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Computed tomography–based radial endobronchial
ultrasound image simulation of peripheral
pulmonary lesions using deep learning
Chunxi Zhang1,2,3, Yongzheng Zhou1,2,3, Chuanqi Sun4, Jilei Zhang4, Junxiang Chen1,2,3,
Xiaoxuan Zheng1,2,3, Ying Li1,2,3, Xiaoyao Liu4, Weiping Liu4,*, Jiayuan Sun1,2,3*

ABSTRACT
Background andObjectives: Radial endobronchial ultrasound (R-EBUS) plays an important role during transbronchial sampling
of peripheral pulmonary lesions (PPLs). However, existing navigational bronchoscopy systems provide no guidance for R-EBUS. To
guide intraoperative R-EBUS probe manipulation, we aimed to simulate R-EBUS images of PPLs from preoperative computed tomog-
raphy (CT) data using deep learning.

Materials and Methods: Preoperative CT and intraoperative ultrasound data of PPLs in 250 patients who underwent R-EBUS–
guided transbronchial lung biopsy were retrospectively collected. Two-dimensional CT sections perpendicular to the biopsy path were
transformed into ultrasonic reflection and transmission images using an ultrasound propagation model to obtain the initial simulated R-
EBUS images. A cycle generative adversarial network was trained to improve the realism of initial simulated images. Objective and sub-
jective indicators were used to evaluate the similarity between real and simulated images.

Results:Wasserstein distances showed that utilizing the cycle generative adversarial network significantly improved the similarity be-
tween real and simulated R-EBUS images. There was no statistically significant difference in the long axis, short axis, and area between
real and simulated lesions (all P > 0.05). Based on the experts’ evaluation, a median similarity score of ≥4 on a 5-point scale was ob-
tained for lesion size, shape, margin, internal echoes, and overall similarity.

Conclusions:Simulated R-EBUS images of PPLs generated by our method can closely mimic the corresponding real images, dem-
onstrating the potential of our method to provide guidance for intraoperative R-EBUS probe manipulation.

Key Words: Radial endobronchial ultrasound; Computed tomography; Ultrasound simulation; Peripheral pulmonary lesion; Deep
learning
INTRODUCTION

Peripheral pulmonary lesions (PPLs) are lesions beyond the segmen-
tal bronchi that are invisible during bronchoscopy.[1,2] With the
wide application of chest computed tomography (CT), a growing
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number of PPLs are being detected, many of which may represent
peripheral lung cancer. For accurate diagnosis, tissue sampling is of-
ten performed, and transbronchial lung biopsy (TBLB) is one of the
most commonly used sampling methods.[3]

Radial endobronchial ultrasound (R-EBUS) is an important auxil-
iary technique for the TBLB, helping physicians to confirm lesion
localization before taking a biopsy.[4] In addition, because a diag-
nostic result is more likely to be obtained when the R-EBUS probe
is locatedwithin rather than adjacent to the target lesion, physicians
can choose an ideal biopsy location based on the R-EBUS view.[5–7]

With the assistance of R-EBUS, the diagnostic yield of TBLB in
patients with PPLs has significantly improved.[8,9] However,
there is currently no technology that can predict the target lesion
appearance in R-EBUS images and provide guidance for intraop-
erative R-EBUS probe manipulation. Even with the use of a nav-
igational bronchoscopy system, the bronchoscope can only be
navigated to the vicinity of the lesion due to its large size. To fur-
ther confirm lesion localization, physicians have to manipulate
the R-EBUS probe without any guidance, and repeated move-
ments of the probe are often required to determine the optimal
biopsy location, which prolongs the procedure time and may in-
crease the risk of complications. Furthermore, factors such as re-
spiratory motion, bleeding, and atelectasis can interfere with the
interpretation of R-EBUS images and even lead to a false-positive
R-EBUS finding, ultimately hindering the success of diagnosis.[10]

Thus, an R-EBUS image simulation method for predicting the tar-
get lesion appearance and guiding R-EBUS probe manipulation is
greatly needed.
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Some previous studies have attempted to simulate ultrasound images
using CT data.[11–13] However, these studies were limited to traditional
physical models, and complex postprocessing techniques were per-
formed to enhance the realism of the simulated images. With the
development of deep learning, the cycle generative adversarial network
(CycleGAN) is increasingly used to synthesize fakemedical images.[14–16]

To the best of our knowledge, no study has yet investigated the use
of a CycleGAN for CT-based R-EBUS image simulation.

In this study, to predict the target lesion appearance in R-EBUS im-
ages and provide guidance for intraoperative R-EBUS probe ma-
nipulation, we aimed to develop a method integrating an ultra-
sound propagation model with a CycleGAN to simulate R-EBUS
images of PPLs using preoperative CT data.
MATERIALS AND METHODS

Patients and data set

This retrospective study enrolled consecutive patients who under-
went R-EBUS–guided TBLB between July 2018 and December
2021 at Shanghai Chest Hospital. Inclusion criteria included (1)
chest CT that was performed preoperatively and stored inDICOM
(digital imaging and communication in medicine) format and (2)
an ultrasonographic video that was recorded during the procedure
and clearly showed the target lesion. Exclusion criteria included (1)
lesions that exceeded the field of view of the ultrasonographic
video, (2) lesions with a ground-glass opacity (GGO) component
of >50% (GGO-dominant lesions), and (3) low quality of chest
CT or ultrasonographic video (such as severe noises in the ultraso-
nographic video and motion artifacts in the CT scan). Ultrasono-
graphic videos and corresponding preoperative chest CT data of
250 patients constituted the data set of this study. The data set
was randomly divided into training (n = 150), validation (n = 50),
and testing (n = 50) sets [Figure 1]. This study was approved by
the Ethics Committee of Shanghai Chest Hospital (KS23025), and
the requirement for informed consent was waived.

Data acquisition

All preoperative CT scans were acquired on 1 of the following 5 scan-
ners: 64-detector row scanner (Brilliance; Philips, Cleveland,OH), 128-
detector row scanner (Ingenuity Core 128; Philips, Suzhou, China),
256-detector row scanner (RevolutionCT;GEHealthcare,Waukesha,
WI), Discovery CT750HD CT scanner (GE Healthcare), and 16-
detector row scanner (uCT S160; United Imaging, Shanghai,
Figure 1. Selection flowchart of patients in this study. GGO, ground-glass
opacity.
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China). The image acquisition parameters were as follows:
220–300 mA, 120 kVp, 0.625- to 1.25-mm detector collimation,
0.64 beam pitch, 0.625- to 1.25-mm slice thickness, 512 � 512
or 1024 � 1024 matrix size, and 350- to 400-mm field of view.

All R-EBUS–guided TBLBs were performed by experienced bron-
choscopists. Virtual bronchoscopic navigation or electromagnetic
navigation bronchoscopy was used to navigate the bronchoscope
to the target lesion. R-EBUSwas used to confirm target lesion local-
ization before taking a biopsy. R-EBUS was performed using an
EBUS system (EU-ME2; Olympus, Tokyo, Japan), which was
equipped with a 20-MHz mechanical radial-type probe (UM S20-
17S or UM S20-20R; Olympus). The guide sheath (SG-200C or
SG-201C; Olympus) was used inmost cases. In some cases, fluoros-
copy was used. The probe was adjusted continuously based on the
real-time R-EBUS image until the bronchoscopist considered that
the lesion had been reached. Then, the probe was used to scan the
lesion from its proximal to distal end, and an ultrasonographic
video of at least 10-second duration was recorded. The long and
short axes of the lesion were measured at its maximum cross sec-
tion. A biopsy that resulted in amalignant or specific benign (eg, tu-
berculosis, aspergillosis, etc) process was considered diagnostic. Bi-
opsy specimens with nonspecific benign findings were considered
diagnostic only if (1) the diagnosis was confirmed by a subsequent
surgical or CT-guided biopsy; or (2) follow-up imaging demon-
strated improvement or resolution of the lesion. Specimens that
showed atypical cells or normal pulmonary elements were consid-
ered nondiagnostic regardless of the final diagnosis.

Data preprocessing

As shown in Figure 2, data preprocessing consisted of 3 steps that
enabled subsequent simulation. First, because the R-EBUS probe was
advanced through bronchi and captured a 360° 2-dimensional (2D)
scan-plane view perpendicular to the probe, 2D CT sections perpen-
dicular to the bronchi through which the R-EBUS probe was ad-
vanced were derived from original CT data. The R-EBUS probe
had a scanning depth of 20 mm, and the same 40 � 40-mm2 field
of view of the 2D CT section was reconstructed. Second, bilinear in-
terpolation was used to up-sample the spacing of 2D CT sections
from 0.5 mm/pixel to 0.1 mm/pixel, which was comparable to that
of real R-EBUS images. Finally, the 2D CT sections were mapped
from rectangular coordinates to polar coordinates.

R-EBUS simulation

The R-EBUS simulation frameworkmainly consisted of 2 steps: (1)
initial R-EBUS simulation using an ultrasound propagation model
and (2) enhancement of the realism of initial simulated R-EBUS im-
ages using a CycleGAN.

The R-EBUS probe emits high-frequency sound waves and collects
the returned signals from tissueswith varying acoustic impedances.
Previous studies demonstrated a linear correlation between CT
Hounsfield units and acoustic impedances. Consequently, a physi-
cal model of ultrasound propagation was developed, and the pro-
vided CT image was linked to the model.[11,17] As shown in
Figure 3, high-resolution 2D CT sections perpendicular to the bi-
opsy path were transformed into ultrasonic reflection and trans-
mission images using the ultrasound propagation model. To ob-
tain initial simulated R-EBUS images, ultrasonic reflection and
transmission images were merged together, and some commonly
observed R-EBUS noises were added, including comet tails and
speckles. Additionally, a circle was overlaid on the center of the
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Figure 2. Flowchart of the data preprocessing. A, Original chest CT data. B, 2D CT section perpendicular to the biopsy path. C, High-resolution 2D CT
section with 0.1 mm/pixel spacing. D, Corresponding polar-form image. 2D, 2-dimensional; CT, computed tomography.
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initial simulatedR-EBUS image to indicate the position of theR-EBUS
probe, the diameter being consistent with the actual probe size. The
details of the initial R-EBUS simulation process are explained in the
Supplementary File, http://links.lww.com/ENUS/A360.

A CycleGAN was trained using real and initial simulated R-EBUS
images to simulate ultrasound-like noises and improve realism
[Figure 4]. The network had 2 discriminators (DX and DY) and 2
generators (G: X→ Y and F: Y→X) within 2 cycles.X and Y rep-
resented initial simulated and real R-EBUS images, respectively.
The Res-Net model served as the generator, whereas a 3-layer dis-
criminator jointly supervised the simulation performance of the
proposed network. During training, the generator aimed to pro-
duce images as realistic as possible while the discriminator’s ability
to distinguish between fake and real images was continuously im-
proved.[18] In the zero-sum game between the generator and dis-
criminator, the choice of loss function was critical. The full objec-
tive function (Lfull) in the developed network is defined as the
sum of losses from the generator and discriminator:

Lfull ¼ LGAN G,DY ,X,Yð Þ þ LGAN F,DX,Y,Xð Þ þ λLcycle G, Fð Þ

where λ is a weighting factor, and LGAN and Lcycle are the GAN
loss and cycle-consistent loss, respectively. These parameters are
defined as:

LGAN G,DY ,X,Yð Þ ¼ E log DY yð Þð Þ½ � þ E log 1−DY G xð Þð Þð Þ½ �

LGAN F,DX,Y,Xð Þ ¼ E log DX xð Þð Þ½ � þ E log 1−DX F yð Þð Þð Þ½ �

Lcycle G, Fð Þ ¼ E jF G xð Þð Þ−xj jj1½ � þ E jG F yð Þð Þ−yj jj1½ �
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where mapping functions G: X→ Y and F: Y→ X are called gen-
erators, and x, y are elements belonging to the X and Y fields, re-
spectively.G tries to generate imagesG(x) that look similar to im-
ages from domain Y, whereas DY aims to distinguish between
translated samples G(x) and real samples y. G aims to minimize
this objective against an adversary D that tries to maximize it.

The experiments were conducted using PyTorch on a workstation
equipped with an NVIDIA GeForce RTX 3090 24G GPU. During
the training phase, the CycleGAN was fine-tuned using the Adam
optimizer and carefully chosen hyperparameters, such as an image
size of 400 � 400 pixels, a basic learning rate of 2 � 10−4, and a
batch size of 2. Themodel was trained using these hyperparameters
and subsequently evaluated using the validation set. Finally, the
model was tested using the testing set to determine its generalizabil-
ity and assess its performance.
Objective image evaluation

Objective and subjective indicators were used to evaluate the similar-
ity between real and simulated R-EBUS images. The real R-EBUS im-
age containing themaximum cross section of the lesion and the corre-
sponding simulated R-EBUS image were selected for the evaluation.

In the objective evaluation, theWasserstein distancewas calculated.
The Wasserstein distance is a distance metric based on probability
distributions. It provides an intuitive way of measuring similarity
in image generation and image style transfer. A smallerWasserstein
distance indicates a higher degree of similarity between 2 images. In
addition, the long and short axes of lesions in real and simulated R-
EBUS images were compared. The long axis was the lesion’s longest
diameter at the maximum cross section, whereas the short axis was
the diameter perpendicular to the long axis.[19] The areas of lesions
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Figure 3. Example of the initial R-EBUS simulation using the ultrasound propagation model. A, High-resolution 2D CT section perpendicular to the biopsy
path. B and C, Corresponding ultrasonic reflection and transmission images. D, The initial simulated R-EBUS image obtained by merging ultrasonic reflection
and transmission images together and adding some commonly observed R-EBUS noises. 2D, 2-dimensional; R-EBUS, radial endobronchial ultrasound.
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were also compared. The long axis, short axis, and area were
measured using the open-source software 3D Slicer version 5.2.1
(https://www.slicer.org).

Subjective image evaluation

The similarity between lesions in real and simulated R-EBUS images
was assessed by 2 experts (Y.L. and J.C.) based on following 5 as-
pects[19]: size, shape, margin, internal echoes, and overall similarity.
For each aspect, a score was assigned: 1 (poor, 0%–20% similarity),
2 (fair, 21%–40% similarity), 3 (moderate, 41%–60% similarity), 4
(good, 61%–80% similarity), and 5 (excellent, 81%–100% similar-
ity). To ensure the reliability of results, 2 experts each performed 2
independent evaluations (1 month apart), and intraobserver agree-
ment was calculated. Interobserver agreement was calculated after
each expert independently made their ultimate conclusions.[20,21]

Disagreements between 2 experts were discussed with a third expert
(X.Z.) to acquire a final consensus. Each expert has more than 500
cases of experience in R-EBUS–guided TBLB.

Statistical analysis

Variables were expressed as mean ± standard deviation (SD), me-
dian (interquartile range [IQR]), or number (percentage). For ob-
jective indicators, including long axis, short axis, and area, the
paired t test or the Wilcoxon signed-rank test was used for paired
comparisons. The Shapiro-Wilk test was used to assess the normality
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of the variables. P values less than 0.05 were considered statisti-
cally significant. To examine intraobserver and interobserver
agreement, Cohen κ method was applied, with κ values denoting
the following levels of agreement: >0.80, almost perfect; 0.61–0.80,
substantial; 0.41–0.60, moderate; 0.21–0.40, fair; and 0.00–0.20,
slight.[22] All statistical analyses were performed using SAS 9.4
(Cary, North Carolina, USA).

RESULTS

Patient characteristics

Two hundred fifty patients with PPLs who underwent R-EBUS–
guided TBLB were enrolled in this study. Clinical characteristics
of included patients and lesions are summarized in Table 1. In these
patients, a diagnostic yield of 81.6% was obtained. The details of
diagnostic information are shown in Supplementary Table 1,
http://links.lww.com/ENUS/A360.

R-EBUS simulation results

Simulation examples are depicted in Figure 5. Regardless of their
size and shape, simulated lesions had well-defined contours. Bron-
chi and blood vessels outside the target lesion in CT images were
not incorrectly identified as lesions in simulated R-EBUS images.
Simulated lesions closely mimicked the real ones, and the
ultrasound-like noises were well learned using deep learning,

https://www.slicer.org
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Figure 4. The model architecture of the cycle generative adversarial network. The network had 2 discriminators (DX andDY) and 2 generators (G: X→ Y and
F: Y→ X) within 2 cycles. A–C, The forward cycle. Fake Ywas synthesized from real X byG: X→ Y, and reconstructed X can be generated from fake Y by F:
Y→ X. D–F, The backward cycle. Fake X was synthesized from real Y by F: Y→ X, and reconstructed Y can be generated from fake X by G: X→ Y. X, initial
simulated R-EBUS image; Y, R-EBUS image; R-EBUS, radial endobronchial ultrasound.
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giving simulated R-EBUS images a high degree of authenticity and
similarity to real R-EBUS images. Also, the R-EBUSprobewas sim-
ulated, and the probe position relative to the target lesion was well
Table 1

Clinical characteristics of included patients and lesions.

Training set (n = 150)

Age, y
Mean ± SD 62.6 ± 11.3
Median (IQR) 65.0 (55.0–70.0)

Sex, n (%)
Male 90 (60.0)
Female 60 (40.0)

Lesion size, n (%)
Mean ± SD, mm 27.4 ± 8.4
Median (IQR), mm 25.6 (21.6–33.7)
>20 mm 120 (80.0)
≤20 mm 30 (20.0)

Lesion appearance, n (%)
Solid 132 (88.0)
Part-solid* 18 (12.0)

Lesion location, n (%)
RUL 60 (40.0)
RML 16 (10.7)
RLL 21 (14.0)
LUL 41 (27.3)
LLL 12 (8.0)

Bronchus sign, n (%)
Leading to 142 (94.7)
Adjacent to 8 (5.3)

*The GGO ratio of these lesions was small (<25%).

IQR: interquartile range; LLL: left lower lobe; LUL: left upper lobe; RLL: right lower lobe; RML: right middle lob
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preserved. We also included results from 2 physical ultrasound
simulation methods proposed by Zhao et al. and Mattausch et al.
for comparison in Figure 5.[13,23]
Validation set (n = 50) Testing set (n = 50)

61.5 ± 12.5 64.1 ± 12.9
63.5 (55.0–69.0) 66.0 (59.0–74.0)

28 (56.0) 35 (70.0)
22 (44.0) 15 (30.0)

27.1 ± 9.1 25.3 ± 8.5
26.0 (20.2–32.6) 24.4 (18.4–32.3)
39 (78.0) 36 (72.0)
11 (22.0) 14 (28.0)

42 (84.0) 43 (86.0)
8 (16.0) 7 (14.0)

15 (30.0) 15 (30.0)
5 (10.0) 2 (4.0)
3 (6.0) 12 (24.0)
20 (40.0) 17 (34.0)
7 (14.0) 4 (8.0)

48 (96.0) 47 (94.0)
2 (4.0) 3 (6.0)

e; RUL: right upper lobe; SD: standard deviation.

http://www.eusjournal.com


Figure 5. Simulation examples. A1–A3, Original chest CT data. B1–B3, High-resolution 2D CT sections perpendicular to the biopsy path. C1–C3, Initial
simulated R-EBUS images obtained by the ultrasound propagation model. D1–D3, Simulated R-EBUS images after deep learning. E1–E3, Real R-EBUS
images. F1–F3, Simulated R-EBUS images obtained using the method proposed by Mattausch et al.[23] G1–G3, Simulated R-EBUS images obtained
using the method proposed by Zhao et al.[13] In the first case (the top row), the R-EBUS probe is leading to the lesion (concentric). In the second case (the
middle row), the R-EBUS probe is leading to the lesion (eccentric). In the third case (the bottom row), the R-EBUS probe is adjacent to the lesion. 2D, 2-
dimensional; R-EBUS, radial endobronchial ultrasound.
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Objective image evaluation

In the testing set, by calculating the Wasserstein distance, it was
found that utilizing the CycleGAN significantly improved the sim-
ilarity between real and simulated R-EBUS images. The results also
indicate that our method outperformed other traditional ultra-
sound simulation methods. Lesions in real and simulated R-
EBUS images had the following respective dimensions: mean long
axis ± SD, 20.2 ± 7.6mmand 20.1 ± 7.3mm;mean short axis ± SD,
17.3 ± 7.5mm and 17.0 ± 7.0mm;median area (IQR), 223.5mm2

(115.5–371.2 mm2) and 212.5mm2 (138.2–402.3 mm2). No sta-
tistically significant differences were noted (all P > 0.05). More in-
formation is displayed in Table 2 and Table 3.

Subjective image evaluation

In the testing set, median scores of the similarity between lesion size,
shape, margin, and internal echoes in real and simulated R-EBUS
images were 5 (IQR, 4–5), 4 (IQR, 4–5), 5 (IQR, 4–5), and 4.5
(IQR, 4–5), respectively, and the overall similarity score was 4.5
(IQR, 4–5). For both intraobserver and interobserver agreement,
all aspects had κ values greater than 0.6, indicating that substantial
agreement was attained for all 5 aspects [Table 4].

DISCUSSION

This study introduced amethod based on the CycleGAN to simulate
R-EBUS images of PPLs from preoperative CT data. Simulation re-
sults showed a satisfactory similarity to corresponding real R-EBUS
images. Comparisons between real and simulated R-EBUS images
Table 2

Wasserstein distance.

CT Step 1

Wasserstein distance (validation set) 65.0 ± 20.8 27.7 ± 7
Wasserstein distance (testing set) 73.4 ± 15.7 28.8 ± 7

*Initial simulated R-EBUS images obtained by the ultrasound propagation model.
†Our simulated R-EBUS images after deep learning.
‡Simulated R-EBUS images obtained using the method proposed by Zhao et al.[13]

§Simulated R-EBUS images obtained using the method proposed by Mattausch et al.[23]
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revealed no statistically significant differences in the long axis, short
axis, or area of lesions. A median similarity score of ≥4 on a 5-point
scale was obtained for lesion size, shape, margin, internal echoes,
and overall similarity.

Ultrasound simulation usually adopts physical methods. Wein et al.
proposed a physical model of ultrasound propagation to simu-
late ultrasound images and used CT-ultrasound registration for
abdominal surgery.[11] Zhao et al. adapted Wein’s model to sim-
ulate EBUS images.[13] To enhance the realism, Mattausch et al.
simulated the noise of ultrasound images by Gaussian noise,[23]

whereas Zhao et al. added rotating dynamic blur.[13] However,
these techniques were somewhat complicated, and the realism of
simulated ultrasound images was limited. Moreover, the probe
was not included in EBUS simulations, and the evaluation of simu-
lated images was insufficient.

In this article, we utilized the CycleGAN on top of traditional
acoustic simulation to make the noise distribution of simulated
ultrasound images more realistic. The CycleGAN is a deep learn-
ing method developed for unpaired image-to-image translation
and has been successfully applied to medical image synthesis.
Nevertheless, in terms of intensity distribution, image noise, im-
aging angle, and field of view, the dissimilarities between ultra-
sound and CT images are substantial and considerably greater
than those among magnetic resonance imaging, CT, and x-ray
images. As a result, it is challenging to use a CycleGAN for mo-
dality conversion between ultrasound and CT images. To date,
only one study has used a CycleGAN to synthesize ultrasound
* Step 2† Zhao‡ Mattausch§

.3 9.5 ± 5.7 34.0 ± 6.5 34.2 ± 5.8

.9 10.3 ± 6.1 36.2 ± 10.5 37.8 ± 10.7
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Table 3

Objective comparison between real and simulated R-EBUS images.

Validation set Testing set

Real images Simulated images P Real images Simulated images P

Long axis, mm
Mean ± SD 21.1 ± 4.8 21.1 ± 4.6 0.84 20.2 ± 7.6 20.1 ± 7.3 0.82
Median (IQR) 20.8 (17.8–24.7) 21.1 (17.8–23.5) 19.7 (14.5–25.5) 18.9 (14.1–25.1)

Short axis, mm
Mean ± SD 18.2 ± 4.7 17.8 ± 4.6 0.07 17.3 ± 7.5 17.0 ± 7.0 0.25
Median (IQR) 18.0 (15.5–21.4) 17.8 (14.8–20.9) 16.0 (12.3–22.6) 16.0 (12.1–21.5)

Area, mm2

Mean ± SD 283.9 ± 123.6 282.3 ± 126.8 0.63 280.3 ± 207.5 281.9 ± 203.4 0.67
Median (IQR) 266.2 (191.8–350.2) 250.8 (199.1–377.9) 223.5 (115.5–371.2) 212.5 (138.2–402.3)

The P value indicates the result of paired t test or Wilcoxon signed-rank test, comparing the objective evaluation results between lesions in real and simulated R-EBUS images.

IQR: interquartile range; R-EBUS: radial endobronchial ultrasound; SD: standard deviation.
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images from CT data, and the simulated images were applied to
kidney segmentation.[24] Because R-EBUS images are affected by
factors such as probe movement speed, probe pose, and respira-
tory motion, R-EBUS images and 2D CT sections of one patient
cannot be fully matched one by one. Thus, the CycleGAN was
chosen in this study. As far as we know, our study is the first
to investigate the use of a CycleGAN to simulate R-EBUS images
of PPLs from CT data.

Compared with previous studies, the realism of simulated images
was further improved by using the CycleGAN. Although substan-
tial dissimilarities exist between ultrasound and CT images, our
study demonstrated that it was feasible to use a CycleGAN for mo-
dality conversion. The CT images were not directly input to the
CycleGAN but first fed into the ultrasound propagation model to
construct a transition data set, which alleviated problems associated
with the immense discrepancy between ultrasound and CT images.
This may explain the remarkable performance of the CycleGAN
used in this study. Besides, the probe was taken into account in
our simulations. This may be important to the future application
Table 4

Subjective image evaluation between real and simulated R-EBU

Observer 1

Score Intraobserver agreement Score

Validation set
Size 5 (4–5) 0.702 5 (4–5)
Shape 5 (4–5) 0.667 5 (4–5)
Margin 5 (4–5) 0.724 5 (4–5)
Internal echoes 5 (4–5) 0.698 5 (4–5)
Overall similarity 5 (4–5) 0.699 5 (4–5)

Testing set
Size 5 (4–5) 0.700 5 (4–5)
Shape 4 (4–5) 0.766 5 (4–5)
Margin 4.5 (4–5) 0.895 5 (4–5)
Internal echoes 4 (4–5) 0.739 4.5 (4–5)
Overall similarity 4.5 (4–5) 0.888 5 (4–5)

Scores are presented as median (interquartile range): 1: poor, 0%–20% similarity; 2: fair, 21%–40% similari
Intraobserver and interobserver agreement is presented as: κ value: >0.80: almost perfect agreement; 0.61–
slight agreement.

R-EBUS, radial endobronchial ultrasound.
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because the probe position relative to the target lesion can assist
physicians in determining the ideal biopsy location. Both objective
and subjective evaluations demonstrated that the simulated images
closely mimicked the real ones.

Simulated R-EBUS images of the target lesion could be a useful
tool to guide R-EBUS probe manipulation. During preoperative
planning, with simulated R-EBUS images of the target lesion syn-
thesized according to different possible biopsy paths, physicians
will be able to determine the optimal one. Then, the simulated
R-EBUS images, synthesized according to the selected biopsy
path, could serve as a reference to guide the R-EBUS probe ma-
nipulation during the procedure. By comparing real-time R-EBUS
images with simulations, physicians can clearly knowwhether the
ideal biopsy location has been reached.

This study has some limitations. First, this was a single-center retrospec-
tive study, which can limit the generalizability of the model. Thus, mul-
ticenter and prospective data should be collected to optimize and vali-
date ourmodel. Second, a simulationmethod integrating an ultrasound
S images.

Observer 2

Final score Interobserver agreementIntraobserver agreement

0.834 5 (4–5) 0.640
0.632 5 (4–5) 0.614
0.693 5 (4–5) 0.742
0.895 5 (4–5) 0.788
0.715 5 (4–5) 0.631

0.811 5 (4–5) 0.695
0.890 4 (4–5) 0.650
0.890 5 (4–5) 0.822
0.853 4.5 (4–5) 0.854
0.894 4.5 (4–5) 0.822

ty; 3: moderate, 41%–60% similarity; 4: good, 61%–80% similarity; 5: excellent, 81%–100% similarity.
0.80: substantial agreement; 0.41–0.60: moderate agreement; 0.21–0.40, fair agreement; 0.00–0.20:
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propagation model with a CycleGAN was used. Direct simulations
using deep learning techniques should also be explored. In addition,
the CycleGAN is a classic model for unpaired image-to-image
translation. Inspired by the CycleGAN, several succeeding GAN-
based models have been proposed, such as U-GAT-IT,[25] ACL-
GAN,[26] and CUT.[27] Recently, diffusion models provide an al-
ternative method to unpaired image-to-image translation.[28–30]

Whether these models can further improve the quality of simulated
images should be studied. Third, the majority of lesions included in
this study were solid. GGO-dominant lesions should be collected to
investigate the effect of our method on these lesions. Fourth, the R-
EBUS probe positionwas not all confirmed using fluoroscopy during
the procedure in this study. However, the interpretation of R-EBUS
images of solid lesions is not as easily disturbed by factors such
as hemorrhage and atelectasis as GGO, so we believe that almost
all of the R-EBUS images that indicated the lesion had been
reached were true positive. Last, although the simulated R-EBUS
images closely resembled the real ones, their value in clinical prac-
tice remains to be determined. In a future study, the effects of our
model on the diagnostic performance of TBLB in patients with PPLs
will be assessed.

CONCLUSIONS

The proposed method can simulate R-EBUS images of PPLs from
preoperative CT data. Objective and subjective evaluations showed
a close resemblance between real and simulated images, demon-
strating the potential of our method to predict the target lesion ap-
pearance in R-EBUS images and provide guidance for intraopera-
tive R-EBUS probe manipulation. Further studies are still needed
to assess the value of simulated R-EBUS images in the broncho-
scopic diagnosis of PPLs.
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