
 

 

 

 

 

 

 

University of Southern Denmark

Adaptive Neural CPG-Based Control for a Soft Robotic Tentacle

Jeppesen, Marlene Hammer; Jørgensen, Jonas; Manoonpong, Poramate

Published in:
Neural Information Processing.  ICONIP 2020, Proceedings

DOI:
10.1007/978-3-030-63833-7_64

Publication date:
2020

Document version:
Accepted manuscript

Citation for pulished version (APA):
Jeppesen, M. H., Jørgensen, J., & Manoonpong, P. (2020). Adaptive Neural CPG-Based Control for a Soft
Robotic Tentacle. In H. Yang, K. Pasupa, A. C-S. Leung, J. T. Kwok, J. H. Chan, & I. King (Eds.), Neural
Information Processing. ICONIP 2020, Proceedings (Vol. II, pp. 762-774). Springer. Lecture Notes in Computer
Science Vol. 12533 https://doi.org/10.1007/978-3-030-63833-7_64

Go to publication entry in University of Southern Denmark's Research Portal

Terms of use
This work is brought to you by the University of Southern Denmark.
Unless otherwise specified it has been shared according to the terms for self-archiving.
If no other license is stated, these terms apply:

            • You may download this work for personal use only.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying this open access version
If you believe that this document breaches copyright please contact us providing details and we will investigate your claim.
Please direct all enquiries to puresupport@bib.sdu.dk

Download date: 23. May. 2023

https://doi.org/10.1007/978-3-030-63833-7_64
https://doi.org/10.1007/978-3-030-63833-7_64
https://portal.findresearcher.sdu.dk/en/publications/2faa6628-df26-4bcd-8ea5-dda7f50879dd


Adaptive Neural CPG-based Control for a Soft
Robotic Tentacle

Marlene Hammer Jeppesen1, Jonas Jørgensen2[0000−0001−9598−3414], and
Poramate Manoonpong�3,4[0000−0002−4806−7576]

1 Faculty of Engineering, University of Southern Denmark, 5230 Odense M, Denmark
mjepp15@student.sdu.dk

2 Centre for Soft Robotics, SDU Biorobotics, The Mærsk Mc-Kinney Møller
Institute, University of Southern Denmark, Odense, Denmark

jonj@mmmi.sdu.dk
3 Embodied AI and Neurorobotics Lab, SDU Biorobotics, The Mærsk Mc-Kinney

Møller Institute, University of Southern Denmark, Odense, Denmark
poma@mmmi.sdu.dk

4 BRAIN Lab, School of Information Science and Technology, Vidyasirimedhi
Institute of Science and Technology, Rayong, Thailand

Abstract. Soft robotics is an area that is promising with its vast ap-
plication space. One of the challenging aspects of this branch of robotics
is the control of soft structures. This paper proposes a neural central
pattern generator (CPG) based control architecture using an amplitude-
adaptive oscillator for the movement of a low cost, pneumatically actu-
ated soft robotic tentacle with three air chambers. The CPG is created
using an SO(2) oscillator that generates half-sinusoidal outputs for pneu-
matic control. Through the use of an adaptation mechanism, the Dual
Integral Learner (DIL), the parameters of the CPG are modulated to
generate oscillatory signals of larger or smaller amplitude upon external
perturbations to the system. The proposed neural control is implemented
on the physical system and its validity is tested through physical restric-
tion of the pneumatic air supply to the soft robotic tentacle.

Keywords: Soft robotics · Neurorobotics · Adaptive control · Neurody-
namics · Plasticity

1 Introduction

Over the past decade, the interest in soft robotics has been on the rise due to ever
increasing demands of safe, human-friendly cobots [1]. Still, the control of such
systems is a highly complex matter, due to the compliant nature of the materials
and lack of modelling hereof. Robots consisting of soft materials can in theory
exhibit infinite degrees of freedom, and are very difficult to model kinematically,
leading to the need for novel approaches to traditional control theory [2].

For a rigid robot, the joint positions can be processed by forwards kinemat-
ics to determine the configuration of the robot and position of the end-effector,
and inverse kinematics can be used to determine joint positions given a desired
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placement of the end-effector. Similar calculations are not appropriate for their
soft counterparts. Additionally, soft robots made entirely of elastomers are typ-
ically under-actuated, as they also hold many passive degrees of freedom and
when actuated by fluids, the soft robots are not able to fully compensate for
the gravitational loading due to limited available input pressure of the fluid [2].
Just as with rigid articulated robots, accurate control of soft robots requires
model-based prediction of every possible configuration. Therefore such models
are complex and computationally heavy.

Currently, many soft robots are either empirically open-loop controlled or
manually controlled. This is partly due to sensing in soft robotics still being a
rather new field, with few studies on data interpretations, as well as current shape
reconstruction algorithms being oversimplified [1]. However, efforts are made to
advance simulation, modelling and control of soft robots [3–5]. Additionally, arti-
ficial neural networks and machine learning approaches are gaining increased at-
tention to obtain data-driven models of soft robots [6–8]. Nonetheless, a common
problem with data-driven algorithms is that they are domain-specific, which en-
tails an ineffective learnt model if the domain changes slightly [9]. Furthermore,
such control algorithms rely on large data sets for training the model, which,
when working with a physical system, are difficult to obtain. For this reason, it
is beneficial to develop a model free approach to the control of soft robots.

Towards this goal of model free learning in soft robots through the use of
sensory feedback, this paper seeks to combine the rythmic motions generated by
a central pattern generator (CPG) with an adaptive mechanism, known as the
Dual Integral Learner (DIL) [10] for movement generation and online adaptation
of a soft robotic tentacle. For the present setup, pressure sensors are used as
sensory feedback and the DIL will adapt the amplitude of the oscillations of the
CPG online, which directly translates to a change in the amplitude of movement
in the tentacle. The adaptive control system was successfully implemented on
a physical setup, with which several experiments were conducted to test the
performance of the proposed adaptive control architecture.

2 Soft Robotic Tentacle

The soft robotic tentacle is inspired by soft continuum structures found in nat-
ural organisms such as the octopus’ arm. In nature, the octopus arm is re-
markably capable of both shortening and elongation, while having the ability
to bend and twist in any direction. To mimic this compliant structure, a sili-
cone tentacle [11] has been fabricated with three parallel volumes for pneumatic
actuation as depicted in Fig. 1. The tentacle is cast in blue Ecoflex 00-30, in
which fiber reinforcements in the form of braided fishing line in the outer wall of
the tentacle have been implanted to prevent the parallel volumes from expand-
ing radially. The tentacle is hung from a laboratory stand with a 3D-printed
mount as depicted in Figs. 1a and 1b. To actuate the three air chambers of the
robot, a control board was assembled based upon the Soft Robotics Toolkit Con-
trol Board [12], which is an open source hardware platform for controlling soft
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actuators. The control board contains power MOSFETs to control the on/off
switching of the on-board solenoid valves. This enables the use of pulse width
modulation (PWM) to control the air flow to the valves by regulating the pulses
sent to the valves, opening and closing them rapidly. Varying the length of the
pulses will affect the amount of time the valve is either open or closed, which
in turn leads to an adjustment in chamber pressure. Three pressure sensors are
placed on the control board that is interfaced with an Arduino Mega 2560 to
feed back pressure sensor readings at 100 Hz. The control board alongside the
soft robotic tentacle is depicted in Fig. 1a.

(a) (b) (c)

Fig. 1: The soft robotic tentacle and the test bench. (a) The setup with the blue
tentacle connected with tubing to the control board. (b) The tentacle seen from
the back, where the three PVC tubes supplying air for actuation are visible. (c)
A 3D rendered cross-sectional view of the tentacle.

3 Adaptive Neural Control and Implementation

The soft robotic tentacle is controlled by an adaptive neural CPG-based control,
which utilizes feedback from the aforementioned pressure sensors to modulate
the actuation amplitude generated by the CPG. An overview of the neural con-
troller is depicted in Fig. 2. The neural controller consists of a CPG implemented
as an SO(2) oscillator, highlighted in red in Fig. 2. The periodic CPG signal is
post-processed to obtain a PWM-signal used for the solenoid valves controlling
the air flow to the tentacle. The pressure sensors measure pressure in the tubes
connected to the tentacles’ three chambers during actuation. The measured pres-
sure is post-processed to obtain a signal similar to that of the CPG signal. The
error between the post-processed sensor signal and the post-processed CPG-
signal is calculated, where values below a set error threshold are neglected. The
error is then fed into the fast and slow learners of the adaptation mechanism
called the Dual Integral Learner (DIL), highlighted in blue in Fig. 2. It is used
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to adapt the α-value of the CPG online and hence, the amplitude of movement
of the tentacle.

Fig. 2: Overview of the adaptive neural control system. The system combines
an SO(2) oscillator (red highlighted area) and an adaptation mechanism, the
DIL (blue highlighted area). The post-processed CPG signal is sent as PWM-
commands to the tentacle, which pneumatically actuates the three chambers of
the robot. Pressure sensors measure the pressure within the tentacle’s chambers,
and the post-processed sensor signal is subtracted from the CPG signal, yielding
the error feedback. The error is fed into the two learners of the DIL that will
adapt the α-value of the CPG.

3.1 Central Pattern Generator (CPG) for Periodic Movement
Generation

The CPG has been implemented as a two-neuron oscillator (SO(2)) which is
a versatile recurrent neural network that can exhibit various dynamical behav-
iors (e.g., periodic patterns, chaotic patterns, and hysteresis effects [13, 14]) by
changing its synaptic weights. The dynamical behaviors of the network can also
be exploited for complex movement behaviors. The SO(2)-based CPG has been
depicted in Fig. 2, highlighted in red. The two neurons are fully interconnected
with the synapses w11, w12, w21 and w22. Each neuron sums up the weighted
inputs (oj) and the fixed bias term (bi) and passes the final value through an
activation function given by:
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ai(t+ 1) =
n∑

j=1

wijoj(t) + bi i = 1, ..., n, (1)

where ai(t+1) is the activity of neuron i at time t+1, n is the number of inputs,
wij denotes the synaptic weight associated with neuron j connected to neuron
i, oj(t) refers to the input at time t, and bi is the bias term.

The final output oi is yielded by passing the activity through an activation
function, which is given by the hyperbolic tangent transfer function (tanh):

tanh(ai) =
2

1 + e−2ai
− 1. (2)

Fully connecting the two neurons H1 and H2, and building upon Eqs. 1 and 2,
setting tanh(ai) = σ(ai), the resulting two-neuron dynamics is described by:

a1(t+ 1) = w11σ(a1(t)) + w12σ(a2(t)),
a2(t+ 1) = w21σ(a1(t)) + w22σ(a2(t)).

(3)

The associated weight matrix of the SO(2)-oscillator network is given by:

w =

(
w11 w12

w21 w22

)
= α ·

(
cos(ϕ) sin(ϕ)
−sin(ϕ) cos(ϕ)

)
, (4)

where α defines the slope of the transfer function tanh. By varying α and ϕ,
the amplitude and frequency of the oscillations produced by the network will
be changed. According to [15], nearly sine-shaped waveforms will occur with
α = 1.0 + ε and ε << 1. Increasing ε will increase the oscillation amplitude.

The initial parameters chosen for the SO(2) oscillator are α = 1.2 and ϕ =
0.25, which will yield sinusoidal outputs with a phase shift of π/2 and a frequency
of approximately 0.7 Hz. The output diagram is shown in Fig. 3a.

CPG Post-processing After implementing the CPG to generate stable ryth-
mic signals, a delay line has been introduced in order to apply a signal to each
actuation chamber of the robot. The delay line consists of a time shifted signal
of the output from the neuron H1, where the first delay is 7 timesteps and the
second delay is 14 timesteps with respect to the initial output. The current ac-
tuation pattern causes the robot to move in a near-circular motion by actuating
one chamber at a time with a slight overlap. Additionally, all signals driving the
robot are mapped to the range of 0-100 to be used for duty cycle percentage in
the PWM-signals sent to the solenoid valves. To do so, a cut-off at zero has been
introduced, leading to all negative values of the CPG output being neglected.
Lastly, a gain is added to the scaled signals to produce signals with an amplitude
of 40 which is deemed appropriate for the given setup. The final post-processed
CPG-output with delay line, zero cut-off, and gain is depicted in Fig. 3b.
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Fig. 3: Raw CPG outputs and post-processed CPG outputs. (a) The generated
CPG outputs with parameters α = 1.2 and ϕ = 0.25. (b) The post-processed
CPG-signals to be used for PWM-control of the valves, including delay-line, zero
cut-off and gain.

3.2 Adaptation Mechanism for Online Movement Adaptation

To adapt the actuation patterns governed by the CPG in accordance with the
perturbations experienced by the robot, an adaptation mechanism is needed.
Thor and Manoonpong [10] proposed an adaptation method called the Dual
Integral Learner (DIL), which is used for reducing tracking error between a
setpoint and a system output. The rules of the DIL are given by Eqs. 5, 6, 7 and
8:

xf (n) = Af · xf (n− 1) +Bf · e(n) + Cf ·
∫
e(n), (5)

xs(n) = As · xs(n− 1) +Bs · e(n) + Cs ·
∫
e(n), (6)

x(n) = xf (n) + xs(n), (7)

e(n) = f(n) − x(n), (8)

where xf (n) is the fast learner output, xs(n) is the slow learner output, x(n)
is the combined learner system output, e(n) is the error given by the difference
between the learner system output and a setpoint f(n). Bf and Bs are the
learning rates while Af and As are the retention factors of the learners. Cf

and Cs (Cf > Cs), are the integrator components, reducing steady state errors.
The learning rates and the retention factors are chosen such that Bf > Bs

and Af < As. According to this setup, the fast learner will learn quicker and
forget faster and vice versa for the slow learner. The DIL is depicted in the blue
highlighted area in Fig. 2.



Adaptive Neural CPG-based Control for a Soft Robotic Tentacle 7

The DIL will adapt the α-value of the CPG (Eq. 4), which in turn will adjust
the amplitude of the tentacle movements. The DIL was implemented with the
following, experimentally obtained parameters: Af = 0.7, As = 0.9, Bf = 0.85,
Bs = 0.45, Cf = 0.01, and Cs = 0.005. The given error at each timestep n is
the difference between the pressure sensor feedback and the CPG-signal, and
the error is used as input to the two learners, that will adjust the α-value of the
CPG.

Figure 4 depicts the DIL’s ability to adapt to an external sinusoidal signal
with the given parameters. The signal plotted in black is the reference signal,
which is generated by an SO(2) oscillator with decrementing values of α, while
the signal plotted in red is obtained by using the DIL to modulate the α of a
second SO(2) oscillator to mimic the signal plotted in black. As seen in Fig. 4,
the DIL is able to adjust the α-value of the second SO(2) oscillator relatively fast
when the amplitude of the reference signal changes, due to the online tracking
error reduction executed by the DIL.
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Fig. 4: CPG adaptation based on the DIL. The DIL parameters are as follows:
Af = 0.7, As = 0.9, Bf = 0.85, Bs = 0.45, Cf = 0.01, and Cs = 0.005. Upper
plot (black) shows the reference signal where the α-value is decremented with
0.1 for every 250th timestep, lower plot (red) shows the adaptation of the CPG
through the DIL to follow the change of the reference signal.

Figure 5 depicts the DIL’s ability to adapt to a non-periodic external signal
given by rotations of one of the on-board potentiometers. The oscillations of the
CPG are almost non-existent at timestep 80, but when rotating the potentiome-
ter at this point, the DIL is able to restart the oscillations of the CPG (red
highlighted area). At approximately timestep 100, the potentiometer is turned
to zero, causing the DIL to lower the amplitude of the oscillations, which is
visible from the plotted α-values of approximately timestep 120 to 180, and the
corresponding CPG-values (blue highlighted area). This shows, that the DIL is
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able to adapt the amplitude of the CPG based on an external non-periodic sig-
nal. Furthermore, once the oscillatory movements generated by the CPG have
ceased, it is possible to restart the oscillations by turning the potentiometer.
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Fig. 5: Adaptation of α based on non-periodic potentiometer readings through
DIL. In the highlighted red area, the DIL is able to use the reference signal of
the potentiometer to restart the oscillations of the CPG. In the highlighted blue
area, the DIL is able to decrease the amplitude of the CPG as a result of the
potentiometer being turned to zero.

Sensor Signal Post-processing The air flow to the soft robot is controlled
by the PWM signals originating from the CPG. The duty cycle of the PWM
signals define the relative open/close operation of the solenoid valves. Although
the method is simple and efficient, it introduces noise to the measured pressure
response [7]. Noisy feedback will interfere with the accuracy of the adaptation
mechanism that relies on comparison of the sensor data and the CPG signal. To
overcome this issue, a three-point moving average filter was applied to the mea-
sured sensor values, amplified by a factor of 4.0. After the averaging operation,
it is checked whether the averaged sensor response is above or below a threshold
of 7. If below, the average sensor response is set to zero, otherwise, the response
remains the same. This action is performed to eliminate slight oscillations in the
measured pressure (background noise), even when the robot is not actuated. To
mimick the sinusoidal half-wave of the CPG-signal and to further smooth the
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sensor response, the averaged sensor response is filtered through another moving
average filter and the result hereof is multiplied by an amplification gain of 1.7.

4 Experimental Results

The emergent behaviour of the tentacle when interacting with its environment
has been investigated in two experiments, where the tentacle senses external per-
turbations through the use of the on-board pressure sensors. Both experiments
are performed on the physical setup seen on Fig. 1a. The implemented neural
controller generates an oscillatory movement in the tentacle through the use of
the CPG, while adapting the movement amplitude, i.e. bending angle, through
the DIL mechanism. All processing and control is performed online, onboard the
Arduino Mega 2560.

The first experiment entails a tight grasping of the soft robotic tentacle
with the hand, restricting its movement. Figure 6 depicts this experiment. Ini-
tially, two rounds of unhindered movement is performed by the tentacle, after
which the tentacle is grasped tightly, generating a large pressure response in the
pressure sensors, due to the lowered volume inside the air chambers of the tenta-
cle. The restriction period is highlighted in red in the figure. After restricting the
tentacle, the amplitude of the CPG increases due to the increase in α, and hence,
the bending angle of the tentacle is increased. Due to lower pressure readings
after the restriction period, the DIL decreases the amplitude of the CPG, which
makes the tentacle return to its initial state. Restricting the tentacle once more
in the second, red highlighted area causes the DIL to increase the amplitude
once again.

The second experiment has been executed to better demonstrate the be-
haviour that occurs when the tentacle is blocked. For this experiment, the air
supply tube has been pinched right above the push fitting on the control board,
which generates a larger increase in pressure when the solenoid valve opens, caus-
ing a larger error in the adaptation mechanism, which in turn will cause a larger
adaptation response to the stimulus. Figure 7 depicts this experiment. Initially,
two periods of unhindered movements are performed, followed by the pinching of
the air supply tube (highlighted red area). Figure 7 shows, that when the pres-
sure supply is blocked by an external perturbation, the DIL tries to compensate
for this by increasing the amplitude of the CPG. Once the perturbation is no
longer present, the amplitude is slowly decreasing, due to the equivalently lower
pressure responses. When compared to the previous experiment, this experiment
shows a more definite adaptation due to the larger tracking error at the time of
the perturbation.

5 Discussion

The experiments show that an adaptive behaviour in the soft robotic tentacle
emerges, when pressure sensor feedback is applied. The most successful experi-
ment hereof is the experiment of clamping the pressure supply tubes, since this
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Fig. 6: Adaptation of α to restriction of the tentacle using the DIL. The red
highlighted area indicates where the tentacle is restricted, causing a slightly
larger pressure reading, which in turn causes the DIL to adjust the amplitude of
the CPG slightly. Slowly, the tentacle returns to its initial state. Restricting the
tentacle once more (second red, highlighted area) causes the amplitude to rise
once again.

action yields the largest error in the DIL mechanism. When the pressure in-
creases, so does the movement of the robot in an effort to compensate for the
error. In the experiment where the tentacle is held firmly, the pressure sensors
are able to detect a slight increase in pressure due to the lowered volume inside
the air chamber. This leads to an increased amplitude in the tentacle move-
ment, somewhat reminiscent of the escaping behaviour seen in fish; when a fish
is caught, it will try to wiggle to escape [16]. In that sense, when the tentacle
is ”caught”, it will try to expand itself to be released, which is an interest-
ing behaviour. With the proposed control, the movement of the tentacle thus
increases when it bumps into an obstacle. This is also reminiscent of the reflex-
ive behaviour seen in insects when they encounter obstacles during locomotion.
Brooks’ [16] reactive legged robots were inspired by this mechanism; when one
of the robot’s legs was blocked, it would try to swing the leg higher in order to
overcome the faced obstacle.



Adaptive Neural CPG-based Control for a Soft Robotic Tentacle 11

0 50 100 150 200 250 300
0

20
40
60

S
en

so
r

0 50 100 150 200 250 300
0

20
40

C
P

G

0 50 100 150 200 250 300

−20
0

20

E
rr

o
r

0 50 100 150 200 250 300

1.2

1.4α

Fig. 7: Adaptation of α to blocking the pressure supply using the DIL. At
timestep 80 (highlighted red), the pressure supply tube is pinched. The DIL
increases the amplitude of the CPG due to the sudden high error, after which
the amplitude is slowly decreased once the perturbation is removed in response
to the correspondingly lower pressure readings.

From the experiments performed it is clear, that the sensor responses are
not completely regular from one period to the next, even under the same ampli-
tude configuration. For example in Fig. 6 a coincidental low pressure reading at
timestep 180 causes the DIL to decrease the amplitude of the tentacle, which is
not intended and is only due to the irregularities of the pressure response. This
shows the need for a different or added sensorizing approach, such as embedding
the tentacle with liquid metal strain sensors as in [4]. It is also possible, that
obtaining a sensor model through the use of regression or an artificial neural
network could improve the performance of the current control architecture, with
the drawback of making the solution domain-specific.

While the control approach shown in this study is only able to generate oscil-
latory movements, it can be extended to include another post processing network
such as a radial basis function (RBF) network with reward-based (model free)
learning for more complex pattern generation. An integrated CPG-RBF network
framework with reward-based learning has recently been proposed by [19]. It is
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generic and can be applied to (soft) robot control. Thus, in the future we will
apply the framework to the soft robotic tentacle for more complex movements
towards the goal of real-world applications of human-soft robot interaction.

6 Conclusion

In this paper, a CPG implemented as an SO(2) oscillator has been applied on a
physical setup consisting of a control board with an onboard Arduino Mega 2560,
electrical pump and a soft robotic tentacle with three air chambers constructed
from silicone. An adaptation mechanism, the DIL, was implemented that adapts
the α-parameter of the SO(2) oscillator online based on an external reference
signal. Sensory feedback of the tentacle was obtained from pressure sensors.

Experiments with this control architecture were performed on the physical
setup, focusing on restriction of the movement of the tentacle as well as restric-
tion of the air supply to the tentacle. The tentacle does exhibit adaptive be-
haviour upon external perturbations such as clamping the pressure supply tubes
or restriction by holding the tentacle firmly. However, the experimental results
show, that the perturbations need to be quite large for the DIL to effectively
adapt α, due to the filtering of the measured pressure values.

Hence, further work includes the addition of a mapping function to the con-
trol architecture proposed in this paper. The mapping function would serve as
translation from pressure sensor values to CPG-signal, and could eliminate the
fluctuations of the error in the DIL mechanism, which will ultimately lead to a
steadier control and adaptation mechanism. Besides this, it would be interesting
to investigate the potential use of multiple (coupled) CPGs; one for each air
chamber. This allows for independent adaptation of movement along the three
actuation paths of the tentacle. In [18], coupled CPGs have been used for simula-
tion of a soft robotic tentacle, where several different movements of the tentacle
were achieved.

Additionally, embedding the tentacle with soft sensors such as liquid metal
strain sensors could endow the soft robotic tentacle with greater propriocep-
tive capabilities and allow for additional experiments on emergent behaviors in
confined environments. This in turn, could lead to both obstacle avoidance ca-
pabilities and an ability to reach a desired target position. Taken together, this
study not only proposes an integration of online adaptive control and sensor
feedback in a soft robot, but also paves the way forward for achieving motion
intelligence in soft robotics in general.
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