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Abstract—The increasing interest in soft robotics has led to
new designs that exploit the combination of multiple materials,
increasing robustness and enhancing performance. However, the
combination of multiple non-linear materials makes modelization
and eventually control of these highly flexible systems challenging.
This article presents a methodology to model multi-material soft
pneumatic actuators using finite element analysis (FEA), based
on (hyper)elastic constitutive laws fitted on experimental material
characterisation. The model in SOFA, the FEA software, allows
to model and control in real-time soft robotic structures. One of
the novelties presented in this paper is the development of a new
user-friendly technique for the mesh partitioning in SOFA, using
MATLAB algorithms, that allow the creation of uniform and
more refined meshes and a mesh domain partitioning that can be
adapted for any geometry. As a case study, a cylindrical multi-
material soft pneumatic actuator is considered. It is composed
of an internal chamber, which is constituted of an autonomous
self-healing hydrogel, modelled as a hyperelastic material, and an
external elastic reinforcement, made of thermoplastic polyether-
polyurethane elastomer (TPPU), approached as a linear elastic
material. The simulation of the combination of a hyperelastic and
a linear elastic material in a single design is another contribution
of this work to the scientific literature of SOFA simulations.
Finally, the multi-material model obtained with the new mesh
partitioning technique is simulated in quasi-static conditions and is
experimentally validated, demonstrating an accurate fit, between
simulation and reality.

Index Terms—Soft robotics; multi-material; finite element
method; FEA based control; self healing robots;

I. INTRODUCTION

Soft robotics is a research field that is evolving fast, in fact,
novel designs and control strategies for soft arms and actuators
are continuously proposed in scientific literature [1]. The
development of soft robots designs is focused on creating more
robust and better performing robotic structures. One approach to
this challenge is to exploit the combination of multiple materials
in multi-materials robotic structures [2]. Varying the stiffness
throughout the design can create complex anisotropic actuation
responses [3], [4] and has shown to be useful in different
soft robotics applications, including increasing the bending
performance of actuators in soft grippers with robust grasps,
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in hand rehabilitation devices [5] and in joints of walking
robots [6]. One of the principal reasons why multi-materials
soft robotic designs are still challenging, is the strength at the
interface between two different materials that are locally joined.
In fact, if the two materials do not create strong bonds between
each other, the interface results as the weakest point in the
multi-material structure which is susceptible to rupture, due
to the presence of stress concentrations and weak secondary
bonds that provide limited adhesion [7]. Consequently, many
multi-material soft robots have a limited lifetime, leading to
non-optimal economical and ecological solutions.
Recent use of smart materials, in particular self-healing
polymers, in the soft robotics field has tackled this problem,
increasing the robustness by creating healable soft robots [8],
[9]. Self-healing materials have the particular ability to recover
from macroscopic damages without losing mechanical perfor-
mance. As they are composed of reversible crosslinks, they
can be manufactured and reprocessed via a wide varieties of
manufacturing techniques [10]. Multiple self-healing polymers
can be assembled together [11], [12] or with other non self-
healing parts [13], creating multi-material structures with a
higher degree of anisotropic deformation response, resulting
in more complex actuation modes. Consequently, this type of
materials offers a big opportunity for soft robotic research,
permitting to create mechanical structures with a high degree
of embodied intelligence, while at the same time increasing
the lifetime of the robotic systems healing [14]. By adapting
the polymer network composition, the mechanical properties
of many of these self-healing polymers can be fine tuned onto
specific requirements imposed by a specific application [15],
providing excellent degree of freedom in the design of multi-
material soft robots.
However, multi-material design has an impact on the modelling
and control of soft robots, increasing its complexity. Although,
multiple model-based strategies have been published, like the
Constant Curvature (CC) model [16] and Piecewise Constant
Curvature (PCC) model [17] based on modified Denavit-
Hartenberg parameters, used for multi-section manipulators
that have large non-planar motions. Recent developments of
this techniques leads to the creation of kinematic [18] and
dynamic controllers [19], that involves also contacts with
the environments. These methods are governed by a lot of



assumptions and analytical equations, like in [20], they show
lack of accuracy, as demonstrated in [21] and almost all are
limited to single material designs. Other research groups rely
on model-free strategies, like [22], [23], but they don’t retrieve
any mechanical relation between the material and the actuator
level, that is the approach pursued in this scientific article.
In fact, this research work follows a methodology for material-
based modelling of soft robots, introduced in [24] and expands
it towards multi-material modelling (Fig. 1). The methodology
is based on finite element analysis (FEA) in the SOFA
environment [25], which allows to model and control soft
pneumatic actuators [26] and manipulators [27]. SOFA has
multiple limitations when it comes to modeling multi-material
soft robots, which will be addressed in this paper. Firstly, the
SOFA software allows for multi-material simulation, however,
the meshes generated are made by non-uniform elements and
are not refined enough to have good results. Furthermore,
SOFA uses the boxROI function for multi-material modelling,
but this is limited to the simulation of cubic and spherical
shapes, not including cylindrical or other more complex objects.
Lastly, a third way of multi-material modelling that SOFA
uses for linear elastic material is based on changing local
stiffnesses in the mesh, using the function localStiffnessFactor,
that defines the proportionality between the Young’s modulus of
the materials involved in the design. However, as demonstrated
in [28], this method is bound to small deformations, as for
large deformations hyperelastic material models are required to
model soft robotics. For this reason, a geometrical formulation
is applied to correct the model.
To resolve all these issues, this paper introduces a new meshing
and partitioning algorithm, developed in MATLAB, resulting
in a novel technique for the SOFA framework that allows
to handle multi-material domains. Furthermore, one of the
materials involved in the proposed design of this work is
considered hyperelastic and consequently there is no need
for a geometric formulation to correct the model in the large
deformation regimes. As case study, a cylindrical multi-material
actuator is considered. It is composed of an internal chamber,
made of an autonomously self-healing hydrogel, and an external
reinforcement 3D-printed in TPPU that is not healable [13].
The self-healing polymer, which rely on reversible hydrogen
bonds, provides healing capacity in the multi-material actuator.

The paper is structured as follows. In Section III, the
actuator design will be presented, explaining in detail the
materials involved (Section III-A) and the actuator fabrication
(Section III-B). Then, the modelling of the multi-material
actuator will be discussed in Section IV, starting from the
hydrogel hyperelastic characterization (Section IV-A), with a
constitutive law fitted on experimental data, while the TPPU
reinforcement is considered linear elastic. Due to the strong
adhesion between the two materials, the interaction at interface
is considered as a fixed constraint, so the sliding motions are
neglected. Then, the MATLAB mesh partitioning algorithm
is explained in detail (Section IV-B). At this point, the multi-
material SOFA simulation is ready, and the model will be
experimentally validated in quasi-static conditions (Section V).
To do so, an experimental setup is built and presented in
Section V-A, while the results are demonstrating in Section V-B,

Fig. 1: Methodology followed in this paper to retrieve a FEA-
based quasi-static model of a multi-material soft actuator. From
materials characterization and the CAD design of the actuator,
a multi-material mesh is created using a Matlab algorithm.
This model is simulated in SOFA software and its results
are compared and validated with the real actuator behaviour.
Dashed-line rectangles denote experimental tasks, while solid-
line rectangles involve design, modelling or simulation.

showing that the multi-material model built in SOFA matches
the reality.

II. CONTRIBUTIONS

To highlight the contributions brought to the scientific
community on multi-material simulation in SOFA, the
novelties of this work are listed:

• The methodology for developing a material-based FEA
model from soft robotic actuators presented in [24] is
expanded from single material designs towards multi-
material soft robotic structures. It involves experimental
characterisation of the involved materials, fitting of con-
stitutive material models and implementation in FEA.

• One of the materials involved in the proposed design is
modelled as hyperelastic. Consequently the geometrical
formulation explained in [28] to correct the SOFA model
is not needed, as the simulation matches the reality also
in large deformation domain.

• A novel meshing and partitioning technique is developed
for the SOFA framework software, involving MATLAB
algorithms, that give as output uniform and refined meshes
with multiple domains adaptable for any geometry.

III. ACTUATOR DESIGN AND MANUFACTURING

The pneumatic bending actuator used in this work contains
two distinct parts: an internal cylinder-shaped chamber made
of a hyperelastic self-healing hydrogel and an external elastic
reinforcement (Fig. 2). The inflation of the hyperelastic
chamber is constrained on one side by a continuous strip
of reinforcement material. the inflation therefore makes the



Fig. 2: Design and healing of the multi-material soft pneumatic
actuator. a) Schematic view. b) Parts. c) Manufactured actuator.
d) Damaged actuator. e) Healed actuator.

actuator bend in one direction. Similar reinforced actuator
designs can be found in the literature [29].

A. Materials
The reinformecement in the actuator is a commercial TPPU

filament for 3D-printing (Recreus Filaflex® 82A). The hydrogel
used for manufacturing the inner chamber of the actuator is
an electroactive and self-healable material, of which detailed
information on the chemical composition and synthesis can
be found in previous work [13], [30]. It is based on a
[2-(acryloyloxy)ethyl]-trimethylammonium chloride (AETA)
monomer and prepared by photopolymerization under UV light
(365 nm) using an exposure of 1-2 minutes. This hydrogel
present anti-drying properties and heals autonomously without
requiring any external stimulus. In ambient conditions, the
hydrogel contains a low amount of water bound to the
polymeric chains, situation defined as equilibrated state. This
water is responsible for the hydrogel self-healing capacity:
when two pieces of hydrogel are put together, hydrogen bonds
are formed between the water molecules of each side, while still
bound to their respective polymeric network, thus causing the
healing. This mechanism is detailed comprehensively in [13].
Because of this extraordinary healing function, the actuator
can recover completely from being cut and punctured by a
sharp object in a matter of minutes (Figs. 2.d, e).

B. Manufacturing
The hydrogel chamber is manufactured by photopolymeriza-

tion using a transparent mold which consists of two concentric

Fig. 3: Actuator manufacturing. a) Mold filled with hydrogel
solution to manufacture the chamber. b) Design and dimensions
of the 3D-printed reinforcement.

methacrylate tubes (Fig. 3.a). These tubes define the shape
of the chamber, with dimensions of 12 mm inner diameter
and 21 mm outer diameter. To obtain the chamber, the mold
is filled with the hydrogel solution and polymerized using
UV light. Next, the part is extracted from the mold and left
at ambient conditions for one week to reach the hydrogel
equilibrated state. Upon equilibration, the material shrinks due
to the loss of water content and as a result the cilindrical
chamber shrinks. Eventually the inner diameter is reduced
to 10 mm, while the outer diameter reaches 18 mm. It is
important to take this volumetric change in account in the
design of future healable soft robots manufactured out of this
type of self-healing material. The length of the chamber is
determined by the quantity of solution poured in the mold and
is 115 mm in total, while the inner cavity has a length of 100
mm. The reinforcement is 3D-printed as a planar shape and
has a thickness of 0.8 mm (Fig. 3.b). Then the reinforcement
structure is rolled over the hyperelastic chamber. Once rolled,
the two longitudinal bands of the reinforcement are stuck
together using double-sided tape. In this way, thanks to the
hydrogel friction and the large compression radial force that the
reinforcement is exerting over the hydrogel chamber, both parts
are fixed, without the need of adding any adhesive between
them.

IV. MULTI-MATERIAL MODELLING IN SOFA

The procedure of making an FEA model of the cylindrical
multi-material soft pneumatic actuator starts with a material
characterization, including fitting (hyper)elastic material mod-
els onto the obtained experimental data of the mechanical
properties. Next the geometry has to be meshed, identifying
the different material domains and assigning the corresponding
properties. Lastly, both the meshed design and the material
models are implemented in SOFA, in which the large defor-
mations upon pressurization the actuator are simulated using
FEA.

A. Materials characterization

The TPPU, used in the reinforcement, has an almost purely
linear elastic characteristic with a Young’s Modulus (E) of 45
MPa, Poisson ratio (ν) of 0.39 and density of 1.12 g/cm3 (values
provided by the manufacturing company, Recreus, material



Filaflex® 82A). The hydrogel is hyperelastic as illustrated by
Table.I. Uniaxial tensile and compression tests were performed
in a Dynamic Mechanical Analyzer (DMA) Q800 of TA
Instruments (Fig. 4). For tensile test, a prismatic sample of
5.40 mm length, 5.35 mm width and 1.15 mm thickness were
prepared, while a cylindrical sample of 3.65 mm height and
8.20 mm diameter were prepared for compression tests. The
two tests were run at 1%/s strain rate, up to 40% strain for the
compression tests and up to 250% for the tensile ones, which
is a range wide enough for our application. A Poisson ratio
(ν) of 0.32 was determined by measuring the transverse strain
at multiple points of axial strain (25%, 50%, 75%) and fitting
via linear regression (ν = −ϵtrans/ϵaxial).
Based on this experimental characterization (stress, strain

and Poisson ratio), a hyperelastic constitutive model is fitted
using an additional software tool, Abaqus. Multiple constitutive
hyperelastic laws were considered in this fitting procedure: Neo-
Hookean, Mooney-Rivlin, Yeoh and Ogden (first order). These
laws are defined by strain energy density functions (W ) that
relate the strain energy of a material to its deformation gradient
(Table I). Under the assumption of compressibility, isotropy
and homogeneity, the relation between the invariants (I1, I2, J)
of the left Cauchy-Green tensor (B) and the principal stretches
(λi) can be written as:

λi = 1 + ϵi, i = 1, 2, 3 (1)
I1 = λ2

1 + λ2
2 + λ2

3 (2)
I2 = λ2

1λ
2
2 + λ2

2λ
2
3 + λ2

1λ
2
3 (3)

J = λ1λ2λ3 (4)
I1 = J−2/3I1 (5)
I2 = J−4/3I2 (6)

In which ϵi are the principal strains in the three directions.
More details about these relations can be found in [24]. From
these functions (W ), the principal Cauchy stresses (σi) can be
obtained (more details in [24]). Using this σi as function of the
principle strain each model can be fitted to the experimental
stress-strain data using the Levenberg-Marquardt method. This
procedure, carried out in the Abaqus software, provides the
results displayed in Fig. 4: stress-strain characteristic of the
models compared to the experimental data (Fig. 4.a) and
residuals (i.e. errors) between each model and experimental
data (Fig. 4.b).

The criteria used to select the suitable material model are
the norm of residuals (the lower the better fit) and the Drucker
stability of the constitutive law [31]. According to the results
shown in Fig. 4 and Table II, the Mooney-Rivlin model can be
discarded, while the other three models, the Neo-Hookean, the
Yeoh and the Ogden, represent accurately the experimental data
and are stable for all strains. The Yeoh model is the most precise
as it presents the lowest norm of residuals, but it involves a
lot of parameters (see Table I), causing a higher computational
cost. For this reason, we decided to select the Neo-Hookean
model, as it is accurate but only involves two parameters,
leading to a lower computational cost. The fitted values for
the Neo-Hookean parameters are C10 = 1.343 · 10−2 MPa and
D1 = 30.461 MPa−1.

Fig. 4: Fitting of hyperelastic models using experimental
data and Abaqus software. a) Stress-strain characteristic. b)
Residuals. As can be seen, Ogden, Neo-Hookean and Yeoh
models can represent accurately the experimental data, while
Mooney-Rivlin is unstable.

B. Mesh and multi-material domain partitioning

Now that we have defined a constitutive law for each of
the two materials present in the actuator; a Neo-Hookean
model for the hydrogels and a Hookean model for the TPPU,
these materials models need to be assigned to the parts of the
actuator in the SOFA framework. The multi-material model
presented in [28] used the SOFA function localStiffnessFactor
that makes mesh partitions and varies the material property
throughout the design using a proportionality factor on the
Young’s modulus. This technique works only for linear-elastic
materials and is not accurate in large deformation domain
in which the hyperelastic behaviour of the hydrogel will be
non-negligible. In fact, a geometrical formulation is needed
to correct the model. Instead, in this paper, through mesh and
multi-material domain partitioning, the hyperelastic model of
the hydrogel can be implemented in the multi-material design
in SOFA, which permits to reach accurate results also in the



TABLE I: Formula of the strain energy density function (W ) for each hyperelastic model considered to fit the hydrogel
behaviour.

Model Strain energy density function, W
Neo-Hookean C10(I1 − 3) + 1

D1
(J − 1)2

Mooney-Rivlin C10(I1 − 3) + C01(I2 − 3) + 1
D1

(J − 1)2

Yeoh C10(I1 − 3) + C20(I1 − 3)2 + C30(I1 − 3)3 + 1
D1

(J − 1)2 + 1
D2

(J − 1)4 + 1
D3

(J − 1)6

Ogden
N∑
i=1

2µi

α2
i

(λ
αi
1 + λ

αi
2 + λ

αi
3 − 3) +

N∑
j=1

1
Dj

(J − 1)2j

TABLE II: Norm of residuals, root mean square error and Drucker stability for the fitted models over the experimental data.

Model Norm of residuals [MPa] RMSE [MPa] Drucker stability
Neo-Hookean 9.301 · 10−2 1.829 · 10−3 Stable for all strains
Mooney-Rivlin 76.768 · 10−2 15.105 · 10−3 Unstable for all strains
Yeoh 8.078 · 10−2 1.590 · 10−3 Stable for all strains
Ogden (first order) 8.934 · 10−2 1.758 · 10−3 Stable for all strains

large deformation domain, without the need of a geometrical
formulation.

In order to obtain simulation results that represent precisely
the reality (i.e. experiments), a refined mesh is needed.
Furthermore, to do a multi-material simulation, it is essential
to distinguish the volumetric parts of the simulated object
manufactured with different materials. Although in SOFA,
there are SOFA mesh partitioning tools that carries out this
task, these functions are not used in this work, as they generate
meshes that are composed of non-uniform elements and that are
not refined. Furthermore, SOFA can use the boxROI function
that selects all the mesh nodes enclosed in a user defined box,
in which is possible to change the material properties. This
technique can work for cubic and spherical shapes, but is not
available for cylindrical shapes. For these reasons, a MATLAB
meshing and partitioning algorithm is developed, resulting in a
novel meshing partitioning technique for the SOFA framework.
The 3D design was made in Inventor (Autodesk, California,
USA), in which the assembly of the hydrogel chamber and
the reinforcement was exported as a surface in an STL format,
which serves as the input for the MATLAB algoritm. In the
simulation, it is assumed that the hydrogel and the TPPU are
glued together, e.g. sliding motions at the interface will be
neglected. Next, this STL format is imported in MATLAB
and using the VTK exportation function, a volume is created
with a tetrahedral mesh of 200 thousand elements of uniform
dimension to have accurate results and geometry approximation
with also a quite good simulation speed of 2.5 FPS. The mesh
is exported in VTK format that is compatible with SOFA (a
schematic view of the whole process can be seen in Fig. 5.a).

The tetrahedrons that are present in the mesh have to be
assigned to one of both domains; the hydrogel or reinforcement
material. In the VTK file, we select the mesh elements that
have at least three vertices with a higher distance from the
longitudinal axis of the cylinder than the external radius of the
hydrogel chamber (9 mm). These mesh elements are assigned
to the reinforcement domain and the results of this tetrahedrons
vertices selection can be seen in red in Fig. 5.b.

Fig. 5: Meshing and tetrahedrons vertices selection algorithm
in the soft pneumatic actuator. a) Series of steps in the
procedure. b) Results of tetrahedrons vertices selection (top
view); tetrahedrons corresponding to the reinforcement are
displayed in red.

C. FEA simulation in SOFA

The mesh that is created in MATLAB and exported in VTK,
is imported into SOFA. First of all, the tetrahedrons in the
entire mesh are assigned to the hydrogel domain, defined by
the hydrogel density and the Neo-Hookean constitutive model
that was fitted in a previous section. Then, a sub-topology
is created using a Subset Topological Mapping which selects
the tetrahedrons vertices obtained in the MATLAB algorithm



and updates the properties of these elements by assigning it
to the reinforcement domain, defined by the TPPU density
and the Hookean linear elastic model. In this way, a multi-
material model is created with a Neo-Hookean internal hydrogel
chamber and a linear elastic external reinforcement in a unique
mesh without considering any sort of constraint between the two
parts. Consequently, the entire actuator is completely defined
and ready for simulation. The numerical problem is solved
using the ODE solver Euler Implicit Solver and the Sparse
LDL Linear Solver.

V. MODEL VALIDATION

In order to validate the multi-material model built in SOFA,
the actuator was experimentally characterized in quasi-static
conditions.

A. Experimental setup

A dedicated experimental test bench composed of a pressur-
ized air setup and a motion tracking camera is built. The setup
is mounted in a plexiglass box of 30×50×50 cm (Fig. 6.a).
This box includes a RGBD camera Intel® RealSenseTM D435
(element 1 in Fig. 6.a) and a clamp (element 3 in Fig. 6.a)
for the pneumatic actuator (element 4 in Fig. 6.a). The soft
actuator is actuated using a pressure regulator valve VEAB-L-
26-D7-Q4-V1-1R1 from FESTO® (Festo, Esslingen am Neckar,
Germany) (element 2 in Fig. 6.a). To control the regulator valve,
an Arduino is used. More specifically, a PWM signal is first
created and filtered with a low-pass filter. Then, the filtered
signal (0 to 5 V) is amplified using an operational amplifier
TLC272IP (Texas Instruments, Texas, USA) in order to obtain
a 0 to 10 V signal to fit the requirements of the valve control
signal. The applied pressure was recorded from the valve using
its internal sensor. The sensor signal (0 to 10 V) was passed
through a voltage divider to be read by Arduino (0 to 5 V).

The actuator motion is recorded by the camera (element 1
in Fig. 6.a), which was first calibrated using the calibration
method described by Zhang et al. [32]. Then, the position of
the markers fixed on the actuator (Fig. 6.b) can be tracked
using real-time color-based segmentation. By doing so, the
centroid of each of the blue markers is obtained. Finally, the
bending angle (θ) is calculated at every time instant as the
angle between the verticle straight line through the base of the
actuator (the origin) and the tip of the actuator at rest (along
the -Y axis) and a straight line through the base of the actuator
and the actuator tip during actuation (Fig. 6.b). In SOFA, six
corresponding nodes are selected and their position is tracked
during the simulation (Fig. 6.c). In the simulation, the bending
angle is calculated as well, in the same way as in Fig. 6.b).

B. Quasi-static tests

In these tests, different pressure levels are introduced in
the actuator to compare the corresponding bending behaviour
with the simulated one. These tests are performed at discrete
pressure values, ranging from 0.10 to 0.45 bar with increments
of 0.05 bar, on an actuator which tip is facing downwards
at the start of the experiment at 0 bar. The final position

Fig. 6: a) Experimental setup. The camera (1) records the
actuator (4), which is hold by a clamp (3) and inflated by
a pressure regulator valve (2). b) Bending angle (θ) of the
actuator. The centroids of the markers are obtained through
the segmentation and are shown in pink, while the last one
(tip) is shown in red. The cyan dotted line is a circumference
fitted to the markers. c) The SOFA simulation. The markers
that are tracked in SOFA are shown in green.

TABLE III: Bending angle expressed in degree for both
simulation and experimental results, and RMSE between the
simulation markers positions and the experimental ones. All
the results are shown for different pressures expressed in bar.

Pressure Bending angle [°] Markers position
[bar] Simulation Experimental RMSE [%]
0.10 10.51 9.46 4.2
0.15 15.18 15.18 3.7
0.20 20.43 20.46 3.6
0.25 30.30 28.79 4
0.30 37.02 36.95 3.5
0.35 50.09 50.11 1.8
0.40 65.32 65.48 2.8
0.45 91.23 91.68 4.5

of the actuator for each pressure is shown in Fig. 7.a). The
position of the selected markers for the experimental tests
and simulations at the discrete pressure points are plotted
in Fig. 7.b). In Fig. 7.a) and Fig. 7.b), the different colours
represent the different pressure level applied. In Fig. 7.c), the
bending angle is plotted as a function of the pressure for both
the experimental characterization, as well as the simulation.



Fig. 7: Quasi-static tests at different pressures. a) Real image
of final positions of the actuator. b) Marker positions for exper-
imental tests (crosses) and simulations (dashed line). c) Final
bending angle for simulation (blue cross) and experimental
data (red circle). All the colors in subfigure b) match the legend
shown in a).

As seen in these results, the simulation matches the reality in
a accurate way. This is visible from the Fig.7.b), which shows
the final markers position tracked both in simulation (dashed
lines) and by the camera on the real actuator (crosses). These
results are also quantified in Table III, where the simulated
bending angles, the experimental ones and the RMSE between
the simulated markers positions and the experimental ones are
listed for all the quasi-static pressures inputs. The RMSE value
are expressed in percent, with respect the total length of the
actuator (115 mm). It can be noticed that the RMSE is lower

that the 5% for each validation experiment. As visible also in
Fig.7.c) the bending angles match for each pressure input. In
Fig. 7.c) it is visible that the simulation (dashed lines) and the
the experimental bending angle converges to the same values
for each pressure input.

VI. CONCLUSIONS

In this paper, a quasi-static model for a cylindrical multi-
material soft actuator is presented. This FEA model is based
on the geometry of the soft robotic actuator and material laws
that are fitted onto experimental data derived using uniaxial
stress-strain testing. Although the presented approach can be
used for any combination of (hyper)elastic materials and any
actuator geometry, a self-healing pneumatic bending actuator
was selected as a case study. This actuator is composed of an
internal self-healing hydrogel based chamber and a 3D printed
external reinforcement made in TPPU. The model is made in
SOFA, an FEA software that allows interactive simulations.

The paper provide different novel contribution in terms of
multi-material simulation using the SOFA framework. This
work does not use the traditional multi-material approaches
in SOFA, including the mesh partitioning tool or the boxROI,
because these do not create sufficiently regular meshes and
are not adaptable for all geometries. In addition, they do not
allow to implement hyperelastic material laws in multi-material
designs and are limited to linear elastic modeling. Instead, a
MATLAB algorithm is used to generate a unique volumetric
mesh with regular tetrahedrons (almost 200 thousand). The
mesh is split in two domains, one for hydrogel chamber and
one for the TPPU reinforcement. This approach can be used
for any geometry and can be expanded to a higher number
of domains, when modeling parts that consist out of a large
number of materials. It allows to simulate multiple materials
via (hyper)elastic material models in the FEA SOFA. Because
of this new partition technique, more advanced hyperelastic
models can be implemented in multi-material FEA models,
increasing the accuracy of these models, in particular for
large deformation modes. These (hyper)elastic models can
be derived from simple uniaxial material tests. The paper
presents a methodology to fit different hyperelastic constitutive
laws on experimental data obtained via uniaxial tension and
compression tests. Using this approach, a Neo-Hookean model
was selected as best fit for the hyperelastic hydrogel, while
the TPPU is simulated using a Hookean linear elastic model.
Both material models, as well as the partitioned mesh were
introduced in SOFA.

The model is experimentally validated in quasi-static con-
ditions. To do this, an actuation setup is built, in which the
actuator motion can be tracked during pneumatic actuation,
using a camera. For different pressures ranging from 0.1 bar
to 0.45 bar the actuation deformations, it was shown that
the FEA model outcomes coincide with the experimental
characterisation. In fact, the RMSE of selected marker positions
between the simulated and experimental marker position are
smaller than the 5% of the actuator’s total lenght (115 mm) and
the simulation and the camera data converge towards the same
final bending angle. In conclusion, the quasi-static model can



be considered validated. The authors believe that the accuracy
of this material-based quasistatic model results from the precise
fitting of the constitutive law on the material level and this for
the entire strain window.
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[30] A. López-Dı́az, A. Martı́n-Pacheco, A. M. Rodrı́guez, M. A. Herrero, A. S.
Vázquez, and E. Vázquez, “Concentration gradient-based soft robotics:
Hydrogels out of water,” Advanced Functional Materials, vol. 30, no. 46,
p. 2004417, sep 2020.

[31] K. Romanov, “The drucker stability of a material,” Journal of Applied
Mathematics and Mechanics, vol. 65, no. 1, pp. 155–162, 2001.

[32] Z. Zhang, “A flexible new technique for camera calibration,” IEEE
Transactions on pattern analysis and machine intelligence, vol. 22, no. 11,
pp. 1330–1334, 2000.


	Introduction
	Contributions
	Actuator design and manufacturing
	Materials
	Manufacturing

	Multi-material modelling in SOFA
	Materials characterization
	Mesh and multi-material domain partitioning
	FEA simulation in SOFA

	Model validation
	Experimental setup
	Quasi-static tests

	Conclusions
	References

