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ABSTRACT 

Background: Kidney stone disease (nephrolithiasis) is a prevalent and recurrent condition, affecting approximately 12–15% of the 

Indian population. Conventional diagnostic modalities such as computed tomography (CT), ultrasound (US), and X-ray imaging are 

widely used but have notable limitations, including radiation exposure, operator dependency, variability in interpretation, and reduced 

sensitivity for small or radiolucent stones. Objective: To evaluate the role of artificial intelligence in the detection and diagnosis of 

kidney stones across various imaging modalities and clinical applications. Methods: This narrative review evaluates recent studies on 

AI applications in nephrolithiasis, focusing on machine learning (ML) and deep learning (DL) techniques applied to imaging modalities 

(CT, US, X-ray), clinical prediction models, and advanced analytical methods such as spectroscopy and microscopy. Results: AI-based 

models significantly enhance diagnostic performance by enabling automated detection, segmentation, and characterization of kidney 

stones, achieving accuracies exceeding 90% in several studies. AI improves imaging interpretation across CT, US, and X-ray while 

reducing observer variability and enabling low-dose imaging protocols. Additionally, AI demonstrates strong predictive capabilities for 

clinical outcomes, including spontaneous stone passage, extracorporeal shock wave lithotripsy (ESWL) success, and endourological 

procedure outcomes, often outperforming traditional statistical models. AI also enables accurate identification of stone composition 

through imaging data and advanced analytical techniques, supporting personalized treatment strategies. Conclusion: Artificial 

intelligence represents a transformative advancement in kidney stone management by improving diagnostic accuracy, reducing 

variability, and facilitating personalized care. However, further large-scale validation and integration into clinical workflows are 

required to ensure widespread adoption and optimal patient outcomes. 
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idney stone disease (nephrolithiasis) is a common 

condition characterized by the formation of hard 

mineral deposits within the kidneys. If left untreated, 

it can lead to serious complications, including obstruction, 

infection, and renal damage [1]. The prevalence of kidney stone 

disease in India is estimated to be approximately 12–15%, 

affecting nearly 5–7 million individuals annually [2]. Certain 

regions, often referred to as the “stone belt” of India—including 

Uttarakhand, Maharashtra, Gujarat, and Rajasthan—show 

higher incidence rates due to factors such as climate conditions, 

dietary habits, water quality, and genetic predisposition [3]. 

The majority of kidney stones are composed of calcium oxalate 

and calcium phosphate [4].  

Despite advances in medical imaging, the detection and 

diagnosis of kidney stones remain challenging. Commonly 

used imaging modalities, including computed tomography 
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 (CT), ultrasound (US), and X-ray, have several limitations, 

such as reduced sensitivity for small or radiolucent stones, 

operator dependency, and variability in interpretation [5,6]. 

Additionally, determining the chemical composition of kidney 

stones often requires labor-intensive laboratory techniques, 

such as Fourier transform infrared spectroscopy (FTIR), which 

are time-consuming and prone to human error [7]. Artificial 

intelligence (AI) has emerged as a promising solution to 

address these challenges. AI techniques, particularly machine 

learning (ML) and deep learning (DL), have demonstrated high 

accuracy in analyzing medical images and identifying kidney 

stones with improved precision. These technologies also enable 

automated assessment of stone characteristics and prediction of 

clinical outcomes based on patient data. This review aims to 

evaluate the role of artificial  
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intelligence in enhancing the detection, diagnosis, and 

management of kidney stones. 

CURRENT DIAGNOSTIC METHODS AND 

LIMITATION 

Computed Tomography (CT) 

Computed Tomography (CT) has emerged as the gold-standard 

imaging technique in the detection of kidney stones [8]. 

Notably, this scan has high sensitivity and specificity rates in 

the detection of kidney stones. While it is effective and has 

many advantages for detecting kidney stones, this modality also 

has certain drawbacks [9,10]. 

Advantages of CT in Kidney Stone Diagnosis 

Non-contrast CT scans are very sensitive in diagnosing kidney 

stones since they identify them with a sensitivity rate of around 

95%–98% and specificity exceeding 98% [11-13]. They are 

beneficial as they enable clinicians to make an instant 

assessment of stone-related problems since they provide a fast-

diagnostic result in emergency cases [14]. Moreover, this 

scanning is helpful because it allows for the assessment of the 

whole anatomy of the urinary system, which makes it very 

useful when surgery becomes necessary [15,16]. Finally, CT 

scans are beneficial since they can diagnose other diseases with 

similar symptoms, such as appendicitis or diverticulitis [17]. 

Ultrasound (US)  

It has been demonstrated that ultrasound (US) plays a crucial 

role in nephrolithiasis diagnosis and management [22]. Despite 

its various benefits, there are several disadvantages to using 

ultrasound in diagnosing and managing kidney stones. 

Advantages of Ultrasound in Kidney Stone Management 

Ultrasound (US) can prove to be quite beneficial in comparison 

with other methods of imaging, e.g., computed tomography 

(CT). One of its main advantages is being free from radiation, 

which allows using it repeatedly without harm to the patient's 

health. In addition to being free from radiation, it is also more 

economical, thus saving costs associated with treatment [23]. 

Finally, the wide spread of ultrasound makes it more accessible 

for patients due to its presence in many clinics [24]. 

X-rays for Kidney Stones 

X-ray imaging, including the kidney-ureter-bladder (KUB) X-

ray examination, has long been used to diagnose kidney stones 

[29]. Although this possesses have several benefits, low 

sensitivity and specificity must be considered while employing 

it clinically. 

Advantages of X-rays in Kidney Stone Diagnosis 

The use of X-ray imaging allows achieving several important 

benefits in the evaluation of nephrolithiasis patients. It is a non-

invasive procedure; no contrast agents or injections are 

required. Moreover, the examination is performed quickly, 

allowing to diagnose stones rapidly and make decisions 

concerning further actions. Finally, X-rays are relatively cheap 

compared to other imaging procedures, such as CT or MRI. 

KUB X-rays also allow to monitor known kidney stones and 

evaluate their size, quantity, and growth dynamics [30]. 

Limitations 

Computed Tomography (CT): Even though CT scanning has 

many benefits when used for diagnosing kidney stones, it still 

has certain disadvantages that should be mentioned. First, it 

exposes patients to ionizing radiation that may cause cancer in 

the future if that procedure was done repetitively [18]. Second, 

it is very expensive when compared to other imaging modalities 

like ultrasound or conventional radiography [19]. Third, it leads 

to overdiagnosis, i.e., the detection of clinically insignificant 

stones and subsequent treatment [20]. Fourth, although rare, 

there is a possibility of failing to identify extremely small (<3 

mm) stones due to their size or location [21]. 

Ultrasound: There are numerous disadvantages associated 

with the use of US in the management of nephrolithiasis [25]. 

First, ultrasound tends to overestimate the stone size in 

comparison with CT, which is 1.9 mm on average. Moreover, 

there are significant differences between the sizes of stones 

detected by CT and US; they tend to be bigger in the latter case 

[26]. The sensitivity of US for detecting ureteric and renal 

stones is 45% and 94% and 88%, respectively, resulting in the 

high rate of false-negative results, especially concerning small 

and difficult-to-localize stones [27]. In addition, the accuracy 

of US depends not only on patient-specific factors, but also the 

observer, who conducts a study, and technical problems, like 

acoustic shadows in the case of mid/distal ureteral stones [28]. 

X-rays: However, KUB X-rays have several disadvantages 

associated with their usage in nephrolithiasis diagnosis. First of 

all, their sensitivity varies between 45% and 85%, with smaller 

stones (< 5 mm) usually missed due to their radiolucency. 

Secondly, stone detection is significantly affected by their 

chemical composition, with calcium stones of various types 

easily detectable because of high radiodensity, while struvite 

stones, cystine stones, and especially uric acid stones (due to 

their radiolucency) remain unobserved on X-rays [31].  

Thirdly, anatomical resolution of X-ray imaging is much 

lower compared to CT, meaning that it is hard to determine the 

structures of the urinary system or possible complications, such 

as hydronephrosis [30]. Furthermore, observer error is another 

disadvantage of X-rays, meaning that results might differ 

depending on the radiologist's level of experience [31]. 

APPLICATIONS OF AI IN KIDNEY STONE 

DETECTION 

Kidney Stones Detection with CT scan 

Artificial intelligence significantly improves the interpretation 

of CT images for kidney stone diagnosis by enabling detailed 

analysis of stone characteristics. Computed tomography 
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remains the gold standard for kidney stone detection due to its 

high sensitivity and specificity [32]. AI enhances CT imaging 

through automated detection and segmentation of kidney 

stones. Deep learning algorithms can process large volumes of 

imaging data to identify even small stones and provide detailed 

characterization [33]. These models are trained to recognize 

features indicative of stones regardless of their composition or 

location within the urinary system [34].  

In addition, AI models estimate the size and density of 

kidney stones from CT images. Stone size is an important factor 

in determining appropriate management strategies, while 

density, measured in Hounsfield units, provides insight into 

stone composition such as calcium oxalate or uric acid. Density 

measurements also help predict the success of extracorporeal 

shock wave lithotripsy (ESWL) [35]. AI further assists in 

differentiating kidney stones from other calcifications, 

including phleboliths and vascular deposits, by analyzing 

complex imaging patterns [36]. It also enables low-dose CT 

imaging by preserving image quality while reducing radiation 

exposure through advanced reconstruction techniques [37]. 

Kidney Stone Detection in X-ray Imaging 

Artificial intelligence enhances the diagnostic capability of X-

ray imaging, a widely available and cost-effective method for 

kidney stone detection. However, conventional X-ray imaging 

is limited by low sensitivity, overlapping anatomical structures, 

and variability in interpretation [38]. AI improves X-ray image 

analysis by enhancing contrast and resolution, enabling clearer 

differentiation between kidney stones and surrounding tissues. 

This is particularly useful for detecting small or faint stones 

[39]. Machine learning models analyze features such as stone 

shape, size, density, and location to identify subtle patterns that 

may not be easily visible, thereby improving detection accuracy 

[40].  

In addition, AI-based noise reduction techniques maintain 

image quality in low-dose imaging, supporting safer diagnostic 

practices and allowing repeated examinations without 

significant radiation risk [41]. It further helps classify and 

distinguish stones with the help of AI. It may separate kidney 

stone from any calcification such as phlebolith or vascular 

deposit on the basis of any unique radiological signs. This 

lowers down false positivity and makes diagnosis highly 

accurate. 

Ultrasound Diagnosis of Kidney Stones 

Artificial intelligence enhances ultrasound imaging, making it 

a more reliable tool for kidney stone diagnosis. Ultrasound is 

widely used due to its non-invasive nature and absence of 

radiation exposure, although its effectiveness is limited by 

operator dependency and variability in image quality [42]. AI 

reduces operator dependency by enabling consistent and 

automated detection of kidney stones. Machine learning 

algorithms trained on large datasets can identify stones 

accurately regardless of the operator’s experience or equipment 

used [43].  

Automated detection systems identify hyperechoic 

structures associated with kidney stones and distinguish them 

from similar artifacts such as calcifications or gas using 

advanced pattern recognition techniques [23]. AI also improves 

image processing by optimizing contrast and resolution, 

facilitating better visualization of kidney stones in challenging 

conditions such as obesity or anatomical variations [24]. 

Furthermore, AI supports real-time monitoring and tracking of 

stone movement, which may assist in assessing the risk of 

obstruction and guiding clinical decision-making [43]. It also 

enhances the detection of small or early-stage stones, enabling 

timely intervention (Table 1). 

Table 1: Studies on AI in Kidney Stone Diagnosis 

Study 
Imaging 

Modality 
AI Technique Key Findings 

Selvarani 

S, 

Rajendran 

P [44] 

Ultrasound 

Meta-Heuristic 

Support Vector 

Machine 

(SVM) 

Achieved 98.8% 

accuracy in detecting 

renal calculi from 

ultrasound images 

after noise reduction 

using an Adaptive 

Mean Median Filter. 

Jendeberg 

J, 

Thunberg 

P, Lidén M 

[45] 

CT 

Convolutional 

Neural 

Network 

(CNN) 

The CNN 

differentiated distal 

ureteral stones from 

pelvic phleboliths with 

a sensitivity of 94%, 

specificity of 90%, 

and accuracy of 92%. 

Aksakallı I, 

Kaçdıoğlu 

S, Hanay Y 

S [46] 

X-ray 

Machine 

Learning & 

Deep Learning 

Decision Tree 

Classifier achieved the 

highest F1 score rate 

of 85.3% for 

classifying kidney 

stone status in X-ray 

images. 

Kobayashi 

M et al. 

[47] 

X-ray 

Convolutional 

Neural 

Network 

(CNN) 

Developed a CAD 

model with an F score 

of 0.752; sensitivity 

was 87.2% and PPV 

was 66.2% for 

detecting urinary tract 

stones on plain X-rays. 

Parakh A 

et al. [48] 
CT 

Cascading 

Convolutional 

Neural 

Networks 

(CNN) 

Achieved an AUC of 

0.92-0.95 for stone 

detection on 

unenhanced CT scans; 

accuracy reached up to 

95% with enhanced 

generalization across 

different scanners. 

AI IN OUTCOME PREDICTION FOR MANAGEMENT 

Outcome Prediction of Conservative Management 

Many symptomatic ureteral stones require urological treatment. 

The assessment of spontaneous stone passage (SSP) represents 
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an essential problem related to outcome prediction. An accurate 

outcome prediction is very important in terms of optimal patient 

management and the avoidance of superfluous procedures. In 

their study, Cummings et al. [49] developed ANN with feed-

forward back propagation for the prediction of SSP.  

This model was characterized by an efficiency rate of 76% 

in predicting the necessity of the intervention; in addition, 

symptoms' duration was determined to be the most significant 

predictor. Dal Moro et al. [50] developed a hybrid model 

integrating logistic regression, ANN, and support vector 

machines (SVM), achieving a sensitivity of 84.5% and 

specificity of 86.9%. Stone size, duration of symptoms, and 

stone location were identified as key predictors. Park et al. [51] 

reported superior predictive performance of machine learning 

models compared to logistic regression. The machine learning 

model demonstrated higher accuracy (AUC = 0.881) than 

logistic regression (AUC = 0.817) for stones measuring 5–10 

mm. These studies underscore AI’s ability to integrate clinical 

variables for SSP prediction, improving diagnostic confidence 

and patient care. 

Prediction of Extracorporeal Shockwave Lithotripsy 

(ESWL) Outcomes 

ESWL is considered a choice non-invasive therapy for urinary 

stones, but the outcome of such therapy is hard to predict due 

to variable predictors involved. AI techniques have been proven 

to provide great potential for enhancing prediction accuracy. 

Poulakis et al. [52] have applied an ANN algorithm to predict 

lower pole stone clearance and have obtained 92% accuracy. 

The study revealed that urinary transport factors and anatomy-

related factors served as predictors.  

According to Moorthy and Krishnan [53], ANN algorithm 

for predicting fragmentation of stones with the use of CT 

images was proved to be accurate with the rate of 90%. Yang 

et al. [54] used decision tree models to predict post-

extracorporeal shock wave lithotripsy (ESWL) stone-free rates 

(SFR), reporting an accuracy of 87.9%. Median stone density 

and volume were identified as the main predictors. AI-based 

models are excellent at exploiting imaging data and patient-

specific variables to minimize variability and optimize the 

planning for ESWL. 

Predictive Potential for Outcomes in Endourological 

Procedures 

In cases of PCNL, AI is contributing significantly in predicting 

certain parameters, which include SFR, complications, and 

blood transfusions following the procedure. Aminsharifi et al. 

[55] used artificial neural networks (ANNs) to predict 

outcomes following percutaneous nephrolithotomy (PCNL), 

achieving an accuracy of over 80%. Stone size and morphology 

were identified as important predictive variables. Zhao et al. 

[56] demonstrated the superiority of artificial intelligence 

models, particularly support vector machines (SVM), in 

predicting stone-free rates (SFR) after PCNL compared to 

conventional methods, with an AUC of 0.879. Chen et al. 

(2021) employed DNN in predicting sepsis following PCNL 

and reported greater prediction efficiency compared to LASSO 

models with an AUC of 0.874 [57]. Integration of AI in 

predicting endourological outcomes will ensure personalized 

treatment planning and mitigate the risks associated with 

invasive procedures. 

AI for the Elucidation of Stone Disease Chemistry and 

Composition 

Predicting stone disease (urological stone disease), particularly 

primary or recurrent stone disease, is necessary for preventing 

stone diseases from occurring or minimizing the adverse effects 

that stone disease could bring to the kidneys. Artificial 

intelligence has been used as a means of uncovering the 

complicated interaction of various clinical and biochemical 

variables that lead to an increased tendency to develop stones. 

Association of stone disease risk with blood, urine 

chemistry, and other clinical factors 

There is a growing trend toward the application of AI 

techniques to identify key biochemical and clinical factors 

associated with stone disease. For example, studies based on 

ANNs proved that there is high risk prediction value for CaOx 

saturation level and urinary urea concentration in predicting 

stones' development among men. This result held true both for 

the patients who did and those who did not have the history of 

stone disease [58, 59]. The ensemble learning technique that 

considered 42 parameters related to clinical and biochemical 

aspects made possible 97.1% accurate predictions about the 

risk of stone disease occurrence [60]. Moreover, some studies 

employing ML algorithms highlighted risk factors for big 

kidney stones (>20 mm). These factors were high blood 

pressure, old age, low level of CaOx supersaturation, and high 

protein content in stone compositions [61].  

In addition, AI tools proved their capacity to accurately 

predict the deviation in 24-hour urine analytes that are 

necessary for stone disease. Such clinical factors as BMI, age, 

and gender could serve as predictors of this condition as well 

[62]. When it came to recurrent cases of stone disease, ANNs 

proved to predict recurrence with almost 90% accuracy by 

measuring urinary natrium, phosphorus, and CaOx levels [63]. 

Besides, ANN models incorporating genetic information 

classified patients with predisposition to stone disease with 

accuracy up to 89% [64]. One more study that worked with 

microscope images suggested that identification based on the 

use of convolution neural networks resulted in 74% higher 

success in identifying CaOx crystals in the urine sediment than 

a traditional method for predicting the formation of CaOx 

stones [65]. The efficacy of myoinositol hexakisphosphate 

analogues as a means of preventing CaOx nephropathies or 

stones was demonstrated by another study analyzing the 

crystallography of CaOx under the effect of crystallization 
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inhibitors using electron microscopy images and machine 

learning techniques [66]. 

Detection of Stone Composition by Using CT Imaging 

AI along with CT imaging helps in stone composition detection 

effectively. CT imaging gives radiographic images that allow 

AI algorithms to classify stones with a higher degree of 

accuracy. In one study, algorithms based on multiparametric 

techniques, which are fed with CT imaging details, have given 

100% accuracy to classify UA stone from non-UA stones with 

75% accuracy among non-UA stones [67]. 

 Another study showed an improvement in classification 

among non-UA stones with accuracy increased up to 88% using 

rapid voltage switching dual energy CT imaging [68]. A SVM 

model fed with details from CT texture analysis has given an 

AUC value of 0.965 and 94.4% sensitivity with 93.7% 

specificity in detecting UA stones [69]. Neural network 

algorithms that have been developed based on spectral CT 

imaging have shown excellent results, such as per-voxel 91.1% 

accurate and 87.1% - 90.4% accurate for independent 

validation, even for compound stones [70]. Moreover, AI has 

further shown that classification of calcium oxalate 

monohydrate (COM) stones is possible using spectral CT 

imaging by achieving an AUC value of 0.933 up to 88.3% 

accuracy [71]. 

Classification of Stone Type through Endoscopy Images 

Another way to classify stone composition is through 

intraoperative imaging and AI assistance. AI algorithms based 

on CNN can give accuracies up to 98% in detecting stone 

compositions when fed with macroscopic images [72, 73]. Such 

AI algorithms outperform traditional methods in identifying 

stone classes such as whewellite, uric acid, struvite, and 

cysteine [34]. Recently, through endoscopic images during 

ureteroscopy operations, CNN model algorithms have also 

been created, which show stone compositions with a precision 

rate of 97% [74]. Meta-learning techniques improve the 

efficiency of CNN-based models, especially when there are 

differences between image characteristics [75]. Large-scale 

data analysis has given AUC values over 0.97 for CNN models 

in cases where there are more than one composition of stones 

[76]. 

Composition of Stone Detection by Other Innovative 

Techniques 

Advanced approaches and AI integration have helped increase 

the efficiency of stone composition detection. The 

microtomography images classified using the CNN model have 

yielded an accuracy of up to 98.52% for differentiating among 

calcium stones, uric acid stones, and stones with mixed 

components [77]. In another study, the artificial intelligence 

algorithm, based on the dielectric properties dataset, has proven 

highly effective (accuracy rate – 98.17%) [78]. The Raman 

Spectroscopy technology, which analyzes the spectra of stones, 

has achieved 96.3% sensitivity in detecting stones of the major 

chemical classes via the ML approach [79]. There is also an 

innovative approach involving smartphone microcopy and 

utilizing the CNN model to achieve 88% accuracy for 

distinguishing among CaOx, UA, cysteine, and struvite stones 

[80]. 

CONCLUSION 

In conclusion, the application of Artificial Intelligence (AI) in 

the process of detecting and diagnosing kidney stones is an 

innovative improvement in medical technology. Given the 

prevalence of kidney stones, especially in areas like India, there 

has been a pressing need for improvement in both efficiency 

and diagnostic accuracy. While there are many benefits in 

current imaging technologies like computed tomography (CT), 

ultrasound, and X-ray, their sensitivity to smaller kidney stones 

is relatively low. As such, Artificial Intelligence (AI) presents 

a revolutionary method of improving the abilities of these 

diagnostic technologies. There can be potential use of advanced 

algorithms to analyze images provided by such diagnostic 

machines with machine learning algorithms leading to 

enhanced detection of the stones and richer descriptions 

without requiring interpretation.  

This minimizes the chances of error in the diagnosis process 

and ensures that each person can get personalized treatment 

depending on his/her condition. One of the advantages of actual 

predictive ability on patient outcomes in real-time stone 

movement includes provision of highly proactive management 

modality. Furthermore, early intervention from AI technologies 

and performing less unnecessary medical procedure improves 

health outcomes while reducing costs of health management. 

Future developments in AI technologies will make the 

diagnosis of kidney stones easier and more efficient than ever 

before.  

With further research into the efficacy of the technologies, 

there can be widespread acceptance of such algorithms in 

diagnostic processes for patients suffering from various 

conditions, including nephrolithiasis. This innovation in 

medicine serves as a light at the end of the tunnel for many 

people suffering from kidney stones. 

REFERENCES 

1. Khan SR, Pearle MS, Robertson WG, et al. Kidney stones. Nature 
Reviews Disease Primers. 2016;2(1):1-23. 
doi:10.1038/nrdp.2016.8. 

2. Guha M, Banerjee H, Mitra P, Das M. The demographic diversity 
of food intake and prevalence of kidney stone diseases in the 

Indian continent. Foods. 2019;8(1):37. 
doi:10.3390/foods8010037. 

3. Singh S, Gupta S, Mishra T, Banerjee BD, Sharma T. Risk factors 
of incident kidney stones in Indian adults: a hospital-based cross-
sectional study. Cureus. 2023;15(2). doi:10.7759/cureus.35558. 

4. Shin S, Srivastava A, Alli NA, Bandyopadhyay BC. Confounding 
risk factors and preventative measures driving nephrolithiasis 
global makeup. World Journal of Nephrology. 2018;7(7):129-142. 

doi:10.5527/wjn.v7.i7.129. 



AKM et al.                                                                                                     AI in Kidney Stone Detection and Diagnosis 

Vol 11 | Issue 2 | Apr - Jun 2026                                                                                                      Eastern J Med Sci |  28                                                          

5. Brisbane W, Bailey M, Sorensen M. An overview of kidney stone 
imaging techniques. Nature Reviews Urology. 2016;13(11):654-
662. doi:10.1038/nrurol.2016.154. 

6. Alshoabi S, Alahmadi A, Aljuhani F, Aloufi K, Alsharif W, 
Alamri A. The gap between ultrasonography and computed 
tomography in measuring the size of urinary calculi. Journal of 
Family Medicine and Primary Care. 2020;9(9):4925. 
doi:10.4103/jfmpc.jfmpc_742_20. 

7. Khan AH, Imran S, Talati J, Jafri L. Fourier transform infrared 
spectroscopy for analysis of kidney stones. Investigative and 
Clinical Urology. 2018;59(1):32. doi:10.4111/icu.2018.59.1.32. 

8. Kambadakone A, Andrabi Y, Patino M, Das C, Eisner B, Sahani 
D. Advances in CT imaging for urolithiasis. Indian Journal of 
Urology. 2015;31(3):185. doi:10.4103/0970-1591.156924. 

9. Rosen MP, Siewert B, Sands DZ, Bromberg R, Edlow J, 
Raptopoulos V. Value of abdominal CT in the emergency 
department for patients with abdominal pain. European Radiology. 
2003;13(2):418-424. doi:10.1007/s00330-002-1715-5. 

10. Kaza RK, Platt JF, Cohan RH, Caoili EM, Al-Hawary MM, 

Wasnik A. Dual-energy CT with single- and dual-source scanners: 
current applications in evaluating the genitourinary tract. 
RadioGraphics. 2012;32(2):353-369. doi:10.1148/rg.322115065. 

11. Smith RC, Verga M, McCarthy S, Rosenfield AT. Diagnosis of 
acute flank pain: value of unenhanced helical CT. American 
Journal of Roentgenology. 1996;166(1):97-101. 
doi:10.2214/ajr.166.1.8571915. 

12. Corwin MT, Hsu M, McGahan JP, Wilson M, Lamba R. 

Unenhanced MDCT in suspected urolithiasis: improved stone 
detection and density measurements using coronal maximum-
intensity-projection images. American Journal of Roentgenology. 
2013;201(5):1036-1040. doi:10.2214/ajr.12.10389. 

13. Memarsadeghi M, Heinz-Peer G, Helbich TH, et al. Unenhanced 
multi-detector row CT in patients suspected of having urinary 
stone disease: effect of section width on diagnosis. Radiology. 
2005;235(2):530-536. doi:10.1148/radiol.2352040448. 

14. Coursey CA, Casalino DD, Remer EM, et al. ACR appropriateness 

criteria® acute onset flank pain suspicion of stone disease. 
Ultrasound Quarterly. 2012;28(3):227-233. 
doi:10.1097/ruq.0b013e3182625974. 

15. Wang LJ, Wong YC, Chuang CK, et al. Predictions of outcomes 
of renal stones after extracorporeal shock wave lithotripsy from 
stone characteristics determined by unenhanced helical CT: a 
multivariate analysis. European Radiology. 2005;15(11):2238-
2243. doi:10.1007/s00330-005-2742-9. 

16. Yoshida S, Hayashi T, Morozumi M, Osada H, Honda N, Yamada 
T. Three-dimensional assessment of urinary stone on non-contrast 
helical CT as the predictor of stonestreet formation after 
extracorporeal shock wave lithotripsy. International Journal of 
Urology. 2007;14(7):665-667. doi:10.1111/j.1442-
2042.2007.01767.x. 

17. Gücük A. Usefulness of Hounsfield unit and density in the 
assessment and treatment of urinary stones. World Journal of 

Nephrology. 2014;3(4):282. doi:10.5527/wjn.v3.i4.282. 
18. Yakoumakis E, Tsalafoutas IA, Nikolaou D, Nazos I, 

Koulentianos E, Proukakis C. Differences in effective dose 
estimation from dose–area product and entrance surface dose 
measurements in intravenous urography. British Journal of 
Radiology. 2001;74(884):727-734. 
doi:10.1259/bjr.74.884.740727. 

19. Sistrom CL, McKay NL. Costs, charges, and revenues for hospital 

diagnostic imaging procedures: differences by modality and 
hospital characteristics. Journal of the American College of 
Radiology. 2005;2(6):511-519. doi:10.1016/j.jacr.2004.09.013. 

20. Coll DM, Varanelli MJ, Smith RC. Relationship of spontaneous 
passage of ureteral calculi to stone size and location as revealed by 
unenhanced helical CT. American Journal of Roentgenology. 
2002;178(1):101-103. doi:10.2214/ajr.178.1.1780101. 

21. Evan AP. Physiopathology and etiology of stone formation in the 

kidney and the urinary tract. Pediatric Nephrology. 
2010;25(5):831-841. doi:10.1007/s00467-009-1116-y. 

22. Erwin BC, Carroll BA, Sommer FG. Renal colic: the role of 
ultrasound in initial evaluation. Radiology. 1984;152(1):147-150. 
doi:10.1148/radiology.152.1.6729105. 

23. Smith-Bindman R, Aubin C, Bailitz J, et al. Ultrasonography 
versus computed tomography for suspected nephrolithiasis. New 
England Journal of Medicine. 2014;371(12):1100-1110. 
doi:10.1056/NEJMoa1404446. 

24. Lentz B, Fong T, Rhyne R, Risko N. A systematic review of the 
cost-effectiveness of ultrasound in emergency care settings. The 
Ultrasound Journal. 2021;13(1). doi:10.1186/s13089-021-00216-
8. 

25. Abbas SK, Al-Omary TSS, Fawzi HA. Ultrasound accuracy in 
evaluating renal calculi in Maysan province. Journal of Medicine 
and Life. 2024;17(2):226-232. doi:10.25122/jml-2023-0477. 

26. Sternberg KM, Eisner B, Larson T, Hernandez N, Han J, Pais VM. 
Ultrasonography significantly overestimates stone size when 
compared to low-dose, noncontrast computed tomography. 
Urology. 2016;95:67-71. doi:10.1016/j.urology.2016.06.002. 

27. Vijayakumar M, Ganpule A, Singh A, Sabnis R, Desai M. Review 

of techniques for ultrasonic determination of kidney stone size. 
Research and Reports in Urology. 2018;10:57-61. 
doi:10.2147/RRU.S128039. 

28. Alkarboly TAM, Fatih SM, Hussein HA, Ali TM, Faraj HI. The 
accuracy of transabdominal ultrasound in detection of the common 
bile duct stone as compared to endoscopic retrograde 
cholangiopancreatography. Open Journal of Gastroenterology. 
2016;6(10):275-299. doi:10.4236/ojgas.2016.610032. 

29. Sandhu C, Anson KM, Patel U. Urinary tract stones—part I: role 
of radiological imaging in diagnosis and treatment planning. 
Clinical Radiology. 2003;58(6):415-421. doi:10.1016/S0009-
9260(03)00103-X. 

30. Thomson JM, Glocer J, Abbott C, Maling TM. Computed 
tomography versus intravenous urography in diagnosis of acute 
flank pain from urolithiasis: a randomized study comparing 
imaging costs and radiation dose. Australasian Radiology. 
2001;45(3):291-297. doi:10.1046/j.1440-1673.2001.00923.x. 

31. Ege G, Akman H, Kuzucu K, Yildiz S. Can computed tomography 
scout radiography replace plain film in evaluation of acute urinary 
tract colic? Acta Radiologica. 2004;45(4):469-473. 
doi:10.1080/02841850410005264. 

32. Cumpanas AD, Chantaduly C, Morgan KL, et al. Efficient and 
accurate computed tomography–based stone volume 
determination: development of an automated artificial intelligence 
algorithm. Journal of Urology. 2023;211(2). 

doi:10.1097/JU.0000000000003766. 
33. Elton DC, Turkbey EB, Pickhardt PJ, Summers RM. A deep 

learning system for automated kidney stone detection and 
volumetric segmentation on noncontrast CT scans. Medical 
Physics. 2022;49(4). doi:10.1002/mp.15518. 

34. El Beze J, Mazeaud C, Daul C, et al. Evaluation and understanding 
of automated urinary stone recognition methods. BJU 
International. 2022;130(6):786-798. doi:10.1111/bju.15767. 

35. Manzoor H, Saikali SW. Renal extracorporeal lithotripsy. 
PubMed. 2021. Available from: 
https://www.ncbi.nlm.nih.gov/books/NBK560887/. 

36. Li D, Xiao C, Liu Y, et al. Deep segmentation networks for 
segmenting kidneys and detecting kidney stones in unenhanced 
abdominal CT images. Diagnostics (Basel). 2022;12(8):1788. 
doi:10.3390/diagnostics12081788. 

37. De Perrot T, Hofmeister J, Burgermeister S, et al. Differentiating 

kidney stones from phleboliths in unenhanced low-dose CT using 
radiomics and machine learning. European Radiology. 
2019;29(9):4776-4782. doi:10.1007/s00330-019-6004-7. 

38. Ahmed F, Abbas S, Athar A, et al. Identification of kidney stones 
in KUB X-ray images using VGG16 empowered with explainable 
artificial intelligence. Scientific Reports. 2024;14(1):6173. 
doi:10.1038/s41598-024-56478-4. 

39. Zhong Z, Xie X. Clinical applications of generative artificial 

intelligence in radiology: image translation, synthesis, and text 



AKM et al.                                                                                                     AI in Kidney Stone Detection and Diagnosis 

Vol 11 | Issue 2 | Apr - Jun 2026                                                                                                      Eastern J Med Sci |  29                                                          

generation. BJR Artificial Intelligence. 2024;1(1). 
doi:10.1093/bjrai/ubae012. 

40. Abdullah O, Jagadale BN, Naji A, et al. Efficient artificial 

intelligence approaches for medical image processing in 
healthcare: comprehensive review, taxonomy, and analysis. 
Artificial Intelligence Review. 2024;57(8). doi:10.1007/s10462-
024-10814-2. 

41. Najjar R. Redefining radiology: a review of artificial intelligence 
integration in medical imaging. Diagnostics. 2023;13(17):2760. 
doi:10.3390/diagnostics13172760. 

42. Liang X, Du M, Chen Z. Artificial intelligence-aided ultrasound 

in renal diseases: a systematic review. Quantitative Imaging in 
Medicine and Surgery. 2023;13(6):3988-4001. 
doi:10.21037/qims-22-1428. 

43. Panthier F, Melchionna A, Crawford-Smith H, et al. Can artificial 
intelligence accurately detect urinary stones? A systematic review. 
Journal of Endourology. 2024;38(8):725-740. 
doi:10.1089/end.2023.0717. 

44. Selvarani S, Rajendran P. Detection of renal calculi in ultrasound 

image using meta-heuristic support vector machine. Journal of 
Medical Systems. 2019;43(9):300. doi:10.1007/s10916-019-
1407-1. 

45. Jendeberg J, Thunberg P, Lidén M. Differentiation of distal 
ureteral stones and pelvic phleboliths using a convolutional neural 
network. Urolithiasis. 2020;49(1):41-49. doi:10.1007/s00240-
020-01180-z. 

46. Akkasaligar PT, Biradar S. Diagnosis of renal calculus disease in 

medical ultrasound images. Proceedings of IEEE ICCIC. 2016:1-
5. doi:10.1109/ICCIC.2016.7919642. 

47. Kobayashi M, Ishioka J, Matsuoka Y, et al. Computer-aided 
diagnosis with a convolutional neural network algorithm for 
automated detection of urinary tract stones on plain X-ray. BMC 
Urology. 2021;21(1). doi:10.1186/s12894-021-00874-9. 

48. Parakh A, Lee H, Lee JH, Eisner BH, Sahani DV, Do S. Urinary 
stone detection on CT images using deep convolutional neural 
networks. Radiology: Artificial Intelligence. 2019;1(4). 

doi:10.1148/ryai.2019180066. 
49. Cummings JM, Boullier JA, Izenberg SD, Kitchens DM, 

Kothandapani RV. Prediction of spontaneous ureteral calculous 
passage by an artificial neural network. Journal of Urology. 
2000;164(2):326-328. 

50. Dal Moro F, Abate A, Lanckriet GRG, et al. A novel approach for 
accurate prediction of spontaneous passage of ureteral stones: 
support vector machines. Kidney International. 2006;69(1):157-

160. doi:10.1038/sj.ki.5000010. 
51. Park JS, Kim DW, Lee D, et al. Development of prediction models 

of spontaneous ureteral stone passage through machine learning. 
PLOS ONE. 2021;16(12). doi:10.1371/journal.pone.0260517. 

52. Poulakis V, Dahm P, Witzsch U, de Vries R, Remplik J, Becht E. 
Prediction of lower pole stone clearance after shock wave 
lithotripsy using an artificial neural network. Journal of Urology. 
2003;169(4):1250-1256. 

doi:10.1097/01.ju.0000055624.65386.b9. 
53. Moorthy K, Krishnan M. Prediction of fragmentation of kidney 

stones: a statistical approach from NCCT images. Canadian 
Urological Association Journal. 2016;10(7-8):237. 
doi:10.5489/cuaj.3674. 

54. Yang SW, Hyon YK, Na HS, et al. Machine learning prediction of 
stone-free success after shock wave lithotripsy. BMC Urology. 
2020;20(1). doi:10.1186/s12894-020-00662-x. 

55. Aminsharifi A, Irani D, Pooyesh S, et al. Artificial neural network 
system to predict postoperative outcome of percutaneous 
nephrolithotomy. Journal of Endourology. 2017;31(5):461-467. 
doi:10.1089/end.2016.0791. 

56. Zhao H, Li W, Li J, Li L, Wang H, Guo J. Predicting stone-free 
status of percutaneous nephrolithotomy with machine learning. 
Frontiers in Molecular Biosciences. 2022;9. 
doi:10.3389/fmolb.2022.880291. 

57. Chen M, Yang J, Lu J, et al. Ureteral calculi lithotripsy: DNN-
assisted model for predicting sepsis risk. European Radiology. 
2022;32(12):8540-8549. doi:10.1007/s00330-022-08882-5. 

58. Dussol B, Verdier JM, Le Goff JM, Berthezene P, Berland Y. 
Artificial neural networks for assessing risk of urinary calcium 
stones among men. Urological Research. 2006;34(1):17-25. 
doi:10.1007/s00240-005-0006-4. 

59. Dussol B, Verdier JM, Le Goff JM, Berthezene P, Berland Y. 
Artificial neural networks for assessing risk factors for urinary 
calcium stones. Scandinavian Journal of Urology and Nephrology. 
2007;41(5):414-418. doi:10.1080/00365590701365263. 

60. Kazemi Y, Mirroshandel SA. Predicting kidney stone type using 
ensemble learning. Artificial Intelligence in Medicine. 
2018;84:117-126. doi:10.1016/j.artmed.2017.12.001. 

61. Chen Z, Prosperi M, Bird VG, Bird VY. Analysis of factors 
associated with large kidney stones using machine learning. SN 
Comprehensive Clinical Medicine. 2019;1(8):597-602. 
doi:10.1007/s42399-019-00087-0. 

62. Kavoussi NL, Floyd C, Abraham A, et al. Machine learning 

models to predict 24-hour urinary abnormalities. Urology. 
2022;169:52-57. doi:10.1016/j.urology.2022.07.008. 

63. Caudarella R, Tonello L, Rizzoli E, Vescini F. Predicting five-year 
recurrence rates of kidney stones using neural networks. Archivio 
Italiano di Urologia e Andrologia. 2011;83(1):14-19. 

64. Chiang D, Chiang HC, Chen WC, Tsai FJ. Prediction of stone 
disease using discriminant analysis and neural networks. BJU 
International. 2003;91(7):661-666. doi:10.1046/j.1464-

410x.2003.03067.x. 
65. Xiang H, Chen Q, Wu Y, et al. Urine calcium oxalate 

crystallization recognition using deep learning. Proceedings of 
ICACTM. 2019. doi:10.1109/ICACTM.2019.8776769. 

66. Kletzmayr A, Mulay SR, Motrapu M, et al. Inhibitors of calcium 
oxalate crystallization for treatment of oxalate nephropathies. 
Advanced Science. 2020;7(8). doi:10.1002/advs.201903337. 

67. Kriegshauser JS, Silva AC, Paden RG, et al. Ex vivo renal stone 
characterization with dual-energy CT. Academic Radiology. 

2016;23(8):969-976. doi:10.1016/j.acra.2016.03.009. 
68. Kriegshauser JS, Paden RG, He M, et al. Dual-energy CT renal 

calculi characterization using multiparametric approach. 
Abdominal Radiology. 2017;43(6):1439-1445. 
doi:10.1007/s00261-017-1331-0. 

69. Zhang GMY, Sun H, Shi B, Xu M, Xue HD, Jin ZY. 
Differentiation of uric acid vs non-uric acid stones using CT 
texture analysis. Clinical Radiology. 2018;73(9):792-799. 

doi:10.1016/j.crad.2018.04.010. 
70. Hokamp NG, Lennartz S, Salem J, et al. Dose-independent 

characterization of renal stones using dual-energy CT and machine 
learning. European Radiology. 2019;30(3):1397-1404. 
doi:10.1007/s00330-019-06455-7. 

71. Tang L, Li W, Zeng XC, et al. AI model for predicting calcium 
oxalate monohydrate stones using CT. Annals of Translational 
Medicine. 2021;9(14):1129. doi:10.21037/atm-21-965. 

72. Black KM, Law H, Aldoukhi A, Deng J, Ghani KR. Deep learning 
algorithm for detecting kidney stone composition. BJU 
International. 2020;125(6):920-924. doi:10.1111/bju.15035. 

73. Lopez F, Varela A, Hinojosa O, et al. Deep learning for kidney 
stone identification in endoscopic images. Proceedings of IEEE 
EMBC. 2021:2778-2781. 
doi:10.1109/EMBC46164.2021.9630211. 

74. Lopez-Tiro F, Estrade V, Hubert J, et al. In vivo recognition of 

kidney stones using machine learning. IEEE Access. 2024. 
doi:10.1109/ACCESS.2024.3351178. 

75. Mendez-Ruiz M, Lopez-Tiro F, El-Beze J, et al. Generalization of 
FSL methods in kidney stone image classification. arXiv. 2022. 
doi:10.48550/arXiv.2205.00895. 

76. Kim US, Kwon HS, Yang W, et al. Prediction of urinary stone 
composition using deep learning. Investigative and Clinical 
Urology. 2022;63(4):441. doi:10.4111/icu.20220062. 



AKM et al.                                                                                                     AI in Kidney Stone Detection and Diagnosis 

Vol 11 | Issue 2 | Apr - Jun 2026                                                                                                      Eastern J Med Sci |  30                                                          

77. Fitri LA, Haryanto F, Arimura H, et al. Automated classification 
of urinary stones using CNN. Physica Medica. 2020;78:201-208. 
doi:10.1016/j.ejmp.2020.09.007. 

78. Saçlı B, Aydınalp C, Cansız G, et al. Microwave dielectric 
property-based classification of renal calculi. Computers in 
Biology and Medicine. 2019;112:103366. 
doi:10.1016/j.compbiomed.2019.103366. 

79. Cui X, Zhao Z, Zhang G, Chen S, Zhao Y, Lu J. Classification of 
kidney stones using Raman spectroscopy. Biomedical Optics 
Express. 2018;9(9):4175. doi:10.1364/BOE.9.004175. 

80. Onal EG, Tekgul H. Assessing kidney stone composition using 

smartphone microscopy and deep neural networks. BJUI 

Compass. 2022;3(4):310-315. doi:10.1002/bco2.137. 
 

 

Funding: Nil; Conflicts of Interest: None Stated. 

How to cite this article: Tamil Eniyan AKM, Premkumar 

G, Senthil M. The role of AI in Detection and Diagnosis of 

Kidney stone. Eastern J Med Sci. 2026; 11(2):23-30 . 

 

  


	APPLICATIONS OF AI IN KIDNEY STONE DETECTION
	Kidney Stones Detection with CT scan
	Artificial intelligence significantly improves the interpretation of CT images for kidney stone diagnosis by enabling detailed analysis of stone characteristics. Computed tomography remains the gold standard for kidney stone detection due to its high ...
	In addition, AI models estimate the size and density of kidney stones from CT images. Stone size is an important factor in determining appropriate management strategies, while density, measured in Hounsfield units, provides insight into stone composit...
	Kidney Stone Detection in X-ray Imaging
	Artificial intelligence enhances the diagnostic capability of X-ray imaging, a widely available and cost-effective method for kidney stone detection. However, conventional X-ray imaging is limited by low sensitivity, overlapping anatomical structures,...
	In addition, AI-based noise reduction techniques maintain image quality in low-dose imaging, supporting safer diagnostic practices and allowing repeated examinations without significant radiation risk [41]. It further helps classify and distinguish st...
	Ultrasound Diagnosis of Kidney Stones
	Artificial intelligence enhances ultrasound imaging, making it a more reliable tool for kidney stone diagnosis. Ultrasound is widely used due to its non-invasive nature and absence of radiation exposure, although its effectiveness is limited by operat...
	Automated detection systems identify hyperechoic structures associated with kidney stones and distinguish them from similar artifacts such as calcifications or gas using advanced pattern recognition techniques [23]. AI also improves image processing b...

