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Abstract— Unmanned underwater vehicles are increasingly
employed for maintenance and surveying tasks at sea, but their
operation in shallow waters is often hindered by hydrodynamic
disturbances such as waves, currents, and turbulence. These
unsteady flows can induce rapid changes in direction and
speed, compromising vehicle stability and manoeuvrability.
Marine organisms contend with such conditions by combining
proprioceptive feedback with flexible fins and tails to reject
disturbances. Inspired by this strategy, we propose soft mor-
phing wings endowed with proprioceptive sensing to mitigate
environmental perturbations. The wing’s continuous deforma-
tion provides a natural means to infer dynamic disturbances:
sudden changes in camber directly reflect variations in the
oncoming flow. By interpreting this proprioceptive signal, a
disturbance observer can reconstruct flow parameters in real
time. To enable this, we develop and experimentally validate
a dynamic model of a hydraulically actuated soft wing with
controllable camber. We then show that curvature-based sensing
allows accurate estimation of disturbances in the angle of
attack. Finally, we demonstrate that a controller leveraging
these proprioceptive estimates can reject disturbances in the lift
response of the soft wing. By combining proprioceptive sensing
with a disturbance observer, this technique mirrors biological
strategies and provides a pathway for soft underwater vehicles
to maintain stability in hazardous environments.

I. INTRODUCTION

The use of soft robots is becoming more widespread for
a variety of applications. Due to their flexibility, they can be
compliant with their surroundings, and bio-inspired designs
offer the possibility of increased efficiency and manoeuvra-
bility. As such, they have found uses as manipulators [1],
grippers [2], and actuators for untethered robots [3]. One
possible area of application is as a propulsion or steering
method for underwater robots, leading to the design of soft
fish-inspired flippers [4], jets [5] and manta-like fins [6].
One problem an underwater craft may face is the onset of
gusts, i.e. the abrupt change in magnitude and direction of the
oncoming flow, causing a sudden deviation from the desired
lift of control surfaces. Gusts can create hazardous conditions
due to the sudden perturbation to the system. Therefore the
problem of rejecting the effect of gusts on a craft (Gust Load
Alleviation, GLA) has been heavily studied in aeronautics
[7] due to the implications it has on flight safety, especially
for smaller crafts which are more vulnerable to disturbances.
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Fig. 1: The flexible wing under study. Hydraulic actuators
along the length of the wing can be pressurised to increase
the curvature. The curvature can be measured using a pro-
prioceptive e-skin.

The problem however, has been less studied for underwater
robotics. One approach to addressing gust effects is to use
observers to estimate the disturbing force on the system and
use a control strategy to account for it [8].

In the case of highly flexible and deformable devices,
such as soft robots, the problem of effectively counteracting
external environmental disturbances is exacerbated by the
still limited availability of suitable soft sensors, [9], [10],
[11], which hinder the necessary state estimation capabilities
of the systems. On the other hand, the deformable nature of
soft robots lends itself to exploiting their structural properties
as a means for sensing in the form of observers. Using
proprioceptive information as a means to sense external
forces resembles strategies seen in birds [12] and fish [13].

Here we propose a gust disturbance observer for a soft
morphing wing, aiming to demonstrate how proprioceptive
information about the wing’s deformation can be leveraged
to accurately track and reject the disturbance. To do this, we
employ the underwater soft morphing wing from [14]: this
soft wing employs soft hydraulic actuators to vary its own
curvature, Fig. 1, and a capacitive e-skin, [15], to accurately
measure such curvature underwater, thus enabling closed-
loop control in the absence of disturbances [16] and some
initial disturbance rejection [17]. We aim to demonstrate how
a desired lift on a soft wing can be retained in the face of
a disturbance which would otherwise cause drastic deviation
to the lift. This contribution is achieved as follows:

• We develop a dynamic model of a soft morphing wing
[14] combining Piecewise Constant Curvature frame-
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work [18] with Thin Airfoil Theory, enabling us to
exploit the well established methodologies in soft robots
control;

• The model is validated against experimental data from
dynamic conditions associated to external hydrody-
namic loading, demonstrating its accuracy;

• We develop an observer based on an Extended Kalman
Filter to demonstrate the capability to estimate abrupt
changes in the flow angle of attack (i.e. a gust) from
wing camber, testing it in simulation.

• Using the knowledge from the observer, we produce a
baseline control law to reduce the effect of changes in
the angle of attack on the lift.

The results demonstrate that, by exploiting the soft, de-
formable nature of the wing as a proprioceptive sensor,
the observer can infer highly dynamic gust disturbances
directly from its deformation, paving the way for closed-loop
disturbance rejection in aquatic soft robots.

II. MODELLING THE UNDERWATER SOFT WING

We model the underwater soft morphing wing using the
Piecewise Constant Curvature (PCC) approximation [18], as
the wing’s kinematics naturally align with this representation
(see evidence below) and due to its widespread use in soft
robot control. While more accurate beam models, such as
the Cosserat model [19], capture the continuum dynamics
in greater detail, they make the formulation of the systems’
dynamics into state-space form less tractable.

To validate our model of the wing, we use time series from
10 experiments from [16], where the curvature and lift of the
wing are measured in response to changes in pressure of the
hydraulic actuators and angle of attack while subjected to
a steady water flow at 0.2 ms−1. The experimental setup is
shown in Fig. 2a where the setup was placed in a flume and
rotated to different angles of attack.

A. Wing Geometry

The wing has a rigid plastic nose, and a silicon (Ecoflex
00-30) flexible tail. The hydraulic actuators consist of two
tubes with natural curvature which run through the silicone,
and can be inflated with water to make them stiffer, causing
them to bend towards their natural curvature. Varying the
pressure allows control to a desired curvature. Fig. 2b shows
the geometry of the wing. The nose has length LR = 0.0785
m and the tail has length LT = 0.1165 m. The wing also has
width w = 0.12 m (into the page in Fig. 2b). A parameter
s describes a point along the wing’s centreline, the line
along the wings centre running from from the base of the
soft section at s = 0, to the tip at s = 1. By testing
video data from [16] we confirmed the centreline of the
wing approximately follows a constant curvature. The wing
had 5 visual markers along the flexible section. Arcs were
fit to these markers in 2933 image frames, subject to the
constraint that the radius of the arc was perpendicular to the
line between the tip of the nose and the first marker. The
average length of the fitted arc was 445.45± 9.0 pixels. The
average RMSE for the fitted circles across these frames was

(a) (b)

Fig. 2: a) The experimental setup from [16]. The assembly
was placed in a flume. The motor rotated the setup to sim-
ulate different angles of attack. The load cell measured lift
force. b) The geometry of the wing model. The kinematics of
the wing are described in a Cartesian coordinate plane. The
parameter θ describes the curvature of the wing. s describes
the normalised distance along the centreline of the wing, with
s = 0 at the base and s = 1 at the tip. h(s) describes the
thickness of the wing.

4.94± 0.52 pixels, which is approximately 0.0013± 1.36×
10−4 m, about 1.12% of the wings length. This confirms
that the wing’s kinematics, and therefore dynamics, can be
modelled using the PCC approximation. The curvature of
the wing is described by the angle θ, which can be mapped
from camber measurements from [16], allowing the use of
the experimental data to validate simulations using the PCC
approximation.

The kinematics of a point s along the wing are described
by Eq. (1), where x(s) and y(s) are the Cartesian coordinates
and θ(s, θ) is the angle of the slice of the wing with respect
to the y axis. J(s, θ) is the Jacobian, given in Eq. (2).x(s, θ)y(s, θ)

θ(s, θ)

 =

 LT sin(sθ)
θ

LT (cos(sθ)−1)
θ
sθ

 (1)

J(s, θ) =


∂x(s,θ)

∂θ
∂y(s,θ)

∂θ
∂θ(s,θ)

∂θ

 =

 LT (sθ cos(sθ)−sin(sθ))
θ2

LT (1−cos(sθ)−sθ sin(sθ))
θ2

s

 (2)

The half-thickness of the soft tail h(s) is approximated as

h(s) = −1.362×10−2s2−5.626×10−4s+1.419×10−2 (3)

which was found by measuring points along the wings length
and fitting a quadratic function to these points.

B. Soft Wing Dynamics

The dynamics of the wing is formulated making use of
the Lagrangian Dynamics of the PCC approximation, as
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with similar previous works on soft manipulators e.g. [20].
Following [18], the dynamics of the wing takes the form,

M(θ)θ̈+C(θ, θ̇)θ̇+K(θ) +Ka(θ, P ) +Dθ̇+ τl(θ, α) = 0
(4)

with mass M(θ), coriolis C(θ, θ̇), stiffness K(θ) and damp-
ing D terms typical of a PCC segment as per [18]. In
addition, the effect of lift in the configuration space τl(θ, α)
is also modelled. A second, pressure dependent stiffness term
is used to model the effect of pressure on the internal rubber
tubes Ka(θ, P ), where P is the internal pressure of the tubes,
which represents the control input. The system is treated as
neutrally buoyant, allowing us to neglect the contributions
from gravity and buoyancy, as per the experimental setup in
[16] (See Fig. 2a) where the wing is on its side. Following
[18], the mass matrix is computed from mass and inertia
distributions m(s) and I(s),

M(θ) =

∫ 1

0

J(θ, s)⊤

m(s) 0 0
0 m(s) 0
0 0 I(s)

 J(θ, s)ds (5)

where the mass distribution is given by

m(s) = 2ρwLTh(s) (6)

obtained by multiplying the wing’s rectangular cross section
of width w and thickness 2h(s) by the density of the silicon
ρ = 1064.6 kgm−3 [21] and the length of the tail. Similarly
the inertia distribution I(s) is approximated by considering
a slice of the wing at s as a thin rod with length 2h(s) and
mass m(s):

I(s) =
m(s) (2h(s))

2

12
(7)

Finally, the Coriolis term is given as

C(θ, θ̇)θ̇ =
1

2

dM(θ)

dt
θ̇ =

1

2

∂M(θ)

∂θ
θ̇2 (8)

C. Stiffness and Damping

The wing is subject to two stiffness terms which act
antagonistically: one is due to the silicone the tail is made
from, which applies a restoring force towards the unstrained
state of the wing at θ = 0; the other is due to the soft
hydraulic actuators’ rubber tubes, which drive the change in
curvature upon pressurization P . As such, the latter stiffness
term is also a function of the internal pressure P of the tubes.
The stiffness of a PCC segment is defined as,

K(θ) =

∫ 1

0

k(s)dsθ = kθ (9)

which describes a torque proportional to the instantaneous
curvature θ(t) and stiffness coefficient k, in turn equal to
the integral of the local stiffness over the segment.

As the local stiffness k(s) is unknown for the silicon
tail, the average stiffness k can instead be estimated by
approximating the wing as a beam with constant cross
section. Following [22], the stiffness for a beam under pure
bending is given by,

k =
λI

L
(10)

where λ, I and L are the Youngs modulus, 2nd moment of
area and length of the beam respectively. The beam under
pure bending will obey τ = kθ. Here, the Youngs modulus
of Ecoflex 00-30 is λw = 100 kPa [23], the length of the
beam is LT and the 2nd moment of area I(s) is obtained by
averaging that of a beam with rectangular cross-section with
width w and height h(s) and then subtracting the contribution
from the moment of area of the internal actuators. The tubes
have a circular cross-section with mean radius r = 0.0075
m, allowing the stiffness of the tail to be given by

k =
λwIw
TL

=

λw

(
w(

∫ 1
0
2h(s)ds)

3

12 − 2π
4 r

4

)
TL

(11)

such that k=0.0834 Nm rad−1.
Next the stiffness of the tubes is considered. The relation

between 2nd moment of area of the tubes and pressure
It(P ) was estimated experimentally, yielding the following
relation,

It(P ) ≈ 4.058× 10−23P 3 − 2.030× 10−18P 2

+4.125× 10−14P + 2.129× 10−9
(12)

Taking the internal tubes length as LT and Youngs modulus
λt = 1.7 MPa (in close agreement with [24] for Butyl
rubber), the pressure dependent stiffness of the hydraulic
actuators is modelled by substituting LT , λt and It(P ) into
Eq. (10),

ka(P ) = 5.922× 10−16P 3 − 2.962× 10−11P 2

+6.019× 10−7P + 3.107× 10−2
(13)

The second stiffness term is then given by

Ka(θ, P ) = ka(P )
(
θ − π

4

)
(14)

which dictates that the curvature point of equilibrium is θ =
π
4 rad due to the wings natural curvature.

Finally, the damping term of a PCC segment is modelled
according to [18] as,

D(θ)θ̇ =

∫ 1

0

sd(s)dsθ̇ =
1

2
dθ̇ (15)

where the local damping coefficient, d(s), has been assumed
constant and equivalent to the mean damping coefficient d =
0.1 Nmsrad−1.

D. Modelling Lift of a Soft Wing

Definition of a suitable estimation of lift on the PCC
section of the soft wing is essential for accurate dynamics
modelling and formulation of an appropriate disturbance ob-
server. The model of the lift must be expressed equivalently
in Cartesian space as a force Fl (for control of the lift), and
in configuration space, as a torque τl for the dynamics. In
both cases, the lift is dependent on angle of attack α and
curvature θ.

In the absence of sufficient data to construct an accurate
fitting function for Fl and τl, we resort to Thin Airfoil Theory
(TAT), [25], as a means to find a function for the lift that
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Fig. 3: The camberline of the wing, used for thin aerofoil
theory. Fl and Fd are the forces from lift and drag, α is the
angle of attack and U is the speed of the oncoming flow.

spans a sufficient range of θ and α. Another approach for
modeling fluid forces on a flexible body is Resistive Force
Theory (RFT), which has been applied to flagella in [26].
However, RFT considers only local viscous effects along
the body and neglects pressure-induced lift generated by
flow around a foil. For this reason, TAT is better suited for
capturing the hydrodynamic lift relevant to soft morphing
wings. TAT assumes a wing with zero-thickness around its
centreline and infinite width-span. These conditions are quite
different from the wing used here. Therefore, we employ
TAT to produce a baseline function and augment it with a
corrective mapping to bring the function in line with the
six clusters of equilibrium points from experimental data in
Table I. To estimate the effects of lift in joint space, we
assume that eq. 4 is at equilibrium to give,

τl(θ, α) = −K(θ)−Ka(θ, P ) (16)

TAT formulation requires an expression of the centreline
(or camberline) of the wing. This is shown schematically
in Fig. 3 for the case of our wing (accounting for both the
flexible tail and the rigid nose), as well as lift and drag forces
Fl, Fd in the appropriate frame, and the speed of flow U
and the angle of attack α. LR, LT and θ are the previously
defined lengths of the rigid and soft parts of the wing and
the angle of curvature respectively.
The equation of the centreline is,

y =

{
0 0 ≤ x ≤ LR√(

Lt

θ

)2 − (x− LR)
2 − LT

θ LR < x ≤ c
(17)

where c is the length of the wing along the x axis, given by

c = LR +
LT sin(θ)

θ
; (18)

This allows the TAT-based estimate of Fl, denoted by Fle

as,

Fle = wρfU

∫ c

0

kldx = wρfU

∫ π

0

c

2
kl sinβdβ (19)

where w is the width of the wing, ρf is the density of the
fluid (in the case of water, ρf = 998 kgm−3 ), U is the flow
speed (taken to be U = 0.2 ms−1 from experiments) and kl

TABLE I: The averages of the clustered data points from
experimental data.

θ (rad) α (rad) Pressure (pa) Fl (N) τl (Nm)
0.3013 0 7817.6 0.1117 0.008
0.2969 0.1734 1407.7 0.2293 0.0064
0.3036 0.2611 0 0.3473 0.0046
0.6288 0 76225 0.3078 -0.0001
0.6272 0.1734 75204 0.5042 -0.0015
0.6280 0.2601 74462 0.635 -0.0032

is the distribution of vorticity over the wing. The vorticity
distribution kl can be estimated via TAT as

kl = 2U

(
(α−A0)

cos(β) + 1

sin(β)
+

∞∑
n=1

An sin(nβ)

)
(20)

where the terms A0 and An are defined respectively by Eq.
(36) and Eq. (37) in Appendix I. A change of variables from
x to β is normally introduced for the sake of simplification
of the algebra,

x =
c

2
(1− cos(β)) (21)

Eq. (19) can be solved numerically across a range of con-
ditions to find a polynomial estimate of Fl. Evaluation of this
estimate against the experimental data of Table I showed the
expected discrepancy due to divergence from the assumptions
of TAT. To address this, a corrective linear mapping was
fit between the estimated lift Fle and the experimentally
measured lift Fl, resulting in the approximation

Fl(θ, α) ≈ 0.7244θ + 1.126α− 0.1407 (22)

which allows the lift in Table I to be more accurately
predicted.

Next, we look for a suitable mapping from Cartesian-
space lift force to configuration-space lift torque. The lumped
force Fl cannot be simply mapped to a torque, as it is
distributed along the wing, and includes a component from
the rigid nose. Instead the distribution of the force along the
soft section must be considered to capture dynamic wing
deformations.

To calculate the torque from an arbitrary force distribu-
tion F (s) over a PCC segment in configuration space, the
following relation is used:

τ =

∫ 1

0

J⊤(θ, s)F (s)ds (23)

The force distribution is assumed to be the infinitesimal
contributions along x from Eq. (19) yielding

F (x) = wρUkl (24)

The final expression for the lift-dependent torque must
also include the drag. By assuming a conservative lift-to-
drag ratio of 0.5 for an airfoil analogous to that of [14], we
are able to express the force distribution on the PCC segment
after transforming it into the Jacobian reference frame of Eq.
2 by rotating it w.r.t α. This yields

F (x) =

 cos(α)Fl(x) + sin(α)|Fl(x)
2 |

− sin(α)Fl(x) + cos(α)|Fl(x)
2 |

0

 (25)
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Then, using

x = LR +
LT sin(sθ)

θ
(26)

to perform the appropriate changes in variables for integra-
tion (i.e. mapping kl to be a function of s), a numerical
solution of the estimated torque τle(θ, α) is found. Once
again the data from Table I is used to perform a corrective
mapping, which after expansion and re-fitting yields the
following lower order approximate for torque used in the
reminder of the work.

τl(θ, α) ≈ 10−2
(
−2.31 θ − 1.61α+ 1.54

)
(27)

E. Actuation Pressure Model

To conclude the formulation of the wing dynamics, a
model for the internal actuating pressure P is developed. This
is needed in order to include a time-delay response between
the desired reference input Pc and the transient response of
P needed to reach that state. The delay can be approximated
by a first order ODE with time constant τp

Ṗ = −P + Pc

τp
(28)

This model represents a response such that pressure will
change from 0 to 99% of Pc in approximately 5τp, which
closely matches the observed experimental behaviour, where
the same response requires approximately 5s, indicating a
time-constant τp = 1s.

F. State Space Model

For control purposes, it is useful to have a state-space
model of the form in ẋ = f(x, u) and y = h(x), where
x is a vector of state variables, u is a vector of input
variables, f(x, u) describes the process dynamics and h(x)
describes measurements of the state. By rearranging Eq. (4),

and introducing a state vector x =
[
θ, θ̇
]⊤

where x1 = θ

and x2 = θ̇, the state dynamics can be described by[
ẋ1

ẋ2

]
=

[
x2

−C(x1,x2)x2+K(x1)+Ka(x1,P )+Dx2+τl(x1,α)
M(x1)

]
(29)

where u = [P, α]
⊤. If required, the pressure dynamics in

eq. 28 could be included as a third state variable with
x3 = P and the input u = Pc instead. The e-skin provides
measurements of θ so the measurement function is given by
y = h(x) = θ. A pressure sensor measures P so it is a
known input. α however is unknown.

G. Dynamics Model Validation

To test the validity of the model, measured pressure P
and angle of attack α time series data from Micklem et al.
were used as input to Eq. (29) (where pressure dynamics in
Eq. (28) were neglected as P had been measured directly),
and the output θ and the modelled lift Fl(θ, α) from Eq.
(22) were plotted against the corresponding measured time
series. Figures 4 and 5 depict two sections of interest in these
experiments that confirm that the model accurately captures
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Fig. 4: Plot showing the response of the model compared to
the real response when subject to the same inputs and initial
conditions. The inputs are the internal pressure (manually
adjusted), and α stepped from 0 to 0.1745 rad and back.

the important features of the dynamics, for the first time
demonstrating that PCC can effectively be used as a reliable
representation for the dynamics of some flexible wings.

Across the ten series of experiment data, each lasting
approximately 80 seconds, the RMSE between predicted and
modelled θ was 0.0339 rad, and the Mean Absolute Error
(MAE) was 0.0222±0.0256 rad. This is ∼1-2◦ for a system
that operates between ∼17-35◦. This value is relatively low,
particularly for a model whose parameters have not been
fine-tuned. For lift, the RMSE was 0.0515 N, with MAE
0.0384 ± 0.0344 N. From the figures it can be seen that
the model predicts the approximate shapes of the curvature
and lift trajectories, and with fine-tuning accuracy could be
increased further. For the purposes of observer design and
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Fig. 5: Plot showing the response of the model compared to
the real response when subject to the same inputs and initial
conditions. The inputs are the internal pressure (manually
adjusted), and α stepped from 0.2618 to 0 rad and back.
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Fig. 6: Block diagram showing the proposed control system.
The ESO tracks α from measurements of θ. Using a model
of the lift a reference curvature θref is produced and tracked
by a controller.

control the model could be made semi-parametric with a
method such as [27], using a small neural network to account
for any un-modelled dynamics. For the purposes of this
paper, we assume the parametric model derived so far is
sufficient.

III. CONTROL SYSTEM

Using the model, we design and test a controller to reject
disturbances in the lift in simulation. Fig. 6 outlines the
proposed system. An Extended State Observer (ESO), which
includes the angle of attack in the state will estimate the
angle of attack from e-skin curvature measurements. By
inverting the lift model at the estimated angle of attack, a
reference curvature θref to produce a reference lift Flref

can be found. A closed loop controller can then track the
desired curvature. This scheme resembles the Disturbance
Observer Based Control analysed by Chen [28], where the
observer and controller can be designed independently to
meet different performance criteria.

A. Disturbance Observer Design

In order to estimate the α with an observer, the dynamics
must be represented as a state space system in which α is
include as a state. In order to do this, an extended state vector
xo = [θ, θ̇, α] is introduced, which includes α. Then xo1 = θ,
xo2 = θ̇ and xo3 = α. By assuming that α remains mostly
constant, subject to ocassional changes, then the dynamics of
α can be approximated by ẋo3 = 0. Combining this with Eq.
(29), the process dynamics ẋo = fo(xo, u) (where u = P )
of this extended system is given by,ẋo1

ẋo2

ẋo3

==

 xo2

−F (xo1,xo2,P )+τl(xo1,α)
M(xo1)

0

 (30)

with

F (xo1, xo2, P ) = C(xo1, xo2)xo2 +K(xo1)

+Ka(xo1, P ) +Dxo2

and where the measurements function is ho(xo) = θ.
The Extended Kalman Filter (EKF) was chosen for ESO

design [29] with the observer system described by

ˆ̇xo = fo(x̂o, u) +Ko(θ − θ̂) (31)

where the circumflex (i.e. hat) symbol denotes the estimate
of a variable. Ko is a matrix of gains, given in terms of P ,
C and R,

Ko = PC⊤R−1 (32)

where P evolves according to

Ṗ = AP + PA⊤ −KoCP +Q (33)

C and A are the Jacobians of ho and f0 respectively, given
by dho

dx and dfo
dx . Q and R are the covariance matrices of

possible additive Gaussian white noise signals w(t) and v(t)
to the process, fo(x, u)+w(t) and input, ho(x)+v(t). Their
values can be tuned to affect response speed and accuracy.
These were manually tuned to be R = 1× 10−6 and

Q =

1× 10−2 0 0
0 1× 10−2 0
0 0 1

 (34)

Note that many different observer designs are possible,
to satisfy different requirements such as stability, noise
rejection, convergence speed, computational simplicity etc.
We choose to use the EKF due to its relative simplicity in
implementation and tuning and its computational efficiency.
However a Lyapunov Stable observer such as that suggested
by Chen [28] or an optimal Moving Horizon Estimator
(MHE) (See [30]) could also be selected, depending on
performance requirements.

To test the EKF, the model described by Eq. (29) was
subjected to a changing angle of attack α. A changing pres-
sure input was used, modelled with Eq. (28), to demonstrate
the observer works across a range of possible curvatures the
wing might take. The pressure and α values were chosen
to cover the range of pressures and angles of attacks in the
experimental data. The system was initialised with θ = 0.279
rad with an initial internal pressure of 0 kPa. The pressure
reference was varied between 0, 80, 20 and 60 kPa, while
the α was varied between 0, 0.26 and 0.13 rad. The observer
was initialised with an incorrect θ̂ = 0.3 rad and α̂ = 0.1.
The response of the observer is plotted in Fig. 7.

It can be seen that the observer produces an estimate of
α that asymptotically tracks the actual value. Effectively, the
observer is using the deformation of the soft wing caused by
gusts to estimate the disturbances acting upon it, which, to
the best of the authors knowledge is the first time such an
idea has been implemented.

With the observer complete, we design a controller. First,
to produce a reference curvature θref to achieve a reference
lift Flref , we invert the lift model from Eq. 22 and substitute
α for the estimated value α̂:

θref =
Flref − 1.126α̂+ 0.1407

0.7244
(35)

We then implement a simple PI controller to steer θ to θref
and manually tune the proportional gain KP = 5× 105 and
integral gain KI = 5× 105. As with the observer, it should
be noted that other controllers could be implemented to meet
requirements such as stability, optimality, robustness etc. We
choose a PI controller for its ease to implement and tune.
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Fig. 7: The response of the EKF to a set of test input
pressures and angles of attack. Pressure and α were set to
various references. Curvature and pressure were measured
(Top plot) and used as inputs to the EKF. The EKF was able
to estimate α when suddenly changing.
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Fig. 8: The controller response to step changes in α. α is
stepped to ±5 degrees (Top) and the observer tracks this
change. Then a controller steers the wing to the appropriate
curvature to maintain a reference lift (Bottom).

B. Disturbance Rejection Results

We then test the complete control system against step
changes to α in Fig. 8. Flref is set to 0.2N, α is initially 0
rad. For the wing without control, pressure is set to a constant
value 53582 Pa, known from experiments to yield a curvature
that produces 0.2 N at α = 0 rad. We then step α to ±0.0872
rad (±5◦). As can be seen, the observer tracks the change
and the controller tracks a curvature reference to restore the
lift to 0.2 N. Fig. 9 shows the error in lift coefficient for
the wing at a range of α when Flref = 0.2 N. It can be
seen that the controller completely mitigates the effect of a
change to α within a range, after which the wing’s curvature
saturates. Outside this range, the controller still attenuates
the disturbance compared to the constant pressure case.

To test a harsher case we subject the wing to several 1-

cosine changes to α in Fig. 10. The 1-cosine gust models
are fairly common e.g. [31], although normally it is used
to describe the speed of the flow while here we apply it to
describe time-varying α. As can be seen from the figure, the
case using control reduces the magnitudes of the peaks in lift
caused by the disturbances when compared to the constant
pressure case. For the lift reference of 0.2 N, the RMSE for
the controlled lift was 0.0734 N, a significant improvement
from the RMSE of 0.1103 N in the uncontrolled case.
Unlike the case of step changes to α, the disturbance is not
completely rejected due to the bandwidth of the actuators.

IV. CONCLUSIONS AND FUTURE WORK

In this paper, we developed a model for an underwater soft
morphing wing under gust disturbances, integrating the PCC
approximation for soft body dynamics with Thin Airfoil The-
ory to capture hydrodynamic lift. The model shows strong
agreement with experimental data and leverages the extensive
literature on soft robot control using PCC approximations.
By applying an EKF, the observer can estimate parameters
describing rapid gust variations, such as changes in angle of
attack, enabling the controller to mitigate their effects.

The soft wing’s intrinsic proprioception provides a natural
means to sense its own deformation, which, when combined
with the observer, allows for effective estimation of external
disturbances. While the current study focuses on a single
degree of freedom, extending the framework to a 3D wing
with multiple deformable modes could enable simultaneous
estimation of flow speed and more complex gusts, enhancing
overall disturbance rejection.

This work lays the foundation for soft, bio-inspired un-
derwater systems capable of sensing, maneuvering, and
propelling themselves effectively in highly perturbed envi-
ronments, mimicking the remarkable capabilities of living
organisms.
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Fig. 9: Bar chart showing the error in lift coefficient with
and without the controller at steady-state α, for a reference
lift of 0.2N.
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Fig. 10: The controller response to 1-cos α changes. α is
varied (Top) and the observer tracks these changes. Then
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APPENDIX I: THIN AEROFOIL THEORY COEFFICIENTS

Equations (36) and (37) define coefficients used in TAT.

A0 =
1

π

∫ π

0

dy

dx
dβ (36)

An =
2

π

∫ π

0

dy

dx
cos(nβ)dβ (37)
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