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Abstract— Nasotracheal intubation (NTI) is critical for estab-
lishing artificial airways in clinical anesthesia and critical care.
Current manual methods face significant challenges, including
cross-infection, especially during respiratory infection care, and
insufficient control of endoluminal contact forces, increasing the
risk of mucosal injuries. While existing studies have focused on
automated endoscopic insertion, the automation of NTI remains
unexplored despite its unique challenges: Nasotracheal tubes
exhibit greater diameter and rigidity than standard endoscopes,
substantially increasing insertion complexity and patient risks.
We propose a novel autonomous NTI system with two key
components to address these challenges. First, an autonomous
NTI system is developed, incorporating a prosthesis embedded
with force sensors, allowing for safety assessment and data
filtering. Then, the Recurrent Action-Confidence Chunking with
Transformer (RACCT) model is developed to handle complex
tube-tissue interactions and partial visual observations. Experi-
mental results demonstrate that the RACCT model outperforms
the ACT model in all aspects and achieves a 66% reduction in
average peak insertion force compared to manual operations
while maintaining equivalent success rates. This validates the
system’s potential for reducing infection risks and improving
procedural safety.

I. INTRODUCTION
A. Nasotracheal Intubation

Intubation is a critical medical procedure used in various
clinical settings, particularly in emergency medicine, critical
care, and anesthesiology [1], [2], [3]. It involves inserting
a tube through the patient’s airway to maintain an open-air
passage, facilitate breathing, or deliver anesthetic gases [4].
The procedure is essential for patients requiring mechanical
ventilation due to respiratory failure [5], during surgeries
under general anesthesia, or in emergencies where airway
protection is crucial. There are two main types of intubation:
orotracheal and nasotracheal. Nasotracheal intubation is often
preferred in situations such as oral surgeries, dental proce-
dures, and cases requiring prolonged intubation, as it offers
better surgical access, enhanced conscious patient comfort
and tolerance, and is more suitable for long-term use and
nursing care compared to orotracheal intubation [6].
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NTT’s technical complexity, stemming from rigid tubes and
narrow nasal anatomy [7], increases mucosal injury risks
[8] (e.g., epistaxis, sinus damage) and elevates the risk of
procedural errors. Improper tube placement or prolonged
attempts may further provoke laryngospasm, hypoxia, or in
severe cases, brain damage [9]. Moreover, during intubation,
medical staff are directly exposed to possible viruses and
contaminated aerosols from patients [10], a risk highlighted
by the recent COVID-19 pandemic [11].

Improving intubation techniques can enhance patient
safety, outcomes, and healthcare worker protection. This
has led to the exploration of robotic technology [12], [13]
to assist with intubation procedures. While various robotic
systems have been developed for orotracheal intubation [14],
[15], [16], [17], [18], [19], robot-assisted nasotracheal intu-
bation systems are still in their early stages. Existing NTI
robots [20], [21], [22] focus on endoscope-guided lumen
tracking with visual collision avoidance during the initial
navigation step. While our previous work [22] introduced
passive safety mechanisms to mitigate collisions at this step,
mucosal injuries predominantly occur in the subsequent NTT
insertion step. This is due to the tube’s larger diameter,
higher rigidity compared to endoscopes, and the lack of self-
feedback, highlighting a critical safety gap in current robotic
NTI designs.

B. Segmentation-assisted Tube Tracking.

Segmenting the tracheal tube outside the oropharyngeal
region is crucial for accurate tracking and automation of
intubation procedures. The tracheal tube is a relatively thin,
cylindrical, deformable linear object (DLO). Advanced im-
age processing techniques such as edge detection, segmen-
tation, and shape analysis are essential to track the defor-
mation of this DLO during the procedure effectively. These
techniques help identify the tube’s location and distinguish
it from the surrounding background, the surgical robot arm,
and other elements.

To address the issue of complex environment, previous
works [23], [24], [25] introduced learning-based DLO seg-
mentation, achieving a more robust DLO segmentation in
varying backgrounds. However, these methods are still not
robust against the non-uniform color situation caused by the
transparent layer of the tracheal tube. Collecting large-scale
training data with the transparent tube is a feasible solution
to this challenge. However, the data collection and labeling
or rendering in simulation software takes human effort and
may perform poorly in unseen surgical scenarios. In addition,
the tracheal tube has a transparent outer layer that reflects
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Fig. 1: Hardware overview. The hardware system consists of a KUKA liwa robot and its panel, 2 cameras, a nasotracheal
tube, a PC, a teleoperation controller, a prosthesis with three force sensors embedded in it, and 3 force monitors.

light, which is difficult to learn, assuming that the collected
dataset is in specific illumination conditions.

Recently, deep learning foundation models for image
segmentation [26], [27] have demonstrated generalizability
across different scenarios and robustness against complex
environments with object variance. However, the foundation
model cannot be directly applied to the intubation task due
to the domain gap and the deformable nature of the tracheal
tube. We further combine morphological image processing
techniques to overcome these challenges to track the targeted
DLO. With this complete tracking pipeline, we track the
tracheal tube with a rope-liked segmentation and analyze its
length, curvature, and other relevant parameters.

C. Imitation Learning

Imitation learning is a method where an agent learns
to accomplish a task by observing and mimicking expert
demonstrations. This approach has gained significant traction
recently, particularly in robotics and autonomous systems,
due to its potential to teach complex behaviors.

Behavioral Cloning [28] (BC) directly learns a mapping
from states to actions using supervised learning techniques.
BC suffers from compounding errors, which means small
mistakes can lead to large deviations over time. Also, large
amounts of data are required for complex tasks and BC
doesn’t generalize well to unseen situations.

Inverse Reinforcement Learning [29] (IRL) tries to infer
the underlying reward function the expert is optimizing.
IRL Often generalizes better than BC since it can capture
the intent behind actions. The disadvantages of IRL are
requiring multiple iterations of reward inference and policy
optimization, and the reward function may not be uniquely
determined from demonstrations.

Generative Adversarial Imitation Learning [30] (GAIL)
adopts an adversarial framework to match the distribution of
the learned policy to that of the expert. It can learn complex
behaviors with relatively few demonstrations and performs

well in high-dimensional spaces. However, it can be unstable
during training due to adversarial optimization and requires
careful hyperparameter tuning.

Adversarial Inverse Reinforcement Learning [31] (AIRL)
combines ideas from IRL and GAIL to learn a reward func-
tion, which is robust to changes in dynamics. AIRL learns
transferable reward functions and performs well with limited
data. However, it needs a complex training procedure with
multiple components and is sensitive to hyperparameters.

Although the robot model has shown good generalization
and scene understanding capabilities, its performance in spe-
cific complex scenarios and tasks cannot meet medical safety
requirements. Action chunking with transformer (ACT) [32]
learns a generative model over action sequences to address
two main challenges of imitation learning: policy errors
can accumulate over time, and human demonstrations may
exhibit non-stationarity. This method shows the potential to
accomplish complex tasks in real-world scenarios.

The main contributions of this paper are as follows:

1) An autonomous NTI system is developed, incorporat-
ing a prosthesis embedded with force sensors, allowing
for safety assessment and data filtering.

2) A novel imitation learning model, RACCT, is pro-
posed. Compared to the ACT model, it incorporates a
DLO segmentation module, an action-confidence pair
sequence output structure, and a recurrent architecture,
resulting in improved performance.

To our knowledge, this is the first work to complete au-
tonomous NTI. What’s more, the average peak contact force
during autonomous NTI is only 66% of that of the profes-
sional doctor.

II. SYSTEM OVERVIEW

As shown in Figure 1, the system consists of a KUKA
liwa robot and its panel, 2 cameras, a nasotracheal tube, a
PC, a teleoperation controller, and a prosthesis with 3 force
sensors embedded in it, and the monitors of force sensors.
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Fig. 2: Fabrication process of the prosthesis.

Model assembly

The KUKA TIiwa robot has 7 degrees of freedom, each joint
is equipped with a position and torque sensor, and the end-
effect is equipped with a 3D force sensor. The three force
sensors are a 3D force sensor, [Fy, Iy, F.], installed at the
nostril, and two 1D sensors, F} and F5, installed in the nasal
cavity and throat.

The fabrication process of the prosthesis is illustrated in
Figure 2. It begins with 3D scanning to capture model data,
followed by 3D modeling and post-processing. Next, a force-
sensing model is designed, incorporating 3D and 1D force
sensors, along with a flexible prototype. Finally, the assembly
of the prosthesis is completed.

To simulate real-world conditions, the side of the phantom
is obstructed by a white box, making the internal state of
the tube during intubation invisible. Similarly, the images
captured by Camera 2 are not used as model input; they are
solely for recording the intubation process.

A. Data Collection

The framework of the system is shown in Figure 3.
Operators teleoperate with the robot to conduct NTI by the
controller to collect data. The input of the handle is mapped
to the increment of the end-effect pose of the robot, which
is limited to the x-z plane, including two-dimensional trans-
lation and rotation along the y-axis, a total of three degrees
of freedom. Camera 1 captures the shape of the nasotracheal
tube outside the prosthesis and segments it. The contact force
between the nasotracheal tube and prosthesis is collected and
displayed through digital monitors. The operators can adjust
the control strategy in real-time according to the contact force
situation. During the process, the 6-dimensional pose and 3-
dimensional force data of the robot end-effect, the image of
the tube, and force data from the force sensor are recorded
and saved for the following process.

B. Data Filtering criteria

After each data collection episode, the data will be filtered
by the following indicators: intubation time, the peak of
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Fig. 3: System framework. Teaching data is collected
through teleoperation, and after filtering with force data, it
is utilized to train the RACCT model. Finally, the model is
employed to achieve autonomous intubation.

contact force, and the impulse of contact force, that is:

I= /max (F' — Finreshold , 0) dt (1)

The impulse can reflect the degree of continuous pressure
the tube exerts on the prosthesis. We invited a professional
otolaryngology clinical doctor to perform manual intubation
on the prosthesis. Based on the intubation data and the
suggestion of the doctor, we established the following safety
threshold:

1) The intubation time ¢ < 20s.
2) The force peak Feqr < 5 N.
3) The impulse in(l) < 1 N*s with Fipreshoa = 1.5 N.

Only the demonstration data with metrics below 70% of
the safety threshold will be saved and used for training.

III. METHODOLOGY
A. Tube Segmentation

To better capture the ex vivo state of the tube and
eliminate redundant information from the background, we
perform segmentation and tracking of the tube. We first
adopt the RepViT-SAM [27] to obtain the tube segmen-
tation mask. After obtaining the coarse segmentation mask
from the foundation model, we propose using morphological
image processing techniques for accurate tube tracking. The
morphological post-processing includes the following steps:
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Fig. 4: Recurrent Action-Confidence Chunking with Transformer. A tube segmentation module, an action-confidence
pair sequence output structure, and a recurrent architecture decoder are added to the ACT model.

(1)Extracting the connected components with 1-connectivity
in the segmentation mask. (2)Remove small components
with an area less or equal to the threshold. (3)Applying a
binary blob thinning operation to get the skeleton of each
component. (4)Filtering the components with their width,
length, number of ends, and junctions. (5)Selecting the
component with the largest mean of x coordinates.

With these steps, we extract the only connected component
with a thin-curved skeleton of the DLO segmentation. With
the skeleton of the DLO, we utilize the scipy library for
further analysis. We fit the skeleton curvature x with a
quadratic equation of az? + bx + ¢ = y, and further define
a curvature score s,, as follows:

2|a| B 1
(1+2az+b)3 " 1+ﬁziepm

where P is the set of points lying on the skeleton curve.

2

B. Recurrent Action-Confidence Chunking with Transformer

The ACT model is selected as the backbone for its capa-
bility to accomplish complex tasks effectively, for example,
cooking shrimp and wiping wine[33]. However, the ability of
the ACT model to perform tasks in scenarios with incomplete
state observability has not been validated. In the context
of NTI, a significant challenge is that the state of the
tube inside the nasal cavity cannot be directly observed.
To address this challenge, as illustrated in Figure 4, the
following improvements are made to the ACT model: an
action-confidence pair sequence output structure along with
a corresponding loss function is proposed, and a recurrent
architecture decoder is established.

The original encoder from the ACT model has been
retained. The contact forces of the prosthesis are not included
as input, since this information cannot be obtained in real-
world scenarios. To better estimate the contact force and the
state of the tube within the nasal cavity, three-dimensional
force information from the robotic arm’s end-effector has

been incorporated into the input. Z is the style variable of
training data, which includes the distribution information and
is explained in detail in [32].

1) Action-Confidence Chunking with Transformer: In
[32], a temporal ensemble is proposed to overlap different
action chunks with each other to improve smoothness and
avoid discrete switching, while a fixed weighted scheme
results in insufficient robustness of the algorithm. A signif-
icant prediction error during a particular instance can have
a prolonged impact on the action outcomes for an extended
period. To handle this problem, an action-confidence pair se-
quence output structure has been proposed. While predicting
the action sequence, the corresponding confidence sequence
is also outputted through a confidence head and a sigmoid
function. This confidence can be regarded as an adaptive
weight, enhancing the model’s tolerance to errors and noise.
The final actions are calculated using the following formula:

pe=Y (eT™CHIALD/ Y (e ™MG)  3)
The loss is designed as:

t+k—1
Loss =

t+k—1
Ci

= ey ~Nea( D7) @

i=t

cl\aZ
k(e+1—

where p; is the action that the robot will execute at time t.
A[i] and C.[i] are the action and confidence predicted by
model for time ¢ at step ¢. a; and ¢; are the ¢ — th results in
the current output sequence, and a; is the ground-truth. m,
e and A are small positive constants, k is the chunking size.

The first term of loss is used to reduce the prediction error
of the model and to limit its overconfidence. This establishes
an inverse relationship between the error of the model and its
level of confidence. The second term is intended to prevent
the confidence from being too low. Without this constraint,
both the final confidence level and the first term of the loss
would converge to zero. In the second item, the reason for
calculating the average first and then applying the logarithm
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Fig. 5: Intubation methods. From left to right, they are
Manual proximal intubation, Manual distal intubation, and
robotic intubation.

is to ensure that the variance of the confidence is relatively
larger. If the order is reversed, the confidence values across
the sequence will become quite similar.

2) Recurrent Structure: In NTI scenarios, the state of the
tube can not be fully observed. The ACT model predicts the
future action sequence solely based on the current observa-
tion, which is insufficient to estimate the state of the tube.
In action chunking, long-term action predictions include a
wealth of temporal information. Using this information can
better address the issue of incomplete observability under
limited observations. Ideally, predictions of future actions at
different times should remain consistent. Such consistency
can reduce contradictions between predictions at different
times, leading to smoother actions. To achieve the afore-
mentioned goals, we propose a shift-recurrent architecture.
As shown in figure 4, the consistency can be expressed as:
52_1 = s} _,, the input to the decoder is constructed by
taking the output from the previous time step, discarding
the leftmost token, and appending a CLS token at the far
right. Finally, position embeddings are added to form the re-
sulting sequence. This architecture is designed to effectively
integrate historical information and maintain consistency
in action predictions over time, ultimately enhancing the
overall performance in state estimation and action-confidence
prediction.

IV. EXPERIMENT
A. Experiment Setting

The comparative experiments are conducted among auto-
intubation methods and three groups of human participants,
namely professional otolaryngology clinical doctors, novices
with no intubation experience, and experienced operators
who collected the training data and have at least two hundred
successful intubation experiences.

As shown in Figure 5, three different intubation methods
are involved: manual proximal intubation, manual distal
intubation, and robotic teleoperation intubation. Professional
doctors only performed manual proximal intubation. Experi-
enced operators and novices performed all 3 intubation meth-
ods. One professional doctor, 5 novices, and 2 experienced
operators are invited to participate in the experiment. Each
intubation method is repeated 20 times for each participant.

For auto intubation, 4 groups of ablation experiments
are conducted: the original ACT model, the ACT model
with action-confidence pair sequence output (ACCT), the
ACT model with recurrent architecture (RACT), and the
RACCT model. Each model has around 80M parameters
and is trained with 50 episodes of high-quality training data

for 20000 steps with batch size = 8, chunking size = 80,
learning rate = le®, m =0.95, ¢ =02, A= 0.1 on an
RTX A6000 GPU for around 1 hour.

For each experiment, the success rate, intubation time,
peak value, and logarithmic impulse of contact force are
recorded and compared. The last three metrics exclude the
data from failed episodes; therefore, the success rate is
relatively more important compared to the other metrics. The
success criteria are outlined in the section II-B

B. Experiment Result

The experiment result is shown in Table I and Figure 6.
Due to the presence of many extreme values in the failure
data, only the average values derived from the successful data
are presented. The left chart presents the complete data, from
which it is evident that in the five force channels (direction
and position of each force channel can be found in Figure 1.
(b)), F, and F5 are significantly greater than the other three
forces, making them more likely to cause injury during the
intubation process. Therefore, in the radar chart on the right,
we only selected the peak values and impulses of these two
channels for comparison.

Among all nine experimental groups, the teleoperation per-
formed by novices differs significantly from the other groups;
therefore, no further comparisons will be made regarding this
group in the following sections. The significant differences
in performance between novice and experienced operators
highlight that teleoperated NTI is a task that requires exten-
sive training and proficiency. Therefore, developing a high-
quality automated intubation robot system would be highly
beneficial for assisting novice doctors in mastering intubation
techniques and alleviating the shortage of medical resources.

In terms of success rate, intubation performed by profes-
sional doctors, experienced operators, and RACCT achieved
100%. This metric is crucial in the medical field as it ensures
patient safety.

As for intubation time, manual intubation is much better
than robotic intubation, taking only slightly more than 5
seconds. To ensure the quality of intubation, the speed of
the robotic arm is set to be relatively slow. The intubation
time for robotic intubation is around 10 seconds, which is
still significantly below the established safety time threshold
of 20 seconds.

In terms of force peak, the intubation performed by the
doctor has the lowest I, and F} peak. The experienced
teleoperation has the lowest F} peak. RACCT intubation
performed best for F,, and F, peak, the 2 force channels
with the highest peak, which pose the greatest risk of harm
to patients. So it is crucial to reduce the stress on these 2
channels.

As for the impulse of contact force, RACCT exhibits
the lowest force impulse in channels F,, and Fj, while
in channel F,, it is slightly higher than ACCT, ranking
second. The intubation performed by the doctor shows a
better impulse of F, and F, even though its peak of Fj
is larger than that of RACCT. Considering the differences
in intubation time, the ability to maintain such a low level
of impulse indicates that the duration of significant contact
forces is relatively short.
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TABLE I: Experiment Result

Success Rate

Impulse (log(N*s)) Force Peak (N)

Time (s)

Fy . 12 1 Fy Fy F, F Fy
Novice distal intubation 95% 5.56 0.77 0.04 0.00 0.08 028 | 3.02 137 088 1.09 3.06
Novice proximal intubation 90% 5.57 0.31  0.02 .00 0.04 026 | 227 125 076 086 2.62
Doctor proximal intubation 100% 5.03 032 0.00 0.00 0.02 021 | 275 124 0.62 040 2.66
Novice teleoperation 35% 14.20 076  0.03 0.11 048 036 | 3.87 148 1.65 215 229
Experienced teleoperation 100% 9.87 0.30  0.00 0.04 0.08 033 | 214 1.12 136 197 2.28
ACT 80% 10.24 039 0.12 000 005 050 | 241 176 093 147 236
ACCT 85% 9.58 0.07 0.08 000 000 041 | 157 1.62 1.17 1.02 2.05
RACT 90% 9.85 0.19 0.02 0.00 0.01 036 [ 200 144 089 124 1.99
RACCT (ours) 100% 9.13 0.13 0.0l 0.00 000 031 [ 156 151 1.33 1.09 1.81
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Fig. 6: Experiment Result (In the left graph, the two axes represent 9 groups of comparative experiments and 4 evaluation
parameters. The data in the radar chart on the right has been transposed and normalized, such that a larger area indicates

better performance of the algorithm.)

From the radar chart in the upper right, we can see that
the intubation performance of RACCT is comparable to that
of the doctor. RACCT has a disadvantage in terms of time,
but it performs better than the doctor in terms of force peak
and impulse of F},. Comparing the peak values of all force
channels, the peak force of the doctor is in channel F, 2.75
N, while the peak of RACCT is in channel F5, 1.81 N, which
is only 66% of the peak of the doctor. In terms of safety, the
RACCT-based automatic NTI platform we have developed is
approaching the level of performance exhibited by the doctor.

The radar chart below further demonstrates the significant
improvements achieved. The data shows that both the confi-
dence architecture and the recurrent architecture significantly
optimize the ACT model, with the recurrent architecture pro-
viding a greater improvement than the confidence architec-
ture. With the combination of the two architectures, RACCT

outperforms ACT in various aspects, thereby confirming the
effectiveness of our proposed method.

V. CONCLUSION

This paper presents a low-contact force autonomous na-
sotracheal intubation system. Thanks to the contact force
quality filtering system and the newly proposed imitation
learning model, RACCT, the intubation performance of this
system is approaching that of the doctor in terms of contact
force. Besides, the improved RACCT model outperforms the
ACT model in all aspects. For future work, We will conduct
animal experiments and try to use the system in real human
bodies. In addition, we will try to generalize the method to
the insertion tasks of tubular objects in other scenarios, for
example, the intervention of gastrointestinal endoscopy.
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