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Learning-based Position and Stiffness Feedforward Control of
Antagonistic Soft Pneumatic Actuators using Gaussian Processes

Tim-Lukas Habich, Sarah Kleinjohann and Moritz Schappler!

Abstract— Variable stiffness actuator (VSA) designs are man-
ifold. Conventional model-based control of these nonlinear
systems is associated with high effort and design-dependent
assumptions. In contrast, machine learning offers a promising
alternative as models are trained on real measured data and
nonlinearities are inherently taken into account. Qur work
presents a universal, learning-based approach for position and
stiffness control of soft actuators. After introducing a soft pneu-
matic VSA, the model is learned with input-output data. For
this purpose, a test bench was set up which enables automated
measurement of the variable joint stiffness. During control,
Gaussian processes are used to predict pressures for achieving
desired position and stiffness. The feedforward error is on
average 11.5% of the total pressure range and is compensated
by feedback control. Experiments with the soft actuator show
that the learning-based approach allows continuous adjustment
of position and stiffness without model knowledge.

I. INTRODUCTION

Intraluminal procedures within minimally invasive surgery
(MIS) offer a reduction of incisions resulting in less post-
operative pain and faster recovery of the patient. Thus, MIS
provides a sustainable improvement of medical procedures
by access via natural orifices. Two main requirements for
endoscopes exist: high maneuverability to locomote into the
target area and sufficient stiffness within the target area
for tissue manipulation. Conventional endoscopes cannot
achieve these goals. Rigid ones provide high stiffness but no
maneuverability and flexible endoscopes have low stiffness at
the actuated distal end due to the shaft’s passive structure. By
replacing this passive shaft with a fully actuated kinematic
chain, continuum robots [1] or hyper-redundant (discrete)
snake robots [2] can be built to meet both demands. Besides
endoscopy with very strict space requirements, small snake
robots are promising for several medical procedures — these
could e.g. act within computed tomography (CT) scanners
realizing robotic surgery under image guidance.

In all of the named applications, there is direct contact be-
tween robot and humans. Accordingly, there are high safety
requirements making soft robots ideally suited. However, the
compliant system used to manipulate tissue should provide
the operator with a stiff working platform. What seems to
be a contradiction at first glance is ubiquitous in nature:
Vertebrates like humans [3] but also invertebrates such as
the octopus [4] can change the stiffness of the limbs by
antagonistic arrangement of the muscles. Consequently, the
design of a soft snake robot with variable stiffness enables
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Fig. 1. Soft pneumatic actuator for snake-robot applications: (a) Both
continuous change of joint angle (upper two images) and increase of joint
stiffness at constant position by antagonistic coactivation (lower two images)
are possible. (b) The actuator is modular in terms of stackability. Three units
exemplarily form an articulated soft robot with variable compliance.

both safe human-robot interaction and a stable working
platform for manipulation when needed. Due to the sig-
nificant power density of pneumatic actuators, they have
a high miniaturization potential compared to miniaturized
electric motors. In addition, the use of soft pneumatic robots
in CT or magnetic resonance imaging (MRI) scanners is
uncritical. Our long-term goal is therefore to build a modular
snake robot consisting of pneumatic actuators with variable
stiffness. Model-based simultaneous position and stiffness
control of such rubber-like robots is challenging due to
complex geometries, strong material nonlinearities and air
compressibility [5]. Nonlinear deformations of viscoelastic
(time, temperature and frequency dependent) material are
difficult to describe with conventional models. This work
focuses on an alternative approach: position and stiffness
control using machine learning.

A. Related Work

Soft robots can be classified as soft continuum robots and
articulated soft robots (ASRs) [6]. The latter have compliant
joints within a vertebrate-like structure consisting of rigid
links as the one shown in Fig. 1(b) and are the focus of our
work. The advantages of ASRs are the simple mounting of
rotational encoders and kinematics modeling using classical
methods for rigid robots. The introduction of controlled
compliance is possible using VSAs [7] which are a subset
of variable impedance actuators [8].

Several model-based methods to control robots with elas-
tic joints exist: feedback linearization [9], LQR-based gain
scheduling [10], finite element method [11], adaptive control
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[12], [13] using Chou-Hannaford model of pneumatic arti-
ficial muscles [14] and simultaneous position and stiffness
control using sliding mode control or model predictive con-
trol [15]. As mentioned above, deriving analytical models
required in all publications is challenging for soft pneumatic
actuators and only possible with several design-dependent as-
sumptions. Various designs of pneumatic VSAs can be found,
e.g. an antagonistic pneumatic artificial muscle with internal
and external chambers [16], an antagonistic soft pneumatic
actuator with casted bellows and wrapped fibers [17] or a
variable stiffness soft module with four degrees of freedom
(DoF) consisting of tendons, two molded air chambers and
wrapped fibers [18]. This variety of VSA designs, which
are difficult to model analytically, leads us to the main
question of this paper: Is it possible to control position and
stiffness using a design-independent approach without model
knowledge which is applicable to several VSAs?

Controlling robots without the need to model the system is
possible using data-driven approaches. Within soft robotics,
this field is still in its infancy [19]. There are only a few pub-
lications dealing with learning-based position and stiffness
control of VSAs. Ansari et al. [20] use cooperative multi-
agent reinforcement learning in order to optimize stiffness
and position simultaneously. This requires a high number
of samples with optimal and suboptimal state-action pairs
which is difficult to generate on the test bench. Data-driven
position and stiffness control was successfully realized for a
single actuator by using long short-term memory units [21].
However, special (twisted-coiled polymer) actuators were
considered. Their stiffness is closely related to the tempera-
ture. Thus, position and temperature were controlled which
are both measurable quantities during feedback control. For
arbitrary actuators, a model is required that describes the
current stiffness as a function of the control variables (e.g.
pressures or tendon forces).

Within [22], [23], iterative learning control (ILC) is ap-
plied to realize model-free position and stiffness control of
ASRs. However, the physical characteristics of the elastic
robot joints are required and are taken from a data sheet [24]
which consists of theoretical mathematical models calibrated
with field data. In [25], a neural network is used to implement
feedforward control of motor positions given desired position
and stiffness references. However, the stiffness model is also
taken from a data sheet of the VSA. Hofer and D’ Andrea [26]
use ILC to compensate for repetitive disturbances such as
the interaction between two angles of a universal joint
and other unmodeled effects like hysteresis behavior of the
material and joint friction. However, only three discrete joint
stiffnesses are used (soft, medium, stiff). They conclude
that it should be investigated how the joint stiffness can be
continuously controlled. This is the core of our work.

B. Contributions

Della Santina et al. [27] show that high-gain feedback
control causes soft actuators to lose their compliance during
external contact. Relatively small feedback gains are required
to preserve the desired compliance. In order to still achieve

good tracking performance, an accurate model is required
for feedforward control of necessary actuator inputs. An
approach widely used in rigid robot control has so far
found limited application in stiffness control of soft robots:
model learning [28]. Due to training with measured data,
the learned models inherently include unknown nonlinear-
ities that are difficult to describe using classical modeling
approaches. Since the approach should be universal for arbi-
trary VSAs, non-parametric regression approaches are ideally
suited. We use Gaussian processes (GPs) [29] which have the
additional advantage of determining prediction uncertainties.
Our contributions are therefore:

1) Presenting a 3D-printed, modular soft pneumatic actua-
tor with variable stiffness for snake-robot applications,

2) building a test bench and automated recording of a vast
amount of VSA input-output data in order to

3) train Gaussian processes to predict necessary pressures
given desired joint angle and stiffness to

4) realize simultaneous, learning-based position and stiff-
ness control of soft actuators.

This is the first time that Gaussian processes have been
used for stiffness control of soft actuators. Further, the
learning-based approach is universally applicable to arbitrary
VSAs without model knowledge. The paper is structured as
follows: Section II describes our soft pneumatic actuator.
Based on this, learning-based control using Gaussian process
regression is presented (Sec. III), followed by experiments
(Sec. IV) and conclusions (Sec. V).

II. MODULAR SOFT PNEUMATIC ACTUATOR WITH
VARIABLE STIFENESS

The soft pneumatic actuator used in this work is modular
and can be stacked together to form a spatial snake robot. For
this purpose, the actuators are mounted by successive rotation
of 90° which is exemplarily illustrated in Fig. 1(b) for a
robot consisting of three actuators. This section describes the
actuation principle (II-A), the manufacturing process and the
assembly of the single actuator (II-B).

A. Actuation Principle

The VSA is built from two soft air bellows acting antag-
onistically on a single joint. Thus, the variable joint angle
q(p1,p2) depends on the bellows pressures of agonist p;
and antagonist po. This redundancy causes various pressure
combinations to lead to the same joint angle and allows to
additionally adjust the joint stiffness s(p1,p2). In general,
stiffness can be varied by changing the spring preload or
the transmission ratio between the output and the spring as
well as by influencing the physical spring properties [7]. For
our design, the stiffness variation is reached by changing the
preload of the nonlinear springs (soft bellows).

The main principle is presented in Fig. 1(a). Whereas net
joint stiffness is determined by the sum of the activities of ag-
onist and antagonist muscle groups (antagonist coactivation),
the net torque results predominantly from the difference of
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both activities [3]. Therefore, changing the difference of
bellows pressures

Ap =p1 —p2 (1)

enables the variation of the joint angle. In contrast, a higher
pressure level
__ p1t+p2
P="
at constant pressure difference realizes a stiffening at con-
stant joint angle. Stiffening is also theoretically possible
when the joint angle limits are reached. At these operating
points, the joint stiffness is highly asymmetric. Stiffness
control near the joint limits is outside the scope of this paper.

2

B. Manufacturing and Assembly

One modular actuator unit, shown in Fig. 2(b), comprises
a rigid frame, a Hall sensor for absolute angle detection and
two soft air bellows. The frame is split into an upper and
a lower part, each of them with a hole in the center to
create a passage for the air supply tubes inside the robot.
Printed connections are used to attach the tubes to the upper
frame by means of a press fit. The bellows are supplied with
compressed air via a printed channel within the frame.

Each bellows consists of two rigid platforms with the soft
membrane in between them which is illustrated in Fig. 2(a).
These platforms allow the bellows to be mounted with screws
onto the rigid frame and enable the replacement of bellows
in case of material failure during use. This can happen due
to fatigue of the soft material caused by the permanent
stretching and compressing of the membrane. To reach
optimal compromise between flexibility and persistence, the
membrane has a thickness of 1.75mm and a height of
23 mm. At g=0°, the distance between upper and lower half
of the frame is 3 mm less than the bellows height. Conse-
quently, the bellows are mounted in compressed states. This
is advantageous as material stresses in the soft membrane
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Fig. 2. Soft actuator components: (a) The printed bellows consists of a
soft membrane, a rigid platform for mounting and a sealing made of soft
material. (b) Each actuator consists of two antagonistically acting bellows
which are mounted on the upper and lower half of the frame with screws.
The joint angle is measured with a Hall sensor. The printed tube connections
are located inside the actuator.

are reduced under elongation during movement and material
failure occurs significantly later. A leak-tight connection after
fastening the bellows to the upper frame is ensured by a soft
sealing lip which surrounds the hole for air supply.

To realize a snake robot with hollow shaft, the joint shaft
is split. The lower frame includes the split shaft, while the
upper part contains the bearings. Both parts are assembled
by sliding the bearings over the shaft. In order to measure the
joint angle, a magnet is placed on a small shaft extension on
the side of the actuator. Afterwards, the corresponding hall
sensor is screwed to the upper frame and simultaneously
secures the frame from sliding apart.

Frame and bellows are 3D-printed with Polyjet tech-
nology', whereby printing soft and rigid material during
one printing process is possible. As materials, the rigid
VeroBlackPlus and the flexible Agilus30 are used. Hollow
and protruding structures such as the tube connections or
the bellows can be printed precisely since cavities are filled
with support material that can be removed after printing.
The removal happens manually with dentist tools, but smaller
residuals of support material can be loosened in an ultrasound
bath and rinsed with water afterwards.

III. SIMULTANEOUS POSITION AND STIFFNESS CONTROL
USING GAUSSIAN PROCESSES

After presenting the pneumatic VSA, the learning-based
control is introduced in the following (III-B). Basics of
Gaussian process regression are first described (III-A).

A. Preliminaries on Gaussian Process Regression

A Gaussian process
f(x) ~ GP(m(z), k(z,z")) 3)

is a set of random variables f;=f(x;) for which each finite
subset follows a Gaussian distribution [29]. It is defined by
the mean m(x) and covariance function k(z, z’). These can
be chosen to incorporate prior knowledge of the system.
We assume zero-mean (m(x)=0) since the outputs can be
normalized to zero-mean. In terms of covariance, the widely
used squared exponential (SE) kernel

K, ') = o exp (~ gl — @'|) )
with length-scale [ and signal variance O'J2:. Further,
X=(z1,...,x,)" describes the inputs and y=(y1,...,yn)"
the related noisy observations. The noise in the system
€i~N (0, 02) is assumed to be Gaussian with zero-mean and
noise variance 0121. Therefore, the relation

yi = fi+ € (5)

applies to a data point ¢. The random variable f; describes
the model to be learned which — with the additive noise
component — is equal to the noisy observation y;.

For a known training set D={X,y} with n data points,
there is a regression problem with the aim to predict f, at

I'Stratasys Objet350 Connex3
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a query point x,. Incorporating this knowledge D about the
searched model is done by conditioning the joint Gaussian
prior distribution on the observations. This results in the
predictive distribution of Gaussian process regression [29]

Fl Xy, @ ~ N (s, 04) (6)
consisting of predicted mean
pe =kla with a=(K+02I)"ly (7)
and corresponding uncertainty
o = ki — k! (K +02I)7 'k, (8)

using compact kernel notation: K=K (X,X)eR"*",
k.=k(X,z.)eR™!, k,=k(zx.,z,)ER. Learning is carried
out by adjusting the hyperparameters {07,070} to the
dataset. This is done by maximizing the marginal likelihood
p(y). The library GPy [30] is used for training.

B. Learning-based Control

Within the position and stiffness control of the antagonistic
actuator from Sec. II, the controlled variables are the joint
angle ¢ and the joint stiffness s. At steady-state, these are
independently adjustable by means of the bellows pressures
p=(p1,p2)T. In order to design a suitable feedforward
control of desired pressures py=(p1.d,p2.a)T, the relation

fl(qa S)
= s = 9
p=7Fas) ( fu(g, s) ©
must be known. Each bellows pressure requires a model
fi(gq, s) and fi1(q, s), respectively. This relation is learned by
means of GP regression with inputs £=(q,s)T and output

y1=p1 or yi=ps2. Accordingly, a total of two Gaussian
processes are trained. The feedforward pressures

A mrr ) [ kla
Prr = < P2,FF ) —He T ( ki ay >
are obtained by (7) at a query point x.=(qq,54)" given
desired position gq and joint stiffness sq. During control,
the Woodbury vectors o, o remain constant. In each cycle,
only the covariance vector k. has to be recalculated.

To compensate for model errors, an additional feedback
loop is closed. The main problem here is that joint stiffness
cannot be measured during operation. This is due to the fact
that joint stiffness, or impedance in general, is a differential
operator relating the time course of measurable quantities
(torque and angle) [31]. A feedback of the variable stiffness
is therefore only possible with observer approaches, which
are out of the paper’s scope. Our work is only intended
to answer the question whether it is possible to build up
a stiffness control with a black-box approach. We therefore
assume that the learned model for feedforward control is
sufficiently accurate and only feed back the joint angle. This
assumption is discussed further in Sec. V.

A proportional-integral (PI) controller with low gains
Kp, K7 is used within the feedback loop in order to mini-
mally influence the desired compliance in case of contact.

(10)
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Fig. 3. Block diagram of the proposed learning-based position and stiffness
control of the soft actuator: The feedforward pressures ppp result from the
Gaussian processes (9) and are added to the target pressure difference from
the feedback loop Appp by means of (11).

As already mentioned, the difference of agonistic and an-
tagonistic muscle group Ap influences the joint angle g.
Accordingly, the controller output Appg=p; rp—p2,FB is
calculated using position error.

The block diagram of the proposed control system is
illustrated in Fig. 3. Merging of the feedforward pressures
with the feedback term is done by means of

Aprp

Pa = 9(Prr, AprB) :PFF+T(1,—1)T~ (11)

Accordingly, the pressure difference from the feedback loop
for fine position adjustment is equally divided between the
two bellows. The desired pressures p, are passed to the
valve-internal pressure controllers as targets and current
pressures p finally act on the controlled system (VSA).
One final remark has to be made: Due to the use of the
Euclidean distance within the SE kernel, inputs are scaled to
zero mean and unit variance before GP training. The same is
performed for the outputs due to our assumption (m(x)=0)
in III-A. Note that during operation, the inputs (gq, sq) must
be scaled as well and the predicted outputs must be rescaled
to obtain feedforward pressures ppp. This standardization is
performed within the “GP prediction” block in Fig. 3.

IV. EXPERIMENTS

The proposed learning-based position and stiffness control
is validated using the 3D-printed VSA. For this purpose,
the test bench is first introduced (IV-A) and the automated
recording of the training data is presented (IV-B). Prediction
accuracy is examined using cross-validation (IV-C). Finally,
an experiment with the actuator shows that the suggested
approach allows simultaneous adjustment of position and
stiffness without model knowledge (IV-D).

A. Test Bench

Figure 4 illustrates the test bench built to record input-
output data. The setup consists of the following components.

1) Pneumatics: After the supply unit consisting of pres-
sure supply, shut-off valve and filter regulator, a proportional
valve is installed for each bellows. A 3-way piezo valve’
with integrated pressure control is used. The valve’s sensor
measures the pressure p, at the working port (2) and the
valve’s controller adjusts it to the set point p 4.

2Festo VEAA-B-3-D2-F-V1-1R1, resolution: 5 mbar
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Fig. 4.  Test-bench architecture for measuring variable joint stiffness:
Orange color represents communication elements such as sensor cables and
blue color represents pneumatic components. The soft actuator with encoder
is connected to the torque sensor and the motor via rigid connections.
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2) VSA: The actuator is equipped with a Hall-effect
absolute encoder>. To measure the variable stiffness, a torque
sensor* with motor’ is connected via rigid connections.

3) Communication: Test-bench communication is done
via EtherCAT protocol and the corresponding open-source
tool EtherLab® which was modified with an external-mode
patch and a shared-memory real-time interface’. Accord-
ingly, the robot operating system (ROS) package of the
torque sensor® can be integrated into the real-time com-
munication to read the torque value 7 at 500 Hz (not hard
real-time capable). The control design is performed on the
development computer (DEV-PC) using Matlab/Simulink.
The compiled model is then run on the real-time computer
(RT-PC). Sensor values (pressures p, joint angle g, motor
position gn,) and commands (desired pressures py, desired
motor position gy, q) are read in or set via the EtherCAT
real-time bus with input and output terminals’, respectively.
The setup allows real-time data acquisition and control with
a cycle time of 1 ms except the reading of the torque values.

B. Automated Recording of Training Data

Joint stiffness can be varied by bellows pressures and is
measured for an arbitrary number of pressure combinations
to generate a dataset. For each data point ¢ consisting of
inputs z;=(q;, s;)T and outputs y; ;=p1; or yi;=p2., the
following steps must be performed:

1) pass desired pressures p, ; to pressure controllers

2) wait 5s allowing actuator to reach steady-state angle

qi(p1,i, p2,i) without external forces from the motor

3Megatron MAB12AH, resolution: 0.35°

4Weiss Robotics KMS40, resolution: 0.001 Nm

SBeckhoff AM8131, resolver resolution: 0.03°
Shttps://www.etherlab.org/
"https://github.com/SchapplM/etherlab-examples
8https://github.com/ipa320/weiss_kms40

9Beckhoff EL3702, EL4102, EL7211-0010
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Fig. 5. Automated measurement of joint stiffness at arbitrary steady-state

angle g;: (a) A trajectory is driven between —1°<Gm=qm—q;<1°. (b)-
(c) During the two zero crossings in (a), the torques are recorded using
torque sensor and two stiffness curves result. To obtain the stiffness measure
s; for data point ¢, the average of the two slopes is calculated.

3) set new origin ¢, =qy,—q;=0° at steady-state
4) drive motor trajectory between —1°<§,,<1° and ac-
quire torques 7 with torque sensor

Note that within step 2), the motor still rotates by the same
angle as the soft actuator due to the rigid connection between
motor and soft actuator. In contrast, the motor forces the
actuator to follow the same trajectory during step 4).

The desired and measured trajectory of the motor is shown
in Fig. 5(a) during an exemplary acquisition of a data
point. The default position control of the motor is used. A
considerable deviation between the target and the measured
motor trajectory can be seen. However, this is unproblematic
since measured motor angles are used together with the
current torques for the determination of stiffness. This is
done after the experiments. Thereby, a linear regression of
torque 7 and angle ¢, is performed twice at each data point:
once at the zero crossing from G, <0° to ¢, >0°, illustrated
in Fig. 5(b), and a second time at the zero crossing in the
opposite direction which is shown in Fig. 5(c). The mean of
both slopes is taken as measurement for the stiffness s;.

The total dataset consists of n=518 data points with pres-
sures in the range of 0 bar<p,<0.4 bar relative to ambient
pressure and is illustrated in Fig. 6. Pressure combinations
are evenly distributed according to a full-factorial plan. Data
recording took about five hours, whereby five bellows needed
to be exchanged due to material failure. Comparable room
temperatures were present during all experiments.

C. Cross-Validation

To evaluate the performance of the trained predictor,
(ng=10)-fold cross-validation (CV) is performed. To obtain
representative results, this is repeated ncy=20 times, each
run randomizing the division of the data into each fold. In
all ngy runs, the mean absolute error (MAE)

1 Ntest . .
€=3 Z 191 — yrgl + [0y —ymy| - (12)
TNtest j=1

is calculated for all ns combinations of training and test
dataset. Here ¥, yy; are the predicted pressures and y;, yy;
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Fig. 6. Training data consisting of n=>518 data points: (a)—(b) Joint

angle plotted against the two bellows pressures and the pressure difference,
respectively. (c)—(d) Joint stiffness plotted against the two bellows pressures
and the mean pressure, respectively.
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Fig. 7. CV results: Fold partitioning for each run is randomized and the
MAE is calculated for ny combinations of training and test data.

are the ground-truth of the pressures in the two bellows
given desired joint angle and stiffness for n¢esy data points.
Results of the cross-validation are shown in Fig. 7. The mean
absolute error is on average 0.046 bar which corresponds
to 11.5% of the total pressure range (0—0.4bar). This
inaccuracy must be compensated by feedback control.

D. Simultaneous Position and Stiffness Tracking

The proposed learning-based position and stiffness control
from Fig. 3 was validated'® on the test bench from Fig. 4.
Seven different target joint angles ¢4 were commanded with
a low joint stiffness and a high joint stiffness specified
successively in each case. As mentioned above, the feedback
loop affects the joint stiffness. High gains lead to a good
position tracking but at the same time to an increase of the
stiffness which is not desired. On the other hand, very low
gains result in a low error compensation of the learned GPs
and thus worse position tracking but also a low influence
on the stiffness. The gains Kp:0.025§Tf“g and K7=0.05 S?;ég
were iteratively tuned to resolve this trade-off.

Position tracking results are shown in Fig. 8(a). In each
target configuration (g4, Sq), the stiffness is measured using
the approach from Fig. 5 indicated by the gray areas. Since
the motor changes the joint angle of the actuator, deviation

107]lustration of the procedure: https://youtu.be/T9HzfOonz8U
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Fig. 8. Results of simultaneous position and stiffness control: (a) Desired

and measured joint angle. (b) Desired joint angle and feedforward pressure
difference Appp=p1,rr—p2,FF resulting from GPs. (c) Desired joint
stiffness and mean of the feedforward pressures prr=(p1,FF+p2,FF)/2
resulting from GPs. (d) Comparison between desired and measured joint
stiffness. Seven different desired joint angles with two different target
stiffnesses were successively commanded. Gray areas indicate stiffness
measurement with external disturbance (motor).

from the desired target angle occurs in these areas. To
evaluate the position tracking, the areas without stiffness
measurement should be considered. High accuracy (MAE
of 0.34° at encoder resolution of 0.35°) can be seen for
all target angles. In Fig. 8(b)—(c), the predictions of the
GPs are visualized. Accordingly, the pressure difference is
adjusted to change the joint angle, whereas the average
pressure is increased to achieve higher stiffness. The tracking
of the stiffness is illustrated in Fig. 8(d). For each target
angle, a low stiffness was first specified and then doubled.
Solely for gg= — 2° the measured joint stiffnesses s are
significantly larger than the commanded stiffnesses sq. This
can be explained by the stiffening of the system due to the
feedback loop. The relatively high loading p; applied to
the first bellows during the previous configuration (gq=>5°)
may also be a reason why the viscoelastic material has not
recovered to its initial state. However, in all cases, the desired
increase in joint stiffness is realized by the learning-based
approach. Moreover, in ten out of 14 configurations, the
desired stiffness is set with high accuracy.

V. CONCLUSIONS

This work presents a universal approach to learning-based
position and stiffness control of VSAs. For this purpose,
the fabrication and assembly of a modular soft pneumatic
actuator is first presented. Using Gaussian processes, a model
of the actuator is trained which has an error of 11.5% of the
total pressure range and is used for feedforward control. The
presented data-driven control allows continuous specification
of joint angle and joint stiffness and is applicable to arbitrary
actuator designs with variable joint stiffness. Future work
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arises from this work. Soft actuators suffer from material
fatigue and thus show a change in mechanical behavior with
increasing number of cycles [32]. The use of an online learn-

ing

approach would counter this by continuously updating

the learned actuator model. However, this requires an online
measurement of the joint stiffness which has to be done
during operation without motor and torque sensor. For this
purpose, recent studies in the field of stiffness observers [33],
[34] are a promising approach. Feedback of the joint stiffness
would also be possible with such an observer. Further,
extending the method to multi-DoF systems is required for
data-driven control of soft robots with variable stiffness.
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