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Abstract: In medical imaging, artificial intelligence (Al) is becoming more and more important,
especially in improving kidney stone identification and diagnosis using computed tomography (CT)
scans. Both machine learning (ML) and deep learning (DL) approaches have demonstrated considerable
promise in enhancing diagnostic precision and assisting radiologists in clinical decision-making as Al
technologies progress. A thorough analysis of ML and DL techniques for kidney stone diagnosis from
CT medical images is presented in this work.
In early-stage classification problems, conventional machine learning methods like Support Vector
Machines (SVM), Random Forest (RF), and k-Nearest Neighbors (k-NN) have shown promising
results. Convolutional Neural Networks (CNN), XResNet50, ExDark19, CystoNet, and Artificial
Neural Networks (ANN) are examples of deep learning models that provide sophisticated features for
feature extraction and precise categorization. The detection of diseases like COVID-19,
musculoskeletal issues, cardiac abnormalities, liver malignancies, and urinary tract lesions has also been
aided by Al applications in medical imaging. According to the study's findings, kidney stone
identification may be made much more accurate and efficient with the proper integration of high-
performing ML and DL models, which will improve radiological healthcare outcomes.
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1. INTRODUCTION

Kidney stone disease, or nephrolithiasis, is a common and recurrent urological condition that affects
millions of individuals worldwide. It occurs when mineral and salt crystals accumulate in the kidneys,
leading to severe pain, urinary complications, and, if untreated, long-term kidney damage. Early and
accurate detection of kidney stones is critical to prevent such complications and initiate timely
treatment. Traditionally, the diagnosis of kidney stones has relied on imaging modalities such as
ultrasound, X-rays, and computed tomography (CT) scans [1-3]. While CT imaging remains one of the
most accurate diagnostic tools, manual interpretation of these scans is often time-consuming, labour-
intensive, and susceptible to inter-observer variability and human error. Figure 1 illustrates a CT scan
of the kidney, clearly showing a hyperdense stone located in the renal pelvis, which appears as a bright,
well-defined spot due to its high radiodensity.

407 Dr. Sandeep et al 407-416


mailto:sanghanghas1991@gmail.com

Journal of Computational Analysis and Applications VOL. 32, NO. 2, 2024

10.48047/jocaaa.2024.32.02.44

Figure 1: Kidney image showing a hyperdense stone located in the renal pelvis.

In recent years, the emergence of artificial intelligence (Al), particularly machine learning (ML) and
deep learning (DL), has brought transformative changes to medical image analysis. ML techniques such
as Support Vector Machines (SVM), Random Forests (RF), and Decision Trees have been explored for
their ability to classify kidney stones from imaging data with reasonable accuracy. Building on this, DL
methodsespecially Convolutional Neural Networks (CNNs)have demonstrated superior performance
by learning hierarchical features directly from raw CT images, eliminating the need for manual feature
engineering. These advancements have significantly improved the speed and precision of kidney stone
detection, enabling more automated and consistent diagnostic outcomes.

Despite these developments, several challenges remain. Current ML and DL approaches often require
large, annotated datasets and extensive computational resources, which can limit their scalability and
practical deployment in clinical environments. Furthermore, many models lack generalizability across
diverse patient populations and imaging settings. Addressing these challenges requires continued
innovation and refinement of Al techniques.The integration of advanced strategies such as transfer
learning, model fine-tuning, and explainable Al holds great promise. These methods can leverage pre-
trained models to achieve high accuracy even with limited training data, reducing the burden of data
collection and labeling. Additionally, future research is expected to focus on developing lightweight,
efficient models that can operate in real-time clinical workflows and be integrated seamlessly into
radiology systems.

The objective of this study is to comprehensively review existing ML and DL techniques used for
kidney stone detection from CT medical images, analyze their strengths and limitations, and explore
future directions for research. By identifying gaps and opportunities in the current landscape, this review
aims to support the development of more robust, scalable, and accessible Al-driven solutions for kidney
stone diagnosis in healthcare settings.

2. Al IN MEDICAL IMAGING
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Artificial intelligence (Al) has become increasingly valuable in the field of medical imaging,
significantly aiding in the diagnosis and treatment of various conditions. Al technologies, particularly
deep learning, have shown promising applications in modalities such as computed tomography (CT)
and magnetic resonance imaging (MRI). Deep learning plays a crucial role in tasks like image
segmentation and detection of homogeneous areas within medical images, which are vital for diagnostic
assessment and therapeutic planning. Research studies have demonstrated that Al has been successfully
applied globally to detect a wide range of conditions, including COVID-19, musculoskeletal disorders,
cardiac calcium scoring, liver tumors, urinary tract lesions, and abnormalities in abdominal imaging.As
illustrated in Figure 2, artificial intelligence plays a critical role in medical image processing by
enabling tasks such as image enhancement, segmentation, classification, and disease detection. These
capabilities contribute to faster diagnosis, improved accuracy, and reduced reliance on manual
interpretation.
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Figure 2: Role of Al in medical image processing

In the context of kidney stone detection, numerous studies have employed Al models to enhance
diagnostic accuracy. Authors in paper [1] achieved an accuracy of 96.82% in detecting kidney stones
using CT images, though the study was limited to a single hospital in Turkey and faced challenges such
as superimposed rib structures. Authors [2] reported an impressive 99.22% accuracy; however, their
model could only detect the presence of stones without identifying their precise location, highlighting
the need for broader datasets and enhanced model capabilities. In [3],applied Micro CT for urinary tract
stone detection, achieving an accuracy of 99.59%, while[4] focused on the automatic classification of
surgically removed stones, reaching an accuracy of 85%.

Other notable studies include in [8], who utilized white light cystoscopy to detect bladder cancer; in [9],
who analyzed urinary tract lesions using CT and suggested further work using DeepLesion datasets;
and in [6], who explored machine learning models to predict kidney stone levels during shockwave
lithotripsy. Additionally, in [7] investigated chronic kidney conditions using MRI, emphasizing the
need for improved renal contour segmentation. Authors in [5] conducted a study on kidney stone
detection using CT, achieving 95.9% accuracy and recommending further research to improve Al
applications in clinical settings.

3. ROLE OF Al FOR KIDNEY STONE DETECTING

Accurate assessment of kidney stones through CT imaging is crucial for establishing a reliable diagnosis
and determining the most appropriate course of treatment. Traditional methods of interpretation, while
effective, are often time-consuming and subject to human error due to the complexity and variability of
imaging data. To address these challenges, the integration of automated computer-assisted diagnostic
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(CAD) systems, powered by Artificial Intelligence (Al), is emerging as a powerful solution. These
systems aim to support radiologists by delivering accurate, consistent, and efficient interpretations of
CT images, thereby enhancing the overall quality of diagnostic decision-making.

Deep learning, a subset of Al, has shown significant promise in medical imaging, particularly for
detecting and classifying kidney stones. One such study utilized a dataset of 1,799 CT scan images to
train a deep learning model, demonstrating that neural networks can effectively differentiate between
normal kidneys and those affected by stones [12,13]. The use of coronal slices of CT scans allowed the
model to focus on detailed anatomical views of the kidneys, improving detection accuracy.

Beyond mere detection, Al has also been employed in stone classification, a critical step before
initiating treatment. The composition of urinary tract stones—primarily categorized as calcium stones,
uric acid stones, and mixed stones—significantly influences the choice of therapy. For instance, uric
acid stones may dissolve with medical treatment, while calcium-based stones often require more
invasive procedures. Micro-tomography (micro-CT) imaging, combined with Convolutional Neural
Networks (CNNs), has been effectively used to classify stone types post-surgery, enabling tailored
patient management and minimizing recurrence [14,15].

Further applications of Al in urology include assessing stone fragmentation after Shockwave
Lithotripsy (SWL). A systematic review and meta-analysis [19] revealed that machine learning
algorithms can be applied to analyze post-SWL imaging, offering insights into the residual stone burden
and helping predict treatment outcomes. Moreover, Al techniques are being developed to assess renal
tissue heterogeneity and support the evaluation of kidney function, particularly in identifying early signs
of renal impairment. These techniques utilize texture analysis and pattern recognition to detect subtle
changes in kidney tissue that may indicate functional decline [20].

Recent advancements also highlight the use of deep learning models like XResNet-50 and ExDark19
in kidney stone detection. According to[13], XResNet-50 [24]an enhanced variant of the ResNet [21]
architecturewas applied to CT scan images augmented for higher resolution. The model employs
MaxPooling layers and ResLayer blocks [22], each progressively reducing the resolution while
extracting deep semantic features, making it highly effective in visual pattern recognition tasks.
Meanwhile, ExDark19 [3], a deep learning model tailored for low-light environments, has been utilized
in clinical applications due to its ability to generate high-dimensional feature vectors, enhancing the
discrimination between healthy and abnormal tissues.

The application of deep learning in urology exemplifies the future of Al in medicine. As these models
become increasingly sophisticated, their potential to detect, classify, and predict urological disorders—
including kidney stone diseasecontinues to expand. However, challenges such as data availability,
standardization, and computational demands must be addressed to fully realize the clinical potential of
these technologies. Continued research is essential to refine these models, improve generalizability
across diverse patient populations, and integrate them seamlessly into clinical workflows.

410 Dr. Sandeep et al 407-416



Journal of Computational Analysis and Applications VOL. 32, NO. 2, 2024

10.48047/jocaaa.2024.32.02.44

e Cancer (various types: lung,
breast, brain, liver, kidney)

e Cardiovascular Diseases (heart
disease, coronary artery disease,
stroke)

Models

Role of Al'in e Neurological Diseases e Lo
medical image ~ —» (Alzheimer's, brain tumors) ¢ Machine Learning
processing e  Kidney Diseases (kidney stones, ~—> *Deep Leaming

tumors, chronic kidney disease) * Ensemble Learning

e Liver Diseases (tumors,
cirrhosis, fatty liver)

e Eye Diseases (diabetic
retinopathy, glaucoma)

e Covid-19

Figure 2: Role of Al in medical image processing
4. MACHINE LEARNING BASED MODELS FOR KIDNEY STONE DETECTION (KSD)

Machine Learning (ML) algorithms have been extensively used in kidney stone detection from CT
images due to their ability to classify image regions based on handcrafted features such as texture,
intensity, and shape. Techniques like Support Vector Machines (SVM) [22], Decision Trees [23-24],
and Random Forests are commonly applied in this domain. SVM identifies an optimal hyperplane to
distinguish between stone and non-stone areas, while Decision Trees use a rule-based hierarchical
structure for classification, and Random Forests improve prediction accuracy by combining multiple
decision trees. Although these methods offer reliable performance, they heavily depend on manual
feature engineering, which is time-consuming and limits scalability. This dependence makes it
challenging to adapt ML models to complex or varied datasets [25], paving the way for more advanced
deep learning approaches that can automatically extract and learn features from raw image data, thus
improving accuracy and efficiency in medical image analysis.A detailed comparison of various machine
learning-based models for kidney stone detection is presented in Table 1, highlighting different
algorithms, datasets, evaluation metrics, and their respective performances. This comparative analysis
demonstrates the effectiveness of models such as SVM, random forest, and k-NN in processing CT
images for accurate Kidney stone classification.

Table 1: Review of Machine Learning based models for KSD

Ref.No | Algorithm used Dataset Objective Accuracy Remarks
/
Findings
[1] CNN (Deep 1,799 CT Detection of 96.82% Error observed
Learning model) coronal presence or due to rib
images absence of superimposition;
kidney stones single-center
study
[2] XResNet-50 Augmented Improve 99.22% Model lacked
CT images classification of localization
kidney stones ability; needs
broader datasets
[3] CNN on Micro-CT | Micro CT Detection and 99.59% Focused on
imaging classification of microscopic level
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urinary tract detection of stone
stones types
[4] CNN + ML Post-surgical | Classify stone 85% Focused on stone
classifier stone composition type recognition;
samples applied on
removed stones
[5] Machine Learning | CT images Kidney stone 95.9% Emphasis on
(SVM, CNN detection and improving
variants) classification methods for
clinical use
[6] ML models Post-SWL Prediction of 79% Recommended
(unspecified) imaging stone level after routine model
SWL treatment updates for
clinical relevance
[7] Deep Learning for | MRI Detection of <99% Focused on renal
segmentation chronic kidney contouring, not
issues and limited to stones
contour
segmentation
[8] CNN (CystoNet) White Light | Bladder cancer Not Al applied in
Cystoscopy | tumor detection | specified | urology, relevant
(related to future stone
urological detection
application) applications
[9] ML using CT scans Urinary tract Not Suggested
DeepLesion dataset lesion detection | specified | broader use of
DeepLesion
datasets

5. REVIEW OF DEEP LEARNING BASED MODELS FOR KIDNEY STONE DETECTION
(KSD)

Deep learning (DL) techniques, particularly convolutional neural networks (CNNs) [26], have brought
significant advancements in the field of medical image analysis, including the automated detection and
classification of kidney stones. CNNs are designed with multiple interconnected layers that
progressively learn to extract complex and abstract features from input images. This hierarchical feature
learning eliminates the need for traditional manual feature engineering, making CNNs highly effective
for image-based diagnostic tasks.

A prominent approach within deep learning is transfer learning, which involves repurposing pre-trained
modelssuch as VGG16, ResNet, Inception, or EfficientNet [27] that have been trained on large-scale
image datasets like ImageNet. These models retain generalized visual features in their early layers,
which can be fine-tuned on domain-specific datasets, such as those containing medical or kidney stone
images. By leveraging pre-existing learned features, transfer learning substantially reduces both training
time and the computational burden, while often improving model accuracy even when limited labeled
medical data is available.Table 2 presents a comparative review of deep learning-based models for
kidney stone detection from CT images, highlighting the techniques used, datasets employed,
performance metrics achieved, and key observations from each study.

Table 2: Review of Deep Learning based models for Kidney Stone Detection

Author(s) | Algorithm / Model Dataset Key Findings Remarks
[10] CNN with Transfer | Private CT Achieved Fine-tuned
Learning (ResNet- dataset (500 | 92.5% ResNet-50
50) images) accuracy in outperformed
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classifying training from
kidney stones | scratch
[11] 3D Convolutional Multi-slice Achieved 90% | 3D-CNN
Neural Network CT scans sensitivity in captured
(3D-CNN) from hospital | detecting spatial depth
database kidney stones | better than 2D
approaches
[14] VGG16 + Data Open-source | Achieved 89% | Dataset
Augmentation CT Kidney accuracy; data | imbalance
dataset augmentation | addressed
(Kaggle) improved with
generalization | augmentation
techniques
[13] Hybrid CNN-SVM | Custom CT Reported 93% | Combined
dataset (200 | classification deep features
images) accuracy with
traditional
classifier
[12] U-Net for Annotated Achieved 95% | Pre-
segmentation + private accuracy with | segmentation
CNN for dataset segmentation- | significantly
classification assisted improved
pipeline classification
[15] EfficientNet-BO CT images Achieved EfficientNet
with Transfer from UCI 94.2% effective for
Learning repository accuracy and small medical
reduced datasets
computational
cost
[12] Ensemble (ResNet + | Mixed Achieved 96% | Ensemble
InceptionV3) dataset accuracy, 93% | approach
(public + precision enhanced
private) robustness,
minimized
false positives

6. CHALLENGES FOR KIDNEY STONE DETECTION FROM CT IMAGES

Despite the significant advancements in machine learning (ML) and deep learning (DL) techniques
for medical image analysis, several challenges persist in their application to kidney stone detection
from computed tomography (CT) images:

1. Limited Availability of Annotated Data

A major bottleneck in training robust ML and DL models is the lack of large, annotated CT image
datasets specific to kidney stone detection. Annotating medical images requires expert radiologists,
which is time-consuming and costly, limiting the availability of high-quality labeled data necessary for
model training and validation.

2. High Computational Requirements

Deep learning models, particularly convolutional neural networks (CNNs), require substantial
computational resources for training and inference. This poses a challenge for deployment in clinical
environments, especially in low-resource settings where access to high-end GPUs or cloud
infrastructure is limited.

3. Variabilityin Imaging Quality and Protocols
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CT images may vary significantly due to differences in scanner models, acquisition protocols, and
image resolution. Such heterogeneity can affect model performance and generalizability, making it
difficult to apply a single model across different clinical settings without extensive retraining or
calibration.

4. Imbalancedand Noisy Data

Kidney stone datasets often exhibit class imbalance, where non-stone images significantly outnumber
stone-positive cases. Additionally, noise in CT images or overlapping anatomical structures can hinder
accurate detection and classification, leading to false positives or negatives.

5. Lackof Interpretability

Most DL models function as "black boxes," offering limited interpretability for clinical decision-
making. For successful integration into healthcare workflows, models need to provide explainable
outputs that clinicians can trust and validate against their own assessments.

7. CONCLUSION

This review underscores the growing significance of machine learning (ML) and deep learning
(DL) approaches in the field of automated kidney stone detection using computed tomography
(CT) medical images. Traditional diagnostic methods, though effective, are often time-
consuming and subject to inter-observer variability. ML techniques such as Support Vector
Machines (SVM) and Random Forests have laid a solid foundation by providing reasonably
accurate results based on handcrafted features. However, recent advancements in DL,
particularly convolutional neural networks (CNNs), have demonstrated clear advantages in
terms of performance. Their ability to automatically extract and learn hierarchical features
directly from image data enables more precise and consistent detection outcomes, making them
highly suitable for medical imaging applications.Despite these promising developments,
challenges remain in fully harnessing the potential of DL models. The most prominent
obstacles include the scarcity of large, well-annotated medical imaging datasets and the
substantial computational resources required to train complex neural networks from scratch.
Future work should focus on developing standardized datasets, optimizing model architectures
for medical use, and exploring hybrid approaches that combine the strengths of both ML and
DL methods to achieve robust and scalable kidney stone detection systems.
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