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AHHOTALIUA

B pabote npefcraBneH cenekTMBHbIA 0630p IUTepaTypbl, MOCBALIEHHBIA UCTIONB30BAHMIO aNrOPUTMOB KOMMBIOTEPHOTO 3pe-
HWA ANS OWMarHOCTUKM HOBOOOpPa30BaHUiA MeYeHW M NOYeK, a TaKKe KaMHEeW B MOYEBLIAENUTENIHON CMCTEME Ha U30bpae-
HWSAX KOMMbIOTEPHOI TOMOrpadumn opraHoB HpIOLLHOI NOIOCTM W 3abpIOLLIMHHOMO NPOCTPaHCTBA.

B 0630p bbinn BKKOUEHDI CTaTbk, 0nybnnMKkoBaHHbIe 3a nepuog ¢ 01.01.2020 no 24.04.2023 rr.

B 3agaue cermMeHTaummn neyeHn u eé HoBoobpasoBaHMii anropuUTMbl, ONepUpYIOLLIME NMUKCENAIMM, NOKasanu HaubonbLume 3Ha-
YeHUst NapaMeTPOB AMArHOCTUYECKOW TOYHOCTY (TOUHOCTb gocTuraeT 99,6%; koadduumenT cxoactea daiica — 0,99). 3agaun
KnaccuduKaumum HoBoobpa3oBaHUA NEYEHN Ha TEKYLUMI MOMEHT NyYLUe PELLAloTCA BOKCEbHbIMW anroputMamMm (TOYHOCTb
no 82,5%).

CermMeHTaums NoYeK M WX HOBOOOpPa30BaHWiA, a TaKKe KiaccuduKaums onyxosiell NoYeK OfMHAKOBO XOPOLUO BbIMOJHAKTCA
anropuTMamu, aHasM3MpYIOLLMMK KaK MUKCEM, Tak U BoKcenu (TouHocTb aocturaet 99,3%, koadduumeHt cxopcTsa [aii-
ca—0,97).

AnropuTMbl KOMNbBIOTEPHOIO 3PEHUS B HACTOSAILLEE BPEMS TakKe COCOBHBI C BBICOKOW CTEMEHbI0 TOYHOCTU ONpefensTh KOH-
KpPEMEHTbl B MOYEBbIAENMTENBHON CUCTeMe pa3Mepami oT 3 MM (TouHocTb gocturaet 93,0%).

TakuM 06pa3oM, CyLLeCTBYIOLLME anrOpUTMbl KOMIBIOTEPHOTO 3peHNs MO3BONSIOT He TONbKO 3P heKTUBHO BbISBNATL HOBOOD-
Pa30BaHWSA NEYEHM U MOYEK, a TAKHKE KOHKPEMEHTbI B MOYEBBILENUTENBHON CUCTEME, HO U C BbICOKOW TOYHOCTBIO ONpesensTh
X KOSIMYECTBEHHBIE M KaYECTBEHHbIE XapaKTEPUCTUKU.

bonee BbiCOKas TOYHOCTb OMpeAeneHus BuAa HOBOODOPa30BaHUSA MOXET ObiTb AOCTUMHYTA 33 CYET OLEHKM BOKCESbHbIX
AaHHBIX, MOCKOMbKY B 3TOM C/ly4yae ajnroputM aHanuaupyeT HoBoobpa3oBaHMe MOSHOCTbHO B TPEX U3MEPEHUSX, @ He TONIbKO
B MJIOCKOCTW OJIHOIO Cpe3a.

KnioueBble cnoBa: KOMMblOTEpHas TOMOrpadus; HelpoHHble ceTu; rnyboKoe MaliMHHOE 0by4yeHWe; opraHbl BpioLLHOM
nosocTH; MoyYeKaMeHHas 6onesHb; 06pa3oBaHus NoYeK; 06pa3oBaHNA NeveHHU.
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Prospects of using computer vision technology to detect
urinary stones and liver and kidney neoplasms on
computed tomography images of the abhdomen and
retroperitoneal space
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Andrey V. Pankratov', Iliya V. Ulyanov', Nikolay B. Nechaev'
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ABSTRACT

The article presents a selective literature review on the use of computer vision algorithms for the diagnosis of liver and
kidney neoplasms and urinary stones using computed tomography images of the abdomen and retroperitoneal space. The
review included articles published between January 1, 2020, and April 24, 2023. Pixel-based algorithms showed the greatest
diagnostic accuracy parameters for segmenting the liver and its neoplasms (accuracy, 99.6%; Dice similarity coefficient, 0.99).
Voxel-based algorithms were superior at classifying liver neoplasms (accuracy, 82.5%). Pixel- and voxel-based algorithms
fared equally well in segmenting kidneys and their neoplasms, as well as classifying kidney tumors (accuracy, 99.3%; Dice
similarity coefficient, 0.97). Computer vision algorithms can detect urinary stones measuring 3 mm or larger with a high degree
of accuracy of up to 93.0%. Thus, existing computer vision algorithms not only effectively detect liver and kidney neoplasms and
urinary stones but also accurately determine their quantitative and qualitative characteristics. Evaluating voxel data improves
the accuracy of neoplasm type determination since the algorithm analyzes the neoplasm in three dimensions rather than only
the plane of one slice.

Keywords: computed tomography; neural networks; deep learning; abdomen; urolithiasis; renal neoplasms; liver neoplasms.

To cite this article:

Vasilev YuA, Vladzymyrskyy AV, Arzamasov KM, Shikhmuradov DU, Pankratov AV, Ulyanov IV, Nechaev NB. Prospects of using computer vision technology
to detect urinary stones and liver and kidney neoplasms on computed tomography images of the abdomen and retroperitoneal space. Digital Diagnostics.
2024;5(1):101-119. DOI: https://doi.org/10.17816/DD515814

Submitted: 27.06.2023 Accepted: 22.12.2023 Published online: 11.03.2024
V-2
ECO®VECTOR Article can be used under the CC BY-NC-ND 40 International License

© Eco-Vector, 2024


https://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.17816/DD515814
https://doi.org/10.17816/DD515814

REVIEWS Vol. 5 (1) 2024 Digital Diagnostics

DOI: https://doi.org/10.17816/DD515814

it BN REISEHEIRE T B ERRE R LS
WA SRS SRR RIS

Yuriy A. Vasilev'?, Anton V. Vladzymyrskyy'?, Kirill M. Arzamasov', David U. Shikhmuradov’,
Andrey V. Pankratov', lliya V. Ulyanov', Nikolay B. Nechaev'

! Research and Practical Clinical Center for Diagnostics and Telemedicine Technologies, Moscow, Russia;
Z National Medical and Surgical Center Named after N.I. Pirogov, Moscow, Russia;
%1.M. Sechenov First Moscow State Medical University, Moscow, Russia

WHE

ASON T SEH U GE S92 G SR B I I v ST LT 2 48 A B T2 W I B e B DL A TR 2
QA PG DUHAT T AR B SR SRR

CERH I EE KR T 202091 H 1 H 2202354 H24H .

TERFRE R B B BT S5, R R FRE R R sm 2 WiiER R S8E ERFRIA R
99. 6%; DicefHIAREN0.99) . HAET, FETARIEILREELT ifd o I 2RE 5 UE
BRIk 82. 5%)

I MR 2= AR 2= 1 B0, B A R L B 1 23 R P e g SR R B (HERA I8 3]
99. 3%, DiceMMLRECNO.97)

DLTE, THEAVAL SR R A B A RS U R R R 3= K L L B K/INI R (R
iEF]93.0%)

BRI, BUA T SEATUAR 58 S5 A B RO U B I e DL A R R 45 A, IERE i FEUE
ff Hu B 2 B AT A PERRE

I AR RS, AT DU S I B S AG  HE R . AEXPE LR, SE S A Bk AT
=T, A RE— AR T BT .

R HIMENWE S EMNg; RENLS ] IBEEE WRAL AW B
P .

S A
Vasilev Yu, Vladzymyrskyy AV, Arzamasov KM, Shiknmuradov DU, Pankratov AV, Ulyanov IV, Nechaev NB. T SCA/LAR it 7 IS 340 A0 118 L i - S0 L e
EFHE B ARG PR 28 G045 R B SR 82 T 5. Digital Diagnostics. 2024;5(1):101-119. DOI: https://doi.org/10.17816/DD515814

7/

WE]: 27.06.2023 5% 22.12.2023 RAGHY: 11.03.2024
&
ECO®VECTOR Article can be used under the CC BY-NC-ND 40 International License

© Eco-Vector, 2024

103


https://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.17816/DD515814
https://doi.org/10.17816/DD515814

104

REVIEWS

INTRODUCTION

X-ray diagnosis has greatly evolved in recent years. In
particular, computer vision technology has been actively
employed for the interpretation of computed tomography
(CT) scans for more accurate and timely diagnosis and
reduction of the burden on medical personnel [1-3]. Several
artificial intelligence algorithms for the analysis of chest CT
scans have already demonstrated high accuracy in specific
disease areas (with the area under the receiver operating
characteristic curve reaching 0.88) [3].

Moreover, computer vision technology is extensively
used in the diagnosis of abdominal pathologies. In the last
5 years, the number of PubMed publications on this topic
has increased 12 times, i.e., from 34 in 2018 to 411 in
2022. The dramatic increase in the number of studies could
be attributed to increased CT availability to the general
population, a relatively broad and growing list of diagnosed
disorders, and the high accuracy of their verification using
CT scans.

Currently, ready-made computer vision-based solutions
are capable of detecting common pathologies such as liver
and kidney neoplasms and urinary stones using abdominal
and retroperitoneal CT scans [4].

These solutions are based on algorithms that can be
classified into two types based on their function:

1. Algorithms identifying (segmenting) organs and their
pathologies
2. Algorithms classifying the pathology

The described solutions offer variable levels of diagnostic
accuracy, which could be attributed to the architecture of
deep-learning networks and computer vision algorithms.
Deep machine-learning architectures based on convolutional
neural networks are currently most commonly used for
classification [5].

This review aimed to assess the diagnostic accuracy
and architecture of computer vision algorithms for detecting
liver and kidney neoplasms and urinary stones on CT scans,
depending on the algorithm function (segmentation or
classification).

SEARCH METHODOLOGY

An analytical study was performed: it was a selective
literature review of algorithms intended for primary diagnosis
of common conditions such as liver and kidney neoplasms
and urinary stone disease.

Other common neoplasms, such as pancreatic tumors,
can be detected on abdominal and retroperitoneal CT.
However, this review focused on liver and kidney neoplasms
and urinary stones. If any, few studies have used computer
vision technology to detect neoplasms of other organs in
these anatomical areas.

The literature search was performed in PubMed (accessed
on April 30, 2023) using the following keyword combinations:

Vol. 5 (1) 2024

DOI: https://doiorg/10.17816/DD515814

Digital Diagnostics

[“Deep Learning,” “Neural Network,” “Artificial Intelligence”] +
[“Liver Tumor,” “Kidney Tumor,” “Hepatocellular Carcinoma,”
“Kidney Stone”] + “Computed Tomography”.

A search was also performed in eLibrary, the Russian
electronic research library and information analysis system
for science citation index (accessed on April 30, 2023),
from 2019 to the present using the keywords “Artificial
intelligence” + “Computed Tomography”. However, the search
failed to identify publications on deep-learning algorithms
for detecting abdominal and retroperitoneal organ disorders.

The analysis included studies identified in PubMed
that used computer vision algorithms for segmentation
and classification of pathologies of interest on abdominal
and retroperitoneal CT scans, described the deep-learning
algorithm  architecture, and presented the results of the
algorithm performance using one of the following parameters:
Dice coefficient for segmentation and accuracy and F1-score
or area under the ROC curve (AUC) for classification [6].

The search covered the period from January 1, 2020, to
April 24, 2023.

RESULTS

The review included 21 studies, and their findings are
presented in Appendix 1. The architecture was analyzed, and
diagnostic metrics were assessed in the selected studies.
Moreover, these studies were compared with other publicly
available articles not included in the analysis.

Liver neoplasms

Contrast-enhanced CT and magnetic resonance imaging
(MRI) are currently the most informative methods for
the diagnosis of liver neoplasms [7]. CT offers various
advantages over MRI, such as equipment availability,
expert qualification, testing time, and cost-effectiveness [8].
Contrast enhancement is a common strategy when a liver
neoplasm is suspected because non-contrasted scans
are less informative. However, in some other diseases,
noncontrasted abdominal CT is often performed. The ability
of computer vision algorithms to detect liver neoplasms on
non-contrasted CT scans may be used for screening for this
pathology [9-11].

The U-Net architecture and its modifications (i.e.,
ResNet blocks) are most widely used for segmentation of
the liver and liver neoplasms, with acceptable diagnostic
accuracy. H. Rahman et al. demonstrated the best results
for the segmentation of the liver and liver neoplasms using
ResUNet, with a Dice coefficient of 0.09 and an accuracy of
99.6% [12]. An example of liver neoplasm segmentation is
presented in Fig. 1.

Pixel-based (2D image) segmentation algorithms had
better diagnostic metrics than voxel-based (3D image)
segmentation algorithms [12-18].

In turn, voxel-based algorithms show better diagnostic
metrics in liver neoplasm classification. These algorithms
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Fig. 1. An example of liver neoplasm segmentation using one of the algorithms.

demonstrate high reliability in distinguishing benign tumors
from malignancies (accuracy up to 85.5%). The accuracy
of determining a specific type of malignant neoplasms is
currently lower at only 73.4% [19, 20].

Despite the development and widespread use of deep
machine-learning, some classic machine-learning algorithms
(e.g., support vector machine [SVM]) also demonstrate high
diagnostic metrics in liver neoplasm classification, with an
accuracy of up to 84.6% [19, 21].

The Center for Diagnostics and Telemedicine (Moscow)
is currently developing a computer vision algorithm using
contrast enhancement for within-class segmentation and
differentiation of liver masses. An example is presented in
Fig. 2.

Kidney neoplasms

In 27%-50% of cases, kidney neoplasms are
asymptomatic and represent random findings [22]. CT allows

Fig. 2. An example of liver neoplasm segmentation by an algorithm based on a contrast-enhanced CT scan.
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for the assessment of the tumor location and size and the
relationship between the tumor and renal pelvis and large
vessels.

In the analyzed studies, the U-Net architecture and its
modifications are most widely employed for the segmentation
of the kidneys and kidney neoplasms. The Dice coefficient
for kidney segmentation currently reaches 0.97 with the
U-Net 3D architecture [23]. The same architecture provided
the highest Dice coefficient for kidney tumor and kidney cyst
segmentation (0.84 and 0.54, respectively). Thus, the accuracy
of kidney neoplasm segmentation is currently inferior to that
of kidney segmentation. Moreover, voxel-based architectures
demonstrated diagnostic accuracy metrics for the segmentation
of the kidneys and kidney neoplasms on CT scans noninferior
to those of classic pixel-based algorithms [23-26].

Other architectures (e.g., EffectiveNet) also demonstrate
a high Dice coefficient for the segmentation of the kidneys
and kidney neoplasms (up to 0.95) [27, 28]. An example of
kidney neoplasm segmentation is presented in Fig. 3.

Both classic machine-learning algorithms and deep-
learning algorithms are used for the classification of kidney
neoplasms [24, 26, 29-31]. Swin transformers architectures
have the greatest accuracy (99.3%) [29].

When data are limited, classic machine-learning
algorithms and feedforward architectures prove
effective [26]. Similarly to the segmentation of the kidneys
and kidney neoplasms, the classification performance of
voxel-based architectures is noninferior to that of pixel-
based architectures [31].

Urinary stone disease

Urinary stone disease is the second most commonly
detected urological condition [32]. The incidence and

Fig. 3. An example of right kidney neoplasm segmentation.
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prevalence of urinary stone disease in adults are steadily
increasing throughout the Russian Federation. According to
N. Gadzhiev et al., the prevalence of urinary stone disease
has increased by 35.4% in 15 years, whereas the incidence
has reached 16.2% [33].

Retroperitoneal CT is the gold standard for the diagnosis
of urinary stone diseases. It allows for the assessment of the
location, size, and number of radiopaque urinary stones with
sensitivity and specificity of up to 96% and 100%, respectively
[34].

The articles showed a direct association between the
accuracy of urinary stone detection and the size of urinary
stones. The accuracy of convolutional neural network-based
algorithms increases with the size of urinary stones [35, 36].
To illustrate, the accuracy rates of detecting urinary stones
<1,1-2, and >2 cm were 85%, 89%, and 93%, respectively.

The Swin transformers algorithm has currently the
greatest accuracy in urinary stone detection (98%) [29].
An example of urinary stone detection using one of the
algorithms is presented in Fig. 4.

The use of computer vision algorithms for the diagnosis
of urinary stone diseases can be challenging if small
atherosclerotic plaques are present in renal artery walls
because their densities are similar to those of urinary
stones [36].

Modern deep machine-learning and computer vision
technologies allow for the detection of urinary stones
measuring >3 mm with low radiation exposure, and
urinary stones measuring =5 mm are considered clinically
significant [37].

Determining the urinary stone type is one of the most
important factors for the future treatment strategy [35,
371. Numerous CT-based parameters have been employed

135HU (Th
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Fig. 4. An example of urinary stone detection using one of the algorithms.

in assessing postoperative prognosis (such as relapse-
free disease) and determining the urinary stone type using
machine-learning technology [38-41]. Several studies of
dual-energy CT confirm that this imaging technique can
also be used for assessing the chemical composition of
urinary stones [42, 43]. However, this method has several
limitations, most notably, its low applicability in routine
clinical practice [44].

According to Y. Cui et al, narrowly specialized
convolutional neural networks allow for the assessment of
urinary stones using the STONE nephrolithometry score, and
results were comparable to radiologist opinions [45]. This
approach also allows for the assessment of prognossis [46].

DISCUSSION

Several studies have used publicly available datasets,
such as LiTS, KiTS'19, and 3D-IRCADb, and most of them
include contrast-enhanced CT findings. The datasets of
studies using their CT scans mostly included contrast-
enhanced CT findings or mixed data.

The analysis revealed that modern deep-learning
algorithms provide high accuracy liver segmentation
(maximum Dice coefficient, 0.99; mean Dice coefficient,
0.92+0.09) and kidney segmentation (maximum Dice
coefficient, 0.97; mean Dice coefficient, 0.94+0.02) on CT
scans (Appendix 1).

Pixel-based algorithms show better diagnostic accuracy
metrics for liver segmentation (maximum Dice coefficient,
0.99; mean Dice coefficient, 0.97+0.01), whereas voxel-based
algorithms are noninferior to pixel-based algorithms for
kidney segmentation. This could be attributed to differences
in the size and density of these solid organs and the history of

DOI: https://doiorg/10.17816/DD515814

algorithm development. Voxel-based algorithms have higher
performance requirements. Such computer-based systems
have only recently become widely available. Currently,
improved pixel-based algorithms are being developed in
research centers.

Liver and kidney neoplasm segmentation is less accurate
than liver and kidney segmentation, which is primarily
due to incomplete neoplasm segmentation. The correct
determination of neoplasm borders depends on their growth
type and structure; thus, the best segmentation is observed
for exophytic heterogeneous neoplasms [23]. This is also why
isodense cysts and hemangiomas are segmented with low
accuracy [20].

Data preprocessing before using a segmentation algorithm
resolves this issue to some extent [27, 28]. K. Yildirim et al.
found that analyzing alternative CT slices, such as sagittal
or coronal, using deep machine-learning algorithms also
contributes to the accuracy of pathology detection [47].

According to the literature review, voxel-based
algorithms are more suitable for neoplasm classification
than pixel-based algorithms because the structure of the
tumor is indicative of its nature [19, 26, 31]. Deep-learning
technology provides highly accurate classification of benign
and malignant abdominal neoplasms [19, 20, 31].

The completeness of segmentation is critical for
the accuracy of subsequent classification. Currently, a
combination of two-dimensional algorithms can be used for
segmentation and a combination of three-dimensional (3D)
algorithms for classification [19, 24]. Moreover, a combination
of deep- and classic machine-learning algorithms (including
gradient boosting) can improve diagnostic metrics [19]. The
studies analyzed used two types of combinations of these
algorithms. L. Yang et al. and M. Shehata et al. proposed
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creating features by algorithmic methods and using them
in a feedforward network [30, 31]. Meanwhile, E. Trivizakis
et al. and X.L. Zhu et al. proposed creating features using
deep-learning networks and classifying them using classic
machine-learning algorithms [19, 26].

Equally important is using a transformer architecture
for neoplasm classification; however, its application is
limited by the availability of training data. Obtaining high
metrics when using transformer architectures requires
significantly more training data than with high accuracy
neural networks [29].

The studies analyzed used conventional quality
assessment metrics for deep machine-learning algorithms.
However, the research methodology varied among studies,
making comparative assessment of diagnostic accuracy
difficult. Most authors did not provide the 95% confidence
interval for diagnostic accuracy parameters, which was
an additional limitation and prevented assessment of the
significance of differences between metrics obtained using
different neural network architectures and approaches.
A standardized assessment can be useful in determining
algorithms with the best results [48]. Some of the analyzed
studies also had small samples.

Another possible use of deep machine-learning algorithms
is to improve the quality of low-dose CT scans. For example,
F.R. Schwartz et al. proposed using deep machine-learning
algorithms for data interpolation and reconstruction in
DECT [49-51]. This approach allows for the acquisition of
high-energy CT scans with a low radiation exposure.

Thus, computer vision algorithms have already
demonstrated good diagnostic accuracy parameters in
detecting urinary stones and liver and kidney neoplasms
on CT scans. The next goal is to implement computer vision
technology in healthcare facilities for more accurate and
timely diagnosis and reduction of the burden on medical
personnel. More large-scale, well-designed prospective
studies are warranted to assess the efficacy of artificial
intelligence-based software in detecting abdominal
neoplasms during screening and for their qualitative and
quantitative assessment with subsequent verification of the
results.
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CONCLUSION

Existing computer vision systems for assessing
abdominal and retroperitoneal CT scans effectively detect
liver and kidney neoplasms and urinary stones. Moreover,
these systems allow for the accurate determination of their
guantitative and qualitative parameters. Further technological
advancements will improve 3D deep-learning algorithms and
their diagnostic accuracy, ensuring more accurate results,
particularly for multiclass classification. Voxel data can
provide a more accurate determination of the pathology type
because, in this case, algorithms ensure the 3D analysis of
neoplasms rather than a single-slice analysis.

A more thorough analysis of data obtained using computer
vision technology can be used to determine the effectiveness
of contrast-enhanced CT scans. Methods for improving CT
scan quality will make it possible to take scans only during
specific phases (e.qg., arterial and excretory phases) depending
on the study purposes, reducing the effective radiation dose.
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