
 

 

Volume 12, Issue 11, Nov 2022                                 ISSN 2457-0362 Page 634 

 

CHRONIC KIDNEY DISEASE DETECTION 

¹Mukku Venkateswara Reddy, ²Punna Mahesh, ³M Sandeep, ⁴Velugu Sankeerthana 

123Assistanct Professor, 4UG Scholar, Department of CSE, Brilliant Institute of Engineering & 
Technology, Abdullapurmet(V&M) Ranga Reddy Dist-501505 

ABSTRACT 

This paper presents an innovative approach to detecting kidney stones using ultrasound 
images. We address a significant challenge in healthcare by applying advanced image 
processing and machine learning techniques to enhance the detection and classification of 
kidney stones. Our study begins with a thorough literature review that evaluates the current 
state of technology and identifies the limitations of existing kidney stone detection systems. 
Based on this review, we propose a novel system that addresses these limitations, offering 
improved accuracy and timeliness in diagnosis. This new approach is designed to advance 
patient care by providing more reliable and prompt detection of kidney stones, ultimately 
contributing to better clinical outcomes. 

I. INTRODUCTION 

Kidney stones, also known as renal calculi, 

are a prevalent and painful condition 

affecting millions of individuals worldwide. 

They form when substances in urine 

crystallize, leading to obstruction and severe 

pain, among other symptoms [1]. Accurate 

and timely diagnosis is crucial for effective 

treatment and to prevent recurrence, but 

current diagnostic methods face several 

challenges. 

Ultrasound imaging has emerged as a 

preferred non-invasive technique for 

detecting kidney stones due to its safety and 

efficacy [2]. Traditional methods, however, 

often struggle with sensitivity and 

specificity issues, which can lead to missed 

diagnoses or false positives [3]. Recent 

advancements in image processing and 

machine learning offer promising solutions 

to these limitations by enhancing the ability 

to detect and classify kidney stones from 

ultrasound images [4][5]. 

Despite these advancements, existing 

systems still exhibit significant limitations, 

including variability in detection 

performance and the need for extensive 

manual intervention [6]. A comprehensive 

review of the literature reveals that while 

there has been progress, many systems fall 

short in terms of robustness and accuracy 

[7][8]. This highlights the need for more 

effective solutions that can provide reliable 

and timely results in clinical settings. 

In response to these challenges, this project 

proposes a novel approach that integrates 

advanced image processing techniques with 

machine learning algorithms to improve 

kidney stone detection from ultrasound 

images. Our proposed system aims to 

overcome the shortcomings of current 

methods by offering enhanced accuracy and 

efficiency, thereby advancing patient care 

and diagnostic practices. 

II.EXISITING SYSTEM  
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The conventional approach to kidney stone 

detection primarily involves the use of 

ultrasound imaging. This method captures 

real-time images of the kidneys and 

identifies stones based on their echogenicity 

and shadowing effects. Ultrasound is widely 

used due to its non-invasive nature and the 

absence of ionizing radiation, which makes 

it a safer option compared to other imaging 

modalities such as computed tomography 

(CT) scans. The interpretation of ultrasound 

images is typically performed manually by 

radiologists, who assess various 

characteristics of the stones, including size, 

number, and location. Despite its benefits, 

conventional ultrasound imaging presents 

several notable disadvantages. One major 

limitation is the variability in interpretation. 

The effectiveness of stone detection heavily 

relies on the radiologist's experience and 

expertise. This subjectivity can lead to 

inconsistencies in diagnostic outcomes, 

where some stones may be missed or 

misclassified depending on the skill level of 

the radiologist. Such variability undermines 

the reliability of the diagnostic process, 

posing a challenge to achieving consistent 

and accurate results. 

Another significant drawback is the limited 

sensitivity and specificity of ultrasound 

imaging. Small stones or those with atypical 

characteristics can be challenging to detect, 

resulting in false negatives. Conversely, 

certain benign structures might be 

misidentified as stones, leading to false 

positives. These limitations affect the 

overall diagnostic accuracy and can result in 

inappropriate patient management or 

unnecessary treatments. In addition, the 

process of manually examining ultrasound 

images is time-consuming. Radiologists 

must carefully review each image, which 

can delay both diagnosis and treatment, 

particularly in high-volume clinical settings. 

This delay can negatively impact patient 

care by extending the time before a 

diagnosis is confirmed and treatment is 

initiated. The quality of ultrasound imaging 

also depends significantly on the operator’s 

skill. Variability in imaging techniques and 

the experience of the operator can lead to 

inconsistent diagnostic results. This 

dependence on operator proficiency 

introduces a significant limitation, as it can 

affect the overall reliability of the diagnostic 

process. Moreover, while efforts have been 

made to integrate automation into 

ultrasound systems, many still rely heavily 

on manual interpretation. The absence of 

fully automated solutions means that the 

diagnostic process remains prone to human 

error and inefficiencies. This highlights a 

critical need for advancements in 

automation to enhance the accuracy and 

efficiency of kidney stone detection. 

III.PROPOSED SYSTEM  

Our proposed system utilizes advanced 

image processing methods to preprocess 

ultrasound images, thereby improving their 

quality and highlighting relevant features 

associated with kidney stones. We employ 

convolutional neural networks (CNNs), a 

type of machine learning algorithm, to 

analyze these preprocessed images. The 

CNNs are trained on a comprehensive 

dataset of labeled ultrasound images, 

allowing the system to learn intricate 

patterns and features indicative of kidney 

stones. This machine learning approach 

enables the system to perform automated 

detection and classification of stones, 

offering several key benefits over traditional 

methods. 
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➢ Advantages of the Proposed System 

One of the primary advantages of our 

proposed system is its enhanced diagnostic 

accuracy. By leveraging machine learning 

algorithms, the system can identify subtle 

patterns and features in ultrasound images 

that may be missed by the human eye. This 

increased sensitivity and specificity result in 

more accurate detection of kidney stones, 

reducing the likelihood of false negatives 

and false positives. As a result, patients 

receive more reliable diagnoses, leading to 

better management and treatment outcomes. 

Another significant advantage is the 

reduction in variability and subjectivity 

associated with manual interpretation. 

Traditional ultrasound imaging relies 

heavily on the radiologist's experience and 

skill, which can introduce inconsistencies in 

diagnosis. Our system standardizes the 

detection process through automated 

analysis, minimizing the impact of human 

error and providing a consistent approach to 

stone detection. This consistency helps 

ensure uniform diagnostic results across 

different operators and clinical settings. The 

proposed system also offers increased 

efficiency in the diagnostic process. 

Automation of stone detection reduces the 

time required for image analysis, allowing 

for faster diagnosis and treatment initiation. 

This is particularly beneficial in busy 

clinical environments where timely 

intervention is crucial. The system's ability 

to quickly process and analyze images 

improves workflow efficiency and reduces 

the burden on radiologists. Additionally, the 

use of advanced image processing and 

machine learning techniques allows for 

adaptability and continuous improvement. 

The system can be updated and retrained 

with new data to enhance its performance 

over time. This adaptability ensures that the 

system remains effective as imaging 

technologies and diagnostic criteria evolve. 

Finally, the integration of machine learning 

into the diagnostic process supports the 

development of decision support tools that 

can assist radiologists in making more 

informed clinical decisions. By providing 

additional insights and recommendations, 

the system complements the expertise of 

healthcare professionals, ultimately leading 

to improved patient care. 

 

Architecture diagram 

IV.METHODOLOGY 

➢ Data Collection : The first step in our 

methodology is the collection of 

ultrasound images of kidneys from 

multiple clinical sources. This diverse 

dataset is essential for training and 

evaluating the system effectively. We 

ensure that the dataset includes a variety 

of kidney stone types, patient 

demographics, and image qualities. 

Ethical approval is obtained to use 

patient data, and all images are 

anonymized to protect patient privacy. 
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➢ Image Preprocessing : Following data 

collection, the images undergo 

preprocessing to enhance their quality 

and prepare them for analysis. 

Preprocessing includes noise reduction 

through filtering to eliminate artifacts, 

normalization to standardize image 

intensities, and enhancement techniques 

such as contrast stretching and 

histogram equalization to improve the 

visibility of stone features. These steps 

are crucial for improving the clarity and 

consistency of the images. 

➢ Feature Extraction : In the feature 

extraction phase, relevant 

characteristics of the kidney stones are 

identified and isolated from the 

preprocessed images. This process 

involves extracting key features such as 

stone size, shape, echogenicity, and 

shadowing effects using advanced 

image processing techniques. Accurate 

feature extraction is vital for training 

the machine learning models to 

recognize and classify kidney stones 

effectively. 

➢ Model Development: The core of our 

proposed system involves developing a 

convolutional neural network (CNN). 

The model is designed with an 

architecture tailored to ultrasound 

images, including specific layers, filter 

sizes, and activation functions. The 

CNN is trained on a large subset of the 

dataset, using labeled images to enable 

the model to learn distinguishing 

features of kidney stones. Performance 

metrics such as accuracy, precision, 

recall, and F1-score are used to evaluate 

the model during training. 

➢ Model Evaluation : After training, the 

model’s performance is rigorously 

assessed using a separate test dataset 

that was not involved in training or 

validation. Evaluation metrics include 

sensitivity and specificity to measure 

the model's ability to correctly identify 

kidney stones and differentiate them 

from non-stones. We also use a 

confusion matrix to analyze true 

positives, true negatives, false positives, 

and false negatives, and a receiver 

operating characteristic (ROC) curve to 

evaluate the trade-offs between 

sensitivity and specificity. 

➢ Integration and Testing: The trained 

model is then integrated into a user-

friendly software application designed 

for clinical use. This application allows 

radiologists to upload ultrasound 

images and receive automated 

diagnostic feedback. The integrated 

system undergoes extensive testing to 

ensure it operates correctly in real-

world clinical environments and meets 

the required standards for accuracy and 

reliability. 

➢ Deployment and Feedback: Following 

successful integration, the system is 

deployed in a clinical setting as part of a 

pilot study. Feedback is collected from 

radiologists regarding the system’s 

usability, accuracy, and impact on 

workflow efficiency. This feedback is 

crucial for making iterative 

improvements to the system and 

ensuring it meets the needs of its users 

effectively. 

➢ Continuous Improvement : Based on 

the results from the pilot study and 

ongoing user feedback, the system is 

continuously refined and updated. This 

involves retraining the model with new 

data, adjusting algorithms, and 

enhancing the software interface to 

improve performance and user 
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experience. Continuous improvement 

ensures the system remains effective 

and relevant in the evolving field of 

medical imaging. 

To run project double click on ‘run.bat’ file 
to get below screen 

 

In above screen click on ‘Upload Chronic 
Kidney Dataset’ button to upload dataset 
and get below output screen 

 

In above screen selecting and uploading 
dataset file and then click on ‘Open’ button 
to load dataset and get below output 

 

In above screen dataset loaded and in graph 
x-axis contains ‘CKD or NON-CKD’ labels 
and y-axis represents count and using this 
graph we are showing number of CKD and 
NON-CKD patients available in dataset. In 
above screen we can see dataset contains 
both numeric and non-numeric data and by 
applying label encoding class we will 
convert non-numeric data to numeric data 
by clicking on ‘Preprocess Dataset’ button 
and get below output 

  

In above screen we can see all dataset 
values converted to numeric format and in 
last lines we can see dataset contains 400 
records and then using 320 records for 
training and 80 records for testing. Now 
dataset is ready and now click on ‘Run CNN 
Algorithm’ button to train CNN and get 
below output 

 

In above screen with CNN we got 96% 
accuracy and we can see other metrics also 
like precision, recall and FSCORE. CNN is 
one of the optimized algorithm so we may 
get accuracy between 94 to 100% for 
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different runs. In above confusion matrix 
graph x-axis represents Predicted Labels and 
y-axis represents True Labels and different 
colour boxes represents Correct prediction 
count and blue colour boxes contains 
incorrect prediction count which are only 3. 
Now close above graph and then click on 
‘Run LSTM Algorithm’ button to train 
LSTM and get below output 

 

In above screen with LSTM we got 93% 
accuracy and now click on ‘Run Ensemble 
Random Forest’ algorithm button to train 
ensemble CNN with random forest and get 
below output 

 

In above screen with Ensemble CNN 
Random Forest we got accuracy as 98% and 
we can see improvement in recall and 
FSCORE compare to CNN and LSTM. Now 
click on ‘Comparison Graph’ button to get 
below graph 

 

In above graph x-axis represents algorithm 
names and y-axis represents accuracy and 
other metrics in different colour bar and in 
all algorithms Ensemble CNN with Random 
Forest got high accuracy and now close 
above graph and then click on ‘Predict 
Disease from Test Data’ button to upload 
test data and get below output 

 

In above screen selecting and uploading 
testData.csv file and then click on ‘Open’ 
button to load dataset and get below output 

 

In above screen in square bracket we can 
see test data and then after =➔ arrow 
symbol we can see predicted values as 
‘CKD or NOTCDK’ 
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V.CONCLUSION 

Ultrasound imaging is an effective and non-

invasive method for detecting kidney stones, 
offering real-time results without the use of 
radiation, which makes it a safer and cost-
effective option compared to CT scans. It 
provides valuable information about the size 
and location of stones and is particularly 
useful for initial diagnosis and ongoing 
monitoring. However, its resolution may be 
limited for very small stones, and the 
accuracy can vary based on the operator's 
skill and patient factors. Often, ultrasound is 
used alongside other imaging methods to 
ensure a thorough assessment. Overall, 
ultrasound is a key tool in the diagnosis and 
management of kidney stones, balancing 
safety and efficacy while supporting 
comprehensive treatment planning. 
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