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Abstract— Anguilliform-swimming soft fluidic robots hold
great promise for a range of underwater applications. However,
because they leverage the complex dynamics of soft bodies
interacting with fluids, it is challenging to use intuition to
determine design parameters. Multidisciplinary design opti-
mization offers a promising solution to this challenge by
providing an automated and systematic method for leverag-
ing computational models to find optimal design parameters.
This study investigates a method for multidisciplinary control
co-design optimization of anguilliform-swimming soft robots,
using physics-based models to optimize shape and control
parameters. The modeling framework includes a geometry-
centric approach for geometry modeling and parameterization,
a three-dimensional finite element model for structural me-
chanics, and an unsteady panel method for fluid dynamics.
The approach is tested by applying it to the optimization of
a pre-existing eel-inspired soft robot. Model parameters are
estimated from existing experimental data, and two control
co-design optimizations, with high-level and multilevel shape
parameterizations, are performed to minimize energy cost.
The optimized actuator module is manufactured, and used to
collect additional data for re-estimating the structural model
parameters. The optimization is performed again with the
updated model parameters, showing a simulated energy cost
reduction of 45% and the prescribed 128% speed increase
compared to the baseline design with optimized control and
updated model parameters. These results demonstrate the
potential of the proposed optimization approach to advance
the performance of anguilliform-swimming soft fluidic robots.

I. INTRODUCTION

Soft, anguilliform-swimming robots hold great promise for
a range of aquatic applications. Due to their soft material
and fish-like swimming motion, these robots can navigate
underwater environments with minimal disturbance, making
them ideal for delicate tasks such as exploring oceans [1]
or marine ecosystems [2]. Anguilliform-swimming robots,
which mimic the whole-body undulating motion seen in eels
and oarfish, are of particular interest due to their energy
efficiency [3]. Additionally, fluidic elastomer actuators offer
a promising approach for powering these robots due to their
ability to generate large forces and rapid bending motions
[4], which are crucial for replicating the natural anguilliform
swimming motion.

However, designing anguilliform-swimming soft fluidic
robots presents significant challenges. The nonlinear ma-
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terial behavior of soft robots, combined with the com-
plex fluid-structure interactions (FSI) involved in underwater
swimming, makes it difficult to rely solely on intuition
or traditional design approaches. Multidisciplinary design
optimization (MDO) offers a solution to this complexity by
leveraging numerical models from multiple disciplines to
simulate performance and systematically improve the design.
There have been works in soft robotics that have successfully
applied design optimization [5]; however, these studies have
typically been limited to single-discipline optimizations. For
the control co-design optimization of a soft swimming robot,
it is critical to capture both the fluid and structural effects to
predict the performance of a design.

This work investigates a method for performing multidis-
ciplinary control co-design optimization with shape variables
of anguilliform-swimming soft fluidic robots using physics-
based models. The method combines a three-dimensional
nonlinear finite element model to capture the robot’s struc-
tural mechanics with an unsteady panel method to simulate
the external fluid dynamics. To maintain consistency across
disciplines, we employ a geometry-centric approach to geom-
etry parameterization and modeling. This method is applied
to optimize the design of an existing modular eel-inspired
soft fluidic robot [6]. The computational model parameters
are estimated, and the model is validated using pre-existing
experimental data from the baseline design. Then, the models
are used to perform an efficiency optimization of the soft
robot. The optimized geometry of an actuator module is
manufactured and used to generate a new experimental data
set. Using both the new and old data, the data assimilation
is re-performed for the structural model and the actuator is
re-optimized using the updated model parameters.

II. RELATED WORK

Soft robot design optimization has been explored using a
variety of methods, with considerable success in improving
robotic performance through computational design. Chen and
Wang provide a comprehensive review of the applications
and strategies used in the optimization of soft robots [5].

One common method for optimizing soft robots is through
robot evolution approaches, which involve iterative improve-
ment of design parameters using algorithms inspired by
natural evolution. This technique was applied by Sims to
optimize rigid robots [7] and has since been extended to
soft robotics in works such as Cheney et al.’s multi-material
walking robot [8], an optimization of a soft pneumatic
robot [9], and an optimization of a flexible robotic fish



fin [10]. Evolutionary algorithms and other gradient-free
methods are well-regarded for their ability to explore the
design space thoroughly, searching multiple local optima.
However, these approaches generally require a large number
of model evaluations to converge, with the computational
cost scaling significantly as the number of design parameters
grows. To maintain computational feasibility, optimizations
using evolutionary approaches often limit the model fidelity
or reduce the number of design variables.

Another prevalent optimization approach in soft robotics
is topology optimization, which involves optimizing the
material layout within a given geometric shape to achieve
the best performance. Topology optimization has been used
in applications such as the design of cable-driven grippers
[11], [12] , pneumatic actuators [13], [14], and a magnetically
actuated soft actuator [15]. Topology optimization problems
typically involve a large number of design variables, neces-
sitating the use of gradient-based algorithms that rely on
analytically computed derivatives. Gradient-based methods
are favored because of their efficiency in exploring the design
space, especially as the number of design variables increases,
minimizing the number of model evaluations required to find
an optimal solution. However, due to the large number of
design variables and effort required to analytically derive
derivatives, these studies often focus on static or linearly-
elastic models and are typically limited to one or two
disciplines.

In optimizing anguilliform-swimming soft fluidic robots,
the need for a multidisciplinary modeling approach with
sufficient fidelity is critical because the performance of
these robots is strongly tied to the interactions between the
structural and fluid dynamics. MDO approaches focus on
solving design optimization problems with multidisciplinary
models, and have been commonly applied for systems with
FSI [16], [17]. Similarly to topology optimization, these
approaches typically employ gradient-based optimizers with
analytic derivative computation. As such, this study focuses
on gradient-based optimization with medium-to-high-fidelity
models to efficiently and effectively optimize the robot.
On the other hand, typical MDO studies have focused on
linearly elastic materials and steady fluid behavior. This study
focuses on investigating the feasibility and accuracy of the
proposed modeling and optimization approach for optimizing
anguilliform-swimming soft fluidic robots.

III. BASELINE DESIGN

The proposed method is applied to an existing
anguilliform-swimming robot as the baseline design [6].
The design consists of three bi-directional fluidic elastomer
actuator modules that are arranged in series to produce an-
guilliform motion, a soft passive tail, and a rigid head (Figure
1). Each actuator module is hydraulic and is primarily made
up of Dragon Skin 10 from Smooth-On, inc. Fiberglass
constraint layers are inserted along the center-line and at
the edges of each module to prevent axial deformation and
instead create center-line bending.

Fig. 1: The pre-existing baseline design [6].
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Fig. 2: Model Flowchart

IV. COMPUTATIONAL MODELING

A. Model Overview

The optimization method requires a computational model
that accurately maps the design parameters to the design
performance. The proposed approach identifies geometry,
structures, and fluids as the necessary disciplines (Figure 2).
The workflow is organized such that the design parameters
first update the geometry model, which generates updated
meshes for subsequent analysis. Using the pressure input and
the structural mesh, the deformation of each actuator module
is calculated to construct the dynamic actuating geometry.
The dynamic geometry is then used to evaluate the mesh
and mesh velocities for external fluid dynamics. The external
fluid dynamics model is used to compute the net force on the
robot over an actuation period. The objective and constraints
for system optimization are defined based on mechanical
work done on the structure, swimming speed, and net force
on the robot. Notably, the feedback effect of the external
fluid dynamics on the structural deformation is assumed to
be negligible due to the small scale of the external forces
relative to the stiffness of the structure.

To automate the derivation and computation of analytic
derivatives, the models are implemented using the Compu-
tational System Design Language (CSDL) [18]. CSDL con-
structs a graph representation of the computational model,
which is traversed backwards, computing the Jacobian-vector
product for each operation to compute the total derivatives.



B. Geometry Modeling and parameterization

A geometry-centric modeling approach is employed, with
a single high-fidelity representation serving as the basis for
discipline-specific representations. For the central geometry,
this study uses a B-spline volume function fitted to a CAD
model of the baseline design. Meshes for each discipline
model are stored using the coordinates of mesh nodes in
the parametric space of the B-spline. Through shape op-
timization, as the control points of the central geometry
are adjusted, the physical mesh coordinates are updated by
reevaluating the geometry function at the mesh parametric
coordinates, which are constant through the optimization.

A multilevel, deformation-based parameterization method
is applied for the geometry parameterization. To reduce the
number of design parameters and improve the robustness
of the parameterization, free-form deformation (FFD) is
used to directly parameterize the geometry. FFD stores the
coordinates of the control points of the geometry in the
parametric space of a simpler geometry function which is
manipulated instead [19], [20]. In this work, a bounding
B-spline volume is used as the FFD volume. The control
points of the FFD volume are further parameterized using a
sectional parameterization along a principal direction where
the sections are made up of sets of the control points of
the FFD volume. Four sections are defined along the width
direction, where each section is able to stretch in the height
and length directions. A nested optimization is formulated to
meet high-level design variables, such as specified height and
length, with the first-order optimality conditions serving as
the residual for a Newton solver. To allow for low-level con-
trol of the shape of the cross-section of the robot, translations
of the control points of the FFD volume on the outer sections
in the width-direction are added as shape parameters. To
maintain symmetry and reduce the dimensionality of the
design problem, double symmetry is applied. By including
the additional FFD sections surrounding the inner wall and
only allowing the optimizer to manipulate the outer sections,
the inner wall is held at a constraint thickness, which is a
manufacturing constraint for the robot.

C. Structural Modeling and Dynamic Geometry Construc-
tion

The dynamic geometry modeling is split into two steps.
In the first step, a single static finite element model is used
to model the maximum deformation of one of the actuator
modules. In the second step, the maximum deformation pro-
file is used along with simplifying assumptions to construct
the dynamic, actuating geometry.

The structural deformation is modeled using a
three-dimensional finite element model with a nearly-
incompressible Neo-Hookean material. The energy function
is

ψ =
µ

2
(λ21 + λ22 + λ23 − 3)− µ ln(J) +

α

2
(ln(J))2

with
µ =

E

2(1 + ν)
, α =

Eν

(1 + ν)(1− 2ν)

where E is the Young’s modulus, ν is the Poisson ratio, J is
the determinant of the deformation gradient, and λ21+λ

2
2+λ

2
3

is the trace of the Green deformation tensor. The third term in
the energy function is a quadratic penalty on volume changes
to enforce near-incompressibility. The weak form consists
of the directional derivative of the elastic energy minus the
applied pressure load, with substitutions to account for the
geometric nonlinearity in the direction of the pressure load
[21]. The structural model is implemented using FEMO [22]
and FEniCSx [23], with meshes generated by Gmsh [24]
and projected into the geometry to find the nodal parametric
coordinates. A continuous Galerkin function space with
first-degree elements is used for the state function space.
To account for the stiffer constraint layers in the center
and edges of the actuator module, the elements in those
regions are given a significantly higher Young’s modulus and
Poisson’s ratio.

The dynamic geometry is derived from the static solution
using simplifying assumptions for computational efficiency.
The static finite element solution is used as the maximum
deformation profile and is mirrored for actuation in the
opposite direction. A linear interpolation between deformed,
undeformed, and opposite states is used to model the
movement of the actuator. Using the assumption that the
chamber pressure and actuator deformation are sinusoidal
in time, the interpolation weights are computed using a
sine function. With the dynamic geometry of the actuator
module, the deformation is propagated rigidly to adjacent
modules. Additionally, the three modules deform identically,
with phase offsets to create the traveling wave characteristic
of anguilliform swimming.

D. External Fluid Dynamics Modeling

The external fluid dynamics are modeled using an un-
steady panel method combined with a boundary layer model.
By using a panel method, the model can capture the effects of
thickness and three-dimensional perturbations in geometry.
Using a vortex-based method rather than a computational
fluid dynamics (CFD) method, the dynamics can be captured
robustly with significantly lower computational cost.

E. Efficiency Modeling

System efficiency is evaluated using an approximate cost
of transport metric, defined as the input power divided by
the swimming speed. Due to the absence of a dynamic motor
and dynamic structural models, the input power is estimated
with a surrogate metric, the applied mechanical work on the
static structure divided by the actuation period. This metric
scales with the input power and has the same units, leading
to the same optimization result, but the value of the metric
will differ from the actual cost of transport.

V. RESULTS

A. Data Assimilation and Model Validation

The structural finite element model was validated against
existing experimental bending vs. pressure data [6] for the
baseline actuator design. The Young’s modulus and Poisson’s
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Fig. 3: The actuator bending angle (degrees) is plotted
against the chamber pressure (kPa) for the simulated data
(magenta circles) and the pre-existing experimental data
(green) [6].

ratio of the constraint layers were assumed to be Ec =
3.7 MPa and νc = 0.12, respectively. To enforce near-
incompressibility, the Poisson ratio of the soft material was
set to νs = 0.499. The experimental data enabled the
estimation of the Young’s modulus, found to be Es = 0.22
MPa (Figure 3). With the given parameters, the root mean
square error RMSE was 13.56 degrees. The numerical model
exhibited a linear trend that closely matches actuators that
had not undergone extensive cycling.

Validation and data assimilation for the fluid dynamics
model was performed using existing experimental data [25].
The first step isolated skin friction drag by simulating the
average net force for a range of speeds without actuation,
and comparing the results to the experimental measurements
(Figure 4). Matching the data required scaling the skin
friction coefficient by a factor of 24, resulting in a RMSE
of 0.027. The model was then validated with actuation, and
to match experimental results, the inviscid term in the panel
method was scaled by 1.8, yielding an RMSE of 0.019 N
(Figure 4).

B. Control Co-Design Optimization

Two different formulations of the control co-design prob-
lem were considered (Table I). Both aim to minimize the
cost of transport, subject to the constraint that the average net
force is equal to zero. In addition, a target swim speed of 0.66
body lengths per second was specified to ensure operational
usability. For control, maximum pump pressure and actuation
frequency are design variables to ensure that the design is
optimal for the best control rather than specifically the base-
line control. For shape design, both formulations include a
height design variable, but the width parameterizations differ.
The high-level parameterization uses a single width variable
to scale the width of the cross-section proportionally while
the multilevel parameterization includes four width variables
to facilitate the detailed design of the cross-sectional shape,
as described in Section IV-B.

The optimization problem was solved using the PySLSQP
optimizer [26], [27] within the modOpt environment [28]. In
the high-level parameterization, the optimal solution featured
a reduction in both width and height, while the multilevel
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Fig. 4: Comparisons between simulation (magenta) and pre-
existing experimental data [25] (green) to estimate the fluid
dynamics model parameters

High-level Multilevel
Objective Energy cost surrogate Energy cost surrogate

Design Variables Actuation freq. Actuation freq.
Max pump pressure Max pump pressure
∆ width (x1) ∆ width (x4)
Height Height

Constraint Net force = 0 Net force = 0

TABLE I: Optimization Problem Formulations

parameterization resulted in more nuanced shape change with
decreased width at the middle of the actuator with increased
width near the top and bottom (Figure 5). The optimized
design using the high-level parameterization resulted in a
55% lower simulated cost of transport with the prescribed
128% increase in swim speed compared to the baseline
design with optimized control (Table II). The multilevel
parameterization resulted in a 73% lower simulated cost of
transport and the same prescribed 128% increase in swim
speed compared to the baseline design.

C. Updated Data Assimilation and Optimization

The optimized module from the multilevel parameteri-
zation was fabricated, and its bending angle as a function
of pressure was measured experimentally (Figure 6). The
combination of the experimental data from the baseline and
optimized designs were used to re-estimate the structural
model parameters. The model parameters were found to be
Es = 0.25 MPa, νs = 0.42, Ec = 0.8 GPa, and νc = 0.12,
leading to an RMSE of 23.12 degrees for the baseline design



Baseline High-level Multilevel Updated
Energy cost surr. 2.408 J/m 0.914 J/m 0.649 J/m 1.316 J/m

Swim speed 0.13 m/s 0.297 m/s 0.297 m/s 0.297 m/s
Actuation freq. 0.679 0.708 0.716 0.730

Max pump pressure 28.3 kPa 26.7 kPa 24.7 kPa 36.6 kPa
∆ width 1 0 -31.9% +28.7% +19.7%
∆ width 2 0 N/A -33.3% -33.4%
∆ width 3 0 N/A -39.8% -39.4%
∆ width 4 0 N/A -40% -40%

Height 6.67 cm 8.33 cm 7.93 cm 5.59 cm

TABLE II: Optimization Results

Fig. 5: The cross sections of the baseline (gray), high-level
parameterization (red), multilevel parameterization (blue),
and multilevel with updated model parameters (green) op-
timization results.

and an RMSE of 4.82 degrees at the optimized design point.
With the new parameters, the system was optimized again

using the multilevel shape parameterization (Table II). The
approximate shape matches the initial optimization result;
however, the values of the design variables were noticeably
different (Figure 5). The optimization showed a 45% de-
crease in the simulated energy cost and prescribed 128%
increase in swim speed compared to the baseline design with
optimal control with the updated model parameters.

VI. DISCUSSION

The structural model showed good agreement with the
experimental data for actuators that had undergone fewer
actuation cycles. However, actuators with more cycles ex-
hibited signs of geometric softening and strain stiffening at
lower pressures, indicating changes in material properties
over time. It is not clear whether design optimization should
target new or worn actuators. With the addition of another
data set from the initial optimized actuator, there is a
significant decrease in modeling error at the optimal design
point. However, performing parameter estimation across four
parameters proved to be a significant challenge and there still
remains non-negligible error in the structural simulation at
both design points.

The fluid dynamics model captured trends well, but re-
quired significant parameter tuning. The need for tuning the
skin friction coefficient possibly results from the silicone-
water interface producing significantly more drag than the
aluminum-air interface that the method has typically been
applied to. Additionally, tuning for the inviscid component
may be due to the absence of a separation model in the
current panel method implementation. Future efforts could
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Fig. 6: The actuator bending angle, in degrees, is plotted
against the chamber pressure (kPa) for the simulated data
(magenta circles) and experimental data (green).

incorporate a separation model to assess its impact on model
accuracy. Despite these challenges, the fluid dynamics model
showed good agreement with experimental results after data
assimilation with only two scaling parameters.

The optimization results showed substantial change in the
robot design. Both high-level and multilevel optimizations
lead to a reduced robot width, seemingly to decrease bending
stiffness. In the multilevel parameterization, the optimizer
has more control over the cross-sectional shape. With the
increased control, the optimizer shapes the cross section to
be more rectangular, seemingly to increase the torque-to-
stiffness ratio, thus maximizing bending for a given pressure
input. Finally, the optimizer seems to find the optimal balance
between input pressure and height to generate the required
thrust for the desired swimming speed.

After the additional parameter estimation step, the new
optimization result showed a similar design concept to the
initial optimization result, however the design parameter
values and performance predictions changed significantly.
This behavior suggests a potential approach of iteratively
applying computational design optimization, manufacturing
the optimized design, and re-estimating the model parameters
using data from the newly acquired data in addition to the
prior data.



VII. CONCLUSION

This study demonstrated the multidisciplinary control co-
design for an anguilliform-swimming soft fluidic robot using
gradient-based optimization with physics-based models. The
models accurately captured performance trends, although
data assimilation was necessary for accurate physics repre-
sentation. The optimization approach proved to be computa-
tionally feasible, yielding significant performance improve-
ments for both high-level and multilevel parameterizations.
Additionally, the approach of iteratively manufacturing and
optimizing the design is promising for converging to an
optimal solution with little modeling error.

However, this study did not include manufacturing the
entire optimized robot, and as such, the impact on met-
rics such as swimming speed, energy efficiency, or range
remains experimentally unquantified. Future studies could
consider manufacturing the full robot with the optimized
geometry to directly measure the impact on system-level
performance. Additionally, further research could increase
modeling fidelity by incorporating structural dynamics or
separation effects in the fluid model to decrease the reliance
on experimental data for model accuracy. Moreover, addi-
tional disciplines, such as pump and battery modeling, could
be included to optimize for energy consumption and range,
providing a more comprehensive understanding of the robot’s
capabilities.
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