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ABSTRACT 

 

This abstract describes how kidney stone detection has progressed significantly, evolving from traditional 

imaging techniques such as ultrasound, X-rays, and CT scans to modern, technology-driven methods. While 

conventional approaches remain valuable, they often suffer from limitations in accuracy, sensitivity, and 

reliance on operator expertise. Recent developments in artificial intelligence— particularly machine learning, 

deep learning, and image processing—have revolutionized medical diagnostics by enabling faster, more 

accurate, and automated detection of kidney stones. Deep learning models, especially convolutional neural 

networks (CNNs), are capable of analyzing medical images with high precision, minimizing human error and 

reducing diagnosis time. This project explores the transition from traditional diagnostic methods to AI-powered 

techniques, emphasizing the enhanced ability of modern systems to accurately identify and localize kidney 

stones.  

 

Key Words: Kidney stone detection, Deep learning, Convolutional Neural Networks (CNNs), 

Ultrasound image analysis. 

INTRODUCTION 

 

Kidney stones are a common condition caused by the buildup of crystallized mineral salts in the kidneys or 

urinary tract. If left undetected, they can result in severe pain, urinary obstruction, and even kidney damage. 

Early detection is essential to avoid complications and guide appropriate treatment. While ultrasound imaging 

is a preferred diagnostic method due to its non-invasive and cost-effective nature, it poses challenges such as 

low contrast and speckle noise, making stone identification difficult. Moreover, interpreting these images 

requires experienced professionals, and human error or inconsistency may still occur. 

This project introduces an automated system using Convolutional Neural Networks (CNNs) for binary 

classification of ultrasound images—detecting the presence or absence of kidney stones. To enhance image 

clarity, Gabor filters and Histogram Equalization are applied in the preprocessing phase, followed by basic 

image analysis to support detection. The system is deployed as a user-friendly Streamlit web application, 

allowing users to upload ultrasound scans and receive rapid feedback. Designed as a lightweight diagnostic 

tool, it aims to assist healthcare providers, especially in resource-limited areas, by offering quick and accessible 

support for early stone detection. This approach not only reduces dependency on expert interpretation but also 

streamlines preliminary screening efforts. Future improvements could include expanding the system to classify 

stone size and location, making it even more clinically valuable. 
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PROBLEM STATEMENT 

 

Detecting kidney stones in ultrasound images is challenging due to low contrast, speckle noise, and subtle 

visual cues, making accurate identification difficult even for trained professionals. This often leads to 

missed detections, especially in rural or under-resourced areas where expert interpretation may be limited. 

To address this, the project proposes an automated system using Convolutional Neural Networks (CNN) 

for binary classification to determine the presence or absence of kidney stones. The system reduces reliance 

on manual interpretation and provides a fast, consistent method for initial screening. It incorporates image 

preprocessing techniques like Gabor filtering to enhance texture and Histogram Equalization to improve 

contrast. These steps help the CNN focus on relevant features in the image. The goal is to improve 

diagnostic support, reduce human error, and make kidney stone detection more accessible. This lightweight, 

automated tool can assist healthcare workers by providing quick feedback on uploaded ultrasound scans. 

 

MOTIVATION 

 

Accurate and early detection of kidney stones is essential for timely treatment, yet conventional ultrasound 

diagnosis can be limited by noise, variability, and operator dependency. An AI-powered Kidney Stone 

Detection System using deep learning addresses these challenges by delivering automated, accurate, and 

consistent analysis of ultrasound images. 

Key Features: 

 Accurate Detection: Uses CNN-based models to identify and localize kidney stones in ultrasound 

images with high precision. 

 Image Enhancement: Applies preprocessing techniques to reduce noise and improve diagnostic 

clarity. 

 Real-Time Analysis: Provides fast results to support quick clinical decisions, especially in urgent 

care settings. 

 Adaptive Learning: Continuously improves through retraining on new image data for broader 

applicability. 

 System Integration: Easily integrates with hospital systems for efficient clinical workflows. 

 

LITERATURE REVIEW 

 

Tanya Borges, Akash Rai, Dharm Raj, Danish Ather, and Keshav Gupta. Kidney Stone Detection Using 

Ultrasound Images. [1] The paper by Tanya Borges, Akash Rai, Dharm Raj, Danish Ather, and Keshav Gupta 

explores the development of a kidney stone detection system using ultrasound images and the Watershed 

Algorithm. Their approach is based on a dataset of 69 cropped ultrasound images and incorporates 

preprocessing techniques such as contrast enhancement and segmentation to improve stone visibility. The use 

of the Watershed Algorithm facilitates the identification of kidney stones by segmenting relevant regions. 

However, the study notes challenges, including increased noise due to contrast enhancement and limited real-

time implementation capabilities. These issues highlight the need for a balance between image clarity and noise 

control in medical imaging. The authors suggest that future improvements could involve integrating deep 

learning techniques, expanding the dataset, and employing advanced noise reduction methods.  

 

 

 

Gurjeet Kaur and Dr. Sukhwinder Singh. Automated Kidney Stone Detection Using Convolutional 

Neural Networks. [2] The paper by Gurjeet Kaur and Dr. Sukhwinder Singh presents an automated kidney 

stone detection system leveraging Convolutional Neural Networks (CNNs) to identify stones and analyze their 

size, area, and location in ultrasound images. The study utilizes a comprehensive dataset of 9416 ultrasound 

images, divided into separate training and testing sets to evaluate model performance. The system incorporates 

image quality assessment metrics such as Structural Similarity Index (SSIM), Peak Signal-to-Noise Ratio 

(PSNR), and Mean Squared Error (MSE), along with CNN optimization techniques like Stochastic Gradient 

Descent (SGD) and Cross Entropy Loss. Despite achieving high detection accuracy, the model faced 

limitations, including slight deviations in measuring stone dimensions and reduced generalizability due to 

limited dataset variability. Nevertheless, the use of CNN enabled the model to learn intricate patterns in 

ultrasound data, enhancing detection efficiency. This study highlights the effectiveness of deep learning in 
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medical imaging and contributes to advancing automated diagnostic tools for kidney stone detection.  

 

Dr. Sheshang Degadwala and Varsha Rathva. A Review on Kidney Stone Detection using ML and DL 

Techniques. [3] The review paper by Dr. Sheshang Degadwala and Varsha Rathva offers a comprehensive 

analysis of various machine learning (ML) and deep learning (DL) techniques employed in kidney stone 

detection. The study explores traditional ML algorithms such as Support Vector Machines (SVM), Decision 

Trees, and Random Forests, alongside advanced DL models like Convolutional Neural Networks (CNN), 

ResNet-based architectures, and transfer learning approaches. A diverse range of imaging modalities—

including CT scans, ultrasound images, and X-ray images—are considered, providing a broad perspective on 

current methodologies. The review highlights that DL techniques, particularly CNNs and transfer learning 

models, outperform traditional ML methods in handling complex imaging features. The authors also stress the 

critical role of annotated datasets, effective preprocessing, and noise reduction in enhancing model accuracy. 

Furthermore, the study suggests that hybrid models combining ML and DL could yield more robust and 

reliable detection systems. The paper concludes by outlining research gaps and proposing future directions to 

advance clinical implementation and diagnostic precision. 

 

T. Bhargavi, S. Durga Prasad, and P. Krishna Charan. Kidney Stone Detection from Ultrasound Images 

Using Canny Edge Detection and CNN Classification. [4] The study by T. Bhargavi, S. Durga Prasad, and 

P. Krishna Charan presents a kidney stone detection method that integrates image preprocessing, feature 

extraction, and Convolutional Neural Network (CNN)-based classification. The dataset includes both normal 

and kidney stone-affected ultrasound images, with initial preprocessing steps such as image resizing and 

normalization to ensure uniform input quality. The approach utilizes Canny edge detection to highlight image 

boundaries, enhancing feature focus for the CNN model. The architecture combines edge-based feature 

extraction with deep learning to improve detection accuracy. However, the paper notes limitations including 

inconsistent accuracy across different test samples and a lack of detailed information regarding dataset size, 

which may affect the model’s generalizability. Despite these constraints, the method demonstrates potential in 

automating kidney stone detection and improving diagnostic efficiency. The authors suggest that future 

improvements could include larger datasets, further CNN optimization, and advanced noise reduction 

techniques to enhance model robustness and accuracy.  

 

Pavithra S, Shanmugapriya G, Supraja A, and S. Saranya. Kidney Stone Detection Using Image 

Processing and Convolutional Neural Networks. [5] The study by Pavithra S, Shanmugapriya G, Supraja 

A, and S. Saranya presents a hybrid methodology for kidney stone detection that combines image 

preprocessing, Convolutional Neural Networks (CNN), and Fuzzy C-Means Clustering. Utilizing a publicly 

available kidney CT image dataset, the authors implement several preprocessing techniques—such as Median 

Filtering, Adaptive Histogram Equalization (AHE), and contrast enhancement—to reduce noise and improve 

image quality. The integration of Fuzzy C-Means Clustering aids in accurate segmentation of regions of 

interest, refining the feature extraction process for the CNN model. While the approach shows potential, the 

study is limited by its reliance on existing datasets and a lack of real-world clinical validation. Additionally, 

the authors acknowledge the need for larger and more diverse datasets to improve generalization. Despite these 

limitations, the method demonstrates a strong framework for enhancing classification accuracy. The 

combination of clustering and deep learning techniques contributes to more focused and efficient kidney stone 

detection. The study concludes by recommending future improvements, including real-time deployment and 

broader dataset collection, to boost system robustness and applicability in clinical environments. 

 

Usha N, Manjula K, and Megha M. Fusion-Based Deep Learning for Kidney Stone Detection Using 

Ultrasound, CT, and MRI. [6] The study proposes a multimodal deep learning system combining ultrasound, 

CT, and MRI for kidney stone detection. U-Net is used for segmenting ultrasound images, while ResNet-50 

handles CT/MRI analysis. A fusion mechanism combines outputs from both models to enhance accuracy and 

reduce false results. The system was trained on 50 ultrasound and 30 CT/MRI images, achieving a Dice 

coefficient of 0.90—outperforming single-modality models. While effective, the model's performance is 

limited by small dataset size and lack of clinical validation. The approach highlights the benefits of leveraging 

multiple imaging modalities for more reliable and accurate detection. 

 

Prof. M.P. Navale, Sarang Shirole, Sumukh Rabade, Rutuja Kendre, and Mrunal Choudhary. Kidney 

Stone Detection with Deep Learning: A Review. [7] This study presents a kidney stone detection system 

using ultrasound images, integrating Convolutional Neural Networks (CNN) and Support Vector Machines 

(SVM) for accurate and efficient classification. The approach involves key steps such as image preprocessing 
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for noise reduction and contrast enhancement, feature extraction using CNN, and classification using SVM. 

The system is designed to handle ultrasound's inherent noise and improve detection accuracy through 

automated analysis. The authors also discuss various ML and DL techniques including ensemble learning, 

XGBoost, and Generative Adversarial Networks (GANs) from existing studies. While effective, the model 

highlights a need for larger datasets and real-time deployment capabilities. The combination of CNN and SVM 

offers a balanced approach for robust kidney stone identification, showcasing potential for integration into 

clinical workflows. 

 

Dey, A., & Mukherjee, A. (2023). Transfer Learning-Based Deep CNN Approach for Kidney Stone 

Detection. [8] The study by A. Dey and A. Mukherjee presents a deep learning-based method for detecting 

kidney stones in ultrasound images using transfer learning. The authors explore the effectiveness of pre-trained 

CNN models like VGG16 and ResNet50 by fine-tuning them on a dataset of over 5000 annotated ultrasound 

images. The preprocessing pipeline includes grayscale conversion, normalization, and noise reduction. Among 

the tested models, ResNet50 achieved the highest accuracy of 93.4%, outperforming traditional CNN models 

trained from scratch. The research highlights how transfer learning helps overcome the challenge of limited 

labeled data and enhances detection accuracy. However, the study also points out the risk of overfitting and 

the need for diverse datasets. The findings demonstrate that transfer learning is a viable technique for medical 

image classification, especially when computational resources and data are limited. 

 

Singh, R., & Kumar, M. (2022). Kidney Stone Detection Using Hybrid CNN-LSTM Model in CT 

Imaging. [9] In this paper, R. Singh and M. Kumar propose a hybrid deep learning architecture that combines 

Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks to analyze CT 

image sequences for kidney stone detection. The CNN component extracts spatial features from individual 

image slices, while the LSTM processes the temporal relationship between slices to improve detection 

accuracy. The model was trained on a curated dataset of CT images and achieved an impressive accuracy of 

95.2%. This hybrid approach helps in detecting stones that are otherwise difficult to identify in single images. 

The authors also address preprocessing techniques like contrast enhancement and slice normalization. The 

paper emphasizes the benefits of integrating spatial and temporal learning for improved detection performance 

and suggests using this architecture for other medical conditions involving 3D image sequences. 

 

Sharma, P., & Jain, N. (2023). Real-Time Kidney Stone Detection Using YOLOv5 in Portable 

Ultrasound Devices.[10] P. Sharma and N. Jain introduce a real-time object detection approach for kidney 

stone detection using the YOLOv5 model, optimized for portable and low-power ultrasound systems. The 

authors trained their model on a dataset of annotated ultrasound images with custom augmentation techniques 

such as rotation, noise addition, and brightness adjustment to simulate real-world scenarios. The system 

achieved an accuracy of 91.8% with an inference speed of under 30ms per image, demonstrating its viability 

for real-time clinical use. The paper highlights how YOLOv5’s lightweight architecture makes it suitable for 

deployment on mobile devices and in rural settings.The study concludes that real-time deep learning models 

offer promising avenues for accessible and effective kidney stone detection in point-of-care scenarios. 

 

EXISTING SYSTEM: 

 

Existing kidney stone detection systems primarily rely on medical imaging techniques such as ultrasound, 

CT, and MRI, supported by machine learning and deep learning approaches. Traditional methods, 

including the Watershed algorithm and Canny Edge Detection, assist in basic segmentation but often 

struggle with noise and low image contrast, particularly in ultrasound. More recent systems employ CNN-

based architectures for automatic feature extraction and classification, achieving improved accuracy. 

Hybrid models combining CNN with SVM, or integrating techniques like Fuzzy C-Means Clustering, 

further enhance detection precision. Some advanced studies propose multimodal fusion, merging 

ultrasound with CT or MRI to leverage the strengths of each modality, resulting in better performance 

and reduced false results. Despite these advancements, existing systems are often limited by small 

datasets, lack of real-time implementation, and reduced generalizability across varied clinical scenarios. 

Overall, current methods show potential but require further refinement for robust, real-world deployment.  
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PROPOSED SYSTEM: 

The proposed system focuses on the automated detection of kidney stones in medical imaging using 

advanced deep learning techniques, specifically Convolutional Neural Networks (CNNs). Traditional 

kidney stone diagnosis through CT or ultrasound imaging demands significant time and expertise, often 

resulting in inconsistencies due to human fatigue, image noise, or subtle stone appearances. To overcome 

these limitations, this system introduces a reliable and efficient CNN-based model trained on labeled 

kidney images to identify the presence or absence of stones. CNNs are ideal for this task due to their 

capability to extract spatial hierarchies and complex patterns such as edges, shapes, and textures from 

medical images. The system includes a preprocessing stage involving image enhancement, noise 

reduction, and normalization to improve model performance. The complete workflow encompasses 

image acquisition, preprocessing, feature extraction using CNN, and binary classification. The final 

output indicates whether a kidney stone is present, providing rapid, consistent analysis, particularly 

valuable in environments with limited radiological expertise or for preliminary screening. While it does 

not offer treatment advice, the system supports early detection and faster diagnostics. Future 

improvements may include multi-class classification for severity grading and integration with electronic 

health records for comprehensive analysis. 

METHADOLOGY: Kidney Stone Detection System has 8 modules: 

 

1. Requirement Analysis 

 Identify key stakeholders like radiologists, healthcare professionals, and developers. 

 Define functional requirements such as binary classification, model accuracy, and image 

enhancement. 

 Define non-functional requirements including reliability, latency, and scalability. 

 

2. System Design 

 Develop a modular system involving preprocessing, CNN-based model inference, and annotated 

output generation. 

 Design an organized file structure to handle image input, model loading, and result visualization. 

 Integrate image input/output pipelines using Streamlit for ease of use. 

 Build a back-end capable of handling real-time model inference with image uploads. 

3. Data Collection and Preprocessing 

 Use kidney ultrasound image datasets with labeled stone and non-stone images. 

 Perform preprocessing such as resizing, normalization, and noise removal. 

 Convert images to numpy arrays suitable for CNN input. 

 Augment data to improve model generalization. 

4. Deep Learning Model 

 Implement a CNN-based model (pre-trained or custom) for kidney stone classification. 

 Optimize model with suitable loss functions and optimizers (e.g., Cross Entropy Loss, SGD) 

 Train using a split dataset (training and validation). 

 Evaluate using metrics such as accuracy, F1-score, precision, and recall. 

5. Image Analysis and Inference 

 Load model checkpoint (.pt file) during runtime for prediction. 

 Accept user-uploaded ultrasound image and convert to suitable input format. 

 Run inference and detect presence of kidney stones. 

 Annotate prediction results on image (e.g., bounding box, label). 
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6. Visualization and User Interface 

 Build an interactive UI using Streamlit for uploading and viewing results. 

 Display original and analyzed images side by side. 

 Provide a button for initiating analysis on uploaded images. 

 Ensure responsive design and user-friendly interface for medical professionals. 

7. System Implementation 

 Use Python with Streamlit for UI and model interaction. 

 Use libraries such as PIL, NumPy, and Torch for processing and model inference. 

8. Deployment and Maintenance 

 Deploy the application on a local or cloud platform for accessibility. 

 Monitor model performance and update with new data periodically. 

 Collect feedback from domain experts to improve system accuracy. 

RESULTS & ANALYSIS 
 

 

 

 

 

 

 

 

 

 

 

Figure1: Home page for Stock Price Prediction Interface 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure2: Uploading & Analyzing Ultrasound image 
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Figure3: Output of Kidney Stone Detection Image 

CONCLUSION: 

 

Our project offers an efficient solution for detecting kidney stones using ultrasound images and deep 

learning, centered around a pre-trained model integrated into a Streamlit-based web application. Users 

can upload images for instant analysis, receiving annotated results that aid in rapid clinical decision-

making. The system architecture, comprising a user interface, web server, and model server, ensures 

scalability and maintainability. Its modular design allows for future enhancements, including broader 

medical capabilities and integration with hospital systems. The use of ultrasound makes it ideal for low-

resource settings. Real-time analysis minimizes delays, and explainable outputs enhance clinical trust. It 

supports potential mobile deployment and EHR integration, making it a practical and adaptable healthcare 

tool. With continuous model improvement and larger datasets, detection accuracy can be further 

increased. This project demonstrates how AI can bridge the gap in medical applications and expand 

access to quality healthcare. 
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