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Abstract— Remote center of motion (RCM) describes a robot
with a rod-like end-effector operating through a hole in the
interface separating the internal space from the external space.
Considering that the control of RCM may be influenced by
perturbations (noises) and that the end-effector is frequently
replaced to complete different tasks, the structural information
related to the robot manipulator and its rod-like end-effector
may contain errors. This paper proposes an acceleration-
level remote center of cyclic motion (ARC2M) control scheme,
which takes into account the cyclic motion index and the
physical limitations of robot manipulators to achieve repetitive
motion planning and RCM control at the acceleration level.
Additionally, a parameter calculation method is proposed to
compute unknown parameters of the end-effector under the
influence of noise. Kalman filter and a neural dynamics-based
method are employed to address noises effects, and related
theoretical analyses are given. To validate the proposed ARC2M
scheme, simulations and physical experiments are carried out.
The source code is available at https://github.com/LongJin-
lab/ARCM.

I. INTRODUCTION

Remote center of motion (RCM) is often utilized in space-
constrained operations of robots. It refers to a fixed point
devoid of any physical revolute joints around which a robot
or its part can rotate. Specifically, the RCM problem involves
controlling end-effector movements in the internal space by
managing robot movements in the external space through
a small hole in the interface between both spaces. RCM
has received considerable attention across different domains,
especially in the field of surgery, including robot-assisted
minimally invasive laparotomy [1], brain surgery [2], eye
surgery [3] and nasal sampling [4].

To improve the performance in robot-assisted surgery, an
RCM constraint is used in [5] to implement the trajectory
control of redundant manipulators. In [6], a neural-learning-
enhanced Cartesian admittance control scheme is presented
for a robot manipulator to handle dynamic environments
with moving RCM constraints. These RCM control schemes
are all designed at the velocity level, which may generate
discontinuous joint velocities and do not consider the joint-
acceleration limits. It is not suitable for direct application
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Fig. 1. RCM problem description, algorithmic framework, and presentation
of results.

to robots. To remedy the weaknesses of joint-velocity level
RCM control, this paper is dedicated to constructing joint-
acceleration one with noises considered.

During a robot-assisted minimally invasive surgery, the
robot end-effector needs to be changed frequently, which
can lead to errors in the structural information of the robot.
A control method for surgical robots based on data-driven
technology is presented in [7]. A data-driven framework is
presented in [8] for the optimal view control of endoscopes.
Moreover, in [9], a data-driven technology is employed
to achieve precise cyclic motion of robots with unknown
structures. However, the data-driven technology requires the
entire Jacobian matrix to be updated at every iteration, which
consumes a significant amount of computing burden. In the
case of medical robot manipulators, the error due to wear is
negligible, and only the error caused by the change of the
end-effector needs to be considered. Therefore, this paper
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proposes a parameter calculation method to compute the end-
effector’s parameters based on its actual position, which can
obtain accurate parameters of the end-effector while reducing
the computational burden.

During the operation of a robot, numerous sources of
perturbations (noises) can be encountered [10]. Noises have
a detrimental effect on the precise control and repetitive
motion planning of the robot during robot-assisted surgery,
which could result in joint drift. The effect of environmental
noises on the performance of robot-assisted laparoscopic
surgery is studied and confirmed in [11]. Therefore, extensive
research is conducted to counteract the effects of noises
on robotic control. To solve the noise problem in robotic
control, a noise-suppressing neural dynamics (NSND) solver
is presented to eliminate lagging errors in the solution
process with the presence of noises [12], [13]. Inspired by the
NSND solver, this paper proposes a neural dynamics-based
method for solving the acceleration-level remote center of
cyclic motion (ARC2M) scheme aided with a Kalman filter
with noises considered.

Based on the above insights, this paper proposes the
acceleration-level remote center of cyclic motion (ARC2M)
scheme for dealing with RCM control of a robot with
unknown structural information under the influence of noises.
The main contributions of this paper are summarised below.

• A novel parametric calculation method is proposed,
which enables the precise control of the robot manipu-
lator by accurately computing parameters of the end-
effector of the robot manipulator while reducing the
computational burden.

• An ARC2M scheme is constructed, which is further
complemented by the proposed neural dynamic-based
solver and Kalman filter to mitigate the impact of
noises.

II. PRELIMINARIES AND SCHEME CONSTRUCTION

In this section, the forward kinematics of robots, the
description of the RCM problem, the construction of the
ARC2M scheme, and the parametric calculation methods are
given, which form the basis for subsequent work.

A. Forward Kinematics

There are two coordinate systems utilized in the kinematic
control of a robot manipulator, i.e., Cartesian space r(t) ∈
Rm and joint space θ(t) ∈ Rn, which are crucial when dis-
cussing robotic control problems. The relationship between
these two coordinate systems at different levels is shown
as:r(t) = Γ (θ(t)), ṙ(t) = J(θ)θ̇, r̈(t) = J̇(θ)θ̇ + J(θ)θ̈,
where Γ (·) is the transformation function from joint space to
Cartesian space; ṙ and r̈ denote the velocity and acceleration
of the robot manipulator’s end-effector, respectively; θ̇ and
θ̈ denote the angular velocity and the angular acceleration
of the joint, respectively; J(θ) = ∂Γ (θ)/∂θ ∈ Rm×n is
the Jacobian matrix of the robot manipulator; J̇ is the time
derivative of J .

In addition, considering the physical limitations of the
robot motor, restrictions are imposed to maintain joint prop-
erties within reasonable limits to protect the robot manipu-
lator: θ− ≤ θ ≤ θ+, θ̇− ≤ θ̇ ≤ θ̇+, θ̈− ≤ θ̈ ≤ θ̈+, where
θ−, θ̇−, and θ̈− stand for the lower bounds of the joint
angle, velocity, and acceleration, respectively; θ+, θ̇+, and
θ̈+ denote the upper bounds of the joint angle, velocity, and
acceleration, respectively.

B. RCM Problem Description and Scheme Construction

For a more precise representation, point A and point B are
defined as the head and tail of the end-effector, respectively,
as shown in Fig. 1. Ideally, the three points A, B, and the
RCM point should fall in a straight line. Therefore the ideal
relationship between point A, point B, and the RCM point
can be expressed as

rc − rb = k(ra − rb), (1)

where ra, rb, and rc are the positions of point A, point B
and RCM point, respectively; 0 ≤ k ≤ 1 is a parameter used
to constrain RCM point on line AB. The kinematic relation-
ship between joint angles and their corresponding Cartesian
coordinates can be expressed as ra = Γa(θ(t)), ṙa =
Jaθ̇, rb = Γb(θ(t)), and ṙb = Jbθ̇, where Ja ∈ Rm×(n+1)

and Jb ∈ Rm×n are Jacobian matrices of the robot with and
without replaceable end-effector, respectively.

Since point A, point B, and the RCM point are in a straight
line, equation (1) should be met. To obtain the acceleration-
level constraint, equation (1) should take the second time
derivative:

r̈c − r̈b = k̈(ra − ra) + k̇(ṙa − ṙb) + k(r̈a − r̈b), (2)

where ṙa, ṙb, and ṙc are velocities of point A, point B, and
the RCM point, respectively; r̈a, r̈b, and r̈c are the acceler-
ation of point A, point B, and the RCM point, respectively;
k̇ and k̈ are the first and the second time derivative of k,
respectively.

According to the relationship between these two coordi-
nates, equation (2) can be converted into:

r̈c = k̈(ra − rb) + (2k̇(Ja − Jb) + kJ̇a + (1− k)J̇b)θ̇

+ (kJa + (1− k)Jb)θ̈,
(3)

and r̈c should be converted to a convergent expression to
minimize the position change of the RCM point:

r̈c = −σ(ṙc − ṙc(0)) = −σ2(rc − rc(0)), (4)

where σ is a positive parameter controlling the convergence
rate of r̈c. Then, the RCM constraint at the acceleration level
is expressed as

0 = k̈(ra − rb) + (2k̇(Ja − Jb) + kJ̇a + (1− k)J̇b)θ̇

+ (kJa + (1− k)Jb)θ̈ + σ2(rc − rc(0)).
(5)

The kinematic constraint can be expressed as

0 = Jaθ̈ − r̈d + J̇aθ̇, (6)

where r̈d is the desired acceleration of the end-effector.
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To sum up, the ARC2M scheme is formulated as follows:

min
θ̈,k̈

1

2
θ̈Tθ̈ + (αθ̇ + β(θ − θ0))

Tθ̈ +
m2k̈

2

2
+

m1k̇
2

2
,

s.t. 0 = k̈(ra − rb) + (kJ̃a + (1− k)Jb)θ̈

+ σ2(rc − rc(0))

+ (2k̇(J̃a − Jb) + k
˙̃
Ja + (1− k)J̇b)θ̇,

0 = J̃aθ̈ − r̈d +
˙̃
Jaθ̇ − d0(rd − ra)− d1(ṙd − ṙa),

(7)

where α and β are positive parameters for the cyclic motion;
J̃a is the estimated Jacobian matrix of point A; Jb is the
Jacobian matrix of point B. It is worth pointing out that
J̃a is an estimated matrix, and Jb is a known one. Since
the RCM point is expected to have as little displacement
as possible, m2k̈

2/2 + m1k̇
2/2 is added to avoid the un-

necessary movement of the RCM point during the task, and
m1, m2 are set to control convergence performance. Besides,
d0(rd − ra) − d1(ṙd − ṙa) is added to improve the tracking
accuracy.

C. Parameter Calculation Method
To achieve the transformation from the joint angle coor-

dinate to the Cartesian coordinate, the Denavit-Hartenberg
(D-H) method is necessary. This method fixes a coordinate
system on each linkage of the robot, and then a four-
dimensional matrix is given to describe the relationship
between two adjacent linkages. The modified D-H matrix
is depicted as

n−1Tn =


cθ −sθ 0 a

sθ × cα cθ × cα −sα −d× sα
sθ × sα cθ × sα cα d× cα

0 0 0 1

 , (8)

where n−1Tn denotes the transformation matrix from (n−1 )-
th joint to n-th joint; a, α, d, and θ are parameters that
describe the spatial relationship between two adjacent link-
ages [14]; sα and cα are abbreviations for sinα and cosα,
respectively, to simplify the expression.

This paper treats the replaceable end-effector as a new
linkage, which means the end-effector also has a transfor-
mation matrix nTn+1. The total transformation matrix of
the robot can be obtained by multiplying the transformation
matrices of all linkages:

T =0 T1 ×1 T2 × ...×n−1 Tn,

Tn+1 = T ×n Tn+1 =

[
R p
0 1

]
,

(9)

where T and Tn+1 are the total transformation matrices
of the robot without and with the replaceable end-effector,
respectively; R ∈ R3×3 is robot’s rotation matrix; p ∈ R3×1

is robot’s rotation matrix and position vector. Combined with
the end-effector position feedback, the parameters of the
replaceable end-effector are computed by

rd(t) = p(t), (10)

where rd(t) is the desired position of end-effectors at time
t.

III. SOLUTION AND ANALYSES

In this section, a neural dynamics-based method is con-
structed to solve the proposed ARC2M scheme (7) and the
parameter calculation method under the effect of the linear
noise. Then, a Kalman filter is employed to address the
impact of Gaussian noise. In the end, related analyses and
proofs of ARC2M scheme’s validity are given.

A. Neural Dynamics-Based Method

To solve the ARC2M scheme, the Lagrangian function of
(7) can be constructed as

L =
1

2
θ̈Tθ̈ + (αθ̇ + β(θ − θ0))θ̈ +

m2k̈
2

2
+

m1k̇
2

2

+ λT
1(J̃aθ̈ − r̈d +

˙̃
J aθ̇ − d0(rd − ra)− d1(ṙd − ṙa))

+ λT
2(k̈(ra − rb) + (kJ̃a + (1− k)Jb)θ̈ + σ2(rc − rc(0))

+ (2k̇(J̃a − Jb) + k
˙̃
J a + (1− k)J̇b)θ̇),

(11)
where λ1 and λ2 are Lagrange multipliers; superscript T

denotes the transpose of a matrix or vector. Using the
Lagrange multiplier method, equation (11) is converted as

∂L
∂θ̈

= θ̈ + αθ̇ + β(θ − θ(0)) + J̃T
a λ1

+ (kJ̃a + (1− k)Jb)
Tλ2,

∂L
∂k̈

= m1k̇ +m2k̈ + λT
2(ra − rb),

∂L
∂λ̈1

= J̃aθ̈ − r̈d +
˙̃
J aθ̇ − d0(rd − ra)− d1(ṙd − ṙa),

∂L
∂λ̈2

= k̈(ra − rb) + (kJ̃a + (1− k)Jb)θ̈ + σ2(rc − rc(0)),

+ (2k̇(J̃a − Jb) + k
˙̃
J a + (1− k)J̇b)θ̇.

(12)
To get the solution of scheme (7), equation (12) is written

as M(t)y(t) = a(t), with

M(t) =


E 0 J̃T

a w
0 m2 0 (ra − rb)

T

J̃a 0 0 0
w ra − rb 0 0

 ,y(t) =


θ̈

k̈
λ1

λ2

 ,

a(t) =


−(αθ̇ + β(θ − θ(0)))

−m1k̇

r̈d −
˙̃
J aθ̇ + d0(rd − ra) + d1(ṙd − ṙa)

v

 ,

(13)
where w = kJ̃a + (1 − k)Jb and v = −(2k̇(J̃a − Jb) +
kJ̃a + (1 − k)J̇b)θ̇ − σ2(rc − rc(0)). By constructing the
error function for equation (13), the following formula can
be derived:

ξ(t) = M(t)y(t)− a(t). (14)

During the operation of a robot, there inevitably are some
noises that impact the control performance. To solve the
problem online, with the aid of the design formula depicted
in ξ̇(t) = −(λ+ γ)ξ(t) − λγ

∫ t

0
ξ(τ)dτ , and take into
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account the effect of noises, a neural dynamics-based method
is constructed as

M(t)ẏ(t) = ȧ(t)− Ṁ(t)y(t)− λ(M(t)y(t)− a(t))

− γ(M(t)y(t)− a(t))

+ γλ

∫ t

0

(M(τ)y(τ)− a(τ))dτ + η(t).

(15)

where λ and γ are control parameters; η(t) is the noises
during the motion of the robot. Considering that M(t) is
a time-varying matrix, there exist deviations between its
theoretical and actual values, which are regarded as noises.

Similarly, parameters of the end-effector can be calculated
from the actual position of the end-effector under noise
conditions as shown in (10), which can be further written as
p̃(t) = [p(t); 1], where p̃(t) is the last column of T×nTn+1

and p(t) ∈ R3×1 is the position vector of end-effector. It is
worth noting that p̃(t) is an estimated value. By calculating
∂p̃(t)/∂θ, ∂p̃(t)/∂α, and ∂p̃(t)/∂d, an equation like (12)
can be obtained. As this formula is too lengthy, it will not
be expanded upon here. At the last, the neural dynamics-
based method for the parameter calculation method can be
expressed as

T (t)ż(t) = ḃ(t)− Ṫ (t)z(t)− λ(T (t)z(t)− b(t))

− γ(T (t)z(t)− b(t))

+ γλ

∫ t

0

(T (τ)z(τ)− b(τ))dτ + µ(t),

(16)

where T (t), z(t), and b(t) denote the parameter matrix,
the parameter vector of the end-effector and the parameter
vector, which correspond to M(t), y(t), and a(t) in (15),
respectively; µ(t) is the noise during the motion of the robot.

B. Kalman Filter

Apart from the noise during the robot operation, there
is also Gaussian noise generated during the measurement
process and so on. Therefore, the Kalman filter is employed
to eliminate the errors caused by Gaussian noise in the
measurement process. The continuous Kalman filter model
is as follows:

K = PHP−1,

Ẋ = FX +GW +KV ,

Ṗ = FP + PF T +Q−KRKT,

(17)

where X is the state information of the robot at time t ; W
and V are the input white noise and the observation noise,
respectively, with the mean value of 0 and variance of Q and
R; K is the Kalman gain; P is the covariance; F is the state
transfer matrix; H is used to control the observation values.

In the above continuous Kalman filter, X as the input
corresponds to the output of the neural dynamics-based
method ẏ. The step of predicting X in equation (17) is
already done by the neural dynamics-based method, so X
can be directly used as the input.

C. Theoretical Analyses

In this section, several essential theorems are given and
proved to demonstrate the validity of the proposed ARC2M
scheme (7) and the effectiveness of the proposed neural
dynamics-based method in eliminating the impact of noises.

Theorem 1: For the solution of ARC2M scheme (7), its
variable y(t) = [θ̈; k̈; λ1; λ2] converges globally to the
desired value. That is, the position of the RCM point rc and
the angular acceleration of joint θ̈ converge to their desired
values.

Proof: First, construct the following equation:

δ(t) = ξ(t) + λ

∫ t

0

ξ(τ)dτ, (18)

and the time derivative of ξ(t) can be expressed as

δ̇(t) = ξ̇(t) + λξ(t). (19)

Considering that δ(t) encompasses θ̈ and k̈, it is imperative
for both θ̈ and k̈ to globally converge to their optimal values,
provided that δ(t) is demonstrated to globally converge to
0. Combining (19) and NSND solver (15) yields δ̇(t) =
−σδ(t). Introducing the Lyapunov function:

L1(t) = δT(t)δ(t)/2, (20)

Combining the Lyapunov theory, it can be deduced that
L1(t) > 0 when δ(t) ̸= 0, which means that L1(t) is
nonnegative. Then, the time derivative of L1(t) can be
expressed as

L̇1(t) = −σδT(t)δ(t) ≤ 0. (21)

Therefore, δ(t) converges globally to 0. From equation (19),
it can be obtained:

ξ̇(t) = −λξ(t). (22)

The Lyapunov function can eventually be expressed as

L2(t) = ξT(t)ξ(t)/2. (23)

In this sense, the error function ξ(t) for the solution of the
ARC2M scheme (7) converges globally to zero. Specifically,
the position of the RCM point rc and the angular acceleration
of joint θ̈ converge to their desired values, which means the
successful execution of the task. The proof is thus completed.

Theorem 2: When applying the proposed ARC2M scheme
(7) to an arbitrary bounded noise I(t) scenario, the variable
y(t) = [θ̈; k̈; λ1; λ2] converges globally to the optimal
value. That is, the position of the RCM point rc and the
angular acceleration of joint θ̈ converge to their desired
values.

Proof: In the NSND solver, the derivative of the error
function is defined as ξ̇(t) = −(λ+ γ)ξ(t)− λγ

∫ t

0
ξ(τ)dτ .

Combining this with equation (14), the i-th element of the
NSND solver can be expressed as

ξ̇i(t) = −(λ+ γ)ξi(t)− λγ

∫ t

0

ξi−1(τ)dτ + Ii(t). (24)
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Fig. 2. Simulation results of a Franka Emika Panda robot with rod end-effector following a fish-shaped trajectory in a limited space, guided by the
proposed ARC2M scheme (7). (a) The trajectory of the robot. (b) Expected and actual trajectories of the end-effector. (c) Joint angles. (d) Joint velocities.
(e) Position of the RCM point. (f) Parameters of the replaceable end-effector.

Using the Laplace transform, equation (24) is transformed
as

Γi(s) =
s

s2 + (λ+ γ)s+ λγ
Ii(s), (25)

where Γi(s) and Ii(s) are the Laplace transform of ξi(t) and
Ii(t), respectively. Laplace transform Li(s) can be defined
as

Li(s) =
s

s2 + (λ+ γ)s+ λγ
. (26)

By defining s = jw, |Li(jw)|2 is written as

|Li(jw)|2 =
1

w2 + λ2γ2

w2 + (λ2 + γ2)
. (27)

From the mean value inequality, it follows that when
w2 = λγ, |Li(jw)|2 achieves its maximum value. Similarly,
the maximum of |Li(jw)| is 1/(λ + γ). Combined with
Parseval’s theorem, it follows that the values of λ and γ are
inversely proportional to the value of Li(s). The relationship
between ξi(t) and Ii can be obtained from equation (25) as

ξi(t) =

∫
Ii(t− τ)L(τ)dτ. (28)

By defining the upper bound of Ii(t) as MI , the maximum
value of |ξi(t)| is expressed as

max |ξi(t)| = max |
∫

Ii(t− τ)Li(τ)dτ |

≤ M |max

∫
|Li(τ)|dτ |.

(29)

Obviously, Li(s) imposes restrictions on Ii(t). So as long
as λ and γ are large enough, |ξ(t)| will be small enough.
Specifically, the position of the RCM point rc and the angular
acceleration of joint θ̈ converge to the optimal values, which
means the successful execution of the task. The proof is thus
completed.

IV. EXPERIMENTS AND COMPARISONS

In this section, the proposed ARC2M scheme (7) is proven
to be validated through simulations conducted on MATLAB
and CoppeliaSim platforms, and experiments conducted on
a real robot manipulator. Additionally, comparisons are car-
ried out with other RCM control schemes to illustrate the
advantages of the proposed ARC2M scheme (7).

A. Simulations and Experiment

Simulations are based on the Franka Emika Panda robot,
augmented with a 0.3 m slender rod as a replaceable end-
effector to simulate actual usage scenarios, and the axis of the
rod coincides with the axis of rotation of the last joint of the
robot. Details of the parameter settings are k0 = 0.5,m1 =
m2 = 0.1, λ = 1e5, γ = 1e2, Q = 0.01, R = 0.25,θ+ =
−θ− = 2.5 rad, θ̇+ = −θ̇− = 0.45 rad/s, θ̈+ = −θ̈− = 1
rad/s2, η(t) = µ(t) = 100× [50+ i× t for i in range(1, 15)],
θ0 = [0; − 0.25π; 0; − 0.75π; 0; 0.5π; 0.25π] rad.

The simulation is designed to carry out a path-following
task through a hole in the surface of the space with unknown
parameters of the end-effector. Results of the simulation are
presented in Fig. 2. Figure 2(a) shows the trajectory of the
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TABLE I
COMPARISONS AMONG DIFFERENT RCM CONTROL SCHEMES

Scheme Control
level

Cyclic
motion

Noise
tolerance

Structural
information

Proposed A1 ! ! Partially unknown
[5] V2 % % Known

[15] V2 % % Known
[16] V2 % ! Known
[17] V2 % % Known
[18] P3 % % Known
[19] P3 % ! Known
[20] V2 % % Known

1 A: Acceleration-level control
2 V: Velocity-level control
3 P: Position-level control

RCM point

Fig. 3. Snapshots of Franka Emika Panda robot driven by the proposed
ARC2M scheme (7) performing a fish-shaped trajectory-tracking task in a
limited space on the CoppeliaSim platform and a real robot manipulator.
The video is available at https://youtu.be/0jOUTjJBFzI.

robot during the task. Desired and actual trajectories appear
to be highly compatible, as shown in Fig. 2(b). Besides, the
joint angle and velocity are shown in Figs. 2(c) and (d),
which can be seen to be within limits. The curve of the
change in position of the RCM points is shown in Fig. 2(e).
The curve of parameters of the end-effector is shown in Fig.
2(f). The parameter values stabilize after 0.03 s and are very
close to the true values.

The physical experiment is also carried out with the same
parameters as the simulation experiment, as shown in Fig. 3.
It can be seen that the tracking task is well executed within
the boundary of the circular hole.

B. Comparisons

In Table II, the proposed ARC2M scheme (7) is compared
with other RCM control schemes to demonstrate innovations.
The use of the parameter calculation method and the neural
dynamics-based method enables the robot to perform RCM
operations accurately under the influence of noise.

In addition to the qualitative analyses, a comparative ex-
periment on scheme [15] and the proposed ARC2M scheme
(7) is carried out, where both of them perform the same
trajectory tracking experiments. The experimental results
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Fig. 4. End-effector position error and RCM point position error during the
task guided by the proposed ARC2M scheme (7) and the scheme [15]. (a)
End-effector position error of the proposed ARC2M scheme (7). (b) End-
effector position error of the scheme [15]. (c) RCM point position error
of the proposed ARC2M scheme (7). (d) RCM point position error of the
scheme [15].

shown in Fig. 4 indicate that the proposed ARC2M scheme
(7) achieves the higher precision control of the robot through
acceleration-level control compared with the scheme [15].
Figures 4(a) and (b) show the position error of the end-
effector, and it can be seen that the error of the proposed
ARC2M scheme (7) is stable at the order of 10−6 m and that
of the scheme [15] at the order of 10−3 m. Figures 4(c) and
(d) show the position deviation of the RCM point during the
task execution, respectively. It can be seen that the position
deviation of the RCM point in the proposed ARC2M scheme
(7) is less than that in scheme [15], which demonstrates the
superiority of the proposed ARC2M scheme (7).

V. CONCLUSIONS

This paper has proposed an ARC2M scheme (7) to ad-
dress the challenge of unknown parameters of the robot
with a replaceable end-effector. The scheme includes cyclic
motion control, acceleration-level RCM control, parameter
calculation, and a noise reduction module, which enables
acceleration-level RCM control in noisy environments for a
robot with a replaceable end-effector. Physical restrictions on
the joints have been considered to make the ARC2M scheme
(7) easier to apply to a physical robot. In summary, this
paper has provided an efficient scheme for the problem of
executing RCM control for replaceable end-effector robots,
enabling their accurate control in complex scenarios. As a
potential future research direction, it is possible to combine
endoscopy and target detection technology to achieve real-
time calculation of the surgical path and trajectory tracking
of the robot end-effector.
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