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ABSTRACT: A detection software using X-ray pictures with YOLOv8, noted for its real-time detection precision, was 

developed in response to the growing prevalence of kidney stones, which calls for accurate diagnostic methods. With 

thorough preprocessing and data augmentation, the model was trained on a varied Kaggle dataset, ensuring robustness 

across a range of imaging settings and patient demographics. Recall, precision, and F1-score are used to evaluate the 

model, which is integrated into a web service based on Streamlit that allows patients and medical professionals to 

upload X-ray images and get real-time diagnostic findings.This userfriendly interface, highlighting identified kidney 

stones with confidence scores, aims to reduce radiologists' workload and streamline diagnostics. Demonstrating 

machine learning's transformative potential in healthcare, this scalable solution enhances diagnostic efficiency and 

accuracy, improving management and outcomes of kidney stone cases. Future research will optimize the model, expand 

the dataset, and explore additional features, underscoring the critical role of ML in providing reliable, real-time medical 

insights.  
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I. INTRODUCTION 
 

The global prevalence of kidney stones, medically termed nephrolithiasis, continues to rise, affecting approximately 10-

12% of the population and posing significant public health challenges. These crystalline mineral deposits form within 

the kidneys and can traverse   the urinary tract, leading to intense pain, repeated infections, and potential complications 

such as kidney damage. While effective, traditional diagnostic methods like ultrasound and computed tomography (CT) 

scans are hampered by high costs, radiation exposure, and the demand for specialized equipment and trained personnel. 

This underscores the urgent need for more accessible, efficient, and cost-effective diagnostic tools.  

 

Recent strides in ML and AI, particularly in computer vision, offer promising solutions for revolutionizing medical 

diagnostics. Object detection algorithms, such as YOLO (You Only Look Once), are renowned for their real-time 

detection capabilities and high accuracy. YOLOv8, the latest iteration, builds on these strengths with enhanced speed 

and precision, making it an ideal candidate for medical imaging applications.  

 

This research endeavors to harness the strength of YOLOv8 to develop a model specifically designed to detect kidney 

stones in X-Ray images. Leveraging a dataset sourced from Kaggle, containing meticulously annotated kidney X-Ray 

images, the model undergoes rigorous preprocessing steps such as normalization, augmentation, and resizing. These 

actions are essential to guarantee the model's flexibility in different imaging scenarios and patient demographics.   

 

Thorough evaluation of the detection model's accuracy and dependability in clinical contexts is part of its validation 

process, which makes use of common measures like precision, recall, and the F1-score.To facilitate practical 

deployment, a user-friendly web interface is  developed using Streamlit, enabling seamless interaction for medical 

professionals and patients. This interface allows users to upload X-Ray images and receive immediate diagnostic 

feedback, displaying detected kidney stones with bounding boxes and confidence scores. Integrating machine learning 

into healthcare exemplifies its transformative potential in enhancing diagnostic precision, reducing the costs associated 

with healthcare and, eventually, enhancing patient outcomes. Subsequent investigations will concentrate on improving 

the model even more, broadening the dataset to include a variety of instances, and investigating new aspects to enhance 

diagnostic skills.This interdisciplinary approach underscores the synergy between medical expertise and advanced 

computational techniques in addressing pressing healthcare challenges and advancing patient care.  
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II. RELATED WORK 
 

Salman F. Rabby et al. [1] and Uǧur Kılıç et al. [5] employed YOLO algorithms for kidney stone detection, showcasing 

the algorithm's robustness in clinical imaging tasks. Rabby et al. Used both YOLOv5 and YOLOv7, on a dataset of 

1799 photos, YOLOv7 achieved a greater detection accuracy of 99.5%. This study highlights how sophisticated 

machine learning models can improve diagnostic speed and accuracy, assisting medical professionals in making well-

informed judgments. Comparably, U\ur Kılıç et al. used YOLOv4 and Mask RCNN in addition to a number of image 

enhancement methods such GF, LoG, BF, HE, CLAHE, and CBC. The combination of YOLOv4 and CBC 

preprocessing achieved the highest accuracy, demonstrating its effectiveness in kidney stone detection from DUSX 

images, aiming to provide a reliable, non-invasive diagnostic tool that reduces the dependence on radiation-intensive 

methods like CT scans.  

 

Musa Genemo et al. [3] and P. S. Ramesh et al. [4] Both made use of three-dimensional convolutional neural networks, 

or CNNs, to identify and categorize kidney stones. Using CNN-8 and CNN-6 layers, Genemo et al. created five 

different 3D-CNN models, obtaining a high accuracy of 0.985 on a dataset of 1000 endoscopic pictures. This method 

was created to help doctors by lessening their burden and improving kidney stone diagnosis accuracy early on. In order 

to improve diagnostic accuracy and lessen the workload for doctors, Ramesh et al. also used 3D-CNNs in conjunction 

with architectures such as VGG16, Inception, ResNet, EANet, and Swin Transformers to design a kidney stone 

detection and classification system that achieved high accuracy.  

                                                                                                                                                                                       

Meng Zhang et al. [6], Neha Khandelwal et al.[7], and Prof. Rizwana S. Ali et al. [10] used Convolutional Neural 

Networks (CNNs) to identify and categorize kidney stones. Zhang and colleagues employed a range of techniques, such 

as K-Nearest Neighbors (KNN), Decision Trees (DT), Support Vector Machines (SVM), Random Forest (RF), and 

CNNs. Notably, CNNs had the greatest accuracy when applied to intricate image data. Khandelwal et al. used an 

Artificial Neural Network (ANN) with wavelet filters to combine CNNs with Fuzzy C-Means (FCM) and Gray-Level 

Cooccurrence Matrix (GLCM) for feature extraction and segmentation. This resulted in a detection accuracy of 98.8%. 

In order to detect different kidney disorders, Prof. Rizwana S. Ali et colleagues. built a complete model that leverages 

the excellent accuracy of the Swin Transformer method along with CNN, VGG16, ResNet50, InceptionV3, EANet, and 

CCT.   

 

Francisco Lopez-Tiro et al. [2] combined shallow machine learning techniques (e.g., SVM, AdaBoost, Bagging, MLP, 

Random Forest, and XGBoost) with deep learning models (deep convolutional neural networks; DCNNs) with transfer 

learning to create a model. The pre-trained DCNNs outperformed other models because they could manage intricate, 

non-linear patterns in the data, overcoming the difficulties caused by subpar in vivo imaging circumstances during 

ureteroscopic procedures. This demonstrates the possibility for increased kidney stone classification precision.  

  

Md Nazmul Islam et al. [8] and Alper Caglayan et al. [9] Both used vision transformers, more especially the Swin 

Transformer, to classify kidney stones and kidney illness, respectively. A model comprising the VGG16, Inception v3, 

ResNet50, EANet, CCT, and Swin Transformer algorithms was built by Islam et al. The vision transformers 

demonstrated improved accuracy because of sophisticated attention processes. To improve early kidney disease diagnosis, 

this model included a lot of preprocessing and data augmentation to deal with unbalanced data. Similar to Caglayan et 

al., they used the InceptionV3, EANet, ResNet50, CCT, VGG16, and Swin Transformer algorithms. With the Swin 

Transformer, which is intended to improve early diagnosis and patient outcomes, they achieved a high accuracy of 

99.3%. 

 

III. METHODOLOGY 
 

The methodology for kidney stone detection using YOLOv8 (You Only Look Once, Version 8) Comprises multiple 

stages, such as data collection, preprocessing, model architecture, model training, evaluation and validation, testing and 

inference, model deployment. YOLOv8 is a state-of-the-art object detection Model renowned for its accuracy and 

speed, making it suitable for real-time medical imaging applications.  

 

a. Dataset:  
Acquiring a dataset for kidney stone Detection employing machine learning with YOLOv8 involves using publicly 

available datasets or creating your own dataset. Publicly available datasets provide pre-existing X-ray images labeled 

with the presence and location of kidney stones. Alternatively, we can create our own dataset by collecting X-ray 
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images, ensuring good image quality and consistency, and accurately labeling the data for kidney stone presence and 

location.  

 
b. Data collection:  

A kidney stone detection system’s data collection process involves a number of essential steps designed to acquire a 

comprehensive and accurate dataset of X-ray images. Setting goals for the detection system, specifying the types of 

kidney stones, and defining the scope and objectives are the first steps in the process. After that, X-ray images are 

sourced from medical facilities or existing databases, ensuring a variety of cases and conditions are captured. High-

quality X-ray machines are used to capture the images within a regulated setting with consistent imaging parameters to 

ensure clarity and detail.Each Xray image is annotated with labels indicating the presence, size, and location of kidney 

stones. This annotation process, which frequently makes use of specialized software tools, guarantees that each kidney 

stone is consistently and accurately labeled. To ensure robustness, images from various patients with different 

anatomical structures and conditions are included in the dataset.  

  

 
              
                   Dataset sample x-ray images with stone                 Dataset sample x-ray images without stone  
 
c. Data Pre-processing    
The process of converting raw X-ray data into a format appropriate for model training is known as data preprocessing, 

and it is used in kidney stone diagnosis utilizing machine learning with YOLOv8. This entails segmenting the kidney 

region, improving contrast, decreasing noise, and shrinking and normalizing the images. While label encoding provides 

a numerical representation of kidney stone location and existence, data augmentation enhances variability in the data. 

Furthermore, kidney stone borders annotations are generated to enable accurate object detection.  

  

d. Model architecture  
The kidney stone detection model using YOLOv8 on X-ray images begins with an input layer resizing images to a 

standard dimension. A CNN serves as the backbone, extracting crucial features from high-resolution X-ray images such 

as edges and textures indicative of kidney stones.  

 

The neck includes layers like Feature Pyramid Networks (FPN) or Path Aggregation Networks (PAN), aggregating 

features across scales to detect kidney stones of various sizes and positions. The head implements YOLO detection 

layers, predicting bounding boxes and class probabilities for kidney stones. It outputs coordinates and confidence 

scores for each detection. Each image region has multiple bounding boxes predicted with corresponding confidence 

ratings. Non-maximum suppression is then used to refine the bounding boxes and aggregate the detections.  The final 

output layer presents detected kidney stones with their locations and confidences. A tailored loss function combines 

classification,  localization, and confidence losses, ensuring precise detection. YOLOv8's efficient architecture enables 

realtime kidney stone detection, crucial for timely diagnosis and treatment planning in clinical settings.  

  

e. Model training  
In the kidney stone detection system using YOLOv8 and X-ray images, model training involves preprocessing by 

normalizing and resizing the dataset. YOLOv8, optimized for real-time object detection, is trained on annotated X-ray 

images to detect and localize kidney stones. The process includes optimizing a custom loss function for classification, 

localization, and confidence. Stochastic gradient descent (SGD) refines model parameters, validated against separate 

datasets for generalization. Fine-tuning adjusts hyperparameters, and evaluation criteria that measure model 

performance include mAP, recall, and precision.YOLOv8’s efficient architecture supports real-time detection, crucial 

for prompt medical diagnosis and treatment planning.  

 

YOLOv8:  
YOLOv8,stands out as an advanced object detection algorithm celebrated for its efficiency and real-time capabilities. 

The algorithm operates by partitioning an input image into a grid and making predictions directly from these grid cells, 

encompassing bounding boxes and class probabilities. At its core, YOLOv8 integrates a convolutional neural network 

(CNN) backbone, adept at extracting comprehensive image features across various scales and orientations, crucial for 
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detecting objects with precision. The detection head, composed of convolutional layers, has a crucial part in predicting 

the bounding boxes of the items inside each grid cell, as well as their dimensions, spatial coordinates, and confidence 

scores indicating the likelihood of their presence.   

 

To enhance detection accuracy across diverse object sizes, YOLOv8 employs sophisticated techniques like Feature 

Pyramid Networks (FPN) or Path Aggregation Networks (PAN), facilitating multi-scale feature aggregation. A key 

strength lies in its custom-designed loss function, encompassing classification, localization of bounding box 

coordinates, and confidence scores, ensuring the model learns to precisely localize and classify objects in images.  

 

During training, YOLOv8 undergoes end-to-end training on extensive datasets annotated with object bounding boxes. 

Optimization techniques such as stochastic gradient descent (SGD) finetune model parameters, enabling efficient object 

recognition. Notably, YOLOv8’s exceptional speed enables real-time image processing, making it ideal for time-

sensitive applications like autonomous driving, surveillance systems, and medical imaging tasks such as kidney stone 

detection in X-ray images. Its versatility extends across diverse industries, showcasing robust performance where rapid 

and accurate object detection is paramount.  

  
f. Evaluation and validation Assessing a machine learning model's efficacy and dependability requires both 

evaluation and validation, especially when it comes to applications like kidney stone detection with YOLOv8 and X-

ray pictures. Using metrics like F1-score, accuracy, and recall to quantify the model's performance on a test dataset is 

the main goal of evaluation. These measures assess the model's precision in kidney stone detection while reducing false 

positives and negatives. Another important statistic in object detection tasks is Mean Average Precision (mAP), which 

offers a thorough assessment of detection accuracy across several classes. By providing information on true positives, 

false positives, true negatives, and false negatives, the confusion matrix helps to clarify performance and sheds light on 

individual performance strengths and shortcomings.  

 

Validation guarantees that the model performs well in real-world situations and that it generalizes well to new, 

unknown data. To identify overfitting and guarantee robustness, it entails dividing the dataset into training and 

validation sets. The model is then trained on the former and assessed on the latter.   

 

Techniques like k-fold cross-validation enhance validation by iteratively splitting the dataset into multiple folds, 

training on subsets, and validating on others, providing a more reliable estimate of model performance and 

generalization ability. Additionally, fine-tuning model hyperparameters based on validation results optimizes 

performance and ensures the model's readiness for deployment in practical applications such as medical diagnosis and 

planning of care. In order to validate kidney stone detection accuracy and reliability of the YOLOv8 model and 

promote its successful application in clinical settings, these thorough evaluation and validation procedures are essential.   

   
g. Testing and inference  
  Important procedures in installing and employing the trained model for real-world applications are involved in testing 

and inference in kidney stone detection using machine learning with YOLOv8 on X-ray pictures. Tests are conducted 

on a specific test dataset of X-ray pictures that were not utilized for training or validation in order to assess the model's 

performance. This study measures metrics including precision, recall, and mean average precision (mAP) to determine 

how well the model can detect and localize kidney stones. These measures shed light on how well the algorithm detects 

kidney stones while reducing false positives and negatives. Conversely, inference refers to using the learned model in 

batch or real-time processing settings to new, unseen X-ray pictures.Each image is processed by YOLOv8 efficiently, 

which then predicts bounding boxes around kidney stones that are discovered and provides confidence scores that 

represent the model's level of confidence in its predictions. This capacity is critical in clinical settings where kidney 

stones must be detected promptly in order to facilitate rapid diagnosis and treatment planning.  

  

h. Model deployment   
Model deployment for kidney stone detection using YOLOv8 on X-ray images involves converting the trained model 

into an optimized format for real-time inference. The model acts as integrated into healthcare applications or existing 

medical imaging systems, enabling healthcare providers to upload X-ray images directly for analysis. Upon receiving 

an image, YOLOv8 performs inference swiftly, detecting kidney stones by predicting bounding boxes and confidence 

scores. Deployment environments range from local servers to scalable cloud platforms, Selected based on 

computational needs. Continuous monitoring ensures the model maintains high performance, with updates 

implemented to incorporate new data and advancements. YOLOv8's capabilities for precise and quick kidney stone 
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identification in clinical settings are leveraged in this deployment strategy to enable effective diagnosis and treatment 

planning.  

 
IV. OUTCOME 

 
Kidney stone diagnosis in X-ray pictures is greatly improved in terms of both speed and accuracy when using 

YOLOv8. It is anticipated that the model will reduce false positives and false negatives while achieving high precision 

in kidney stone identification and localization. YOLOv8 helps radiologists make speedy and accurate judgments by 

facilitating real-time diagnoses through its fast image processing.  This leads to more efficient workflows and decreases 

the workload on healthcare professionals. The model's robustness ensures consistent performance across various patient 

demographics and imaging conditions. Consequently, The synthesis of YOLOv8 into clinical practice can improve 

patient outcomes by enabling early detection and treatment of kidney stones.  

 

In this project, a YOLOv8 model was specifically trained on a dataset of kidney X-Ray images to detect kidney stones 

with bounding box annotations. The application, designed and deployed using Streamlit, provides an accessible and 

interactive platform for users. The training dataset is publicly available on Kaggle, ensuring transparency and 

reproducibility of the results. The live application, accessible online, demonstrates the model's effectiveness in realtime 

diagnostics, showcasing its ability to support radiologists and improve diagnostic workflows. This integration of ML 

and web technologies highlights the practical benefits of advanced AI models in enhancing healthcare delivery.  

  

 
 

Outcome sample from the x-ray images 

 

V. CONCLUSION 
 

In summary, YOLOv8 kidney stone detection in X-ray pictures represents a major breakthrough in medical diagnostics.   

With its high accuracy and quick processing speed, the model can locate and identify kidney stones with lower mistake 

rates. The efficiency of radiologists is increased by this technological integration, which makes real-time, trustworthy 

diagnosis possible. This might result in prompt treatment and better patient outcomes. Because of its ability to function 

consistently and reliably in a variety of imaging scenarios and patient demographics, YOLOv8 is a useful tool for the 

early diagnosis and treatment of kidney stones in clinical settings.   

     
VI. FUTURE WORK 

 
Future work for kidney stone detection using ML with YOLOv8 and X-ray images should focus on several key areas to 

enhance the model's effectiveness and clinical integration.  

 

First, expanding and diversifying datasets to include varied patient demographics, imaging conditions, and rare cases of 

kidney stones will improve the model's generalization and robustness. Second, integrating data from other imaging 

modalities like CT scans or ultrasound with X-ray images can enhance detection accuracy and provide more 

comprehensive diagnostic insights. Third, developing methods to make the model's predictions more transparent and 

interpretable to radiologists, such as implementing visual explanations like saliency maps, will foster trust and facilitate 

easier adoption in clinical settings. Finally, conducting clinical trials to validate the model's performance in real-world 

environments and creating intuitive user interfaces will ensure the model's reliability and seamless integration into 

existing medical workflows. 
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