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Abstract— Small-scale continuum robot-assisted minimally
invasive surgery has received crucial attention due to its smaller
incisions and high dexterity. In medical scenarios such as
radiofrequency ablation and nasal/throat swab sampling, moni-
toring and controlling the forces applied to human tissue can
help improve the safety and comfort level of the procedure.
However, the tip-sensor-based force detection method can barely
be deployed due to the miniature size of the continuum robot;
meanwhile, the mechanical modeling-based high-precision force
estimation cannot be realized on account of the continuum robots’
complex structure with high nonlinear properties. To address the
high-precision force estimation challenge for further compliant
control during minimally invasive interventions, a learning-based
high-precision force estimation method via long short-term mem-
ory (LSTM) is proposed in this paper. On this basis, compliance
control and high-precision force tracking can be further realized
for small-scale continuum robot. The compliance control ensures
a smooth and stable transition during the interaction between
the robot and the environment, and force tracking can be
utilized for maintaining or precisely controlling the force applied
to the human tissue. Finally, the contact force sensing and
control experiments are carried out on a small-scale continuum
robot system prototype, and a demonstration using a human
nasal cavity model is conducted. The results validate that the
proposed LSTM neural network fits the mechanical model of
the continuum robot well with the root mean square error of
3.44mN, and the control method can significantly compensate
for the instantaneous impact during contact with an attenuation
of 59.3% and rapidly respond to keep the force accurately at the
expected value with the mean absolute error of 2.41mN.

Note to Practitioners—This research is motivated by the
increasing number of applications for small-scale continuum
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robot-assisted minimally invasive interventional surgery, such
as radiofrequency ablation, biopsy, and endoscopic submucosal
dissection. These surgeries require high-precision contact force
sensing and control. However, due to the small size and complex
structure of the continuum robot, traditional methods such as
installing force sensors and mechanical modeling are not effective.
Therefore, this paper utilizes a neural network to infer contact
force through more accessible information about the robot, such
as the tension of the actuators. This method allows for compliant
force control during the dynamic contact between the small-scale
continuum robot and human tissue. Experiments conducted on a
human nasal cavity model demonstrate that the proposed method
can improve the safety and reliability of small-scale continuum
robot-assisted minimally invasive surgery.

Index Terms— Micro/nano robots, automation at micro-nano
scales, small-scale continuum robot.

I. INTRODUCTION

WITH high dexterity, environmental adaptability and
safety, small-scale robots have been widely used in

minimally invasive surgery (MIS), allowing reach into the
human body through flexible access routes while reducing
or eliminating incisions. While magnetic-driven microrobots
offer similar functions and the potential for reduced size and
invasiveness [1], [2], [3], [4], which makes them promising
candidates for applications in drug delivery and non-invasive
surgery, the requirements for load capacity, real-time force
feedback, and enhanced versatility during surgical procedures
highlight the important role of small-scale continuum robots in
medical treatments. Many surgical applications have demon-
strated the capabilities of continuum robot surpassing the
conventional rigid robot, such as neurosurgery [5], otolaryn-
gology [6], abdominal surgery [7], vascular surgery [8], etc.

As the broader surgical application, continuum robots are
subjected to interact with the anatomy, which makes active
compliance and contact force control typically crucial. It can
help the system contact the surrounding anatomy smoothly and
safely and maintain or precisely control the forces applied to
the human tissue [9], [10], [11], which has been shown to be
essential for patient safety and enhanced surgery effect [12],
[13], [14], [15], [16].

Dupont et al. [17] introduce a hybrid direct force/position
control framework initially used for rigid-link robots, where
the reference position and force are projected onto the orthog-
onal subspaces of the configuration space. However, this
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framework relies on geometric knowledge of contact and
constraints between the robot and the environment, which
makes implementing this approach particularly challenging
for continuum robots, characterized by high uncertainty in
mechanical materials/kinematics, especially when interacting
with soft tissues. By leveraging the static model inversion
derived in [18], Bajo et al. [19] proposed a new framework
for force regulation of multi-segment continuum robots, uti-
lizing the intrinsic actuation sensing of continuum robots.
The control accuracy and shape estimation capability are
verified on a silicone tissue phantom. In [20], indirect force
control is employed, minimizing friction losses in actuation
while using an admittance position control loop. This active
compliance enables the robot to move robustly in locally
unknown environments.

Compared to passive compliance relying on the intrinsic
softness of materials, continuum robots with active compli-
ance can exhibit adaptable motions in complex human body
cavities, reducing unnecessary contact forces and additional
injuries. In [21], a compliant controller with internal sensing
capabilities is proposed, providing compliant motions to the
robot through robot stiffness definition and external general-
ized force wrench, without explicit environmental knowledge.
In [22], tendon tension is predicted using a recurrent neural
network, directly minimizing contact forces in the actuator
space, avoiding the need for robot modeling and achieving
active compliance. In [23], a model-less hybrid position/force
control approach is proposed, utilizing online learning of
the changing Jacobian matrix during robot-environment inter-
actions to reduce contact forces when traversing unknown
environments.

Obviously, to realize active compliance and force control,
the need for force sensing has brought significant challenges
to both robot control method and system design for continuum
robot. That’s why most existing commercial continuum surgi-
cal robots are only equipped with visual feedback, and doctors
can only estimate the pressure exerted on the patient’s tissue
subjectively through the deformation of the robot, resulting in
extra safety risks. To address this problem, researchers have
proposed diverse solutions to endow the force control ability
of continuum robots.

The most straightforward approach is integrating force
sensors at the tip of the robot to measure the magnitude of the
contact force and provide feedback like [22] did. These efforts
aim at designing miniature force sensors placed at the distal
end of the robot. For example, Seibold et al. [24] developed
a force sensor with a diameter of only 10mm and the highest
resolution of 0.05N. However, the configuration and calibra-
tion of this sensor are kind of complicated. Kim et al. [25]
have designed a novel low-cost surgical palpation probe with a
miniature six-axis force sensor for minimally invasive surgery.
However, the need for minimally invasive surgical compatibil-
ity and smaller surgical end-effectors limits its application in
extremely confined environments.

Considering the nature of the robot, another kind of work
shows the feasibility of estimating the contact force by the
information of the robot itself, such as the deformation [26]
and actuator information. For example, based on the principle

of virtual work and the energy expression of the Euler beam,
Goldman et al. [27] obtained the mapping between the gener-
alized external force and the actuation forces. On this basis,
they designed an algorithm to provide the robot with excellent
compliance in unknown environments. However, this method
ignored gravity and friction, probably resulting in linearization
and inevitable deviation if friction has a significant influence
on specific robots. Rucker et al. [28] approximated the con-
tinuum robot as a single Cosserat rod and derived the forces
and moments exerted on the robot through nonlinear deflec-
tion; Mohsen Mahvash [29] applied the Cosserat principle to
obtain an accurate approximation of the coupled statics and
kinematics of a continuum robot, realizing the perception of
end-force and further the first stiffness control. However, this
approach requires external electromagnetic-tracking sensors,
which are difficult to achieve high precision. Meanwhile, the
need for real-time control will encounter inevitable tradeoffs
between model complexity, computational cost and accuracy.

With the development of artificial neural networks, data-
driven rather than precise modeling methods have shown
great potential in the sensing and control of contact forces
in continuum robots, even exceeding the performance of
model-based approaches in some scenarios [30], [31], [32].
Donat et al. [32] present an innovative data-driven methodol-
ogy utilizing deep direct cascade learning (DDCL) to establish
a virtual sensor for accurately computing the tip contact force
of concentric tube continuum robots. Wu et al. [33] made
use of the descriptive knowledge of the tip position and
behavior of the catheter, forming a compliance control loop
with a long short-term memory (LSTM) neural network, which
drives the robot to avoid obstacles automatically and reduces
the contact force between the robot and the environment by
70%. Feng et al. [34] proposed a learning-based method to
estimate the static contact force (x-y plane) by the tension of
the tendon and compared the performance of different artificial
neural networks. However, the dynamic interaction between
the robot and the environment is not considered. Su et al. [35]
proposed a vision-based method to infer robot force based
on tissue deformation. However, the vision-based method is
limited by computational resources, and the ever-changing
environment in the human body makes training rocky, even
affecting the network’s inference.

Under the above limitations and challenges, in this paper,
a learning-based method to achieve compliance control and
contact force tracking for a small-scale tendon-driven robot is
explored as shown in Fig. 1. With the advantage that neural
networks can fit all nonlinear factors theoretically, this method
uses the LSTM network to indirectly estimate the tip force
of a continuum robot in the case of both non-contact and
contact instead of sensors installed at the distal end of the
robot. Considering the difficulty of obtaining high-precision
vision and absolute position information in invasive surgery,
this method also does not need external vision and real-time
position information of the robot. Only the sequence of the
actuators’ state is input into the neural network, and the
relative position of the robot tip is calculated by the kinemat-
ics model of the continuum robot. Furthermore, the contact
between the continuum robot and human tissue is modeled to
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Fig. 1. Principle and application of our learning-based approaches. The
proposed method could be used to ablate the nasal polyp and nasopharyngeal
for a safer procedure. The plot at the bottom left represents the three stages
of the operation process: i) non-contact, ii) contacting, and iii) force tracking.

achieve compliance control and high-precision force tracking.
The main contribution of this work includes:

i A learning-based strategy (LSTM) with a simple training
procedure is used for estimating the nonlinear mechan-
ical model of the continuum robot, namely the vertical
contact force that presses the human tissue.

ii The spring-mass-dashpot model is used to describe the
contact between the continuum robot and human tissue
to achieve active compliance, and the incremental PID
controller is used to track the reference signal with the
mean absolute error of 2.41mN.

iii The performance and effectiveness of this method are
demonstrated and tested on a small-scale continuum
robot system with a human nasal cavity model, where
the robot presses on ultra-light clay with similar prop-
erties to human tissue to simulate contact with the
posterior wall of the human nasopharynx.

The rest of this paper is organized as follows. The robot
system and the modelling of the continuum robot are presented
and discussed in Section II. Section III details the control
methods for robot compliance and force tracking in medical-
related scenarios, and the stability analysis is proposed. Then
Section IV provides the result and experimental validation of
our method. Finally, the conclusion of this study is presented
in Section V.

II. ROBOT SYSTEM AND MODELING

A tendon-driven continuum robot system for MIS is shown
in Fig. 2, which consists of three main parts: the actuation
module, the continuum robot body and the UR5 robot. The
UR5 manipulator is used for installing the actuation module,
adjusting the robot to the ideal configuration and providing
feed movement in an ample working space so as to slowly
feed the continuum robot into the natural cavity of the human.
The shell of the actuation module is 3D printed from nylon
material, and several linear motors are fixed inside as actuators.
Significantly, the connection between the linear motor and the

Fig. 2. The medical continuum robot system consists of a UR5 robot,
an actuation module equipped with miniature high-precision force sensors
and a small-scale continuum robot covered by a waterproof layer.

tendon is equipped with miniature force sensors to record the
tension when the continuum robot is bent. The continuum
robot body consists of two parts. The second half of the
continuum robot is a long silica gel hose to increase the
effective length of the robot and bend passively, while the first
half is a stainless steel multiple interlocked segments made
of precision laser cutting, as shown in the enlarged part in
Fig. 2. The overall length of the robot is 240mm, with a tip
diameter of 3.20mm and a passive bending trunk diameter of
4.58mm. The tendons are attached to the tip of this section and
slide in appropriately toleranced holes of the other segments
so that the robot can bend in all directions under the drive
of the tendons and meanwhile keep tendons parallel. Ablation
electrodes or other gripping tools can be attached to the robot’s
tip for variable applications. In addition, the robot is wrapped
in a waterproof material to adapt to the humid environment
inside the human body.

In general, the tendon-driven continuum robot can be mainly
divided into two parts: the active interventional part at the
distal end and the passively bending body when in contact with
human tissues. Considering the control ability of the robot, our
modelling focuses on the former.

The constant-curvature assumption is a popular and
widely-used modelling technique by treating the robot with
concatenated constant-curvature arcs [36]. Abundant rel-
evant literature also shows a great performance of the
constant-curvature assumption [37], [38]. Thus, we apply the
constant-curvature assumption in this work as well.

The contact modelling of a single-segment continuum robot
driven by four tendons is shown in Fig. 3. The tendons
are equally spaced with a separation angle β =

π
2 , and a

radius, d , from the central axis of the robot. By adjusting
the length of four tendons simultaneously, the robot could
swing in the workspace determined by kinematics. As the
actuators generate a displacement of q =

[
q1 q2 q3 q4

]T,
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Fig. 3. The modelling of the continuum robot contact with the environment.

actuation force (tensions) on every tendon, denoted by a vector
τ =

[
τ1 τ2 τ3 τ4

]T, will accordingly be produced.
In free space (the dashed line in Fig. 3), a single-segment

continuum robot of length l can be described in configuration
space as

ψ =
[
θ ϕ

]T
, (1)

where θ and ϕ represent the bending angle and the angle of
the plane containing the robot.

Compared with the forward kinematics, the inverse kine-
matics of the continuum robot is more commonly used. The
mapping between the configuration space and the actuator
space is given by the following equation,

li = l + qi = l − θd cos αi , (2)

where li , i = 1, 2, 3, 4, represents the length of the tendons
uniformly distributed on the inner surface of the robot, and
αi = (i − 1)β − ϕ. Differentiating (2) yields the differential
kinematics of the continuum robot, which associates the dif-
ferentiation of the configuration space with the differentiation
of the actuator space,

q̇ i =
[
−d cos αi −θd sinαi

]
ψ̇ . (3)

According to the mentioned kinematics of the continuum
robot, the open loop control with tolerable error in free space
can be carried out for the robot after a suitable calibration,
which is usually used to adjust the robot configuration in
advance to achieve the desired position. However, in practice,
the robot’s tip is usually in contact with unknown environ-
ments. Due to the non-rigidity, it will passively bend by
the relative motion direction of the environment, as shown
in the solid line to the left of Fig. 3. A contact force Fti p

will be generated accordingly. Thus, the relation between
the displacement caused by environmental contact and robot
configuration is considered. This relation can also be applied
to the simplified inverse kinematics of the continuum robot
from the Cartesian coordinate system to the configuration
space, as shown in the right part of Fig. 3. By using Taylor’s
expansion of the sine function, we get an analytical expression
of θ2, which simplifies subsequent calculations,

1x =
l
θ1

sin θ1 −
l
θ2

sin θ2 ≈
l
θ1

(θ1 −
θ3

1

6
) −

l
θ2

(θ2 −
θ3

2

6
),

yielding

θ2 =

√
61x/ l + θ2

1 . (4)

In order to model the contact, we simplify the interaction
between the robot and environment as a force perpendicular
to the plane exerting on the tip, as shown in Fig. 3. In our
modelling approach, a user-specified dynamical relationship
between the position of the robot’s tip x and the contact force
Fti p is established to add active compliance when contacting.
The interaction between the robot and the environment is
described as a nonlinear spring-mass-dashpot system,

m
d2

dt2 (x − xr ) + b
d
dt

(x − xr ) + k(x − xr ) = Fti p, (5)

where xr represents the reference trajectory that x should track
accurately, and k, b, m are the stiffness coefficients, damping
parameters and effective mass, respectively. In many published
research [39], [40], [41], it is considered that the contact force
Fti p is generated by the deformation of x−xe in the spring-like
environment with stiffness ke and position xe. Here x − xe is
specified to “penetrate” into the environment. Thus the contact
force can be calculated as Fti p = ke(x − xe) if we know the
precise position of the environment xe and the exact value of
the environment stiffness ke. However, since both the stiffness
and location of the environment are challenging to detect or
measure, to accomplish force tracking, simply replacing the
Fti p in Eq. (5) by the tracking error e = Fr − Fti p will lead
to an undesirable steady error. Here, we only take Eq. (5) as
the target impedance for the robot’s additional compliance.

III. METHOD

A. LSTM Neural Network

We aim to take advantage of the data-driven method to
get the mapping between the external force and the actuation
force of the continuum robot. It must be considered which
parameters should be input into the neural network.

According to [21] and [42], the elastic energy of the
continuum robot is calculated by the hypothesis of the purely
curved beam, and the statics relationship coupled with the
robot kinematics is obtained from the principle of virtual work,
which is given by the following expression,

JT
qψτ + JT

xψFe = ∇E, (6)

where Fe is the external wrench applied on the continuum
robot’s tip. ∇E is the gradient of elastic energy with respect
to a perturbation in configuration space and is related to the
material properties of the robot (Young’s modulus and moment
of inertia) and the instantaneous configuration of the robot.
Jqψ and Jxψ are the Jacobian matrix. Thus, to represent the
continuum robot’s statics model, it is suggested that the input
of the network should include the actuation force and the
configuration.

Significantly, in practice, the manufacturing and assembly
errors of the robot and the anisotropy of materials make it
impossible for continuum robots to be well modeled. More
importantly, due to nonlinear friction between the tendon and
tube during the movement, the robot has obvious hysteresis
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Fig. 4. (a) The relationship between actuation force and contact force when
the continuum robot interacts with a fixed environment at different deflection
planes; (b) the structure of LSTM-based contact force estimator.

loop properties. As shown in Fig. 4(a), relevant data of four
bending planes are recorded during the robot’s movement,
which intuitively reveals the relationship between actuation
force and contact force.

For two different stages of motion ( 1⃝ a bending phase and
2⃝ a releasing phase), the same tension can lead to different

contact forces with a maximum difference εmax of 20mN,
about half of the maximum contact force. Even in the same
phase, the contact force with previous accumulated errors will
fluctuate within a certain range, as shown by the scatter point
in Fig. 4(a). Theoretically, a single actuation force corresponds
to an infinite number of contact forces. In addition, as shown in
the four curves in Fig. 4(a), due to the assembly error and other
factors, the statics differs under different deflection angles.
Therefore, the contact force is related to not only the current
actuation force and configuration but also the information of
the robot several steps earlier.

Taking into account the above analysis, the structure of
the LSTM neural network [43] for modeling the relationship
between the tensions, configuration, and the applied tip force
is shown in Fig. 4(b). LSTMs are a type of recurrent neural
network (RNN) which is normally used to process sequence
information. Derived but different from MLPs, RNN can
update the weight of the next step with the current internal
state so that the previous input can indirectly affect the current
output. As shown in Fig. 4(b), The internal state of each cell
in time t − 1 is taken as the input of time t after a time
delay. However, with the growth of the input time series,

Fig. 5. The control block diagram consisting of an impedance filter and
a PID controller, where the switch is flipped according to the contact force
estimated by LSTM.

the vanishing gradient problem due to the backpropagation
through time still exists in ordinary RNNs [44]. Thanks to
the “forget gates”, which is denoted by σ at the entry of
every cell in Fig. 4(b), LSTM can learn information selectively,
without the concern of vanishing gradient, even given millions
of discrete time steps. Thus LSTMs much outperform other
RNNs in the task of processing time series data, for which
it is used to learn the relationship between the tensions,
configuration, and the applied tip force here.

We use LSTM with two recurrent layers. The second LSTM
takes in the outputs of the first LSTM and computes the
LSTM’s results. Each recurrent layer has 128 features in
the hidden state. To predict the one-DOF contact force F̂ ti p,
a fully connected layer (FC) of 128 × 1 is used to reduce the
dimensionality to 1.

B. Compliant Contact and Force Tracking

The control of the robot is divided into three steps, as shown
in the curve at the lower left corner of Fig. 1, which are non-
contact, contacting and force tracking, respectively.

1) Non-Contact: In free space, the robot has no contact
with the environment, Fti p = 0. At this time, the robot shows
various configurations according to the user’s requirements to
achieve the most appropriate posture for the task. The user can
control the robot to reach the desired configuration through
direct control instructions or the kinematic mapping of the
teleoperation as in [45].

2) Contacting: Once the robot begins to contact the envi-
ronment, as is presented in Section II, the contact process
will be considered a nonlinear spring-mass-dashpot system
subjected to external forces. The impedance controller dom-
inates the dynamic response of the robot as in (5). In this
paper, we make the damping ratio of the second-order system
ξ equals 0.707 and the natural frequency wn equals 1 in order
to obtain better dynamic performance.

3) Force Tracking: Derivation in [39] has shown that if
the impedance controller is driven by force tracking error,
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Fig. 6. The two control loops after excluding the neural network.

e = Fr − Fti p, an undesirable steady-state error,

ess =
kke

k + ke
(

Fr

ke
+ xe − xr ), (7)

will occur, where ke and xe is time-varying and unknown. This
makes the force tracking method based on compliance control
intolerable. Thus, we turn to an incremental PID controller for
a more reliable effect,

1xn = kp(en − en-1) + kien + kd(en − 2en-1 + en-2), (8)

where 1xn is the incremental control command acting on the
robot displacement, which can further derive the actuation
displacement of the linear motors through Eq. (2)-(4). kp, ki ,
kd are the proportional, integral, and differential coefficients,
respectively. en is the tracking error at step n.

In general, as shown in Fig. 1 and Fig. 5, a continuum robot-
assistant surgery is summarized into three stages for better
therapeutic effect. The first stage is the insertion and posture
planning in free space. The second stage is when the robot
contacts human tissues with the determined configuration and
starts to generate contact force. Corresponding to the orange
circuit in Fig. 5, the robot establishes the dynamic relationship
between contact force and deformation according to the given
physical characteristics. When the contact force reaches a
certain threshold δ, the third stage follows. The switch is
turned to the blue side. In order to ensure the safety and
stability of the operation, the robot maintains the desired
contact force in a relatively constant state. Significantly, all
of the feedback F̂ ti p is given by a well-trained LSTM neural
network. The LSTM receives the sequence data from a shifter,
where the most recent data recorded by sensors is sent to the
end of the shifter, and the oldest data is pushed out.

C. Stability Analysis

To ensure the smooth operation and controllability, it is
crucial to analyze the stability of the control system. Our pro-
posed method consists of two distinct control loops, which are
illustrated separately in Fig. 6 for stability analysis purposes.
For the sake of interpretability, we have excluded the estima-
tion process of the neural network from the stability analysis.
Instead, we assume that the well-trained LSTM network can
effectively substitute the role of the force sensor, accurately
estimating the actual contact force within an acceptable margin
of error. In the analysis conducted in the second section,

we have discussed the relationship between the contact force
and the spring-like environment’s deformation as,

Fti p = ke(x − xe), (9)

where ke, x , xe represents the stiffness of the environment, the
position of the robot and the environment, respectively.

The impedance filter in Fig. 6(a) is essentially a mass-
spring-dashpot model. In this model, when an external force
is applied, the position of the system responds compliantly to
this force, avoiding rigid collisions. According to Eq. (5), the
displacement 1x and the external force Fti p can be expressed
in the frequency domain by using the Laplace transformation,

1x(s) =
Fti p

ms2 + bs + k
. (10)

This is a typical second-order system with all coefficients
in the characteristic equation greater than zero. According to
the Routh–Hurwitz stability criterion, the system is stable.
The choice of damping ratio ξ =

b
2
√

mk
determines the

transient response. By applying the final value theorem, we can
determine the steady state 1xss =

Fti p

k .
In Fig. 6(b), an incremental PID controller is employed,

which is the discrete form of a continuous PID controller.
The computation result of the incremental PID controller
only depends on the most recent three samples of the error,
eliminating the need for continuous accumulation. This makes
it convenient for implementation in electronic computers.
Additionally, by using the control increment as the output
of the controller, the potential effects of spurious actions
are reduced. Combining it with Eq. (8), the incremental PID
controller used in this paper can be represented after the z-
transform as

xn(1 − z-1) = [kp(1 − z-1) + ki + kd(1 − 2z-1
+ z-2)]en.

(11)

According to Eq. (11) and the control flowchart in Fig. 6(b),
the characteristic equation of the closed-loop pulse transfer
function of the system is obtained,

N (z) = [1 + ke(kp + ki + kd)]z2
− ke(kp + 2kd)z + kekd .

(12)

According to the Jury stability criterion [46] for discrete
systems, under the second-order condition, the sufficient and
necessary stability criterion is satisfied, as is verified in
Eq. (13), indicating that the discrete closed-loop system is
stable.

N (1) = 1 + keki > 0
N (−1) = 1 + ke(2kp + ki + 4kd) > 0
a2 = 1 + ke(kp + ki + kd) > |a0| = kekd .

(13)

IV. EXPERIMENTAL VALIDATION

Several experiments are conducted to verify the validation
and performance of the learning-based compliance control
and force-tracking method. The experimental setup is shown
in Fig. 7. This setup consists of a continuum robot and its
actuation module, a UR5 robot, a SRI force sensor module,
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Fig. 7. The experimental setup to collect training data and validate the
learning-based control method, which consists of a continuum robot (covered
with a waterproof layer) and its actuation module, a UR5 robot, a lifting
platform with a SRI force sensor module, an anatomical model of the human
nasal cavity, a computer.

a collection unit M8128 for analog-to-digital conversion of
the force signal, a lifting platform driven by Oriental Motor,
a computer, an anatomical model of the human nasal cavity,
and ultralight clay for simulating human soft tissues.

In this setup, the data collected by all sensors is transmitted
to the C++ WinForms program running in the Windows oper-
ating system via USB serial port. The WinForms program uses
UDP to timestamp the collected data and then transmits it to
the Python client for visualization, calculation, and inference
of the neural network. After testing, the control frequency is
about 30-40Hz. The WinForms program directly controls the
linear motor actuating the continuum robot, while the UR5
robot is controlled by the WinForms sending instructions to the
ROS in the Ubuntu 20.04 virtual machine through the virtual
serial port.

A. Training the LSTM Neural Network as Force Sensor

Data for training the network is collected on the experi-
mental platform as shown in Figure 7. In the initial state,
there is a certain distance between the robot tip and the
lifting platform with a high-precision force sensor. In the robot
control process, there is passive bending caused by contact
with the environment and operational configuration changes.
Thus, the Oriental motor then drives the lifting platform to
do reciprocating motion at a certain speed and frequency,
simulating the whole process of the robot’s contact with
the environment. At the same time, the linear motor pulls
the tendon, driving the tip of the continuum robot so that
it randomly presents different bending angles and bending
planes. The experiment system will automatically repeat the
process until hundreds of thousands of valid data are collected.

The data acquisition function in our C++ program is
activated every 20 ms, resulting in an actual data acquisition

Fig. 8. The training process of LSTM. The part with fast convergence is
locally enlarged.

frequency of approximately 50 Hz. Over a sufficient acqui-
sition period, we obtained 171,914 pieces of data with
corresponding timestamps without any screening. However,
due to the disparity in sampling frequencies between the force
sensor on the tendon, the force sensor on the lifting platform,
and the C++ program, it is possible that some data may
be duplicated or redundant. After eliminating repetitions and
minor fluctuations between adjacent data points, we obtained
a final set of 117,482 valid data points for further training
purposes. To obtain faster convergence speed and training
effect, the min-max normalization of each input feature is
carried out.

After that, the time series with a length of 20 time steps
is obtained by sliding window. The data set was randomly
divided into an 80% training set and a 20% test set. The model
is implemented in PyTorch and trained by Adam Optimizer
with a batch size of 128. During the training, the learning
rate gradually decreased from 10−3 according to the number
of iterations. In order to avoid overfitting and reduce the
number of iterations, an early stop is adopted. Once the
performance on the test set deteriorates, the training will be
stopped, and the optimal network parameters will be saved.
The following Fig. 8 shows the convergence of root-mean-
square error (RMSE) loss in the training process. After about
6 × 103 iterations, the RMSE decreases to below 5 × 10−3.

Fig. 9 shows the neural network’s performance on the test
set. Four fixed period data (about 40 sec) are randomly taken
out in the test set and input to the well-trained LSTM neural
network to obtain the estimated contact force. The silver lines
in the figure represent the robot’s bending angles that change
randomly during data collection. The result shows that the
network performs well on the data set. The RMSE, mean
absolute error (MAE), and maximum absolute error (MaxAE)
are 1.33mN, 0.94mN and 6.67mN, respectively.

In the follow-up experiments, a real-time force estimating
experiment was conducted under different bending planes of
the robot to verify the dynamic performance of the network
further. The curves in Fig. 10 show the real force and predicted
force when the robot comes into contact with a reciprocating
platform under different discrete bending planes, ϕ, from 0◦

to 315◦. It can be found that the network could well estimate
the contact force. The results are shown in Fig. 11.

To demonstrate the superiority of the proposed LSTM
neural network, we compared it with the classic multi-layer
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Fig. 9. The performance of the learning-based force estimator when randomly
selecting four data sections in the data set and inputting them into the
well-trained LSTM.

Fig. 10. Real-time force estimation under different bending planes.

Fig. 11. Force error boxplot of the real-time force estimating under different
bending planes.

perceptron (MLP), traditional RNN, and the virtual work
model-based (VWM) method described in [21] and Eq. (6)
for estimating the contact force of continuum robots. We hor-
izontally compared the performance of these four methods
in estimating contact force for small-scale continuum robots,

Fig. 12. The performance of contact force estimation utilizing the mod-
el-based method, MLP, RNN, and LSTM in one data section, and their error
violin plot.

as shown in Fig. 12. The RNN structure we used is similar
to LSTM, with only the LSTM cell replaced by RNN units.
Additionally, to ensure comparability and persuasiveness, our
MLP has two hidden layers with the same number of learnable
parameters as the RNN. The learning rate, batch size, loss
function, and optimizer hyperparameters were all set to the
same values. The models were trained on the same dataset
after undergoing the same data preprocessing for the same
number of epochs.

The results of the test set are shown in the first plot of
Fig. 12. Overall, the performance of the method based on the
virtual work model is the least satisfactory, with an RMSE
of 9.61mN. The MLP model performs slightly better with an
RMSE of 6.46mN, followed by the RNN model with an RMSE
of 2.95mN. The LSTM model exhibits the best performance,
achieving the lowest RMSE of 1.70mN.

Analysis of these results reveals that the model-based
method neglects many nonlinear factors inherent in the robot
itself, which are crucial for accurate estimation in small-scale
scenarios. However, it is worth noting that this method paves
the way for intrinsic actuation sensing in continuum robots and
demonstrates excellent performance in larger-scale continuum
robots. The simplicity of the MLP estimator, while not con-
sidering sequence dependencies, leads to average performance.
The RNN estimator performs just below the LSTM, as it can
handle time series data but lacks the robustness of LSTM in
processing sequential information. This further validates the
need to consider the sequence dependencies in the estimation
of contact force for small-scale continuum robots.

B. Compliance and Force Tracking Performance

In order to demonstrate the effectiveness of the compliance
control and force tracking method, several experiments are
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Fig. 13. (a) Contact force with/without active compliance when the robot
gradually approaches and contacts the environment. (b) The relative distance
between the robot and the environment, and the theta trajectory in both cases.

conducted on the same experimental platform, and the relevant
data is recorded.

At first, the tip of the robot is far away from the lifting
platform. Then the lifting platform or UR5 robot is driven to
move vertically, simulating contact between the robot and the
lifting platform. The contact force curve with active compli-
ance and without active compliance is shown in Fig. 13(a).
The robot with active compliance can actively change the
bending angle, θ of the robot just like a spring-mass-dashpot
system during contact (Fig. 13(b)), greatly reducing the impact
caused by the instant of contact. Experiments show that active
compliance can reduce the maximum impact force of contact
from 134.5mN to 54.8mN with an attenuation of 59.3%. It is
crucial during surgery, where maximum impact can cause
discomfort or injury to the patient, especially in situations such
as ablation surgery where contact forces are strictly controlled.

The above compliance loop aims to set a threshold δ

for the contacting process. Since the robot does not contact
the environment in the free space and does not activate the
force tracking loop while changing its configuration to go
through the natural cavity of the human. In addition, the
operator cannot decide whether the contact is happening in
the distance, so a switch shown in Fig. 5 is needed to help the
operator determine when the contact has been made and when
the contact force needs to be maintained. Moreover, without
the absence of the compliance loop, an overshoot exceeding
the maximum contact force will be generated due to the
instantaneous contact, as the dashed line shown in Fig. 13(a),
which is intolerable during the surgical procedure.

In the follow-up experiment, we also test the performance
of the force control loop. Incremental PID, in essence, follows
the same principles as continuous PID controllers. The propor-
tional, integral, and differential terms have similar adjustment
effects. However, incremental PID discretizes the controller
using backward difference for computational convenience. It is

Fig. 14. The acquisition of the proportional, integral, and differential
coefficients in the incremental PID controller for high-precision force tracking.

Fig. 15. Force tracking performance and tracking error of the controller
under different reference signals (step signal, sinusoidal signal of 0.05Hz,
0.1Hz, 0.3Hz, respectively).

particularly suitable for systems with integral components like
stepper motors. In our work, the robot starts from an initial
position and adjusts based on the sampled force tracking error,
making incremental PID a good choice. Therefore, to achieve
better dynamic response, we can tune the coefficients of
the incremental PID controller by step response in the time
domain. Unlike continuous PID tuning, we typically begin by
tuning the ki coefficient first with kp and kd set to 0 to enhance
the system’s response speed (kp = 0, ki = 10, kd = 0).
When the system’s response meets expectations, there may
be overshoot and oscillations (kp = 0, ki = 50, kd = 0).
Increasing kd helps eliminate oscillations (kp = 0, ki = 50,
kd = 50), while increasing kp reduces overshoot until the
desired performance is achieved (kp = 100, ki = 50, kd = 50).
The selection of the final coefficients for the PID controller
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Fig. 16. A complete treatment process on a nasal cavity model, including
(a) insertion, (b) contacting and (c) moving away.

is guided by this tuning process. Fig. 14 shows four repre-
sentative step response curves that demonstrate the coefficient
tuning process. The coefficients of the PID controller were
ultimately set as kp = 100, ki = 100, kd = 50.

Subsequently, the robot is contacted with the lifting platform
to track the step signal with a final value of 30mN and the
sinusoidal signal with the amplitude of 30mN and frequency
of 0.05Hz, 0.1Hz, 0.3Hz, respectively. As shown in Fig. 15,
the signal frequency was chosen with reference to the human
respiratory rate in the natural state.

In the step response, the output response enters the error
band of 5% of the steady-state within 2.7s, and the steady-state
error is closer to 0 with little oscillation. The sudden spike in
the error curve is caused by the instantaneous change of the
reference signal. It’s obvious that the controller could meet the
requirement of maintaining constant force in ablation surgery.
For low-frequency signals such as 0.05Hz and 0.1Hz, the max-
imum absolute error of the controller is 4.1mN and 7.7mN,
respectively, within the tolerable range. For the high-frequency
reference signal of 0.3Hz and above, there is a relatively obvi-
ous phase shift of 0.53s, resulting in the maximum absolute
tracking error of 22.5mN. With the increase in frequency, the
phase shift gradually becomes obvious, which is mainly caused
by the phase-frequency characteristics of the controller and
the response speed of the hardware. Subsequently, the PID
coefficient can be adjusted to cater to the actual respiratory
frequency to obtain better performance. The jitter of the
control process may come from the sensor’s noise and the
robot’s mechanical characteristics.

C. Experiment on Nasal Cavity Model

Experiments on a human nasal cavity model are carried out
to further verify the proposed robotic system’s performance
and control method. The process can be divided into three
steps as shown in Fig. 16. (a) insert into the nasal cavity.
(b) compliantly contact the posterior wall of the nasopharynx
and maintain a particular contact force. (c) move away from
the contact surface. The relative distance between the robot
tip and the nasal cavity model is shown in Fig. 17(c). The
well-trained LSTM neural network provides force feedback in
the progress as shown in Fig. 17(a). We can find out that
the magnitude of the contact force can be estimated well
using the input of a series of the tendon tension and robot
configuration, which is capable of the closed-loop control of

Fig. 17. Performance of the proposed control method during a complete
treatment process on a nasal cavity model. (a) Real contact force and predicted
contact force. (b) Error of the estimator. (c) Relative distance between the
robot and human tissue and its schematics.

Fig. 18. Control block diagram of adaptive fuzzy controller (AFC) and fuzzy
PID controller (FPID) in the continuum robot systems.

the force. And the RMSE, MAE, MaxAE are 3.44mN, 2.07mN
and 15.15mN respectively. Significantly, benefiting from the
compliance loop, the overshoot of contact force is within
6.91mN.

As for force tracking, it can perform well as long as the
force feedback is correct enough. In addition, the program
detects the collected data including tendon tension and other
information in real-time. If the change is small or there is
repetition, the current tensor will not be pushed to the shifter
and then input into the LSTM network, which reduces jitter
and improves the stability of the system. Therefore, the mean
absolute error between the actual and target contact force is
as low as 2.41mN.

D. Comparison Results

For comparison purposes, considering the multi-stage task
mentioned in the paper, two other robust controllers suitable
for this scenario, (i) adaptive fuzzy controller (AFC) and
(ii) fuzzy PID controller (FPID), are applied to the small-scale
continuum robot system, as shown in Fig. 18. Fuzzy con-
trol exhibits robustness to system parameter variations and
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Fig. 19. Performance of the three controllers (AFC, FPID, Proposed) in the
comparison experiments on a human nasal model.

environmental uncertainties, and it incorporates expert knowl-
edge into the control process. Due to the highly experiential
nature of the entire process of catheter ablation surgery and
the absence of a quantitative control objective, two controllers
incorporating fuzzy processes are chosen for comparison here.

Firstly, the AFC is given basic expert experience and knowl-
edge, with the fuzzy variables being the estimated contact
force and force tracking error and the control information
being the change in position of the continuum robot. When
defining fuzzy rules, priority is given to achieving the system’s
compliance, and a variable gain that adapts based on the
magnitude of the contact force is designed to improve the
system’s response performance. The fuzzy PID controller is
designed as described in [47]. Both controllers have been
appropriately parameterized to achieve a fair comparison.

These two controllers, along with the proposed controller
in the paper, are implemented under the same experimental
conditions as in the previous section: the nasal cavity model
undergoes an up-and-down motion, dynamically coming into
contact with the end of the continuum robot. The variation of
contact force during the experiment is shown in Fig. 19. The
three colored curves represent the response results of the three
controllers.

During the ascent phase of the nasal cavity model, when
it comes into contact with the robot, the AFC demonstrates
excellent compliance and the contact force gradually increases
and stabilizes at the target of 30mN after 6.45 seconds.
The FPID controller lacks consideration for resisting transient
impacts, resulting in a large spike where the contact force
reaches 46.86mN momentarily and takes 2.35 seconds to
recover from the oscillation, eventually maintaining the force
at 30mN. The proposed method, although not as extremely
compliant as AFC, is still minimally affected by transient
impacts, smoothly moving according to the pre-set compliance
while the nasal cavity model is still in the ascending phase,
and maintains the force at 30mN after 3.35 seconds. In the
subsequent force maintenance phase, the AFC, due to its
excessive focus on smoothness, causes the contact force to
decrease as the lifting platform descends, maintaining it for
less than 10 seconds. On the other hand, both the FPID
and our proposed methods can maintain the contact force
as long as possible as the platform descends, until the robot
completely detaches from the nasal cavity model, with both

of them able to sustain the contact force for more than
15 seconds. The MaxAE for force maintenance for AFC,
FPID, and the proposed method are 1.58mN, 3.41mN, and
2.46mN, respectively.

The analysis reveals that the design of the fuzzy controller
and the formulation of the fuzzy rule base are challenging
to obtain a highly optimized and sophisticated performance
in such a task. In some specific scenarios, the combination
of simple methods (compliance control and PID) can achieve
better and more reliable results.

V. CONCLUSION AND DISCUSSION

Robot-assisted minimally invasive surgery deep into the
human body has facilitated many new surgical paradigms.
This trend urgently requires that the robot operation reach or
even exceed the level of conventional surgical instruments.
However, force sensing and control, which have been proven
vital in most surgeries, are still challenging for small-scale
continuum robots. Many researchers have done excellent rel-
ative work, and to some extent, they have put forward a good
solution for the force sensing and control of the continuum
robot. However, for small-scale continuum robots, there is
still some inapplicability, such as complex calculation and
inconvenient information acquisition.

On the whole, the installation of force sensors at the tip of
the continuum robot is strictly limited by the small scale for
minimally invasive surgery. Model-based methods to realize
end force sensing and compliance control are linearized, and
gravity, friction, assembly error and other factors are always
neglected. Learning-based methods often require visual or
accurate position information, which is difficult to obtain in
invasive surgery.

This paper addressed this challenge with a learning-based
compliance control and high-precision force control method
for a small-scale continuum robot without force sensors inte-
grated at the robot’s tip but only through the information
at the joint level. Taking advantage of LSTM’s ability to
process time series data, this method could compensate for
the hysteresis caused by assembly errors and internal friction
of the tendon-driven continuum robot. After being trained by
abundant valid data, the neural network could well fit all
the nonlinear features in the static model. In addition, the
contact between the continuum robot and the environment is
modeled as a spring-mass-dashpot system subject to external
force. The relative position is used as the output of the con-
troller, and the corresponding actuation amount is calculated
by the kinematics model to achieve compliance control and
high-precision force tracking. The experiment conducted on
the human nasal cavity model illustrates that this control
method can significantly reduce the impact and control the
contact force at the desired value with high accuracy.

However, the current work also has some limitations that
need further improvement. For instance, the flexible segment
at the very end of the robot may be relatively short, resulting
in a smaller range for adjusting the force during feeding, still
requiring careful handling. In the future, we may address this
limitation by installing additional sensors or extending the
flexible segment.
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We hope that the proposed method can be applied to nasal
cavity ablation, cardiac ablation and other scenarios where
robots need to penetrate deep into the human body and require
strict force control in the future.
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