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Multidisciplinary Design Optimization of an Eel-Inspired Soft
Robot

Andrew H. Fletcher* , Ru XiangT, Jacobo Cervera-Torralba*, Michael T. Tolley§, and John T. Hwang'ﬂ
University of California, San Diego, La Jolla, CA, 92093

Soft robotic fish have significant potential for underwater applications, with eel-inspired
robots offering notable advantages due to the efficiency of their anguilliform swimming motion.
This efficiency enables extended range and endurance, making them ideal for various missions.
However, designing eel-inspired robots poses significant challenges due to the nonlinear, dynamic
fluid-structure interactions (FSI) that drive system performance. Multidisciplinary design
optimization (MDO) offers a systematic approach to exploring this unintuitive design space,
though few studies have applied MDO to eel-inspired soft robots. While there have been
many studies exploring multidisciplinary design optimization with fluid-structure interaction,
gradient-based design optimizations with dynamic fluid-structure interaction remains relatively
unexplored. A previous study investigated a method for optimizing eel-inspired robots using
a static structural model and a dynamic fluids model. While promising, mapping the static
structural solution to the dynamic fluids mesh introduces an unquantified amount of modeling
error. This study seeks to build on the prior work by investigating the method of directly modeling
the dynamic hydroelasticity for shape optimization. Furthermore, this work seeks to demonstrate
dynamic hydroelastic shape optimization with analytic unsteady adjoint computation. The
method applies a geometry-centric approach, dynamic Euler-Bernoulli beam theory to model
structural dynamics, and an unsteady panel method to model the fluid dynamics. Additionally,
the models are implemented using a graph-based modeling language to automate the unsteady
adjoint computation. The proposed method is applied to optimize the efficiency of an existing
modular, eel-inspired soft robot. Furthermore, the method explored in previous work is applied
to the same optimization result to investigate the impact of the difference in modeling approach.
The presented method shows a 73.9% decrease in cost of transport and 130% increase in
swim speed compared to a control optimization of the baseline design. When compared to the
optimization result using the static structural model, the optimal designs exhibit similar design
trends but significant differences in the scale of the final design. These findings demonstrate the
feasibility of automated unsteady hydroelastic adjoint computation and highlight the trade-offs
between static and dynamic modeling fidelity in optimizing soft robotic systems.

I. Introduction

oFT robotic fish offer significant potential for diverse underwater applications, including environmental monitoring

[[1], deep-sea exploration [2l 3], and aquaculture [4]. Among soft robotic fish concepts, eel-inspired robots are
particularly promising due to the efficiency of their anguilliform swimming motion, facilitating longer range and
endurance missions [3]]. Several prior works have demonstrated eel-inspired robot designs [SHS]]. Although there are
numerous proposed methods for soft actuation, these studies have investigated using bi-directional fluidic elastomer
actuators, which are favored for their ability to generate large forces and achieve rapid bending [9].

Although several prior works have demonstrated eel-inspired designs, designing an effective eel-inspired soft robot
remains a challenging task. The underlying physics involves nonlinear, dynamic fluid-structure interactions (FSI),
making intuition-driven design impractical. Multidisciplinary design optimization (MDO) offers a systematic method
to explore the design space for optimal designs. There have been design optimization studies in soft robotics [10];
however, these studies have typically been restricted to single-discipline models or a limited number of design variables.
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While there have been many MDO studies involving FSI, these studies have primarily focused on applications outside of
robotics, such as aerospace [11}[12]], which differ significantly from the dynamic, large-deformation behavior of soft
robotic fish.

Applying MDO to eel-inspired soft robots presents unique challenges. Unlike steady cases commonly addressed in
MDO, anguilliform swimming requires dynamic modeling to capture the periodic system behavior. Furthermore, the
hyperelastic materials used in these robots exhibit nonlinear structural dynamics, which are computationally expensive
to model. A prior study investigated a method for MDO of an eel-inspired robot using a geometry-centric modeling
approach, a static nonlinear finite element structural model, and an unsteady panel method [13]]. While promising, the
mapping from the static structural solution to the dynamic actuating geometry introduces an unquantified amount of
modeling error.

This work seeks to build on this prior study by investigating a method for multidisciplinary, three-dimensional shape
optimization of eel-inspired soft robots using a structural dynamics model. In addition, this work demonstrates dynamic
hydro-elastic optimization with unsteady adjoint computation. The method combines a dynamic Euler—Bernoulli
beam model to capture structural dynamics with an unsteady panel method for fluid dynamics. To ensure consistency
in the geometry representation across disciplines, a geometry-centric approach is used for geometry modeling and
parameterization. The proposed method is applied to optimize a modular, eel-inspired soft robot consisting of three
bi-directional fluidic elastomer actuator modules, a passive soft tail, and a rigid head [6]. In addition, the system is
also optimized using an existing method that employs a high-fidelity static structural model and approximates the
dynamic actuating geometry. The results of these optimizations are compared, showing a similar design trend but with
significantly different cross-section sizes.

I1. Background

Design optimization has been explored in soft robotics for diverse applications. Chen and Wang [[10] provide a
comprehensive review of the methods and applications in the design optimization of soft robots. One prevalent approach
is robot evolution, which employs genetic algorithms to optimize designs. Originally applied to rigid robots [14], this
approach has since been extended to soft robotics for tasks such as optimizing multi-material walking robots [[15]], soft
pneumatic robots [[16]], and flexible robotic fish fins [[17]. While effective in exploring diverse local optima, robot
evolution studies are typically limited to models with rapid evaluation times or a small number of design variables
due to the large number of model evaluations evolutionary methods require to explore high-dimensional design spaces.
Another popular approach is topology optimization, which has been applied to soft robotic actuators such as cable-driven
actuators [18| [19]], pneumatic actuators [20} [21], and a magnetic actuator [22]. Topology optimization approaches
typically explore a high-dimensional design space; however, the high-dimensional design space often restricts these
studies to one or two disciplines with static models.

Shape optimization enables significant design changes while utilizing medium-to-high-fidelity models, making it
a promising approach. It has been extensively applied to fluid-structure interaction (FSI) problems using a range of
modeling techniques, including panel methods [23]], coupled computational fluid dynamics (CFD) and finite element
analysis (FEA) models [11]], and coupled vortex lattice method (VLM) and spatial beam finite element models [12].
Furthermore, some works have explored dynamic FSI problems with dynamic aeroelasticity [24-26] and dynamic
hydroelasticity [27, [28]]. However, far fewer studies have investigated dynamic FSI with research typically not yet
exploring gradient-based shape optimization. A previous study explored similar modeling approaches for the three-
dimensional shape optimization of an eel-inspired soft robot [[13]]. This method employs a geometry-centric modeling
approach, a static three-dimensional nonlinear finite element structural model, and an unsteady panel method for fluid
dynamics. Leveraging three-dimensional models enables three-dimensional shape optimization because the model is
able to capture the effect of three-dimensional perturbations of the shape. The approach shows significant improvements
in the simulated performance of the system and a method for tying the models to the physical system. However, the
method introduces unquantified modeling errors by relying on an approximation of the dynamic actuating geometry
from a static structural solution. Furthermore, the nonlinear finite element model is computationally expensive and
prone to convergence issues with large design changes. This work builds off this prior study by investigating a variation
of this approach where the static nonlinear finite element model and corresponding dynamic geometry approximation are
replaced with a dynamic Euler-Bernoulli beam model. An Euler-Bernoulli beam model is chosen due to the significant
decrease in computational cost needed to model dynamics while maintaining the ability to capture changes in the robot
cross-section using a cross-section model. However, the Euler-Bernoulli beam model is unable to capture the nonlinear
material properties and detailed geometric properties. This study seeks to investigate the effect of this trade-off between
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(a) A top view of the baseline design with the three bi-
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Fig. 1 The baseline design

dynamic modeling and static modeling fidelity on the optimization results.

This study applies the proposed method to the optimization of an existing modular, eel-inspired soft robot [6]]. The
design consists of three bi-directional fluidic elastomer actuator modules, a soft passive tail, and a rigid head (Figure
[Ta). Each actuator produces bending by pumping water between the left and right chambers (Figure[ID). As water is
pumped from one side to the other, the inflated side expands, while the opposite side compresses. Fiberglass plates are
inserted at the center-line and edges to create the constraint layers. These constraint layers constrain axial deformation
and prevent a single side from expanding without creating bending at the center-line.

I11. Modeling Methods

A. Modeling Overview

The key disciplines in the proposed method include geometry, structural dynamics, and fluid dynamics (Figure 2).
First, the optimizer computes the design parameters that are fed to the geometry parameterization model to update the
central geometry. The central geometry is then used to compute the beam and cross-sectional meshes for the structural
model. The updated meshes and a dynamic input pressure profile are used to simulate the dynamic actuation of the
robot and construct the dynamically actuating geometry. The actuating geometry is then used to compute the panel
mesh for the unsteady panel solver, which in turn computes the net force on the robot.

To enable efficient derivative computation, all models are implemented using the Computational System Design
Language (CSDL) [29]. CSDL automates the computation of analytic derivatives by constructing a graph representation
of the computational model. It traverses this graph in reverse, computing vector-Jacobian products for each operation,
and ultimately provides the total derivatives. As such, the computation of the dynamic hydroelastic adjoint is completely
automated.

B. Geometry Modeling and Parameterization

The geometry is modeled using a geometry-centric approach, where the central geometry is represented as a single
B-spline volume fitted to the CAD model. The mesh nodes for each discipline-specific solver are defined in the
parametric space of this B-spline volume. When the control points of the central geometry are adjusted, the meshes are
regenerated by reevaluating the B-spline function at the predefined parametric coordinates. This ensures consistency
and accuracy of the geometry representation across disciplines with fast evaluation.

The geometry is parameterized using a deformation-based parameterization approach. Free-form deformation (FFD)
is used to parameterize the control points of the geometry (Figure[6). The FFD block is represented using an enclosing
B-spline volume. To restrict undesirable design changes and reduce the degrees of freedom, the control points of the
FFD block are parameterized using a sectional parameterization. The sectional parameterization uses slices of control
points of the FFD block to define a series of sections along a principal direction. In this work, four sections are defined
normal to the width-direction. Two of these sections enclose the center-line, preventing the optimizer from manipulating
the thickness of the center-line, which is a design constraint. The other two sections enclose the entire geometry,
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Fig. 2 Model Flowchart

(a) Initial geometry and free-form deformation (b) Manipulated geometry and free-form deforma-
block tion block

Fig.3 The geometry (gold) and free-form deformation (blue) block for the initial design and for a design with
significant changes in the width shape variables and a small change in height. The width shape variables translate
the outer control points of the free-form deformation block (blue dots).
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Fig. 4 Static nonlinear finite element solution of the actuation of an actuator module with the baseline design
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allowing the optimizer to manipulate the outer cross-section geometry. Finally, a geometry parameterization solver
is used to achieve desired high-level design variable values such as robot height and length. To facilitate lower-level
design changes, the control points of the FFD block in the outer sections are permitted to move in the width direction.
This approach is similar to an approach used for the shape optimization of airfoils [30].

C. Structural Modeling and Dynamic Geometry Construction

The structural model and dynamic geometry construction steps map the input pressure and frequency to the mesh
used by the unsteady panel method. While previous work used a static nonlinear finite element approach with simplifying
assumptions to approximate the dynamic geometry, this work employs a dynamic Euler-Bernoulli beam model, enabling
a more direct mapping from the dynamic states to the dynamic geometry.

1. Static Nonlinear Finite Element Approach

The structural deformation is modeled using a three-dimensional finite element method (FEM) with a nearly-
incompressible Neo-Hookean material model (Figure[). This model is implemented using FEMO [31]], which leverages
FEniCSx [32} [33] tools for constructing Computational System Design Language (CSDL) models. The finite element
mesh is generated with Gmsh [34] and projected into the geometry to compute the parametric coordinates. The states are
defined in a continuous Galerkin function space with linear elements. In this work, material parameters are calibrated
by minimizing the root-mean-square error (RMSE) between simulated results and experimental measurements of the
actuator’s bending angle under varying input pressures, resulting in different material parameters from the prior work.

The dynamic geometry is constructed by interpolating the static deformation solution. The maximum deformation
profile of an actuator is obtained from the static solution of the actuator. The dynamic geometry is then constructed by
linearly interpolating between deformed, undeformed, and mirrored states over time. Using the assumption the input
pressure is sinusoidal in time, the interpolation weights are assumed to be sinusoidal in time. To create a traveling wave
motion, the actuation profiles of individual actuators are offset in phase equally. Displacement within each actuator is
directly applied to the geometry, while the displacement at the front and back edges is propagated rigidly forward and
backward, respectively, to the surrounding geometry.

2. Dynamic Beam Approach

The dynamic beam approach employs an Euler-Bernoulli beam model, previously validated for static applications
[35] and employed for optimization problems including an urban air mobility (UAM) concept [36] and a power-beaming-
enabled aircraft concept [37]]. The implementation is extended here to include a dynamic residual formulation, with time
integration performed using a generalized-alpha method for energy-conserving and accurate time-stepping [38]). Input
loads are applied as equal and opposite moments at the ends of each actuator. The moment is estimated as the product
of the chamber pressure, chamber cross-sectional area, and the moment arm, which is computed as the distance between
the chamber centroid and the center-line. Input pressures are applied as sinusoidal in time, with equal phase offsets
introduced between actuators to produce the traveling wave motion. For each design point, the cross-sectional properties
are recomputed from a wire-frame mesh of the cross-section of the central geometry. Additionally, tuning parameters for
input pressure, damping, and material densities are inserted and calibrated to match experimental behavior. To enforce
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Fig. 5 Dynamic geometry (blue) computed from the dynamic beam states. The deformed beam mesh is overlaid
(yellow with red dots at the nodes).

(a) Static nonlinear finite element method (b) Dynamic beam method

Fig. 6 A snapshot of the dynamic geometry and corresponding unsteady panel solution is shown for the static
nonlinear finite element method and the proposed dynamic beam method. The color represents the doublet
strength in the unsteady panel method solution.

periodicity of the solution, fixed-point iteration is used to enforce that the degrees of freedom of the beam, as well as
their velocities and accelerations, are equal at the initial and final time steps.

The dynamic geometry is computed as an affine mapping from the beam states. During the setup phase, a
piecewise-linear function is fitted to the beam mesh, and a wire-frame representation of the geometry is projected onto
this function. At each time step, wire-frame points are assigned displacements corresponding to their projected positions
along the beam solution. The resulting wire-frame displacements are used to fit a displacement function in the same
function space as the geometry. The dynamic geometry is then computed by adding the displacement function with the
undeformed geometry function at each time step (Fire 3).

D. External Hydrodynamics Modeling

The external fluid dynamics are modeled using an unsteady panel method combined with a boundary layer model
and a prescribed wake. To improve the accuracy of the solution, the unsteady panel method is run for two periods.
The first period is used to build up the wake, and the second period is used to compute the model outputs. By using
an unsteady panel method rather than a vortex lattice method or lower-fidelity model, the solver captures the effects
of perturbations in the thickness of the geometry. By using a vortex-based method rather than a computational fluid
dynamics (CFD) method, the dynamics can be captured robustly with significantly lower computational cost.
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Variable Lower Bound Upper Bound
Objective Cost of transport
Design Variables Actuation frequency 0.5 Hz 2 Hz
Maximum pump pressure 5 kPa 37.5 kPa
Width shape variables (x4) -40% +100%
Height 4 cm 13.35 cm
Constraint Net force =0

Table 1 Optimization Problem Formulation

E. Efficiency Modeling

System efficiency is evaluated using an approximate cost of transport (CoT') metric, defined as the input power
divided by swimming speed. This metric quantifies the energy cost to travel one meter, serving as an effective metric for
efficiency. With the static nonlinear finite element approach, which lacks a dynamic model, input power is approximated
using a surrogate metric. Specifically, the mechanical work done on the static structure is divided by the actuation period
to compute the input power. This surrogate metric has units of power and scales proportionally, leading to an equivalent
optimal solution, but does not measure the true cost of transport. With the dynamic beam method, the input average
power is computed by integrating the power over time and dividing by the total time. These objective formulations
produce equivalent optimal solutions, but the different formulations make it difficult to compare the quantities directly.

IV. Optimization Results

The optimization problem is formulated to minimize the cost of transport (CoT) while satisfying a trim constraint
(Table [T). To ensure operational effectiveness, a swimming speed of 0.66 body lengths per second is prescribed.
The robot’s cross-sectional geometry is parameterized using four width variables and one height variable, enabling
optimization of the shape. Double symmetry is enforced, mirroring the shape changes to reduce the number of design
variables. Additionally, actuation frequency and maximum pressure were included as optimization variables, allowing
the optimization to identify an optimal combination of design and control parameters rather than being constrained to a
fixed control setup.

The optimization problem is solved for both the static nonlinear method and the dynamic beam method using the
PySLSQP optimizer [39}/40] within the modOpt environment [41]. The static nonlinear finite element model resulted in
a cross-sectional shape with significantly wider top and bottom sections and a thicker middle. However, the width at the
third control point, located above the center-line, decreased sharply. For the dynamic beam method, the optimal solution
has a slightly wider top and bottom, a significantly thinner middle, and a noticeably shorter overall height (Figure [7).
Interestingly, while the two middle control points reduced the width to their lower bounds, the bottom control point,
located at the center of the cross-section, remained above its minimum. As such, the optimized result using the dynamic
beam method showed a 73.9% reduction in the simulated cost of transport and 130% increase in speed compared to
baseline control optimization without design changes (Table[2). The control optimization problem uses a prescribed
swim speed of 0.13 m/s because the optimizer did not converge for a prescribed swim speed of 0.3 m/s and 0.13 m/s is
the swim speed experimentally found to satisfy trim for the baseline design with manually prescribed controls [13} 42].

V. Discussion

The two modeling approaches produce distinct optimal geometries, although both designs suggest elements of a
shared underlying design concept. The optimization using the dynamic beam method resulted in a cross-section that
was significantly thinner and shorter than that produced by the static nonlinear finite element method. Despite these
differences, both designs exhibited a consistent trend: starting from the top of the cross-section, the width initially
increases, then decreases near the middle, and subsequently increases again at the lower control points. This pattern
suggests that both methods may potentially be exploiting similar physical principles to optimize the geometry, with an
exception in the absolute scale of the cross-section. During the material parameter tuning process, it was observed
that increasing the stiffness of the fiberglass constraint layer relative to the soft silicone material decreased bending
more for actuators with thinner cross-sections. With softer silicone, increasing the cross-section thickness did not
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Fig. 7 An overlay of the cross-sections of the baseline design (gray), optimization result using static nonlinear
modeling method (blue), and optimization result using the dynamic beam modeling method (red)

Baseline Design with Opt. Control Dynamic Method  Static Method
Cost of transport 37.2J/m 9.7 J/m -
Swim speed 0.13 m/s 0.3 m/s 0.3 m/s
Actuation frequency 0.766 Hz 0.767 Hz 0.360 Hz
Maximum pump pressure 22.6 kPa 29.8 kPa 22.4 kPa
Width shape variable 1 0% +86% +65%
Width shape variable 2 0% -40% +62%
Width shape variable 3 0% -40% -30%
Width shape variable 4 0% -34% +98%
Height 6.7 cm 4.0 cm 7.7 cm

Table 2 Optimization Results

significantly enhance stiffness but did increase torque, leading to more bending in thicker designs. Considering that the
static nonlinear finite element model is calibrated using experimental data, the discrepancy in thickness of the designs
seems to imply that the dynamic beam model may have modeling error in the relative stiffness contributions of the soft
silicone and stiff constraint layers. On the other hand, a noticeable observation through the optimization process is
that there are many local optima in the design space. The prevalence of these local optima can lead to significantly
different optimized designs with even small changes to the initial conditions or modeling. This study attempted to run
the optimizations for a variety of initial conditions in an attempt to find the global optimum, but it is possible that the
difference in the modeling approaches led the optimizers to converge to unique local optima.

In addition to the optimization results, the development and implementation of the dynamic beam method provided
insights into the design process. One key observation was the sensitivity of thrust generation to the phase behavior of
the actuators. If the back actuator fell out of phase with the others, thrust generation became nearly impossible. The
unsteady panel method solution showed that instead of propagating the pressure wave toward the tail as intended, the
wave reversed direction at the back actuator and propagated toward the head. This behavior highlights the importance of
ensuring proper wave propagation for effective propulsion and demonstrates the dynamic method’s capability to identify
such critical performance issues during the design process.
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VI. Conclusion
This study presented and investigated a multidisciplinary design optimization method for optimizing eel-inspired
soft robots. The method used a dynamic Euler-Bernoulli beam model and featured a fully automated computation of the

dynamic hydroelastic adjoint. The proposed method demonstrated a 73.9% simulated decrease in the cost of transport.

In addition, the optimization problem is solved again using a previously presented method featuring a static nonlinear
structural modeling approach, and the optimization results of the two methods are compared. While both methods
revealed similar trends in the optimized geometry, the dynamic method produced a design with a significantly thinner
and shorter cross-section.

While the presented method showed a significant increase in design performance, discrepancies between the
optimal designs obtained from the two approaches raise questions about the underlying causes. These differences may
result from modeling errors in one or both approaches, or from the optimizer simply converging to different local
optima. These uncertainties highlight the need for further validation of the modeling techniques. Future research could
prioritize validating and tuning the fully dynamic hydroelastic approach through rigorous comparisons of simulated
results with experimental data to increase confidence in the dynamic modeling framework. Another promising avenue
includes combining the dynamic and static methods, such as incorporating a dynamic nonlinear finite element model or
using static nonlinear finite element solutions to calibrate the dynamic beam model. In addition, manufacturing and
experimentally testing optimized designs would enable quantification of the accuracy of the full system model and the
real-world effect on system performance.
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