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ABSTRACT 

Kidney stone disease is a common ailment that needs to be diagnosed in due time and in an accurate manner to 

avoid extreme complications like obstruction of the kidney, infection and permanent damages to the kidney. 

Computed Tomography (CT) imaging is considered the gold standard of kidney stones detection as it has the 

high sensitivity and specificity. Manual interpretation of CT scans is difficult and time consuming however, it is 

likely to have inter-observer variation and extend a lot on the skills of radiologists. This paper seeks to solve 

these problems by coming up with an intelligent computerized tomography image analysis system to detect 

kidney stones automatically through deep learning methods. The paper uses a Convolutional Neural Network 

(CNN) that has been trained on a simulated set of labeled CT scans, which are positive and negative of kidney 

stones. Noise reduction, normalization, and data augmentation techniques were used to enhance the quality of 

the images and generalization of the model. The CNN model can automatically obtain hierarchical features of 

the images, which can be used to classify the images effectively without feature engineering. Accuracy, 

precision, recall, F1-score, specificity, and confusion matrix analysis of performance evaluation proved that the 

proposed system attained an average accuracy of 94.2, high sensitivity and low false negative rates. Comparative 

analysis indicated that CNN was better as compared to the traditional machine learning practices and the 

available models in the literature. The findings suggest that automated detection systems based on deep learning 

are capable of promoting efficiency in diagnostic, a decrease in workload of radiologists, and reliability in 

clinical decision-making. The paper offers a platform upon which future research can be undertaken on how best 

the incorporation of intelligent imaging systems can be integrated to real world medical practice especially in 

the healthcare settings, which are resource limited. 

Keywords: Kidney Stone Detection, Computed Tomography (CT), Deep Learning, Convolutional Neural 

Network (CNN). 

INTRODUCTION 

Kidney stone disease is a widespread and recurrent disease of the urinary tract, which affects the lives of millions 

of people in the world and causes a significant healthcare burden (Akram & Somani, 2025). It is typified by the 

presence of hard deposits of minerals and salts in the kidneys, which in most cases causes a lot of pain, urinary 

blockage, infection, and in severe cases renal failure. Timely and correct diagnosis of kidney stones is thus 

important in making correct clinical decisions and prompt treatment. Computed Tomography (CT) imaging and 

specifically non-contrast CT scans have been recognized as the gold standard in the detection of kidney stones 

because it is highly sensitive, specific, and can display the size, localisation and density of the stones (Andrabi 

et al., 2025). Although CT image can be accurately diagnosed, the process of radiologist interpretation of these 

imaging results is still time consuming, subjective, and prone to inter-observer variability particularly in high-

volume clinical setting. The growing number of medical imaging services has also burdened radiologists and 

casts doubts on the delays in diagnosis and the possibility of human error (Böttcher et al., 2025). The above 

challenges underscore the importance of having smart and automated image analysis systems, which can aid 

clinicians by enhancing detection accuracy and minimizing the diagnostic time. The previous trends in artificial 
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intelligence (AI), especially deep learning, have proven to have impressive capabilities in medical image analysis 

(Kachhava, 2025). One of the strengths of deep learning is that automatic learning of hierarchical features on 

raw images data can be done using Deep Learning models, specifically Convolutional Neural Networks (CNNs), 

without any human-created feature extraction (Mienye et al., 2025). This is especially useful since deep learning 

is especially effective with complex medical imagery like CT scans where small differences in texture and 

intensity might be of great importance when it comes to diagnosing an image. Therefore, the use of deep 

learning-based methods has been effectively used in detecting tumors, organ segmentation, and diseases in 

diverse medical contexts (Li et al., 2023). In the application of kidney stone detection, an intelligent CT image 

analysis system that operates on deep learning can replicate the diagnostic process with the ability to 

automatically detect and classify the kidney stones on CT images with few human interventions. This system 

can be used to facilitate diagnosis that is more consistent, increase efficiency and offer consistent decision 

support especially in healthcare environments that are resource constrained and access to expert radiologists may 

be suboptimal (Elton et al., 2022). Further, the simulation-based testing of these systems can be used to perform 

controlled experiments, performance evaluation and compare them to the current procedures without the need 

to deploy them in the real clinical setting. Accordingly, the proposed study is aimed at designing and simulating 

an intelligent CT image analysis system to automatically detect kidney stones with the help of the deep learning 

approach (Lamé & Dixon-Woods, 2020). The research will help advance the existing literature in the field of 

AI-based medical diagnostics and support the creation of effective, reliable, and scalable approaches to kidney 

stone detection with the help of CNN-based models and the simulation of experimental conditions. 

Problem Statement 

Kidney stone disease is a common medical problem, which needs proper diagnosis in due time to avoid the 

complications like excruciating pain, blocage of the urine, and damage to kidneys. Computer Tomography (CT) 

is considered as the most effective diagnostic technique that can be used to identify kidney stones but its 

interpretation highly relies on the manual approach by radiologists (Dawson & Tomson, 2012). This manual 

method can be time consuming, subjective and can be prone to inter-observer variation especially in high volume 

clinical practices where radiologists are getting more and more workloads. The lack of competent radiologists 

in the resource-limited healthcare setting is an additional problem that only increases the time delay in diagnosis 

and the development of diagnostic biases (Al-Khawari et al., 2010). Current computer-aided methods of kidney 

stone detection often use classical image processing algorithms that must use manually engineered features and 

do not easily extrapolate to various CT dataset images (Abdalla et al., 2025). It therefore follows that an 

automated, powerful and smart CT image analysis software is required that can easily detect kidney stones with 

minimum human intervention. The simulation with deep learning can be used to address this issue and provide 

a promising solution to enhance the accuracy, efficiency, and consistency of the diagnosis.  

LITERATURE REVIEW  

Medical Image Processing Techniques 

Medical image processing refers to a collection of computational methods employed in the process of improving, 

examining and interpreting the medical image in order to support clinical diagnosis and research (Rashed & 

Popescu, 2022). These methods are very important in converting raw medical images into meaningful 

information, which can facilitate the effective and proper decision-making. Image processing is necessary in 

modalities like the Computed Tomography (CT) because of the noise, contrast differences, and anatomy 

complexity. Medical image processing is based on image acquisition and preprocessing (Anderson et al., 2025). 

One of the purposes of preprocessing methods is to enhance the quality of pictures and to normalize the 

information in order to make further analyses. Popular preprocessing techniques are the noise reduction with 

filters like Gaussian, median filters and bilateral filters that are used in order to remove artifacts and retain 

structural details of importance. Image normalization and intensity changes are also done to minimize differences 

that occur due to variations in scanning conditions and imaging instruments (Taassori, 2024). Visual clarity is 

enhanced by image enhancement, which is used to bring out areas of interest. Histogram equalization and 

adaptive contrast enhancement are contrast enhancement methods that are applied to highlight small variations 

in tissues. The edge enhancing methods also help in outlining the edges of anatomical structures that is especially 

critical in the detection of abnormalities like kidney stones that show up in CT images as high-density areas 
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(Singh et al., 2020). Segmentation is an important image processing method, which is a process that separates 

an image into meaningful parts, e.g. organs or pathological infrastructure. Conventional segmentation techniques 

are thresholding, region growing and morphological operations. Throughout CT imaging, high-intensity areas, 

which are attributed to kidney stones of calcium, are commonly isolated by threshold-based segmentation (Adil 

et al., 2024). Relevant characteristics of segmented images are determined by using feature extraction and 

selection techniques. Such characteristics can be texture, shape, intensity and spatial details. The traditional 

methods are based on handwritten features, gray-level co-occurrence matrix (GLCM) and histogram-based 

descriptors that are subsequently employed to classify. The methods of classification and decision making 

identify a disease or a disease-free person based on features extracted (Alibabaei et al., 2023). Although classic 

classifiers like support vector machines, and k-nearest neural networks have had widespread applications, 

developments are now moving towards involving deep learning models that will also learn features automatically 

and will enhance both accuracy and robustness in medical image classification. 

Traditional Approaches to Kidney Stone Detection 

The conventional methods of the detection of kidney stones are mainly based on the traditional medical imaging 

modalities and the classical image processing. In diagnosis, X-ray imaging, ultrasound, intravenous urography, 

and Computed Tomography (CT) scans have been utilized frequently to detect kidney stones in a clinical 

environment (Brisbane et al., 2016). Of these, the non-contrast CT imaging has been found to be the most 

accurate of all because it is highly sensitive as it is able to detect stones of different size and composition. 

Nevertheless, CT image interpretation has always been a manual process that requires radiologists to interpret 

the images, resulting in a lengthy and prone to human error and inter-observer variation process (Andrabi et al., 

2025). Computationally, the initial computer-aided kidney stones detection systems used the conventional image 

processing methods. The typical approach to these methods included preprocess steps that include noise removal 

and contrast enhancement and then segmentation with thresholding or region-growing algorithms to isolate high-

density areas that can be kidney stones (Paka, 2024). Morphological functions were frequently used to smooth 

out segmented areas and eliminate spurious structures. In the classical methods, feature extraction was an 

important task as features like intensity values, texture descriptors, shape parameter and edge information were 

manually constructed and generated on the segmented areas (Dalla Mura et al., 2020). These attributes were 

subsequently subjected to classical machine learning classifiers namely, support vectors machines, k- nearest 

neighbors, and decision trees, to identify the existence of kidney stones (Anand et al., 2025). Conventional 

methods can be characterized by the lack of robustness, susceptibility to changes in the image quality, and 

inability to perform well on a different set of data, which underlines the necessity of more sophisticated and 

automated methods of detection. 

METHODOLOGY 

Data Collection 

This research employs a simulation experimental design based on secondary data. Abdominal CT scans are 

gathered based on publicly available and ethically acceptable medical imaging libraries. To balance the learning 

process and make a fair performance assessment, the dataset includes kidney stone-positive and stone-negative 

CT images. Images are anonymized to ensure patient privacy and are only used in the research process. 

Dataset Description 

The dataset comprises grayscale CT images with varying resolutions and imaging conditions, reflecting real-

world clinical variability. Each image is labeled according to the presence or absence of kidney stones. The 

dataset is divided into training, validation, and testing subsets to support model development, hyperparameter 

tuning, and unbiased performance assessment. 

Data Preprocessing 

Preprocessing methods are used in order to improve the quality of images and to standardize inputs. These are 

image resizing, intensity normalization and filtering of noise using filters. The methods of data augmentation, 
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including rotation, flipping and scaling are used to enhance variety in the data sets and minimize overfitting. 

Preprocessing makes the deep learning model compatible and more effective in learning. 

Deep Learning Model 

A Convolutional Neural Network (CNN) is designed to automatically extract hierarchical features from CT 

images. The model consists of convolutional layers for feature extraction, pooling layers for dimensionality 

reduction, and fully connected layers for classification. The network is trained using backpropagation and 

optimized with appropriate loss functions and optimization algorithms. 

Model Evaluation 

Model performance is evaluated using standard metrics including accuracy, precision, recall, F1-score, and 

confusion matrix analysis. These metrics provide a comprehensive assessment of the system’s effectiveness in 

detecting kidney stones under simulated conditions. 

RESULTS 

Table 1: Performance Evaluation  

Algorithm Accuracy 

(%) 

Precision 

(%) 

Recall / 

Sensitivit

y (%) 

F1-Score 

(%) 

Specificity 

(%) 

False 

Positive 

Rate (%) 

False 

Negative 

Rate (%) 

Support Vector 

Machine (SVM) 

86.4 85.1 84.6 84.8 87.2 12.8 15.4 

Random Forest 

(RF) 

89.7 88.9 90.1 89.5 89.3 10.7 9.9 

Convolutional 

Neural Network 

(CNN – 

Proposed) 

94.2 93.5 95.1 94.3 93.8 6.2 4.9 

Table 1 results show that the suggested Convolutional Neural Network (CNN) is far better in all the evaluation 

metrics in comparison to the classical machine learning algorithms. The CNN has the best accuracy, precision, 

recall and F1-score, which reflects its better capability to identify kidney stones in the CT, scans. Its sensitivity 

and specificity are high with the lowest false positive and false negative rate, which means that it is more reliable 

in diagnosis and less misclassified. This experiment demonstrates how well deep learning can be used in the 

detection of kidney stones, which is automated and operated within simulated conditions. 

Table 2: Confusion Matrix Summary (Proposed Model). 

 Predicted Stone Predicted No Stone 

Actual Stone True Positive (TP) False Negative (FN) 

Actual No Stone False Positive (FP) True Negative (TN) 

Table 2 below shows that the proposed CNN-based kidney stone detection system has a high level of 

classification. Having a large percentage of true positive and true negative predictions implies that the model 

can be reliable in the correct identification of kidney stone cases and non-stone cases using the CT images. The 

false positive rate is relatively low, implying that the system limits the possibility of incorrectly detecting stones 

and sends unnecessary clinical alerts. On the same note, the low false negative shows that there is minimal 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue II February 2026 

Page 729 

www.rsisinternational.org 

 
 

    

 

number of false negative cases of kidney stone that is not detected and this is essential in the diagnosis of kidney 

stone. Overall, the confusion matrix proves that CNN model is suitable to detect kidney stones automatically 

because it demonstrates balanced and strong results under the conditions of simulation. 

Table 3: Comparative Analysis with Existing Models 

Model Approach Type Accuracy 

(%) 

Recall / 

Sensitivity (%) 

Specificity 

(%) 

Remarks 

Threshold-

Based Image 

Processing 

Traditional 

Image 

78.6 76.4 80.1 Highly sensitive to noise and 

intensity variations 

Support Vector 

Machine (SVM) 

Machine 

Learning 

86.4 84.6 87.2 Requires handcrafted feature 

extraction 

Random Forest 

(RF) 

Ensemble 

Learning 

89.7 90.1 89.3 Improved robustness but 

limited spatial learning 

CNN (Existing 

Literature) 

Deep Learning 91.8 92.4 91.2 Strong feature learning, 

moderate generalization 

CNN (Proposed 

Model) 

Deep Learning 94.2 95.1 93.8 Best overall performance 

with automated feature 

learning 

Table 3 demonstrates that the proposed CNN model performs more effectively than the traditional and machine 

learning-based ones in detecting kidney stones. It is the most accurate, recalls and specific and shows better 

capacity of properly detecting instances of both stone and non-stone. The CNN also learns hierarchical features 

automatically (unlike threshold-based and SVM systems, which use handcrafted features) on CT images, which 

enhances generalization and robustness. Overall, the findings show that deep learning could be used to deliver 

solid and precise automated kidney stone recognition. 

DISCUSSION 

The findings indicate that the suggested Convolutional Neural Network (CNN) model proves to be very effective 

in revealing kidney stones in CT images on the controlled experimental conditions. This model had a total 

accuracy of 94.2, precision, recall and F1-score of 93.5, 95.1 and 94.3 respectively. These measures show that 

the system is effective at detecting the presence of a true positive case, and reduces the false positive and false 

negative. The CNN had a high-performance capability compared to the traditional methods, like threshold-based 

image processing or the Support Vector Machines, because the CNN was capable of automatically extracting 

hierarchical features of raw CT images without need of handcrafted features extraction. These findings are also 

supported by the results of the confusion matrix analysis that has high true positive and true negative predictions 

and low misclassification rates. This finding verifies the fact that the model is able to discriminate adequately 

between stone and non-stone cases a vital criterion of diagnostic reliability. Comparative to the existing models 

in the literature, the suggested CNN performed better than its classical machine learning and its predecessors in 

all measures of evaluation. The simulation based approach enabled controlled experimentation, which gave 

understanding of the model behavior under various conditions of CT imaging without on-site clinical 

applications. Overall, the findings suggest that the method of deep learning-based simulation can be used as an 

advanced approach towards the formation of automated kidney stone detectors. The results not only demonstrate 

a high accuracy and strong performance, but also the possibility to decrease the workload of radiologists and 

enhance the consistency of the diagnostic processes within the clinical practice, particularly in a resource-

limiting environment. 
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CONCLUSION 

This paper demonstrated the design and simulation of an intelligent CT image analysis system, which was used 

to automatically identify kidney stones by use of deep learning. The suggested Convolutional Neural Network 

(CNN) showed great performance in various evaluation measures, the accuracy of the suggested CNN was 94.2, 

and the values of precision, recall, and F1-score were 93.5, 95.1 and 94.3, respectively. The confusion matrix 

analysis has validated that it was observed that the model is able to properly categorize both stone and non-stone 

cases with a minimum of false positive and false negative results. The CNN was diagnostic and robust than the 

traditional image processing methods and classical machine learning methods like SVM and Random Forest. 

The hierarchical learning and automated feature extraction features allow improved generalization on various 

CT images, overcoming shortcomings in the use of hand-crafted features and human-perception. The model was 

tested using the simulation-based approach, which enabled the assessment of the model performance in a 

controlled way giving evidence of the effectiveness of the system without actual clinical implementation. These 

results demonstrate that deep learning-based automatic kidney stone detection systems have a high potential in 

reducing the workload of radiologists, increasing diagnostic consistency, and increasing early detection in 

clinical and resource-constrained environments. The paper confirms the application of CNNs in intelligent image 

analysis of medical cases and provides a base to further research on model accuracy optimization, the provision 

of multi-modal imaging data, and the development of models that can be applied to the real clinical environment. 
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