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R

ecent advances in soft continuum robots
revealed the need for accurate models, required
to develop advanced control strategies. In this
article, a general methodology is presented that
allows to create an accurate inverse kinematic
control based on hyperelastic models, fitted on
mechanical material properties. This methodology is
based on finite element analysis (FEA) and links the
mechanical properties of the material to the simulated
behavior of a Pneunet actuator. This procedure is valid for
any sort of hyperelastic material used in soft robotics,
however, as a case study, a specific material with a selfhealing ability is considered. This elastomeric polymer
can recover from macroscopic damages without losing its
mechanical performances, after undergoing a heat
treatment. In this article, an accurate characterization of
the mechanical behavior of this material is provided,
involving mechanical testing, both in tensile and
compression. On this experimental characterization data
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constitutive laws are fitted, using a FEA simulator. The
robustness of this material modeling is shown, refitting
the curve for material samples that were exposed to
multiple damage-healing cycles. With this obtained
constitutive model, a FEA simulation of a bending soft
pneumatic actuator is developed. The simulation results
are experimentally validated with a dedicated test bench
consisting of a pressure control unit and a motion
tracking camera. Using this validated model, an inverse
kinematic control is developed, including the FEA
simulation in the control scheme.
Introduction
Soft robotics has become a multidisciplinary field, in which
multiple scientific communities are cooperating to create safe
and adaptive robots. Inspired by embodied intelligence found
in nature, soft robots are developed with increased complexity
and previously unexploited behaviors. However, from a control perspective, most soft robotic systems cannot be modeled
using traditional principles because of their continuum structure [1]. In addition, the use of smart materials, including selfhealing polymers [2], permits new additional features, but in
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many cases complicates the modeling and control. Considering the geometrical complexity of soft robots and the
mechanical behavior of the materials of which they are composed, recently model-based and model-free control strategies have appeared in the literature [1]. This article focuses on
a model-based approach using FEA to model and control a
soft pneumatic actuator. This FEA-based control is made
recently possible because of increases in computational power
of hardware that result in faster FEA simulations, reaching
high-speed velocities [3].
We describe a general methodology that makes a bridge
between the mechanical properties of hyperelastic materials
and the model-based control of a soft actuator (Figure 1). This
procedure is valid for any sort of hyperelastic material used in
soft robotics [4]. As a case study, a self-healing Pneunet actuator [5] is considered, since position and force controllers are
largely lacking for these novel types of soft actuators. This FEA
approach has many advantages in comparison to previous
model-based techniques. In particular, it avoids approximating
the degree of freedom (DoF) of the soft robotic actuator or
manipulator, as is done when developing a constant curvature
model [6] and a piecewise constant curvature model [7]. Both
are based on modified Denavit-Hartenberg parameters and
used to model multisection continuum actuators and manipulators that have larges nonplanar motions. But these techniques, as demonstrated in [8], show a lack of accuracy.
Furthermore, using directly a FEA simulation in the control
scheme leads to an accurate approximation of the soft robot
geometry, avoiding the geometrical assumptions of the
Timoshenko beam theory [9] and the Cosserat Rod Theory
[10], [11] techniques. The FEA software platform used in this
article is SOFA [12], an open source framework that is used for
interactive soft mechanics simulations and also allows generating an inverse kinematic algorithm based on the optimization
technique [13], [14].
Self-Healing Soft Pneumatic
Actuator Demonstrator
Pneunet actuators are extensively used
in academics and industry because of
their safety features and their adaptability, when in contact with a grasped
object, which can have a complex
shape. However, as they are made from
soft elastomers, they tend to get damaged by sharp objects [5]. Consequently, in previous work made by our
research group [2], [15], these actuators were constructed out of self-healing Diels-Alder polymers and can heal
from macroscopic damages.
A self-healing bending soft pneumatic actuator is selected as a case
study, of which the dimensions can be
found in Figure 2(a) and a picture
in Figure 2(b). The wall thickness is

2.5 mm, thicker compared to 0.75 mm, used in our previous
designs [15]. Consequently, the power output of this thicker
actuator is increased. The actuator is constructed via compression molding [16] using a Diels-Alder polymer, DPBMFT5000-r0.5, which chemical composition described in [15].
Aside from being healable, this Diels-Alder material can be
easily recyclable, further increasing its sustainability.
Characterization and Modeling of the
Hyperelastic Behavior
Measuring the Hyperelastic Behavior
To make a FEA model for a soft pneumatic actuator, first a
material model that simulates the hyperelastic behavior of
self-healing elastomers, from which the actuator is constructed, needs to be fit on a mechanical characterization. To have a
highly accurate mechanical characterization, six sets of different mechanical tests are preferred [17]: uniaxial tension/compression tests, biaxial tension/compression tests, and planar
tension/compression tests. This complete study of the
mechanical properties requires high technological and expensive characterization equipment that is not present in many
research labs. Consequently, in this work, the mechanical
characterization is limited to uniaxial tension and compression tests, accompanied with a Poisson ratio measurement.
Nonetheless, it will be demonstrated that with this limited
number of material tests, an accurate model of the mechanical behavior of the material can be obtained.
Both the uniaxial tensile and compression tests are executed on a Dynamic Mechanic Analyzer (DMA) Q800 of TA
instruments, with switchable tensile and compression clamps.
For the tensile test, rectangular samples of 30.0 × 3.8 × 2.3
mm3 are made, while for the compression test, cylindrical
specimens are constructed with a diameter of 8.10 mm and a
thickness of 3.20 mm. Both the uniaxial compression and tension tests are performed using a strain ramp of 1% per second.

Experiments
Material Characterization
Uniaxial tensile and
Compression Experiment

Simulations
Hyper-Elastic Constitutive Model
Fitting Constitutive Models on
the Experimental Data in Abaqus

FEA Model
Validation of the FEA Model
Using Experimental
Actuator Data in SOFA

Actuator Characterization
Deformation and
Force Tracking Experiment

FEA Model Based Controller
Position Control Using Inverse
Kinematics Optimization in SOFA
Control
Figure 1. The research methodology to achieve an FEA model-based controller, used to
perform bending angle control and healing evaluation of a self-healing soft pneumatic
actuator.
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The tensile test is performed until fracture to derive the ultimate strain and stress at fracture. Both the tensile and compression engineering stress-strain curves are plotted in the
graph in Figure 3(a). The samples could withstand strains of
more than 100%, typical for soft robotics applications. In addition, a Poisson ratio (ν) of 0.44 was determined. To do so, five
measurements are taken at a series of discrete strains (5%,
10%, 25%, 50%) and this for five samples. Via linear regression
on the collection of longitudinal and related lateral strain measurements, the Poisson ratio was determined.
Fitting Constitutive Laws on the
Hyperelastic Behavior
In the literature, a number of constitutive laws exist that
can be fitted onto the hyperelastic behavior presented in Figure 3(a), including neo-Hookean, Mooney-Rivlin, Ogden,

and Yeoh constitutive models. In the following discussion,
the material is assumed to be compressible, isotropic, and
homogeneous. The characteristic strain energy functions
(W) for the earlier mentioned constitutive laws are presented
in Table 1 for compressible, isotropic, and homogeneous
hyperelastic materials. In these functions, I1, I2, and J are the
three invariants of the left Cauchy-Green deformation tensor.
The functions are characterized by the compressibility factor
Di and the material constants Cik, μi, and αi. In what follows,
we present the methodology for fitting these constitutive on
the experimental data of the nominal stress (N1), nominal
strains^f 1h [Figure 3(a)], and Poisson ratio of 0.44.
First of all, a material sample with a volume of X ! R 3
is considered, which is subjected to a uniaxial mechanical
test. The effect of its compressibility is expressed through
the Poisson ratio. Consequently, the transversals strains, f 2
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(b)
Figure 2. Self-healing soft pneumatic actuator design demonstrator; (a) the design and dimensions, (b) the actuator prototype.
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and f 3, can be written as a function of the nominal strain
f 1 and the Poisson ratio (ν), through the formula:
f 2 = f 3 = - of 1 .
The three components f 1, f 2, and f 3 are also called principal strains. As written in [18], considering a generic point
p ! X, the deformation gradient F is defined as

volumetric ` J - 3 j and an isochoric part ^Fr h. The left CauchyGreen tensor (B) can be defined:
1

2

B = F · F T = J 3 Br where Br = Fr · Fr T , (2)
with the three invariants (I1, I2, J) defined as:

1

I 1 = tr (B) = m 21 + m 22 + m 23,
I 2 = 1 [tr (B) 2 + tr (B 2)] = m 21 m 22 + m 22 m 23 +
2
1
J = (det (B)) 2 = det (F) = m 1 m 2 m 3,

F = d x z p = J 3 Fr , (1)
where z is the displacement vector of the point p. Under
compressible assumption J ! 1 where J = det (F), the deformation gradient can be split into two contributions; a
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Figure 3. (a) Experimental data of uniaxial tension/compression test. (b) Fitting of the strain-stress curve of DBPM-F5000-r0.5. Each
fitted constitutive law in the plot has a similar trend, but the Drucker stability have to be checked, to understand if the result of the
fitting gives a stable or unstable solution, for all of the strains of the material. (c) Plot of residuals of DPBM-F5000-r0.5 of the remaining
hyperelastic models that respect Drucker stability. The neo-Hookean (blue) and the first-order Ogden (green) laws have quite the same
variation around the zero middle value (red). Anyway, the trend of neo-Hookean law is slightly tighter than the Ogden one.

Table 1. The strain energy function and the Drucker stability for the hyperelastic constitutive models fitted
on the experimental stress-strain data. As indicated in the Drucker stability column, the results of the neoHookean model and the first-order Ogden law are stable for all strains presented in the experimental data.
Constitutive Models

Strain Energy Function (W)

Drucker Stability

Neo-Hookean

C 10 (rI 1 - 3) + 1 (J - 1) 2
D1
C 10 (rI 1 - 3) + C 01 (I 2 - 3) + 1 (J - 1) 2
D1

Stable for all strains

Mooney-Rivlin
Ogden

N

/

i=1

Yeoh

Stable for m < 75%
First order: Stable for all
strains, Second order:
Stable for m < 58%

N
n i ai
(m + m 2a i + m 3a i - 3) + / 1 (J - 1) 2k
ai 1
Dk
k=1

C 10 (rI 1 - 3) + C 20 (rI 1 - 3) 2 + C 30 (rI 1 - 3) 3 + 1 (J - 1) 4 + 1 (J - 1) 4 + 1 (J - 1) 6
D1
D2
D3

MONTH 2021

•

Stable for m < 89%

IEEE ROBOTICS & AUTOMATION MAGAZINE

Authorized licensed use limited to: CAMBRIDGE UNIV. Downloaded on February 07,2022 at 11:06:38 UTC from IEEE Xplore. Restrictions apply.

•

5

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

where λi are the principal stretches and are related to principal
strains (e) by the relation m i = 1 + e i . Under the assumption
of compressibility, the first two invariants are written
as follows:
2
Ir 1 = J - 3 I 1,

4
(4)
Ir 2 = J - 3 I 2,
Under the assumption that the material is isotropic, the strain
energy function can be written as a function of the three
invariants of left Cauchy-Green deformation tensor, as the
equations listed in Table 1. In what follows, as an example, the
strain energy function is derived for a compressible, isotropic,
and homogeneous material for the neo-Hookean model. The
methodology is identical for all constitutive laws presented in
Table 1. The neo-Hookean strain energy function (W) is
given by:
W = C 10 (Ir 1 - 3) + 1 (J - 1) 2 .(5)
D1
For a compressible, isotropic, and homogeneous material, the
equation for the principal Cauchy stresses is written as:
2W = C ;- 2 J - 53 m 2J I + 2J - 32 m 2E
10
i
i
3
2m i
2m i 1
.
2J
+ 2 (J - 1 ) m i
(6)
2m i
D1

vi = mi

Because J = m 1 m 2 m 3 = m i (2J/2m i), the principal Cauchy
stresses (6) can be expressed as
vi =

2W = 2C J - 35 m 2 - I 1 + 2 (J - 1) .(7)
8 i 3B D
10
J 2m i
1

mi

The nominal stresses (N), on the other hand, can be derived
from the Cauchy stresses ( v ), thanks to the following relationship:
N = F -1 Jv.(8)
Now that a relation is formed between the nominal stress and
the material parameters C10 and D1 [(7) and (8)], these
parameters can be fitted using a Levemberg Marquadt algorithm. This is a least square method algorithm, which is

Table 2. The norm of residuals and the RMSE for
the fitting of the first-order Ogden law and the
neo-Hookean model on the DBPM-F5000-r0.5
hyperelastic material. The measure unit is in
MPa. The values of the neo-Hookean law for both
parameters are slightly lower, so that means this
behavior better approximates the material.
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Model

Norm of
Residuals RMSE

Ogden N = 1

0.256

0.019

n 1 = 0.218 a 1 = 1.972
D 1 = 1.144

Neo-Hookean

0.248

0.018

C 10 = 0.109 D 1 = 1.150
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governed by three parameters: the norm of residuals, the plot
of residuals and the root mean-square error (RMSE). The first
parameter, the norm of residuals, is a parameter for the
“goodness” of the fitting. The closer to zero, the higher the
quality of the fitting. The plot of residuals is a measure of the
error of the fitting residuals around the middle value that is
selected to be zero by definition. Lastly, the RMSE gives the
standard variation of the residuals around the middle value.
Results of the Fitting
In Figure 3(b), the results of the fitting using the Levemberg
Marquadt algorithm onto the experimental uniaxial data are
presented for the four selected constitutive material models
(Table 1). First of all, the Drucker stability [19] of the material constitutive equation [19] for the fitted curves is checked.
The last column of Table 1 shows the neo-Hookean model
and the first order of Ogden law respect the Drucker stability
requirement for all strains present in experimental data
(0–130%), while the Mooney-Rivlin law becomes unstable
for m > 75%, the second order of Ogden for m > 58% and the
Yeoh model for m > 89%. Consequently, these last three constitutive models are not stable for large strains and cannot be
considered as an adequate hyperelastic models for the use of
the self-healing material in large strain applications. Focusing
on soft robotics, therefore, the neo-Hookean and the firstorder Ogden law were selected as possible candidates for
modeling the material behavior.
Table 2 shows the norm of residuals and the RMSE of the
fitted neo-Hookean and first order of the Ogden constitutive
law. The neo-Hookean model shows slightly lower values for
both the norm of residuals and RMSE. This means that the
fitting for this constitutive law is slightly more accurate in
comparison to the fit of the first-order Ogden law. In addition, in Figure 3(c), it is visible that although very similar, the
absolute value of the residuals of the neo-Hookean model is
for each strain slightly lower than the Ogden law. As such, it
can be concluded that the neo-Hookean model provides the
best approximation of the hyperelastic behavior of the
DBPM-F5000-r0.5 material. The resulting fitting parameter
are presented in the last column of Table 2.
Characterization of the Healing Performance
In the case of self-healing elastomers, the fitting of the neoHookean model on pristine and healed samples allows to validate the healing ability of the DPBM-FT5000-r0.5 material,
measured using uniaxial tensile testing of a series of six samples (Figure 4). One pristine sample was fractured in a tensile
test with a strain ramp om 1%s−1 to derive the fracture properties, the fracture stress ^v maxh and the fracture strain
^ m max h . The other five samples were cut completely in half,
reconnected, and subsequently healed at 80 °C for 40 min
(Figure 4). Next, these samples were subjected to a tensile test
upon fracture with the same strain ramp. When comparing
the hyperelastic stress-strain relation, it can be seen that the
mechanical properties of the healed samples are recovered for
strains up to 100%.
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FEA Simulation in SOFA
In this work, SOFA [13], [20] is selected as the FEA simulator.
The design presented in Figure 2(b) is imported in SOFA and
meshed with about 64,000 tetrahedrons, while the DPBMFT5000-r0.5 material is modeled with the neo-Hookean
parameters C10 and D1, obtained in the “Results of the Fitting” section. The density of the material is t = 1.02 g cm 3 .
The ODE solver used is a Euler implicit solver, and the convergence solver is a sparse LDL solver.

0.35
0.3
Stress (MPa)

Traditionally, the healing efficiency can be defined based
on the recovery of the fracture stress or the fracture strain
(h v max = v max, healed /v max, ref , h emax = e max, healed /e max, ref ). In Table 3,
the averages of the mechanical properties derived in the tensile test until fracture are presented as well as the RMSE of the
mean value on the results. For these healing tests, high healing efficiencies of 91% ^h e maxh and 96% ^h v maxh were
achieved, respectively based on the strain and the stress. The
healed samples did not break at the location of the healed cut,
which further illustrates excellent healing performance. In addition, the Young’s modulus is used to evaluate the healing, as illustrated in Table 3. It is derived by a linear regression in the 0–5%
strain interval and recovered with 103%. However, E, σmax, and
emax provide information on the recovery of the mechanical
behavior at very low stains (0–5%), and very high strains (110–
130%). By fitting the neo-Hookean model on both pristine and
healed samples, the recovery of the mechanical behavior can be
evaluated across the entire strain window (0–130%), by checking
the recovery of the material parameters. Table 3 illustrates the
material parameters C10 and D1 for both pristine and healed samples. It can be concluded that these parameters only differ slightly
after healing, showing excellent recovery of the hyperelastic
behavior after healing.
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Figure 4. Stress-strain tensile tests until fracture of an undamaged
reference sample (red) and five samples that healed after being
cut completely in half using a healing procedure at 80 °C for
40 min (blue).

Table 3. Recovery of the mechanical properties
after healing.
Mech Prop

Symbol Unit Undamaged Healed RMSE

Young’s
Modulus

E

MPa 0.68

0.7

0.01

First Material
Constant

C10

Mpa 0.109

0.107

0.03

Compressibility D1
factor

Mpa 1.150

1.153

0.02

Fracture stress vmax

kPa

316

304

4

Fracture strain emax

%

128

117

2

Healing
efficiency

h v max

%

/

96.3

1.4

h e max

%

/

91.3

1.8

Characterization Setup for the Actuator
%
/
103.4 0.8
hE
The final aim is to build an inverse kinematic controller with
the FEA simulation working in the control scheme. Therefore, the simulation result has to be validated experimentally,
to ensure that it is accurate enough to
be used in an inverse kinematic controller. To do so, a dedicated test
bench that permits to control the
inner pressure and characterize the
actuator using motion tracking is built
(Figure 5).
Figure 5(a) shows the linear pressure
controller system. The outlet of the 60
mL syringe is connected to the actuator
and a digital pressure sensor by a tee
male connector. The plunger of the
syringe is attached to the nut by a
3D-printed interface, making it possible
(a)
(b)
to linearly move by rotating the leadscrew, which is coupled to a stepper
Figure 5. (a) The linear pressure controller system is composed of a syringe driven by
motor. Furthermore, the validation a stepper motor and an digital pressure sensor. (b) 30 × 50 × 50 cm with the Pneunet
setup is composed of a 30 × 50 × 50 cm actuator and RGBD camera.
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plexiglass box in which a RGBD camera is installed [Figure
5(b)]. The camera tracks the position of the centroids of nine
blue markers on the actuator during bending [Figure 6(a)]. In
the FEA, nine corresponding nodes are selected and their position is tracked during the simulation shown in Figure 6(b)
(green dots). The FEA model, with integrated neo-Hookean
model, is validated by comparing the position of the markers
on the actuator with the selected nodes in the FEA simulation.
To estimate the position of the markers, the camera is first calibrated with Zhang calibration method [21], after which the
images of the camera are streamed through a robotic operating
system and elaborated through a segmentation algorithm that
highlights the blue markers in white, on a black background
as shown in Figure 6(c). Finally, the frames of the segmented
images are sent to a clustering algorithm, that recognizes the
number of markers on the pneumatic actuator and calculates
the centroid position through the camera calibration.
Validation of the FEA Simulation
The experiments are made for two different orientations of
the bending actuator in comparison to the gravitational
field (g); an upward bending with the gravity force that act
against the motion [Figure 7(c)] and a downwards bending
with the gravity force assisting it [Figure 7(d)]. Both orientations are tested for three different pressures; 0.3 bar, 0.5 bar
and 0.76 bar.
When comparing the SOFA simulation (dashed lines)
with the experimental tracking of the markers (crosses), it can
be seen that the FEA model simulates well the bending characteristic for both configurations [Figure 7(a) and (b)]. The
RMSE, calculated between the marker’s centroids positions
detected by camera and the simulation positions (Table 4), is
below 1 mm for each pressure and configuration. This accuracy is sufficiently high such that this simulation can be used
in the control scheme of a soft gripper. Furthermore, it can be
seen that the simulation can take into account the direction of
the gravitational field, which is important in soft gripper
applications, in which the gripper rotates in the 3D space.

Furthermore, Figure 7(e) and (f) show the bending angle for
the three pressure inputs as function of the normalized time,
to demonstrate that the FEA simulation matches the reality
for a bending action involving bending under an increasing
pressure up to 0.3, 0.5 and 0.76 bar. The dashed lines are the
data from the camera and the continuous lines are retrieved
from SOFA simulations.
Inverse Controller
Based on the validated FEA model, the inverse kinematic
controller can be designed (Figure 8). An inverse controller
of the bending angle is developed, defined as the angle
between a vertical line through the base of the actuator and
a segment through the base of the actuator and the tip [Figure 6(a)]. As seen in Figure 8, starting from a desired bending angle (Θd), the controller will minimize the error
between the desired value and the measured one (Θm). This
error is multiplied by a gain matrix K, that provides the
input for the SOFA scene, implemented using two important plugins: the Model Order Reduction plugin [22] and
the SoftRobots.Inverse plugin [13]. The first conserves the
DoF of the scene object but decreases drastically the number of tetrahedrons in the mesh (from 64,000 to 12), accelerating the scene performance in terms of frame per second.
The SoftRobots.Inverse plugin [13] allows to resolve the
inverse problem, calculating the pressure P needed to reach
the desired angle based on the FEA simulation. This pressure is sent to the actuation system that tracks and estimate
the actual angle with a camera, which works as feedback in
the control scheme. The designed controller has a maximum speed of 20 Hz. Figure 9(a)–(d) show the results of the
experiments of the bending angle’s inverse controller. The
pressure value retrieved from the inverse problem solver in
SOFA, for this experiment, is about 0.5 bar. In particular to
demonstrate the self-healing ability of the Diels-Alder polymer that is used in this article, the finger will undergo two
damage/healing cycles. In each case, the actuator was damaged severely as seen in Figure 9(e)–(f). However, these

x
θ

y
(a)

(b)

(c)

Figure 6. (a) An image of the actuator at 0.76 bar with nine blue markers. The figure also illustrates how the bending angle H is
geometrically calculated as the angle between the origin and the tip. (b) SOFA simulation with the selected nodes (green) in the meshed
simulated actuator that coincide with the centroids of the nine blue markers on the actuator prototype. (c) A segmented image, with in
white, the highlighted position of the marker on a black background. The clustering is visible too, with the centroids of the markers in
red.
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Figure 7. (a)-(b) The bending of the actuator at 0.3 bar, 0.5 bar and 0.76 bar in two different configuration in comparison to the
gravitational field; upwards and downwards bending. The dashed lines are the nodes selected in the SOFA simulation, while the
x-symbols are the centroids of the marker detected by the camera. (c)-(d) Camera images of the bending configurations. (e)-(f) The
bending angle versus the normalized time for the three pressure inputs.

large damages can be healed by heating the actuator for
40 min to 90 °C. After healing, identical to the “Validation
of the FEA Simulation” section, the experiments are repeated in the two different configurations with respect the gravitational field. Figure 9(a) and (c) shown the trends of
bending angle Θ as a function of time, for both

Table 4. The RMSE between the marker’s centroids
position and FEA simulation positions for each
pressure level and for the two bending directions.
Bending Direction

Unit

0.3 bar

0.5 bar 0.76 bar

RMSE for upward
bending

mm

0.94

0.83

0.81

RMSE for downward
bending

mm

0.98

0.86

0.83

configurations, while Figure 9(b) and (d) illustrates the relative estimated error between the desired bending angle and
the bending angle measured by the camera feedback. From
the plots, it is clear that for the undamaged actuator (in
blue) and the healed actuator, both for first (in magenta)
and second damage/healing cycle (in black), the measured

θd

+
–

e

P

K

θm

Actuation Setup
+
Camera

Figure 8. The inverse control scheme.
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bending angle converge to the desired bending angle, confirming that after healing the actuator properties are
recovered.
Conclusions and Future Work
In this article, a methodology is presented to develop an
inverse kinematic controller for soft pneumatic robots based
on an experimental characterization of the hyperelastic
materials from which the system is constructed. It is illustrated that via uniaxial tension and compression test, hyperelastic constitutive models can be fitted on the experimental
data, which can be used in a FEA model of the actuator.
This methodology was tested for a self-healing Pneunet
actuator developed out of a Diels-Alder polymer. Although
in total five hyperelastic models, including Mooney-Rivlin,

Inverse Control for Bending Angle
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neo-Hookean, Yeoh, and Ogden first- and second-order
laws, were fitted on the stress-strain data of the Diels-Alder
material, the neo-Hookean proved to form the best fit for
the entire strain window of 0–130%, in which these selfhealing materials can be used.
To further validate the neo-Hookean model, the material constants were used in a FEA simulation in SOFA, an
open source software, to simulate the bending behavior of
Pneunet actuator. In addition, a prototype was made via
compression moulding of the Diels-Alder material and its
motion during actuation was tracked on a characterization setup with a pressure controller and motion tracking
camera. The FEA simulation, and the embedded neoHookean model, were validated by comparing the simulation and the experimental characterization. For different
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(e)
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Figure 9. The results of the actuator reaching a desired bending angle using the inverse kinematic controller. The experiments were
performed for both the (a), (b) upwards and (c), (d) downwards configuration, on the pristine (undamaged) actuator and on the
actuator that underwent two damage/healing cycles. (e), (f) The first and second damage.
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pressures and different configurations in comparison to
the gravitational field, RMSEs of less than 1 mm were
detected between tracked markers on the actuator prototype and corresponding selected nodes in the FEA simulations. This illustrates that only with a limited material
characterization, actuator models can be developed with
an accuracy that is sufficient for a wide variety of soft
robotic applications.
This validated FEA model, was used in a feedback
inverse control scheme. In particular, SOFA simulation
resolves the inverse problem, and it is tested in bending
angle, for an actuator that undergoes to two damage/healing cycles. The results are promising and show that the selfhealing material doesn’t lose mechanical properties and
performance. In future works, this approach will be extended for multimaterial applications. Furthermore, the controller can evolve toward a dynamic controller in the future,
as in the material model can be extended including viscoelastic properties. In this way the actuator can be tested in
dynamic conditions, for example with sinusoidal or more
complex controller inputs.
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