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Abstract
Soft actuators, in contrast to traditional actuators, are made from soft and compliant materials. A
category of soft materials are electro-active, showing a response to an applied electric field. Electrostrictive materials, a type of electro-active material, have a quadratic response between the applied electric field and the strain they produce. This project attempts to model an electro-active
soft actuator, composed of an active layer of electrospun aligned nanofibers made from the P(VDFTrFE-CTFE) electrostrictive polymer integrated in a PDMS silicone matrix. The actuator features
a passive, Kapton® layer and electrodes made from a conductive carbon powder silicone mixture.
The soft actuator shows complex dynamic responses to electric field stimuli and natural individual
differences between samples. These complications motivate a novel dynamical modeling attempt,
employing an Echo State Network. The trained model, tested on new data, displays a normalized
root mean square error (non-normalized in parenthesis) of 0.433 (0.106 mm) and 0.280 (0.019 mN)
towards modeling tip deflection and blocking force exertion respectively. To show applicability and
transferability of the model, the blocking force network is tested in a more functional context: A
two actuator gripper. Despite noisy task and observational settings, the modeling and the gripper
experiment suggest Echo State Networks work very well with electrostrictive soft actuators.

1

Introduction

Soft robotics is a relatively new and emerging field, deploying compliant (elastic) appliances to
robotic settings. Robotics deals with the interaction and manipulation of an environment by a
robot or actuator and soft robotics builds on this with a more biologically inspired manipulation.
This perspective can provide significant advantages over traditional methods (Manti, Cacucciolo, &
Cianchetti, 2016): Compliant robots may have a higher adaptability to a changing environment and
are naturally safer for human-machine interactions. In addition, compliant mechanisms employed
in robotic systems are able to act more like biological organisms, as organic mechanisms tend to be
soft by default. This might even increase the potential intelligence of a system. This proposed effect
is called embodied intelligence, and states that as environmental interactions become less rigid and
restricted, more intelligence can be displayed by the system (Cangelosi, Bongard, Fischer, & Nolfi,
2015).
A major area of soft robotics is dedicated to the development and testing of soft actuators as
the central robotic component enabling movement and interaction (El-Atab et al., 2020). The field
features a wide range of fabrication designs and material variations, as compliance can be achieved
with a diverse range of approaches. While approaches may vary widely, they are always reliant on
a stimulus to produce a response (e.g. air pressure, temperature, magnetic fields, or pH value). Soft
actuators are multi-domain dynamic systems, meaning they display electrical, mechanical, chemical
and thermal interaction effects which are difficult to combine, or approximate. Electric-responsive
soft actuators are a major category within soft actuators. This project focuses on a dielectric elastomer based system which exerts a strain when applying an electric field, hence displays behaviour
as a reaction to the application of an electric field. The actuator in question is fabricated from electrostrictive materials, that show a quadratic relation between the strength of the electric field applied
on them and their strain response.
As observable in other approaches (Gu, Gupta, Zhu, Zhu, & Zhu, 2017; Moss, Krieg, & Mohseni,
2021; Zhou et al., 2019) using dielectric soft actuators, to model and control an actuator’s behaviour
is an ongoing challenge. The soft materials used do not exhibit the same rigid and fixed degree
of freedom structure as regular, stiff robotic actuators, but are visco-elastic. Often, soft actuators
may also display time-dependent differences in behaviour. Soft actuators, similar to the one in this
project, which use the mechanical strain induced by an external electric field, have often been modeled with finite element analysis (Chee, Mah, & Ali, 2016; Kuhring, Uhlenbusch, Hoffstadt, & Maas,
2015; McGough, Ahmed, Frecker, & Ounaies, 2014) or with analytical models (Zhou et al., 2019;
Youn et al., 2020; Zhao et al., 2018). The inherent non-linearity and time-dependent differences in
behaviour may explain why such modeling can be inherently demanding when using an analytical
model. As such, data driven black box models may be a more flexible choice compared to analytical
modeling. Due to a data-based approach drawing from underlying observations, it is possible to take
material- and fabrication-related differences into account and even discern between actuators, which
would not be possible with an analytical model. While analytical models require both insight into
underlying effects and experimental data to validate the results, data driven methods can be used
with sufficient experimental data. Data driven methods can also be more efficient in deployment
after initial training, as only the mathematical function of the observed behaviour is approximated.

In analytical models, mechanics and behaviour are simulated based on their properties and relationships of properties, which is inherently more demanding. Data driven methods have been frequently
used to try approximate actuator responses given prior observations of said responses (a selection of
these are given in Table 1, where used actuator types, model architectures, sensors and data types
are listed).
Actuators might also feature natural variability in their behaviour across different samples of
the same actuator design model. This can depend largely on the fabrication method and/or material
types employed in the construction of said actuators. Further, as the physical properties of actuators
tend to often still be under development, they will show variability between different versions of the
actuator. These differences prove to be natural challenges in terms of accurately modeling behaviour
for analytical models. However, differences in behaviour can be captured in observational data and
thus modeled in data driven methods. Data driven methods require a lot of diverse observations to
arrive at a satisfactory estimation of an actuators behaviour. On the other side, analytical models also
require observational data to compare their results to. Further, actuator samples need to be tested in
terms of their respective performance anyways, providing opportunity for data gathering.
Table 1 shows an attempted taxonomy of current projects related to soft actuators and soft actuator modeling. From this table, it is clear that the majority of approaches are concerned with exact
positional control/path tracking of their given actuators. Further, a majority of actuators currently
employed in the field are pneumatic. This may be because pneumatic actuators require less sophisticated construction methodology. This enables the design of relatively more complex systems
with overall higher blocking force exertion or actual 3D navigation. These factors may make development of modeling and control mechanisms related to such actuators more practical. Similarly,
pneumatic and cable-based actuators feature actual path tracking, while dielectric polymer based
research focuses more on one dimensional positional estimation. That being the case, dielectric
polymer actuators are exclusively using recurrent neural networks for their analysis, perhaps related
to the prominent need to model dynamical data.
While it is possible to compare attributes of soft actuators, i.e. being multi-domain dynamic
systems, many soft actuation approaches in the literature are inherently different from each other and
are not easily generalizable. This is usually because they operate via exploiting different physical
phenomena. For instance, the behavior of moving segments in an air inflated, segmented arm (Jiang
et al., 2017) differ from that of a polymer based actuator (Shintake, Schubert, Rosset, Shea, &
Floreano, 2015) which in turn differs from that of a cable driven approach (Giorelli et al., 2013).
Moreover, there are even fibrous actuators, aimed to behave like artificial muscles (Gotti, Sensini,
Zucchelli, Carloni, & Focarete, 2020). Actuators can also be of different sizes, feature different
amount of joints and generally be designed to fit into different roles or be more adept at specific
purposes. These differences cause different actuators to feature high variation in method and domain
of application, leading to diverse approaches and projects within the field.
Application of data driven models in terms of modeling the behaviour of a soft actuator with a
neural network is often only oriented towards achieving applicable performance within a setting at
hand. Few efforts are made to facilitate comparison of data driven analysis across research projects.
This does require some additional considerations to guarantee comparability between approaches
across actuators. Comparable error terms would be necessary, as well as a more unified/standardized

Table 1: Data driven architectural choices in different soft robotic actuators. Explanation for Architecture terms: Feed
Forward Neural Network (FNN), Regression (Reg), Recurrent neural network (RNN). Disp. refers to measures of
actuator tip displacement.

Architecture Authors

Year

FNN

Giorelli,
Renda,
Ferri, and Laschi
Giorelli et al.
Jiang et al.

(2013) Cable

(2015) Cable
Disp.
(2017) Pneumatic Disp.

Camera
Camera

Elgeneidy, Lohse,
and Jackson
Braganza, Dawson,
Walker, and Nath
Melingui, Lakhal,
Daachi, Mbede, and
Merzouki
Reinhart, Shareef,
and Steil
Thuruthel, Falotico,
Renda, and Laschi
Truong and Ahn

(2018) Pneumatic Disp.

Camera

(2007) Pneumatic Disp.

(2015) Dielectric Disp.

Laser

D’Anniballe, Paoletta, and Carloni
Thuruthel,
Shih,
Laschi, and Tolley
Jiang, Li, and Wang

(2021) Dielectric Disp.,
Force
(2019) Pneumatic Disp.,
Force
(2022) Dielectric Disp

Xiao, Wu, Ye, and
Wang

(2020) Dielectric Disp

Camera,
Load Cell
Camera,
Load Cell
LVDT
Sensor
Laser

FNN
FNN
FNN,
Reg
FNN
FNN,
RNN
Reg,
FNN
RNN
RNN
RNN
RNN
RNN
RNN

Actuator

Datatype Sensors

Control target

Disp.

Camera

position
control
path tracking
pose and path
tracking
bending angle
prediction
path tracking

(2015) Pneumatic Disp.

Camera

path tracking

(2017) Pneumatic Disp.

Camera

(2017) Cable

Simulation

position and
path tracking
path and force
tracking
position
control
position
control
path tracking

Disp.

Simulation

position
control
position
control

task, observation setting, and data preprocessing methodology.
Given the current state of the field, one can argue that even though many papers already use
data driven techniques for modeling, there is still a need for more unifying investigations. The
formalization of processes and aims of designing a data driven model for a soft actuator may also
enable clearer comparisons in modeling across actuators.
While there are many articles examining actuators in conjunction with data driven methods, not
many of the actuators are comparable to the performance or behavior of the P(VDF-TrFE-CTFE)composite actuator examined here. The aim of this project is to show the value in using a data
driven approach of an Echo State Network with this specific actuator. By providing a step by step
description of this process, this project also aims to provide a basis for a standardized methodology
that could be used by future projects modeling soft actuators.
In order to provide practical evidence for the viability and flexibility of data driven models,
the behavioral observations and model insights are applied in a functional context. To do this, a
simple two actuator gripper is designed, capable of lifting a small polystyrene cube. The Echo State
Network is then used to approximate the electric field needed to successfully grasp the object. This
demonstrates the transferability and ease of adopting this type of modeling in practice.
Specifically, this project is answering the question whether modeling behaviour of a P(VDFTrFE-CTFE)-composite actuator is possible with an Echo State Network. This includes all necessary
considerations and steps, starting with a physical actuator, gathering behavioural data, and ultimately
arriving at a simple application of the same model in form of a gripper made from the same actuators.
The network is being used to dynamically model tip deflection and blocking force exertion of the
actuators from the same step in time, based on the applied electric field strength. Similarly, the
gripper control is established by estimating the required input electric field strengths using a model
trained on previously observed blocking force data. The performance of the model on tip deflection
and blocking force fitted to novel observations, is assessed based on a comparison to a baseline linear
regression. Additionally, the modeling of gripper input voltages is assessed based on differences to
observed input voltages during a successful lift of a cube.
Parts of this project, namely the methods and result sections related to blocking force and tip
displacement, are being simultaneously published as contribution to the 2022 IEEE/ASME International Conference on Advanced Intelligent Mechatronics (AIM) (D’Anniballe, Erdmann, Selleri, &
Carloni, 2022). Sections explaining mechanical properties and fabrication of the soft actuator are
directly derived from Riccardo d’Anniballe’s work.

2
2.1

Theory
Soft Actuators

The content of this project aims to further the development of a soft actuator (D’Anniballe, Zucchelli, & Carloni, 2021, 2022; Burawudi, D’Anniballe, Langius, & Carloni, 2021; Carloni, Lapp,
Cremonese, Belcari, & Zucchelli, 2018) acting as cantilever beam. This actuator consists of a mat of
aligned nanofibers made from P(VDF-TrFE-CTFE), integrated in a polydimethylsiloxane (PDMS)

matrix. The nanofibers produce an electric field induced strain, resulting in a deformation of the material. The actual actuator consists of a combination of an active layer (integrated nanofibers), inter-

(a)

(b)

(c)

Figure 1: a) Actuator sample as seen from above. b) Same actuator sample as seen in a), fastened in an experimental
setup. c) Actuator sample, now being exposed to an electric field, causing it to display a deflection at its tip.

leaved between two electrodes of PDMS and carbon powder, and a passive layer (adhesive/Kapton®
tape) (Carloni et al., 2018). Contrary to previous work, the nanofibers used here are immersed in
PDMS silicone to obtain stable electric properties while maintaining the actuator elasticity (L. Liu et
al., 2020). With the actuators dimensions of 70x20x0.06 mm, one can imagine the material as looking and behaving similar to a piece of tape. For an impression of a single soft actuator, see Figure 1.
A cross section representation of a soft actuator can be found in Figure 2a. When exposed to an external electric field, the P(VDF-TrFE-CTFE) fibers produce a strain along their longitudinal axes due
to the synergistic effects of Maxwell stress and electrostriction. Maxwell stress represents the electrodes in the material attracting each other which causes a compression in the thickness direction and
an expansion in the longitudinal direction. Electrostriction is an electric field-induced conformation
change of the polymeric chains as a result of a realignment of dipoles within the nanofibers. This
produces a large strain in the thickness direction. During the nanofiber mat’s response to an electric
field, the Kapton® tape (the passive layer) causes the material to bend in a specific direction. This
is due to the passive layer causing a directed imbalance in the stiffness of the actuator. This effect
can also be seen in Figure 1: The actuator bends always to the side which is lacking a passive layer,
which is ”up” in the picture. More formally, the total strain S induced in the P(VDF-TrFE-CTFE)
nanofibers as response to an applied electric field E can be described as follows:
1 ε0 εr E 2
+ QP02
S = SMaxwell + Selectrostriction = −
2 Y

(1)

where Y is the P(VDF-TrFE-CTFE) Young’s modulus, representing its resistance to deformation
under load. εr is the polymer dielectric constant, which is the electric permittivity of the polymer.

In other words, εr is the ratio of charge stored in an insulating material between two electrodes in
relation to amount of charge stored when the insulator is a vacuum. ε0 is the vacuum permittivity, so
the amount of charge stored with a vacuum as insulator. Q is the electrostrictive coefficient, denoting
the strength of the electrostrictive effect. Lastly, P0 is the phase transformation-induced polarization
of the material, i.e.:
P = Dε0 E
(2)
In which D represents the electric displacement field, describing the displacement effects of an
electric field on the charges within a dielectric material.

(a) Cross section of Actuator Layers. The red (b) SEM picture of the electronanofiber mat is immersed in green PDMS.
spun P(VDF-TrFE-CTFE) aligned
nanofibers.
Figure 2: A representation of actuator layers and an SEM picture of the P(VDF-TrFE-CTFE) nanofibers.

Fabricating a single actuator is a multi-stage process, involving the electrospinning of the nanofiber
mat, immersion of the mat in PDMS, adhering the PDMS/ carbon powder electrodes and lastly attaching the Kapton® tape. The electrospinning of the nanofiber mats and the subsequent fabrication
of the actuator samples are performed by members of the University of Groningen, Robotics Lab
(https://www.roboticsresearchlab.nl/) in the framework of the MAGNIFY Project (https://
www.magnifyproject.eu/).
All of these steps are dependent on thorough and practiced handling in order to arrive at a satisfactory product and thus likely to introduce some variation between actuator samples. Especially
the electrospinning process is prone to produce fiber mats of varying alignment, confounding later
actuator behaviour. This phenomenon can be observed in Figure 2b, which was obtained with the
Phenom ProX Desktop scanning electron microscope (SEM) (Thermo Fisher Scientific, Waltham
(MA), USA, www.thermofisher.com).
Variations between actuator samples are not simply captured in analytical approaches, as they
consider each actuator to be an identical specimen. However, differences can be observed and hence
related based on the experimentally observed behavioural data.

2.2

Echo State Networks

Soft actuators exhibit nonlinear behaviour, which may be modeled analytically, but also by a black
box, or data driven approach. The term black box includes a wide array of methods geared towards
approximating the mathematical function underlying the relationships between a set of observations.
While there are a lot of solutions fitting this description, they are often designed differently depending on the type of observation, or data being examined. In other words, the model type is dictated
by the task. In this case, the variable of interest (actuator behaviour observations) show nonlinear
dynamical relationships with temporal dependencies, for which Recurrent Neural Networks (RNN)
are a popular choice. RNNs are a class of neural networks which are distinctive through their use of
recurrent connections between neurons. In contrast to conventional feed-forward networks in which
connections only go in one direction, RNNs may have connection in several directions and within
themselves. Through the subsequent recurrent activation of their neurons, RNNs are able to sustain
concurrent activation across time. Due to this, they are able to retain activation partially independent
from the current input. This makes it possible to model different events in time with the assumption
that they are not independent from each other and even keep a dynamical memory of past events.
Because of this, a RNN is considered a universal approximator of dynamical systems (Funahashi
& Nakamura, 1993). On the other side, one of the most prominent problems with RNNs is their
reliance on gradient descent learning methods. Specifically, convergence can be heavily influenced
by the presence of bifurcations (Doya, 1993). Additionally, RNNs often use many different hyperparameters and as each training phase is computationally heavy to complete, optimization can be a
rather tedious and inefficient procedure.

Figure 3: Representation of an Echo State Network.

Echo State Networks (ESN) (Jaeger, 2001) have been developed to remedy past problems with
RNNs while still being able to accurately model nonlinear dynamical systems. During the time
of ESNs invention, RNN convergence in terms of gradient descent was heavily influenced by the
presence of bifurcations (Doya, 1993). Although this shortcoming in RNNs is no longer of concern,

ESNs remain a system combining simplicity of use as well as fast and computationally light training
with high performance. Reservoir Computation methods (in which ESNs are included in) are distinct
from other Neural networks in that they consist of a random hidden layer of interconnected, recurrent
neurons, also called a reservoir or liquid. The activation of that layer is then interpreted and used to
model the dynamical relationship between input and output. See Figure 3 for a representation of a
simple ESN. This project focuses on ESNs, therefore further descriptions of the reservoir computing
approach will be made from that particular perspective.
ESNs are designed to match their output y(n) to a target output ytarget (n), thereby n is representing each discrete time-step n = 1, ..., N and N being the total number of data-points. The model is
trained on a set D consisting of pairs of observations, relating input to output D = [u(n), ytarget (n)],
marking ESN training as an inherently supervised technique. Training is achieved by minimizing a
measure of error, marking the lowest difference from y(n) to ytarget (n).
Structure wise, an ESN has three layers of neurons, or weights: An input layer, an output layer
and the reservoir in between. Out of these layers, only the output weights are optimized during
training. Weights from input layer and the reservoir are randomly initiated and not changed during
training. One can imagine the output weights interpreting the recurrent activation in the network,
which represent the underlying relationships in the data. Thus the network first extrapolates on
a lower dimensional input and then analyses the result in addition to the raw input, subsequently
enabling itself to create an interpretation of a given activation in context of a backdrop of previous
activation. Consequently, the output of the network y(n) is determined via multiplying the internal
network activation x(n), but also the original input u(n) and a bias value with the output weights
W out (n), i.e.:
y(n) = W out (n)[1; u(n); x(n)]
(3)
Internal activation of the network, is computed by the sum of the multiplication of current input and
input weights and the multiplication of the input of the previous time step with the reservoir weights,
i.e.:
x(n) = (1 − α) × x(n − 1) + α × tanh(W in (u(n)) +W x(n − 1))
(4)
This is then added towards previous activation augmented with a leaking rate α, with which one
can influence the impact of previous time steps. The tanh function is the commonly used sigmoid
activation function for ESNs (Lukoševičius, 2012).
In order to optimize W out as output weights, usually a ridge regression is used, as it features a
build-in regularization parameter (β), controlling for overfit of the model via including the weight
vector in the fitting process. First, all internal activation for the current weights and training data are
collected in X ∈ RL×N , L being the sum of reservoir size, input size and one, and N the size of the
training data. Then, the regression can be applied in conjunction with the respective target values
Y target , ie.:
W out = Y target X T (XX T + βI)−1
(5)
The regression, as problem of mean square error minimization, can be done in one step, hence being
significantly faster than the gradual adaption of gradient descent.
The trained ESN can then be used to generate new output with a test set in order to assess
performance. Optimization of the model is done via hyper-parameter setting optimization, which

are explained in the method and result sections.
Currently, ESNs are used to in a diverse range of applications, such as Electroencephalogram
(EEG) interpretation (L. Sun et al., 2019)(Fourati, Ammar, Jin, & Alimi, 2020), industrial sensors
(Lemos et al., 2021) (Patanè & Xibilia, 2021), stock market predictions (Lin, Yang, & Song, 2011)
(Z. Liu, Liu, Song, Gong, & Chen, 2017) and medical data (C. Sun, Song, Hong, & Li, 2020),
however there have not been many applications of ESNs across applications in soft robotics. ESNs
have been used in conjunction with several projects using pneumatic based, soft actuators (Soliman,
Mousa, Saleh, Elsamanty, & Radwan, 2021; Li, 2013; Cao, Huang, & Xiong, 2021; Sakurai et al.,
2020). According to the investigation of the author, even though ESNs also seem excellently suited
to actuators based on dielectric polymers, they have not been used in that capacity as of yet.
In this project, ESNs are used to dynamically model tip-deflection and blocking force behaviour
of the soft actuators. In comparison to analytical approaches, data driven methods, such as ESNs
make a good fit to the task specification here. Specifically, ESNs are good in modeling time sensitive memory effects and nonlinear behaviour of soft actuators. Another advantage of data-driven
approaches to be investigated, is their potential transferability to another problem in the same context.

2.3

Gripper Control

In order to show the transferability and general applicability of the ESN model to a soft actuator
in a different task setting, a gripper is designed. This gripper is made with two actuators mounted
opposite from each other. The task is to successfully lift an object, so the actuators need to generate
a sufficient force to overcome the weight of said object. In order to achieve this, the ESN trained on
blocking force data will be used to predict the input voltage need for a successful lift. Experimental
observations of the gripper actually lifting objects will then be compared to the predictions of the
ESN. While sufficient input voltages could simply be saved and retrieved from a table, the ESN
was not trained on these values, but on previously gathered blocking force data. Hence, the setup
demonstrates a transferability in data modeling while using ESN on a soft actuator.
Following the task description, it should be noted that while this is labeled as a task to control
correct gripper behaviour, it is too simple to be equal to traditional control problems. This being the
case, much of the more in-depth aspects of control theory may not apply to the current implementation, and will not be addressed here.
In contrast to other modelling problems, control problems are characterized by the desire to
control behaviour, or the output of a system instead of simply modeling it. This is usually described
as minimizing the differences between a target behaviour and the current behaviour of a system
(Distefano, Stubberud, & Williams, 1967). Depending on the setting and task requirements, there are
different ways of establishing a form of output control over a system. Main differences are whether
there is a form of feedback relating back to the control algorithm, or not. Respective systems are
categorized as open- or closed loop controllers.
Categories for control may be stability, controlability and observability (Ogata et al., 2010). That
are the resistance of a system to disruption, its sensitivity to control manipulations and the ease of
observing its current state.

Neural Networks can be used for control by modeling the required input for a system to reach
certain state, without having to model the system itself. Depending on the requirements of the
system, this may also be done as a forecast where a current time-step is used to make inferences
about a future output.
In this case, the dielectric polymer based actuators do not feature integrated sensors which are
able to report on their behaviour. Moreover, the observational data utilized to train the ESN will
be the blocking force data. This is recorded with the actuator directly touching a load cell and
exerting its force on it. This setting is replicated in the gripper via setting up the actuators as already
touching the object before a voltage is applied. As such, the external camera can only report on
gripping success and not on things like actuator displacement in relation to the object. The force
exertion from the actuator on the object is similarly also not measurable as that would require a load
cell between object and actuator. Thus control can only be established in an open-loop setting.
As will be more deeply explained in section 3.5, the gripper is only formally controlled in terms
of an approximated voltage to achieve a successful lift. Further, the gripper was only observed in
terms of which voltages were required for a successful lift. The blocking force trained ESN was
used to approximate these values. A further problem is that the task only requires discrete voltages,
thus any continuous signal of gripper observations and ESN will be transformed to a discrete value.

3

Method

In order to map out and model the dynamic and nonlinear behaviour of the soft P(VDF-TrFE-CTFE)composite actuator, several different experimental setups are employed. The first goal is to model
dynamical behaviour of the actuators based on an applied electric field, using an Echo State Network.
To do this, observations of the actuator’s tip deflection and blocking force exertion are required.
Subsequently, the applicability of said network to a novel setting is tested by letting the network
model input voltage to lift up a cube with a gripper consisting of two actuators.
With the exception of the algorithm used for video tracking during the tip deflection experiment
which is implemented in Matlab (MATLAB, 2021), all other code is implemented in the Python
programming language (Van Rossum & Drake Jr, 1995).

3.1

Experimental Setup and Data Collection

Across different experiments, three identically fabricated actuator samples are being used. In all
experiments, an input signal of varying waveform is used to elicit different behaviours in the actuator.
This input signal is produced via the RIGOL DG1022 waveform generator (RIGOL Technologies,
Beaverton, Oregon, USA, www.rigolna.com). The waveform generator is connected to the TRek
Model 10/10B-HS high voltage amplifier (Trek Inc., Lockport, New York, USA, www.trekinc
.com), which is needed to supply a sufficiently high voltage to the actuator (up to 500 V - 2000 V
for a strong enough response). Figure 5 shows a representation of the input signal pipeline.
The actuator itself is fixated via a 3D printed clamp made from ABS material. Clamp-internal
copper tapes are used to connect the actuator to the electrical circuit. All actuators are fixed to the

(a) The actuator is moving horizontally, with a microscope (b) The actuator is in contact with a load cell that registers the
filming from above.
exerted force.
Figure 4: Experimental setup for tip deflection (a) and blocking force exertion (b) data collection. Both setups feature a
free length of 45mm.

Figure 5: Input signal pipeline to the actuator. The band-pass filer constraints the frequency of the input signal which is
further explained in section 3.2.

clamp with a free length of 45mm. Free length has a direct influence in tip deflection and force exertion responses of the actuators, thus needs to be kept constant. When measuring tip deflection of an
actuator, the actuator-clamp arrangement is positioned such that the actuator bends horizontally. This
allows tip deflection to be measured from above with a digital AM7915MZT(L) 5 MPx microscope
(Dino-Lite, AnMo Electronics Corp, Taipei, Taiwan, www.dino-lite.com). In order to measure
the blocking force exertion, the InstronTM ElectroPuls E1000 test instrument (www.instron.us,
Norwood, MA, USA) is used to position the clamp above the Instron™ static load cell 2530-5N
(capacity of ±5 N and sensitivity of 1.6 mV/V to 2.4 mV/V at static rating), such that the tip of the
actuator, touching the load cell, lays flat on its surface. Figure 4 shows the respective experimental
setups of tip deflection and blocking force measurements.
Measurements are taken over the duration of an input signal (see section 3.2 for the exact times)
and with a sampling frequency depending on observation medium (50 Hz for load cell/ blocking
force- and 20 Hz for microscope/tip deflection measurements). These measurement are conducted
using the following steps: The experimental setup is constructed and assessed for correct assembly
and proper electrode connections on the actuator(s). Then, the recording of variables of interest
(voltage, tip deflection or blocking force) is started and subsequently the voltage signal is administered to the actuator. After the signal, the recording is stopped and the next measurement can be set
up. The experimental data collection resulted in a collection of time-series which is aggregated and

used for model training and testing.

3.2

Signals and Actuator Responses

To facilitate later training of the dynamic model, three different functions are used as input for the
actuator samples. The more complex and non-cyclic the function, the more information can be
drawn from it by a model approximating the underlying reactive behaviour of the actuators. Due to
limitations in the testing equipment, internal functions of the waveform generator are used for this
purpose (otherwise preferred would be a manually generated non-cyclic function containing several
different frequency signals in a range desired for observation). They are, square functions of different magnitudes (ranging from 200 to 2000 V input strength, or up to 23.75 MV/m electric field
strength), a voice function emulating a human voice pattern, and a quake function (both quake and
voice are scaled such that their highest peak reach 2000 V as well). The three different input functions can be examined in Figure 6a, d and g. Voice and quake are selected for their relatively widely
distributed frequency range which provides rich information on the actuator behaviour to the network. Square functions are used instead of sines, as more abrupt changes deliver more information
during model training, than a cyclic, gradual change.
In each condition, 22 functions are applied to each of the three actuator samples. 16 functions
are varying magnitude square functions. Voice and quake are repeated three times each. In total,
that makes 66 functions per condition. For each condition, a random half of each of the function
types is later used as training data for the model (24 squares, 5 quakes and 5 voice). The remaining
half is used to test model results on novel data. The sample rate for the microscope is 20 Hz and for
the load cell is 50 Hz. This sample rate resulted in 256000 (3.55 h) and 763900 (4,24 h) raw data
points for tip deflection and blocking force respectively.
In addition to the three input signals, a selection on respective actuator responses in terms of
tip deflection and blocking force are shown in Figure 6. Actuator responses are generally noisy
compared to the noise-free input voltages. Further, actuators are not affected by the polarity of
the input function, as the electrostrictive nanofibers display a quadratic relationship between strain
response and electric field. In the square function responses, time dependent and dynamic effects
can be observed. For instance, actuator oscillations are visible in the tip deflection response. One
can also observe visible delayed responses in the square functions of tip deflection and blocking
force observations.
Keeping the sample rates (20 Hz and 50 Hz) in mind, some considerations for the input signals
are made: The Nyquist rate (Shannon, 1949) specifies: if the input frequencies are larger than twice
the size of the sampling frequency, there is a loss of information due to aliasing. As the signals for
both experimental conditions are wanted to be the same, input signals are kept at a range from 0 Hz
to 10 Hz.
There are several ways in which the input signal frequency is manipulated. The waveform generator permits length modification of a signal’s period, meaning voice and quake could be drawn out
to a longer time frame to reach the target frequency range (800 s for voice and 600 s for quake). Further, a band pass filter is implement between waveform generator and voltage amplifier. The band
pass filter not only suppresses higher frequencies, but also smooths out the frequency distribution in

(a) 23.75 MV/m magnitude square (b) Output tip deflection with 23.75 (c) Output blocking force with 25
electric field input.
MV/m magnitude square electric MV/m magnitude square electric
field input.
field input.

(d) Voice electric field input.

(e) Output tip deflection with voice (f) Output blocking force with voice
electric field input.
electric field input.

(g) Quake electric field input.

(h) Output tip deflection with quake (i) Output blocking force with quake
electric field input.
electric field input.

Figure 6: Electric field input functions (left column), tip deflection output observations (middle column) and blocking
force exertions (right column).

the target range, such that it is more evenly distributed. Notably, a dielectric actuator acts as resistor
capacitor differentiator (D’Anniballe, Zucchelli, & Carloni, 2021), which is a high-pass filter. Due
to this and the need to test for correct manipulations, the frequency distribution is tested on whether
it is within the target range of 0-10 Hz. Consequently, a Fourier transform is applied on the actuator
responses to the voice and quake signals to examine their frequency ranges. The respective results
are shown in section 4.2.

3.3

Actuator Video Tracking

Given the task setting of observing actuator tip deflection with a microscope, a way to efficiently and
accurately track actuator movement in the video files needed to be found. A previous implementation of such an algorithm (D’Anniballe, Paoletta, & Carloni, 2021) used a form of scale invariant
feature transform (SIFT) (Lowe, 1999). The SIFT algorithm can track and identify key-points across
several different images. It does so via identifying key-points featuring high gradient. Then SIFT
characterizes and recognizes key-points via their surroundings in the image and in smoothed versions of the same image. In this application, SIFT is used to track key-points near the tip of the
actuator across different frames in the video footage and computing the average tip deflection between the same key-points. While this approach functions well on low velocity movement of the
actuator, fast and high deflection can cause the key-points to be lost progressively. Exposure time
(shutter speed) of the microscope tends to cause smears in the image, changing the gradient distribution on the surface of the actuator and making it impossible for SIFT to successfully relocate a
given key-point in the next frame. As a solution, one can also find new feature vectors after a given
one has been lost. However, doing so causes a shift in the average tip deflection as the distribution
of identified points across the actuator changes.
With the goal to mitigate the problem of dynamically changing gradient values, a different approach is used for the current version of the actuator tracking algorithm.
Intuitively, grey values and grey value differences between actuator and background will be
similar across frames and videos. Hence, a difference in grey value can be tracked to reveal the
relative position of the actuator. The main problem here is still the changing grey values of the
actuator when it is moving very fast through the frame. To overcome this, grey value information
can be accumulated across several frames. This provides clearer information on where the grey
value of interest (the actuator) clusters in the frame. As these clusters can be modeled with a linear
regression, a regression line can be used as approximation of the actuator movement from frame to
frame. This idea is also shown in Figure 7, where angular change signifies the angular rotation from
one regression line to the next.

Figure 7: Actuator as captured by the Dino-lite microscope overlaid with the regression lines which are used to approximate its angular rotation from one frame to the next.

For this approach, a video S is considered a set of frames S = (X1 , ..., XF ) with F being the number of frames in the video. All frames in the video are transformed to grey-scale. Two subsequent
frames in the video, X f and X f +1 are each evaluated in terms of their grey values respective to the

average grey value of the actuator. With t being the observed average grey value of the actuator at
the start of the video, one can compute a set of weights which will be highest for values that are
similar to t via:
greyDi f f (X f ,t) = 1/(abs(X f − t)2 )
(6)
These weights are then used to highlight the actuator position in the two subsequent frames X f and
X f +1 , i.e.:
Y f = X f · greyDi f f (X f ,t) + X f +1 · greyDi f f (X f +1 ,t)
(7)
The sum of both weighted frames Y f now contains a cloud of consistently higher values than random
noise in the background. From this point cloud, all the positions of values above a threshold d =
0.001 (most noise seems to appear below that value) are then extracted as a set of two variables
[Indexx , Indexy ]. A linear regression line is fitted to the set of indices in order to approximate the
position of the actuator in the image. Actuator displacement in the image can now be estimated via
comparing two regression lines.
To measure angular displacement of the actuator tip, the formula to calculate arc length l, is
used:
l = θ×r
(8)
r is the radius of a circle and θ the angle between the two lines. r can be estimated knowing the
length of the actuator in the image. Given the slopes m1 and m2 of both regression lines, the θ can
be calculated via the formula:
m1 − m2
|)
(9)
θ = tan−1 (|
1 + m1 m2
Subsequently, angular change in position l is calculated and scaled to fit real distances measured
in centimeters. This is done via a reference image, depicting a ruler. This picture is done with the
same distance, resolution and zoom level of the microscope as used in the original video. Using the
picture, the length of a centimeter in pixel values is determined by drawing a line across a centimeter
in the ruler and determining the pixel difference between both ends of the line. As a last step in the
algorithm, any displacements higher than 2 cm or point clouds with less than two members are
discarded. This measure filters out artifacts related to random noise in the images.
Testing revealed that the output of the new approach to be very similar to the old SIFT algorithm
with the extension of being able to interpret actuator movement in higher velocities.
Some observations however showed that the algorithm does not work well in combination with
all actuators samples. Curved actuators (due to variance in the fabrication process) are likely to show
variations in the detected direction of the displacement. This is presumably the case as, a curve in the
actuator translates to two prominent actuator slopes in the image. The linear regression can switch
on which slope along the curve of the actuator it fits itself, thus recording abnormal (and not real)
angular displacement.

3.4

Network Setup and Assessments

The ESN is set up in accordance with the general guidelines compiled by Lukoševičius (2012).
According to the goal of modeling the behaviour of the soft actuator, the model is needed to establish

the relation between input and output. Here, Output is a behavioral observation of the actuators
(blocking force f or tip deflection d). Input has 3 values; input voltages v, actuator label l and bias,
i.e.: f : x(n) = [1, v(n), l(n)] → y(n) = f (n), or y(n) = d(n). The model approximates output y(n)
from the same time step n as the input x(n). This is done, as the goal is not to predict what happens
in the future based on the input, but what the behaviour of the actuator is for the current input. This
means, each time-step of Voltage is matched with the behaviour observation of the same step in time.
The variable actuator label is introduced due to the need to control for variations in behaviour of
different actuator samples. To do this, actuator behavior across a set condition (average maximal tip
deflection at 2000 V, or average maximal blocking force at 2000 V) is used to construct a substitute
coding variable. This second input variable functioned as a label for the actuator sample that the
algorithm is currently examining. The inclusion of such additional information makes modeling of
behaviours easier, and enables the model to distinguish between different actuators. The variable itself is of size 1 × length(dataset) and holds the values [6, 4.5, 3] for blocking force and [1.8, 0.7, 0.3]
for tip displacement. The label values are simplified behavioral values, constructed by taking only
the first and second digit of the value into account.
As explained in section 3.2, in the tip deflection and the blocking force condition, the time-series
of all measured observations is split first. The split is done according to the number of each signal
type in the overall sample, such that an equal amount of signal types are assigned to a training set
and a test set. The test set is then later used to assess the ESN model’s capability to predict actuator
behaviour based on observation it has never been exposed to before. In addition to this, a linear
regression model is trained and tested on the same data split. In this way, performance of the ESN
can be assessed in comparison to a baseline. While the input variables remain the same for the linear
regression, the time step that the ESN receives is adapted to a time window, i.e.: f : x(w) → y(n)
with w = (n, n − 1, ..., n − h). h as window size parameter is optimized in the same way as the ESN
parameters (which is explained in section 4.1).
To start constructing the network, input- and reservoir weights are randomly generated from
a Gaussian distribution. The input weights W are scaled with an input scaling parameter and the
reservoir weights are adjusted according to a target spectral radius, i.e.:
Wnew = Wold × (ρtarget (W )/ρcurrent (W ))

(10)

The spectral radius ρ(W ) is used to scale the maximal eigenvalue of the generated reservoir weights,
thus determining the spread of values in the matrix. As it introduces more chaos into the system,
there exists some controversy in the literature if ρ(W ) should be set above one. This is because it
can lead to violation of the Echo state property in which the activation should be defined by the past
inputs into the network and not its initial conditions. However, this is not a hard constraint. As long
as the inputs to the network u(n) 6= 0, the input will be influential enough in the computation of the
network activation (see equation 4). At this state, Input Scale and Reservoir Size are two other hyperparameters to be considered. Input Scale concerns the scaling of each column of the input weights,
which can either be optimized separately, or holistically, to minimize on parameters. Generally,
Input Scale influences the linearity of the network. With lower values in the input, the tanh activation
function behaves more linearly, while in turn higher values will result in binary switching of values.
Next, Reservoir size is mainly a trade-off in higher accuracy against generalization to novel data.

However, concerns about generalizations may be mitigated by regularization methods. Another
concern is to estimate how difficult the given problem is to describe and how much data is available
to do so. With lower complexity and a smaller data set, the reservoir may not need to be very large.
After the initial setup of input weights and reservoir, activation based on the training data are
gathered in X(n) with n = (1, .., N) and N being the length of the training data. In conjunction with
the target values, X(n) is used to generate the output weights via ridge regression. The activation of
the reservoir (equation 4) harbors the Leaking rate parameter α, which is an extension to the original
Echo State Networks (Jaeger, Lukoševičius, Popovici, & Siewert, 2007), determining the impact of
new time steps on the reservoir activation. The setting of this parameter is highly dependent on how
fast effects develop in time, which can vary for different problems. Further, the training via ridge
regression requires setting of the regularization term β, which penalizes large output weights and
should make the network more generalizeable. Testing for the optimal regularization parameter can
be done with the validation set only and does not require rerunning of the training as it does not
influence the impact of other parameters.
After applying the ridge regression, the trained weights can be used to let the network generate
a final output for the training- and testing data. Subsequently, the difference between predictions
and target values is used to assess performance. Network performance is assessed with a normalized
root mean squared error (NRMSE), i.e.:
r

RMSE
1 N 
target 2
, NRMSE = Y target
Σi=1 Yi −Yi
(11)
RMSE =
N
σ
To calculate the NRMSE score, the root of the squared average of the differences between each
target
prediction Yi and respective target Yi
are divided by the average standard deviation of the target
Y
target
variable σ
.
This is a highly recommended performance measurement, as it permits understanding of the
accuracy of the algorithm without being forced to take the underlying properties of the data into
account. An acceptable model should show a NRMSE score between 0 and 1, as that means that the
RMSE score is below the natural occurring standard deviation of the data.
Prior to being used to train the ESN, the data needs to be preprocessed as well. Specifically, all
variables are normalized making value distributions more comparable between independent settings.
Prior to normalization, blocking force observations are first centered, then detrended, using a linear
regression. Detrending is only done for blocking force data, as the load cell tends to loose its initial
calibration over a longer observation period. The loss of calibration leads to trends in the data. After
normalization, the blocking force data is smoothed with a sliding window average filter of size three.
This is done to make the signal less noisy. Noteworthy here is that only samples including voice and
quake input functions are detrended. This is the case as the linear regression detrend does not work
with the square functions and is not strictly necessary. Square input functions are shorter, thus are
less likely to feature significantly large trends.
For hyper-parameter optimization, all parameters are adjusted independently from each other
while testing performance of the network. This is done, as each parameter change may influence
performance of other parameters as well. The dependence is bidirectional, meaning that an already
optimized parameter might need more testing after subsequent adaptions of other parameters. Fol-

lowing the recommended approach on optimizing parameters (Lukoševičius, 2012), the value range
and step size of parameters is kept large, in order to test a non-exhaustive variety of values. The reason for this is that the network’s performance is not sensitive to minuscule variation in parameters,
but can already be well tuned with rather coarse changes. Generally, testing is done via a fresh setup
of the network. This includes activation gathering and retraining of the network. The exception of
this is β which only needed a retraining of the output weights.

3.5

Soft Gripper

In order to test and validate the applicability and transferability of the trained model, a gripper task
has been designed. Therein, input voltages required for the gripper to lift objects of different weight
are observed. An ESN trained with previously observed blocking force data is used to approximate
the experimentally determined input voltages for the gripper.
The gripper behaviour is observed with different electrical field strengths and object weights, in
order to record the electrical field strength needed to achieve a successful lift.
For the object, a polystyrene cube is chosen because it features a very low density of 0.96–1.0g/cm3 ,
enabling the lift for the P(VDF-TrFE-CTFE)-composite soft actuators. In addition, polystyrene is
widely available.
The input for the system is the weight of a cube which needs to be translated to the required
force to lift it. The blocking force observations, thus the ESN, only show the relationship between
blocking force and electric field strength. Consequently, the relationship between object weight and
required blocking force is derived analytically. This arrangement results in the processing pipeline
shown in Figure 8. As the application does represent a combination of black box and analytical
modeling, it could be considered a grey box approach.

Mass

N=mg/μ

Blocking
Force

ESN

Electric
Field

Figure 8: Gripper control pipeline. Given mass, the goal is to return an adequate electric field strength to achieve a
successful lift of the cube.

For the analytical part, a completely straight angle of contact between both actuator and the cube
is assumed. In addition, the setting also assumes a similarly sized surface area covered between both
actuators. Adhering to both of these assumptions, a parallel gripping system is realized. Given this,
the following equation (also seen in Figure 8) can be used:
N = mg/µ

(12)

Here, N represents the blocking force that the gripper needs to reach. m is the mass of the cube and
g is gravity acting on the mass. µ is the friction coefficient which is the ratio between the frictional
force and the normal force. The frictional force is resisting the the motion of two objects which are
touching each other. The normal force on the other hand is pressing the objects together. Generally

speaking, the higher the friction coefficient between two surfaces, the higher the friction. The more
friction, the more energy is required to move objects across each other
Herµ is categorizing the influence of friction between polystyrene and Kapton® surfaces. In
equation 12 N and µ are unknown. To arrive at an approximation for N, the experimental data
is analyzed in terms of an lowest approximated force needed to arrive at a successful lift. µ is
determined experimentally, via placing a polystyrene cube on a Kapton® slope and raising the slope
until the cube starts to slide. In this conditions, one can assume the frictional force to be equal to the
gravitational force, i.e.:
mg sin(θ) = µ mg cos(θ)
(13)
m and g are still mass, and gravity respectively and θ represents the angle from which each force
influences the cube. In simplifying this equation, one arrives at µ = sin(θ)/cos(θ), or µ = tan(θ).
Calculating µ based on the experimental results returns µ = 0.84.
3.5.1

Experimental Setup
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Figure 9: Experimental setup as scheme (a) and picture (b) for the two actuator, parallel gripper experiment. Both
actuators are fastened at a free length of 45mm.

The gripper is set up, with the two actuators in parallel, each being fastened to a 3D-printed clamp
made from ABS material. The clamps are also housing the conductive copper tapes which are used
to apply a voltage to the electrodes on each actuator (see Figure 9). The clamps are both mounted
on a 3D printed hanger, facing each other. The hanger itself is mounted to the Instron™ElectroPuls
E1000 test instrument (www.instron.us, Norwood, MA, USA) which can be used to move the
frame up and down. The polystyrene cube is placed between the two actuators, such that both
actuators lie flat on the side of the cube. Experimentally, a specific electric field is applied to the

actuators, then the frame is moved upwards in which case the object is either lifted, or remains
grounded when the applied electric field is not strong enough. The whole procedure is documented
with the LogitechTM C930E HD camera ( www.logitech.com, USA). A range of different input
voltage strengths between 1500 and 2000 V are tested for successful lifts and labeled depending
on experimental outcome. In order to estimate a range of force requirements, polystyrene cubes
of 3 different weights (42 µg, 56 µg, 66 µg) are tested. The range of weights are chosen such
that lift-off remains possible, but at different requirements in minimal input voltage height. The
cubes’ respective input voltage requirements were 1400 V, 1700 V and 1900 V. These values still fit
within the range used to observe blocking force behaviour (200 V - 2000 V). They also are nicely
spread around the voltage range where sufficiently high blocking forces were expected given the
observational data. With these considerations in mind, the required input voltages to a successful
lift-off are suitable to be approximated based on the blocking force observations.
3.5.2

ESN Setup

Now, the goal is to approximate input voltage from a given blocking force using the already acquired
blocking force data. That means that parts of input and output are reversed compared to prior
modeling, so input is x(n) = [1, f (n), l(n)] with f being the blocking force data and l being the
actuator label. x(n) is used to approximate y(n), i.e.: f : x(n) → y(n) = v(n), where v is the previous
input voltage. Due to some input voltages within the experimental blocking force observations being
negative, the absolute values of the voltage variable are used. In addition the other preprocessing
steps for blocking force are applied as discussed in the section 3.4. Both the train and test set was
used for the training process. As parameters are optimized during cross validation and fit of the
model is assessed based on observed gripper behaviour instead of the blocking force data used for
training, there is no need for a distinctive test set. However, the train set was filtered by actuators
used in the gripper and functions relevant for the task. Thus, only the blocking force data of the two
actuator samples used in the gripper and only the square signals are taken into account for the given
task. Consequently, the data set is of length 125790 and the actuator label only contain l = [4.5, 3].
A major point to address is that the current task requires static outputs, while the given model
is dynamical in nature. Hence, dynamical conditions need to be emulated in order for the model
to be able to approximate correct voltage requirements. For this purpose, input cube weight is first
transformed to required blocking force to lift the cube. This is done in the analytical step explained
in the previous section (also see Figure 8). Blocking force is transformed from a singular value into a
continuous, square signal of a similar form used to train the dynamical ESN model, i.e.: f : x → x(n).
A singular square signal is defined by 10 s of 0 values, followed by 10 s of the force input value
followed by 10 s of 0 values. The square function is repeated twice, because the responses of two
different actuator needs to be estimated. This signal is in turn repeated three times for each cube
weight. With a 50 Hz sampling rate, that makes 1500 × 2 × 3 = 9000 data points for the simulated
signal. A noise function is added on top of the constructed blocking Force, making the signal more
realistic. Lastly, the resulting signal is normalized. In addition to the input force, the actuator label
input variable (categorizing differences in actuator sample behaviour) is constructed utilizing the
same length and alternating the actuator label for each square.

As to be expected, the output of the ESN needs to be transformed into stationary values again,
i.e.: f : y(n) → y. For this purpose, 40 data points adjacent to the center of each square peak
are sampled and a mean for each actuator is calculated. This results in a distinct value for each
actuator. However, the voltage amplifier used to supply voltage to the actuators only has one output,
permitting no distinct actuator control. Hence results for each actuator are summarized in an average
for both to arrive at a final estimation.

4
4.1

Results
Parameter Optimization

The ESN and baseline linear regression hyper-parameters are adjusted via n-fold cross validation
with n = 10. The goal of cross-validation is to optimize generalization in model optimization. Normally, only novel data can be used to assess generalizability of a model. Cross-validation represents
a work-around, in which different combinations of the given data set are used to assess model performance. Before starting the cross-validation, a random selection of half the signals of each signal
type was drawn from the overall data. This was done for both tip deflection and force exertion data,
to be able to validate final optimizations on real, novel data. For tip deflection, the data pairs of
input and output S are divided into S train ∈ R4×79740 and S test ∈ R4×67315 . Blocking force is divided
into S train ∈ R4×395024 and S test ∈ R4×213860 . There is some variation in set length, as no signal is
exactly the same length and signal types differ in length as well. The gripper data set is not divided,
but filtered for relevant actuators and signal types, arriving at S ∈ R4×125790 .
Cross-validation consists of splitting the data sets S into n different subsets D. In n steps, Dn−1
randomly drawn subsets are then used as a unified training set for a single model configuration,
while the remaining set is used as validation set. Here, signal type distribution was not controlled,
as all different sample configurations are tested either way. Now, performance for this model configuration on the validation set is averaged. This process is repeated for all configurations to be
tested. Afterwards, the best performing configuration can be determined and trained on the whole
data set. Lastly, the remaining half of the data is used as a final test set for the best performing model
configuration. Within each training run, the ESN model is set up by first drawing input and reservoir
weights from a Gaussian distribution, then network activation of the training data are harvested. The
resulting activation and target values are subsequently used to train the output weights.
The process of the cross-validation is repeated with a range of different hyper-parameters. These
are repeatedly and individually optimized, as hyper-parameters can mediate the effectiveness of
other hyper-parameters. Furthermore, reservoir activation patterns and the mean absolute output
weights are monitored, as weak or inconsistent activation and extreme output weights may indicate problems in the optimization of the network (pointing out a need to further modify hyperparameters). Finally, plots featuring target and predicted values of the test set are examined and
used as final test of validation towards a good fit in terms of overall model performance.
The explored hyper-parameter ranges for the ESN are reported in Table 2 while the respective
optimized parameters for tip-deflection, blocking force and the gripper experiment are reported in
Table 3. The linear regression baseline model is tested on performance with and without an intercept.

Linear regression is optimized with window length w = 20 for blocking force and w = 30 for tip
deflection.
Table 2: Value ranges during optimization of hyper-parameters.

Hyper-Parameter

Value Range

Reservoir Size
Input Scaling
Spectral Radius
Leakiness
Regularization

10 − 500
0.01 − 10
0.4 − 2.5
0.1 − 0.99
1e−8 − 1e+5

Table 3: Optimized hyper-parameter settings per each respective experimental setting.

Hyper-Parameter

Tip-Deflection

Blocking Force

Gripper (Voltage)

Reservoir Size
Input Scaling
Spectral Radius
Leakiness
Regularization

100
0.5
0.9
0.1
0.01

500
1
0.6
0.3
0.01

100
0.8
0.7
0.03
0.01

4.2

Signal Frequency Observations

Due to prior considerations of appropriate distribution of input signals in the frequency domain, a
Fast Fourier Transform (FFT) is employed on actuator observations after applying respective signal
functions (voice and quake). Respective plots are shown in Figure 10. The plot shows amplitude
peaks widely distributed between 0 and 10Hz for voice and quake inputs, which represents the range
of interest in this setting. There does not seem to exist obvious application of modeling a type of
actuator such as the given one in higher frequencies. As such, the employed manipulation of signals
in their frequency seems successful.

(a) Output blocking force with voice input signal.

(b) Output blocking force with quake input signal.

Figure 10: Fourier Transform amplitudes of actuator blocking force after exposure to either the voice or quake input
signal.

4.3

Network Performance

Table 4: Final NRMSE (RMSE) values after optimizing respective parameters and modeling Tip Deflection or Blocking
Force exertion. ESN results are compared to a Baseline linear regression model.

Error type
Training error
Testing error

Tip Deflection
ESN

Baseline

Blocking Force
ESN

0.255(0.062mm)
0.433(0.106mm)

0.704(0.171mm) 0.222(0.015mN)
0.754(0.183mm) 0.280(0.019mN)

Baseline
0.778(0.061mN)
1.034(0.081mN)

Final model fit for blocking force and tip deflection can be examined in Table 4 which shows
NRMSE scores and RMSE scores in parentheses. Testing error shows ESN performance on completely new data, which is higher than the training scores, but still show NRMSE values below one.
Tip deflection shows consistently higher error rates than blocking force which may be related to the
higher potential for noise due to the need to transform the related data from a video. Also visible in
Table 4 are results of the optimized baseline linear regression. Linear regression fit in both conditions is worse than the ESN. In tip deflection, test NRMSE is still below one, but not so for blocking
force. In terms of RMSE, tip deflection of the baseline is almost twice as high as the ESN. Baseline blocking force RMSE is four times higher than the respective ESN error. Figure 11 shows a
selection of ESN model outputs for previously unseen testing data of both the blocking force and tip
deflection condition. Compared to the target, the model displays barely any noise. This is because
these predicted values are generated based on electric field measurements which contain less noise
than the behavioural observations. This can be observed when comparing voltage input signal from
Figure 3.2 with Figure 11. On the other side, voice and quake predictions in the deflection model
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(a) Tip deflection with 17.50 MV/m square electric field (b) Blocking force with 23.75 MV/m square electric field
input.
input.



%ORFNLQJ)RUFH>P1@

7LS'HIOHFWLRQ>PP@





















7LPH>V@




(c) Tip deflection with voice electric field input.
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(e) Tip deflection with quake electric field input.
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(d) Blocking force with voice electric field input.
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(f) Blocking force with quake electric field input.

Figure 11: Tip deflection (left) and blocking force (right) ESN model output (red) compared with the experimentally
observed results (blue) with different electric field input signals.

seem to exhibit overall lower tip deflection than the target. This might be due to the video tracking
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(a) Zoomed in tip deflection with voice electric field in- (b) Zoomed in blocking force with voice electric field
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(c) Zoomed in tip deflection with quake electric field (d) Zoomed in blocking force with quake electric field
input.
input.
Figure 12: Zoomed in model results, showing dynamical detail in the model results. ESN model output is (red) compared
with the experimentally observed results (blue) with different electric field input signals.

script overestimating real movements when they occur fast and with a sudden onset. Alternatively,
the lower sample rate of the microscope might result in aliasing effects, which may result in less consistent deflection observations in high frequency settings. Notably, the network can easily follow the
dynamic behaviour of even the more complex input functions voice and quake. The model results
of voice and quake can be more closely examined in Figure 12 which shows zoomed-in responses
to both signal types.

4.4

Gripper

In order to determine the lowest required input voltage to arrive at a strong enough grip for a successful grip and lift-off of the three differently weighted cubes, the gripper is tested with input
voltages ranging from 1500 to 2000 V in increments of 100 V. Noteworthy for this analysis, the
lowest voltage with a confirmed lift-off is considered. However, involved components are receptive
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(a) Required Blocking Force for each of the two actuators (b) Approximated input voltage according to the ESN (red)
and all three different weighted cubes.
and simulated target voltages (blue).
Figure 13: Input and Output of the trained ESN in the Gripper experiment. Two neighboring squares are representative
of the two actuators of the gripper with a cube of specific weight. The first two square peaks correspond to a cube of 42
µg the next two to 56 µg and the last to 66 µg
Table 5: Different cube sample weights and their related lowest recorded Voltage input on the gripper for a successful
lift and the results of the ESN.

Variables

Samples

Cube Weight
lowest Voltage Input for Lift
Model Output

42 µg
1400 V
1518 V

56 µg
1700 V
1763 V

66 µg
1900 V
1946 V

to external influences, so lift-off can not be replicated consistently for any input voltage. Observed
lowest required input voltage is compared to the input voltages predicted by the ESN explained in
section 3.5.2. The NRMSE of training the ESN on the blocking force data-set is 0.172. The summarized value comparison between observed and modeled values is shown in Table 5. Generally,
input voltages which the ESN-based system would have been employing are similar, but larger than
the experimentally observed values. In the experimental observations, the lightest polystyrene cube
is successfully lifted with more than a 100 V less compared to the model results. However, the
other modeled input voltages seem to fit well with the observations in the gripper experiment. Input
and output to the ESN arrangement for the gripper can be examined in Figure 13. The Figure also
contrasts predicted input voltage with experimental observations. While value range outputs are not
fully stable, the ESN successfully distinguishes between both actuators. This is also reflected in the
actuators behaviour, as one tended to show stronger blocking forces than the other.

5

Discussion

In this project, a novel electrostrictive actuator is observed in terms of its blocking force exertion and
tip deflection responses to complex signals of distributed frequency. The actuator consists of an active layer of electrospun P(VDF-TrFE-CTFE) nanofibers, submerged into a PDMS silicone matrix,
a passive Kapton® layer and electrodes made from a silicone carbon mixture. The acquired observational data is used to train an ESN. A second variable is introduced to label different actuator samples
according to their behaviour at an input voltage of 2000 V. The resulting models reveal a NRMSE
below 1 on both conditions and shows generally low deviation to the previously withheld second
half of the observational data. The ESN model error measures are also significantly lower than a
baseline linear regression fitted to the same data. Results show a good fit, thereby demonstrating the
effectiveness of ESNs in modeling dynamical behaviour of a P(VDF-TrFE-CTFE)-composite based,
electrostrictive soft actuators.
In order to show transferability and applicability of the data-driven ESN approach, a simple, two
actuator gripper task is designed. The gripper task consists of a successful lift of a polystyrene cube
of varying weight. This requires a specific input voltage such that the actuators can exert a high
enough force to lift the cube. Voltage is predicted using the related blocking-force observations to
train an ESN. Results show a close fit to the observed, required input voltages for a successful lift of
a cube. In addition, the implementation demonstrates how the network differentiates performance
of different actuators due to the second input variable.
The ESN seems to have frequent trouble with underestimating maximal tip deflection. This
issue is less prevalent, but still present, with blocking force data. Likewise, this effect is reflected
in a consistent overestimation of input Voltage in the gripper experiment. The differences between
experimental observations and model predictions may be explained by the presence of noise in the
data. Specifically, data collection suffers from sensitivity limitations in terms of sensors and external
influences. On the one side, the load cell detects noise in addition to actuator blocking forces, which
may stem from it not being sensitive enough for the low blocking forces of the actuators. In addition,
noise may be generated from external vibrations as well. This may have warranted a set-up which
prevents vibrations transfer towards the load cell. On the other side, the microscope has similar
problems with noise. Moving air, or other external vibrations may cause the actuator to oscillate.
Additionally, the settings for the recordings could have been more optimized towards the set-up,
with better contrasts between fore- and background and even brighter lighting. On the hardware
side, the microscope’s 20 frame per second recording limitation, as well as its long shutter time,
resulted in further sources of uncertainty in the analysis of the actuator movement. This being the
case, the algorithm interpreting actuator deflection does not remain free of its own problems either.
The current implementation assumes the actuator behaving as a straight line when moving. During
testing, this assumption is shown to hold, but it has been faced with counterexamples later on. Due
to their fabrication process, no two actuators have perfectly the same shape and some feature a slight
natural bend. This bend can throw off the regression estimation of current actuator placement, as via
a bend essentially two alternative choices in angle directions are shown. When the actuator moves,
the algorithm is presented with a choice of which angle to adhere its linear regression to. This makes
it possible for the algorithm to rapidly shift in angle and thus record nonexistent movement of the

actuator. Data which is visibly corrupted by misinterpretation of angle alignment is removed from
the training and testing set, elevating concerns of unreliable data but resulting in less data applicable
to the network. This being the case, a curved regression fit would have been significantly better
when taking these issues into account.
As future direction, either stronger actuators or more precise conditions may be able to produce
even better modeling results. Other fields, featuring dynamical systems, have over time developed
a more unified methodology (e.g., speech recognition (Ibrahim, Odiketa, & Ibiyemi, 2017), stock
market forecasting (Kumar, Jain, & Singh, 2021) , video analytics (Zhang, Sun, Wu, & Zhong, 2019)
) to deal with inherent difficulties of applying data driven methods to their respective challenges.
At the moment, soft actuators still appear to be in the progress of converging onto such a unified
task and processing pipeline, which makes it hard to quantitatively compare methodology in data
gathering, preprocessing and modeling across actuator projects. This work may contribute a part
towards inspiring the construction of a unified methodology to make such comparisons possible.
In conclusion, present results show that an ESN can indeed be successfully employed in modeling and controlling a P(VDF-TrFE-CTFE)-Composite Actuator. While modeling results did not
always fit perfectly, this may be explained by inherent difficulties in the methodology on how the
measurements are obtained and processed. More systematic and unified methodologies of data
gathering and processing could potentially increase increase ESN model efficacy further in future
investigations.
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