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Abstract—Centipedes exploit soft structures to move efficiently
in complex environments. These abilities have promoted scientists
to develop centipede-like robots with soft robot technologies. In
this paper, a centipede-like robot constructed by multiple body
segments connected in series is designed. Each body segment
features a pair of antagonistic artificial muscles and four electro-
adhesive feet, which plays the role of the basic motion unit
of the centipede-like robot and can be regarded as a soft
myriapod robot. To accomplish the desired movement tasks for
the soft myriapod robot, this paper proposes a neuro-inspired
hierarchical motion control scheme according to the functions
of the centipede brain. In the proposed control scheme, a
mushroom-body-inspired controller with an error-based learning
mechanism is adopted for the soft actuator motion control, and a
central-complex-inspired deep reinforcement learning algorithm
is designed for the robot motion selection. At last, the effectiveness
of the proposed motion control scheme is verified via both
numerical studies and experiments.

Index Terms—Soft robots, motion control, neuro-inspired,
bioinspiration, deep reinforcement learning.

I. INTRODUCTION

B IOLOGY offers a wealth of examples of small creatures
with extraordinary locomotion capabilities, the study of

which serves as a guide for designing bio-inspired myriapod
robots. These myriapod robots offer an ideal alternative to
sending humans into hazardous environments with potential
applications, such as search-and-rescue, bio-monitoring, envi-
ronment exploration, etc. Many of the myriapod robots take in-
spiration from cockroaches and notable examples include Rhex
[1], RoACH [2] and DASH [3]. Another category of myriapod
robots takes a centipede-like morphology, characterized by a
long deformable body and multiple pairs of legs [4]–[7]. These
centipede-inspired robots possess the advantages of motion
adaptation, allowing smooth transitions from horizontal to
vertical surfaces, as well as robust locomotion even when some
legs are disabled.

Most of the current centipede-like robots feature rotational
joints between several rigid-body segments, actively controlled
by motors [4], [5]. As a result, these robots always face the
problem of losing contact between the legs and the ground
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due to their rigid-body structures. To enhance body flexibility,
Koh et al. designed a centipede robot that adopted a spring
connecting with the neighbouring body segments in [6], which
has been demonstrated in locomotion over various obstacles.
Compared to the one-spring design, Hoffman and Wood used
two springs to simulate the lateral flexor muscles that run along
the body of an actual centipede to produce enhancing undula-
tion locomotion in [7]. This spring-linkage mechanism endows
the centipede robot with intrinsic compliance. Furthermore, to
achieve intrinsic compliance similar to the biological muscles
of centipedes, incorporating artificial muscles into a robotic
design is a feasible approach.

Artificial muscles can be regarded as a class of soft actuators
that mimic the properties of biological muscles to generate
large and compliant deformations. Various soft actuators have
been developed in the past decades, such as piezoelectric
actuators, shape memory alloy (SMA) actuators, electroactive
polymer (EAP) actuators, etc. Among these actuators, a type of
EAP actuator, known as dielectric elastomer actuators (DEAs),
stands out due to the characteristics of fast response and
high power density. These characteristics contribute to the
great potential of DEAs as the ideal actuators for various
mobile soft robots, such as crawling robots [8], swimming
robots [9], flying robots [10], etc. Although DEAs enable soft
robots to achieve versatile movements, the development of
such robots hitherto is still far from practical applications,
and achieving accurate motion control remains a significant
challenge. One of the difficulties in motion control of soft
robots lies in obtaining precise kinematic/dynamic models of
DEAs. These DEAs exhibit strong nonlinear characteristics,
including time-variance, hysteresis, and viscoelasticity. To
address this challenge, many efforts have been conducted for
the control of DEAs, such as employing feedforward control to
compensate for nonlinearities and vibration [11], and adopting
feedback control for enhancing robustness and accuracy [12].
Another difficulty in motion control of soft robots involves
the selection of motion behaviours during interactions with
the environment. In [13], a simulation tool was adopted to
describe the behaviour of several soft robots and therefore the
motion controllers are successfully developed. Nevertheless, a
general controller for soft robots that can select optimal gaits
in real-time is still under exploration.

In this paper, the main objective is to design and develop a
neuro-inspired motion control scheme for a DEA-driven soft
myriapod robot. Here, a centipede-like robot constructed by
multiple body segments connected in series is designed. Each
body segment features a pair of antagonistic DEAs and four
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electroadhesive feet. Moreover, one segment can be regarded
as a soft myriapod robot which plays the role of the basic mo-
tion unit of the centipede-like robot. With the coordination of
body deformation and foot adhesion, this soft myriapod robot
can achieve basic straight and turning locomotion. Following
that, a hierarchical neuro-inspired motion control scheme is
proposed, which mimics the functions of the centipede brain.
Previous studies on the motion function of the centipede brain
focus on two important neuropils, namely, the mushroom body
(MB) and the central complex (CX) [14]. In the motor process
of a centipede, the MB is involved in learning, particularly of
precisely timed motor movements [15], which can be consid-
ered as the adaptive sensory filter [16]. In addition, the CX
plays an important role in the selection of motor actions [17]
and the modulation of reward behaviour. It has been proven in
the robotic experiments [18] that the models of the centipede
brain are critical to motor-skill learning, and the neuro-inspired
models have shown the adaptive motion capabilities over
traditional control strategies [19], [20]. However, these insect-
inspired neural models applied to robotics have been rarely
studied.

To our best knowledge, this paper is the first study on
controlling a soft mobile robot based on an insect brain-
inspired model. The main contributions of this paper include: i)
A neuro-inspired actuator controller is proposed to compensate
for the nonlinearities of the DEAs in the actuation control
loop. The controller consists of a model inversion-based linear
controller and an adaptive MB-inspired forward model. ii)
A neuro-inspired motion controller is developed to select
the optimal locomotion for the soft robot movement tasks.
Inspired by the reward-modulation mechanism of the CX
model for motor-skill learning, a reinforcement learning-based
(RL-based) method is proposed to autonomously prioritize
control actions for the soft robot in dynamic environments.
Without the accurate model of the soft myriapod robot, the
desired movement tasks are implemented successfully in real-
world scenarios. iii) Practical validation of the proposed neuro-
inspired motion control scheme has been conducted on the soft
myriapod robot.

The remaining of this paper is organized in the following.
The development of the soft myriapod robot is presented and
analyzed in Section II. Next, the proposed motion control
scheme for the soft robot is detailed in Section III. Then, the
numerical study and the experiments are conducted and their
results are discussed in Section IV and Section V, respectively.
Lastly, the conclusions are given in Section VI.

II. ROBOT DEVELOPMENT

In this section, the robot prototype is introduced first and
followed by the analysis of the robot locomotion.

A. Robot Prototype

Figure 1 illustrates the proposed centipede-inspired soft
robot, which is constructed by multiple DEA-actuated body
segments. In nature, the body segments are essential de-
formable components of biological centipedes to exhibit ver-
satile motions. Hence, the objective of this paper is the design
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Fig. 1. Morphology and design of the soft robot: (a) biological centipede: the
structure of a centipede with one pair of legs attached to each body segment;
(b) morphological model: a pair of dorsal antagonistic muscles in the cross
section; (c) prototype: a centipede-inspired modular soft robot constructed by
multiple DEA-actuated soft robot units.

and control of the body segment of the centipede-inspired soft
robot which can be regarded as a soft myriapod robot as well.

The soft myriapod robot is mainly comprised of one robot
body and four robot feet. For the robot body, a pair of
antagonistic DEAs is constructed in the parallel setup. More-
over, the endpoints of both DEAs are connected to two 3D-
printed frames via four compliant joints. All the joints are
designed to passively restore the angles between the DEAs
and the frames to be orthogonal. For the robot feet, four
electroadhesion actuators are designed to grasp the surface
firmly when they are powered. Every two electroadhesion
actuators are connected with one DEA, and they are located at
the two end points of each DEA. Remarkably, the purposes of
adding these robot feet in the soft robot segment are to provide
the support of the DEAs and create the necessary friction for
the robot motion.

1) DEA-Based Robot Body: Dielectric elastomers (DEs)
are referred to as artificial muscles due to relatively large
electrically induced deformations with fast response and high
energy density [21]. DEs are generally thin films of elas-
tomeric materials sandwiched between compliant electrodes.
When applying a voltage to the electrodes, a compressive
stress named Maxwell stress is induced by the resulting
electric field. The incompressibility of DEs results in area
expansion thickness contraction on the DEs.

The simple mechanism allows DEs to be tailored into soft
actuators with different configurations. One way to fabricate
DEAs is by attaching compliant elastic frames to pre-stretched
DE membranes. The design and the general fabrication process
of the DEAs used in this soft robot can be found in [22]. Two
annular frames made of polyethylene terephthalate (PET) are
attached to two membranes made of VHB 4910 films. The
two frames are with the same shape but different thicknesses,
where the inner diameters are 75 mm, the outer diameters
are 90 mm, and the thicknesses are 0.4 mm and 0.8 mm,
respectively. When a voltage is applied, the strain energy of
the membrane increases, which results in a decrease of the
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Fig. 2. Soft robot model: (a) robot top view; (b) pseudo-rigid-body model.

PET frames’ elastic energy, and the actuator thus expands.
2) Electroadhesion-Based Robot Feet: Among the adhesion

techniques, electroadhesion is more promising than other
techniques such as suction cup, magnetic adhesion, mechanical
grasping (e.g., spines, claws) and elastomeric adhesion (e.g.,
gecko skin). The reason lies in the following advantages
of electroadhesion: suitable for various surfaces of different
conditions, electronically controllable operation, low power
consumption, lightweight, and no noise [23]. Electroadhesion
works by applying a voltage to an array of conductive elec-
trodes embedded in a dielectric.

For the robot feet, flexible material and a comb electrode
pattern are used in the design and fabrication to ensure strong
electroadhesion performance on different surfaces. The robot
feet are made up of a multi-layer structure with paper, graphite
electrode and EcoflexTM rubber. The multi-layer structure is
designed for stable electrical adhesion. When connected to a
voltage, two electrodes accumulate a positive and a negative
charge. The induced charge on the floor is not neutralized
with the induced charge on the electrode due to the presence
of the dielectric layer of the paper and the captured air gap
between the papers. These opposite charges attract each other,
resulting in an electrostatic force between the actuator and the
floor surface. Thus, the adhesion force is the electrostatic force
between the opposite charges, which is generated once the
electrodes are powered. With the proper design, the generated
adhesion force can be strong enough to ensure the robot foot
be attached to the surface firmly without any slipping, which
also makes the robot capable of climbing slopes and even
vertical walls.

B. Locomotion Generation

To explore the locomotion of the designed soft robot, the
pseudo-rigid-body model is used as illustrated in Fig. 2. The
designed soft robot can be represented as a four-bar linkage,
where the compliant mechanisms can be represented as the
appropriately located pin joints and the torsional springs. The
torsional springs represent the compliant joints with resistance
to motion, which will help the four-bar linkage restore to the
original rectangular shape if the soft robot is powered off.
Significantly, this soft robot actually can be further simplified
to a simple four-bar linkage with mechanical constraints,
where two adjustable-length bars, namely bar 1 and bar 2,
represent the DEAs. The simplified model will be used to
illustrate the following soft robot locomotion analysis.

(a)

(b)
Fig. 3. Linear walking locomotion: (a) straight move; (b) slight torsion.
(colour images are available online)

Fig. 4. Turning locomotion. (colour images are available online)

Inspired by the locomotion of centipedes, two fundamental
modes of locomotion are demonstrated as followings: linear
walking and turning locomotion. Each locomotion is first
divided into several stages, and then the body configuration
and feet anchoring strategy are designed for each stage.

1) Linear Walking Locomotion: In the linear walking gait,
the robot feet are paired diagonally. As can be seen from
Fig.3, the linear walking locomotion involves two steps: in
step 1, one diagonal pair of feet (feet pair A-D) is moved
simultaneously while the other pair (feet pair B-C) is kept still
by activating the corresponding electroadhesion actuators; in
step 2, the feet pair B-C is moved while the feet pair A-D
is remained not moving. Cycling the actuation sequence, the
soft robot walks continuously. Considering the structure of the
designed soft robot, the phase shift of the two DEAs is 180◦.
Furthermore, the soft robot will achieve an approximately
straight move while the step sizes of both DEAs are the same,
as depicted in Fig. 3(a). On the other hand, the soft robot will
have a slight torsion while the step sizes of both DEAs are
different, as depicted in Fig. 3(b).

2) Turning Locomotion: In the turning gait, the robot feet
are paired according to the connecting rod. As illustrated in
Fig. 4, the effective turning locomotion involves two steps: In
step 1, the pair of feet located at the front bar (feet pair A-C)
is free to move while the pair (feet pair B-D) is kept still. In
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Fig. 5. A block scheme of motion control: (a) biological scheme in motor
control; (b) overview of the control scheme for the soft robot

step 2, the pair of feet located at the front bar (feet pair A-
C) is kept still while the pair (feet pair B-D) is free to move.
Remarkably, the soft robot can achieve different turning angles
through different elongations/contractions of the two DEAs in
step 2.

III. MOTION CONTROL

Figure 5(a) illustrates the motor information flow within
an arthropod brain. First, the movement task is sent to the
central complex, which is modulated by dopamine (influenced
by sensory information) to select motor commands. Then, this
motor command is sent to the mushroom body for precise
motor control of the arthropod. Inspired by the biological
motor control system, a bioinspired motion control scheme
is proposed in Fig. 5(b), the main purpose of which is to
supervise the designed soft robot to reach the target position
with accurate movements (steering or forward). According to
the study on the biological system, mimicking the reward-
based learning mechanism of the insect central complex, the
motion selection module is designed to manage and select
the optimal locomotion according to the robot movement task
and the proprioception (i.e., the sense of body position). At
the low level, based on the error-based learning mechanism of
the insect mushroom body, several actuator motion controllers
are utilized to control precise actions and movements of DEAs
and robot feet.

In a nutshell, the desired moving target location and the
measured proprioception information are processed as state.

Following that, the motion selection module receives such state
information and computes the corresponding action, i.e., the
optimal motion commands. Lastly, the actuator motion control
module sets this action as the desired action and coordinates
the DEAs and robot foot actuators to achieve the desired
action.

A. Actuator Motion Control

The function of the actuator motion control module has two
parts: i) motion control of two DEAs, and ii) actuation control
of four robot feet, where an on/off controller is designed
to manage when and which robot feet are needed to be
actuated. Significantly, due to the strong nonlinearities and
viscoelasticity of soft actuators, the main challenge of the
actuator motion control module lies in the control of the
DEAs, thus becoming the focus of this subsection. Since a
reliable soft actuator model is essential for control design
and experimental analysis, the soft actuator modelling and
the controller design for the DEAs, are detailed as follows,
respectively.

1) Actuator Modelling: The distance from one endpoint of
a single DEA to the other endpoint is defined as the length of
the DEA, namely L, and then, a DEA model that represents
the relationship between the length change of the DEA and
the applied force can be built. According to [22], the DEA
model can be the combination between the model of the PET
frames and the model of the DE membranes. Thus, the DEA
model can be described by

mz̈(t) =−kz(t)−
4

∑
i=1

kizi(t)−δ (z(t), ż(t))+G(z(t))u(t),

ż(t) =
ki

ci
zi(t)+ żi(t), y(t) = z(t), (1)

where m is the actuator’s inertia, k, ki, and ci are the model
parameters, zi is the length change of the i-th spring, z is the
length change of the actuator, y is the system output, δ (z, ż)
is the nonlinear term of the system, and G(z(t))u(t) is the
actuation force applied to the DEA, G(z(t)) = az(t)+ b is a
function related to the length change of the actuator with two
coefficients a and b, u = V2 is the control input and V is the
voltage input to the DEA.

Then the state-space form of the model can be equivalently
obtained, which is

ẋ = Ax+Bu+Dδ (x)
y =Cx (2)

with

A =


−k1/c1 0 0 0 0 1

0 −k2/c2 0 0 0 1
0 0 −k3/c3 0 0 1
0 0 0 −k4/c4 0 1
0 0 0 0 0 1

−k1/m −k2/m −k3/m −k4/m −k/m 0

 ,

B=
[
0 0 0 0 0 G(x)

]T
, D=

[
0 0 0 0 0 −1

]T
,

and C =
[
0 0 0 0 1 0

]
,

where x =
[
z1 z2 z3 z4 z ż

]
is the system state.
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2) Motion Controller Design: On the basis of the system
model, an inversion-based nonlinear feedforward controller
can be designed in (3) so that the system can follow the desired
reference.

u f f (t) = P−1(yd(t)), (3)

where yd is the desired reference, u f f is the feedforward
controller output, P represents the forward model of the
system (i.e., y(t) = P(u(t))) and P−1 represents the system’s
inverse model.

Significantly, due to the system nonlinearity, it is difficult
to obtain an accurate system model and design the nonlinear
feedforward controller as described in (3). Therefore, the
actuator motion controller is designed to approximate such
a nonlinear function P(·)−1.

Figure 6 illustrates the proposed motion control scheme for
a single DEA. This control scheme mainly consists of two
parts: an inversion-based linear feedforward controller and
a mushroom-body-inspired forward model. For the forward
model, an adaptive learning filter inspired by the mushroom
body of the insects is designed to compensate for the nonlin-
earities of the DEAs. Meanwhile, the adaptive filter acted in
parallel with an approximate plant inverse model controller to
ensure stability in learning and control.

Significantly, considering that a high-level overall feedback
loop is available above the actuator motion control module,
only a feedforward control mechanism is used in the actuator
motion controller design to achieve a fast response without
considering the feedback loop.
Inversion-Based Linear Feedforward Controller

Referring to (1) and (2), the DEA can be approximately
described by the following high-order transfer function when
the complex geometry is ignored. In the previous work shown
in [24], the PET frames can be modelled as a high-order
system, converting from the state-space model shown in (2).

Gn(s) =
Y (s)
U(s)

=
∑

4
i=0 aisi

∑
6
j=0 b js j

, (4)

where Gn(s) is the approximate linear model of the DEA, U(s)
is the input to the DEA, Y (s) is the output length change, ai
and b j are the coefficients of the linear model.

Based on the linear model shown in (4), the following
feedforward controller is designed,

û f f (t) = q f f (t)g−1
n (t)xd(t), (5)

where q f f is a low-pass filter to make the feedforward con-
troller be strictly proper, g−1

n = L−1(G−1
n ) is the approximate

inverse model which is the inverse Laplace transform of G−1
n ,

Inversion-based Linear 

Feedforward Controller

Mushroom-body-inspired

Forward Model

DEA

Learning 

Mechanism

Fig. 6. Motion controller of the single DEA

û f f is the linear feedforward controller output, and xd is the
input to the controller.

Furthermore, the designed feedforward controller can be
described in the following form,

û f f = B(xd). (6)

Mushroom-Body-Inspired Forward Model
The basic function of the mushroom body is to process

several modalities of sensory information and regulate loco-
motion. Figure 7(a) illustrates a simplified schematic of the
key cellular components and information flow in the process
of sensory inputs to the mushroom body. In the insect brain,
the sensory information is delivered to the mushroom body
by projection neurons (PNs) from the antennal lobe (AL). A
small number of PNs connect with the Kenyon cells (KCs)
whose parallel axonal fibres form the MB lobes (including α/β
lobe and α’/β ’ lobe), where KCs terminate onto the dendrites
of mushroom body output neurons (MBONs). In the mush-
room body, instructive/modulatory signals are provided by the
dopaminergic neurons (DANs), and dopamine is thought to
act locally to modify KC-MBON synapses.

The mushroom-body-inspired adaptive filter control scheme
is shown in Fig. 7(b), which consists of three layers. These
three layers are the input layer U, the association cell layer
K, and the output layer M. Therefore, the controller can be
represented by a pair of mappings mathematically, which are

PN

KC

MBON

AL

input
Lobe

Lobe

Target Location

Mushroom body

Dopamine

(a)

…

…

… …

…

…

…

…

(b)

Fig. 7. The mushroom-body-inspired adaptive filter control scheme: (a) a
simplified schematic of the key cellular components and information flow in
the process of sensory inputs to the mushroom body; (b) the basic structure
of the mushroom-body-inspired adaptive filter controller.
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mI(U ⇒ K) and mO(K ⇒ M):

U PN
===⇒ K

α/βLobe
=======⇒ Mx

e

,

DAN

(7)

where U, K and M are the vectors defined as

U :={input vector},
K :={association cell (Kenyon cell, KC) vectors},
M :={output (Mushroom body output neuron, MBON) vector},

(8)

and e is the instructive signal (representing the DAN).
For the input layer, the input vector U = {u1,u2, · · · ,un} are

set related to the linear feedforward controller output in this
paper.

For the association cell layer, the Gaussian function given
in (9) is employed as the basis function to locate the regions
that are needed to be activated corresponding to the current
input vectors,

ϕp,qp(up) = exp

(
−
(up −µp,qp)

2

σ2
p,qp

)
,

for p = 1,2, ...,n and qp = 1,2, ...,np, (9)

where ϕp,pp(up)∈ [0,1] are the distance of the p-th input up to
the qp-th region with center location at µp,qp (i.e., mean) and
the width of σp,qp (i.e., variance). Remarkably, if ϕp,qp(up) is
closer to 1, up is nearer to µp,qp and the corresponding cell
will be more strongly activated.

Let φ p(up) =
[
ϕp,1 ϕp,2 ... ϕp,np

]T , then the high-
dimensional basis function (two inputs for illustration in the
following equations) is represented by the below vector form:

φ(u) = φ 1 ⊗φ 2 =
[
K1 K2 ... KN

]T
, (10)

where N = n1 ·n2.
According to (10), a map that contains N regions has

been constructed. The location related to the desired reference
described by U in the map can be determined via (10).
Furthermore, an unique weight wl for l = 1,2, ...,N in the
weight memory w connects to each region.

For the output layer, the neural network output is expressed
in the following general form:

M(û f f ) =
N

∑
l=1

wlKl = wT
φ . (11)

Lastly, to minimize the mean square error (MSE) between
the desired value and the actual value, the gradient descent
algorithm is applied to the following loss function (12) for
updating the weights in the neural network.

J(w) =
1
2
(yd − y)2 =

1
2

e2. (12)

In the following, the update rule is derived using the
stochastic gradient descent algorithm.

wv+1 = wv −λ∇J(w), (13)

where λ > 0 is the learning rate, v ≥ 0 and (v+ 1) denote
the v-th and the (v+ 1)-th iterations, respectively. Here, the
gradient of J(w) is given by

∇J(w) =
[

∂J(w)
∂w1

∂J(w)
∂w2

· · · ∂J(w)
∂wN

]
. (14)

From Fig. 6 and (6), we can have

û f f = B(yd +M(û f f )). (15)

Since the inverse of B(·) is existed, then

yd = B−1(û f f )−M(û f f ). (16)

Assume that there exist optimal weights w∗ to construct an
optimal neural network C∗ such that the actual system output
y matches the desired reference yd , i.e., y = yd , then we have

y = P(û f f ) = B−1(û f f )−C∗(û f f ). (17)

From (16) and (17), the error e can be represented by

e = yd − y = C∗(û f f )−C(û f f )−= (w∗−w)T
φ . (18)

Thus, we have

∂e
∂wl

≈−Kl , and
∂J(w)

∂wl
=

∂J(w)

∂e
∂e

∂wl
≈−eKl . (19)

Hence, the approximate gradient descent learning law is
given by

wv+1 = wv +λeφ . (20)

Remarkably, the nonlinear feedforward controller (3) can
be learned and approximated by applying mushroom-body-
inspired controller, i.e.,

P−1(yd(t))≈ B(yd(t)+wT
φ). (21)

B. Reinforcement Learning-Based Robot Motion Selection

As shown in Fig. 8, the robot target reaching task can be
divided into two phases: the steering phase and the forward-
moving phase. In each phase, two types of locomotion pre-
sented in Section II are selected properly with the motion
selection module to achieve the movement task. The steering
phase is the first phase, where the walking locomotion and
turning locomotion are arranged properly so that the orienta-
tion of the soft robot can approach the desired orientation that
is parallel to the line from its centre to the target location.
Then, the soft robot can approach the target location by
walking locomotion in the forward-moving phase.

(a) (b) (c)

Fig. 8. Motion selection: (a) start location; (b) steering phase; (c) forward-
moving phase (approaching to the target location)
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Fig. 9. The DQN-based motion selection controller: (a) a simplified schematic
of the key cellular components and information flow in the process of motion
selection of the arthropod central complex; (b) the structure of the DQN-based
motion selection controller.

For the target-reaching task of the designed soft robot,
the main challenge lies in the locomotion arrangement in
the steering phase, which requires to design of the motion
selection module. As pointed out from [25], the selection
and maintenance of adaptive behavioural actions have been
attributed to the arthropod CX, which consists of three in-
terconnected midline centres: the protocerebral bridge (PB),
fan-shaped body (FB), and ellipsoid body (EB) leading to the
paired lateral accessory lobes (LAL). Figure 9(a) illustrates the
key cellular components and information flow in the arthropod
CX. The inputs of the CX derive from the location information
from associative superior medial protocerebrum (SMP) and
the sensory information from intermediate and inferior lateral
protocerebra (IMP, ILP). These inputs are then delivered
to the fan-shaped body and protocerebral bridge (FB+PB),
which are involved in the modulation of reward behaviour
with dopamine. The behaviour selection is executed by the
EB and through LAL sent to the ventrolateral protocerebra
(VLP), which plays the role of the motor centre. Inspired
by the arthropod CX, an RL method has been proposed for
the autonomous skill learning of the soft robot, which has
been proven efficient for robotic systems [26]. Figure 9(b)
illustrates the structure of the Deep Q-Network-based (DQN-
based) motion selection controller, and the design details are
as follows.

1) Reinforcement Learning Design: The objective of the
RL is to find an optimal policy π∗ that helps the soft robot
select and take an action aι corresponding to different states.
Then, the robot transits from the current state sι to another
state sι+1 and receives a reward rι+1(sι ,aι) . Therefore,
the policy that maximizes the expectation of the cumulative
discounted reward Rι defines the optimal policy π∗, which can

be represented by

Rι =
T

∑
τ=0

γ
trτ+ι+1(sι ,aι), (22)

where γ is the discount factor. Also, the optimal policy can
be expressed as

π
∗ = argmax

π

E[Rι |π], (23)

where π denotes the policy.
In RL, a function can be used to measure the quality

Qπ(sι ,aι) of a specific state-action pair (sι , aι ) under a given
policy π , which is

Qπ(sι ,aι) = E[Rι |sι ,aι ,π]. (24)

From (24), the optimal policy is now the policy that max-
imizes the values of (24) over all possible state-action pairs
(s,a). Hence, an optimal function denoted by Q∗ is defined,
which is the maximum expected cumulative reward achievable
from a given state-action pair (sι ,aι):

Q∗(sι ,aι) = max
π

Qπ(sι ,aι). (25)

Significantly, Qπ(sι ,aι) satisfies the Bellman optimality equa-
tion and thus (25) can be rewritten as

Q∗(sι ,aι) = E[rι+1(sι ,aι)+ γ max
aι+1

Q∗(sι+1,a′)|sι ,aι ], (26)

where a′ is the possible action taken at state sι+1.
2) Deep Reinforcement Learning Design: To achieve the

optimal function (25), an online learning neural network can be
used to approximate the function (24) iteratively via a learning
mechanism.

Define an approximation to (24) as Q(sι ,aι ;θ) with a set
of parameters θ , then the objective of the neural network is
to approximate the optimal function (25), i.e.,

Q(sι ,aι ;θ)≈ Q∗(sι ,aι). (27)

Here,
Q(sι ,aι ;θ) = w̄T

φ̄ , (28)

where w̄ is the Q-network weights, φ̄ is the Q-network basic
functions.

Furthermore, such an objective can be converted to the
optimization problem of minimizing the below loss function.

Ln(θ n) =
1
2
E[(υn −Q(sι ,aι ;θ n))

2] (29)

with
υn = rι+1 + γ max

a′
Q(sι+1,a′;θ n−1). (30)

where n is the number of iterations.
Significantly, because the successive samples are correlated,

combining the neural network into the simple Q-learning
can result in unstable or divergence. To solve this problem,
a simple framework is employed referring to the methods
introduced in [27]. In this framework, υn is modified and used
in the following,

∇θ nLn(θ n) =−(υn −Q(sι ,aι ;θ n))∇θ nQ(sι ,aι ;θ n). (31)
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Fig. 10. Detailed overall motion control scheme

Then, the gradient ∇θ nQ(sι ,aι ;θ n) at each weight w̄l for l =
1,2, ...,N is given by

∇θ nQ(sι ,aι ;θ n) =[
∂Q(sι ,aι ;θ n)

∂ w̄1

∂Q(sι ,aι ;θ n)

∂ w̄2
...

∂Q(sι ,aι ;θ n)

∂ w̄N

]T

.

(32)

Hence, the update rule is given by

w̄n+1 = w̄n +λ (υn −Q(sι ,aι ;θ n)) φ̄ ,

υn = rι+1 + γ max
a′

Q(sι+1,a′; θ̄ n), (33)

where θ̄ n is the target parameter used in the computation of the
Q-function at the n-th iteration. Such a target parameter is only
updated periodically every D step with θ n. The reinforcement
learning law implemented by updating the weight w̄ according
to the previous value in the last iteration.

For the designed soft robot, an action set A (aι ∈ A) is
designed elements which include 1 type of turning locomotion,
and 21 types of walking locomotion with various step size
settings on DEAs (i.e., the same step size and different step
sizes). Furthermore, the reward r is defined by the following
error function.

r =

{
rmax, if ||βL|| ≤ δL and ||βAC|| ≤ δAC

− p1||βL||2 − p2||βAC||2, otherwise
(34)

where rmax is a positive constant, βL is the angle between
the desired orientation and the axis of the left DEA (AB),
βAC is the angle between the direction perpendicular to the
desired orientation and the front bar (AC), δL and δAC are two
costive constants that represent the steering requirements, and
p1, p2 are the weightings, It worths noting that the goal is
to minimize βL and βAC as small as possible. Moreover, a
designed maximum reward will be earned when both βL and
βAC are extremely small that are within the acceptable ranges.

Additionally, the ε-greedy exploration is employed in the
RL algorithm to balance exploitation and exploration.

C. Overall Motion Selection and Control Framework

Finally, by integrating both the robot motion selection and
the actuator motion controllers, the overall motion control
scheme is detailed in Fig. 10.

IV. NUMERICAL STUDY

To verify the effectiveness of the proposed motion control
scheme, the numerical study is carried out by simulations with
model simplification in this section. The simulations are run
in MATLAB and Simulink with a sampling time of 1 ms.

A. Actuator Motion Control

To implement the motion controller and test the motion
controller in simulation, the model parameters shown in (4)
are identified based on the collected data on one DEA via
several experiments. In the experiments, one end of the DEA
is fixed while the displacement of the other end is measured
by a laser sensor so that the length change can be measured
and recorded. Then, a square wave with a frequency of 0.05
Hz and an amplitude of 2 to 4 kV is applied to the DEA for
actuation.

With the help of the MATLAB System Identification Tool-
box, the model parameters are estimated via the input and
output data. The identified transfer function is given by (35)
which is also validated by two sine wave input signals with
the frequency of 0.05 and 0.1 Hz, respectively, and the same
amplitude of 2 to 4 kV.

Gn(s) =

1.14s4 +97.12s3 +13.82s2 +16.03s+0.78
s6 +11.97s5 +186.20s4 +252.40s3 +58.49s2 +36.74s+1.26

(35)

The fit level of the model means the goodness of fit or
coefficient of determination, which represents the error norm
between test and reference data sets. The identified linear
model fits the actual output over 80%. It implies that the iden-
tified linear model can mostly represent the DEA. However,
there exist differences between the model and the DEA. These
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Fig. 11. System identification and model validation of DEA (colour images
are available online).

remaining differences are mainly due to the nonlinearity in the
DEA. Significantly, a long-short-term memory (LSTM) neural
network is built to approximate these remaining differences
(i.e., nonlinearity) and combined with the linear model as a
whole model in the simulation. As shown in Fig. 11, this
combined model can match and represent the actual system
in a higher fit level (over 90%).

The simulation results with the desired sine trajectories of
0.1 Hz and 0.2Hz are illustrated in Fig. 12 and Fig. 13,
respectively. As can be seen, iterations are needed for the DEA
to learn the control signal. However, in just a few iterations, the
error converges to be less than 0.5 mm and the learning speed
of the proposed controller is fast and acceptable. Furthermore,
it can be observed from the figures that the proposed control
scheme can track the desired sine wave trajectory better than
the linear feedforward controller.

B. Motion Selection

In this subsection, the proposed RL-based motion selection
module is trained. To train the Q-network, a set of desired
orientations Bd = {−30◦,−20◦,−10◦,10◦,20◦,30◦} is chosen
in the training. In each episode during the training, the desired
orientation is randomly chosen from the set Bd . By applying
the proposed RL method in the system model, the training
results are shown in Fig. 14.

As can be seen from the results, both the average reward
and the norm of network weight vector ||w|| can converge after
certain episodes. Significantly, it can be found that the average
reward starts from a negative value and then is increased
gradually under the learning algorithm. Therefore, it can be
concluded that the RL is effective in motion selection, which is
able to help the robot to generate a good locomotion sequence
among different locomotion to achieve the desired steering
angle.
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Fig. 12. Simulation results on sine wave trajectory (0.1 Hz) tracking (colour
images are available online).
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Fig. 13. Simulation results on sine wave trajectory (0.2 Hz) tracking (colour
images are available online).

C. Movement Task Test

Furthermore, in this simulation, a target location is set and
the two-phase motion strategy mentioned in Section III-B is
implemented. In the steering phase, the trained network is
applied and the robot action is selected according to the criteria
shown as follows:

aι = argmax
a

Q(sι ,a;θ). (36)

After the robot orientation meets the steering requirement, the
robot will be switched into the forward moving phase auto-
matically, where the straight moving trot gait is implemented.

Figure 15 shows the simulation result of the movement task
test by using the proposed motion selection module. As can
be seen, the robot is able to achieve the desired steering angle
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and then reach the target location successfully. This result
verifies that the proposed scheme is effective in managing
and regulating the soft robot to conduct the desired planar
movement accurately.

In addition, the proposed motion selection method is com-
pared with a method named “naive motion selection method”
which combines one walking locomotion with one turning
locomotion as a body-turn motion primitive in the steering
phase. In this selection method, the selection of walking
locomotion follows the idea of feedback control where the
robot selects the control strategy corresponding to the steering
angle closest to the angle between the body direction and
the target direction. As illustrated in Fig. 15, the comparison
results show that the proposed motion selection method is
faster than the naive motion selection method in the steering
phase (i.e., the proposed method requires fewer steps in the
steering phase).

V. EXPERIMENTS AND RESULTS

To validate the effectiveness of the proposed motion control
scheme in the practical robotic system, several experiments
have been conducted with the soft myriapod robot.

A. Experimental System Setup

Figure 16 illustrates the configuration of the experiment sys-
tem. In the experiments, each DEA is driven by an adjustable
high-voltage amplifier while each foot is powered by a DC-
DC converter, and the soft robot motion is controlled by a
dSPACE control board (DS-1104) embedded in a computer.
Furthermore, four orange markers are attached to the four
connection points between the robot bodies and feet while a
high-definition camera (Logitech C922 Pro) is placed on top of
the robot to build a vision system that can capture the feedback
of the robot motion in real-time. The camera is connected to
another computer where the vision algorithm and the motion
selection module are implemented via MATLAB. Finally, the
motion commands determined by the motion selection module
will be sent to the dSPACE control board (as the desired
motion references to the DEAs). For the motion selection
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Fig. 14. Learning network training results: (a) average reward (processed
with moving average filter); (b) norm of the network weight vector.
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Fig. 16. Soft robot and experimental system setup: (a) soft robot; (b)
experimental system setup

module, the network parameters obtained in the simulation
are used in this practical system.

B. Experimental Results

Two experiments are conducted and the results are discussed
in the following.

1) Steering: In this experiment, the movement task of the
soft robot is to steer itself to the desired orientation, i.e.,
the DEAs need to be parallel to the desired orientation. The
frequency of each step is set at 0.2 Hz. Figure 17 shows the
experimental results while the desired orientation is 10 deg.

As can be seen from the results, both DEAs can turn to
the desired orientation by the proposed framework, which
implies that the developed soft robot is capable of achieving
the steering task. The experimental results also verify that the
motion selection and control framework is effective in the
steering task and orientation regulation.

2) Point-to-Point Movement: In the second experiment, a
point-to-point movement task is set to the soft robot, where
there is a steering angle between the y-axis and the line
connecting the target location and the origin. Both the steering
phase and the forward-moving phase are implemented in this



11

0 25 50 75 100 125

Time (s)

0

2

4

6

8

10

E
rr

o
r 

(d
e
g
)

DEA 1

0 25 50 75 100 125

Time (s)

0

2

4

6

8

10

E
rr

o
r 

(d
e
g
)

DEA 2

Fig. 17. Experimental results of steering task

(a) (b)

(c) (d)

Target location

Central of robot

Fig. 18. Sequential view during the point-to-point movement task: (a) at the
origin; (b) walking locomotion (tort gait); (c) turning locomotion; (d) at the
target location.

experiment, where the steering phase will automatically switch
to the forward-moving phase when the steering angle error is
within the preset acceptable range.

Here, the steering angle is selected as 15 deg and the
distance-to-target is set as 100 mm in the experiments. The
sequential images during the point-to-point movement task and
the experimental results of the point-to-point movement are
depicted in Fig. 18 and Fig. 19, respectively.

As can be observed in both figures, it is obvious that the
soft robot can reach the target location accurately. During the
point-to-point movement task, the soft robot first aligns its
orientation with a proper sequence of the different locomotion
generated by the proposed motion selection module, hence,
it can head towards the target location. After that, the soft
robot moves straightly towards the target location by the
forward walking locomotion. The success of the point-to-
point movement task proves the effectiveness of the proposed
control scheme in this soft mobile robot.

VI. CONCLUSION

In this paper, a soft myriapod robot that is capable of
realizing the planar movements is designed based on two
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Fig. 19. Experimental results of point-to-point movement task

DEAs in antagonistic pairs and electroadhesion-based robot
feet. To achieve the desired movement tasks, a motion control
scheme inspired by the biological motor control system is
proposed. The proposed control scheme is in the hierarchical
architecture which consists of the motion control module
and motion selection module. Each module of the proposed
control scheme is presented and discussed in detail. Signif-
icantly, a mushroom-body-inspired controller with an error-
based learning mechanism is designed for the soft actuator
motion control, and a neural network-based RL algorithm (i.e.,
deep Q-learning) is designed for the motion selection. Finally,
both numerical study and experiments are carried out, and
which results verify and validate that the proposed motion
control scheme is effective and the designed soft robot is able
to reach the target location accurately and achieve the desired
movement tasks successfully.

Besides that, it is worth mentioning that the proposed
neuro-inspired hierarchical motor control scheme is based on
several assumptions regarding the function and structure of the
centipede brain, which may not be entirely accurate. Therefore,
one possible future research direction would be to enhance the
bio-inspired control approach with new findings in biology.
Another future work will be the use of multiple sections of
the centipede robot instead of just one section, which has the
potential to improve the robot’s locomotion performance.
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