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Abstract—

Serious complications may be avoided with early
diagnosis and treatment of kidney stones. This article
proposes an automated approach to medical imaging
kidney stone detection using Convolutional Neural
Networks (CNNs). Because of its sophisticated data-
extracting capabilities, the CNN model may identify
patterns in CT or ultrasound scan images that may
indicate the presence of kidney stones. The proposed
approach achieves good generalizability to fresh data
by training on a large dataset of annotated
photographs. The kidney stone detection model
achieves a remarkable 97% accuracy via the
application of deep learning methods, which
accelerates the diagnostic process and reduces the
need for human interpretation. The main objective is
to propose a convolutional neural network (CNN)
method for the detection of kidney stones using
medical imaging modalities such X-rays, CT scans,
and ultrasounds. We aim to enhance -clinical
diagnostic performance and patient care by
developing an automated system that is both precise
and efficient. Retinopathy, Convolutional Neural
Networks, Computed Tomography, Automated
Detection, Deep Learning

I. INTRODUCTION

Imaging modalities including computed tomography
(CT) scans, ultrasounds, and X-rays are the backbone
of traditional methods for kidney stone detection.
These methods are effective, but they put users at risk
of ionizing radiation, which is particularly dangerous
when scanning many times. The time-consuming and
subjective manual interpretation of these images
further increases the risk of radiologists making
incorrect diagnoses. The paper "Beyond prevalence:
The annual cumulative incidence of kidney stones in
the United States" [1] was published in the Journal of
Urology in 2021 by Tundo et al. This research study

examines the cumulative yearly incidence of kidney
stones in the US and provides valuable insights that
go beyond mere prevalence data, adding to our
knowledge of this frequent medical condition. The
use of Convolutional Neural Networks (CNNs) and
other machine learning techniques for the
interpretation and diagnosis of medical images has
become increasingly popular in the last few years.
Convolutional neural networks (CNNs) are a kind of
deep learning algorithms that can autonomously and
adaptively generate hierarchical feature
epresentations from image input. Anatomical
segmentation, illness classification, and tumor
identification are just a few of the medical imaging
tasks in which they have shown exceptional
efficiency. For automated kidney stone diagnosis
utilizing coronal CT scans, a model Darknetl9
feature generating approach was suggested in [2].
This research, which was published in the journal
Artificial Intelligence in Medicine, adds to the
growing body of work that improves medical
imaging diagnostics by automating the process of
kidney stone diagnosis. In[15], a deep learning model
for automatic kidney stone identification was
constructed using coronal CT images. Their study
enhances the accuracy and diagnostic effectiveness of
kidney stone identification and develops automated
detection approaches; it was published in Computers
in Biology and Medicine. The use of convolutional
neural networks (CNNs) for the detection of kidney
stones has many potential advantages. Convolutional
neural networks (CNNs) are trained on massive
datasets of kidney stone pictures to accurately detect
and classify stones based on their shape, texture, and
size. In addition, medical personnel may make quick
clinical decisions with the use of CNN-based
detection systems, which can automate and speed up
the diagnostic process. Using medical imaging data,
we provide a CNN-based approach to identify kidney
stones in this research. In order to automatically
detect kidney stones on various imaging modalities,
including X-rays, CT scans, and ultrasounds, our
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objective is to develop a trustworthy and accurate
algorithm. Utilizing deep learning methods, the
kidney stone detection model attains remarkable
accuracy, hence reducing reliance on human
interpretation and expediting the diagnostic process.
Here are the parts of my suggested research
framework: In the first part, you will find the
introduction. The second section will provide the
related works. The third section will explain the
proposed method. The fourth section will detail the
results and discussion. Finally, the last section will
consist of the conclusion.

II. RELATED WORKS

Preventative measures, such as a change in diet and
increased water intake, are essential to reduce the
prevalence of kidney stones, a serious health
problem. The changes in the prevalence of kidney
stones in the US from 2007 to 2016 are examined in
the research provided by [4]. Having knowledge of
these patterns is crucial for public health planning
and allocating resources. One method for detecting
kidney stones is offered by [5] using computed
tomography imaging. The modified Stone Score
(mSS) is one way to assess the degree of kidney
stone disease. Patients arriving to the emergency
room with flank pain were the subjects of a research
that evaluated its efficacy [6], Researchers looked
explored the correlation between the number of white
blood cells (WBCs) in urine and the prevalence of
untreated urolithiasis in individuals with sudden UTI
symptoms [7]. According to [8], an FPGA
architecture was provided for efficient renal image
classification using an algebraic histogram feature
model and sparse deep neural network (SDNN).
Their work improves medical imaging technology,
particularly for diagnosing kidney disease, using
innovative hardware implementation and
computational methodologies. Radiation dosimetry
and patient involvement in standard X-ray diagnostic
procedures were studied in [9]. Important information
for enhancing safety protocols in medical imaging
facilities is provided by their study, which sheds light
on the probable link between radiation exposure
levels and patient engagement. According to [10], a
comprehensive overview of deep learning's uses in
medical imaging has been provided. Their study
included a wide range of topics, including imaging
features, technological advancements, potential
future uses, and case examples of breakthroughs.
Morimoto et al. developed a computational approach
to medical diagnostics using convolutional neural
networks (CNNs). In order to detect urinary tract
stones automatically on standard X-rays, [11]
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provided this information. The findings of their study
may lead to more accurate and efficient methods of
detecting kidney stones in diagnostic procedures.
According to Wang et al. In order to autonomously
segment the tibia and femur from X-ray pictures, it
was proposed in [12] to use a pure dilated residual U-
Net architecture. Using medical picture registration
as an example, Fu et al. reviewed deep learning
applications. As stated in [13] Their findings
illuminate the current state of deep learning methods,
as well as their challenges and potential for
improving the efficacy and accuracy of medical
picture registration processes. With the use of coronal
CT scans, a novel method for automated kidney stone
diagnosis was suggested by [14]. Feature extraction
and efficient segmentation algorithms are crucial in
medical imaging for the detection of renal disorders,
according to previous research. Renal illness
diagnosis and treatment planning may be greatly
improved with the use of advanced image processing
methods, according to the available research. The
study's overarching goal is to enhance medical
imaging data analysis of renal disorders using feature
extraction from CT images processed using CNN.

III. PROPOSED METHOD

An extensive and diverse library of medical image
samples, containing both positive and negative
instances of kidney stones. These images are sourced
from datasets on Kaggle. The images to ensure
uniformity and boost model performance. Using
normalization, augmentation, and standardizing
image scaling, the dataset may be expanded. Separate
the dataset into three parts: testing, validation, and
training or training. Typically, about 70% to 80% of
the data is used for training, while 10-15% is used for
validation, and the rest is used for testing. Inspect
these sets to ensure that the number of positive and
negative instances is balanced.
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Fig. 1. Block Diagram

Figure 1 is a block diagram depicting the method for
detecting kidney stones using CT scan images. It
comprises collecting CT scans of the kidneys (stone-
free and otherwise), cleaning and preparing the
images, training a convolutional neural network
(CNN) using the Xception method to identify
features, and finally, displaying the results. One
powerful deep learning model for image analysis is
the Xception approach, which achieves outstanding
results in picture categorization tasks. The system
may improve the speed and accuracy of kidney stone
detection by integrating this approach into a CNN
architecture. This allows for quick diagnosis and
treatment. Automating the detection process is one
way this technology might help medical staff make
better diagnoses, which in turn improves patient
outcomes.

TP+TN

accuracy = — +TN +FP+FN

With unbalanced training data, accuracy—though a
simple metric—could be skewed. Consequently, we
also used the four supplementary metrics mentioned
before. The proportion of patients with kidney stones
who were correctly predicted to have the disease is
known as recall, which is another term for sensitivity.
Provided with sensitivity

TP

Sensitivity = ————
y TP+ FN

One way to determine specificity is by looking at the
proportion of individuals who were accurately
predicted to be negative for the illness among those
who did not have kidney stones.
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TN

specificity = ————
Py = Fp TN
One way to measure accuracy is by looking at the
proportion of patients who were really diagnosed
with kidney stones out of all the people who were
predicted to have the condition.

Tr

precision TP FP
One specific variant of the comprehensive
performance statistic known as the F-measure is the
Fl-measure. If Fl-measure is equal to 1, then recall
and accuracy are both represented equally.
Conversely, the F1-measure places more emphasis on
recall than accuracy when is bigger than 1, and vice
versa. The F1-measure is obtained from Equation (5),
where larger values indicate better performance.

Precision x Recall

Fy — measure = (14 %) — —
A [ "(5* x Precision) + Recall

The F-measure finds a happy medium between recall
and accuracy by using parameter. It takes the value of
both metrics and combines them into one score,
giving more weight to recall or accuracy, depending
on your preference. Precision is better when is less
than 1, but recall is better when is more than 1. An
improved F-measure indicates a more balanced
relationship between recall and accuracy.
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Fig. 2. CNN Architecture

As shown in Figure 2, a typical design for a
Convolutional Neural Network (CNN) includes
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convolutional layers, pooling layers, and fully linked
layers. With the use of learnable filters, convolutional
layers are able to extract information from input
pictures. The spatial dimensions are reduced by
pooling layers but crucial details are preserved. In
order to classify or predict, fully connected layers
integrate the characteristics that have been retrieved.
Variations in layer depth and connectivity
characterize common convolutional neural network
(CNN) designs such as VGG, ResNet, and Inception.
Image categorization, object recognition, and medical
image analysis (including kidney stone diagnosis) are
just a few of the many applications of convolutional
neural networks (CNNs). CNNs automatically build
hierarchical representations of features from input.

IV. RESULTS AND DISCUSSION

When it comes to medical diagnostics, Convolutional
Neural Networks (CNNs) provide a practical way to
use deep learning for the identification of kidney
stones. Medical imaging data, such as CT scans—
commonly used to detect kidney stones—can be
processed by CNNs because to their exceptional
pattern recognition capabilities. When training the
ResNet model, we made use of both augmented and
nonaugmented datasets. We improved the data by
rotating, translating, magnifying, shrinking, and
shear-mapping the original photographs. Each picture
in the augmented dataset (which had the same
amount of photographs as the non-augmented
dataset) was randomly applied using these data
augmentation approaches after each iteration to
ensure that the training data varied between rounds.
The results were then compared according to loss and
accuracy.
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Kidney_stone Kidney_stone

Fig. 3. Dataset

The data is shown in Fig3. The first step is to
preprocess the CT scan images so that characteristics
related to kidney stones may be highlighted while
noise is minimized. Afterwards, these pictures are
sent into the CNN model for analysis. In order to
retrieve hierarchical data from the input pictures, a
convolutional neural network (CNN) uses a number
of layers, including fully connected, pooling, and
convolutional ones. It is possible to train a
convolutional neural network (CNN) to detect kidney
stones from normal photos by changing its internal
parameters using a method called backpropagation.
To train the model, we utilize a large number of
annotated CT images that include kidney stones or
not.
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Fig. 4. Training and validation data
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The data points range from 200 to 300, with
increments of 10, since there is a difference of 10
between 200 and 210. * One hundred data points are
provided from 300 to 400, in increments of 10, due to
the fact that there is a ten-point gap between 300 and
310. « You get 100 data points from 400 to 500 (in
increments of 10) since there is a 10-point difference
between 400 and 410. « Given that 510 is 10 points
less than 500, we get 100 points ranging from 500 to
600, with each increment representing a difference of
10. The range of 600-700 (in increments of 10) is
covered by 100 data points, since the difference
between 600 and 610 is 10.

Confusion matnx

Kidney stone

fctual

Normal

Kidney stone
Normal

Predicted

Fig. 5. Confusion MMatrix

The Predicted column lists the categories that the
model has been allocated. The Normal class results
are shown in the first row. The model got 158 out of
165 actual Normal occurrences (True Positives) right,
however it got 7 False Positives (Kidney Stones)
wrong. * The second row shows the outcomes of the
Kidneystone class. While 178 were wrongly labelled
as Normal (False Negatives), the model successfully
identified 158 as Kidneystone (True Positives) out of
184 actual cases. By using the confusion matrix, one
may calculate several metrics to evaluate the model's
performance, such as accuracy, precision, recall, and
Fl-score.
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Fig. 6. Recurring Values

On the right side of the graph, labeled "Interactions,"
you can see a bar graph with repeated numbers (Fig.
6). Once the first bar shows a value of 10, two bars
follow with a value of 15 in a row. The last bar is
worth five points. The distance between each bar is
the same.

precision  recall fl-score  support

Kidney stone B.93 0.%6 0.97 163
flormal .96 0,98 6.97 181

accuracy 8.497 346
Macro avg 8.97 0.97 0.97 346
weighted avg .97 8,97 8,97 346

Fig. 7. Overall performance with CNN-based model

As seen in Figure 7, The provided classification
metrics provide strong performance with excellent
recall, accuracy, and F1-score, which prove that the
classes were correctly classified. There are few false
positives and negatives when the recall is 97% and
the accuracy is 97%. The 96.5% F1-score, which
finds a happy medium between recall and accuracy,
proves that the model is doing well
With a 97% success rate, the model demonstrates
general competency in accurately classifying events.
The model's performance over several classes is
represented by these metrics, which are computed by
adding the weighted average—a statistic that takes
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into consideration class imbalances—to the final
score.

Fig. 8 Predicted Output

According to the description, Fig. 8 shows two x-rays
of the patient's abdomen, one showing a normal
condition and the other an abnormal one. The
aberrant x-ray clearly shows a kidney stone. See the
text behind the image for further details on the x-
rays. Lines two and five imply an uncommon
circumstance, whereas lines one, three, and four
likely represent the regular scenario. The presence of
the kidney stone in the abnormal x-ray is presumably
indicated by the phrases "De" (perhaps abbreviated
from "d'etect'e," the French word for "detected") in
the fifth line and "Stone" in the second line.

V. CONCLUSION

In order to diagnose and treat this painful condition
quickly, kidney stone detection is an essential part of
healthcare. Imaging techniques such as computed
tomography (CT), X-rays (X-rays), and ultrasounds
allow for the exact detection of kidney stones
depending on their size, composition, and location.
Automation of the detection process has the ability to
streamline it while also reducing human error,
according to recent breakthroughs in machine
learning methods. However, current methods for
diagnosing kidney stones are not without their flaws,
despite these advancements. One big negative is the
use of imaging techniques, which could not always
provide a complete assessment of the stones,
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especially when working with smaller or less dense
stones. In addition, there are risks associated with
radiation exposure from imaging modalities,
particularly when they are used often or for long
periods of time. In addition, the cost of these
imaging procedures can prevent some people from
getting the help they need right away, which might
postpone diagnosis and treatment.

Research into kidney stone detection in the future
should concentrate on these problems so that we may
find solutions that are more accurate, less intrusive,
and cost-effective. Researchers could look into how
to incorporate state-of-the-art technologies like Al
and ML into clinical practice to build prediction
models that can identify individuals at risk of kidney
stones using a variety of biomarkers and risk factors.
It is also important to develop new imaging
techniques for kidney stone diagnosis that are more
sensitive and specific while using less radiation and
costing less money. Additionally, research should
prioritize the development of point-of-care diagnostic
tools that might allow for accurate and rapid kidney
stone detection in clinical settings, facilitating timely
intervention and treatment. Research on kidney stone
identification using convolutional neural networks
(CNNs) has shown promising advancements in
diagnostic efficiency and accuracy. For medical
image analysis tasks like kidney stone detection,
convolutional neural networks (CNNs) are a great
option due to their strength as deep learning
algorithms that can extract features directly from raw
data.  Working together, medical professionals,
academics, and tech companies can advance kidney
stone detection and treatment technologies and, in the
long run, benefit patients. Addressing these issues
and adopting new technology will improve future
approaches to kidney stone diagnosis and treatment.

REFERENCES

[1] Beyond prevalence: The annual cumulative
incidence of kidney stonesin the United States,
Tundo, G., Vollstedt, A., Meeks, W., Pais, V.
2021;205: 1704-1709. J. Urol. [Cross Reference]
[PubMed]

[2] Kidney X-ray images classifcation using machine
learning and deeplearning methods was published in
the Balkan Journal of Electrical andComputer
Engineering in 2021. It was written by I. K.
Aksakalli, S.Kac, dioglu, and S. Hanay.

[3] "Detection of kidney stone using digital image
processing: a holistic approach,”A. Khan, R. Das,
and M. Parameshwara, Engineering
ResearchExpress, vol. 4, no. 3, Article ID 035040,
2022.

1132


http://www.ijasem.org/

(L..um INTERNATIONAL JOURNAL OF APPLIED
) SCIENCE ENGINEERING AND MANAGEMENT

[4] Using a Novel Algorithm in Ultrasound Images to
Detect Renal Stones,S. Eskandari, S. Meshgini, and
A. Farzamnia, Springer, Berlin, Germany,2022.

[5] Vision transformer and explanatory transfer
learning models for auto detectionof kidney cyst,
stone, and tumor from CT-
radiography,ScientificReports, vol. 12, no. 1, pp.
11440-11514, 2022, by M. N. Islam, M.Hasan, M.
Hossain, M. G. R. Alam, M. Z. Uddin, and A. Soylu.
[6] Application of Kronecker convolutions in deep
learning techniquefor autonymated detection of
kidney stones with coronal CT images,Information
Sciences, vol. 640, Article ID 119005, 2023, K.
K.Patro, J. P. Allam, B. C. Neelapu, et al.

[7] Biomedical Engineering/Biomedizinische
Technik, vol. 68, no. 5, pp.481-491, 2023; O.
Sabuncu, B. Bilgehan, E. Kneebone, and O.
Mirzaei,Effective deep learning classification for
kidney stone using axialcomputed tomography (CT)
images.

[8] E”Depth in variant 3D-CU-net model with
completely connected denseskip networks for MRI
kidney tumor segmentation,” S. S. Parvathi, B.S.
Chandana, and J. Harikiran, Traitement du Signal,
vol. 40, no. 1, pp.217-225, 2023.

[9] Enhancement of MRI images of hamstring
avulsion injury using histogrambased approaches, T.
Tamizhvani, K. Ahmed, R. Hemalatha, A.Dhivya,
and R. Chandrasekaran, Multimedia Tools and
Applications,vol. 80, no. 8, pp. 12117-12134, 2021.
[10] Zhou, S.K.; Duncan, J.S.; Ginneken, B.;
Madabhushi, A.; Prince,J.L.; Rueckert, D.; Summers,
R.M.; Greenspan, H.; Davatzikos, C.Anoverview of
deep learning in medical imaging, including future
potential,imaging  characteristics,  technological
developments, and case  studiesshowcasing
advancements. I[EEE 2021 Proceedings, 109, 820—
838.

[11] Morimoto, S.; Muta, R.; Fujiwara, M.
Kawmura, N.; Kobayashi, M.;Ishioka, J.; Matsuoka,
Y.; Fukuda, Y.; Kohno, Y.; Kawano, K.; etal.
Convolutional neural network-based computer-aided
diagnosis  forautomated urinary tract  stone
identification on a standard X-ray. 2021;21 BMC
Urol., 1-10. [Cross Reference]

[12] Wang, Y.; Zhou, S.; Guo, S.; Shen, W.; Xu, W.;
Zhang, H.; Sun, Z.;Ma, J.; Ma, X. Inverse Problems
in Imaging 2021, 15, 1333; Automaticsegmentation
of femur and tibia bones from X-ray images based on
puredilated residual U-Net. [Cross Reference].

[13] Urinary stones segmentation in abdominal X-ray
images using cascadedU net pipeline with stone-
embedding augmentation and lesion sizereweighting
approach, W. Preedanan, K. Suzuki, T. Kondo, et al.,
IEEEAccess, vol. 11, pp. 25702-25712, 2023.

ISSN 2454-9940

Www.ijasem.org
Vol 19, Issue 2, 2025

[14] M. Baygin, O. Yaman, P. D. Barua, S. Dogan, T.
Tuncer, and U. R.Acharya, “Exemplar Darknet19
feature generationtechnique for automatedkidney
stone detection with coronal CTimages,” Artifcial
Intelligencein Medicine, vol.127, Article ID 102274,
2022.

[15] K. Yildirim, P. G. Bozdag, M. Talo, O. Yildirim,
M. Karabatak,and U.R. Acharya, “Deep learning
model for automated kidney stone detectionusing
coronal CT images,” Computersin Biology and
Medicine, vol. 135,Article ID 104569, 2021.

1133


http://www.ijasem.org/

