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Abstract: The performance of Wave Energy Converters (WECs) depends on the capability of
the control system to effectively predict the force of excitation, caused by the dynamics of sea
waves acting on the system. This is of particular importance in the case of advanced control
policies, as for constrained and predictive control algorithms, that makes explicit use of the
predicted dynamics of controlled system and related disturbances acting on it for developing
the control law. This paper proposes a prediction algorithm, developed within the Support
Vector Machine framework, able to provide an effective prediction of the excitation forces acting
on WECs. The proposed data-driven algorithm can be designed by off-line training but, due
to the unpredictable long-term dynamics variability of sea conditions, pre-trained data-driven
algorithms cannot effectively consider such a varying conditions. To overcome this limit, the
proposed approach is featured by the capability to adapt the prediction to unknown dynamics
by learning from on-line measured or estimated data. This feature also allows to limit the
computational complexity of the algorithm while its prediction capabilities are adapted to time-
varying sea state conditions evaluated in real-time. The proposed approach is tested on simulated
data generated from a high-fidelity WEC simulator.
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1. INTRODUCTION

In the last years, several technologies have been proposed
to support climate-neutrality targets, such as the Euro-
pean Green Deal, allowing the transition to a renewable
energy source with a quasi-zero carbon footprint. This
revolution involves different fields and several technical
challenges to be addressed. Transports, power distribu-
tion, energy storage, and generation are only a few of the
different sectors subject to radical changes related to the
decarbonization process (Infield and Freris, 2020). If green
power generation represents one of the main possibilities
for reducing pollution, marine power generation is prob-
ably one of the most suitable and effective solutions to
consider in the next few years to achieve the green energy
production targets (Basit et al., 2020). Wave Energy con-
verters (WECs) are marine systems involved in the extrac-
tion of energy from sea waves movement and are rapidly
diffusing among several countries in the world, in partic-
ular in those nations bathed by oceans. WEC systems
could differ for several features, mainly their mechanical
structure and their position in the sea (Zhang et al., 2021).
In terms of performance, the goal to be achieved by control
systems engineers in the WEC controller development
is to optimize the system performance, maximizing the
energy extracted by the power generator according to the

wave dynamics, while guaranteeing the safety of the sys-
tem in such an unpredictable operating scenario. Several
control systems have been proposed in the last years to
increase the energy generation performance of WEC. The
proposed control techniques included the application of
different control theories, including Passive (Proportional)
control (Gallutia et al., 2022), reactive (Windt et al., 2021)
(Proportional-Integral) control, latching (Wang and Zhu,
2024) and declutching control (Garcia-Rosa et al., 2020).

Among different methods, Model Predictive Control (MPC)
and similar constrained predictive control methods emerge
across different fields as the most suitable and effective
control strategies to optimize the performance of plants
while ensuring physical and logical constraints charac-
terizing controlled systems (Zidek et al., 2021; Cavanini
et al., 2023b). Several studies demonstrated the ability
of MPC to improve the performance of WEC systems
(Richter et al., 2012). This can be achieved only by having
the ability to predict the wave excitation force acting on
the WEC system over a certain horizon of interest (Hals
et al., 2011). Several techniques have been proposed to
predict such dynamics that affect system performance, us-
ing model-based methods (Davis and Fabien, 2020), data-
driven techniques (Shi et al., 2020), and their combination
(Falnes, 2007). This paper proposes a new data-driven
prediction algorithm developed within the Support Vector
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∗ Industrial Systems and Control Ltd, Culzean House, 36 Renfield
Street, Glasgow G2 1LU, UK (e-mail: l.cavanini@isc-ltd.com).

∗∗ Department of Information Engineering, Università Politecnica delle
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Machine framework (Cavanini et al., 2024) to predict the
wave excitation force acting on the WEC over a predic-
tion horizon of interest. The algorithm, trained off-line
on available wave excitation force data, is exploited on-
line to provide an effective estimation of the excitation
force. This is a common approach, usually referred to as
supervised machine learning paradigm. In these terms, the
policy capability is limited to learn only from available
off-line training data, which are neither accessible nor
diverse enough to encompass the wide range of operating
conditions related to the sea state and waves. In order to
overcome this limit, the proposed SVM-based prediction
policy can exploit information given by the measured or
estimated instantaneous excitation force, commonly avail-
able by standard estimators, such as observers based on
Kalman Filter (KF) (Jama et al., 2020). The proposed
on-line update approach, based on Low-Rank matrix ap-
proximation (Corrini et al., 2024; Cavanini et al., 2023a),
enables automatic updating of the SVM’s knowledge base
while running online, preserving the original computa-
tional complexity and memory footprint of the off-line-
designed prediction algorithm. Simulation results have
been collected by testing the algorithm on data generated
by the WEC-Sim simulation software (Ruehl et al., 2024a)
provided by NREL (Lawson et al., 2014). Reported results
show the superior performance of the proposed approach
with respect to baseline SVM, demonstrating the effec-
tiveness of the proposed approach and the capability of
the proposed method to adapt the prediction to varying
and unpredictable sea conditions.

The paper is structured as follows. In Section 2, the WEC
model dynamic is presented. Section 3 presents KF esti-
mation algorithm and the SVM-based prediction approach
with the proposed on-line update capabilities. Section 4
reports simulation results and achieved performances. Fi-
nally, Section 5 concludes the paper.

2. WAVE ENERGY CONVERTER

The WEC considered in this paper is a floating point
absorber subject to incoming sea water waves. The sim-
ulation model of this system is provided within the WEC-
Sim (Wave Energy Converter SIMulator), an open-source
software (Ruehl et al., 2024a) provided by the National
Renewable Energy Laboratory (NREL) and Sandia Na-
tional Laboratories (Sandia) (Ogden et al., 2022). The
simulation model is developed in MATLAB/Simulink by

Fig. 1. The WEC-Sim MATLAB/Simulink simulation
model, from Ruehl et al. (2024b)

Fig. 2. The WEC-Sim model reference system, from Ruehl
et al. (2024b)

MathWorks® (see Fig. 1) and the reference systems con-
sidered in the modeling approach are shown in Fig. 2. In
the following, we present the essentials of the simulation
model. The reader can refer to (Ruehl et al., 2024a) for
further details.

The WEC-Sim code scales the hydrodynamic coefficients
according to Eq.(1) , where ρ is the water density, ω is the
wave frequency in rad/s, and g is gravity:

|Fe(ω)| =
|Fe(ω)|

ρg
(1a)

A(ω) =
A(ω)

ρ
(1b)

B(ω) =
B(ω)

ρω
(1c)

Khs =
Khs

ρg
(1d)

where, Fe is the wave excitation force and torque vector,
A and B are the added mass and radiation damping
coefficients, respectively, and Khs is the linear hydrostatic
restoring coefficient. Due to the simplified model structure,
the WEC system is reduced to a single degree of freedom,
considering only vertical PTO motion for both simulation
and control. Wave forcing is computed using linear co-
efficients from a frequency-domain BEM solver based on
potential flow theory (Babarit et al., 2012), which solves
the Laplace equation assuming inviscid, incompressible,
and irrotational flow.

The system’s dynamic response is evaluated using linear
wave theory, which models the wave field as the superposi-
tion of incident, radiated, and diffracted wave components.
Accordingly, the equation of motion for a floating body,
defined about its center of gravity, can be expressed as:

mẌ = Fr(t) + Fb(t) + Fe(t) + Fpto(t) (2)

whre m represents the nominal mass of the system, Fr

is the radiation force, Fb is the buoyancy force, Fe is the

wave excitation force, and Fpto is the power take-off (PTO)
force. The radiation force Fr comprises an added-mass
component, represented by the matrix A(ω), and a wave
damping component, represented by the matrix B(ω),
both of which are functions of the wave radian frequency ω
and are obtained from the BEM solver. These components
are associated with the body’s acceleration and velocity,
respectively. The excitation force Fe includes the Froude-
Krylov contribution due to the undisturbed incident wave
field, as well as a diffraction component arising from wave-
body interactions. The buoyancy force Fb depends on the
hydrostatic stiffness coefficient Khs, the displacement of
the floating body, and its mass.

3. FORCE PREDICTION POLICY

The force prediction proposed in this work follows a two-
step process. First, the wave-excitation force Fe at the
current time step is estimated using a KF. Then, the wave-
excitation force prediction for future time steps is carried
out using a SVM-based algorithm.

3.1 Kalman Filter Estimator

As the the excitation force is usually not measured, the
objective of the KF is to estimate the excitation force Fe

acting on the model (2). As first, we cast the model (2) in
a state-space form to exploit the estimation capabilities of
a the KF framework (So et al., 2017), such that

ẋ(t) = Ax(t) +Bu(t) (3a)

y(t) = Cx(t). (3b)
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The state array is x = [Ẋ,X, Fr, Fb, Fe]
T , where Fe is

the disturbance signal to be estimated, u = Fpto is the

control action defined by the controller, and y = [Ẋ,X]T

are measured PTO velocity and position, respectively.
Details of this modeling approach and related matrices
components can be found in (So et al., 2017). Based on
the state-space model of Eq.(4), the KF-based disturbance
estimator considered in this work is the extended KF filter
for uncertain state array estimation.

3.2 SVM-based Predictor

To design the wave-excitation force predictor, we assume
that the wave-excitation force is available instantaneously.
Therefore, the estimated/measured excitation force is used
as the input dataset to develop the SVM-based prediction
algorithm. If a measure is not available, we assume that the
wave-excitation force estimation from a KF, as shown in
Section 3.1, provides an effective estimate of the excitation
force acting on the WEC. Therefore, we neglect the KF
estimation error at this stage for simplicity.

The wave-excitation force from previous simulations or
experiments can be collected into a training dataset, that
is suitable for the off-line training phase of the SVM
predictor presented in the following. Furthermore, the
possibility to estimate on-line the excitation force makes
possible to update the base of knowledge of the SVM
estimator to the varying operating conditions, that are not
considered by the initial dataset used to train off-line the
prediction algorithm.

The SVM-based prediction algorithm is detailed in the
following. It consists in a Least Square (LS)-SVM which
solves the regression equation according to the following
optimization problem:

min
w;e;b

J(w; e) =
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2
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n
i=1

e2i (5a)

s.t. yi = wTϕ(xi) + b+ ei, i = 1, . . . , n (5b)

where w is the vector of weights, b ∈ R is the bias, γ is the
regularization constant, ϕ(xi) is the feature map to the
high dimensional feature space, and ei is the prediction
error. The Lagrangian results in

L(w; b; e;α) = J(w; e) +
n

i=1

αi

�
yi − wTϕ(xi)− b− ei



(6)
where αi, for i = 1 . . . , n, are the Lagrange multipliers.
The related Karush-Kuhn-Tucker (KKT) conditions for
optimality are:

∂L
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∂αi
= 0 → yi = wTϕ(xi) + b+ ei (7d)

By substituting the conditions (7) and using the kernel
trick (Murty et al., 2016), the solution in α, b can be
computed solving the linear system

Ω+ I/γ 1Tn
1n 0
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α
b


=


Y
0


, (8)

with Y = [y1, . . . , yn]
T
, α = [α1, . . . , αn]

T
, 1n =

[1, . . . , 1] ∈ Rn, Ωij = ϕ(xi)
Tϕ(xj) = K(xi, xj), where

K(xi, xj) is a positive definite kernel. The linear system
derived earlier can be expressed as

Θnα̂n = Yn, (9)

where α̂n = [α, b]T , and Yn = [Y, 0]T . Based on Mercer’s
theorem, the LS-SVM function approximation becomes:

ŷ(x) =
n

i=1

αiK(x, xi) + b. (10)

Because of the characteristics of the excitation force es-
timation problem, it is important to emphasize that the
use of a dataset rich enough to catch the main interesting
dynamics of sea wave would be prohibitive, and also hard
to collect, to cover every possible scenario.
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Subset selection and feature map approximation In order
to reduce training time, prediction time, and memory
usage, we combine the Nyström method for feature map
approximation (Williams and Seeger, 2001) with an en-
tropy criteria for subset selection (refer to (Cavanini et al.,
2023a) for further details).

The Nyström method (Suykens et al., 2002; De Brabanter
et al., 2009) considers an explicit approximation for the
feature map ϕ in the primal space. The finite dimensional

approximation ϕ̂(x) can be used in the primal problem to
estimate w, b.

Furthermore, using a dimensionality reduction approach,
we can find a subset of support vectors with a fixed
size m ≪ n, with m fixed to balance performance with
efficiency. The goal is to identify the m support vectors
that yield the highest value of the approximated quadratic
Rényi entropy: 

p̂(x)2dx =
1

N2
1TnΩ1n (11)

The method can be applied during the initial training
of the algorithm and also during the update phase, as
described in the following sections.

On-line SVM update The entropy value is evaluated for
a fixed-size LS-SVM model to quantify the information
gain introduced by a new sample relative to the cur-
rent training dataset DN , which contains the predictor
variables. The LS-SVM model is updated whenever the
entropy associated with a new sample (xn+1, yn+1) exceeds
a predefined threshold. This strategy enhances the model’s
generalization capability and overall accuracy. Given that
the solution is derived from the linear system Θnα̂n = Yn,
the updated model is computed as:

Θn+1α̂n+1 = Yn+1 (12)

where Yn+1 is the vector of samples [Yn, yn+1, 0]. To
update Θn+1 efficiently upon inclusion of a new sample,
without directly computing the matrix inverse, one can
derive Θn+1 from the previously computed inverse Θn

using the bordering method, as shown below:

Θn+1 =


Θn u
uT a


(13a)

Θ−1
n+1 =



Θ−1

n +
Θ−1

n uuTΘ−1
n

q
−Θ−1

n u

q

−uTΘ−1
n

q

1

q


 (13b)

where q = a − uTΘ−1
n u, a = γ−1 + K(xn+1, xn+1) ,

and u = [K(xn+1, x1), . . . ,K(xn+1, xn), 1]. When a new
sample is included, the training dataset and the data
vectors are incremented as follows

Dn → Dn+1 (14a)

xtrain = [xtrain, xn+1]
T

(14b)

Ytrain = [Ytrain, yn+1]
T

(14c)

and the Lagrangian multipliers become

α̂ = Θ−1
n+1Ytrain (15)

Since the incremental procedure increases memory usage
and model complexity, a First-In First-Out (FIFO) decre-
mental step is applied after each update by removing the

oldest data point. To avoid matrix inversion, Θn is updated
from Θn+1 by removing its first row and column. The
resulting matrix after the decremental step is given by:

Θn(i− 1, j − 1) = Θn+1(i, j)−
Θn+1(i, 1)Θn+1(1, j)

Θn+1(1, 1)
(16)

where i, j = 2, . . . , n+ 1 and the training dataset and the
data vectors are decremented as follows:

Dn+1 → Dn (17a)

xtrain(1) → ∅ (17b)

Ytrain(1) → ∅ (17c)

4. RESULTS

This section presents the simulation performance of the
proposed LS-SVM prediction algorithm. This study fo-
cuses on the study of the improvement of the proposed
update approach to increase the prediction capability of
the baseline SVM-based predictor. First, the prediction
performance of the baseline LS-SVM predictor (i.e., with-
out any on-line update) is evaluated. Next, the algorithm’s
ability to predict time-varying wave dynamics, different
from those in the original training dataset, is assessed.
Finally, the effectiveness of the proposed update policy is
shown in terms of improved prediction capability.

The prediction metric is evaluated according to the Nor-
malized Mean Squared Error (NMSE) performance index,
computed as

NMSE = 100%×max


0, 1− ∥y − ŷ∥2

∥y − ȳ|2


(18)

where y collects the real values, ȳ represents its mean, and
ŷ collects the predicted values of the excitation force.

The fixed size of the developed LS-SVM predictor algo-
rithm is set to m = 200. The estimator is characterized by
a Kernel matrix defined by Radial Basis Functions (RBF),
and the sigma distance threshold considered to perform
the update procedure with the new value provided by
the KF estimator has been set to 5. This threshold value
has been selected by evaluating the effect and frequency
of update on the selected scenario, according to a trial-
and-error approach, to ensure effective performance of the
estimator. The NMSE of the trained predictor achieved
on the pure sinusoidal force excitation signal is collected
in Table 1 for a prediction horizon of Np = 5 so that the
prediction is performed for a predicted trajectory of Np

future samples, given a sampling time of 0.5 seconds.

4.1 Sinusoidal excitation

Table 1 shows how the LS-SVM predictor, trained on a
repetitive dataset, is able to learn the nonlinear trajectory
of ideal waves, generating a sinusoidal excitation force
acting on the WEC system.

Table 1. NMSE on sinusoidal wave excitation
dataset.

Algorithm k
1 2 3 4 5

LS-SVM (No Update) 99.99 99.99 99.98 99.98 99.98

Table 2. NMSE on non-sinusoidal Wave exci-
tation dataset.

Algorithm k
1 2 3 4 5

LS-SVM (No Update) 4.1537 0 0 0 0

LS-SVM (Update) 92.75 78.86 56.30 28.64 2.18

Fig. 3. Comparison of predictors: the real excitation force
(red), the baseline SVM prediction (green), the pre-
diction trajectory provided by the proposed SVM
predictor with update policy (blue).

In this case, given the stationary nature of the wave exci-
tation force, no update policy is actually needed, reaching
a practically exact force prediction for a considered pre-
diction of k = 1, . . . , Np samples, where the maximum
prediction horizon is set to Np = 5. The baseline SVM
prediction algorithm has been trained on this dataset
featured by only stationary wave signals, that would not
represent the realistic behavior of sea waves. This has been
motivated to show the capability of the proposed updated
policy to modify the base of knowledge of the predictor by
the estimated real-world waves behavior as shown in the
next section.

4.2 Non-sinusoidal excitation

Here, the proposed estimator, initially trained as shown
in the previous section, has been tested on a real-world
case study, by considering a realistic wave excitation signal
to be predicted over the considered prediction horizon
of Np = 5 samples. To show the capability of the pro-
posed adaption policy, the performance of the estimator
previously trained on the stationary waves dataset, has
been compared with the estimation results provided by
the same SVM-based estimator integrated with the pro-
posed update policy. By using such a non-stationary wave
excitation force dataset, it is possible to verify the update
capability and effectiveness of the policy to adapt to the
unpredictable wave excitation force dynamics considered
in the following results, as shown in Table 2 and Fig. 3.

Table 2 reports the NMSEs for the different samples of
the predicted trajectory over the k = 1, . . . , Np prediction
steps considered in this scenario, including both the LS-

SVM without update and the proposed LS-SVM with on-
line update. The LS-SVM without update proves to be
inadequate in such a scenario. The NMSE drops signif-
icantly and becomes zero for k > 2. The LS-SVM with
on-line update, instead, shows a NMSE that starts from
92.75 for k = 1, and the NMSE decreases for larger values
of k.

Fig. 3 compares the wave excitation force prediction given
by the baseline LS-SVM introduced in the previous section
and the same SVM-based prediction policy featured by
the proposed update policy. The graphical results show
the wrong prediction provided by the baseline predictor
without the update policy. Due to the limited knowledge
contained in the initial training dataset, the baseline SVM
is not able to provide an effective prediction of the future
wave excitation force generated by waves acting on the
WEC. This limit is overcome by introducing the proposed
update policy in the prediction algorithm. These results
demonstrate the capability to update and exploit the
updated information to generate an effective prediction of
the considered signal. In particular, the predicted force
trajectory match the nonlinear dynamics of the wave
excitation force, motivating the future usage of this policy
in combination with advanced predictive control policy.

5. CONCLUSIONS

This paper presents a data-driven algorithm designed to
effectively predict the excitation force acting on a Wave
Energy Converter over a future time horizon of interest.
The proposed approach exploits prediction capabilities of
data-driven Least-Square Support Vector Machine-based
algorithms. The prediction policy, trained off-line on a
dataset representing only a limited set of sea wave op-
erating conditions, is able to effectively predict the exci-
tation force dynamics in operating conditions similar to
those described in the training dataset. This performance
degrades when the wave dynamic varies and does not
match the features of this training dataset. By introducing
the proposed update policy, the SVM-based predictor can
automatically update the estimation policy by maintaining
the initial computational complexity and memory foot-
print of the prediction algorithm. The simulation results,
achieved by testing the proposed system on high-fidelity
simulation software, show the superior performance of the
proposed approach compared to the baseline LS-SVM.
Future research will consider the integration of this pre-
diction system within a predictive control system in a
Processor-in-the-Loop test. This will allow to evaluate the
performance improvement due to increased prediction ca-
pabilities, and the feasibility of the proposed approach op-
erating in conjunction with a computationally demanding
control algorithm. This study will permit to evaluate the
effective possibility to exploit this approach evaluating the
trade-off among computational complexity and prediction
performance on a real-world control board.
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