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Abstract: The increasing prevalence of kidney stone disease necessitates efficient and accurate diagnostic methods to 

alleviate the burden on healthcare systems and professionals. Traditional manual methods of CT scan analysis are time-

intensive and prone to human error, often delaying critical diagnoses. This study introduces an automated detection 

framework utilizing the YOLO NAS model, specifically optimized for real-time kidney stone annotation in CT scans. 

The dataset includes over 10,000 CT images sourced from Kaggle and Roboflow, enriched with additional scans 

manually annotated some image using the VGG Image Annotator tool to ensure comprehensive coverage of kidney stone 

types, sizes, and densities. The YOLO NAS model was selected due to its superior performance in object detection, 

leveraging Neural Architecture Search for optimization and trained using the SuperGradients library. The proposed model 

achieves a mean average precision (mAP) of 93% at a 0.50 Intersection over Union (IoU) threshold, demonstrating its 

high accuracy and efficiency. 
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I. INTRODUCTION 

 

     Kidney stone disease has emerged as a significant health concern globally, affecting millions of individuals and posing 

challenges to healthcare systems. The increasing prevalence of this condition can be attributed to various factors, 

including dietary habits, lifestyle changes, and genetic predispositions. Recent studies have highlighted the importance 

of early de- tection and accurate diagnosis to prevent complications and enhance treatment outcomes. As such, innovative 

techniques and methodologies for identifying and classifying kidney stones are crucial to improving patient care and 

optimizing treatment pathways [1] [2].. 

 

    Advancements in medical imaging and artificial intelligence have opened new avenues for developing effective 

diagnostic tools. Deep learning algorithms have shown promise in analyzing computed tomography (CT) images for 

kidney stone detection, offering higher accuracy and speed compared to traditional methods. For instance, researchers 

have implemented CNN (Convolutional neural network) to automate the identification of stone types and classifications 

based on CT scans, significantly reducing the burden on radiologists and enhancing diagnostic efficiency [3] [4]. The 

integration of such technologies can increase in better patient outcomes by facilitating timely interventions and 

personalized treatment plans. 
 

II. MOTIVATION 

 

   The field of kidney stone detection has seen significant advancements with the integration of precise libraries and 

advanced deep learning and imaging techniques. As kidney stones pose a substantial health risk, early and accurate 

detection is critical for effective treatment. Various studies have explored novel methodologies, including machine 

learning algorithms, to enhance the diagnostic process, ultimately improving patient outcomes. 

    develop a deep learning model specifically designed for automated kidney stone detection in coronal CT images. Their 

approach achieves high sensitivity and specificity, illustrating the effectiveness of artificial intelligence in improving the 

accuracy of urological diagnostics and providing timely interventions. 

   leverages deep learning frameworks for the detection and classification of kidney stones. By implementing various 

Convolutional Neural Network (CNN) architectures, this study significantly outperforms traditional detection methods, 

emphasizing the advantages of deep learning in achieving higher accuracy rates in stone identification. 

 

III. LITERATURE SURVEY 

 

     the literature on kidney stone detection using CT scan images reveals a significant shift towards leveraging deep 

learning methodologies, particularly Convolutional Neural Networks (CNNs), to automate the detection process. These 

studies explore various CNN architectures, often emphasizing the importance of effective image preprocessing and 

enhancement techniques to improve detection accuracy. While deep learning has shown promising results, traditional 
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machine learning approaches utilizing handcrafted feature extraction (such as texture and intensity-based features) 

combined with classifiers like SVM and KNN also contribute valuable insights. 

     Performance evaluation across different studies consistently employs metrics like accuracy, sensitivity, and specificity 

to assess the efficacy of proposed algorithms, with some research focusing on the critical task of minimizing false 

positives. The availability and utilization of well-annotated CT image datasets are highlighted as essential for training 

and validating these models. Furthermore,   

    research extends to addressing challenges such as detecting stones in low-dose CT scans and even classifying stones 

based on their characteristics like size and location, indicating a continuous drive towards more robust and clinically 

relevant automated kidney stone detection systems. 

 

IV.BLOCK DIAGRAM AND SYSTEM ARCHITECTURE
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1  Kidney stone Detection Flowchart 
 

V. ALGORITHM USED 

The proposed system utilizes the YOLO NAS framework, which is highly suitable for real-time object detection tasks. 

The model’s architecture efficiently processes images and computes the probability of kidney stone presence at various 

scales. 

Bounding Box Prediction: YOLO NAS generates multiple bounding boxes for each stone detected in a CT scan. These 

boxes are filtered using a confidence score threshold and Non- Maximum Suppression (NMS) to avoid redundant 

predictions. The confidence score for detecting a kidney stone in a bounding box B is calculated as: C(B) = P (obj) × IoU 

(B, G) where P (obj) is the probability that an object (kidney stone) exists in the predicted box, and IoU (B, G) is the 

Intersection over Union between the predicted bounding box B and the ground truth box G[2]. Localization Loss: 

 The system uses a localization loss function that minimizes the error between predicted and actual stone positions. 

The localization loss Lloc is defined as: n Σ Lloc = i=1 (xi — xˆi)2 + (yi — yˆi)2 where (xi, yi) and (x ˆi, yˆi) represent 
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the actual and predicted coordinates of the kidney stone, respectively[1] [5]. C. Performance Optimization To improve 

detection accuracy and system performance,  

several optimization techniques are implemented: • Data Augmentation: Techniques such as flipping, rotation, and 

contrast adjustments are applied to the CT images to increase the model’s robustness to variations in the input data. • 

Hyperparameter Tuning: The learning rate, batch size, and number of epochs are optimized using a grid search technique 

to find the best performing model configuration 

. • Post-Processing: After prediction, the system applies post-processing techniques, including thresholding and 

bounding box refinement, to enhance the precision of the detected stone locations. This proposed system thus provides a 

comprehensive frame- work for the automated detection and reporting of kidney stones in CT scan images, using 

advanced object detection techniques and robust optimization strategies. 
 

VI. METHODOLOGY 
 

   In this study, we employ the YOLO NAS model for the detection of kidney stones in CT scans. This model is recognized 

for its high accuracy and efficiency in real-time applications. Our methodology involves several key phases: data 

preparation, model architecture, training parameters, and evaluation metrics. 

   A. Data Preparation The data preparation phase focuses on the careful annotation of kidney stones within CT images. 

Each kidney stone is annotated using its corresponding coordinates, ensuring accurate localization. The images and 

annotations are then organized into a structured dataset suitable for training the YOLO NAS model. We utilize the COCO 

dataset format, which helps in systematically categorizing the training, validation, and test sets, ultimately enhancing the 

model’s ability to generalize to unseen data. 

   B. Model Architecture The YOLO NAS model employs a neural network architecture that integrates multiple layers 

for feature extraction and object detection. It is pre-trained on the COCO dataset, leveraging performance. learned 

features for improved • Anchor Boxes: YOLO NAS utilizes anchor boxes to predict bounding boxes around detected 

objects. The for- mula for calculating the IOU (Intersection Over Union) of predicted B and ground truth boxes G is: IoU 

(B, G) = Area(B ∩ G) Area(B ∪ G) This metric is crucial for evaluating the alignment be- tween predicted bounding 

boxes and the actual locations of kidney stones.  

   C. Training Parameters To ensure effective training of the model, we define several key parameters: Learning Rate: 

We employ a cosine learning rate process, where initial learning rate α0 gradually decreased to αfinal over a specified 

number of epochs T : 1 tπ α(t) = αfinal + 2 (α0 − αfinal)(1 + cos( T )) Loss Function: The loss function used is a 

combination of objectness loss and localization loss. The overall loss L can be expressed as: L = Lobj + Lloc + Lcls 

where Lobj is the objectness loss, Lloc is the localization loss, and Lcls is the classification loss[2] [5]. 

 

VII. RESULT AND PERFORMANCE ANALYSIS 
 

  In this study, we evaluated the YOLO NAS model’s effectiveness for detecting and annotating kidney stones from CT 

scan images. The dataset used for training consisted of CT images with manually annotated kidney stones, where the 

precise coordinates of the stones were merged with the image data to create accurate labels. 

  The trained model processes unseen CT scan images and generates bounding boxes indicating the presence and location 

of kidney stones. The output is designed to specifically annotate the stones rather than producing a full medical report. 

         
 

VIII. CONCLUSION 

 

The implementation of the YOLO NAS model for kidney stone annotation in CT scans represents a significant 

advancement in medical imaging diagnostics. With an accuracy of 93% and a mAP score of 93% at a 0.50 IoU threshold, 

the system exhibits strong generalization and reliability for unseen data. By automating the annotation process, the 

framework minimizes human error and accelerates diagnostic workflows, benefiting both healthcare professionals and 

patients. Although the dataset used provides a solid foundation, incorporating more diverse CT scans and patient 
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demographics would enhance the model’s robustness. The integration of patient- specific metadata and multi-modal 

imaging techniques offers avenues for further improvement, facilitating personalized diagnostics. 
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