IJSART - Volume 11 Issue 1 — JANUARY 2025

ISSN [ONLINE]: 2395-1052

Kidney Stone Detection From Ultrasound Images
Using Canny Edge Detection And CNN Classification

Dr.Vidhya K*, Chandana G K?, Divya Shree S*
!Associate professor Dept of Information science and Engineering
2.3Dept of Information science and Engineering
1.2.3 East West Institute of Technology, Banglore, India

Abstract- Kidney stone detection is a critical task in
diagnosing and managing urological disorders. This project
focuses on developing a robust system for kidney stone
detection using ultrasound images. The methodology
integrates Canny edge detection for initial image
preprocessing and segmentation, followed by advanced
Convolutional Neural Networks (CNNs) for accurate
classification. The system not only detects the presence of
kidney stones but also identifies the type of stone present,
aiding in precise treatment planning. Additionally, the project
includes modules for detecting hydronephrosis, a potential
complication of kidney stones, and predicting the recurrence
of kidney stones based on patient-specific data and patterns
derived from the imaging results. A comprehensive kidney
health score is generated, providing a holistic evaluation of
renal health by incorporating stone detection, type
classification, hydronephrosis detection, and recurrence
prediction. This innovative approach leverages K- means
clustering and fuzzy C-means for enhanced segmentation,
ensuring high precision in detecting and analyzing anomalies
in kidney ultrasound images. The proposed system aims to
assistclinicians with a reliable, non-invasive diagnostic tool.
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I. INTRODUCTION

Kidney stones are a common and painful urological
condition affecting millions worldwide. Early and accurate
detection of kidney stones is critical to prevent severe
complications such as hydronephrosis, infections, and long-
term renal damage. Ultrasound imaging, being non-invasive,
cost- effective, and widely accessible, is a preferred diagnostic
modality for detecting kidney stones. However, the manual
interpretation of ultrasound images is challenging due to noise,
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variability in image quality, and overlapping features of other
kidney abnormalities, such as tumors or cysts.

This project aims to address these challenges by
developing an automated kidney stone detection system
utilizing advanced image processing and machine learning
techniques. The system employs Canny edge detection for
preprocessing and segmentation of ultrasound images,
ensuring clear boundary identification of kidney structures. A
Convolutional Neural Network (CNN) is utilized for accurate
classification, enabling the detection of kidney stones and
determining the type of stone present.

In addition to stone detection, the project
incorporates functionality to identify hydronephrosis, a
condition caused by the blockage of urine flow due to stones.
Furthermore, the system predicts the likelihood of kidney
conditions, distinguishing between normal kidneys, stones,
cysts, and tumors, hydronephrosis, evaluates the overall
kidney so view of kidney health. The final output includes a
comprehensive Kidney Health Score, integrating stone
presence, type, recurrence risk, and hydronephrosis
evaluation.

This automated approach seeks to assist healthcare
professionals by delivering accurate, fast, and reliable
diagnostics, enabling timely intervention and improving
patient outcomes. By combining ultrasound imaging with Al-
powered analysis, this project addresses a critical need for
non-invasive, cost-effective solutions in nephrology.

Il. LITERATURE SURVEY

Ultrasound is a widely accepted imaging modality for
diagnosing kidney stones due to its non- invasive nature and
safety compared to ionizing radiation-based techniques.
Research shows its effectiveness in detecting large stones
buthighlights challenges in identifying smaller or less
echogenic stones [1], [2]. This indicates the needfor advanced
processing techniques to enhance diagnostic accuracy.
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Edge detection algorithms, such as the Cannyedge
detection, have been extensively used for medical image
segmentation.  Studies  emphasizeits effectiveness in
identifying organ boundaries and structural abnormalities in
ultrasound images, despite challenges posed by noise and low
resolution [3], [4].

The introduction of CNNSs has revolutionized medical
imaging by enabling automated feature extraction and high-
accuracy classification. CNNs have demonstrated success in
diagnosing kidney stones, with models fine-tuned for
ultrasound images showing improved performance despite
noise and artifacts [5]. However, there is limited work
combining CNNs with preprocessing techniques likeedge
detection for enhanced results. Hydronephrosis, a key
indicator of Kkidney health,is traditionally evaluated
subjectively via ultrasound imaging. Recent advancements in
machine learning have enabled objective detection and
quantification of hydronephrosis severity [7]. Additionally,
studies suggest that integrating multiple diagnostic factors into
a unified Kidney Health Score can provide a more holistic
assessment of kidney function [8]. Although significant
advancements have been made in kidney stone detection,
existing methods often lack integration of comprehensive
diagnostics. Current approaches do not combine edge
detection and CNNs to address challenges in ultrasound
imaging. Furthermore, holistic scoring systems incorporating
stone recurrence and hydronephrosis are underexplored. This
work aims to bridge these gaps by developing an automated
system for kidney stone detection, classification, and kidney
health evaluation.

I11. EXISTING SYSTEM

Ultrasound is a widely used, non-invasive imaging
technique for detecting kidney stones. However, the process
heavily depends on the expertise of radiologists to identify
stones from low-contrast, noisy images. This manual approach
often leads to variability in accuracy, particularly for detecting
smaller stones or distinguishing them from surrounding tissue
structures. Some computer- aided systems have been
developed to assist in identifying kidney stones from imaging
data. These systems use traditional image processing
techniques, such as thresholding and morphological
operations, for stone segmentation and detection. While
effective for larger stones, these methods struggle with edge
cases like faintly echogenic or small stones due to limited
robustness against noise. Machine learning models, such as
Support Vector Machines (SVM) and Decision Trees, have
been applied to kidney stone detection [9,10]. These models
rely on handcrafted features extracted from images, such as
texture, intensity, and shape descriptors. However, their
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performance is limited by the quality of features and the lack
of end-to-end learning capabilities.

Existing systems focus primarily on detecting stones
but often neglect other critical factors such as stone type,
recurrence probability, and kidney health. Moreover,
hydronephrosis evaluation is typically conducted as a separate
process, requiring additional tools and expertise. However,
their performance is limited by the quality of features and the
lack of end-to-end learning capabilities.

IV. DISADVANTAGES OF EXISTING
SYSTEM

The existing systems for kidney stone detection have
several disadvantages. They rely heavily on manual expertise,
making the results dependent on the skill and experience of
radiologists, which can lead to inconsistent diagnoses. These
systems struggle to detect small or less echogenic stones due
to noise and low contrast in ultrasound images, limiting their
sensitivity.

Traditional image preprocessing methods often fail to
handle the noisy data common in ultrasound imaging
effectively. Additionally, most systems focus solely on stone
detection without addressing important aspects such as stone
type classification, recurrence prediction, and hydronephrosis
evaluation, resulting in a fragmented diagnostic approach.

Basic machine learning models used in some systems
are constrained by their reliance on handcrafted features,
which are often inadequate for capturing complex patterns in
medical images, leading to suboptimal performance. Manual
segmentation and feature extraction processes increase the
time required for diagnosis, and separate evaluations for
related conditions like hydronephrosis further complicate the
workflow. Furthermore, current systems do not offer a
comprehensive kidney health score, which would help
clinicians assess the overall kidney condition more effectively.
These limitations underscore the need for an advanced,
automated system that integrates robust image processing,
deep learning techniques, and holistic diagnostics.

V. PROPOSED SYSTEM

The proposed system is an advanced, automated
solution for detecting kidney stones and assessing kidney
health using ultra sound images. It integrates Canny edge
detection for precise kidney segmentation, Convolutional
Neural Networks (CNNs) for accurate classification, and a
comprehensive framework for evaluating kidney health
Reduces dependence on manual expertise, ensuring consistent
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and objective results. The key components and functionalities
of the proposed system are as follows:

° Preprocessing and Edge Detection: Ultrasound
images are preprocessed to enhance their quality by
reducing noise and improving contrast. Canny edge
detection is applied to segment the kidney region,
enabling clear visualization of structures and
abnormalities.

o Kidney Stone Detection and Classification: A CNN-
based classifier is employed to identify the presence of
kidney stones with high accuracy. The system further
classifies detected stones based on their type (e.g.,
calcium oxalate, uric acid), which is essential for
personalized treatment planning.

° Prediction of Stone Recurrence: The system includes
a predictive model to estimate the likelihood of kidney
stone recurrence, based on extracted features and
historical data. This provides valuable insights for
preventive care.

o Hydronephrosis Evaluation: The system evaluates the
severity of hydronephrosis, a condition characterized by
kidney swelling due to obstructed urine flow.
Quantitative measures of hydronephrosis are integrated
into the diagnostic process to assess kidney function.

o Kidney Health Scoring: A Kidney Health Score is
generated, combining key parameters such as stone
presence, type, recurrence  probability, and
hydronephrosis severity. This score provides a holistic
assessment of kidney health, aiding clinicians in
decision-making.

° Automation and User-Friendlylnterface: The entire
process, from preprocessing to generating the Kidney
Health Score, is automated, reducing manual effort and
ensuring consistency.

A user-friendly interface is designed to display
results, including diagnostic findings and visual outputs like
segmented images and health scores.

This system addresses the limitations of existing
methods and enhances diagnostic efficiency, reliability, and
accuracy, ultimately improving patient care and outcomes.
Provides an automated and robust solution for detecting and
classifying kidney stones from noisy ultrasound images.
Offers a holistic diagnostic framework, integrating stone
detection, classification, recurrence  prediction, and
hydronephrosis evaluation. Reduces dependence on manual
expertise, ensuring consistent and objective results. Generates
a Kidney Health Score for comprehensive kidney health
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evaluation, aiding in personalized treatment and preventive
strategies.

VI. ARCHITECTURE
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figl.Proposedsystemarchitecture

The architecture of the proposed kidney stone
detection and kidney health evaluation system is divided into
several key modules to ensure efficient and accurate results.
The system begins with the input layer, where ultrasound
images of the kidney are provided as raw data for processing.
The preprocessing module handles noise reduction and
contrast enhancement. Ultrasound images are filtered to
remove speckle noise using methods like Gaussian or median
filters. Additionally, contrast enhancement techniques such as
Histogram the system begins by receiving the ultrasound
image, which undergoes preprocessing to enhance its quality.
The Kidney structures are then segmented using Canny edge
detection. After extracting essential features, a CNN classifies
the presence and type of kidney stones. A recurrence
prediction model is applied, followed by an analysis of
hydronephrosis. The results are integrated into a
comprehensive Kidney Health Score, which is visualized
through an intuitive interface for clinicians.

This modular and automated approach ensures
accurate, efficient, and comprehensive analysis of kidney
stones and overall kidney health, facilitating better clinical
decision-making.

VII. MODULESANDIMPLEMENTATION

Data Collection : The dataset for kidney stone detection
should include ultrasound images of healthy kidneys, different
types of kidney stones, tumors, cysts, and hydronephrosis
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cases. These images can be collected from medical
institutions, hospitals, or public repositories. The dataset
should be annotated with labels for stone presence, stone type,
tumors, cysts, and hydronephrosis severity. Clinical data like
patient demographics and renal pelvic diameter can enhance
the dataset. Preprocessing steps such as image standardization,
noise reduction, and augmentation are needed. A large,
balanced dataset split into training,validation, and test sets will
enable effective deep learning model training and evaluation.

Preprocessing : For preprocessing the kidney ultrasound
image data, the following techniquescan be applied:

o Noise Removal: Ultrasound images often contain noise,
such as speckle filtering techniques like Gaussian Blur
or Median Filtering can be used to smooth the image
and reduce noise. These filters help in removing high-
frequency noise while preserving important image
features.

. Grayscale Conversion: Since ultrasound images are
often incolor, converting the images to grayscale
simplifies the analysis by reducing the complexity of
the data. Grayscale conversion is performed by
transforming the image from RGB to a single intensity
channel, which makes it easier to focus on structural
features like kidney stones, cysts, and tumors.

o Edge Detection using Canny Algorithm: After noise
removal and grayscale conversion, Canny Edge
Detection is applied to identify the boundaries of
objects within the ultrasound image. The Canny
algorithm works by detecting areas where there is a
significant change in pixel intensity, highlighting the
edges of structures like Kkidney stones and renal
boundaries. This process helps in isolating the relevant
structures for further analysis and classification.

° Segmentation and Feature enchancement :
egmentation is essential for isolating regions of interest
inultra sound images, and algorithms like K- Means
Clustering and Fuzzy C-Means (FCM) are effective for
this task. K-Means divides the image into distinct
clusters based on pixel intensity, grouping similar
intensity regions such as stones, cysts, or tumors. FCM
further enhances segmentation by allowing each pixel to
belong to multiple clusters with varying degrees of
membership, making it ideal for handling blurry or
uncertain boundaries common in ultrasound images.
After segmentation, features can be enhanced using
techniques like contrast adjustment or histogram
equalization, while edge detection methods such as
Canny are applied to refine object boundaries. These
steps improve the clarity and accuracy of the segmented
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regions, enabling better detection and analysis of kidney
abnormalities. By applying K-Means or Fuzzy C-Means
for segmentation, the system can effectively partition
the ultrasound image into distinct regions, enhancing
the visibility of critical features and enabling more
accurate detection and analysis of kidney conditions.

. Train and Load the model: For training, the
preprocessed and segmented dataset is split into
training, validation, and test sets. A Convolutional
Neural Network(CNN)is designed to classify kidney
conditions such as stones, tumors, cysts, and normal
states. The model is trained by feeding the training data
in batches, minimizing the loss using an optimizer like
Adam, and monitoring the performance on the
validation set to prevent over fitting. During training,
key parameters like learning rate, number of epochs,
and batch size are tuned for optimal performance.

Once the model achieves satisfactory accuracy, it is
saved in a suitable format, such as HDF5 (.h5) or a PyTorch
checkpoint file (.pt). This allows the model to be reloaded
without retraining, enabling real-time Kkidney condition
detection. To load the trained model, the corresponding library
(e.g., Tensor Flow or PyTorch) is used to restore the saved
weights. The model is then used for inference on new images
by preprocessing the input and passing it through the network,
which outputs predictions for kidney health, stone type, and
other conditions.

. Classification : The classification process begins by
preprocessing the new ultrasound image, including
resizing, noise reduction, grayscale conversion, and
normalization to ensure compatibility with the trained
model's input dimensions. The preprocessed image is
then fed into the trained model for the purpose of
importing features and classifies the kidney condition
into categories such as normal, stones(type-specific),
tumors, or cysts. The model's output is typically a set of
probabilities for each class, indicating the likelihood of
the input image belonging to each category. The class
with the highest probability is selected as the predicted
label. In addition to identifying the kidney condition,
the model can provide insights into related metrics, such
as the type of stone, recurrence likelihood, or the
presence of hydronephrosis, based on specific model
outputs.

VIII. APPLICATIONS

The applications of the kidney condition detection
system using Canny edge detection and CNN classification
include:
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. Automated Diagnosis: Assists healthcare
professionals in identifying kidney stones, tumors,
cysts, and other abnormalities quickly and accurately
from ultrasound images.

° Stone Type ldentification: Determines the type of
kidney stone (e.g., calcium oxalate, uric acid), aiding
in targeted treatment and dietary recommendations.

. Recurrence Prediction: Analyzes patterns to assess
the likelihood of kidney stone recurrence, helping in
preventive care planning.

° Kidney  Health  Monitoring:  Provides a
comprehensive kidney health score, Cost-Effective
Screening: Offers a low-cost solution for screening in
resource-limited areas, improving access to diagnostic
services. Chronic Disease Management: Monitors
chronic kidney conditions over time, enabling better
management and follow-up care.

IX. RESULTSANDDISCUSSION

The developed system provides a user-friendly
interface that allows users to browse and upload Kidney
ultrasound images for analysis. Upon uploading an image, the
system performs grayscale conversion to simplify the data and
improve processing efficiency. The image is then enhanced
using segmentation algorithms, specifically K- Means and
Fuzzy C-Means clustering, which effectively highlight regions
of interest such as stones, cysts, or tumors.
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fig2.Userinterfacetoupload

The processed image is analyzed by the trained CNN
model, which outputs a comprehensive kidney health score
based on the detected abnormalities. The system accurately
identifies the presence of kidney stones, determines their type
(e.g., calcium oxalate, uric acid), and provides insights into the
likelihood of recurrence. Additionally, the system evaluates
for hydronephrosis, offering a severity assessment.
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figd.Segmentation using k-means and fuzzy means
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X. CONCLUSION

The proposed system for kidney condition detection
and evaluation successfully integrates advanced image
processing and machine learning techniques to provide a
comprehensive diagnostic tool. By utilizing a user-friendly
interface, the system allows users to upload ultrasound images
and leverages grayscale conversion, K-Means, and Fuzzy C-
Means algorithms to enhance image features. The CNN-based
classification model accurately detects Kkidney stones,
identifies their types, predicts recurrence risks, and assesses
hydronephrosis severity, along with providing a detailed
kidney health score. This system serves asa cost-effective and
accessible tool for improving kidney health assessment,
particularly in resource- limited settings, and lays a foundation
for further advancements in automated medical diagnostics.

XI. FUTURE ENHANCEMENT

The proposed system can be further enhanced in
several ways to improve its accuracy, usability, and scope of
application. Future enhancements include incorporating a
larger and more diverse dataset of ultrasound images to
improve model generalization across varied patient
demographics and conditions. Advanced deep learning
techniques, such as transfer learning with pre-trained models,
could be integrated to enhance the system's classification
accuracy, especially for rare or complex kidney conditions.

The inclusion of 3D ultrasound image processing can
provide a more comprehensive analysis of kidney structure
and abnormalities. Real-time processing capabilities could be
developed to enable immediate diagnosis during ultrasound
scans. Additionally, integrating clinical data such as patient
history, lab test results, and genetic predisposition can
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improve predictive accuracy, particularly for stone recurrence
and chronic kidney diseases.

Further enhancements could include a mobile
application for remote diagnosis, allowing patients and
healthcare providers to access the system on- the-go.
Multilingual support and integration with electronic health
record (EHR) systems would also improve accessibility and
interoperability in diverse clinical environments. These future
developments will make the system even more robust, user-
friendly, and valuable in enhancing kidney health
management.
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