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INTRODUCTION

Urolithiasis [1-7] is a disease in which substances in urine pre-
cipitate, harden like stones in the kidneys, and move along the 
urinary tract. The diagnosis of urolithiasis is confirmed based 

on the patient’s clinical symptoms and findings from a physical 
examination, urine examination, and radiography. A simple 
urinary tract scan can confirm the presence of stones, but sim-
ple radiography cannot diagnose invisible stones. In addition, 
ureter stones may be difficult to distinguish because they are 

Original Article

https://doi.org/10.5213/inj.2346070.035
pISSN 2093-4777 · eISSN 2093-6931

Vo
lum

e 19 | N
um

b
er 2 | June 2015   pages 131-210

IN
J

IN
T

E
R

N
AT

IO
N

A
L 

N
E

U
R

O
U

R
O

LO
G

Y
 JO

U
R

N
A

L

Official Journal of 
Korean Continence Society / Korean Society of Urological Research / The Korean Children’s Continence 
and Enuresis Society / The Korean Association of Urogenital Tract Infection and Inflammation

einj.org
Mobile Web

pISSN 2093-4777
eISSN 2093-6931

IN
T

E
R

N
AT

IO
N

A
L  N

E
U

R
O

U
R

O
LO

G
Y

  JO
U

R
N

A
L

Int Neurourol J 2023;27(1):70-76

Purpose: In this paper, we propose an optimal ureter stone detection model utilizing multiple artificial intelligence technolo-
gies. Specifically, the proposed model of urinary tract stone detection merges an artificial intelligence model and an image 
processing model, resulting in a multimethod approach.
Methods: We propose an optimal urinary tract stone detection algorithm based on artificial intelligence technology. This meth-
od was intended to increase the accuracy of urinary tract stone detection by combining deep learning technology (Fast R-CNN) 
and image processing technology (Watershed).
Results: As a result of deriving the confusion matrix, the sensitivity and specificity of urinary tract stone detection were calcu-
lated to be 0.90 and 0.91, and the accuracy for their position was 0.84. This value was higher than 0.8, which is the standard for 
accuracy. This finding confirmed that accurate guidance to the stones area was possible when the developed platform was used 
to support actual surgery.
Conclusions: The performance evaluation of the method proposed herein indicated that it can effectively play an auxiliary role 
in diagnostic decision-making with a clinically acceptable range of safety. In particular, in the case of ambush stones or urinary 
stones accompanying ureter polyps, the value that could be obtained through combination therapy based on diagnostic assis-
tance could be evaluated.
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covered by pelvic bones, feces, or other organs. However, ureter 
stones can be confirmed by urinary tract imaging or computed 
tomography. In many cases, it may be difficult to confirm the 
presence of stones, which is an important part of the clinical di-
agnosis. Therefore, this paper attempted to develop an artificial 
intelligence (AI) model that can help detect urinary tract stones 
and evaluated its accuracy.

AI has begun to be used in various medical fields. The uro-
logical system is no exception, and AI research is actively un-
derway throughout the entire cycle of the analysis, diagnosis, 
treatment, and management of urological diseases. The applica-
tion of AI technology has mainly focused on the tasks of diag-
nosis and analysis, and methods have been proposed to assist 
clinicians in the diagnosis. A recent analysis compared various 
AI models that assist in the diagnosis of urinary tract stones [8]. 
In this paper, we propose an optimal ureter stone detection 
model utilizing various AI technologies. Specifically, we com-
pared and evaluated AI methods such as machine learning, 
deep learning, and image processing to find a way to detect uri-
nary tract stones more effectively. For machine learning, we 
used a representative segmentation method (support vector 
machine [SVM]). For deep learning, we used a ResNet-50 [9-
13] and Fast R-CNN as representative convolutional network 
(CNN) methods. Image processing was conducted using an ef-
ficient watershed method for circular objects considering the 
shape of stones.

Performance evaluations yielded the best results for ResNet-50, 
but some false positive (FP) results were derived from general 
images, especially when the foreign object portion or boundary 
and grayscale information were very ambiguous. To reduce the 
number of FP results, further studies are needed to improve 
weight optimization. Nevertheless, the high sensitivity of the 

proposed method indicates its accuracy and effectiveness. Fast R-
CNN has been found to show a similar level ofperformance to 
ResNet-50. However, cross-validation indicated significantly 
lower sensitivity. Finally, SVM faces problems with the value of 
the function to be used as an input. Specifically, it seems to be too 
inefficient to perform detection tasks for stone materials due to 
difficulties in processing value information and data for the en-
tire area. The morphological properties of stone and other ob-
jects appear to be inaccurate given differences in information 
density and height, requiring the processing of additional attri-
bute information as a separate area of interest.

Among the image processing methods, the results of the effi-
cient watershed method for detecting circular objects showed 
superior performance compared to SVM. This is thought to 
have been possible because marker-based feature information 
was used instead of a general gradient image. Although this 
method involves a relatively simple process, it seems that it 
yields superior performance compared to SVM algorithms, 
with clear results and few caveats.

As such, AI research in various fields of urinary tract stone 
detection has been conducted. Therefore, this study extends the 
concepts of existing studies by conducting a multimethod ap-
plication considering accuracy in detecting the location of uri-
nary tract stones. Fig. 1 presents is a conceptual diagram of the 
whole research. This comparative approach will be described in 
detail in the next sections.

MATERIALS AND METHODS

In this paper, we propose an optimal urinary tract stone detec-
tion algorithm based on AI technology. This method was in-
tended to increase the accuracy of urinary tract stone detection 

Fig. 1. The conceptual diagram of the whole research [8]. 

Fig. 1. The conceptual diagram of the whole research
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by combining deep learning technology and image processing 
technology. We refer to this method as “polymorphism,” where 
2 results are fused to identify the exact location of the urinary 
tract stone. For the AI technology, this study used Fast R-CNN 
as a CNN method, and image processing utilized the watershed 
method for circular objects considering the shape of stones. 
The results of these 2 methods were merged to determine the 
final location of the urinary tract stones. First, the ureter region 
was detected in continuous abdominal images through Fast R-
CNN, and then the final position of the ureter stone was de-
rived through comparison with the region detected through the 
watershed method. Fig. 2 presents a diagram of the proposed 
method.

Fast R-CNN-Based Technology for Object Detection
Numerous studies in the medical field have demonstrated ex-
cellent performance in the field of machine learning with ad-
vances in high-performance hardware and big data by applying 
image recognition, voice classification, recognition, and object 
detection through deep learning. Among them, convolutional 
neural networks (CNNs) [14], which are widely used in image 
recognition, are deep learning models developed to overcome 
overfitting, local optimal convergence, and gradient extinction 
by modifying the structure of existing artificial neural networks. 

CNNs outperform conventional object detection and learning 
methods that automatically detect features from input images, 
and have the advantage of being able to extract and learn fea-
tures from a single structure.

Among them, R-CNN performs affine image warping in each 
area, as a region-based deep learning technique with CNN func-
tionality, and then generates a region proposal using selective 
search. An optional search algorithm [15] based on a bottom-up 
approach measures similarity for each region to integrate or 
eliminate the region. R-CNN has a complex structure and has 
the disadvantage of verifying each region; thus, its computation 
volume increases as it generates and provides 2,000 candidate 
regions. The CNN distorts and cuts each learning area of the in-
put image; thus, it structures much of the learning area, leading 
to image deformation and loss problems. To overcome these 
shortcomings, Fast R-CNN [16] was proposed.

Fast R-CNN is a domain-based deep learning method that 
generates feature maps using CNNs, excluding fully connected 
layers of input images and region of interest (RoI). An RoI pool-
ing layer is constructed that extracts fixed-length feature vectors 
from feature maps so that various learning regions can enter the 
fully connected layers. Features are extracted through the RoI 
pooling layer and then learned through the full connection lay-
er. After learning, softmax and cross-entropy are used to classify 

Fig. 2. The diagram of the proposed method. CT, computed tomography [8].
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the object detection part, the classifier and the bounding box 
regression, and predict the detection area. In R-CNN, the prob-
lem of not being able to update CNN features in response to 
linearly independent SVMs and object domain coordinates (i.e., 
the problem of complex learning structures), is solved using 
multi-task loss of Fast R-CNN and end-to-end learning struc-
tures. Fig. 3 presents a structure of the Fast R-CNN.

This paper analyzed several abdominal images of patients 
with urinary tract stones using the corresponding Fast R-CNN. 
This was done to find the ureter in the continuous images, and 
the final primary candidate region was detected using the 
learned ureter feature information.

The Watershed Method for Object Detection
The watershed method [17,18] was applied for image process-
ing to detect the original shape of the stone. The principle of the 
watershed algorithm is that when calculating the slope from an 
original image, the gray level has a high value and a low value, 
and viewing the slope as having a topographical meaning en-
ables an analysis of the image. The watershed algorithm also as-
sumes that there is a hole in the minimum value of the inclined 
image, and the water begins to rise little by little through the 
hole and to merge into another puddle; at this point, a dam is 
formed to prevent this merger. A line composed of these dams 
is expressed as a watershed line, and an image included in the 
watershed line is divided.

The watershed algorithm has a problem of overdifferentiation 
because it expands the area based on the local minimum. As a 
method for controlling this oversegmentation, marker control 
catchment is a method of determining external and internal 
markers and correcting the calculated slope again to solve the 
problem of oversegmentation. Marker selection ranges from 

simple methods to size, shape, location relative distance, and 
texture range. The important point here is that the use of mark-
ers introduces prior knowledge related to segmentation prob-
lems.

The area detected through the watershed method was deter-
mined as the candidate area of the stone. Geometrically, a stone 
is a circular object, suitable for the application of the watershed 
method. Based on the derived stone’s candidate area, we 
checked whether it overlapped with the previously derived ure-
ter area.

Final Urinary Stone Derivation Stage
We compared the previously calculated Fast R-CNN-based uri-
nary tract region detection results with the watershed-based 
urinary tract region detection results. This involved comparing 
the ureter candidate area and the ureter stone candidate area, 
and the overlapping area was interpreted as the position of the 
final ureter stone. The ureter area was considered when evaluat-
ing the accuracy of the location of the urinary stones. To deter-
mine overlap, the area, derived as 1 through the multiply opera-
tion of the ureter candidate area and the urinary tract stone can-
didate area, was judged as the final urinary tract stone.

RESULTS

The criteria for performance evaluation are the determination 
of (1) the presence or absence of urinary tract stones and (2) 
their location. In evaluating the presence or absence of urinary 
tract stones, the sensitivity, specificity, and accuracy are evaluat-
ed by calculating a confusion matrix that compares the results 
of the proposed model to the correct reference values for the 
presence or absence of urinary tract stones. The evaluation data 

Fig. 3. The structure of the Fast R-CNN. CNN, convolutional network; RoI, region of interest.
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comprised 150 cases of urinary tract stones and 150 cases of 
normal data.

Fig. 4 explains the concepts of intersection and cross-valida-
tion for combinatorial calculations, and the sensitivity was cal-
culated using the number of true-positive, FP, and false-nega-
tive results. The details are shown in Table 1.

We conducted 10-fold cross-validation, splitting the data into 
9 sets for learning and 1 for testing a total of 10 different times. 
As a criterion for efficiency, the sensitivity and specificity of 
whether urinary tract stones were detected were evaluated 
based on a threshold 0.8, and the location of urinary tract 
stones was evaluated based on an accuracy of 0.8. The confu-
sion matrix for whether urinary tract stones are detected is cal-
culated by deriving the presence or absence of stones as values 

of 1 and 0, respectively. For the location of urinary tract stones, 
a confusion matrix was derived by calculating the intersection 
over union (IoU) value (basis: 0.3) of the derived area.
A comparative evaluation with existing methods was also per-
formed using values from existing studies [8].

As a result of deriving the confusion matrix, the sensitivity 
and specificity of urinary tract stone detection were calculated 
to be 0.90 and 0.91, and the accuracy for their position was 0.84. 
This value was higher than 0.8, which is the standard for accu-
racy, as shown in the following table. For SVM, it is thought 
that there is a problem with the feature value used as the input 
value. Mainly, the morphological and strength information of 
the stone is processed using it as feature values, which seems to 
be inefficient for matching throughout the entire area. Morpho-
logical information considers density and extensibility, and it 
seems that inaccurate results were derived if the difference be-
tween the characteristics of the stone and other object regions 
was small. Therefore, it was determined that it would be neces-
sary to use additional characteristic information or to separately 
cut and process the area of interest.

Among the image processing methods, the watershed meth-
od, which is effective for detecting circular objects, showed su-
perior performance compared to SVM. A possible explanation 
for this is that marker-based feature information was used in-
stead of a general gradient image. Similarly, the feature infor-
mation used in the marker was the morphological information 
and intensity of the stone, and the presence of the stone was fi-
nally determined through the target marker from the segmen-
tation results. Although this was a relatively simple process, it 
showed superior results to those obtained using the SVM algo-
rithm.

The proposed method was able to detect urinary stones ac-

Table 1. Performance evaluation results of cross-validation

Cross-validation
Sensitivity (TP/FN/FP)

Proposed method SVM

1 0.922 (415/15/153) 0.876 (390/11/178)

2 0.885 (392/20/42) 0.910 (410/22/35)

3 0.906 (410/21/81) 0.798 (371/14/98)

4 0.892 (389/20/232) 0.910 (414/12/218)

5 0.905 (425/18/182) 0.920 (429/29/178)

6 0.924 (430/14/131) 0.864 (398/15/167)

7 0.910 (428/15/162) 0.895 (391/12/193)

8 0.888 (381/15/240) 0.910 (407/14/223)

9 0.900 (399/21/128) 0.812 (372/18/145)

10 0.916 (421/15/151) 0.832 (387/18/179)

Average sensitivity        0.903        0.873

TP, true positive; FN, false negative; FP, false positive; SVM, support 
vector machine.

Fig. 4. The intersection over union (IoU) calculation (left) and concept of cross-validation (right) [8]. 

U-healthcare

Fig. 4. The IoU calculation(Left) and concept of cross validation(Right)
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curately through a method involving fusion, by first detecting 
the exact ureter area based on the Fast R-CNN AI method and 
then judging the candidate area of urinary stones using the wa-
tershed method.

DISCUSSION

AI has started to be applied in various medical fields. The uro-
logical system is no exception, and AI research is actively con-
ducted for the entire cycle of analysis, diagnosis, treatment, and 
management of urological diseases. Most AI applications are 
being studied as an auxiliary means of patient treatment, and 
increasingly many models using highly advanced technologies 
are being developed.

In this paper, we propose an optimal ureter stone detection 
model utilizing multiple AI technologies. Specifically, the pro-
posed model of urinary tract stone detection merges an AI 
model and an image processing model, resulting in a multi-
method approach. The AI model was used to extract the ureter 
region as the primary region by applying Fast R-CNN, and the 
image processing model was used to extract the urinary tract 
stone candidate areas through the watershed method. The uri-
nary tract area and the urinary tract stone area were compared 
to determine the overlapping area as the urinary stone.

In an evaluation of the performance evaluation of the pro-
posed model, a sensitivity of 0.90 and a specificity of 0.91 were 
derived for whether urinary tract stones were detected. These 
were higher than the reference values of 0.8. In addition, the 
positional accuracy of urinary tract stones was 0.84, which was 
also higher than the reference value of 0.8. These findings con-
firmed the model’s validity. It was possible to compare these re-
sults with those obtained using the SVM and watershed meth-
ods. The SVM method has a problem with the values of the 
function to be used as an input. Specifically, it encounters inef-
ficiencies in performing detection tasks for stone materials due 
to difficulties in processing value information and data for the 
entire area. Differences in information density and height seem 
to cause inaccuracies in the morphological properties of stone 
and other objects, requiring additional attribute information to 
be processed as a separate area of interest. Among the image 
processing methods, the efficient watershed method showed 
superior performance for detecting circular objects compared 
to SVM. A likely explanation for this is that marker-based fea-
ture information was used instead of a general gradient image. 
Despite the simplicity of the process, it yielded superior results. 

Thus, the proposed multimethod type method was confirmed 
to be more accurate and efficient.

In addition to diagnosis, future research will be conducted on 
real-time surgical guide technology and risk prediction tech-
nology for patient management, with potential applications of 
the resulting algorithms in general surgery.

The performance evaluation of the method proposed herein 
indicated that it can effectively play an auxiliary role in diagnos-
tic decision-making with a clinically acceptable range of safety. 
In particular, in the case of ambush stones or urinary stones ac-
companying ureter polyps, the value that could be obtained 
through combination therapy based on diagnostic assistance 
could be evaluated. This study verified the safety and effective-
ness of this AI model for the management and prevention of 
medical disorders, and the findings establish a basis for the use 
of this multimodal technology by doctors, which could be fur-
ther evaluated in clinical trials.
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