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M E D I C A L  R O B O T S

AI search, physician removal: Bronchoscopy robot 
bridges collaboration in foreign body aspiration
Lilu Liu1†, Jingyu Zhang1†, Fei Wang1, Jiyu Yu1, Yuxiang Cui2, Zhibin Li3, Jian Hu4, Rong Xiong1*, 
Haojian Lu1*, Yue Wang1*

Bronchial foreign body aspiration is a life-threatening condition with a high incidence across diverse populations, 
requiring urgent diagnosis and treatment. However, the limited availability of skilled practitioners and advanced 
medical equipment in community clinics and underdeveloped regions underscores the broader challenges in 
emergency care. Here, we present a cost-effective robotic bronchoscope capable of computed tomography (CT)–
free, artificial intelligence (AI)–driven foreign body search and doctor-collaborated removal over long distances 
via fifth-generation (5G) communication. The system is built around a low-cost (<5000 USD), portable (<2 kilo-
grams) bronchoscope robotic platform equipped with a 3.3-millimeter-diameter catheter and 1-millimeter biopsy 
forceps designed for safe pulmonary search and foreign body removal. Our AI algorithm, which integrates classical 
data structures with modern machine learning techniques, enables thorough CT-free lung coverage. The tree 
structure is leveraged to memorize a compact exploration process and guide the decision-making. Both virtual 
and physical simulations demonstrate the system’s effective autonomous foreign body search, minimizing bron-
chial wall contact to reduce patient discomfort. In a remote procedure, a physician in Hangzhou successfully re-
trieved a foreign body from a live pig located 1500 kilometers away in Chengdu using 5G communication, 
highlighting effective collaboration of AI, robotics, and human experts. We anticipate that this 5G-enabled, low-
cost, AI expert–collaborated robotic platform has notable potential to reduce medical disparities, enhance emer-
gency care, improve patient outcomes, decrease physician workload, and streamline medical procedures through 
the automation of routine tasks.

INTRODUCTION
Foreign body aspiration (FBA) represents a critical emergency med-
icine issue, affecting individuals across all age groups, particularly 
children under 5 years old and the elderly (1–3). If FBA is not ad-
dressed promptly, it can lead to severe complications like pneumo-
nia, asthma, or atelectasis (4, 5). Although central airway, namely, 
trachea, obstructions can often be managed with the Heimlich 
maneuver (6, 7), around 80% of foreign bodies (FBs) lodge in the 
bronchi, where bronchoscopy remains the gold standard for both 
diagnosis and treatment (8, 9). Effective bronchoscopic intervention 
typically requires preoperative computed tomography (CT) scans to 
precisely locate, size, and orient the foreign object, alongside highly 
skilled practitioners to perform the search and removal (10). How-
ever, such resources are frequently unavailable in community clinics 
and underdeveloped regions, highlighting a broader challenge in 
emergency care—where timely intervention is critical but often un-
attainable because of resource limitations (11, 12).

The rapid development of medical robotics has transformed 
complex surgeries across multiple disciplines, enhancing preci-
sion and improving patient outcomes (13–16). Systems like the da 
Vinci Surgical System (17, 18) have extended surgeons’ capabili-
ties in urology, gynecology, and general surgery by offering supe-
rior precision, flexibility, and control. Similarly, the MAKO robotic 
system (19, 20) aids orthopedic surgeons in preoperative planning and 

intraoperative guidance for knee and hip replacements, resulting in 
improved alignment and longevity of implants. In neurosurgery, 
platforms such as ROSA (21) and Neuromate (22) provide real-time 
three-dimensional (3D) imaging and navigation, enabling surgeons to 
operate on delicate brain and spine structures with minimal inva-
siveness. Despite these advances, current robotic systems are often 
bulky and expensive and primarily serve as surgical assistants rather 
than autonomous collaborators, limiting their utility in emergency 
situations, especially in resource-constrained settings. In recent 
years, enhancing autonomy has become a focus in medical robotics, 
and several autonomous robotic systems have demonstrated effec-
tiveness in in vivo settings. For example, for laparoscopic surgery, 
Saeidi et al. (15) introduced the Smart Tissue Autonomous Robot, 
designed for autonomous anastomosis without physician interven-
tion. For tissue biopsy, Kuntz et al. (23) developed an autonomous 
needle-steering robot for biopsy, integrating a CT-based planning 
and electromagnetic positioning system to increase the autonomy. 
For bronchial FBA surgery, an ideal solution would allow physicians 
to perform multiple procedures remotely, with reduced response 
times and physician workloads on each one. In such a scenario, 
minimal onsite personnel would be needed, with the robot autono-
mously performing most of the procedure and requiring physician 
intervention only at critical stages, enhancing emergency care by 
bridging the human and robot expertise (24, 25).

Achieving this vision requires medical robots capable of autono-
mously performing certain tasks, relieving physicians from manag-
ing every step of the procedure (26, 27). In bronchoscopy, the FBA 
surgery necessitates a thorough search process, namely, exploration, 
for all possible bronchi to localize the FB, which is a time-consuming 
and skill-intensive task with a high risk of secondary injury to pa-
tients, especially when an external navigation method, such as pre-
operative CT imaging and planning, is unavailable. If robots could 
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autonomously locate and safely navigate to the object, physician in-
tervention could be reserved for the final removal stage. However, 
current robotic bronchoscopy systems, such as the Ion (28, 29) and 
Monarch platforms (30, 31), rely heavily on preoperative CT imag-
ing or external positioning systems because of the lack of an intelli-
gent system with long-term memory that organizes the on-the-fly 
perception into spatial awareness like a human expert, which is cru-
cial for efficient bronchial exploration.

Exploration is a fundamental prerequisite for robot applica-
tions in unknown environments. The exploration process consists 
of three parts: perception, path planning, and control. Perception 
involves mapping and localization using cameras or other external 
sensors, path planning generates trajectories for exploration, and 
control ensures precise movement execution. In bronchoscopy, ex-
ploration methods are categorized into camera-only and CT-based 
approaches. Camera-only methods, such as manual bronchoscopy, 
are widely used in clinical practice but require expertise and pose 
risks of disorientation (32). Simultaneous localization and mapping 
(SLAM)–based techniques offer a potential solution by building 
sparse maps through image feature matching, as seen in robotics 
applications (33, 34). However, in medical contexts like colonoscopy 
(35), laparoscopy (36), and bronchoscopy (37), SLAM suffers from 
low-quality mapping, limited field of view, and nonrigid organ mo-
tion, making clinical deployment challenging. CT-based methods 
reconstruct high-quality dense bronchial maps preoperatively, al-
lowing preplanned navigation to target FBs or lesions. Intraoperative 
localization often relies on external sensors, such as electromagnetic 
tracker and fiberoptic shape sensors (38), but their sensitivity to 
respiratory motion introduces inevitable localization errors. To 
mitigate this, some methods use image-based registration between 
real and CT-rendered images (39–44), although CT-to-body visual 
divergence leads to localization inaccuracies. Consequently, most 
CT-based methods assist doctors in guidance rather than enabling 

autonomous control of a robot. Although some studies have inves-
tigated semiautonomous control in a bronchoscope robot, continu-
ous human intervention remains necessary (45, 46).

Here, we present a fifth-generation (5G)–based remote robotic 
system for bronchoscopy, integrating artificial intelligence (AI)–
driven autonomous search and enabling doctor-robot collaboration 
for FBA surgery (Fig. 1 and Movie 1). The sensor of our robot is only 
a camera, without the need for any preoperative CT or external po-
sitioning system. Our system leverages AI algorithms to sense, 
think, and act, where a tree structure is used as a key role for long-
term memory, allowing for an online-built compact topological 
map of the bronchial tree from an ever-growing bronchoscopic im-
age stream. On the topological map, a tree-search planner and a 
policy neural network jointly make the search decision, enabling 
thorough and safe lung coverage and robot navigation for FB search. 
The hardware platform, designed for affordability and portability, 
includes a mobile base, an electric slide, and a bronchoscope robot 
weighing ~2 kg. The bronchoscope features a 3.3-mm-diameter 
catheter with a 1.2-mm working channel, a miniature endoscopic 
camera, and LED (light-emitting diode) illumination. The removal 
system uses two linear motors to control forward motion and the 
actuation of 1-mm biopsy forceps. The entire system costs less than 
5000 USD, making it accessible to community clinics and in under-
developed regions. Both virtual and physical simulations on realistic 
human bronchial models validated the system’s ability to autono-
mously navigate the lung, replicating the performance of an experi-
enced physician. In  vivo experiments further demonstrated the 
feasibility of remote operation: A doctor in Hangzhou successfully 
removed an FB from a pig located 1500 km away in Chengdu via 5G 
communication, with the physician only intervening during the 
final removal stage. This successful trial across AI, robotics, and 
human expertise underscores the potential of this low-cost, AI 
expert–collaborated robotic platform to address medical resource 

disparities, improve emergency care, en-
hance patient outcomes, reduce physi-
cian workload, and streamline medical 
procedures by automating routine tasks.

RESULTS
AI-human collaboration for 
bronchial FBA surgery
The procedure was divided into five dis-
tinct stages. In the first stage, local clinic 
personnel inserted the bronchoscope and 
activated the AI agent. During the second 
stage, the AI autonomously conducted a 
full bronchial examination, navigating 
on the basis of the neural network strat-
egy while the supervising physician re-
motely observed the process. In the third 
stage, upon identification of the FB, the 
physician could override AI control to halt 
the bronchoscope’s advancement, allow-
ing clinic staff to introduce the biopsy 
forceps into the working channel. The 
fourth stage involved the physician re-
motely operating the forceps to grasp 
the FB. In the fifth stage, the AI resumed 

Fig. 1. Illustration of the AI-human collaboration remote bronchoscope robot system. Our system is designed to 
address FBA in undeveloped areas, where access to CT imaging and experts is limited. The system consists of two key 
components: a low-cost bronchoscope robot located in undeveloped areas and an AI agent for safe and automatic 
searching for FBs and collaboration with a remote expert via a 5G network. Upon presentation of a patient with sus-
pected FBA, the AI agent autonomously navigates the bronchoscope to identify the FB within the bronchus. Once de-
tected, the system alerts a remote specialist, allowing them to take control of the bronchoscope robot for FB removal.
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control, extracting the bronchoscope along with the FB from the 
bronchi. The entire process of the procedure is presented in movie 
S1. Throughout this process, only the fourth stage necessitated di-
rect physician involvement, minimizing the overall demand on the 
expert’s attention and cognitive load. The AI autonomously handled 
the more time-intensive tasks in stages two and five, substantially 
reducing the workload on the physician. Conversely, stages one and 
three required only basic technical skills, easily managed by clinic 
personnel. This division of labor maximized efficiency, assigning 
tasks according to respective expertise and ensuring optimal pa-
tient outcomes.

AI agent design and learning strategy for 
bronchial FB search
The AI agent featured two core components for FB search: One was 
the policy neural network for visual perception and robot control, 
and the other was the tree-like memory bank (TLMB) for long-term 
memory storage and exploration planning (Fig. 2A). The input to 
the policy neural network comprised a sequence of recent images 
captured from the catheter’s camera, along with the planned explo-
ration guidance from the TLMB. The network’s output included the 
FB probability, the airway bifurcation probability, and the safe steer-
ing action. The FB probability indicated whether the FB was found, 
and if so, the remote expert would be alerted for FB removal. The 
airway bifurcation probability indicated whether the robot was lo-
cated at airway bifurcation, and if so, the latest image would be pro-
cessed and stored in the TLMB. The safe steering action was used to 
control the catheter tip to follow the guidance and remain centered 
in the airway. To account for the effects of respiration in real-world 
scenarios, image sequences of the recent bronchial generation were 
buffered and sampled as the input of the policy network, avoiding 
the redundant identification at the same bifurcation caused by the 
coupling of respiratory motion and robot motion.

Considering the natural tree structure of the bronchial anatomy, 
the TLMB was designed to build a highly compact tree-like topologi-
cal map where the tree nodes and edges could efficiently store all his-
torical memory during the FB search process. Correspondingly, a 
depth-first search (DFS)–based planner was used to generate the ex-
ploration guidance and guided the policy network for a thorough 

search. The input of the TLMB was trig-
gered as if the predicted bifurcation prob-
ability of the policy network was larger 
than 0.5. In this situation, the latest image 
was treated as the bifurcation image and 
processed by a lumen detection network 
(fig.  S14). When the bifurcation image 
with detected lumens was input into the 
TLMB, the topology map created a new 
node to store the bifurcation image and 
built edges according to detected lumens 
as potential branches, namely, frontiers, 
to be explored. At each bifurcation, the 
DFS-based planner output the stop com-
mand, determined whether the robot 
should advance into a new branch, or re-
turned to a previously explored one on the 
basis of the current tree node where the 
robot lay and unexplored frontiers after 
DFS. If advancing into a new branch, 

the DFS-based planner fed the policy neural network an exploration 
guidance to control the robot, and the current tree node expanded to 
create leaf nodes representing unexplored branches. If returning, the 
planner switched to a previous parent node as the exploration guid-
ance. As the tree structure grew, the memory dynamically incorporated 
new perception, allowing for the planner and controller to increasingly 
search the whole bronchial tree until the FB was found.

For training, a 3D airway model segmented from the CT scan 
was used to establish the simulated environment (see Supplemen-
tary Methods for details), allowing real-time rendering of broncho-
scopic images. This setup enabled the training of the policy neural 
network under the guidance of the tree structure to search all 
bronchial branches. Three key components during training were 
the expert agent, domain randomization, and Sim2Real adaptation 
(Fig. 2B). The expert agent provided privileged information in the 
simulated environment, generating exploration guidance on the ba-
sis of the robot’s location and previously explored regions, as well as 
ground-truth bifurcation labels and steering actions for the policy 
network supervision. The domain randomization component ran-
domly generated the cyclic motion of respiration and placed FBs in 
different bronchial branches for better generalization. The Sim2Real 
adaptation compensated for the visual differences between rendered 
and real bronchoscopic images, using adversarial learning to ensure 
that the policy network could generalize to real-world scenarios 
with zero-shot transfer.

Simulation results and in vitro evaluation of 
bronchial exploration
We first assessed the effect of sampling on the image sequence input 
in the simulation model (fig. S11). Our results indicated that sam-
pling substantially improved the coverage of exploration of the pol-
icy neural network (Fig. 3, A to C, and fig. S15). Important metrics 
used in this study are defined in Supplementary Methods. Com-
pared with the group inputting a continuous image sequence with a 
fixed length, the sampling group, which uniformly sampled frames 
with a fixed length from historical images as input, could explore 
more branches (103.5 ± 3.5 versus 46.0 ± 1.0) within the same time. 
The key factor in this performance boost was that the sampling 
strategy effectively simulated the coupling between respiration and 

Movie 1. Overview of the AI-human collaboration remote bronchoscope robot system for FBA surgery.
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robot motion. This enhanced the neu-
ral network’s robustness to variations 
in image sequences caused by the cou-
pled motion, a critical factor when ad-
dressing real-world scenarios where 
respiratory and robot motions inter-
act. This strategy was expected to improve the system’s resilience to 
the influence of respiratory motion on input image sequences in 
clinical settings. Next, we evaluated the lumen detection perfor-
mance at airway bifurcations by incorporating depth estimation into 
the network (Fig. 3D and fig. S14). Given the large depth variation in 
the airway, the integration of depth prediction with lumen detection 
provided the network with both geometric and appearance cues, 

leading to enhanced accuracy (93.97% versus 91.38% when the 
threshold was 16 pixels).

In the in vitro model, we allowed the AI to autonomously com-
plete the search of all bronchial branches, incorporating simulated 
breathing into the phantom. A human expert with more than 20 years 
of experience and more than 200 cases per year and who was trained 
over 100 trials of teleoperation was invited to perform the same task 

Fig. 2. Pipeline of the AI agent and train-
ing strategy for an FB search. (A) Overview 
of the AI agent for an FB search via bronchial 
exploration. The AI agent is composed of two 
hierarchical components for an FB search: a 
policy neural network for visual perception 
and control and a TLMB for long-term memory 
and exploration planning. The policy network 
processes recent images from the catheter’s 
camera along with TLMB guidance, generating 
predictions for the FB presence, airway bifur-
cation detection, and safe steering actions. 
The TLMB constructs a topological tree map 
of the bronchial anatomy, enabling efficient 
memory storage and exploration planning. A 
DFS-based planner generates exploration guid-
ance, controlling the robot’s movement to en-
sure a thorough bronchial search. (B) Training 
strategy of the policy neural network. The 
policy neural network comprises a feature 
extractor and three task-specific heads for 
foreign object identification, bifurcation rec-
ognition, and steering action prediction. The 
feature extractor is based on a convolutional 
neural network, and these task-specific heads 
are based on MLPs. During the training stage, 
a CT scan is used to establish the simulated 
3D airway environment through segmenta-
tion of the airway model. Subsequently, the 
bronchial tree is built by extracting center-
lines from this model. These centerlines are 
divided into subsets to serve as reference 
paths. An expert agent is introduced to auto-
matically generate guidance and annotations 
for the policy neural network on the basis of 
the reference paths and the simulated robot 
position. To address the sparse distribution 
of FBs, the FB detection head is trained using 
balanced training. The neural network’s in-
put consists of image sequences rendered 
from the simulated environment, capturing 
the view from the last bifurcation tQ to the 
current position t  . To enhance network gener-
alization, Sim2Real adaptation and two domain 
randomization techniques are used, enabling 
robust transfer to real-world scenarios for an 
efficient and accurate FB search.
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Fig. 3. Exploration results of in experiments. (A) Results of AI agent exploration in the simulation environment. “Continuous” refers to the input of 10 consecutive frames 
to the policy network, whereas “Sampled” indicates the input of 10 historically sampled frames. (B) Exploration coverage. With the increase in the bronchial generation 
(going deeper), the number of explored branches also increases. The Sampled method achieves higher coverage compared with the Continuous method. Bar plots with 
error bars depict the mean values ± SDs, with n = 5 independent experiments. (C) Exploration trajectory. The red path shows the robot’s trajectory during bronchial ex-
ploration, where the policy network safely and comprehensively covers the entire bronchial tree. (D) Performance of lumen detection. We evaluated two networks: one 
learning both depth and detection and another learning detection only. (E) Exploration process in the phantom. The illuminated path indicates the robot’s trajectory 
during bronchial exploration in the phantom. (F) In vitro exploration results. We recorded the total observed branches with the increase in bronchial generation. Bar plots 
with error bars show the mean values ± SD, with n = 3 independent experiments. (G) Observed bronchoscopic images in the phantom. G0 to G3 indicate bronchial gen-
erations from the trachea (generation 0) to the third-generation bronchi. The numbers overlaid on the images represent the identities of different branches within the 
same bronchial generation. Both the left and right bronchi are included. (H) Operational errors during in vitro exploration. During the exploration process, all image 
frames were captured to evaluate image errors and to compare the operational accuracy of the AI against that of human experts. The numbers of recorded frames were 
n = 21,800 for the expert group and n = 22,578 for the AI group. Line plots with error bands show time-varying mean image errors ± 95% confidence intervals (CIs) 
within a time window of 10 frames during each exploration process. The operational error of the AI agent was notably lower than that of the human expert.
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as the AI agent for comparison. The results, shown in Fig. 3F, indi-
cated that the AI consistently outperformed the human expert, par-
ticularly as the AI navigated deeper into the bronchial branches 
(number of total observed branches of 61.0 ± 9.8 versus 77.5 ± 10.2 
at the 10th generation). This was expected given the exponential in-
crease in the number of leaf nodes in the tree structure as the system 
explored deeper bronchi. Fatigue and cognitive load could cause hu-
man operators to lose track of their progress, leading to incomplete 
exploration, a challenge the AI effectively overcomes. This suggested 
that the AI could serve as a more effective search tool compared with 
a human expert in complex bronchoscopy tasks. Furthermore, the 
policy network exhibited better central retention, as evidenced by its 
training in simulation, resulting in lower deviations from the airway 
centerline compared with manual exploration (28.45 ± 0.57 versus 
17.67 ± 0.54 pixels of operation error). This reduced deviation was 
likely to minimize potential airway wall damage, indicating that the 
AI agent provided superior patient safety. Figure 3E illustrates our 
process of exploring the entire bronchial tree with the robot, cap-
tured through long exposure, highlighting the DFS as reflected in the 
lit bronchial branches. This visual representation effectively ground-
ed the classical tree search algorithm in the context of bronchial ex-
ploration.

Because of the passive compliance of the catheter’s transition sec-
tion, unavoidable multiple contact points between the catheter and 
the bronchial wall occurred during movement. To measure this, a 
contact force testing experiment was conducted, as detailed in Sup-
plementary Methods. Results showed that the contact force of the 
catheter’s body with the bronchial wall was less than 0.4 N when 
steering the catheter’s tip without contact, which is relatively small 
in bronchoscopy and acceptable in clinical practice. Moreover, in 
bronchoscopy procedures, scopes are recommended to be parallel 
to the axis of the airway to avoid perforating the airway or breaching 
a vascular structure. It is also critical to maintain the proper spatial 
orientation and a clear view of the working field unobscured by 
blood or mucous (47, 48), demonstrating the benefits of following 
the centerline of the bronchus during bronchoscopy.

In vitro and in vivo demonstration of remote bronchial 
FB removal
We conducted telesurgery experiments using an in vitro phantom, 
selecting a remote site in Chengdu, ~1500 km from Hangzhou. Fig-
ure 4C illustrates the 5G network performance at this site, with an 
average download bandwidth of 211.41 ± 5.48 Mbps (megabits per 
second) and an upload bandwidth of 88.29 ± 3.95 Mbps, sufficient 
for high-quality image transmission and remote control. As shown 
in  Fig.  4D, although the transmission delay was higher with the 
transmission control protocol (TCP) than the user datagram proto-
col (UDP), the frame loss rate on the 5G network remained ex-
tremely low, and the policy was robust against frame loss, making 
UDP ideal for transmitting images for remote control.  Figure  4E 
highlights the network’s load capacity, where the delay slightly in-
creased with higher image resolutions. At resolutions greater than 
450 pixels by 450 pixels, packet loss became noticeable, although the 
overall latency (around 40 ms) remained well within the human re-
action time range (200 to 300 ms), confirming minimal influence on 
the human operator’s performance. Details of the 5G communica-
tion framework are described in Supplementary Methods.

To further validate the system, we conducted remote FB removal 
experiments using a breathing phantom. Four different FBs (Fig. 4B) 

were randomly placed into various branches (0 to 6) of the bron-
chial model (Fig. 4A), with each group repeated 10 times. The re-
sults (Fig.  4, F to H) showed no statistically significant difference 
between remote and local operations for FB removal (P > 0.05). 
However, Fig. 4I demonstrated that the shape of the FB significantly 
influenced retrieval success rates (P < 0.05). In our study, a safety 
guarantee mechanism was designed to monitor the real-time state of 
the network connection. When the network connection was lost for 
more than 5 s, the forceps were automatically withdrawn, and the 
local AI was activated to safely control the bronchoscope robot back 
to the trachea (airway of generation 0), waiting for further judgment 
by the physician and clinic staff, as shown in movie S2.

For in vivo testing, we deployed the bronchoscopy system in a 
remote clinic in Chengdu, with the teleoperation platform based in 
a hospital in Hangzhou, 1500 km away (Fig. 5, A and B). The in vivo 
experiment used a 5-month-old Bama miniature pig purchased 
from Chengdu Dossy Experimental Animals Co. Ltd. It was 1.3 m 
long, weighed 38.5 kg, and was in good health (Fig. 5C). For com-
parison, we performed a CT scan, AI-guided bronchoscopy explo-
ration, and expert bronchoscopy exploration on the pig. Figure 5D 
presents the pulmonary airway model reconstructed from the CT 
scan. Images captured during the AI-guided exploration are shown 
in  Fig.  5E. Although the CT scan provided superior coverage of 
peripheral bronchi (<3 mm), it was less effective for detecting 
small, low-density FBs. In contrast, bronchoscopy remained the 
gold standard for FBA surgery in the main and lobar bronchi 
(>3 mm). We emphasize that the CT scan here was only used for 
demonstration and comparison and was not used by the robot or 
AI in any stage.

Comparing AI-guided and expert bronchoscopy (Fig. 5, F and 
G), AI showed comparable coverage of exploration in the lower-
level airways (less than the fourth generation) but notably outper-
formed the expert in navigating deeper bronchi (more than the fifth 
generation). As depicted in Fig. 5H, the AI-controlled robot main-
tained better central alignment than manual operation (30.44 ± 0.24 
versus 20.37 ± 0.30 pixels), resulting in less airway wall contact and 
reaching deeper airway levels faster (Fig. 5G and movie S3). Specifi-
cally, the AI-controlled robot reached the seventh generation within 
300 s and the 10th within 340 s, using only 67.02% of the time used 
by the expert to reach the same generation and 71.51% to reach the 
eighth generation. As depicted in Fig. 5I, the AI-guided navigation 
group examined a substantially larger number of branches than ex-
pert bronchoscopy (43.25 ± 2.25 versus 53.0 ± 2.0). In the FB re-
trieval trials, eight experiments were conducted with a 100% success 
rate in locating and retrieving FBs. Figure 5J presents images of the 
retrieved FBs, demonstrating the system’s efficacy in search and 
clamping, with expert intervention completing the retrieval.

Compared with CT-guided FBA surgery, AI-driven bronchos-
copy reduced procedure times. As shown in Fig. 5K, the CT scan-
ning, FB identification, path planning, and bronchoscopy procedures 
took a total of 13.31 ± 2.88, 14.24 ± 6.74, 12.58 ± 2.91, and 1.88 ± 
0.18 min, respectively. In total, the CT-guided surgery took on aver-
age ~42 min. In contrast, AI-driven surgery only focused on the 
bronchoscopy procedure, including FB search and removal, which 
took 4.72 ± 2.00 minutes in total (movies S4 to S7). The experimen-
tal results highlighted the higher efficiency of our AI-driven method 
(movie S8). These results confirmed the system’s robust sim-to-real 
transfer capability, with zero-shot in vivo performance closely match-
ing the in vivo performance observed in the phantom model.
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DISCUSSION
Here, we present the decoupled modules for planning and control 
in the AI system of the low-cost bronchoscope robots. This system 
autonomously executes the entire process of bronchial FBA surgery 
without the need for preoperative CT scans or external positioning 
systems. Furthermore, when taken over by the remote physician, the 
system easily switches to the control only with the guidance given by 
the physician. The success of our approach hinges on two core com-
ponents. The first is the hierarchical architecture decoupling plan-
ning and control, where two decision-making modules are operated 
at different frequencies across different decision horizons, allowing 
for any time autonomous operation or physician intervention. The 
second is the application of sampling techniques, virtual experts, 
and style transfer methods to reduce the gap between virtual 
simulations and real-world conditions, enabling effective zero-shot 
transfer from simulated to practical environments.

At the heart of our system lies a tree-structured topological map, 
which plays the role of long-term memory bridging the visual per-
ception with the safe robot control and exploration planning. This 
structure not only enhances the interpretability of decision-making 
processes but also meets the interactive requirements of medical 
professionals, addressing limitations commonly associated with 
black-box neural networks. By leveraging prior anatomical knowl-
edge of the bronchus, the tree structure organizes redundant and 
online-acquired image streams into a compact, structured topologi-
cal memory, notably improving spatial awareness. Moreover, our 
experiments demonstrate that neural networks perform exception-
ally well in controlling the catheter’s movements during respiratory 
actions using an end-to-end control strategy. This approach effec-
tively overcomes the challenges posed by real-time perception and 
modeling within complex bronchial environments, eliminating the 
need for explicitly designed control strategies.

Fig. 4. Results of in vitro remote control experiments. (A) Representation of the bronchus model and bronchial generations. (B) Types of FBs and corresponding grasping 
images. (C) Upload and download bandwidth of the 5G network. (D) TCP and UDP communication latency over the 5G network. Bar plots with error bars show the mean 
values ± SD, with n = 379 independent experiments. (E) Load testing of the 5G network. A total of 60 image sizes, ranging from 0 pixels by 0 pixels to 600 pixels by 600 pixels 
at 10-pixel intervals, were chosen. For each image size, n = 100 independent experiments were conducted to evaluate the time delay and package received rate. Line plots 
with error bands depict mean values ± 95% CIs. (F) Grasping of FBs under respiratory motion. In both remote and local experimental settings, four types of FBs were placed 
at 0 to 6 bronchial generations, with each group tested 10 times to calculate success rates. (G) Grasping of FBs without respiratory motion. (H) Distribution of grasping success 
rates in remote versus local settings, showing no significant difference (P > 0.05). (I) Success rate distribution for the four types of FBs, indicating significant differences be-
tween FBs. For each type of FB, the number of independent experiments for grasping was n = 280. Box plots show the median, interquartile range (IQR), and data range 
within 1.5× IQR, with outliers. The paired t tests were conducted to show statistical significance for each comparison of different groups. **P < 0.01 and ****P < 0.0001.
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Fig. 5. Results of in vivo experiments. (A) Experimental setup. An expert was invited to remotely perform the FB removal procedure from a location 1500 km away from 
the pig’s operating room. (B) Remote control scenario for expert operation. (C) Local experimental scenario. (D) Reconstructed bronchus model from pig CT scan for 
evaluation only. (E) Images captured by the bronchoscope. (F) Comparison of three airway exploration methods: CT, AI-guided exploration, and expert-guided explora-
tion. (G) Number of observed bronchial branches (>3 mm). Bar plots with error bars depict the mean values ± SD, with n = 4 independent experiments. AI-guided explo-
ration outperformed experts in observing deeper and more airways. (H) Operational error comparison. All image frames were recorded during the exploration process to 
compute image errors for comparing operation accuracy between the AI and human expert. The numbers of recorded frames were n = 20,009 for the expert group and 
n = 13,228 for the AI group. Line plots with error bands show time-varying mean image errors ± 95% CI within a time window of 10 frames during each exploration pro-
cess. (I) Total number of observed branches. Bar plots with error bars show the mean values ± SD, with n = 4 independent experiments. (J) Images of detected FBs by local 
AI and FB removal by remote physician. (K) Comparison of total surgery time between CT-guided surgery and AI-driven surgery. For each type of surgery, bar plots with 
error bars represent the mean time ± SD, with n = 4 independent experiments.
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The system-level results presented in this paper demonstrate that 
AI-supported medical robots can surpass human performance in 
certain tasks. In the FB search subtask, our AI outperformed human 
operators in both coverage and accuracy, reducing the likelihood of 
missing an FB and minimizing patient discomfort during the search. 
We successfully demonstrated the entire FB removal process in 
live pigs. Given the animals’ lower tolerance to anesthesia, we safely 
conducted three experiments, proving that our AI can adapt to real-
world conditions without requiring extensive expert-labeled datasets. 
These findings advance the field of medical robotics by highlighting 
the importance of simulating in vivo conditions and incorporating 
sensory feedback, such as force and touch, into robotic systems—a 
crucial aspect for future medical applications.

This case study illustrates the potential of combining AI and ro-
botics for subtasks that require high operational skills but limited 
medical knowledge. Compared with the time to train a skilled bron-
choscopy physician, AI only takes mere days with the aid of graphics 
processing unit parallelization while delivering a search perfor-
mance beyond what is feasible for human training. The process is 
both faster and more cost-effective. Considering that emergency 
care, and much of everyday health care, consists of routine proce-
dures rather than complex ones, the application of AI to automate 
such tasks is both feasible and valuable. Thus, for many medical ap-
plications not now receiving extensive attention, the autonomy of 
procedural subtasks and the reduction of cognitive load on physi-
cians represent promising directions for future development in AI 
and medical robotics.

According to the limit testing of the FB removal of our system 
(see Supplementary Methods for details), when the FB was much 
larger (≥10 mm) than the gripper’s opening (~3 mm), the success 
rate of grasp was about 70%. If the size of the FB was close (3 to 
5 mm) to the gripper's opening, then the success rate increased con-
siderably (>90%). However, if the object was much smaller (1 mm) 
than the gripper’s opening, then the success rate decreased to ~40%. 
In contrast, the area under the curve (AUC) of FB identification re-
mained high (>90%) with respect to FBs from 17 to 3 mm. When 
the size of an FB was 1 mm, the AUC slightly decreased to ~80%. 
Thus, the bottleneck of the performance of our FB removal system 
lies in the success rate of grasp. For our system, the limit size of an 
FB was 1 mm. In clinical practice, this tiny FB was unusual, and 
most reported sizes of FBs were more than 3 mm (49–51).

Statistically, around 85% of FBs are located in the bronchi (≥gen-
eration 1) and around 15% in the trachea (generation 0) (2, 52). For 
pediatric patients, because of the immature airway anatomy, most 
FBs (~63%) are found in the main bronchus (generation 1), with a 
proportion of 20.4% located in the deeper bronchi (generations 2 to 
23). For adult patients, FBs are predominantly found (~57.7%) in 
deeper bronchi (generations 2 to 23). According to the statistical 
data, the superiority of our AI-driven surgery in deeper bronchi has 
a notable clinical value for both children and adults with FBA.

Our robotic system is a nonhaptic teleoperation system, where 
the force sensor is not equipped for haptic feedback. This setting is 
the same as that of existing commercial robotic bronchoscopy plat-
forms like Ion and Monarch, which is proven to be acceptable in 
clinical practice of robotic bronchoscopy. For haptic teleoperation 
(53–55), the existence of force feedback imposes higher demands on 
stale connection to avoid the divergency and unsafety of human-
in-the-loop control (56, 57). In our nonhaptic teleoperation, only 
image streams and human command streams are transferred via 5G 

communication. For this reason, a more relaxed requirement of 
bandwidth may be acceptable for our system. As a sacrifice, the 
velocity and flexibility of direct nonhaptic teleoperation may be 
much lower than haptic teleoperation, which is worth improving in 
the future.

This work highlights that valuable medical experts may be dedi-
cating too much time to procedural tasks that could be performed 
more effectively by robots, thereby underutilizing their true medical 
expertise. This mismatch between operational demands and expert 
knowledge is not limited to emergency care but extends across the 
broader health care system, leading to inefficiencies and resource 
misallocation for experts, patients, and health care providers. By 
shifting the role from mere assistants to autonomous collaborators, 
AI-driven robots have the potential to reshape clinical emergency 
care and reallocate medical resources, optimizing both health care 
delivery and outcomes.

MATERIALS AND METHODS
Overview of the hardware for the AI-human 
collaboration system
The hardware system comprised a portable mobile platform and a 
bronchoscope robot connected via an electric slide mechanism. This 
mobile platform was customizable to specific procedural needs and 
was easily maneuverable within the operating room. The electric 
slide drove the bronchoscope’s feed mechanism during surgery. The 
bronchoscope robot, weighing ~2 kg (figs. S1 and S21B), consisted 
of a catheter with a high-stiffness transition section (primarily fea-
turing a braided mesh structure) and a low-stiffness steering section 
(composed of hinge structures). The catheter contained a working 
channel (inner diameter: 1.2 mm), a miniaturized endoscopic cam-
era, and two LED lights. The steering mechanism used four linear 
motors, each controlling one of the catheter’s tendons, allowing co-
ordinated steering motions (fig. S2, A and B). The bending angle of 
the catheter was controlled in the tendon-driven method, where 
each pair of symmetric linear motors independently controlled the 
pitch angle and the yaw angle, allowing for omnidirectional bend-
ing. As shown in fig. S3, we characterized the bending angles of the 
catheter under different tendon displacements in free space, which 
reflected the kinematic characteristics. A linear relationship could 
be observed without any contact and shape change of the catheter. 
When the biopsy forceps were inserted, the bending performance of 
the catheter decreased slightly. The forceps mechanism used two ad-
ditional linear motors: one for advancing the biopsy forceps and an-
other for actuating its opening and closing (outer diameter: 1 mm), 
enabling the retrieval of FBs (fig. S2, C and D). The modular system 
design allowed for straightforward disassembly and replacement of 
the forceps, enhancing the system’s flexibility and ease of mainte-
nance. With a total cost of less than 5000 USD (table S2), the bron-
choscopy robot was affordable for local clinics, promoting timely 
and high-quality care for emergency patients.

The AI-human collaboration system consisted of three key com-
ponents: the bronchoscope robot hardware, as shown in fig. S4A; 
the local AI agent; and the remote physician. During the procedure, 
local clinical staff first inserted the bronchoscope into the patient’s 
airway. The AI agent then autonomously controlled the robot for FB 
search, receiving real-time bronchoscopic images from the robot’s 
camera and sending steering and advancement/retraction actions to 
the robot via the serial ports. In the search process, bronchoscopic 
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images were sent to a remote physician for supervision via 5G com-
munication. The physician retained the authority to override the AI 
agent, intervening when necessary. Upon detecting a suspected FB, 
the AI agent issued an alert to the physician, who determined the 
appropriate course of action. If removal was required, the physician 
directly controlled the bronchoscope (fig. S6B), sending real-time 
control commands via 5G while continuously receiving real-time 
imaging feedback.

Policy neural network architecture
The input of the policy neural network consisted of a reference im-
age of bifurcation, a guidance image from TLMB, and a sequence of 
observed bronchoscopic images. As shown in fig. S12, three feature 
extractors, where i indicates the index of each feature extractor, {
Φi

E

}3

i=1
 with shared parameters were designed to process these 

three types of input images, respectively, extracting three 512D fea-
ture vectors. Then, these features were concatenated to form a 
1536D feature as the common feature for inputting the following 
bifurcation head ΦB and steering head ΦS . For FB identification, the 
latest bronchoscopic image was solely encoded by the feature ex-
tractor into a 512D feature for the FB head ΦF , as shown in fig. S18. 
In this study, the feature extractor was based on ResNet-34, and 
these three task-specific heads were based on multilayer perceptrons 
(MLPs). Note that the input channel number of the feature extractor 
was matched with the concatenated channel of 10 frames of an im-
age. When the feature extractor received a single image as input, the 
image was automatically repeated to form a 10-frame sequence.

TLMB design
The core of the TLMB consisted of a compact tree-like topological 
map and a DFS-based planner. The tree-like topological map en-
coded a compressed topological representation of the bronchial 
tree, where nodes stored information about explored bifurcations 
and unexplored frontiers and edges denoted the connectivity be-
tween these nodes. As shown in Fig. 2A, gray nodes represent fron-
tiers, whereas yellow nodes indicate bifurcations that have already 
been explored. The DFS-based planner was responsible for deter-
mining the exploration order of frontiers in the tree-like topological 
map, ensuring an efficient and comprehensive search of the bron-
chial tree. The overall bronchial exploration process was divided 
into three phases: tree construction, forward frontier exploration, 
and backward node retracing.
Tree construction
At the beginning of exploration, an initial node was established that 
stored a bronchoscope image as the starting reference image. The 
lumen detection was performed on the reference image to identify 
the number and position of airway lumens in the 2D image coordinate 
system. These detected lumens served as the unexplored branches, 
namely, frontiers. For each detected lumen, a Gaussian-blurred im-
age was generated centered on the detected position, which was 
considered as the guidance image of the corresponding frontier. 
Both the guidance images and the initial reference image were 
stored in the current node. Each frontier was assigned a unique 
identity (ID) and pushed into a first-in-first-out queue. Subsequent-
ly, the DFS-based planner popped a frontier from the queue to ex-
plore, according to the DFS algorithm. The policy neural network 
took as input both the exploration guidance (the guidance image of 
the frontier and the reference image of the current node) and ob-
servations (incoming bronchoscopic images). Then, the network 

output steering actions to control the robot and simultaneously 
evaluated whether a new bifurcation had been reached. Upon de-
tecting a bifurcation, a new node was established, and an edge was 
formed linking this node to the former one.
Forward frontier exploration
In this phase, the robot was situated at an established node, and the 
DFS-based planner selected a frontier from the queue to explore, 
providing the exploration for the policy neural network. During ro-
bot exploration from this node, all observed bronchoscope images 
were temporarily stored in a buffer until the next node was estab-
lished. From this buffer, 10 images were uniformly sampled to con-
stitute the observation input for the policy neural network. The 
details of the sampling strategy can be found in Supplementary 
Methods. The network then output steering actions that controlled 
the robot’s turning. Note that the advancement of the robot was de-
termined by the TLMB. In the forward frontier exploration phase, 
the advancement of the robot was fixed to a positive velocity. To re-
cord the distance of robot advancement, the time from one node to 
the next node was recorded and saved, facilitating the later back-
ward node retracing process. After a frontier was selected, its ID was 
removed from the queue. The exploration process concluded when 
the frontier queue was entirely depleted.
Backward node retracing
During exploration, if the depth of the tree-like topological map 
reached a threshold, then a leaf node was established, triggering a 
backward retracing operation to previous nodes. The target node to 
backtrack was determined by the DFS-based planner, which identi-
fied the nearest node having unexplored frontiers. Then, the planner 
planned a path to a target node and computed the total time of back-
tracking from the current node to the target node according to the 
stored advancement time in each node. The reference image of the 
target node and the real-time image from the camera were inputted 
into a policy neural network for safe steering. The velocity of back-
tracking was opposite to that of forward exploration. As an addi-
tional safety measure, remote experts were permitted to intervene 
during the exploration phase: If a remote expert deemed that the 
current depth of the bronchus was sufficient, then they could manu-
ally designate the current position as a leaf node, thereby triggering 
an automatic backward retracing operation.

Note that in the fifth stage of the AI-human collaboration FBA 
surgery, after the FB was grasped, backward node retracting was 
also triggered to extract the bronchoscope with the FB out of the 
bronchus. Because of the existence of the FB in the camera view, the 
policy network was unstable to control the robot. Alternatively, 
the tendon displacement values of the robot were stored in the 
nodes during forward exploration, and these tendon displacement 
values were queried from nodes and used to autonomously steer the 
robot during the backward retracting phase (movie S1).

Training strategy
In this work, we adopted an imitation learning framework to train 
the steering action and bifurcation identification of the policy net-
work. Specifically, an expert policy π∗ was designed to supervise the 
learning of our policy neural network. Executing in the simulation 
environment, π∗ generated a dataset D comprising state-guidance-
action triples 

(
s, g , a

)
 , where s represented the observed broncho-

scopic images, g denoted the exploration guidance, and a = π∗
(
s, g

)
 

was the expert's action, denoted as two steering angles and a bifurca-
tion label 

(
Δθ,Δφ, ybifur

)
 . The goal was to train a policy network π , 
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parameterized by � , that mapped a given s and g to a predicted ac-
tion â = π

(
s, g ; �

)
=
(
Δθ̂,Δφ̂, pbifur

)
 , closely matching the expert 

action a . By minimizing the loss function Lossa , the optimal param-
eters τ∗ were obtained

where N is the size of dataset D . The loss function of action was 
defined as

where γ is the balanced parameter between the combination of bi-
furcation recognition loss and steering action loss. In addition, the 
FB identification was trained via a supervised learning framework 
using the FB identification loss Lossfb.

Expert agent
In conventional imitation learning, the expert policy was executed 
by human experts to collect and annotate training data, a process 
that was labor intensive and prone to introducing the inconsistency 
of annotation between different human experts. To address this is-
sue, we designed an expert agent to autonomously execute expert 
policy in the simulation environment, which followed the same safe 
operation principle of keeping the bronchoscope centered in the air-
way by human experts during bronchoscopy. For the expert agent, 
the centerlines of the bronchial tree were extracted as the reference 
paths for data annotation. The expert agent autonomously provided 
the exploration guidance g and the ground-truth action a for state s , 
substantially reducing the burden on human demonstration. We 
implemented the dataset aggregation algorithm (DAgger) for imita-
tion learning. Specifically, the initial dataset was constructed by the 
expert agent to control the simulated bronchoscope robot to follow 
the airway centerline, with the expert agent generating the ground-
truth actions and exploration guidance. The dataset was then ex-
panded through on-policy training, where the policy neural network 
π had a probability of p (0.5 in this paper) to control the simulated 
robot to collect data in the simulation environment, and the expert 
agent annotated these data frame by frame. During the process, the 
policy network was trained by the Lossa , which was the combination 
of bifurcation recognition loss and steering action loss.
Bifurcation recognition loss
In the simulation environment, as shown in  Fig.  2B, we assumed 
that the distance was d from the bifurcation point to the nearest 
point of the robot on the 3D centerline. If d was less than a threshold 
dbifur , then the expert agent annotated the current frame as a bifurca-
tion image and projected the 3D bifurcation points of next genera-
tion onto the current 2D image as the exploration guidance for the 
policy network. Thus, the bifurcation recognition loss could be 
calculated as

where ybifur
i

 represents the ground-truth label of bifurcation and 
pbifur
i

 is the probability of bifurcation predicted by the policy neu-
ral network.

Steering action loss
As shown in fig. S13, the expert agent generated the ground-truth 
steering action using the privileged information including the ro-
bot’s relative position and orientation to the reference path, namely, 
the airway centerline. At the current time t  , the ground-truth steer-
ing action at

s
= (Δθ,Δφ) was calculated as follows

where Ptarget represents the target waypoint on the centerline that 
the robot should head toward in the next step, Ocam is the origin 
point of the camera’s coordinate system, and Pproj is the projection 
point of Ptarget onto the xOcamy plane. z represents the direction vec-
tor along the z axis of the camera’s coordinate system. The position 
of Ptarget can be determined on the basis of the current position of 
the robot and a predefined distance dtarget along the centerline. Spe-
cifically, the nearest waypoint Pnearest on the centerline relative to the 
robot’s head was identified. Subsequently, the indexPtarget

 , which cor-
responds to the position of Ptarget among all waypoints on the center-
line, was computed using the following formula

where Pk refers to a specific waypoint on the centerline and PkPk+1 
represents the Euclidean distance between Pk and its adjacent 
waypoint Pk+1.

On the basis of this, considering the predicted steering action 
â
t

s
=
(
Δθ̂,Δφ̂

)
 , the steering action loss can be formulated as a mean 

square error loss as

FB identification loss
Because of the imbalanced distribution of FB and nonobject images 
during exploration, we implemented a balanced training strategy 
for the foreign object detection head. We randomly placed various 
objects, such as cotton and toys, inside the simulation environment 
and then performed balanced sampling to collect a comparable 
number of FB and nonobject images, forming an offline dataset. 
These images were annotated for supervised training of the foreign 
object identification network. For the first iteration, the policy neu-
ral network was trained using Lossa . Then, the network parameters 
of the trained feature extractor were shared by another feature ex-
tractor that was connected to the FB identification head based on 
MLP. For the next iteration, the network was trained on the offline 
dataset using Lossfb . The process was repeated until convergence 
was achieved. The FB identification loss was defined as

�
∗ = argmin

�

N∑

i

Lossa
(
π∗
(
si , gi

)
, π
(
si , gi; �

))
(1)

Lossa = Lossbifur + γLosssteer (2)

Lossbifur = −
1

N

N∑

i=1

ybifur
i

⋅ log
(
pbifur
i

)
(3)

Δθ = arccos

(
�����������������⃑OcamPtarget ⋅z

OcamPproj

)

(4)

Δφ = arcsin

(
PtargetPproj

OcamPtarget

)

(5)

index
Ptarget

= argmin
m

||||||

m∑

k=indexnearest

P
k
P
k+1−dtarget

||||||
(6)

Losssteer =
1

N

N�

i=1

‖ai
s
− â

i

s
‖2
2 (7)

Lossfb = −
1

N

∑N

i=1
yfb
i
⋅ log

(
pfb
i

)
(8)
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where yfb
i

 represents the ground-truth label of the FB and pbifur
i

 is the 
probability of bifurcation predicted by the network.

Sim2Real adaptation and domain randomization
To enhance the effectiveness of the policy neural network in clinical 
settings, it was essential to apply domain adaptation techniques that 
reduced discrepancies between simulated and real environments. 
During the training phase, we performed the image translation on 
the input images of the policy network, imposing a more realistic 
image style to the network for Sim2Real adaptation. The details of 
Sim2Real adaptation are described in Supplementary Methods. To 
improve the generalization of the policy neural network, two do-
main randomization methods were designed in this study. To simu-
late the coupling of respiration with bronchoscope motion, periodic 
motions were introduced into the simulation environment. The fre-
quency and amplitude of these motions were randomly sampled 
within a range to simulate both stable and rapid breathing scenarios, 
enhancing the policy network's generalization. In addition, simu-
lated FBs were randomly placed at different positions within the air-
way, with variations in type, texture, and appearance. Similarly, data 
augmentation was also performed on image color, brightness, con-
trast, and saturation.

Animal studies
We used one female miniature Bama pig, 5 months old, with a body 
weight of ~38.5 kg at the time of the experiment. The pig was 1.3 m 
long, in good health, and had a complete vaccination history, includ-
ing vaccinations against classical swine fever, pseudorabies, porcine 
reproductive and respiratory syndrome, mycoplasma pneumonia, 
and foot-and-mouth disease. Before the experiment, the animal 
study was approved by Chengdu Dossy Experimental Animal Co. 
Ltd. under license no. 51203500055319, conforming to the National 
Institutes of Health Guide for the Care and Use of Laboratory Ani-
mals. The animal was used to evaluate the performance of the AI-
assisted bronchoscopy robot designed for airway exploration and 
foreign object removal. The robot’s control accuracy and operational 
safety were tested in vivo under physiologically relevant conditions.

At the beginning of the surgical procedure, general anesthesia was 
induced and maintained using a combination of intravenous and in-
halation methods. The animal was intubated and connected to a me-
chanical ventilator to ensure adequate oxygenation and anesthetic 
depth throughout the operation. Anesthesia depth was continuously 
monitored, and additional anesthetic agents were administered as 
needed. This protocol was consistently applied across all experimen-
tal sessions.

Postoperative care included bronchoscopic examinations fol-
lowed by administration of cefazolin injections to prevent infection. 
The animal was not euthanized after the experiment and was re-
turned to normal husbandry conditions, where it remains under 
routine care.

Statistical analysis
Statistical analysis was conducted using Python (version 3.8), NumPy 
(version 1.24.1), and MATLAB (R2024a). Quantitative results were 
obtained by comparing AI-guided and expert-guided bronchoscopy 
procedures across multiple outcome metrics, including centerline 
deviation, number of branches explored, and time to reach the tar-
get FBs. P values were reported, and differences were considered 
statistically significant if P < 0.05.

Supplementary Materials
The PDF file includes:
Supplementary Methods
Figs. S1 to S23
Tables S1 to S3
Reference (58)
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