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ARTICLE INFO ABSTRACT
Keywords: Dynamic modeling for continuum robots remains challenging due to their large nonlinear
Continuum robot deformation and the variation of dynamic parameters during movement. In this paper, a lumped-

Lumped-mass model
Dynamics
Parameter estimation

mass dynamic model (LMD) for a continuum robot is constructed including elastic and viscous
parameters in the robotic joints. Then the appropriate dynamic parameters (e.g. spring and
damping coefficients of the LMD) with respect to the motion status (e.g. position and velocity of
the robot) are estimated using a Genetic Algorithm (GA). Based on the obtained data set, a Multi-
Layer Perception (MLP) is trained to establish a direct mapping from the motion status to the
dynamic parameters, so the LMD can tune its parameters in real-time when moving within the
workspace, resulting an adaptive lumped-mass dynamic model (ALMD). Compared to the fixed-
parameter LMD, the modeling error of the ALMD is reduced by up to 60.2 %. Finally, a feed-
forward controller is implemented to control a continuum robotic prototype using the presented
ALMD, reducing the maximum tracking error by 67.5 %.

1. Introduction

Compared with traditional discrete rigid-joint robots, continuum robots have the advantages of high dexterity [1]. Although there
have been many kinds of materials and actuators used in continuum robots, the body structures of this kind of robots are basically the
same, generally consisting of several serially stacked modules. Each of these modules usually contains three or four longitudinal
actuators arranged in parallel [2,3]. By tuning the length of those actuators, the module can bend or even elongate. The more modules
included in a continuum robot, the higher dexterity the robot can achieve. In these systems, the actuators and supporting structure (e.
g., the backbone) are usually made of flexible materials, such as silicone [3-6], NiTi alloy [7-111], spring [12,13] and so on. Due to the
elasticity in materials and the rheonomic constraints between structures (e.g., the driving rod and the constraint disk), the system has
strong nonlinearity and uncertainty [14,15], making dynamic modeling of the continuum robot very challenging.

There has been some previous work establishing dynamic models for continuum robots. Some researchers developed the dynamic
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Fig. 1. Modeling of a continuum robot: (a) the structure of the robot, (b) the kinematic model, (c) the LMD.

model by using rod theories in combination with specific geometry assumptions. Godage et al. considered the continuum robot as a
flexible rod with piecewise equal curvature, and established the dynamic model based on spatial integration [16,17]. Renda et al.
considered that the deformation of the continuum robot is uniform along the axis of the arm, and modeled it based on the Cosserat rod
theory. The dynamic model can accurately describe the deformation and torsional deformation [18,19]. Chen et al. divided the
continuum robot into several units and modeled them using beam constraint model (BCM) to accurately calculate the deformation of
the large deflection flexible arm [20]. These methods make the dynamic model computationally efficient, but the use of constant
material parameters cannot describe the changes in the dynamics under different motion statuses such as position and velocity of the
arm tip. Some researchers built comprehensive dynamic models by considering more factors such as friction or gravity. Rone et al.
considered the friction between the driving wire and the constraint disks, and formulated a dynamic model based on the principle of
virtual work [21]. Yang et al. analyzed the influence of friction, gravity, and geometric constraints on the motion of continuum robots
[2]. However, the complex modeling methods may reduce the computational efficiency, and therefore make it difficult to apply the
theoretical model to practical control. The computational speed of these models was often limited to less than 5 Hz, making them
unsuitable for real-time control applications [22]. Other works established the dynamic model by converting the flexible body to a
combination of mass-damper-spring elements. Yekutieli et al. used the mass-spring elements to model octopus-like arms in 2-D space
[23,24]. Kang et al. established a 3-dimensional dynamic model for a pneumatic continuum robot based on a mass-damper-spring
network [25]. Although these equivalent structures can describe the flexibility characteristics of the continuum robots in a concise
and uniform way, the parameters of those mass-damper-spring elements are difficult to obtain [14].

Some parameter estimation methods have been proposed for rigid robots. Atkeson et al. identified the inertial parameters of a
PUMA-600 robot based on the least squares method [26]. Swevers et al. simplified the parameter estimation process by using a pe-
riodic excitation method for a KUKA IR 361 robot [27]. Kozlowski et al. presented a joint planning method to decouple the inertia
parameters of a ASEA IRp-6 robot, so the inertia matrix of each joint can be solved separately [28]. These methods focused on the
inertia parameters of the rigid robots, but it is more critical for the continuum robot to identify the elastic and damping coefficients due
to the complex interactions between the components [25]. Della Santina et al. proposed a scheme to equivalent the dynamic model of a
soft robot to a rigid robot, and considered the parameters estimation as a regression problem [29-31]. Inspired by this work, we further
investigate the variation of the dynamic parameters during robotic movements. For example, the dynamic stiffening effect will in-
fluence the elastic level [32] of the robot body, and the bending curvature will change the internal friction of the robot [2]. Therefore,
it is necessary to use an adaptive algorithm to predict the dynamic parameters of a continuum robot in real time.

In this paper, a lumped-mass dynamic model (LMD) is established for continuum robots that have intrinsic compliance in their body
structure. Then, an off-line parameter estimation scheme is proposed to determine the equivalent elastic and damping coefficients in
the dynamic model with given postures and velocity based on a genetic algorithm (GA). Following this, a multilayer perceptron (MLP)
is trained and used to select the suitable dynamic parameters according to the varying position and velocity of the continuum robot in
real time. The LMD and the off-line/on-line combined parameter estimation strategy result in a dynamic model that can adapt to
different working conditions with high accuracy and computing efficiency, i.e., adaptive lumped-mass dynamic model (ALMD). Based
on the adaptive dynamic model, a feedforward control scheme for the continuum robot is further developed and validated in this work.

The paper is organized as follows: the adaptive lumped-mass dynamic model of a continuum robot and its parameter estimation
method based on GA are presented in Section 2. An MLP is trained to predict the dynamic parameters based on the motion status
(position and velocity of the arm tip) of the continuum robot in Section 3. Section 4 implements the dynamic model into a feed-forward
control scheme and validates it on a continuum robotic prototype. Conclusions are given in Section 5.
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2. Lumped-mass dynamic model for continuum robots

In this section, a dynamic model based on lumped-mass method for continuum robots is established [33]. The lumped-mass
assumption allows for improvement in computational efficiency by characterizing the main dynamics of robot (i.e. dynamics of
bending motion). Subsequently, a parameter estimation method based on minimizing the modeling error in the operational space is
proposed.

2.1. A lumped-mass dynamic model for continuum robots

Continuum robots are usually composed of one or multiple modules, each of which contains three or four parallelly arranged
actuators and a number of constraint elements (e.g. constraint disks) to prevent the actuators from radial displacement when per-
forming bending motion [34]. In this paper, we use the typical module of a rod driven continuum robot to demonstrate our dynamic
modeling method. As shown in Fig. 1(a), the driving rods are fixed to the end disk and moving through the other constraint disks freely.
By controlling the displacements of the driving rods, the continuum robot can achieve 2°-of-freedom (DOF) bending motion. In this
paper, three driving rods distributed by 120° apart in a circle are used to achieve desired motion.

The kinematics of the continuum module is regarded as a series of parallel mechanism with identical rotation angle y = [y/x, y/y] T,
where y,., y, are the Euler angles of the moving platform about the x and y axes [35], respectively, as shown in Fig. 1(b). The rotation
angle y is controlled by the length of the driving rods 1. The relationship between the rotation angle y of the upper plane of the parallel
mechanism and the length of the driving rods is detailed in [36,37].

The stacked parallel mechanisms are further considered as a series of rigid links with identical rotation angle y = [y, l//y] T as
shown in Fig. 1(c). Each link can be described by a lumped mass point (the mass of each equivalent mass point is defined as m,) on one
end while the joint is represented by the rotational spring (k. and k,) and damping (c, and c,) about the x and y axis (i.e., xo, x1... and

Yo,¥1-.. in Fig. 1). The driving force f is converted to an equivalent torque T = [Ty, T} r through the matrix B [38].
T = Bf @

Based on the above definitions, we can use the Lagrangian method to derive the dynamic equations:

(a) Kinetic energy. The coordinates of each equivalent mass point can be obtained from the kinematic model of the continuum
robot. So the kinetic energy is

1 n
K=om.y % @
i=0

(b) Gravitational potential energy. The coordinates of each equivalent mass point can be obtained from the kinematic model of the
continuum robot. So, the gravitational potential energy can be obtained as

P, =m.g i h; 3)
P

(c) Elastic potential energy. The elastic potential energy of the system is the energy of each torsion spring. So the elastic potential
energy can be obtained as

/1 1
P, = Z <§kxwx2 +§kywy2> 4)

i=1

Then the Lagrange equation can be obtained:
L=K-P,-P, (©))

So the driving torque T = [T, T] " can be written as:

T O () 0L
ST a i) o

T, e, = 2 () - L
v =oc\ay,) T o,

Then, the dynamics of this system has been established based on the Lagrange method [35]:

6
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Table 1
Nomenclature used in this paper.
Symbol Description
X The position in the operational space, i.e. the position of end-tip
74 The position in the configuration space, i.e. the rotation angle of the joints
L The position in the actuation space, i.e. the length of driving rods
F The force on the driving rods
P The combination of dynamic parameters [ky,ky, cx,cy ]
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Fig. 2. Parameter estimation method based on GA.

T = Bf = M(y)is + H(y.i7) + G(w) + K(P)w + C(P)yr @)

where M is the inertia matrix:

2(2) ()
Qe \Ory)  Ohjry \ Oy
o () 0 (%)
Qe \Oyr, ) Oujry \ Oy
H is the Coriolis and centrifugal terms:
o () 2 ()
O, \oyr,.) oy, \ O,
o () 0 (%)
O, \Oyr, /) oy, \ 0y,

G is the vector of gravity parts:

oP, oP, 1"
[ %

al//x al//y

K is the elastic matrix diag(ky, ky) and k., k, are the elasticity coefficients along the x and y directions, respectively. C is the damping
matrix diag(cx, ¢y) and cy, ¢, are the elasticity coefficients along the x and y directions, respectively. And y is considered as the rotation
angle of the joints here, which means the position of the robot in the configuration space. The detailed parameters description of the
proposed model is listed in Table 1.

2.2. Parameter estimation based on GA

In Section 2.1, a dynamic model for continuum robots is established, but the parameters in the model need to be determined. Some
of these parameters can be explicitly calculated. For instance, the length of each link is averaged by the total length of the robot and the
mass of each mass point is averaged by the total mass. However, for parameters like the rotational spring and damping coefficients, a
parameter estimation method is necessary. In this section, the parameter estimation is regarded as an optimization problem to
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Fig. 4. Comparison of simulation and experimental results: (a) a comparison of the path at the arm tip, (b) the applied driving force, (c) the error
between the LMD and prototype.

minimize the error between the actual acceleration in the operational space and the calculated acceleration obtained from the dynamic
model. This optimization problem is then solved using a GA [39].

As shown in Fig. 2, individuals with different dynamic parameters P; in the population are applied to the dynamic model. After
multiple generations of selection, crossover and mutation operators [39], the one with the highest fitness is selected. The required
inputs include the actual acceleration of the arm tip, X, driving force, f, the displacement of the driving rod, 1 and its velocity 1. These
inputs can be collected by the sensor system of the continuum robot. A detailed description of the robotic prototype and sensor system
are introduced in Section 4. Taking these inputs, the position and velocity in the configuration space, y(1) and y'/(l,i), can be obtained
through the kinematics of the continuum robot [35]. According to Eq. (7), the calculated value of the acceleration in the configuration
space j; . satisfies the following equation.

Wi =M (Bf —-H—- G —K(P)y — C(P)p) an
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Table 2
Data of a parameter estimation example.
Symbol Value Unit
Input X [0.1325,0.2076,0.0113] m/s?
1 [0.3000,0.3000,0.3000] m
i [0.0000,0.0000,0.0000] m/s
f [0.3025,0.3263,—0.1265] N
output P [0.1008,0.1085,0.0218,0.0298] Nem
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Fig. 5. Fitness evolution curve of genetic algorithm.
Furthermore, the calculated acceleration in the operational space X; . can be expressed by
Kie=J Yot Wi 12

where J is the Jacobian matrix of the continuum robot. It can be seen that the calculated value of the acceleration X; (y/7 wj/,Pi) isa

function of w1, and P;. Thus, for a given position and velocity in the configuration space, y and y, the dynamic parameters Pyes; can be
estimated using GA by looking for the minimum error between the calculated value X, and the actual value X.
In Fig. 2, the optimization objective is normalized to set the fitness function as

Xic(P;) — X

Fi=1- 13)

1|

The population size for our GA is 200, the maximum GA iteration ty,y is 50 and the threshold of the fitness Fiyesnoia is 0.99. As shown
in Fig. 3, a parameter estimation example was carried out. When applying a driving force to a 2-DOF robotic prototype with initial
position and velocity 1 = [0.3,0.3,0.3], i= [0.0,0.0,0.0], the individual with maximum fitness Fmax=0.9931 is obtained after 12 it-
erations, meaning the error between the calculated value X (P) and the actual value X is less than 1 %. By using this method, a set of
dynamic parameters P that corresponds to different initial motion statuses can be obtained. Note that, for continuum robots with
multiple modules [2], it is necessary to collect motion statuses for each module and perform parameter estimation one by one.

To verify the accuracy of the dynamic model with the parameter P obtained from GA, a new set of driving forces, Fig. 4(a) and (b),
were applied to the continuum robotic prototype whose initial position and velocity, 1 and 1, are the same as the example shown in
Table 2. The end position of this updated robotic prototype in the operational space were first collected. Then the driving force was also
applied to the dynamic model with the same initial status, and the simulated results of the end position compared with the actual ones
collected from the prototype. As shown in Fig. 4(c), the model and prototype are consistent at the beginning, but the error increases
gradually. This is mainly because the dynamic parameters used in the simulated model are the estimated ones from the initial
configuration. However, as the continuum robot continues to move, the use of those constant parameters no longer matches the actual
dynamics of the robot in other configurations. This phenomenon will be analyzed in detail in Section 2.3.

Another important factor affecting modeling accuracy and computational speed is the number of equivalent links, N, in the dy-
namic model. Fig. 5 shows the average error and computational time of the dynamic model for different numbers of equivalent links.
The simulation platform used is MATLAB (MATLAB 2020a, The MathWorks Inc., Natick, MA), and simulations are performed on a 3.40
GHz AMD Ryzen-5-2600 6-Core CPU. As the number of equivalent links increases, the computational time for a single step (which
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means the dynamic equation Eq. (11) is calculated once each) increases because the model is getting more complex. On the other hand,
the accuracy of the dynamics is improved when the number of equivalent links increases. Considering the possibility of applying the
dynamic model to a real-time control system, the number of equivalent links is selected as N = 5 in this work to ensure that a control
frequency higher than 50 Hz. As a comparison, other dynamic models generally work with a control frequency less than 5 Hz [22,38].

2.3. Variable dynamic parameters

In Fig. 4, it was proven that the constant parameter dynamic model cannot be applied to all continuum robot statuses by
demonstrating the tracking error along a path. Therefore, we need to investigate what factors affect dynamic parameters the most
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during a robotic movement.

As shown in Fig. 6, three sets of experiments were performed for the continuum robot, and the dynamic parameters are estimated
by using the method presented in Section 2.2. Fig. 6(a) shows the change of the dynamic parameters P (i.e. [ky,ky,cx,c,]) with varying
configurations (i.e. different end positions) yet the same velocity (x = [0,0,0]m /s) and driving force (f =[0.31,0.33, — 0.15|N). When
the configuration angle |y| becomes larger, the elastic coefficients about the x and y directions become smaller and the damping
coefficients about the x and y directions become larger. The decrease of the elastic coefficient is mainly due to the fact that the
backbone and driving rods reach their yield limit as the bending becomes larger [40]. The increased damping coefficient is mainly due
to the increase in friction generated by the increased contact (more contact points and higher contact force) between the driving rod
and the through-hole in the constraint disks when the robot bends with a large curvature [2]. Although the configuration change here
is in a 2D plane. It proves that the dynamic parameters will change when the robot moves.

Fig. 6(b) shows the change of dynamic parameters with different velocities in the operational space while maintaining the same
configuration (y = [0,0]) and driving force (f =[0.31,0.33, — 0.15]N). When the velocity [x| becomes larger, the elastic coefficients
about the x and y directions become larger yet the damping coefficients about the x and y directions have very little change. The
increase of the elastic coefficient is mainly due to the dynamic stiffening effect of the materials [32].

Fig. 6(c) shows the change of the dynamic parameters with different acceleration in the operational space, while maintaining the
same configuration (y = [0,0]) and velocity (x = [0,0,0]m /s) in the operational space. When the acceleration |X| becomes larger, both
the elastic and damping coefficients change little. This indicates that the acceleration |X| has little influence on the change of dynamic
performance, and the influence of acceleration can be ignored when discussing the factors affecting dynamic parameters.

In view of Fig. 6, it can be seen that the elastic and damping coefficients are dependent on the configuration and velocity of the
robot. The presence of multi-factor correlation will further increase the difficulty in obtaining the analytical expressions of the dynamic
coefficients. Thus, we utilize a neural network method to achieve the prediction of these coefficients.
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3. Parameter prediction based on MLP

In this section, a MLP is trained to predict the appropriate dynamic parameters according to the position and velocity of the
continuum robot. The accuracy of the obtained dynamic model containing those adaptive parameters is then verified by experiments.

3.1. Data collection and processing

The main factors affecting the dynamic parameters are configuration and velocity, which have been proved in Section 2.3.
Therefore, the input layer of the MLP contains the configuration angle and velocity while the output layer is the corresponding dy-
namic parameter P. However, the configuration angle is difficult to measure directly, so it is replaced by the position in the operational
space x in our single module robot. As shown in Fig. 7, a robotic prototype based on inverse kinematics is used to realize different
positions and velocities for the robot in the operational space [35].

In our case, a dataset containing 10,635 sample pairs (input: the position x; and the velocity X; in the operational space; output: the
dynamic parameters P;(i = 1,2,...,10635)) has been collected by driving the continuum robot to achieve different motion statuses
through random vectors §Xqmdom in the operational space. Fig. 8 shows the samples are distributed in different positions, and the
velocities are in different directions and norms. This makes the neural network trained from the data set have better generalization
ability rather than being only applied to a specific range of positions and velocities [41]. For each sample, we used the GA based
estimation method for the corresponding dynamic parameters P;, as well as its fitness. The histogram in the figure reflects the fitness
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distribution of the samples. GA cannot always identify accurate results due to factors such as falling into local optimum or mea-

surement errors. So, a sample filter is utilized to delete the data with fitness less than 0.9. After filtering, 7214 samples remained in the
dataset.

3.2. Training MLP

Based on the dataset, a neural network MLP fitting the dynamic parameters and motion status (the position and velocity in the
operational space) is trained. The MLP used to predict dynamic parameters is a neural network with three layers. The input layer of the
MLP has six neurons (the position and velocity in the operational space are three-dimensional vectors, respectively), and the output
layer has four neurons (the dynamic parameters P is a four-dimensional vectors). The MLP has a hidden layer with five fully connected
neurons [41,42]. The log-sigmoid function and mean square error are utilized as an activation function and loss function for the MLP,
respectively. The Bayesian regularization approach is used as the training algorithm [43]. The dataset is divided into 70 % training set
and 30 % testing set and the network is developed using MATLAB.

To improve the quality of the training, a filter based on roulette wheel selection algorithm is used to make the data with high fitness
have a high probability to participate in the MLP training process [44]. Fig. 9 shows a comparison between the output of the MLP and
the original data from the GA in the testing set. Most of the data are concentrated near the line y = x and the correlation coefficient R >
0.85, meaning the MLP fits the relationship between the motion status (i.e. position and velocity) of the continuum robot and the
dynamic parameters [45].

3.3. Adaptive lumped-mass dynamic model

An adaptive dynamic model is established using the MLP to predict system parameters. An experiment was carried out to verify the
difference between the ALMD and LMD. As shown in Fig. 10(a) and (b), the continuum robotic prototype was moving in the shown
operational space while driving force and position information was collected. In this section, the expression of desired path is as
follows:

t
27+ cos( n)zr

. 10 )7 gn( L
Ve = 6N sin(15~7)
,0 <t<20s (14)
9 t
ﬂ,’-‘rCOS(E—ﬂ)ﬂ t
W, = N cos(ﬁ—n)
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Fig. 11. Prototype of the continuum robot.

where y = [y/x, y/y] " is the rotation angles of the continuum robot in the configuration space. The driving force was then applied to
both the ALMD and LMD. The resulting simulated paths are compared with the actual path in Fig. 10(c), which shows the maximum
error between the LMD and prototype is 60.2 % larger than that between the ALMD and prototype. This is due to that the maximum
value of || is achieved around t = 10 s, according to Eq.(14), which indicates the maximum bending of the continuum robot. So, the
dynamics of the continuum robot changed greatly in this period, and the LMD cannot reflect the large variation of dynamic parameters
(mainly the elastic coefficient about the x and y direction) as shown in Fig. 10(d).

4. Experiment

In this section, the design of the continuum robot prototype are first summarized. Then a feedforward control method based on the
adaptive parameter dynamic model is implemented into the robotic system to improve control accuracy.

4.1. Experimental platform

As shown in Fig. 11, the prototype of the continuum robot is composed of a 2- DOF continuum arm and the sensing/driving system

ALMD | Continuum

_________

X, | ______Dynamic _ !

Amplifiers
and servo
motors

controller

Fig. 12. The feedforward control based on ALMD.
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Fig. 13. Experimental results:(a) a comparison of the path, (b) the tracking error in different control schemes, (c) the change of the dynamic
parameters in the ALMD.

[2]. The continuum arm contains a backbone, three driving rods distributed 120° apart and 7 constraint disks. The total length of the
arm is 300 mm, and the sets of servo motors and ball screws to pull or push the driving rods. An optical motion capture system
including four cameras and a marker (The NOKOV Inc., China) is used to measure the position of the arm tip within its operational
space. The arm tip velocities and accelerations are provided by calculating the first order and second order time derivatives of its

12



X. Zhang et al. Mechanism and Machine Theory 201 (2024) 105736

position. Each servo motor is equipped with an optical encoder to measure the rotation angle for the use of calculating the actual length
of the driving rod. A combination of force sensors and equal-arm lever mechanisms realize the measurement of the driving force [2].
The sensing and driving systems are connected to the central PC through a POE (Power Over Ethernet) switch and CAN (Controller
Area Network) bus. The control program is based on ROS in multiple nodes to achieve coordinated control for those devices.

4.2. The feedforward control based on the adaptive dynamic model

As shown in Fig. 12, a feedforward channel based on the ALMD is combined with a kinematic PID control scheme for the continuum
robot. To evaluate its performance, the control effects with LMD feedforward and pure PID are compared [46]. Due to the efficiency of
the equivalent dynamics model, the frequency of the control scheme can reach 50 Hz.

The kinematic controller converts the position error Ax in the operational space to the actuator displacement 6l in the actuation
space. The PID controller generates the driving force Af to compensate for the positioning error. In addition, the driving force f; is used
to compensate the dynamic effects of the continuum robot which is obtained through a dynamic model (could be either LMD or
ALMD). The sum of the kinematics based PID control Af, and the dynamic feedforward compensation f;, is used as the total driving
force f to the robot (Note that, as the output of the controller, the driving force f is represented in a form of electrical signal, which is
then converted to mechanical force with the help of the amplifier and servo motor). This control scheme can improve the dynamic
performance by considering the inertia, elasticity and damping of the continuum robot. A set of experiments were carried out to
validate the performance of different control schemes, as shown in Fig. 13. The PID with LMD feedforward and PID with ALMD
feedforward were used to track a given path. The same PID parameters (k, = 9.6, k;= 1.5 and k4 = 1.2, obtained by the ISTE criterion
[47]) were used in the two schemes so we can clearly compare the effects of different feedforward compensation methods. Compared
with PID with LMD feedforward, adding ALMD based feedforward compensation will significantly reduce the maximum tracking error
by 67.5 % (denoted by the red dashed circle in Fig. 13). This is because the LMD is unable to reflect the actual dynamics of the robot and
provides an inaccuracy compensation force to the robot. This experiment shows the use of adaptive dynamic parameters can achieve
more accurate feedforward compensation.

5. Conclusion

In this paper, an equivalent dynamic model for continuum robots is established. Then a GA-based dynamic parameter estimation
method is proposed to identify the equivalent elastic and damping coefficients in the model, which is related to the motion status, e.g.
configuration and velocity. Next a multi-layer perceptron is trained to predict the dynamic parameters of the continuum robot ac-
cording to the motion status. The combination of the off-line parameter estimation and on-line parameter prediction methods ensures
computational efficiency, while maintaining high accuracy for the dynamics model. A set of simulations were carried out to prove that
the maximum error of the ALMD with adaptive parameters is reduced by 60.2 % compared with the LMD with constant parameters.
Finally, on the experimental platform, a feedforward controller employing the ALMD was developed to compensate for the kinematic
PID control scheme, and contributed in the reduction in the maximum error by 67.5 %.

This work constructed a computationally efficient dynamic model with satisfactory accuracy for real time control and considered
the influence of the motion status (i.e. position and velocity) of the continuum robot on its dynamic performance. Future work will
include environmental interactions into the modeling and control process to extend the applications of the presented methods.
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