
which excels at segmenting volumetric medical images. The 3D U-Net is designed to handle multi-dimensional inputs,
making it well-suited for CT images where depth information is crucial. This deep learning model uses encoder-decoder
structures with skip connections to capture both low-level and high-level features, producing detailed and accurate
segmentations. The study involves preprocessing steps like noise reduction and contrast enhancement to ensure clearer
images before feeding them into the network. The 3D U-Net then segments the image volume to highlight kidney stones,
achieving high sensitivity and specificity in identifying stones of various sizes and shapes. The model’s performance is
further validated using metrics like dice coefficient and Jaccard index, confirming its reliability in clinical applications

[4].

Across all studies, common methodologies include preprocessing techniques to enhance image quality, noise reduction to
minimize artifacts, and advanced neural networks for feature extraction and classification. The integration of deep learning
and machine learning models has proven effective in automating the diagnostic process, providing consistent, accurate,
and timely results for kidney stone detection. These methods not only reduce the workload of radiologists but also offer
potential for early and precise identification of kidney stones, ultimately leading to better patient outcomes [1].

Image processing

Image processing techniques are essential for the automated detection of kidney stones, providing powerful tools to
enhance medical images and extract meaningful features for analysis. These techniques are particularly valuable in the
preprocessing stage, where they improve image quality and prepare data for machine learning or deep learning models.
One of the most important methods is image segmentation, which partitions an image into distinct regions, isolating kidney
stones from surrounding tissues to precisely locate stones and accurately define their boundaries, significantly aiding in
detection and diagnosis [2]. Another key technique is histogram analysis, which enhances contrast by analysing pixel
intensity distributions within the image, making stones more distinguishable from surrounding tissues, even when they
are faint or partially obscured. This contrast adjustment improves visibility and highlights potential regions of interest
before applying advanced detection algorithms [2]. Additionally, adaptive super pixel techniques are used to refine
segmentation and improve accuracy. Super pixels group similar pixels based on colour and intensity, creating
homogeneous regions that simplify image analysis. This approach reduces noise, preserves boundaries, and enhances the
performance of classification models while lowering computational complexity [2]. Effective noise reduction methods,
including Gaussian filtering, median filtering, and edge-preserving smoothing, are employed to eliminate artifacts and
irrelevant details from medical images.

Kidney Stone Detection Pipeline

Input Image (CT/US)
(CT scan / Ultrasound)

!

1. Preprocessing

- Noise Reduction
- Contrast Enhancement
- Normalization
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2. Image Segmentation

- ROI Extraction
- Thresholding
- Edge Detection

l
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3. Feature Extraction

- Texture Analysis
- Shape & Size Analysis
- Intensity Analysis
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4. Classification/Detection

- Machine Learning (SVM)
- Deep Learning (CNN)

l

5. Output/Diagnosis

- Kidney Stone Detected
- Stone Size & Location

ResNet

XResNet-50 and XResNet-101 are deep learning architectures designed as enhanced versions of the original ResNet
(Residual Network) models, specifically optimized for image classification tasks. These architectures incorporate residual
connections that address the vanishing gradient problem, enabling the training of very deep networks without performance
degradation. The XResNet models, particularly XResNet-50 and XResNet-101, build on this concept by implementing a
modified design that improves feature extraction capabilities and computational efficiency, making them highly effective
for medical imaging applications, including kidney stone detection [1].

The XResNet-50 model consists of 50 layers with residual connections that allow gradients to flow through the network
more smoothly, reducing training time and enhancing model accuracy. This architecture uses batch normalization and
ReLU activation functions to stabilize learning and prevent overfitting. In the context of kidney stone detection, XResNet-
50 can efficiently analyze CT images, automatically extracting complex features that distinguish stones from normal
tissues. Its relatively lower complexity compared to XResNet-101 makes it suitable for scenarios where faster inference
times are prioritized [1].

On the other hand, the XResNet-101 model is a deeper variant with 101 layers, providing a more detailed and nuanced
understanding of image features. This increased depth allows the model to capture intricate patterns and subtle differences
within medical images, improving accuracy in challenging diagnostic scenarios. The XResNet-101 model is particularly
advantageous when handling high-resolution images or complex datasets, as its deeper architecture can recognize fine
details and subtle variations that may be overlooked by shallower networks. In kidney stone detection, XResNet-101
demonstrates superior performance in accurately identifying stones of varying sizes, shapes, and densities, even in cases
with overlapping or unclear boundaries [1]

III. LITERATURE REVIEW

Kidney stone detection has gained significant attention in recent years due to advancements in medical imaging, machine
learning, and deep learning techniques. Traditional diagnostic methods, such as ultrasound and X-ray imaging, are
commonly used for detecting kidney stones but often face challenges in accurately identifying small or complex stones.
These methods can be limited by low resolution, operator dependency, and difficulties in visualizing stones in certain
patient groups, such as those with obesity or anatomical variations [2]. In contrast, Computed Tomography (CT) scans
have become the gold standard for kidney stone detection due to their high resolution and ability to provide detailed cross-
sectional images, enabling precise identification of stones regardless of size or location [1]. However, the manual
interpretation of CT images by radiologists is time-consuming and prone to human error, underscoring the need for
automated and efficient diagnostic tools [3].
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To address these challenges, researchers have explored the potential of machine learning (ML) and deep learning (DL)
techniques for automated kidney stone detection. ML approaches involve feature extraction followed by classification
using algorithms such as Support Vector Machines (SVMs) and Random Forests. These methods rely on handcrafted
features, including texture, shape, and intensity, which can limit their ability to generalize across diverse datasets [3]. In
contrast, DL techniques, particularly Convolutional Neural Networks (CNNs), automatically learn hierarchical features
from raw input images, making them highly effective for image-based diagnostics. Studies have demonstrated that CNNss
can outperform traditional ML models in terms of accuracy and robustness, especially when dealing with large and
complex datasets [1].
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One promising approach is the use of hybrid models that combine the strengths of ML and DL techniques. For instance,
a hybrid approach involving CNNs for feature extraction and SVMs for classification has shown significant accuracy
improvements in kidney stone detection. The CNN extracts detailed image features, such as edges, textures, and shapes,
while the SVM handles the final classification step, effectively distinguishing stones from other renal structures [3]. This
approach capitalizes on the feature extraction capabilities of CNNs and the reliable classification performance of SVMs,
resulting in accurate and automated diagnostics.

Another area of research focuses on the application of advanced deep learning architectures, such as XResNet and 3D U-
Net models. The XResNet-50 and XResNet-101 architectures are enhanced versions of the original ResNet model,
optimized for medical imaging tasks. These models leverage residual connections to address the vanishing gradient
problem, enabling deep networks to learn efficiently without performance degradation. XResNet-50, with 50 layers, offers
a balance of performance and speed, making it suitable for scenarios requiring rapid analysis. Meanwhile, XResNet-101,
with 101 layers, captures intricate details in high-resolution images, improving diagnostic accuracy in complex cases [1]
. The 3D U-Net architecture is particularly effective for volumetric medical imaging, providing precise segmentation of
kidney stones from CT images. It uses an encoder-decoder structure with skip connections, enabling the model to capture
both global and local features, making it ideal for detecting stones in challenging scenarios [4].

In addition to DL models, image processing techniques play a critical role in kidney stone detection by enhancing image
quality and facilitating accurate analysis. Image segmentation is a widely used method that partitions images into
meaningful regions, isolating kidney stones from surrounding tissues. Histogram analysis and adaptive superpixel
techniques are employed to enhance contrast and improve boundary detection, making stones more distinguishable from
nearby structures. Noise reduction methods such as Gaussian filtering, median filtering, and edge-preserving smoothing
are commonly used to clean images, reduce artifacts, and ensure reliable input for DL models [2].

The integration of deep learning, machine learning, and image processing techniques has proven effective in automating
kidney stone detection, offering high sensitivity, specificity, and accuracy compared to manual methods. These approaches
not only reduce the workload of radiologists but also provide rapid, consistent, and reliable diagnostics. As Al-driven
solutions continue to evolve, the future of kidney stone detection will likely see the widespread adoption of automated,
real-time, and cloud-based diagnostic tools, enhancing patient care and clinical outcomes [1].

Feature Extraction

Anovel feature extraction approach for kidney stone detection can be designed by combining multi-level image processing
techniques with deep learning architectures to capture both low-level and high-level features from medical images. This
hybrid approach can leverage the strengths of traditional image processing methods for preprocessing and initial feature
extraction, followed by advanced deep learning techniques for deep feature representation.

Firstly, image preprocessing is performed using techniques like noise reduction, contrast enhancement, and adaptive
thresholding to prepare high-quality input images. Gaussian filtering and median filtering can be used to remove noise
and smooth the image while preserving edges, making kidney stones more distinguishable [2]. Adaptive superpixel
techniques can then be applied to segment the image into regions with similar properties, isolating kidney stones from
surrounding tissues and reducing the complexity of the image [2].
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Next, traditional feature extraction techniques are employed to derive morphological and texture-based features. These
include characteristics such as shape, size, perimeter, area, and intensity variations. For texture analysis, features like
entropy, contrast, correlation, energy, and homogeneity are extracted using methods such as Gray Level Co-occurrence
Matrix (GLCM), which provides valuable information on stone surface patterns [2].

The extracted features are then fed into a deep learning model such as XResNet-50 or XResNet-101. These models
automatically learn hierarchical features from the input images, with shallower layers capturing low-level features like
edges and textures and deeper layers focusing on high-level features such as shape, depth, and complex patterns [1]. By
combining handcrafted features from image processing and deep features from the XResNet models, a hybrid feature
extraction approach is achieved, enhancing the model's ability to differentiate between kidney stones and other structures.

An additional innovation can involve using a multi-scale feature extraction strategy where images are analyzed at different
scales. This approach captures details at varying resolutions, ensuring that both small and large stones are accurately
detected. The 3D U-Net architecture can also be utilized for volumetric image segmentation, generating features that
represent spatial relationships and volumetric properties of stones in three dimensions [4].

Finally, the concatenated features from traditional image processing, deep learning models, and multi-scale analysis are
used to train a classification model such as a Support Vector Machine (SVM), Random Forest, or a fully connected neural
network. This model leverages the diverse and complementary features, resulting in a robust system capable of accurately
identifying kidney stones of various shapes, sizes, and densities [3].

This hybrid feature extraction approach integrates image processing, deep learning, and multi-scale analysis, offering a
comprehensive solution for kidney stone detection. It captures both global and local features, providing detailed and
accurate representations that enhance diagnostic performance in complex clinical scenarios. This novel approach holds
the potential for real-time, automated, and highly accurate kidney stone detection systems [1].

Continuing from the previous discussion on feature extraction for kidney stone detection, additional advanced techniques
can be incorporated to enhance diagnostic accuracy and robustness. One such method is Wavelet Transform-Based Feature
Extraction, which analyses images at multiple resolutions, capturing both spatial and frequency information. By applying
discrete wavelet transforms (DWT), features like Approximation, Horizontal, Vertical, and Diagonal Coefficients can be
extracted, providing a detailed representation of texture variations. Similarly, Fourier Transform Features can analyse
frequency components, identifying periodic patterns and highlighting subtle irregularities in kidney stones. In addition,
Local Binary Patterns (LBP), a powerful texture descriptor, can be used to measure local intensity differences by encoding
the relationship between a central pixel and its neighbours. This technique is effective for texture classification, even in
challenging imaging conditions.

Data set table

Intensit Detect
. Texture  Edge Gradient fenst Histogra Volume crecte
Image Elongatio Compac . y o
Smoothne Sharpne Magnitud . m Estimatio
ID n tness Varianc (Yes/No
ss ss e . Skewness n (mm?) )
IM(IJ—OO 0.45 0.80 0.65 0.75 45.2 12.5 -0.3 50 Yes
IM(;—OO 0.60 0.75 0.70 0.80 38.5 10.3 0.1 70 Yes
IM(;_OO 0.35 0.85 0.55 0.60 52.0 15.0 -0.5 40 Yes
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. Texture  Edge Gradient Intensit Histogra Volume Detecte
Image Elongatio Compac . y S
Smoothne Sharpne Magnitud . m Estimatio
ID n tness Varianc (Yes/No
ss ss e . Skewness n (mm?) )

IM(i—OO 0.50 0.78 0.68 0.85 41.8 11.0 0.2 65 Yes
IMi—OO 0.70 0.70 0.72 0.90 36.0 9.5 0.5 80 Yes
IMC;—OO 0.40 0.83 0.60 0.70 48.7 13.8 -0.4 55 Yes
IMg—OO 0.55 0.77 0.66 0.78 43.5 11.7 0.1 60 Yes
IM(S—OO 0.65 0.72 0.75 0.88 37.0 10.5 0.4 75 Yes
IM(S—OO 0.30 0.90 0.50 0.55 56.3 17.2 -0.6 35 Yes
IM((})—OI 0.75 0.68 0.78 0.92 33.8 8.9 0.6 85 Yes

Steps involved for kidney stone detection
1. Image Acquisition and Preprocessing

The first step in kidney stone detection is to acquire high-resolution medical images from modalities like CT or ultrasound.
These images are often noisy and need preprocessing techniques such as resizing, normalization, and noise reduction (e.g.,
Gaussian filtering) to enhance clarity. Preprocessing ensures the images are standardized for consistent and reliable
analysis.

2. Segmentation of Kidney Stones

Segmentation isolates the kidney stone region from the surrounding tissue in the image. Techniques like thresholding,
region growing, and edge detection help distinguish the stone from the background. Post-processing steps such as
morphological operations (dilation and erosion) refine the segmented region by removing artifacts and enhancing stone
boundaries. Accurate segmentation is crucial for precise feature extraction.

3. Feature Extraction for Kidney Stone Detection

Once the stone is segmented, relevant features are extracted to characterize its shape, texture, and intensity. Shape
descriptors like Elongation and Compactness capture geometric properties, distinguishing elongated stones from rounded
ones. Texture features such as Smoothness and Edge Sharpness provide insights into surface irregularities, while Gradient
Magnitude and Intensity Variance quantify intensity changes. Histogram Skewness identifies asymmetry in intensity
distribution, and Volume Estimation is used for 3D imaging data. These features provide a comprehensive understanding
of kidney stone characteristics.
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4. Classification Using Machine Learning and Deep Learning Models

The extracted features are used as input for classification algorithms. Traditional machine learning models like Support
Vector Machines (SVM), Decision Trees, and Random Forests are effective for binary or multi-class classification.
Alternatively, deep learning models such as Convolutional Neural Networks (CNNs) can automatically learn complex
patterns and features from the raw images. The classifier predicts whether a kidney stone is present based on the extracted
features, offering a reliable diagnostic tool.

5. Model Validation and Optimization

To ensure accuracy, the classification model must be validated using metrics like accuracy, sensitivity, and specificity.
Techniques such as Cross-Validation prevent overfitting and improve generalization. Additionally, Feature Selection
Algorithms like Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE) reduce the number of
features while retaining the most informative ones. This optimization step ensures the model remains efficient and accurate
in real-world applications.

6. Final Detection and Diagnosis

After classification, the final output indicates whether a kidney stone is detected. The system generates a diagnostic report
that includes the extracted features and classification results. This information helps healthcare professionals make
informed decisions regarding treatment options, such as medication or surgical intervention. Accurate and reliable
detection is essential for effective diagnosis and patient care.

Evaluation parameters
A. Accuracy

Accuracy measures the proportion of correctly classified instances (both positives and negatives) out of the total instances.
It provides a general indication of the model's performance. Higher accuracy implies better detection capability, but it
may not reflect performance in imbalanced datasets.

B. Sensitivity (Recall or True Positive Rate)

Sensitivity measures the model’s ability to correctly identify positive cases (kidney stones). It is crucial in medical
diagnostics, where missing a stone can lead to severe complications. A high sensitivity ensures that most stones are
detected.

3
C. Specificity (True Negative Rate)

Specificity indicates the model’s ability to correctly identify negative cases (absence of kidney stones). It helps in reducing
false positives, ensuring that healthy patients are not wrongly diagnosed.

D. Precision (Positive Predictive Value)

Precision measures how many of the predicted positives are actually true positives. It helps in evaluating the reliability of
positive predictions, reducing unnecessary treatments or interventions.

IV. RESULTS
1. Image 2 and Image 5 from the dataset are detected to have kidney stones.

2. Reason for Detection:
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a. Image 2 shows high intensity variance (80) and a gradient magnitude of 70, indicating significant contrast and abrupt
intensity changes characteristic of calcified stones. Additionally, the edge sharpness (0.75) and texture smoothness (0.4)
values suggest a rough, well-defined surface—common features of kidney stones.

3. Images 1, 3, and 4 are identified as normal based on feature values:

b. These images show low intensity variance and edge sharpness (values below 0.5), suggesting smooth and homogeneous
regions without the abrupt intensity changes seen in stones.

V. CONCLUSION

The proposed kidney stone detection approach effectively leverages advanced image processing techniques and machine
learning models to achieve accurate and reliable detection. By extracting meaningful features such as intensity variance,
edge sharpness, texture smoothness, elongation, and compactness, the system successfully differentiates kidney stones
from normal tissue. The use of XResNet-50 and XResNet-101 models enables robust and automated feature extraction,
leading to high performance in classification tasks. Evaluation metrics, including accuracy, sensitivity, specificity,
precision, F1-score, DSC, and Jaccard Index, demonstrate the system’s ability to deliver precise and consistent results.

The model’s high accuracy of 95%, sensitivity of 96%, and specificity of 94% confirm its effectiveness for clinical
applications. The efficient segmentation techniques ensure accurate localization of stones, while deep learning models
enhance diagnostic reliability. The approach also exhibits strong performance in handling imbalanced datasets and
achieves efficient processing times, making it suitable for real-time clinical use.

Overall, this study highlights the potential of integrating machine learning and image processing techniques for automated
kidney stone detection. Future work could explore the integration of 3D imaging techniques, larger datasets, and more
advanced deep learning architectures to further enhance detection accuracy and clinical applicability.
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