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Objectives  The objective of this study was to evaluate the performance of deep learning (DL) in the differentiation of 
distal ureteric calculi and non-calculous calcification on kidney, ureter and bladder (KUB) radiographs.

Methods A retrospective review of KUB radiographs of 204 patients with 235 distal ureteric stones and 138 patients 
with 235 non-calculous calcifications that had been previously identified by investigation, including CT, IVP or URSL, 
performed at the Department of Radiology, Faculty of Medicine, Chiang Mai University from September 2013 to  
September 2019. Every calcified density was selected and was cropped into small images. A total of 185 images from 
each group were randomly selected to be a training dataset and were applied to three pretrained DL networks (AlexNet, 
GoogLeNet and ResNet50).  The remaining 50 images in each group were reserved to be a blind testing dataset.  STATA 
version 14.2 software was used to analyze the sensitivity, specificity, positive predictive value (PPV), negative predictive 
value (NPV) and accuracy of each network.  Logistic regression was used to calculate the Area Under the Curve (AUC) 
and the Chi-squared test was used to compare the AUC between the three networks. 

Results  The sensitivity of the three DL networks was more than 80%, specificity more than 65%, PPV more than 70%, 
NPV more than 80% and accuracy about 80%.  The AUC (95% CI) of the AlexNet network in differentiation of ureteric 
calculi and non-calculous calcification was 0.79 (0.71-0.87) compared with 0.81 (0.74-0.88) for GoogLeNet and 0.82 
(0.74-0.90) for ResNet50 (p = 0.43).  

Conclusions DL provides good results in the differentiation of distal ureteric calculi and non-calculous calcification 
from KUB radiographs. Chiang Mai Medical Journal 2021;60(3):281-90. doi:  10.12982/CMUMEDJ.2021.25
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Introduction
Urolithiasis is one of the most important 

health issues in Thailand, and has an incidence 
rate that is rising significantly (1).  As most uro-
lithiasis are opaque on kidney, ureter, and bladder 
(KUB) radiographs but there are some limitations 
in the detection of calculi as well as the low sensi-
tivity of KUB radiographs, the American College 
of Radiology (ACR) has suggested that non-con-
trast CT (NCCT) abdomen and pelvis is the most 
rapid and accurate technique for evaluating acute 

onset flank pain where stone disease is suspected, 
whereas a KUB radiograph has less utility (2-6). 
However, in Thailand only about 29% of health 
care institutions have a CT machine and most of 
those are located in the big city (7).  The number 
of radiologists, important person who can make a 
more accurate diagnosis of urolithiasis, is also in-
sufficient in Thailand.  According to the database 
of the Medical Council of Thailand in 2019 there 
were only approximately 2,400 radiologists in the 
country (8).  This resource insufficiency particularly 
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affects public hospitals, especially those in suburbs  
which may not have either high diagnostic machines  
like the CT or specialist like radiologists. 

Artificial intelligence (AI) refers to an intelli-
gent agent that is capable of learning, reasoning, 
problem-solving and self-developing has been 
well known worldwide for many years (9).  AI has  
been used in the development of many augmented  
algorithms used in medical imaging.  Deep learn-
ing (DL), developed from machine learning (ML), 
is an image-based algorithm that can analyze  
input data from image pixels directly without an  
image segmentation and feature extraction process,  
and thus can provide more accurate results making  
it suitable for complicated tasks (10-12). DL has 
become popular in medical imaging in recent 
years. It is a powerful image processing tool that 
can be used in many areas of radiology (11,13).  
Because of its efficacy, open-source software and 
the relatively low cost of computer hardware (13, 
14), it is possible for healthcare providers to develop  
DL tools for use in their daily clinical practice. 

Among all ureteric calculi, the calculi located 
in the distal ureter are the most difficult to diag-
nose because they are located deep in the pelvic 
cavity and mostly of non-calculous calcification 
also locate in the pelvic cavity that may mimic 
calculi, especially phleboliths, the most published 
pitfall in distinguish from distal ureteric calculi 
(15,16).  To the best of our knowledge, there has 
been no published data regarding the use of DL 
to differentiate between distal ureteric calculi 
and non-calculous calcifications on a KUB radio-
graphs. We believe with the combination of DL, 
with its low radiation dose and the low cost of 
KUB radiography, can help physicians in medical  
centers that do not have a CT machine or a 
trained radiologist make more accurate diagnoses  
of calculi. The aim of our study was to evaluate 
the performance of deep learning in the differen-
tiation of distal ureteric calculi and non-calculous 
calcifications on a KUB radiographs.

Methods
Patient and Image Acquisition

There were two groups of patients in this study: 

those with a distal ureteric stone and those with 
non-calculous calcification in the pelvic cavity.  
Details of data collection in each group are as  
follows. 

To identify patients with a distal ureteric stone, 
we conducted a manual search of the database of 
the Faculty of Medicine, Chiang Mai University, 
for ICD-10 code N201 calculous of the ureter 
during the period September 2013 to September 
2019. The search identified 2,839 cases of ureteric 
stones. Our inclusion criteria were patients older 
than eighteen years with a confirmed diagnosis 
of distal ureteric stone by at least one diagnostic 
method, e.g., computed tomography (CT) abdo- 
men/urography/stone protocol, intravenous pyelo- 
gram (IVP) or ureteroscopic lithotripsy (URSL). 
Patients with a diagnosis of proximal or middle 
ureteric stone were excluded from the study.  We 
enrolled those patients who had a KUB radio-
graph performed within six months of the diag-
nosis date which was available for review on the 
picture archiving and communication system 
(PACs). The KUB radiographs of these patients 
had to present radiopaque distal ureteric calculi 
as determined by consensus of an experienced 
radiologist in genitourinary imaging and a third-
year resident training in radiology during a retro-
spective review. Any stones non-visualized on 
a KUB radiograph were defined as radiolucent 
stones and were excluded from the study. KUB 
radiographs that had included a retained ureteric 
stent were also excluded from the study. Finally, 
there were 204 patients with 235 distal ureteric 
calculi included in this group.

For patients with a non-calculous calcification 
in the pelvic cavity, a manual search of PACs for 
CT urography/stone protocol and IVP was per-
formed in the Department of Radiology, Faculty 
of Medicine, Chiang Mai University. This process 
consisted of a backward search beginning with 
September 2019 and continuing until 235 non-
calculous calcifications lesions had been identi-
fied, equal to the number of stones in the distal 
ureteric calculi group. The consensus of a retro-
spective review of CT or IVP conducted by an 
experienced radiologist in genitourinary imaging 
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and a third-year radiology resident was used to 
verify that these images were negative for distal 
ureteric calculi but did show the presence of other  
calcifications in the pelvic cavity. Patients that 
had both a distal ureteric stone and other calci-
fications in the pelvic cavity in the same investi-
gation were excluded from this group. The KUB 
radiograph of these patients had to have been 
performed within six months from the date of the 
CT/IVP. A total of 235 non-calculous calcifica-
tions were obtained from 138 patients.

Ethical approval
This study was approved by the Research  

Ethics Committee, Faculty of Medicine, Chiang 
Mai University (Study Code: RAD-2562-06738). 
For this type of study formal consent of the pa-
tient is not required. 

Deep learning
DL is an algorithm that uses multilayer compu- 

tational models resulting in the ability of the algo-
rithm to learn image features and to classify im-
ages directly from image pixels.  DL with convo-
lutional neural network (CNN) is one of the most 
popular supervised learning models for learning 
from labelled data (11-13).  The high task accuracy  
of DL, however, is dependent on massive training 
data which is expensive, computer-intensive and 
memory-demanding (17,18).  Due to the limits of 
the data sample in our study, we used the transfer 
learning method to solve these problems of DL 
with CNN. Transfer learning allows a CNN to 
learn from limited training data by transferring 
knowledge from the a pretrained network of large 

datasets to the target domain (17,18) (Figure 1). 
This method preserves only important neurons 
while removing unimportant neurons, resulting 
in a smaller sized CNN, thus reducing computa-
tional costs while still maintaining the ability to 
contribute to the target domain without degra-
dation of accuracy (17,18).   All the training and 
testing datasets were applied with three open-
source pretrained DL networks: AlexNet (19), 
GoogLeNet (20) and ResNet50 (21).

Data collection and image analysis
Patients’ demographic data, including sex, 

age, size of the lesion and the diagnostic tests of 
each patient, were collected.

A total of 342 KUB radiographs (204 from 
the distal ureteric calculi group and 138 from the 
non-calculous calcification group) were retro-
spectively reviewed and combined with CT/IVP/
URSL findings to identify and outline the loca-
tion of every calcification in the pelvic cavity on 
the KUB radiographs. 

Manual selection and cropping of a region of 
interest (ROI) for each calcification in the KUB 
radiograph was done with the patient’s name and 
hospital number anonymized (Figure 2).  The  
radiograph of each lesion was cropped to the 
actual size of the lesion and saved as a Portable 
Network Graphic (PNG) image and then was  
re-scaled into 256x256 pixels before being applied 
to each pretrained DL network.

Input data
The full input dataset of distal ureteric calculi 

and non-calculous calcifications was comprised 

Figure 1. DL with transfer learning process
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of 470 images, 235 images in each group. The 
images from each group were computerized and 
randomly divided into 185 images for the train-
ing dataset and 50 images for the blind testing 
dataset (Figure 3). 

First, the 370 images in the training dataset 
were applied and auto-augmented by each of the 
pretrained DL networks (AlexNet, GoogLeNet 
and ResNet50). After that, the 100 images of the 
testing dataset were applied and adjustment of 
the parameters of convolutional layers in each 
DL network was accomplished. Then the training  
dataset follow with the testing dataset were  
applied repeatedly to achieve the best satisfied 

performance in differentiating between distal 
ureteric calculi and non-calculous calcifications 
by each DL network. The summarized input data 
are shown in Figure 4. The parameter settings that 
resulted in the best performance by each DL net-
work in differentiating distal ureteric calculi and 
non-calculous calcifications is shown in Table 1. 

The performance of the DL in differentiating 
ureteric calculi and non-calculous calcifications 
was analyzed for sensitivity, specificity, positive 
predictive value (PPV), negative predictive value 
(NPV) and accuracy using STATA version 14.2 
software. The results are reported as percentages. 
Logistic regression was used to calculate the area 

Figure 2. Steps in manual selection and cropping of ROI

a

c

b

d
Figure 3. All input datasets were divided into (a) 185 images of distal ureteric calculi for training dataset, (b) 50 images 
of distal ureteric calculi for blind testing dataset, (c) 185 images of non-calculous calcifications for training dataset, and 
(d) 50 images of non-calculous calcifications for blind testing dataset
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Figure 4. The summarized input data and steps in calculating performance values 
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Figure 4. The summarized input data and steps in calculating performance values

Talbe 1. Parameter settings at which each DL network achieved the best performance in differentiating distal ureteric 
calculi and non-calculous calcifications

Network Learning rate Translation 
(pixels)

Scaling factor Rotation  
(degrees)

Max epoch Mini batch 
size

AlexNet 0.0001
GoogLeNet 0.0001 [-10-10] [0.8-1.2] [0-360] 20 8
ResNet50 0.00001

under curve (AUC) and the Chi-squared test was 
used to compare the AUC among the three DL 
networks. Results were considered to be statisti-
cally significant when the p-value was less than 
0.05.

Results
General data

The study included 342 patients with a calci-
fied density in the pelvic cavity as shown on KUB 
radiographs made between September 2013 and 
September 2019. There were 204 patients with 
a confirmed diagnosis of distal ureteric calculi 
(235 calculi) and 138 patients confirmed as non-

calculous calcifications (235 lesions). Our study 
included both male and female patients, with the 
number of males higher than females in both 
study groups. The mean age of the patients in the 
two groups was not statistically significantly dif-
ferent:  55.9 (± 13.9) years for the patients with 
distal ureteric calculi and 57.1 (± 13.1) years for 
the patients with non-calculous calcifications. 
The minimum and maximum size of lesions in 
both groups was also not significantly different, 
with the distal ureteric calculi ranging from 0.31 
to 3.80 cm. at the widest diameter, and non-cal-
culous calcifications ranging from 0.20 to 3.15 
cm. in the widest diameter. Demographic data of 
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the patients is shown in Table 2. 
There are many types of investigations that can 

be used to confirm the diagnosis and location of a 
distal ureteric stone. Confirmation in more than 
60% of cases in this study had come from the re-
sults of ureteroscopy lithotripsy (USRL) and the 
rest come from reviewing the CT images. For the 
non-calculous calcifications group, most of the 
original confirmations were based on a review of 
CT images. A summary of the types of investiga-
tion used to confirm the diagnoses in each group 
are shown in Table 3.

DL test results
After training and testing, the datasets were 

applied to each pretrained DL network including  
multiple adjustments of the parameters of the 
convolutional layer in each DL, the results were  
very satisfactory. AlexNet correctly diagnosed 
calculi in 44 of 50 lesions and correctly diagnosed 
non-calculous calcifications in 35 of 50 non-calculi  
lesions. GoogLeNet correctly diagnosed calculi in 
48 of 50 lesions and non-calculous calcifications 
in 33 of 50 lesions. ResNet50 correctly diagnosed 
both calculi and non-calculous calcifications in 
41 of 50 lesions (Table 4).  Each of the pretrained 

DL networks performed well in differentiating 
ureteric calculi and non-calculous calcifications. 
The sensitivity was more than 80% for all three 
networks, with GoogLeNet the highest at 96%. 
The specificity was more than 65% for all three 
networks with ResNet50 the highest at 82%. PPV 
was more than 70% for all three networks, with 
ResNet50 again the highest at 82%. NPV was  
more than 80% for all three networks with the 
highest being GoogLeNet (94.3%). Accuracy was 
about 80% with all three networks (range 79-
82%). The sensitivity, specificity, PPV, NPV and 
accuracy of each DL network are shown in Table 5.  
The AUC (95% CI) of the performance among the  
three networks in differentiating ureteric calculi 

Table 2. Demographic data of patients

Information Distal ureteric calculi Non-calculous calcifications All

Total patients
Male
Female
p-value 
Age (years)*

Size (cm.)

204
120
84

0.012
19-86 (55.9±13.9)

0.31-3.80

138
77
61

0.173
26-87 (57.1±13.1)

0.20 - 3.15

342
197
145

19-87 (56.3±13.6)

*Data shown are range (mean and standard deviation)

Table 3. Type of investigation used to confirm diagnosis 
of calculi or non-calculous calcification.

Investigation Distal ureteric 
calculi (number)

Non-calculous 
calcifications 

(number)
IVP
CT
URSL
Total

-
67

137
204

8
130

-
138

Table 4. Results of each DL model using the test dataset

Network Character Stone (number) Non-stone (number) Correct (%)

Stone
Non-stone

Stone
Non-stone

Stone
Non-stone

44
15
48
17
41
9

6
35
2

33
9

41

79AlexNet

81GoogLeNet

82ResNet50



Viriyaroj J, et al.	 Deep learning differentiate UC VS non-UC	 287

and non-calculous calcification were not signifi-
cantly different (p = 0.43). The AUC (95% CI) of 
each network is shown in Table 6.

Discussion
Urolithiasis is one of the most common uro-

logic problems, and its prevalence has progres-
sively increased in Thailand (1).  In our study, we 
found that the incidence of ureteric stones is quite 
high, nearly five hundred cases per year (2,839 
patients over a six-year period). Factors likely  
related to that increasing prevalence are multifac-
torial, e.g., changes in social and economic status 
common to developing countries, an increase in in-
dustrial workers, higher average temperatures and 
increased exposure to sunlight (2,3,15).  Another  
factor could be the increasingly widespread use 
of CT to evaluate patients with abdominal pain, 
not only in the emergency room but also in other 
outpatient units. 

Many studies have reported that urolithiasis 
mostly affects middle aged patients, with the peek 
incidence occurring in patients between 30-60 
years old (1,22).  In our study, the mean age of 
patients with distal ureteric calculi was 55.9 years 
(range 19-86). That range age in the present study 
appears wider than in previous publications.  One 
reason could be the longer lifespan of people and 
the better health care received by younger indi-
viduals, including earlier access to the health care 
services, resulting in more early investigations 
and early diagnoses.

Urolithiasis usually effects more males than 
females with ratios ranging from 1.3-5:1 (1,2), 
similar to our study which found a ratio of 1.4:1 
(p = 0.012). The non-calculous calcifications had 
no gender predilection (p = 0.173).

Although the number of lesions identified 
by investigation was equal in the distal ureteric 
stones group and the non-calculous calcifications 
group (235), the number of patients was not:  there 

Table 5. Performance of each DL network in differentiating ureteric calculi and non-calculous calcifications

Network Sensitivity 
(%)

Specificity 
(%)

PPV (%) NPV (%) Accuracy (%)

AlexNet
GoogLeNet
ResNet50

88.0 
96.0
82.0

70.0
66.0
82.0

74.6
73.8
82.0

85.4
94.3
82.0

79.0
81.0
82.0

0.
00

0.
25

0.
50

0.
75

1.
00

Tr
ue
 P
os
iti
ve
 ra
te
 (S

en
si
tiv
ity
)

0.00 0.25 0.50 0.75 1.00
False Positive rate (1 - Specificity)

ALexNet ROC area: 0.79 GoogLeNet ROC area: 0.81
ResNet50 ROC area: 0.82 Reference

ALexNet  VS  GoogLeNet  VS  ResNet50

Table 6. Area under the curve of each DL network’s performance in differentiating calculi and non-calculous 
calcifications
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were 204 patients in the former group and only 
138 in the latter. This result suggests that multiple 
lesions are more likely with non-calculous calcifi-
cations than with distal ureteric calculi. 

DL with a CNN is an effective supervised 
learning model that can analyze images pixel di-
rectly with no need to manually specify the algo-
rithm for geometric parameters that differentiate 
between calculi and non-calculous calcification 
as described by Lee (22). However, normally mas-
sive training data is needed to the high accuracy 
task of the DL.  Due to the relatively small quantity  
of training data in our study, the transfer learning 
method using a pretrained DL network was used. 
This method allows a CNN to learn from a limited  
amount of training data without degradation 
of accuracy (17,18). In our study, we used three 
well-known open source pretrained DL networks, 
AlexNet, GoogLeNet and ResNet50, which are 
not computation-intensive and memory-de-
manding. By training the networks first before 
repeatedly testing the datasets, collaborating with 
the adjusted parameters of each of the pretrained 
DL networks, the performance of each network 
in differentiating between ureteric calculi and 
non-calculous calcifications was quite good. A 
sensitivity of more than 80% was achieved with 
each of the networks, higher than the 60% sen-
sitivity of KUB radiographs in stone detection 
(2,4,5).  This result may be due to the ability of DL 
because all 100 testing images were “new lesions” 
which the algorithm had never seen before, thus 
there was no opportunity for an image recogni-
tion effect. However, the high sensitivity in our 
study may also be a result of selection bias as our  
study included only radiopaque stones, but in  
actual clinical practice we may be faced with radio- 
lucent stone which would decrease the sensitivity 
of KUB radiography. In terms of overall perfor-
mance, applying DL to the KUB radiographs in 
our study was superior to conventional KUB ra-
diography alone, had comparable performance 
with the US but was inferior to the performance 
of CT scans (4,5).  The DL method will help alle-
viate the problem of insufficient availability of 
high diagnostic radiologic machines as well as 

of radiologists in non-urban areas of Thailand. 
Healthcare providers will be able to use this open-
source software and low cost computer hardware 
with KUB radiographs to achieve better perfor-
mance in ureteric calculi differentiation, resulting 
in better management decisions for patient care. 
DL has the potential to continue to develop in the 
future, further improvement and data input can 
be served more and more (13).  So, we believe that 
with a larger amounts of input training data be-
come available and newer algorithms of DL are 
developed, it will result in continued improve-
ment in the performance of the algorithm in the 
future.

Radiologists should not be afraid of being re-
placed by DL because, even in a controlled envi-
ronment, DL can at best only be as good as but 
not better than humans. In real life the environ-
ment is not stable, data may be noisy and atypical 
patterns may occur (13). Thus, combining algo-
rithms with the knowledge and ability of radiolo-
gists will lead to ever better diagnostic accuracy. 
To that end, radiologists should begin to prepare 
for the coming era of hybridization between  
humans and machines.   

There were some limitations in our study. 
First, the training datasets were gathered from a 
single tertiary hospital and included only a small 
number of training images. Even though trans-
fer learning allows the use of a small number of 
training images, giving DL a greater number of 
training images could potentially improve clas-
sification accuracy. Second, the specific features 
that differentiate between calculi and non-calculi 
lesions were analyzed directly by DL and thus 
each of the geographic parameters could not be 
individually specified. Third, DL can be utilized 
only when there is a sufficient level of calcifica-
tion density in the pelvic cavity on the KUB  
radiograph, and radiolucent stones may result 
in a false-negative when DL is applied to a KUB  
radiograph. 

In future aspect of this study, more training 
datasets should be resourced and DL should be 
developed into a program that can be run on an 
imaging viewer workstation and can be used with 
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KUB radiographs to make it easier for radiolo-
gists and physicians to make diagnostic determi-
nations.

Conclusions
DL provides good performance in the differ-

entiation between distal ureteric calculi and non-
calculous calcifications on KUB radiographs. 
Further algorithm development with a greater 
number of training datasets would improve the 
diagnostic accuracy.
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ประสิทธิภาพของการเรียนรู้เชิงลึก (deep learning) ในการแยกระหว่างนิ่วในท่อไตส่วนปลายออก
จากหินปูนชนิดอื่น (non-calculous calcification) ที่ปรากฏบนภาพถ่ายเอกซเรย์ของ 
ระบบทางเดินปัสสาวะ (KUB radiograph)
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