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A B S T R A C T

Wave energy is emerging as a promising renewable resource. Nonetheless, the levelized cost of energy for current 

Wave Energy Converters (WECs) still exceeds that of mature technologies like wind and solar. Bridging this gap 

demands an extensive assessment of possible designs and deployment sites. Therefore, we developed a machine 

learning (ML) based surrogate model that accelerates WEC performance evaluation. Although the framework is 

broadly applicable, its effectiveness is demonstrated here with the Pendulum Wave Energy Converter (PEWEC). 

The surrogate model receives the parameters describing single WEC setups as input and outputs the device’s 

general site-independent power matrix. The surrogate architecture comprises two main components: a classi­

fication and a regression algorithm. The first determines whether the parameter combination yields a feasible 

device setup, while the latter predicts the site-independent power matrix. For the classifier, we compared the 

performance of five ML algorithms: Logistic Regression, Random Forest (RF), Support Vector Classifier, Extreme 

Gradient Boosting, and Feedforward Neural Network (FNN). For the regressor, we compared four ML algorithms: 

RF, Gaussian Process Regression, Radial Basis Function Neural Network, and FNN. The FNN algorithm showed 

the best results for the classification and regression tasks. Lastly, we assessed the performance of the FNN-based 

surrogate model for WEC performance prediction in four representative deployment sites. Regarding annual pro­

ductivity, the surrogate achieved relative errors below 7.1% at all four sites, limited the absolute deviation from 

the reference numerical model to under 2.1 MWh, and cut the computational time per device assessment from 

222 s to 0.11 s. 

Notation

In this work, we adopt the following notational conventions. The set 

of real numbers is indicated by ℝ, while ℂ represents the complex num­

bers (in which Re refers to the real part and Im to the imaginary part). 

The imaginary unit is denoted by 𝑗. The symbol 0 is used to represent 

the null element, irrespective of its dimensionality. The set of the first 𝑛
positive natural numbers is expressed as ℕ𝑛 = {1, 2,… , 𝑛}. Bold upper­

case and lowercase letters are used to represent matrices and vectors, 

respectively. For a matrix M ∈ ℝ𝑟×𝑐  with 𝑟 rows and 𝑐 columns, the el­

ement located at row 𝑎 and column 𝑏 is written as 𝑀𝑎,𝑏, where 𝑎 ∈ ℕ𝑟

and 𝑏 ∈ ℕ𝑐 . Likewise, for a vector v ∈ ℝ𝑠 containing 𝑠 components, the 

𝑎-th element is denoted as 𝑣𝑎 with 𝑎 ∈ ℕ𝑠. The transpose of a matrix or 

vector is indicated by the superscript T .

1 . Introduction

In order to be an active player in facing the global climate crisis, 

the European Union governments strive to reach net-zero pollution and 

carbon-free energy supplies, and declare their intention to achieve such 

ambitious results in [1]. Moreover, given the global scale of the chal­

lenge, the new technologies capable of providing clean energy must 
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Nomenclature

A Attenuator

AEP Annual Energy Production

ANN Artificial Neural Network

BEM Boundary Element Method

CDF Cumulative Distribution Function

CFD Computational Fluid Dynamics

DB Data-based

DD Data-driven

DoF Degrees of Freedom

FD Frequency-Domain

FNN Feedforward Neural Network

GPR Gaussian Process Regression

LCoE Levelized Cost of Energy

LHS Latin Hypercube Sampling

LR Logistic Regression

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MAX Maximum Error

MBE Mean Bias Error

ML Machine Learning

MSE Mean Squared Error

NRMSE Normalized Root Mean Squared Error

OT Overtopping

OWC Oscillating Water Column

PA Point Absorber

PEWEC Pendulum Wave Energy Converter

PTO Power Take-Off

PR AUC Precision-Recall Area Under the Curve

R Correlation Coefficient

R2 Coefficient of Determination

RBF Radial Basis Function

RBFNN Radial Basis Function Neural Network

RF Random Forest

RMSE Root Mean Squared Error

ROC AUC Receiver Operating Characteristic Area Under the Curve

RSM Response Surface Methodology

SHAP SHapley Additive exPlanations

SVR Support Vector Regressor

SVC Support Vector Classifier

SVGP Stochastic Variational Gaussian Process

T Terminator

TD Time-Domain

TRL Technology Readiness Level

WEC Wave Energy Converter

XGBoost Extreme Gradient Boosting

meet the different operating conditions arising from the wide variety 

of climatic contexts in which they must operate. Therefore, various ef­

forts have been made concerning the diversification of the renewable 

energy sources to be exploited.

In this context, emerging wave energy is receiving a significant 

amount of interest. The attractive aspect of such a form of renewable 

energy is not only its yet untapped high potential [2–4], but also that it 

holds significant potential in areas where the availability of land for en­

ergy production is severely limited, e.g., remote islands or coastal regions 

facing the dual challenges of rising sea levels and escalating population 

density and urbanization pressures [5,6].

The class of technologies aimed at harvesting wave motion and 

transforming it into electrical energy is called Wave Energy Converters 

(WECs). Compared to different forms of renewable technologies (i.e., 

solar and wind technologies), the Levelized Cost of Energy (LCoE) of 

WECs is still not competitive, but projections predict a decrease, reach­

ing a comparable level with offshore wind in the 2030 s [7]. On the 

other hand, WEC technology concepts have not yet converged toward a 

main archetype; instead, a galaxy of different prototypes with different 

working principles has been presented in the past century [8]. One of the 

most common classifications for this diversified technology is according 

to its working principle, dimension and orientation with respect to the 

incoming wave [9]:

• OWC: a WEC capable of exploiting the motion induced by waves 

of a compressed air volume column within a chamber to spin a 

turbine and generate electrical energy is called an Oscillating Water 

Column (OWC).

• A and T: Attenuator (A) and Terminator (T) WECs are systems 

parallelly-oriented or perpendicularly-oriented with respect to the 

incoming wave, respectively.

• PA: Point Absorber (PA) WECs are usually small-sized devices 

(their main dimension is smaller than the incoming wavelength) 

which harvest wave energy by exploiting the heave or pitch mo­

tion, i.e., along a single degree of freedom (DoF), or multiple 

DoFs. WECs capable of collecting wave energy only via a sin­

gle DoF but with more than one excited motion are defined as 

underactuated [10].

• OT: Overtopping (OT) devices, lastly, are WECs designed as a sys­

tem capable of filling a water reservoir and then exploiting the 

potential wave energy generated by the difference in water vol­

ume height-pressure in order to produce electricity often by means 

of conventional low-head hydro-turbines [8].

However, this lack of convergence affects the Technology Readiness 

Level (TRL) of WECs, which is still highly variegated and generally 

presents early-stage values [8]. It follows that, for each WEC, its setup 

is extensively assessed under multiple environmental conditions, with 

the aim of searching for an efficient and economically viable system de­

sign [11,12]. In various recent review papers [8,12–14] authors stress 

the importance of directing efforts towards extensive techno-economic 

assessment studies, in order to increase the reliability of WECs’ potential 

analyses and, consequently, the assessment of their economic viability 

in the process towards a higher TRL of the technology.

In the current stage of WEC technological development, progressing 

towards reliable and commercially viable devices requires comprehen­

sive assessment campaigns under different configurations and operating 

setups. Generally, such an assessment should evaluate the device’s 

energy productivity, economic viability, and overall feasibility under 

realistic sea conditions, which are strictly site-dependent. This pro­

cess relies on different mathematical models [15,16], whose accuracy 

strongly depends on both the level of physical detail and the site-specific 

environmental conditions considered.

Typically, the performance assessment process of a WEC involves 

four key steps [17] (see blue lines and boxes in Fig. 1): geometric and 

parametric definition, hydrodynamic curves and dynamic response es­

timation, Power Take-Off (PTO) control for energy maximization, and 

performance evaluation.

However, performing such extensive performance analyses can 

be computationally demanding and time-consuming, especially when 

several device configurations are investigated in different locations. 

Employing accurate mathematical models may require considerable 

computational time, which can be unaffordable for performance as­

sessment purposes on different sites. Moreover, WEC’s performance 

assessment process remains strongly affected by the degree of accu­

racy of the employed models  [8,12,16]. As a result, this trade-off 
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Fig. 1. Schematization of the DD/DB general surrogate model approach.

between computational efficiency and model accuracy must be carefully 

evaluated, and the suitability of the modeling approach may require ex­

perimental validation. In fact, the trade-off between model simplicity 

and predictive reliability must be carefully managed, as it directly affects 

the robustness of the resulting performance assessment.

In this sense, exploiting the advantages of data-driven (DD) and 

data-based (DB) approaches can help maintain a low computational bur­

den while preserving high model fidelity. These methodologies enable 

a systematic exploration of the design space by efficiently capturing 

the nonlinear relationships between design parameters, environmental 

conditions, and device performance. By relying on a structured dataset 

rather than repeated high-fidelity simulations, such approaches allow 

for fast and accurate estimations of WEC performance metrics across a 

broad range of configurations. Therefore, developing accurate yet com­

putationally efficient surrogate models represents a crucial step toward 

enabling extensive and systematic evaluations of WEC across differ­

ent design setups and deployment sites [18]. However, as discussed 

in the following, for the purpose of the present study, learning the 

input–output mapping generated by a selected numerical workflow aims 

to enable the rapid estimation of WEC performance across broad de­

sign spaces, while its predictive validity remains conditional on the 

data-generating model. Indeed, in the present study, the surrogate is 

not intended to recover hydrodynamic effects that are absent from the 

reference model. Rather, it is used to bypass the repeated geometry-

dependent hydrodynamic characterization, dynamic-response calcula­

tion, and PTO-control optimization required during techno-economic 

preliminary WEC performance assessment.

Recently, the Machine Learning (ML) field has shown substantial 

progress in advanced and efficient algorithms that demonstrate excel­

lent capability in addressing complex engineering problems [19,20]. In 

this scenario, an ML-based surrogate model that can replace the com­

putationally intensive “white-box” models can significantly reduce the 

computational cost of WEC design performance assessment. Surrogate 

models, also known as meta-models, have emerged as a prominent re­

search focus in engineering applications [21,22], offering an effective 

strategy for mitigating prohibitive computational costs. These mod­

els are cost-effective accurate substitutes for complex and expensive 

computational tasks [23].

Surrogate models have been widely employed in the WEC lit­

erature for different applications, such as control [24,25], system 

identification [26], WEC farm motion prediction [27] and layout 

optimization [23,28–33], extreme load forecasting [34–36], control 

co-design [37–40], as well as for WEC design performance assess­

ment [41–62]. These surrogate models have shown significant ad­

vantages in terms of computational cost while maintaining accuracy. 

Some of the most commonly employed ML algorithms for building the 

surrogates within the WEC literature are: the Radial Basis Function 

Neural Network (RBFNN), Feedforward Neural Network (FNN), Extreme 

Gradient Boosting (XGBoost), Gaussian Process Regression (GPR), 

Kriging, and Random Forest (RF). Regarding the use of surrogate models 

for WEC design performance assessment, many authors have employed 

them to reduce the computational burden of one of the steps of the WEC 

design procedure [41–57]. Other works have employed the surrogate 

to evaluate the WEC design only for particular sea conditions [58–62]. 

Nonetheless, to the best of the author’s knowledge, there is no reference 

to employing surrogate models that account for a holistic approach to 

WEC design and extensive assessment, which considers the interactions 

among the different steps involved in the WEC design procedure.

Increasing WEC’s economic viability, moving towards a higher TRL 

for the technology, and shrinking the LCoE gap with other mature re­

newable technologies such as solar and wind are still key challenges 

that need to be addressed. Bridging this gap demands research into 

WEC design, which must adopt a holistic design approach that consid­

ers the mutual interactions of the multiple design steps. As mentioned 

before, this holistic design approach is commonly based on detailed 

numerical models. However, the WEC design workflows commonly 

require exploring extensive design spaces, which are significantly con­

strained and generally time expensive due to the computational burden 

imposed by these detailed numerical models. Moreover, the design pro­

cedure for assessing the WEC technology in a particular location requires 

evaluating different WEC setup combinations. Therefore, this neces­

sarily leads to running the detailed numerical model multiple times. 

Consequently, this computational time may significantly increase when 

aiming to explore multiple locations, making the multi-site-oriented 

design computationally prohibitive. In this context, substituting the 

detailed numerical model with an ML-based surrogate model can signif­

icantly reduce such computational burden, overcoming the “white-box” 

model’s high computational costs while maintaining accuracy.

This work presents a surrogate model (M̃(𝑑), generally transferable 

for any WEC design) for the WEC modeling phase. The proposed meta-

model maps the design parameter space to the performance space (in 

terms of power production) for a set of sea states. The surrogate model 

considers the interactions between the various steps of the WEC design 

process. The multi-input/multi-output meta-model M̃(𝑑) accepts as in­

put the system’s design setup 𝑑 ⊂ D (where D ∈ ℝ𝑁𝐷  is the design 

space) and returns the complete power matrix P(𝐻𝑠, 𝑇𝑒, 𝑑) ∈ ℝ𝑁𝐻𝑠×𝑁𝑇𝑒

for a given subset of sea states (defined by each waves’ significant wave 

height 𝐻𝑠 and energetic period 𝑇𝑒) of interest S ∈ ℝ𝑁𝐻𝑠×𝑁𝑇𝑒 . In this 

formulation 𝑁𝐻𝑠
 and 𝑁𝑇𝑒  are the numbers of explored significant wave 

heights and energetic periods, defining the resolution of the sea-state 

space S. A scheme of the proposed surrogate model is presented in Fig. 1.

In this way, the surrogate model’s main characteristics are:
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• M̃(𝑑) can be applied to different sites, depending on the span of 

the explored sea states space S.

• M̃(𝑑) can be applied to different WEC designs, depending on the 

span of the explored design space D.

Despite its general applicability, in this paper, the approach has been 

validated on a specific case study. For the particular WEC device stud­

ied, the design vector consists of thirteen WEC design parameters, i.e., 

𝑑 ∈ ℝ𝑁𝐷  with the design space dimension 𝑁𝐷 equal to thirteen. Given 

that many combinations of the design parameters may lead to infeasible 

combinations during the design process, the surrogate model comprises 

two main components: a classifier algorithm combined with a regres­

sor algorithm. The classifier identifies whether the particular parameter 

combinations lead to a feasible design. For those feasible combinations, 

the regressor algorithm predicts a device’s power matrix, covering an 

appropriately defined range of the sea-state space, which can be consid­

ered representative of both North Sea and Mediterranean applications. 

In particular, for the classifier algorithm, we design and compare the 

performance of five machine learning algorithms that have shown ex­

cellent performance in the literature for binary classification problems 

(i.e., determining if the design is feasible or not): Logistic Regression 

(LR), RF, Support Vector Classifier (SVC), XGBoost, and FNN. On the 

other hand, for the regression algorithm, we compare four algorithms 

that have been extensively used in the literature for regression tasks as 

well as for WEC design optimization, and have demonstrated promising 

results: RF, FNN, RBFNN, and GPR.

The novelty of this work is a design-parameterized and site-agnostic 

surrogate framework that maps a physically meaningful WEC design lay­

out directly to a complete site-independent power matrix, rather than 

approximating isolated modeling blocks or selected sea states, allow­

ing a quick assessment of the device’s techno-economic performance. 

For the particular WEC device studied, the classifier-regressor architec­

ture first filters infeasible configurations (investigating the geometric 

and mechanical consistency of the design candidate, as well as its hydro­

dynamic stability) and then predicts the power response, enabling rapid 

multi-site techno-economic screening without executing the complete 

geometry-dependent hydrodynamic and PTO-optimization workflow for 

every new candidate design. In Section 2.3, a description of the paper’s 

novelty and positioning within the current literature is given.

The rest of the article is organized as follows. Section 2 provides 

an overview of WEC mathematical modeling. Moreover, it reviews 

works in the literature that employ data-based and data-driven mod­

eling approaches for WECs performance estimation. Section 3 presents 

the proposed methodology for the development of the two-stage surro­

gate model for multi-site WEC design performance assessment. Section 4 

discusses the experimental results for the classification and regression 

tasks. Furthermore, it evaluates and compares the performance obtained 

by employing the reference numerical model of the PEWEC and the 

proposed surrogate for four representative deployment sites. Finally, 

Section 5 presents the concluding remarks.

2 . Literature review and related work

2.1 . Overview of WEC mathematical modeling and design optimization

The numerical modeling of WECs is at the core of the research ac­

tivities for WEC development [8]. As anticipated in the introduction, 

both the performance accuracy and the computational affordability of 

the assessment performed during the WEC’s design process strongly de­

pend on the mathematical formulation of the physical WEC problem 

[11,16]. The impact of this aspect becomes evident when considering a 

widely used schematic framework for evaluating the performance of a 

WEC, which typically involves the four key steps mentioned above: ge­

ometric and parametric definition, hydrodynamic characterization and 

dynamic response estimation, PTO control for energy maximization, and 

performance evaluation. Therefore, a wide range of WEC research & de­

velopment efforts tend to study the WEC hydrodynamics and develop 

high-fidelity models [63,64].

Generally, it is possible to summarize the numerous mathematical 

models employed in the literature to evaluate the hydrodynamic param­

eters of a WEC [65]: Frequency-Domain (FD) and Time-Domain (TD) 

models based on the Boundary Element Method (BEM), i.e., potential 

flow models [16,64], and TD Computational Fluid Dynamic (CFD) mod­

els. FD models are generally based on the assumptions of linear potential 

flow: constant mean wetted surface (i.e., small floater motion), an in­

compressible and irrotational fluid. On the other hand, BEM-based TD 

models include the effects of non-linearities [65].

Usually, in order to model the wave-structure interaction, it is typi­

cal in WEC research to describe the WEC’s motion using the Cummins’ 

equation [66] as the main governing equation:

[𝐌 + 𝐀∞]𝐮̈(𝑡) + ∫

𝑡

0
h𝑟(𝑡 − 𝜏)𝐮̇(𝑡)𝑑𝜏 +𝐊ℎ𝐮(𝑡) = 𝐟𝐞𝐱𝐭 (𝑡). (1)

Deriving from Newton’s Second Law for a body with 𝑁𝐷𝑜𝐹  DoFs and 

described by the time-dependent coordinate vector u(𝑡) ∈ ℝ𝑁𝐷𝑜𝐹 , on the 

left hand side of Eq. (1):

• the inertial properties of the whole WEC are expressed by the 

inertia matrix M ∈ ℝ𝑁𝐷𝑜𝐹 ×𝑁𝐷𝑜𝐹  and the added mass at infinite 

frequency A∞ ∈ ℝ𝑁𝐷𝑜𝐹 ×𝑁𝐷𝑜𝐹 ,

• 𝐊ℎ ∈ ℝ𝑁𝐷𝑜𝐹 ×𝑁𝐷𝑜𝐹  is the hydrostatic-restoring stiffness, which con­

tributes to the balance between gravity and buoyancy forces as

fℎ𝑠(𝑡)= 𝐊ℎ𝑢(𝑡),
• h𝑟 ∈ ℝ𝑁𝐷𝑜𝐹 ×𝑁𝐷𝑜𝐹  is the radiation impulse response function, con­

tributing to the convolution term ∫ 𝑡0 h𝑟(𝑡 − 𝜏)u̇(𝑡)𝑑𝜏 (which can be 

approximately computed by means of a state space representation 

as in [25,67]) to the radiation forces f𝑟(𝑡)=A∞+∫ 𝑡0 h𝑟(𝑡 − 𝜏)u̇(𝑡)𝑑𝜏.

Then, on the right-hand side, the excitation forces vector can be 

expressed as:

f𝑒𝑥𝑡(𝑡) = f𝑤𝑎𝑣𝑒(𝑡) + f𝑤𝑖𝑛𝑑 (𝑡) + f𝑐𝑢𝑟𝑟𝑒𝑛𝑡(𝑡) + f𝐼𝐼 (𝑡) + f𝑃𝑇𝑂(𝑡) + f𝑚𝑜𝑜𝑟(𝑡), (2)

where:

• f𝑤𝑎𝑣𝑒(𝑡) is the wave excitation force component, given by the sum 

of Froude-Krylov excitation and diffraction forces.

• f𝑤𝑖𝑛𝑑 (𝑡) and f𝑐𝑢𝑟𝑟𝑒𝑛𝑡(𝑡) are the wind and current forces, often included 

by means of a single component, i.e., the drag force f𝐷(𝑡) [65].

• f𝐼𝐼 (𝑡) are the second-order forces [68].

• f𝑃𝑇𝑂(𝑡) and f𝑚𝑜𝑜𝑟(𝑡) are the PTO and mooring loads, respectively.

All the force components are elements f(𝑡)∈ ℝ𝑁𝐷𝑜𝐹 .

Alternatively, the WEC’s hydrodynamics can be computed via an 

FD approach, whose formulation can be related to Eq. (1) by means 

of Ogilvie’s equations [69]. However, it is common-practice in WEC re­

search to assume the validity of linear wave theory [70] together with 

small floater oscillations (i.e., the wetted surface remains mainly con­

stant during the floater motion). Therefore, the FD model formulation 

yields:

{−𝜔2[𝐌 + 𝐀(𝜔)] + 𝑗𝜔𝐁(𝜔) +𝐊ℎ}𝑢(𝜔) = 𝐟𝑤𝑎𝑣𝑒(𝜔)𝐀(𝜔) + f𝑃𝑇𝑂(𝜔), (3)

where {A(𝜔),B(𝜔)} ⊂ ℝ𝑁𝐷𝑜𝐹 ×𝑁𝐷𝑜𝐹  are the hydrodynamic frequency-

dependent (i.e., 𝜔) matrices of added mass and radiation damping, 

respectively. The Fourier transform of the device displacements and ro­

tations is denoted by u(𝜔) ∈ ℂ𝑁𝐷𝑜𝐹 . The corresponding elements in the 

FD of f𝑤𝑎𝑣𝑒(𝑡) and f𝑃𝑇𝑂(𝑡) are f𝑃𝑇𝑂(𝜔) ∈ ℂ𝑁𝐷𝑜𝐹  and f𝑤𝑎𝑣𝑒(𝜔)𝐴(𝜔)∈ ℂ𝑁𝐷𝑜𝐹 , 

with 𝐴(𝜔) denoting the wave amplitude coefficients.

The computation of both FD and TD BEM-based models can be per­

formed via various tools, e.g., WAMIT [71], OrcaWave [72] and NEMOH 

[73] for FD, while OrcaFlex [74], WECSim [75] or MOORDYN [76] for 

TD. Among the possible mathematical models of WECs, a trade-off be­

tween their computational burden and their fidelity is desired [16]. TD 

CFD-based models are able to fully describe the total non-linearities and 

the complex hydrodynamic interactions between the WEC and waves, 
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but with a high time requirement. TD BEM-based approaches are capa­

ble of including non-linear effects, e.g., second-order forces and mooring 

effects, at a higher computational cost than FD BEM-based approaches.

On the other hand, the trade-off between computational efficiency 

and model accuracy should be carefully evaluated to select the most 

appropriate model, with respect to the purpose of the employment of a 

convenient mathematical model. For these reasons, in recent years, DD 

and DB models have gained popularity in the WEC field, both for the 

mathematical modeling [16] and control [18,77] applications.

A surrogate model M̃ is a mathematical model able to mimic the 

behavior of a system that is determined only from input/output data. 

Via DD and DB models it is also possible to include unmodeled hydro­

dynamics and non-linearities but with a very reduced computational 

time [16].

Likewise for WEC control applications [77], the same definitions of 

DB and DD approaches given in [77,78] can be used in the WEC mod­

eling field: a DB approach relies on a static dataset with no integration 

of online data flow, while DD approaches employ a dynamic dataset, 

which involves the use of online data during the process but does not 

exclude the presence of offline data collected beforehand.

Usually, the employed data arise from high-fidelity simulators (e.g., 

CFD-based numerical wave tanks) or directly from experimental cam­

paigns. With roots in the field of system identification [79], DD/DB 

models can be achieved in several ways, e.g., via machine learning (ML) 

techniques. Thanks to their trade-off between accuracy and low com­

putational burden, DD and DB models are an interesting alternative in 

WEC optimization or for developing new system control philosophies 

[77,80,81]. Although comprehensive reviews on DD and DB modeling 

approaches for WECs are available in the literature, a brief overview 

is provided in Appendix A to position the present work within the 

broader research landscape. For an in-depth analysis, the reader is re­

ferred to [77,82], which offer extensive surveys of DD and DB modeling 

techniques applied to WECs.

2.2 . Surrogate models for WEC design performance assessment

The WEC design performance assessment category comprises studies 

that aim to evaluate the design performance of an individual WEC as 

well as of a group of WECs (also known as a WEC farm or array), as 

reported in Tables 1 and 2. Refs. [45,46] employed a Kriging surrogate 

model to replace the BEM-based model (i.e., NEMOH WECSim model), 

and estimate the rated power of a multi-float WEC array based on the 

number of floats and their spacing, the separation between floats and 

reactors, and the PTO stiffness and damping. Similarly, Refs. [37–39] 

aimed to overcome the computational costs associated with employ­

ing BEM-based models for determining the hydrodynamic coefficients 

of an array of PA WECs. Therefore, the authors constructed a FNN-

based surrogate model for estimating these hydrodynamic coefficients. 

To prepare the training data for the FNNs, Ref. [38] employed a Latin 

Hypercube Sampling (LHS) approach. On the other hand, Refs. [37,39] 

used Query by Committee as an active learning sampling strategy. The 

results showed a substantial improvement in terms of computational 

time relative to employing multi-scattering (e.g., a 33 times improve­

ment reported in [37]), while closely matching the solution in terms 

of accuracy. Recent contributions have also explored more advanced 

hybrid and meta-learning strategies for wave-energy power prediction, 

especially at the wave-farm scale. Neshat et al. proposed a meta-learner 

framework in which surrogate models are combined with a meta-learner 

to predict the total absorbed power of WEC farms at different Australian 

sites [83]. A subsequent study further developed this research direc­

tion by introducing a cooperative ensemble model, aimed at improv­

ing the accuracy and robustness of wave-farm power prediction [84]. 

These works show the increasing interest in hybrid and meta-learning 

models for wave-energy applications, particularly when farm layouts, 

inter-device interactions, and site-dependent conditions have to be

represented.

Regarding the design performance assessment of individual WECs, 

many works aimed to reduce the computational burden of WEC design 

performance assessment by substituting the reference hydrodynamic 

evaluation models with surrogate ones [40–44,47–62]. Refs. [42–44] 

utilized an RBFNN to forecast the capture factor of a terminator WEC. 

The surrogate model substituted a numerical smoothed particle hydro­

dynamics model. The works in  [51,54] constructed surrogate models for 

predicting the power generation of an attenuator WEC based on its sub­

mergence depth and length. In those cases, researchers employed LHS to 

sample the dataset. Ref. [54] used an FNN-based surrogate, while [51] 

employed an XGBoost-based one. Other works [48,50,53,59,61] stud­

ied the design performance of OWC WEC devices. Ref. [53] employed 

a Kriging-based surrogate model to predict the torque coefficient of a 

well’s turbine based on four turbine design parameters as input. The 

surrogate model showed only a 0.06% relative error compared to the 

CFD model results. Instead, Ref. [48] constructed an RBFNN-based sur­

rogate to estimate the diodicity of the fluidic diode of an OWC, in which 

the sample points were obtained using LHS. Moreover, Ref. [59] em­

ployed an FNN to determine the capture factor of an L-shaped OWC 

based on five of its chamber design parameters. Similarly, Ref. [61] com­

pared RF-based and FNN-based surrogate models to predict the power 

generation of an OWC WEC based on the wave period, front wall, and 

chamber length. LHS was employed to sample the data. The results indi­

cated that the FNN-based surrogate outperformed the RF one. Likewise, 

Ref. [50] utilized LHS for data sampling. They built and compared sur­

rogate models using FNN and XGBoost algorithms to predict the average 

annual power of an OWC WEC, with the FNN demonstrating better 

performance.

Other authors used surrogate models to evaluate the design per­

formance of PA WEC devices [40,41,47,49,52,55–58,60,62]. Ref. [56] 

studied the performance of a Response Surface Methodology (RSM) as 

a surrogate model that employed the design parameters of a PA dou­

ble dumbbell flux-switching linear generator as input and predicted the 

peak power output of the generator. Furthermore, Ref. [60] used an 

FNN-based surrogate model to estimate the captured power of a two-

body PA based on nine design parameters and wave frequency. In like 

manner, Ref. [47] utilized an FNN to construct a surrogate model that 

predicts with 93% accuracy the maximum heave displacement and ad­

ditional mass of a buoy. Similarly, Ref. [62] employed an FNN to build 

a surrogate model that reduced the computational cost of hydrody­

namic simulation during WEC design optimization. Likewise, Ref. [52] 

constructed an FNN surrogate to replace the hydrodynamic simula­

tions performed in AQWA software, predicting the output power of the 

WEC based on key geometric variables. The results indicated that the 

computational time was reduced by over 99% by employing the sur­

rogate, with an average error of 1.5%. Moreover, Ref. [55] employed 

an FNN to estimate the mean extracted power of a WEC based on its 

ballast weights and position, wave frequency, PTO damping and viscos­

ity. They utilized LHS to obtain the dataset for training and evaluating 

the surrogate. Additionally, Ref. [57] extended the study by comparing 

the performance of employing an FNN as a surrogate with a Support 

Vector Regressor (SVR) and XGBoost, with the XGBoost-based surrogate 

showing the best performance. On the other hand, Ref. [41] compared 

using surrogates based on RSM, RBFNN, and an Elliptical Basis Function 

Neural Network to estimate the mean annual power for a buoy-shaped 

WEC design. They employed LHS for data sampling. The RSM showed 

the worst accuracy, while the Elliptical Basis Function Neural Network 

outperformed the RBFNN. Moreover, Ref. [49] built and compared 

surrogate models which replace the WEC hydrodynamic model and es­

timate the CWR and the costs of a PA based on the WEC outer radius, 

bottom radius and draft. The authors compared employing RSM and an 

FNN for building the surrogate, with the latter model showing better

results.

However, the previously highlighted works employed surrogate 

models to substitute one of the steps of the WEC design process in isola­

tion. To the best of our knowledge, there is no reference in the literature 
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Table 1 

Literature on WEC surrogate models.

Author and Year Data WEC Surrogate Model Methodology Metrics

Colby et al. [52] Num. Sim. PA FNN Constructed a FNN surrogate to replace the hydrodynamic simula­

tions, estimating the output power of the WEC based on key geometric 

variables.

Percentage Error

Faraggiana et al. [45] Num. Sim. PA Kriging Kriging surrogate to determine the rated power of a multi-float WEC 

array based on five design parameters. The surrogate model replaced 

the NEMOH WECSim BEM-based models. Employed LHS for obtaining 

dataset.

NRMSE, MAX

Liu et al. [42] Exp. & Num. Sim. T RBFNN Utilized a RBFNN based surrogate to substitute the smoothed particles 

hydrodynamic model of a terminator WEC. The surrogate predicts the 

WEC capture factor based on nine design parameters

RMSE, R2, Hit rate

Bao et al. [60] Exp. & Num. Sim. PA FNN Employed a FNN surrogate model. The metamodel predicted the captured 

power of a two-body PA based on nine geometric parameters and wave 

frequency

R

Khatri and Wang [56] Num. Sim. PA RSM Utilized a RSM surrogate to predict the peak output power of a double 

dumbbell flux-switching linear generator of a PA based on the generator 

design parameters.

R2

Liu et al. [41] Num. Sim. PA RSM, RBFNN, Elliptical 

Basis Function Neural 

Network

Compared surrogate models based on RSM, RBFNN, and Elliptical Basis 

Function Neural Network to optimize a PA. The surrogate replaced the 

hydrodynamic model, by predicting the mean annual power based on the 

design parameters. Employed LHS for data sampling.

R2

V. and Koley [54] Num. Sim. A FNN Employed a FNN surrogate model to predict the power generation of 

an attenuator WEC based on its submergence depth and length. The 

surrogate was utilized to substitute the hydrodynamic model. LHS was 

employed as sampling strategy

R2

Azad and Herber [38] Num. Sim. PA FNN Employed FNN surrogate to estimate the model hydrodynamic 

coefficients of an array of PA WECs. Used LHS as sampling strategy.

MSE

Kotb et al. [53] Num. Sim. OWC Kriging Kriging surrogate to predict torque coefficient of a Wells turbine based on 

four design parameters of the turbine blade. Surrogate model substituted 

hydrodynamic model.

RMSE, R2

Poguluri et al. [55] Num. Sim. PA FNN Employed a FNN surrogate to predict the mean extracted power of the 

rotor of a PA. The surrogate utilized in input the rotor’s ballast position 

and weight, viscosity, and PTO damping. Used LHS as sampling strategy.

RMSE, R2

Lin et al. [59] Exp. & Num. Sim. OWC FNN Constructed a FNN surrogate to determine the capture factor of an L-

shaped OWC. The surrogate employed in input five of the WEC’s chamber 

design parameters.

MSE

Hithaish et al. [48] Num. Sim. OWC RBFNN Employed a RBFNN based surrogate model. The surrogate was employed 

to estimate the diodicity of a fluidic diode of an OWC. Utilized LHS for 

obtaining the dataset

Grid Convergence Index

V. et al. [50] Num. Sim. OWC FNN, XGBoost Compared XGBoost and FNN surrogate models for predicting the average 

annual power of an OWC. Used LHS for data sampling.

MAE, RMSE, MAPE, R2

Jiang et al. [47] Num. Sim. PA FNN Used a FNN based metamodel to replace a PA hydrodynamic model and 

predict maximum heave displacement and additional mass of the buoy 

based on its  geometric parameters

Relative Error

to the implementation of surrogate models that substitute for the combi­

nation of steps within the WEC design process, in such a way that takes 

into consideration the interaction of these steps.

2.3 . Motivations, scientific novelty and contributions

Enhancing WEC’s economic viability and, therefore, narrowing the 

LCoE disparity with more established renewable sources (e.g., wind and 

solar) remain critical challenges. Addressing these challenges requires 

research into WEC design, following a holistic design philosophy that 

accounts for the interdependencies among the steps involved within the 

WEC design workflow. As previously noted, this comprehensive design 

approach typically relies on detailed numerical models. Nonetheless, 

WEC design workflows often entail the exploration of vast design spaces 

and extensive assessment of their power capabilities, which can be 

computationally intensive due to the time requirements of the em­

ployed numerical models. Defining the proper WEC designs for a specific 

site may require hundreds or thousands of simulations, potentially ex­

tending assessment processes over several days. This computational 

demand escalates considerably when considering multiple geographical 

sites, making multi-site design operationally impractical. In this con­

text, substituting the computationally intensive numerical models with 

an ML-based surrogate model offers a promising alternative and an ef­

fective trade-off. This approach substantially reduces the computational 

burden while maintaining satisfactory predictive accuracy, particularly 

during the initial phase of WEC design.

In this work, we present a novel methodology that employs sur­

rogate models (generally transferable to any WEC design) for WEC 

performance and design assessment. The approach is then applied for 

the Pendulum Wave Energy Converter (PEWEC), as an example. The 

proposed surrogate model maps the PEWEC parametric design and per­

formance space (quantified via power output) for multivariate sea state 

conditions. The surrogate explicitly accounts for the interdependencies 

among the various steps involved in the WEC design process. The model 

has a multi-input/multi-output architecture that, for the PEWEC case, re­

ceives thirteen design parameters (which will be introduced in the next 

Section 3.1.1) as input and outputs the general site-independent power 

matrix of the PEWEC. During the WEC design process, it is common 

for numerous design parameter combinations to lead to infeasible de­

sign solutions. Therefore, the surrogate architecture comprises two main 

components: a classification algorithm and a regression algorithm. The 

classifier determines whether a given set of design parameters yields a 

feasible design solution. For the viable combinations, the regressor pre­

dicts the site-independent power matrix. For the classifier algorithm, 

we design and evaluate the performance of five machine learning al­

gorithms that have shown promising results for binary classification 

problems [85–89]: LR, RF, SVC, XGBoost, and FNN. Instead, we employ 

four algorithms for the regression task that have demonstrated excellent 
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Table 2 

Literature on WEC surrogate models part 2.

Author and Year Data WEC Surrogate Model Methodology Metrics

Azad et al. -[37] Num. Sim. PA FNN Utilized FNN surrogate to determine hydrodynamic coefficients of a 

PA WEC. Used Query By Committee as sampling strategy.

MSE

Poguluri and Bae [57] Num. Sim. PA FNN, SVR, XGBoost Compared FNN, SVR and XGBoost surrogate model for determining 

extracted power of a PA. The surrogate utilized in input the rotor’s 

ballast position and weight, viscosity, and PTO damping. Employed 

LHS as sampling strategy

RMSE, R2, MAE

Wang and Liu [43] Exp. & Num. Sim. T RBFNN Used a RBFNN metamodel to estimate the capture factor of a termi­

nator WEC based on nine design parameters. The surrogate model 

substituted an smoothed particles hydrodynamics model.

RMSE

Wang et al. [44] Exp. & Num. Sim. T RBFNN Employed a RBFNN-based surrogate model for substituting an 

smoothed particles hydrodynamics model of a terminator WEC. The 

surrogate used in input nine design parameters to predict the WEC’s 

capture factor.

RMSE

V. and Koley [51] Num. Sim. A XGBoost Used an XGBoost surrogate model to predict the power generation of 

an attenuator WEC based on its submergence depth and length. The 

surrogate was utilized to substitute the hydrodynamic model. LHS 

was employed as sampling strategy

R2, MAPE, MAE, RMSE

Rao et al. [61] Num. Sim. OWC FNN, RF Compared RF and FNN based surrogate model for predicting the 

power generation of an OWC based on wave period, depth sub­

mersion, front wall and chamber length. Employed LHS for data 

sampling

MAE, RMSE, MAPE, R2

Lin et al. [62] Num. Sim. PA FNN Employed a FNN based metamodel to substitute a PA hydrodynamic 

model. The surrogate was used to determine the hydrodynamic 

behavior of the buoy based on its design parameters

Percentage Error

Azad et al. [39] Num. Sim. PA FNN Utilized an FNN surrogate to estimate hydrodynamic coefficients of a 

WEC array. Employed Query By Committee as sampling strategy.

MSE

Arrosyid et al. [49] Num. Sim. PA RSM, FNN Compared RSM and FNN-based surrogate models for estimating CWR 

and the costs of a PA based on the WEC outer radius, bottom radius 

and draft. The surrogate model replaced the WEC hydrodynamic 

model

MSE, R2

behavior as surrogates for WEC modeling: RF  [61], GPR  [90], RBFNN 

[41–44,48], and FNN  [37–39,47,49,50,52,54,55,57,59–62].

The distinctive contribution of the present work is not limited to 

the use of machine-learning algorithms as computationally efficient 

substitutes for numerical models. Rather, the proposed framework in­

troduces a design-parametrized, and site-agnostic surrogate architecture 

for preliminary WEC techno-economic performance assessment. In con­

trast with most existing surrogate-based WEC studies, which generally 

approximate a single modeling block or predict performance under 

selected wave conditions, the present approach maps a physically mean­

ingful WEC design vector directly to a complete site-independent power 

matrix. Such an input design vector includes parameters that uniquely 

define a preliminary WEC configuration. For the PEWEC case study, 

this vector includes the main parameters defining a preliminary device 

layout, namely hull geometry, inertial properties, ballast and pendu­

lum arrangement, number and position of pendulum units, and PTO 

selection. The resulting power matrix is independent of a specific deploy­

ment site and can therefore be combined with different wave-occurrence 

matrices to estimate site-specific performance indicators. Considering 

that the hydrodynamic and PTO-optimization workflows are required 

to generate the design-dependent power matrix, the aim of the surro­

gate is to predict this matrix for a new candidate design. The evaluation 

of different deployment sites only requires its combination with the 

corresponding occurrence matrices (see Fig. 1). Moreover, the pro­

posed classifier-regressor coupling explicitly accounts for the physical 

feasibility of candidate configurations before predicting their power 

response, which is particularly relevant when large and highly con­

strained WEC design spaces are explored. In this sense, the framework 

is intended to support rapid techno-economic screening and multi-

site assessment of possible WEC design configurations, while retaining 

the interactions among the main steps of the conventional design and 

performance-evaluation chain.

The practical relevance of the proposed framework does not rely on 

treating the adopted model as a high-fidelity simulator. Rather, it derives 

from replacing a complete and repeatedly executed design-dependent 

numerical workflow. For each new PEWEC candidate, the conventional 

procedure requires a geometry-dependent hydrodynamic characteriza­

tion, the calculation of the dynamic response, and the optimization of 

the PTO-control parameters over the representative sea-state domain. 

The proposed surrogate directly maps the design vector to the result­

ing site-independent power matrix, bypassing all these intermediate 

calculations during inference. Its offline development cost can there­

fore be amortized over the large number of candidate designs typically 

considered in preliminary design-space exploration, optimization, and 

multi-site techno-economic assessment. The adopted linear FD formula­

tion is commonly used in preliminary techno-economic WEC design and 

optimization (e.g., [11,12,16,91]) because it provides a practical com­

promise between accuracy and computational burden. Nevertheless, its 

validity depends on the WEC concept, operating regime, and motion am­

plitude, and may decrease when energetic sea states or control actions 

produce responses outside the small-motion range (see the so-called 

WEC modeling paradox [92]). Consequently, the screening performance 

and candidate rankings reported in this study remain conditional on 

the adopted linear reference model and should not be interpreted as 

high-fidelity predictions.

3 . Methodology

This section describes the methodology employed to develop the 

surrogate model. The workflow is depicted in Fig. 2. We propose a 

novel approach employing surrogate models for WEC assessment, which 

is generally transferable to any WEC setup. In particular, as antici­

pated, we studied the assessment and design of the PEWEC device. The 

surrogate model maps the PEWEC design parameters to the general site-

independent power matrix of the device. Given that during the PEWEC 

design process (and WECs in general), many design parameter combina­

tions may lead to infeasible design solutions, the surrogate architecture 

comprised two main components: a classification algorithm and a regres­

sion algorithm. The classification algorithm assesses whether a specific 

combination of design parameters leads to a feasible design configu­

ration. To this end, we designed and compared the performance of five 
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Fig. 2. Schema of the proposed methodology.

ML algorithms that have demonstrated excellent results in the litera­

ture for binary classification tasks: LR, RF, SVC, XGBoost, and FNN. 

Furthermore, the regression algorithm determines the site-independent 

power matrix for the feasible designs. For the regression task, we com­

pared the performance of four ML algorithms that have shown promising 

results as surrogates in WEC extensive assessment and design: RF, GPR, 

RBFNN, and FNN.

3.1 . PEWEC numerical model

The PEWEC is a floating, inertia-based device in which the hull’s 

pitch motion, induced by incident waves, drives an enclosed pendu­

lum about its rotational axis, 𝜀. This pendular motion is transmitted, 

via a gearbox, to a PTO that converts mechanical rotation into electri­

cal power. The fully enclosed design enhances reliability under harsh 

marine conditions, while a four-line mooring system simultaneously 

ensures station-keeping and allows the required pitch motion in both 

operational and extreme sea states [10,63,93]. A graphical 3D render of 

the PEWEC device is shown in Fig. 3 (c).

Assuming the device is aligned with the predominant wave direction, 

the state of motion can be represented by

u =
[

𝑥 𝑧 𝛿 𝜀
]𝑇 ,

where 𝑥 is the surge displacement along the 𝑥-axis, 𝑧 is the heave dis­

placement along the 𝑧-axis, 𝛿 is rotation about the transverse (𝑦) axis, 

and 𝜀 is the pendulum’s rotation about its own axis. The reference system 

of the PEWEC is depicted in Fig. 3 (b).

A state-of-the-art linear frequency-domain model of the PEWEC 

is employed to balance computational efficiency and fidelity. Under 

potential-flow assumptions, the coupled dynamics of hull and pendulum 

are written as:

−𝜔2[𝐌 + 𝐀(𝜔)
]

𝐮(𝜔) + 𝑗 𝜔𝐁(𝜔)𝐮(𝜔) +
[

𝐊ℎ +𝐊𝑝
]

𝐮(𝜔) = 𝑎𝜔(𝜔)𝐅𝜔(𝜔)

+ 𝐓PTO(𝜔), (4)

where:

• 𝐌 ∈ ℝ4×4 is the combined mass-inertia matrix of hull and pendu­

lum;

• 𝐀(𝜔) ∈ ℝ4×4 and 𝐁(𝜔) ∈ ℝ4×4 are the frequency-dependent added 

mass and radiation damping matrices, respectively, obtained via a 

BEM solver, in this study NEMOH [73];

• 𝐊ℎ ∈ ℝ4×4 is the hydrostatic stiffness matrix;

• 𝐊𝑝 ∈ ℝ4×4 is the pendulum’s restoring force matrix;

• 𝑎𝜔(𝜔)𝐅𝜔(𝜔) ∈ ℂ4 is the wave excitation vector (with 𝑎𝜔(𝜔)
denoting the wave amplitude and 𝐅𝜔(𝜔) the wave excitation 

coefficients);
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Fig. 3. PEWEC graphical rendering (a), working principle (b), and device parametrization (c).

• 𝐓PTO ∈ ℝ4 is the vector of PTO torques, acting only on the 

pendulum degree of freedom;

• 𝐮(𝜔) ∈ ℂ4 denotes the spectral amplitudes of the motion.

The mass-inertia coupling between hull and pendulum is given by: 

𝐌 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑚ℎ + 𝑚𝑝 0 𝑚𝑝(𝑞 − 𝑙) −𝑚𝑝 𝑙
0 𝑚ℎ + 𝑚𝑝 0 0

𝑚𝑝(𝑞 − 𝑙) 0 𝐼ℎ + 𝐼𝑝 + 𝑚𝑝(𝑞 − 𝑙)
2 𝐼𝑝 + 𝑚𝑝𝑙2 − 𝑚𝑝𝑞𝑙

−𝑚𝑝 𝑙 0 𝐼𝑝 + 𝑚𝑝𝑙2 − 𝑚𝑝𝑞𝑙 𝐼𝑝 + 𝑚𝑝𝑙2

⎤

⎥

⎥

⎥

⎥

⎦

,

(5)

where:

• 𝑚ℎ and 𝑚𝑝 are the hull and pendulum masses, respectively;

• 𝐼ℎ and 𝐼𝑝 are the moments of inertia of hull and pendulum about 

their centers of gravity;

• 𝑞 is the vertical distance from the hull’s center of gravity to the 

pendulum pivot;

• 𝑙 is the pendulum arm length.

The pendulum’s restoring matrix is 

𝐊𝑝 =

⎡

⎢

⎢

⎢

⎢

⎣

0 0 0 0
0 0 0 0
0 0 − 𝑔 𝑚𝑝(𝑞 − 𝑙) 𝑔 𝑚𝑝 𝑙
0 0 𝑔 𝑚𝑝 𝑙 𝑔 𝑚𝑝 𝑙

⎤

⎥

⎥

⎥

⎥

⎦

, (6)

where 𝑔 is the gravitational acceleration. The PTO control law is 

modeled as a first-order transfer function: 

T𝑐𝑡𝑟𝑙 (𝜔) =
𝑗𝜔𝛼𝑃𝑇𝑂
𝑗𝜔 + 𝛽𝑃𝑇𝑂

, (7)

𝑇PTO(𝜔) =
𝑇ctrl(𝜔)
𝜏gear

, (8)

𝐓PTO(𝜔) =

⎡

⎢

⎢

⎢

⎢

⎣

0
0
0

𝑇PTO(𝜔)

⎤

⎥

⎥

⎥

⎥

⎦

, (9)

where 𝛼𝑃𝑇𝑂 and 𝛽𝑃𝑇𝑂 are the two parameters optimized during the 

control internal optimization loop, and are defined as positive real num­

bers (i.e., 
{

𝛼𝑃𝑇𝑂 , 𝛽𝑃𝑇𝑂
}

∈ ℝ+). The gearbox ratio is 𝜏gear, instead the 

absorbed power can be formulated as: 

𝑃𝑤 (𝜔) = ∫

∞

0
Re

{

T𝑐𝑡𝑟𝑙H𝜀̇𝜀̇(𝜔)
}

𝑑𝜔, (10)

where T𝑐𝑡𝑟𝑙 (𝜔) describe the PTO control action and H𝜀̇𝜀̇(𝜔) refers to the 

the power spectral density [94] of the 𝜀-axis rotational velocity, which 

is formulated in FD as: 

𝜀̇ = 𝑗𝜔𝜀(𝜔). (11)

A control-parameter optimization is performed over the set S of 

𝑁𝑐  representative sea states, each modeled by a Joint North Sea Wave 

Project (JONSWAP) spectrum [95,96], to maximize mean absorbed 

power. After identifying optimal control parameters for each sea state, 

operational constraints (maximum generator speed and PTO torque) 

are enforced to discard infeasible parameter pairs. The Annual Energy 

Production (AEP) is then calculated as 

AEP = 3600 ⋅ 24 ⋅ 365
100

𝑁𝑤
∑

𝑖=1

(

Occ𝑖 ⋅ 𝑃 𝑖
𝑤(𝜔)

)

, (12)

where Occ𝑖 is the percentage occurrence of the 𝑖𝑡ℎ sea state, and 𝑃 𝑖
𝑤(𝜔)

is the mean absorbed power under the corresponding optimal control 

parameters [25].

From a computational standpoint, this workflow is design-

dependent. Any variation of the PEWEC design vector requires a new 

geometry-dependent hydrodynamic characterization, followed by the 

calculation of the device response and the PTO-control optimization over 

the complete set of representative sea states. The surrogate developed in 

this work emulates the final design-to-power mapping produced by this 

complete numerical workflow, thereby avoiding the repetition of these 

intermediate calculations for every new candidate design.

To ensure computational tractability, the model neglects second-

order drift forces, viscous damping, nonlinear mooring effects, and PTO 

losses.

It should be noted that the surrogate performance reported in this 

work is therefore conditional on the fidelity and assumptions of the 

adopted reference model. The ML algorithms do not learn the true de­

vice physics directly, but rather the input–output mapping generated by 

the selected numerical workflow. If additional nonlinear effects were in­

cluded, such as viscous damping, nonlinear mooring loads, second-order 

wave forces, or PTO losses, the resulting design-to-power mapping could 

change. Consequently, the relative performance of each tested algorithm 

may also change and should therefore be interpreted as an empirical re­

sult for the present PEWEC dataset and modeling assumptions, rather 

than as a general statement valid for all hydrodynamic model fidelities. 

Accordingly, the computational speed-up reported in this work concerns 

the emulation of the adopted reference workflow and should not be 

interpreted as a correction of its model-form limitations.

3.1.1 . PEWEC design parametrization

This section introduces the thirteen PEWEC design parameters. The 

PEWEC device, comprising its geometry and internal components, is 

fully defined via design parametrization as done in a previous PEWEC 
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design investigation [91]. Referring to the longitudinal section (𝑥–𝑧
plane), the hull profile consists of a bottom circle tangent to two ad­

ditional symmetrical circles at the bow and stern (Fig. 3 (a)). The 

three-dimensional hull is generated by extruding this profile along the 𝑦-
axis, resulting in symmetry about both the 𝑥–𝑧 and 𝑦–𝑧 planes. Generally, 

the hull parameters include:

1. Hull length 𝐿 (dimension along the 𝑥-axis);

2. Hull width 𝑊  (dimension along the 𝑦-axis);

3. Bow curvature ratio ℎ = 𝑥𝐴∕(𝐿∕2);
4. Height-to-draft ratio 𝑘 = 𝑥𝐴∕(𝐻∕𝐷𝑟), where 𝐻  is the overall hull 

height and 𝐷𝑟 is the draft;

5. Draft-based pitch limit 𝛼, which bounds the maximum pitch angle 

to avoid green water on deck;

6. Ballast filling ratio (BFR), a scalar in [0, 1] that sets the fore-to-aft 

ballast distribution among bow, stern, and keel tanks, influencing 

roll and pitch inertia. When BFR is equal to 0 all the ballast is in 

the keel, while at BFR equal to 1 all the ballast is in the fore and 

aft tanks.

Referring to previous studies [91], the structural mass of the hull, 𝑚ℎ, is 

computed as 130 times the total hull volume, assuming a uniform steel 

shell (with density 𝜌ℎ = 7800 kg∕m3). The equivalent shell thickness is 

determined from the hull’s surface area. Sand (density 𝜌𝑏 = 1400 kg∕m3) 

is used as ballast due to its favorable cost-to-weight ratio [97]. Then, the 

pendulum unit is described by:

7. Pendulum mass 𝑚𝑝, defined by a rectangular steel block (density 

𝜌𝑝 = 𝜌ℎ) of cross-section 𝜙×𝜓  and length 𝑙𝑝, located a vertical dis­

tance 𝑙 below the hull’s center of gravity. A 40% mass allowance 

is added to 𝑚𝑝 to account for housing, PTO, and support structure 

[91].

8. Pendulum arm length 𝑙.
9. Pendulum block width 𝜙.

10. Pendulum block height 𝜓 .

11. Number of identical pendulum units 𝑁𝑢.

12. Fulcrum position 𝜆0, defining the vertical placement of the pen­

dulum axis to ensure full rotation without hull interference.

13. PTO unit identifier, selected from a discrete library of 37 commer­

cially available permanent-magnet synchronous generators (each 

with a specified nominal speed, gearbox ratio, and torque).

Thus, each PEWEC design is fully specified by 𝑑 ∈ ℝ13, with 𝑑 =
[𝐿,𝑊 , ℎ, 𝑘, 𝛼,BFR, 𝑚𝑝, 𝑙, 𝜙, 𝜓,𝑁𝑢, 𝜆0,PTO ID]. The design variable space 

D is explored within the bounds reported in Table 3.

Once the key elements of the PEWEC Numerical Model block (see 

Fig. 2) have been specified, we can detail how these are employed in 

the classical framework, as reported with blue lines in Fig. 1:

• Geometric and parametric design definition. Let 𝑑 ∈ ℝ13 denote 

a candidate set of the thirteen PEWEC design variables within the 

design space D. As we described, 𝑑 fully defines the device’s hull 

geometry, inertial properties, and pendulum parameters.

• Hydrodynamic curves and dynamic response estimation. With 

the geometry and mass-inertia characteristics fixed, the next step 

is to perform hydrodynamic and hydrostatic analyses, via the 

NEMOH software in this investigation.

• PTO control for energy maximization. From these results, the de­

vice’s dynamic response is computed for a suite of wave conditions 

representative of the target site. For each sea state in this repre­

sentative set, a nested optimization loop adjusts the PTO control 

parameters to maximize 𝑃𝑤, resulting in optimal control parameter 

vectors 
{

𝜶𝑜𝑝𝑡𝑃𝑇𝑂 , 𝜷
𝑜𝑝𝑡
𝑃𝑇𝑂

}

⊂ ℝ𝑁𝑐 .

Lastly, the Performance Evaluation block of Fig. 1 will be em­

ployed in the same manner for both the numerical model framework and 

Table 3 

PEWEC thirteen design parameters.

Design Parameter Symbol Unit Lower Bound Upper Bound

Hull length L (m) 10 30

Hull width W (m) 5 25

Bow curvature ratio ℎ (/) 0.4 1

Height-to-draft ratio 𝑘 (/) 0.4 1

Draft-based pitch limit 𝛼 (/) 15 25

Ballast filling ratio BFR (/) 0.1 1

Pendulum Mass 𝑚𝑝 (kg) 5000 50,000

Pendulum Arm Length 𝑙 (m) 0.5 5

Pendulum block width 𝜙 (m) 0.2 2.5

Pendulum block height 𝜓 (m) 0.2 2.5

Number of Pendulum 𝑁𝑢 (/) 1 4

Fulcrum position 𝜆0 (m) 1 1

PTO ID PTO ID (/) 1 37

Fig. 4. Set of the 141 representative waves. In blue dots are shown the 141 sea 

states and in yellow the covered area. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web version of this 

article.)

the surrogate one. By interpolating the absorbed-power outputs across 

a grid of significant wave height 𝐻𝑠 and energy period 𝑇𝑒, a continu­

ous power surface is reconstructed, i.e., the power matrix P(𝐻𝑠, 𝑇𝑒, 𝑑). 
Evaluating this surface at all non-zero occurrence sea states (𝑁𝑤) yields 

the expected power capture for each condition and the AEP evaluation, 

following Eq. (12).

3.2 . Dataset and pre-processing

This section presents a detailed description of the Dataset block 

within the proposed methodology, depicted in Fig. 2. As introduced in 

Section 3.1, thirteen design parameters of the PEWEC are adopted to 

uniquely characterize each possible device configuration. For a given 

subset of sea states of interest S ∈ ℝ𝑁𝐻𝑠 x𝑁𝑇𝑒 , the PEWEC reference nu­

merical model returns the corresponding power matrix P(𝐻𝑠, 𝑇𝑒, 𝑑) ∈
ℝ𝑁𝐻𝑠 x𝑁𝑇𝑒 .

In the present study, the power matrix is built from 𝑁𝑐  141 sea states, 

which are representative of European oceanic sites. These 𝑁𝑐  141 sea 

states represent the number of 𝐻𝑠 and 𝑇𝑒 combinations. In particular, the 

𝐻𝑠 spans the range [0.5–8.5] m while 𝑇𝑒 is in [3–18] s. A power value 

is associated with each of these combinations, resulting in a 141 × 3 

matrix. The region covered by the resulting set of 141 (𝑁𝑐) waves is 

shown in Fig. 4.
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A broad design space was explored for the device parameters in or­

der to cover all feasible solutions for every design variable. Lower and 

upper bounds were defined based on expert design experience (listed in 

Table 3). A Latin Hypercube Sampling (LHS) space-filling strategy was 

adopted to generate a total of 175,000 samples, of which 144,505 turned 

out to be infeasible design solutions and 30,495 feasible ones. LHS [98] is 

a stratified sampling technique that splits the range of each input vari­

able into N equally probable intervals and draws exactly one sample 

from each interval, ensuring uniform coverage of the input space with 

fewer samples than purely random approaches. The full dataset gener­

ation process required 2621.25 min (i.e., 1 day, 19 hours, 41 min and 

15 s) on 70 workers running in parallel.

3.2.1 . Classification task

We aim to identify the feasible and infeasible solutions during the clas­

sification task. As previously stated, from the 175,000 samples, 83% of 

the samples are infeasible solutions, and 17% are feasible ones. Based on 

the ratio (almost one feasible solution per five infeasible solutions, i.e., 1:5 

ratio), we can state that it is an imbalanced classification problem with 

a severe imbalance [99]. In our binary classification problem, we assign 

the minority class (i.e., feasible solutions) the class 1 and the majority 

(i.e., infeasible solutions) the class 0 in such a way that we are compliant 

with the evaluation metrics [89].

There are three main approaches for overcoming the challenge of 

imbalanced distribution [99]: i) data-level techniques, which adjust 

the dataset by adding/removing samples to balance the class distribu­

tions; ii) algorithm-level approaches, which modify the internal learning 

mechanisms of the algorithms to mitigate the bias towards the major­

ity class and improve their performance on skewed data; and iii) hybrid 

strategies, which aim to combine the strengths of the two techniques. 

There are two main approaches for data-level techniques: adding new 

samples to the minority class (i.e., oversampling) and removing sam­

ples from the majority one (i.e., undersampling). For the algorithm-level 

techniques, the cost-sensitive approach is one of the most popular [100]. 

This approach employs a larger penalty (or class weights) for the minor­

ity class, boosting the minority class’s importance during the training 

phase. This is because the algorithm should focus on minimizing the 

global cost associated with classification errors. In this work, we employ 

the cost-sensitive approach to handle class imbalance.

Classification data split and pre-processing. The 175,000 samples dataset 

was divided into classification training set (80%—140,000 samples) and 

classification test set (20%—35,000 samples) using a stratified holdout 

split. We employed a stratified split to preserve the proportional dis­

tribution of feasible and unfeasible samples between the classification 

training set and the classification test set. Moreover, a 10-fold repeated 

stratified cross-validation scheme was adopted during the classification 

training phase.

Before training the classifier algorithms, we normalized the clas­

sification training dataset based only on the training folds of each 

cross-validation split. This was achieved using the pipeline method of 

the sklearn Python library [101]. We normalize the classification training 

set of each split to the range 0 to 1 using Min-Max normalization: 

𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥 − min(𝑥)

max(𝑥) − min(𝑥)
, (13)

where 𝑥 denotes the vector of values to be normalized, and min(𝑥)
and max(𝑥) correspond to the minimum and maximum values for each 

parameter in the classification training set.

3.2.2 . Regression task

The dataset of feasible designs comprises 30,495 samples. We aim 

to predict the site-independent power matrix P(𝐻𝑠, 𝑇𝑒, 𝑑) ∈ ℝ𝑁𝐻𝑠 x𝑁𝑇𝑒

of a viable design for a particular set of the thirteen PEWEC design 

parameters (see Table 3). To generalize the problem and make the al­

gorithms agnostic to the 𝐻𝑠 and 𝑇𝑒, we decided to structure problem so 

that the algorithm input consists of the thirteen PEWEC design param­

eters together with 𝐻𝑠 and 𝑇𝑒 and, as output, the corresponding power. 

Therefore, the original problem, which consisted of input 𝑛 x 13 and out­

put of 𝑛 x 141 x 3, where 13 is the number of PEWEC design parameters, 

and 141 correspond to the combinations of 𝐻𝑠 and 𝑇𝑒, is transformed 

to input 𝑛 x 15 and output 𝑛 x 1, where the output is the power. In this 

manner, the number of samples is increased by 141 (i.e., the number of 

𝐻𝑠 and 𝑇𝑒 combinations sampled), resulting in 4,299,795 samples.

Regression data split and pre-processing. A designID auxiliary column 

was added to identify rows belonging to the same input design. We em­

ployed a simple holdout approach with a grouped split by designID to 

divide the dataset into the regression training set (80% - 3439836 sam­

ples) and the regression test set (20% - 859959 samples). This grouping 

strategy ensures that no design is shared between the two sets. Therefore, 

the regression algorithms are trained on one subset of designs (i.e., the 

regression training set) and evaluated on entirely unseen designs (i.e., the 

regression test set). During the regression training phase, we performed pre­

liminary experiments comparing 10-fold grouped cross-validation with 

the holdout approach, but observed no differences. Consequently, we 

kept the holdout grouped split by designID and used the last 10% of the 

regression training set as the regression validation set. As with the classifica­

tion tasks, Min-Max normalization was applied to scale all input features 

in the range from 0 to 1 prior to training the regression algorithms.

3.3 . Surrogate model - classifier algorithms

This section will provide a detailed explanation of the Classification 

algorithms employed within the Surrogate Model module of the proposed 

methodology depicted in Fig. 2. To identify whether the WEC design pa­

rameter combination leads to a feasible design or not, we designed and 

compared the performance of five ML algorithms that have shown ex­

cellent performance in the literature for binary classification problems: 

Logistic Regression (LR), Random Forest (RF) classifier, Support Vector 

Classifier (SVC), Extreme Gradient Boosting (XGBoost) and Feedforward 

Neural Network (FNN) classifier.

As shown in Fig. 2, during the classification training phase, the clas­

sification algorithms were trained with the corresponding classification 

training set after pre-processing (normalization). Furthermore, a 10-fold 

repeated stratified cross-validation scheme was adopted, as already in­

troduced in Section “Classification Data Split and Pre-processing”. We 

searched and identified the best architecture for each of the proposed 

classification algorithms via a trial-and-error approach with a grid search 

algorithm, evaluating several possible hyperparameter configurations 

for each classification algorithm. Despite the fact that grid search can 

be computationally expensive (particularly when dealing with high-

dimensional hyperparameter spaces or large datasets), it is one of the 

most widely used methodologies in the literature for hyperparameter 

optimization in machine learning [83,102,103]. This is due to its guaran­

teed repeatability as well as its simplicity and exhaustiveness compared 

to other more complex methodologies [103,104]. During the fine-tuning 

of the hyperparameters of each algorithm, the best hyperparameter 

combination of each algorithm was chosen based in the highest mean 

F1-score on the 10-fold repeated stratified cross-validation scheme.

During the classification test phase the trained classification algorithms

were fed with the classification test set accordingly, determining whether 

the WEC design parameter combination led to feasible or unfeasible 

solutions (as shown in Fig. 2).

3.3.1 . Logistic regression classifier

LR is one of the most employed statistical algorithms for modeling 

the probability of a binary problem based on one or more predictor vari­

ables [105]. The target variable can take only two possible values, such 

as yes/no or success/failure. More details of the LR structure can be 

found in [88].

The LR classifier was implemented in Python using the sklearn li­

brary [101]. We tuned the hyperparameters through a trial-and-error 
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Fig. 5. Adjusting hyperparameters of a) Logistic regression and b) Random Forest using grid search.

Table 4 

LR classifier hyperparameters.

Hyperparameter Value

C 0.1

Solver 𝑙𝑏𝑓𝑔𝑠
Penalty 𝐿2
Class Weight 1:2

approach using a simple grid search. For the C hyperparameter, we 

searched over values from 0.01 to 100. For the solver, we explored so­

lutions employing saga, lbfgs, newton-cg, and newton-cholesky. Regarding 

the penalty, we tested solutions with no penalty, L1, and L2 regulariza­

tion, as well as Elastic-Net regularization. It is important to highlight 

that the Elastic-Net and L1 regularization are only applicable when em­

ploying the saga solver. Additionally, as previously explained, given that 

the dataset is unbalanced, we searched for different class weights for the 

algorithm. We tested class weights from 1:1 to 1:10 and balanced weight­

ing. The balanced weighting means assigning weights that are inversely 

proportional to the class frequencies observed in the input data. Fig. 5(a) 

shows an example of the landscape of the grid search for tuning the LR 

class weight and the regularization C in terms of the F1-score. As can 

be observed, the performance of the models was affected mainly by the 

class weights, and for this case study, the best performance was achieved 

with C equal to 0.1 and the class weight of 1:2 (as reported in Table 4). 

Table 4 describes the LR hyperparameter configuration that showed the 

best performance. The LR model configuration that showed the best per­

formance employed the lbfgs solver, L2 regularization, C equal to 0.1 and 

a class weight of 1:4.

3.3.2 . Random forest classifier

RF is an ensemble learning method composed of multiple Decision 

Trees. By combining the forecasts of many decision tree classifiers, the 

RF algorithm can perform a more accurate classification than that ob­

tained with any singular tree. Within the RF architecture, each singular 

decision tree is constructed independently via a deterministic procedure 

that selects a random subset of the training data as input. Typically, 

when ensemble Decision Trees are employed for classification tasks, they 

are known as Random Forest Classifiers. More details of the RF algorithm 

employed in this study can be found in [106].

The RF classifier algorithm was implemented in Python using the 

sklearn library [101]. The RF classifier has four parameters to be 

optimized: i) number of estimators, which determines the number of 

trees; ii) max features, which represents the maximum number of features 

a tree can employ; iii) min samples split, which represents the minimum 

Table 5 

RF classifier hyperparameters.

Hyperparameter Value

Number of estimators 500

Max Features 𝑠𝑞𝑟𝑡
Min Samples Split 2

Class Weight 1:1

number of samples required to split a node; and iv) class weight, which 

allows balancing the class weights. As before, we adopted a grid search 

approach to find the best hyperparameters for the RF. We searched val­

ues ranging from 100 to 500 for the number of estimators. The min samples 

split hyperparameter was explored with values in the interval from 1 

to 20. Lastly, for the max features, we tested the sqrt and log2 cases, 

which means considering the square root or the log2 of the number of 

features as max features. For the class weight, we tested balanced and bal­

anced subsample weights, as well as weights in the interval from 1:1 to 

1:10. The balanced weight means assigning weights to the classes in­

versely proportional to the class frequencies observed in the input data. 

On the other hand, the balanced subsample weight differs from the bal­

anced case in that the weights are calculated for the bootstrap sample of 

every tree. Fig. 5(b) depicts the landscape analysis of model performance 

when varying the number of estimators and min samples split, based on the 

F1-score. We observed that smaller min samples split values and larger 

number of estimators led to better results. Nonetheless, it is important to 

highlight that across the various levels, the difference between number 

of estimators 400 and 500 is quite small, and it seems like a plateau. 

The RF classifier model that demonstrated the best performance in our 

case employed 500 estimators, min samples split equal to 2, sqrt for max 

features, and a class weight of 1:1 (as reported in Table 5).

3.3.3 . Extreme gradient boosting classifier

Extreme Gradient Boosting (XGBoost) is a supervised ML algorithm 

that leverages an ensemble framework built upon the gradient boosting 

algorithm. XGBoost employs decision trees as base estimators and inte­

grates regularization techniques to improve the model’s generalization 

capabilities. The XGBoost algorithm is widely employed to obtain state-

of-the-art results on many machine learning challenges, showing good 

results with low computational cost [107,108]. A detailed description of 

the XGBoost algorithm is provided in [109].

We implemented the XGBoost algorithm in Python using the xg­

boost library [109]. The XGBoost algorithm has eight main parameters 

to tune: i) Min Child Weight, ii) Max Depth, iii) 𝛾, iv) 𝜆, v) 𝛼, vi) sub­

sample, vii) Col Sample by Tree, and viii) Scale Pos Weight. For tuning 
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Fig. 6. Adjusting hyperparameters of the XGBoost classifier using grid search.

Table 6 

XGBoost classifier hyperparameters.

Hyperparameter Value

Min Child Weight 3

Max Depth 10

𝛾 0.1

𝜆 0

𝛼 1

Subsample 1

Col Sample by Tree 1

Scale Post Weight 3

the hyperparameters, we exploited the same grid search approach 

previously highlighted. We searched Min Child Weight in the range from 

1 to 10. For the Max Depth, we tested values ranging from 3 to 10. 

Furthermore, we explored 𝛼 and 𝜆 in the interval from 0.0 to 10.0. For 

𝛾, we searched values in the range from 0.0 to 5.0. Additionally, for 

subsample and Col Sample by Tree, we tested values of 0.5 and 1.0. For 

Scale Pos Weight, we explored values in the interval from 1 to 10 and 

25, 50 and 75. Fig. 6 illustrates the landscape of grid search for tuning 

the max depth and 𝛼 (Fig. 6a) as well as max depth, 𝛾 and Col Sample by 

Tree (Fig. 6b). Fig. 6(a) clearly depicts that performance improves sig­

nificantly for larger values of Max Depth. Similar behavior is observed 

in Fig. 6(b). Additionally, a slight improvement is observed for bigger 

values of 𝛼 up to 1, which then worsens for 𝛼 equal to 10, as shown in 

Fig. 6(a). For the Col Sample by Tree (see Fig. 6b), it can be seen that bet­

ter results are achieved overall with this hyperparameter equal to 1.0 

rather than 0.5. Instead, similar performance is observed for 𝛾 values 

ranging from 0 to 1, which degrades for values equal to 5, as depicted 

in Fig. 6(b). Table 6 reports the XGBoost hyperparameter configuration 

that showed the best performance. The XGBoost model that presented 

the best performance has Col Sample, subsample and 𝛼 equal to 1, 𝜆 0, 𝛾
0.1, Max Depth 10, Min Child Weight 3 and Scale Pos Weight 3.

3.3.4 . Support vector classifier

SVC is a nonlinear classification algorithm designed to find a hy­

perplane in a high-dimensional space that best captures the underlying 

relationship between input variables and corresponding outputs. This is 

achieved by mapping the input data 𝑥 into a high-dimensional feature 

space using a nonlinear mapping, followed by performing a linear clas­

sification within the transformed space. For a detailed description of the 

SVC structure, refer to [110].

The SVC was implemented in Python using the sklearn library [101]. 

We employed the Radial Basis Function (RBF) kernel. For tuning the 

hyperparameters (i.e., C penalty, RBF kernel coefficient 𝛾, and class 

Fig. 7. Adjusting hyperparameters of a Support vector classifier using grid 

search.

weights), we utilized a grid search approach. We searched for values 

ranging from 0.01 to 50 for the C penalty parameter. For the RBF ker­

nel coefficient 𝛾, we tested values ranging from 0.01 to 10. We also 

tested 𝛾 equal to auto and scale. In the first case, 𝛾 is equal to 1 ∕𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 
while in the second case it is 1 ∕ (𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 ∗ Var(𝑥)), where 𝑛𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 is 
the number of input features, and Var(𝑥) is the variance of the input 

dataset. Additionally, as previously explained, given that the dataset is 

unbalanced, we searched for different class weights for the algorithm. 

We tested class weights from 1:1 to 1:10 and balanced weighting. Fig. 7 

shows as an example the landscape of the grid search for tuning the 

SVC’s 𝛾 and C regularization. As observed, for growing 𝛾 and C better 

results were observed. Nonetheless, there was a plateau when reaching 

C equal to 50 as well as 𝛾 reaching 1. In the case of 𝛾, after we found the 

best hyperparameter configuration, which employed 𝛾 of 1 and C of 50, 

we tried increasing 𝛾 further, which did not produce better results. The 

SVC hyperparameter configuration that showed the best performance 

employed the RBF kernel, C equal to 50, 𝛾 of 1 and class weight 1:1 (as 

reported in Table 7).

3.3.5 . Feedforward neural network classifier

The FNN (or Multilayer Perceptron) is a neural network architecture 

characterized by unidirectional information flow: from the input layer 
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Table 7 

SVC classifier hyperparameters.

Hyperparameter Value

Kernel RBF

C 50

𝛾 1

Class Weight 1:1

through the hidden layers to the output layer. An FNN consists of an in­

put layer, one or more hidden layers, and an output layer. The output of 

each neuron in the FNN is computed by applying an activation function 

to the weighted sum of its inputs. Typically, a bias term is added to 

this weighted sum to enhance the model’s flexibility. The output layer 

employs a 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 activation function to produce binary outputs in a bi­

nary classification problem. A detailed description of the FNN algorithm 

structure is provided in [111].

The FNN was built in Python using the Keras library with TensorFlow 

backend [112]. We employed the Rectified Linear Unit (𝑅𝑒𝐿𝑢) activa­

tion function for the hidden layer due to its simplicity, extensive use and 

proven efficacy [113]. For the output layer, we employed the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑
activation function and employed the binary cross-entropy as the loss 

function. We searched for different architectures, employing from one 

to three hidden layers. We tuned the hyperparameters, i.e., number of 

units, batch size, and class weight, through a trial-and-error approach us­

ing a grid search algorithm, as was previously mentioned. We explored 

batch sizes in the range 16 to 64. For the class weight, we tested models 

with class weights in the interval 1:1 to 1:5. Furthermore, we searched the 

number of units in the range from 16 to 128. For the models employing 

two and three hidden layers, we tested two main different configura­

tions: one in which the 𝑛 hidden layer employed the same number of 

units as in the previous hidden layer, and the second configuration in 

which the 𝑛 hidden layer employed half the units of the previous layer. 

For example, when the first hidden layer employs 16 units, we tested 

values of 16 and 8 units for the second hidden layer. Similarly, when 

the second hidden layer utilizes 16 units, we evaluated the third hidden 

layer employing 16 and 8 units. Furthermore, when the second hidden 

layer uses 8 units, we tested the third hidden layer with 8 and 4 units. We 

adopted the Adaptive Moment Estimation (Adam optimizer) [114] as the 

optimization algorithm. Additionally, the early stopping strategy [115] 

was employed to prevent overfitting. This strategy stops the training 

process when no further improvement is observed in the validation set 

after a predefined number of iterations. Apart from reducing the risk of 

overfitting, early stopping also contributes to a significant reduction in 

the overall training time. Fig. 8 depicts the landscape of the grid search 

for tuning the FNN’s number of hidden layers, number of units (or neu­

rons) per layer, and batch size. As observed, the architectures with only 

16 neurons in Layer 1 led to suboptimal F1-scores. The highest F1-scores 

were consistently achieved by deeper and more densely parameterized 

architectures, highlighting that, for this use case, both the depth and 

having enough “intermediary” width (i.e., neurons in the middle hidden 

layers) are required for the algorithm to capture the decision boundaries 

effectively. The FNN model showed the best performance using a batch 

size of 64, class weight of 1:2, and 3 hidden layers, with 32 units in each 

of the three hidden layers. Table 8 reports the FNN classifier hyperpa­

rameters employed which showed the best performance, while Table 9 

describes the best FNN classifier layers configuration found.

3.4 . Surrogate model - regression algorithms

In this section, we will provide a detailed explanation of the re­

gression algorithms utilized within the Surrogate Model of the proposed 

solution illustrated in Fig. 2. After the classifier determines whether 

a given set of design parameters yields a feasible design or not (de­

tailed in Section 3.3), for those feasible, the regression algorithms predict 

the site-independent power matrix. During inference, the regression 

stage is activated only when the classifier identifies the candidate con­

figuration as feasible. If the candidate is classified as infeasible, the 

regression stage is not executed, the corresponding power matrix is con­

sidered undefined, and no derived performance indicator is calculated. 

If an actually infeasible configuration is incorrectly classified as feasi­

ble, the regressor may still return a numerical power matrix because 

it does not independently enforce the original geometric, mechanical, 

and hydrodynamic feasibility constraints. To this end, we employed and 

compared four ML regression algorithms that demonstrated excellent 

behavior as surrogates for WEC modeling: Random Forest (RF) regres­

sor, Gaussian Process Regression (GPR), Radial Basis Function Neural 

Network (RBFNN), and Feedforward Neural Network (FNN) regressor.

As depicted in Fig. 2, during the regression training phase, the re­

gression algorithms were trained on the corresponding regression training 

set after pre-processing (as detailed in Section “Regression Data Split 

and Pre-processing”). We employed a trial-and-error approach follow­

ing the grid-search technique to find the optimal architecture for each 

of the proposed regression algorithms. During the fine-tuning of the hy­

perparameters of each algorithm, we compared and chose the best 

hyperparameter configuration for each model based on its performance 

on the regression validation set according to the highest Coefficient of 

determination (𝑅2) and lowest Normalized Root Mean Squared Error 

(𝑁𝑅𝑀𝑆𝐸). During the regression test phase, the trained regression algo­

rithms were fed the regression test set to obtain the site-independent power 

matrix P(𝐻𝑠, 𝑇𝑒, 𝑑) ∈ ℝ𝑁𝐻𝑠 x𝑁𝑇𝑒 , as shown in Fig. 2.

3.4.1 . Random forest regressor

Similar to the RF algorithm introduced in Section 3.3.2, when 

Decision Trees are employed for regression tasks, they are typically 

referred to as Regression Trees, while their ensemble counterpart is 

known as the Random Forest Regressor. A detailed description of the 

RF regressor structure used in this study can be found in [106].

We implemented the RF regressor algorithm in Python using the 

sklearn library [101]. Different from the RF classifier, the RF regres­

sor has three hyperparameters to be optimized: i) number of estima­

tors, ii) max features, and iii) min samples split. We adopted a trial-

and-error approach with a grid search algorithm to fine-tune these 

hyperparameters. We searched for values ranging from 100 to 800 for 

the number of estimators. The min samples split hyperparameter, which is 

fundamental as a stopping criterion to prevent overfitting, was explored 

from 0.005% to 100% of the total samples. Lastly, we investigated val­

ues of max features ranging from 10% to 100%. Fig. 9 illustrates the 

landscape of the grid search tuning the RF’s hyperparameters based on 

NRMSE. As can be observed in Fig. 9(a), the results improved for an 

increasing percentage of max features, but after 70% the results wors­

ened. On the other hand, there is almost no noticeable improvement 

in terms of number of estimators. Likewise, as illustrated in Fig. 9(b), 

there is no appreciable improvement for varying number of estimators

for fixed min samples split. Nonetheless, Fig. 9(b) highlights that the 

NRMSE significantly improved when decreasing min samples split. The 

RF model configuration showing the best performance was: number of 

estimators equal to 600; max features 70%; and min samples split 0.005% 

(as described in Table 10). Despite the fact that there was no visible im­

provement in Fig. 9 for a given configuration of min samples split and 

max features, there was a slight improvement with increasing number of 

estimators but only up to a certain limit. This is the reason why the best 

performance was shown by number of estimators 600 and not at the limit 

we investigated (800). It is also worth mentioning that, when employing 

a larger number of estimators for fixed min samples split and max features, 

the training time of the models increased.

3.4.2 . Gaussian process regression

GPR is an ML method grounded in Bayesian learning principles. The 

fundamental idea underlying Gaussian processes is that any finite col­

lection of observations 𝑥𝑖, 𝑖 = 1, .., 𝑛, follows a joint normal distribution, 

characterized by a mean function 𝑚(𝑥) and a covariance matrix or kernel 
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Fig. 8. Adjusting the hyperparameters of a Feedforward Neural Network classifier using grid search.

𝑘(𝑥, 𝑥′). The hyperparameters of the kernel are optimized by maximiz­

ing the log-marginal likelihood. Given that the likelihood maximization 

is a non-convex optimization problem, standard gradient-based meth­

ods are used to perform the optimization. However, when applying a 

Gaussian process to a dataset of size 𝑛, its inference leads to a computa­

tional complexity of 𝑂(𝑛3), representing a significant drawback for ”large 

datasets” (i.e., those that comprise over a thousand data points) [116]. 

Considering that the regression training set consisted of 3,439,836 sam­

ples, we adopted the Stochastic Variational Gaussian Process (SVGP) 

model [116] to address this limitation. The SVGP unlocks scalability 

by introducing inducing points within a stochastic variational inference 

framework. These inducing points can be initialized from the training 

dataset using the K-Means clustering algorithm. A detailed description 

of the structure of the SVGP model employed can be found in [116].
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Table 8 

FNN classifier hyperparameters.

Hyperparameter Value

Optimizer Adam

Epochs 100

Batch Size 64

Stopping Criteria early stopping with patience equal to 10

Class Weight 1:2

Table 9 

FNN classifier layers.

Layer Type Units Activation

Dense 32 ReLu

Dense 32 ReLu

Dense 32 ReLu

Dense 1 sigmoid

We implemented SVGP in Python using the GPflow library [117]. For 

tuning the SVGP hyperparameters, i.e., inducing points, kernel, and batch 

size, we exploited the grid search approach previously highlighted. We 

searched for values ranging from 1000 to 2000 for the inducing points. 

For the kernel, we tested the RBF, squared exponential, and Mattern 32. 

For the batch sizes, we explored values ranging from 1000 to 2000. We 

trained the SVGP using the Adam optimizer. Fig. 10 depicts the land­

scape of the grid search for tuning the SVGP’s hyperparameters based 

on NRMSE. We observed that more inducing points led to better re­

sults (but at the expense of larger training times). Furthermore, it can 

be observed that inducing points was the parameter that most affected the 

performance. The variation based on the batch size and kernel was less 

significant. However, for a given number of inducing points, better results 

were seen for larger batch sizes and rbf  as the kernel (despite the fact that 

it is not distinguishable in Fig. 10). Nonetheless, it is important to high­

light that this improvement in terms of larger batch sizes for the rbf  case 

was seen up to a certain point, which was a batch size equal to 1500, 

after which the results reached a plateau and did not improve further. 

The SVGP configuration that showed the best performance employed 

batch size 1500, a RBF kernel, and 2000 inducing points (as reported in 

Table 11).

3.4.3 . Feedforward neural network regressor

FNN, already introduced in Section 3.3.5, can also be employed for 

regression tasks. Differently from its implementation for classification 

Table 10 

RF regressor hyperparameters.

Hyperparameter Value

Number of estimators 600

Max Features 70%

Min Samples Split 0.005%

Table 11 

SVGP regressor hyperparameters.

Hyperparameter Value

Optimizer Adam

Epochs 2000

Kernel RBF

Batch Size 1500

Inducing Points 2000

tasks, when employed for regression, typically the loss function is the 

Mean Squared Error, the activation function of the output layer is a linear

function and the output values are continuous. For a detailed description 

of the FNN model, refer to [111].

In our work, we used the Keras library with TensorFlow back­

end [112] for developing the FNN in Python. We employed the hy­

perbolic tangent (tanh) as the activation function for the hidden layers 

because of its extensive use and demonstrated effectiveness [118]. On 

the other hand, we used a linear activation function for the output layer. 

We searched for different architectures, ranging from one to three hid­

den layers. We tuned the hyperparameters, i.e., number of units and 

batch size, through a trial-and-error approach using a grid search algo­

rithm, as previously mentioned. We explored batch sizes of 128 and 256. 

Furthermore, we searched the number of units in the range from 16 to 

512. For the models employing two and three hidden layers, we tested 

two main configurations as explained in Section 3.3.5: one in which 

the 𝑛 hidden layer employed the same number of units as the previ­

ous hidden layer, and the second configuration in which the 𝑛 hidden 

layer employed half the units of the previous layer. We adopted the 

Adam Optimizer as the optimization algorithm. Additionally, the early 

stopping strategy was employed to prevent overfitting. Fig. 11 shows 

the landscape of the grid search for tuning the FNN’s hyperparameters. 

We observed that across all the subplots employing only one layer (thus 

Neurons Layer 2 and Neurons Layer 3 have 0 neurons) yielded the worst 

NRMSE (indicated in purple). Furthermore, when increasing the number 

of neurons in Layer 1 (up to 64 neurons) the overall performance across 

Fig. 9. Adjusting the hyperparameters of a Random Forest regressor using grid search.
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Fig. 10. Adjusting hyperparameters of Stochastic Variational Gaussian process model using grid search.

Fig. 11. Adjusting hyperparameters of a Feedforward Neural Network regressor using grid search.

the hyperparameter space improved. Nonetheless, when moving to the 

largest number of neurons evaluated in Layer 1 (i.e., 512 neurons), a 

degradation in the overall performance, which may be due to overfit­

ting the training data. The FNN hyperparameter configuration showed 

the best performance using a batch size of 128, 3 hidden layers, with 

64 units in each of the three hidden layers. Table 12 reports the FNN re­

gressor hyperparameters employed that showed the best performance, 

while Table 13 describes the best FNN regressor layers configuration 

found.

Table 12 

FNN regressor hyperparameters.

Hyperparameter Value

Optimizer Adam

Epochs 100

Batch Size 128

Stopping Criteria early stopping with patience equal to 10
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Table 13 

FNN regressor layers.

Layer Type Units Activation

Dense 64 tanh

Dense 64 tanh

Dense 64 tanh

Dense 1 linear

Table 14 

RBFNN regressor hyperparameters.

Hyperparameter Value

Optimizer Adam

Epochs 100

Batch Size 256

RBF units 100

𝛽 1.0

Stopping Criteria early stopping with patience equal to 10

3.4.4 . Radial basis function neural network

RBFNN is a particular type of ANN, characterized by its general­

ization ability and simplicity compared to other networks [119]. The 

RBFNN is a three-layer architecture: the input layer, the hidden layer, 

and the output layer. The hidden layer comprises several RBF units, typ­

ically employing a Gaussian kernel. More details on the structure of the 

RBFNN employed can be found in [120].

The RBFNN was implemented in Python using the open-source RBF 

layer [121] and the Keras library with TensorFlow backend [112]. As 

for the other ML algorithms, we adopted a grid search approach to find 

the best hyperparameters (i.e., batch size, 𝛽 and number of RBF units) 

for the RBFNN. We searched for batch sizes of 128 and 256. For 𝛽, we 

studied values ranging between 0.1 and 2.0. Moreover, we investigated 

values from 50 to 600 for the number of RBF units. Like in the FNN, we 

used Adam as the optimization algorithm and employed the early stop­

ping technique. Fig. 12 illustrates the landscape of the grid search of 

the RBFNN’s hyperparameters. We can observe a strong dependence on 

the batch size, with models employing batch size equal to 256 showing 

Table 15 

Confusion matrix for a binary classifier.

Predicted Class

Positive Negative

Observed Class Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

lower NRMSE error overall. Furthermore, it can be seen that the algo­

rithms achieved optimal performance for RBF units in the range 100–200 

and 𝛽 lower than 1.5. Additionally, when employing more than 300 RBF 

units and larger 𝛽 (upper right part of both subplots), the models showed 

severe performance degradation. The RBFNN configuration that demon­

strated the best performance was: 𝛽 equal to 1.0, 100 RBF units and batch 

size 256 (as reported in Table 14).

4 . Results and discussion

This section presents the experimental results obtained for the pro­

posed methodology. Firstly, we introduce the metrics for assessing the 

surrogate model components (i.e., classifier and regressor algorithms). 

Furthermore, we show the results obtained for the classification and 

regression tasks. Last but not least, we evaluate and compare the per­

formance of employing the reference PEWEC numerical model and the 

proposed surrogate model to assess the performance of the PEWEC 

device for four representative deployment sites.

4.1 . Performance metrics

In a binary classification scenario, the results of a classification pro­

cess can be categorized into four groups, as illustrated in the confusion 

matrix presented in Table 15: the samples that are correctly classified as 

positives (True Positive - TP) and as negatives (True Negative - TN), and 

the samples that are misclassified as positives (False Positive - FP) and 

negatives (False Negative - FN).

The accuracy (see Eq. 14): 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃

(14)

Fig. 12. Adjusting the hyperparameters of a Radial Basis function Neural Network regressor using grid search.
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Accuracy is generally the most widely employed metric for assessing 

classification performance. Nonetheless, in an imbalanced classification 

problem in which there are many more samples of one class (majority) 

than of the other (minority), accuracy may not be a proper measure 

since it is disproportionately influenced by the majority class, rendering 

the contribution of the minority class nearly negligible. Therefore, other 

metrics derived from the confusion matrix (shown in Table 15) are also 

employed. First, the  recall, or true positive rate (see Eq. 15): 

𝑟𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

. (15)

Then, the  precision, or positive predictive value (see Eq. 16): 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

. (16)

Furthermore, the F1-Score or F1-measure provides a unified metric that 

integrates both precision and recall: 

𝐹1-𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

. (17)

The F1-score, which assigns equal weights to precision and recall, is the 

most commonly adopted metric when addressing imbalanced classifica­

tion problems [122]. Moreover, the receiver operating characteristic area 

under the curve (ROC AUC) provides a score for directly comparing binary 

classifiers. However, for severely imbalanced classification problems, 

the precision-recall area under the curve (PR AUC) score is recommended, 

since the ROC AUC may yield an overly optimistic assessment of model 

performance [123]. The scores for both ROC AUC and PR AUC range 

from 0.0 to 1.0, with 1.0 being the best classifier:

𝑅𝑂𝐶 𝐴𝑈𝐶 = ∫

1

0
TPR(FPR) 𝑑(FPR) (18)

𝑃𝑅𝐴𝑈𝐶 = ∫

1

0
PPV(TPR) 𝑑(TPR) (19)

where 𝑇𝑃𝑅 is the true positive rate or recall, 𝐹𝑃𝑅 is the false positive 

rate which is equal to 𝐹𝑃𝑅 = 𝐹𝑃∕(𝐹𝑃 + 𝑇𝑁), and 𝑃𝑃𝑉  is the positive 

predictive value or precision.

On the other hand, to evaluate the performance of the regression al­

gorithms, we relied on three metrics commonly employed for surrogate 

modeling [50,124]: i) the Coefficient of determination (𝑅2), ii) Normalized 

Root Mean Squared Error (NRMSE), and iii) Mean Absolute Error (MAE). 

𝑅2 quantifies the percentage of the variance in the true sample that can 

be explained by the predicted one. The 𝑁𝑅𝑀𝑆𝐸 is the normalized dis­

crepancy between the true sample and the predicted one. The 𝑀𝐴𝐸
measures the average of the absolute errors. These metrics are described 

by the following equations: 

𝑅2 = 1 −
∑𝑛
𝑖=1 (𝑦𝑡𝑒𝑠𝑡,𝑖 − 𝑦𝑓𝑜𝑟𝑒,𝑖)

2

∑𝑛
𝑖=1 (𝑦𝑡𝑒𝑠𝑡,𝑖 − 𝑦𝑡𝑒𝑠𝑡)

2
(20)

𝑁𝑅𝑀𝑆𝐸 = 100
𝑦𝑡𝑒𝑠𝑡,max − 𝑦𝑡𝑒𝑠𝑡,min

√

∑𝑛
𝑖=1 (𝑦𝑓𝑜𝑟𝑒,𝑖 − 𝑦𝑡𝑒𝑠𝑡,𝑖)

2

𝑛
(21)

𝑀𝐴𝐸 = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑓𝑜𝑟𝑒,𝑖 − 𝑦𝑡𝑒𝑠𝑡,𝑖| (22)

where 𝑦𝑡𝑒𝑠𝑡 denotes the mean value, 𝑦𝑡𝑒𝑠𝑡,max and 𝑦𝑡𝑒𝑠𝑡,min are the max­

imum and minimum observed values, 𝑛 is the number of predictions, 

and 𝑦𝑡𝑒𝑠𝑡 and 𝑦𝑓𝑜𝑟𝑒 are the observed and forecasted values, respectively. 

𝑅2 determines the correlation between the observed and the predicted 

values, where 1 represents a total correlation, and smaller values indi­

cate weaker correlations. On the other hand, the 𝑁𝑅𝑀𝑆𝐸 is expressed 

as a percentage, with smaller values indicating that the surrogate model 

Table 16 

Classification and regression machine learning algorithms technical settings.

Acronym Full name Type Hyper-parameters

LR Logistic 

Regression

Classification C=0.1, solver=‘lbfgs’, 

penalty=‘l2’, 

class_weight={0:1.0, 1:2.0}

RF Random Forest Classification n_estimators=500, 

max_features=‘sqrt’, 

min_samples_split=2, 

class_weight={0:1.0, 1:1.0}

XGBoost Extreme Gradient 

Boosting

Classification min_child_weight=3, 

max_depth=10, gamma=0.1, 

lambda= 0, alpha=1, subsam­

ple=1, colsample_bytree=1, 

scale_pos_weight=3.0

SVC Support Vector 

Classifier

Classification kernel=‘rbf’, 

C=50.0, gamma= 1, 

class_weight={0:1.0, 1:1.0}

FNN Feedforward 

Neural Network

Classification optimizer=‘adam’, 

loss=‘binary_crossen­

tropy’, epochs=100, 

activation=‘relu’, 

batch_size=64, hidden 

layer sizes = (32,32,32,1), 

callbacks=EarlyStopping

(monitor=‘val_loss’, 

patience=10), 

class_weight={0:1.0, 1:2.0}

RF Random Forest Regression n_estimators=600, 

max_features=0.7, min_sam­

ples_split=0.00005

SVGP Stochastic 

Variational 

Gaussian Process

Regression opti­

mizer=‘adam’,epochs=2000, 

kernel=‘rbf’, 

batch_size=1500, 

inducing_points=2000

FNN Feedforward 

Neural Network

Regression optimizer=‘adam’, 

loss=‘mean_squared_error’, 

epochs=100, activa­

tion=‘tanh’, batch_size=128, 

hidden layer sizes = 

(64,64,64,1), call­

backs=EarlyStopping

(monitor=‘val_loss’, 

patience=10)

RBFNN Radial Basis 

Function Neural 

Network

Regression optimizer=‘adam’, 

epochs=100, batch_size=256, 

rbf_units=100, 

betas=1.0, call­

backs=EarlyStopping(monitor

=‘val_loss’, patience=10)

predicts better. According to [124], surrogate models with an 𝑁𝑅𝑀𝑆𝐸
lower than 10% have good predictive capabilities, while those with an 

𝑁𝑅𝑀𝑆𝐸 lower than 2% demonstrate excellent predictive capabilities. 

Last but not least, the 𝑀𝐴𝐸 quantifies the average absolute error, with 

lower values indicating better performance. In the case under study, the 

PEWEC observed power values ranged up to 151 kW.

4.2 . Surrogate model evaluation

To train and validate the classifier and regressor models of the sur­

rogate, we run the simulations in Python 3.9.20 on a server equipped 

with a Intel Xeon Gold 6238R 2.20 GHz, an Nvidia Quadro RTX 6000 

24 GB, and 256 GB of RAM. Table 16 reports the hyperparameters and 

settings of the classification and regression ML algorithms employed in 

this study.

4.2.1 . Classifier algorithms results

We chose the hyperparameter configuration that demonstrated the 

best performance for each of the classifier models evaluated (see 

Table 16), as introduced in Section 3.3. We compared the performance 

of these models on the classification test set.
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Table 17 

Surrogate classifier models results based on PR AUC, ROC AUC, F1-score (%), accuracy (%), precision (%) and recall (%).

Model Training Time [s] Inference Time [s] Metrics

PR AUC ROC AUC F1-score accuracy precision recall

LR 0.589 0.0008 0.4800 0.8021 65.23 87.05 61.29 69.72

RF 178.004 0.0137 0.7712 0.8878 85.38 95.30 93.21 78.77

SVC 885.805 0.0013 0.8729 0.9549 92.72 97.47 92.99 92.46

XGBoost 6.368 0.0207 0.8578 0.9583 92.01 97.16 90.31 93.79

FNN 223.057 0.0524 0.9956 0.9991 96.22 98.65 94.30 98.21

Fig. 13. Comparison of classifier algorithms inference time.

Table 17 presents the classification performance of the models in 

terms of PR AUC, ROC AUC, F1-score, accuracy, recall, and precision. 

Moreover, we compared the time it takes for each model to determine 

whether a particular set of PEWEC design parameters leads to a feasible 

design or not (i.e., inference time). Fig. 13 illustrates the box plot of one 

thousand inferences of each model, and Table 17 reports the median in­

ference time of each model. As observed in Table 17, the FNN presented 

the best classifier performance among the evaluated models, with a PR 

AUC of 0.9956, ROC AUC of 0.9991 and an F1-score of 96.22%. From 

an operational perspective, the FNN precision of 94.30% indicates that 

5.70% of the configurations classified as feasible in the test set are false 

positives. For these cases, the regressor may return numerical power 

values, but such predictions are not physically valuable. Conversely, the 

recall of 98.21% indicates that 1.79% of the actually feasible configu­

rations are incorrectly rejected and are therefore not evaluated by the 

regressor. The coupled architecture should consequently be regarded as 

a preliminary screening tool, while shortlisted configurations should be 

verified using higher-fidelity models before subsequent detailed design 

stages. Nonetheless, as can be seen in Fig. 13, it had the largest infer­

ence time, with a median of 0.0524 s. The SVC classifier also performed 

well, but it was outperformed by the FNN in terms of all metrics, with 

a PR AUC of 0.8729, ROC AUC of 0.9549, F1-score of 92.72%, 97.47% 

accuracy, 92.99% precision, and 92.46% recall. The training time of the 

FNN (223.057 s) was lower than that of the SVC (885.805 s), but the 

median inference time of the SVC was 0.0013 s against 0.0524 s of the 

FNN. The XGBoost classifier demonstrated comparable performance to 

the SVC classifier, even slightly outperforming it in terms of ROC AUC

(0.9583) and recall (93.79%). Nonetheless, the median inference time 

of the SVC (0.0013 s) was lower than that of the XGBoost (0.0207 s) 

despite the fact that the training time of the XGBoost (6.368 s) was 

significantly less than that of the SVC (885.805 s). Furthermore, the 

XGBoost classifier was outperformed by the SVC in terms of PR AUC

(0.8578), F1-score (92.01%), accuracy (97.16%) and precision (90.31%). 

The LR classifier presented the worst performance among the models, 

with a PR AUC of 0.4800, ROC AUC of 0.8021, an F1-score of 65.23%, 

Table 18 

Surrogate regression model results based on NRMSE (%), 𝑅2, and MAE (kW).

Model Training Time [s] Inference Time [s] Metrics

NRMSE R2 MAE

RF 293.58 0.2753 1.719 0.895 1.225

SVGP 17,972.75 0.2340 2.912 0.698 2.319

FNN 5790.26 0.0595 0.914 0.970 0.635

RBFNN 2860.67 0.0589 2.127 0.839 1.515

87.05% accuracy, 61.29% precision, and 69.72% recall. Nonetheless, it 

was the model with the shortest training time (0.589 s) and fastest in­

ference (0.0008 s). Interestingly, the RF classifier, with a training time 

of 178.004 s and inference time of 0.0137 s, performed better than the 

LR in terms of all metrics and slightly outperformed the XGBoost and 

SVC classifiers in precision (93.21%). Nonetheless, the RF demonstrated 

lower performance than the other models (i.e., FNN, XGBoost, and SVC).

It is important to highlight that the training time is a cost only in­

curred once and can be done offline, in the sense that the model can 

be trained before it is in the “production” pipeline. Instead, the infer­

ence time is the time taken by the trained model for each evaluation. 

All things considered, for the classifier, we chose the FNN model due to 

its better trade-off between classification performance and lightweight 

computational cost. Despite having a training time of around 4 min, the 

FNN classifier had an inference time of 0.0524 s and significantly out­

performed all the other models in terms of classification performance, as 

already described. In case reducing the inference time, the SVC could be 

a good alternative, which, despite showing slightly worse performance 

than the FNN classifier and having a larger training time (885.805 s com­

pared to the 223.057 s of the FNN), had an inference time of 0.0013 s 

(one order of magnitude lower than the FNN).

4.2.2 . Regression algorithms results

For each regression model, we employed the hyperparameter con­

figuration that demonstrated the best performance (see Table 16), as 

already introduced in Section 3.4. We compared the models’ perfor­

mance based on their predictive performance on the regression test 

set.

Table 18 shows the prediction performance of the four regression 

models evaluated. Furthermore, we compared the time it takes for each 

model to determine the power matrix for the 141 𝑁𝑐  sea states for a par­

ticular PEWEC design (i.e., inference time). Fig. 15 reports the box plot 

of one thousand inferences for each model. As observed in Table 18, the 

FNN demonstrated the best prediction performance among the models, 

with an error of 0.914% in terms of NRMSE, 0.970 of 𝑅2 and MAE of 

0.635 kW. Despite having a large training time (5790.26 s, almost 1.5 

hours), it exhibited one of the fastest inference times among the models 

(as can be seen in Fig. 15), with a median of 0.0595 s. It is important 

to highlight that the training time is a cost only incurred once and can 

be done offline, in the sense that the model can be trained before it 

is in the “production” pipeline. Instead, the inference time is the time 

taken for the trained model by each evaluation. Interestingly, the RF also 

showed good prediction performance, with an NRMSE of 1.719%, an 𝑅2

of 0.895 and MAE of 1.225 kW. Additionally, the training time of the 
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Fig. 14. Comparison of regression models, power predictions, and observed values of the test set.

Fig. 15. Comparison of regression models inference times for the power matrix 

of the 141 𝑁𝑐  sea states.

RF (293.58 s) was significantly lower than that of the FNN (5790.26 s). 

Nonetheless, the RF showed the largest inference time (as illustrated in 

Fig. 15) with a median of 0.2753 s. On the other hand, the SVGP pre­

sented the worst performance, with an NRMSE of 2.912%, 𝑅2 of 0.698 

and MAE of 2.319 kW. Moreover, it showed one of the longest inference 

times (only surpassed by the RF) with a median inference time of 0.234 s. 

Furthermore, the RBFNN performed slightly better than the SVGP, with 

an NRMSE of 2.127%, 𝑅2 of 0.839 and MAE of 1.515 kW, and both its 

training time (2860.67 s) and inference time (0.0589 s) were signifi­

cantly lower than those of the SVGP, which presented a training time of 

17,972.75 s and an inference time of 0.2753 s. Nonetheless, the RBFNN 

showed lower performance than the other models. The better fit of the 

FNN compared to the other models can be clearly observed in Fig. 14, 

which shows the observed power and the predicted power for the test 

set for the four models. As illustrated, all four models showed a good 

fit for low values up to 30 kW of the observed power. Nonetheless, the 

SVGP did not follow the ideal fit (y=x depicted by the red dashed line) 

for observed values higher than 40 kW, as shown in Fig. 14(b). Similar 

behaviors were observed for the RF and RBFNN above 60 kW (as shown 

in Fig. 14a and d). Instead, the FNN (see Fig. 14c) showed a good fit 

overall, confirmed by the 𝑅2 of 0.970 and 𝑀𝐴𝐸 of 0.635 kW (consid­

ering that the PEWEC observed power values ranged up to 151 kW as 

shown in Fig. 14c).

Based on the benchmark indicated in [124], the NRMSE of all the 

models are lower than 10%, which proves that all of the surrogates pre­

sented had good predictive capabilities. Moreover, the NRMSE error for 

RF and FNN is lower than 2%, demonstrating that these models showed 

very good predictive capabilities.

For the regressor, we chose the FNN model as the best model due 

to its better trade-off between prediction performance and lightweight 

computational cost. For example, the RF model training time (293.58 s) 

was one order of magnitude lower than that of the FNN (5790.26 s). On 
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the contrary, the FNN model inference time is one order of magnitude 

lower than that shown by the RF, which also shows good predictive 

performance (but worse than that of the FNN). Despite the fact that 

the training time of the FNN is higher than that of the RF model, the 

training is only performed once. Instead, although the inference times 

of both the FNN and RF are low at first glance (0.0595 s and 0.2753 s 

median, respectively), when performing hundreds or thousands of eval­

uations (which typically occurs during techno-economic assessments), 

this order of magnitude difference in the inference time between the 

FNN and RF models counts. On the other hand, the RBFNN reports faster 

computational times than the RF model but worse prediction accuracy.

Compared to the time that the described FD numerical model of 

the PEWEC takes to evaluate the performance for a given WEC (i.e., 

for a given 𝑑), which is in the order of 102s on average (it depends on 

the size of the hull to be meshed during the hydrodynamic coefficients 

evaluation), the proposed surrogate (FNN classifier combined with FNN 

regressor) significantly reduces the computational load. The resulting in­

ference time when combining these two models is in the order of 10-1s (3 

orders of magnitude lower). Even when considering the combination of 

other models, for example, the SVC classifier (inference time of 0.0013 s) 

and the RF regressor (0.2753 s), the inference time is still in the order 

of 10-1s (3 orders of magnitude lower than the numerical model).

Furthermore, if we consider a larger design space in terms of “denser 

sampling” of the existing thirteen parameter space, this will raise the 

number of training designs, and hence the training cost of the surrogate 

model (both classifier and regressors), but the inference cost remains 

unchanged. These scalability scenarios reinforce the motivation for the 

surrogate, where the FD solver must be invoked for a rapidly growing 

number of geometries. The surrogate is most valuable because the train­

ing cost is incurred once and amortized, while each subsequent design 

is evaluated in approximately 0.11 s (considering both classifier and 

regressors). On the other hand, when considering the scenario of higher-

resolution sea-state grids, the classifier algorithms are not affected (since 

the inputs are the design parameters) while the regressors algorithm 

training time will be affected. The training time will increase due to hav­

ing a larger dataset. Nonetheless, the inference time may only increase 

marginally. Despite the fact that the regressor predicts the power matrix 

row-by-row over the 𝐻𝑠 and 𝑇𝑒 grid and therefore depends on the num­

ber of rows, the current reported time is mainly dominated by internal 

Python function call overhead rather than the mathematical matrix com­

putation. On the contrary, in the FD numerical model, the computational 

cost of grid refinement is not negligible, since the PTO control parame­

ters are optimized for each considered sea state. Consequently, the order 

of magnitude advantage of the surrogate is preserved, since the training 

cost is an offline, one-time cost and does not affect deployment-time 

inference.

In conclusion, the results highlight the surrogate models’ ability to 

accurately determine WEC performance while substantially reducing the 

computational cost. Furthermore, this computational advantage com­

pared to the FD numerical model is robust to both grid refinement and 

design-space growth, with the inference time being almost unaffected, 

while the training cost, which grows is a one-time “investment” that the 

surrogate is designed to amortize. Consequently, the proposed surrogate 

framework paves the way for performing multi-site WEC design (typi­

cally limited by computational constraints). By enabling the efficient 

exploration of large design spaces across multiple locations, the surro­

gate model emerges as a key tool in narrowing the LCoE gap between 

WECs and other mature renewable technologies.

4.2.3 . Feature importance and interpretability analysis

To quantify the sensitivity of the proposed FNN surrogate model 

M̃(𝑑) (which was the one showing the best performance as discussed in 

Section 4.2.1 and Section 4.2.2) to the design parameters, we comple­

mented the performance evaluation with a feature-importance analysis 

of the two FNN components (the classifier and the regressor) to under­

stand the influence of the various design parameters on the surrogate 

behavior. To this end, we employed two techniques: permutation im­

portance [106] and SHapley Additive exPlanations (SHAP) values [125]. 

When applying permutation importance, each input feature is randomly 

shuffled across the held-out test set (i.e., the classification test set and the 

regression test set for the classifier and regressor, respectively) and the 

resulting degradation of the model’s reported metric is measured, i.e., 

the F1-score for the classifier and the NRMSE for the regressor. A larger 

degradation indicates a more influential feature. For the case of the 

FNN regressor, since the same design (i.e., thirteen design parameters) 

was unchanged across the 141 sea states combinations (i.e., combina­

tion of 𝐻𝑠 and 𝑇𝑒) (as explained in Section “Regression Data Split and 

Pre-processing”), the thirteen design parameters were permuted at the 

design level (one consistent value per design, grouped by designID) to 

avoid evaluating the regressor on physically inconsistent inputs, whereas 

𝐻𝑠 and 𝑇𝑒 were permuted per row. Furthermore, each estimate was 

averaged over thirty repetitions.

On the other hand, we computed the SHAP values, which compute 

one attribution per row (i.e., input features) relative to a training-set 

background distribution. For the case of the regressor, the per-row at­

tributions were averaged at the design level (so that each design counts 

once), and the SHAP values were rescaled to physical power units (kW).

Fig. 16 reports the importance of the design parameters for the clas­

sifier, which takes as inputs the thirteen design parameters. As can be 

observed, the pendulum arm length 𝑙 and the height-to-draft ratio 𝑘 are 

the most influential features (permutation ΔF1-score of 0.42 and 0.33
and SHAP values of 0.208 and 0.142, respectively), followed by the hull 

length 𝐿 and width 𝑊 . This ranking is physically meaningful, as these 

parameters directly constrain the geometric and inertial feasibility of the 

device. Furthermore, the permutation and SHAP rankings agree on the 

leading parameters.

Fig. 17 illustrates the importance of the inputs to the FNN regressor, 

separating the thirteen design parameters (Fig. 17a) from the two sea-

state descriptors, i.e., 𝐻𝑆  and 𝑇𝑒 (Fig. 17b). As can be seen in Fig. 17, the 

sea-state variables 𝐻𝑠 and 𝑇𝑒 dominate the prediction by a wide margin 

(permutation ΔNRMSE of 5.5% and 5.1%, and SHAP values of 5.0 kW 

and 4.2 kW, respectively), which is expected since the absorbed power of 

the device is strictly governed by the incident wave resource. Among the 

Fig. 16. Feature importance of the FNN classifier, obtained by permutation 

importance bottom axis) and by SHAP (top axis), for the thirteen design 

parameters.
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Fig. 17. Feature importance of the FNN regressor, obtained by permutation 

importance bottom axis) and by SHAP (top axis), for (a) the thirteen design 

parameters and (b) 𝐻𝑠 and 𝑇𝑒.

design parameters, the height-to-draft ratio 𝑘, the PTO ID, the pendulum 

mass 𝑚𝑝, the hull length 𝐿 and the ballast filling ratio (BFR) emerge 

as the leading drivers, while the fulcrum position 𝜆0 has no influence, 

consistent with the fact that it is held constant across the design space 

(see Table 3). Notably, the permutation and SHAP rankings are in close 

agreement, specifically for the leading drivers such as 𝐻𝑠, 𝑇𝑒, 𝑘 and PTO 

ID. It is worth noting that the most influential parameters differ between 

the two tasks: the FNN classifier is governed mainly by the pendulum 

and hull geometry (𝑙, 𝑘, 𝐿, 𝑊 ), whereas power production is additionally 

sensitive to the PTO ID and the pendulum mass 𝑚𝑝, reflecting the distinct 

physical mechanisms that each surrogate component approximates.

4.3 . Test cases

To evaluate the accuracy of the proposed FNN surrogate model 

M̃(𝑑) (which was the one showing the best performance as discussed in 

Sections 4.2.1 and 4.2.2) for WEC performance prediction, four repre­

sentative deployment sites were selected, each characterized by distinct 

meteo-oceanographic conditions: the European Marine Energy Center 

(EMEC, in the North Sea), the Biscay Marine Energy Platform (BIMEP, in 

the Bay of Biscay), a site located offshore the coast of Sicily, designated 

for the MedWind project [126] (in the present paper we refer to it as 

CDS, in the Sicily’s channel of the Mediterranean Sea) and Capo Caccia 

(west coast of Sardinia). The data for the locations have been obtained 

from ERA5 [127] and Copernicus Marine Service [128]. The geograph­

ical locations of the sites are shown in Fig. 18, while their wave energy 

resource in terms of mean occurrences and energy density per meter of 

wave front are reported in Figs. 19–22. Each plot presents a bivariate 

distribution of sea states in terms of 𝐻𝑠 and 𝑇𝑒. The colormap of the left 

plot shows the annual percentage occurrence of each sea state bin, while 

the right plot reports the corresponding annual wave energy density (in 

MWh/m), allowing for a combined understanding of both frequency and 

energetic contribution of wave conditions at the site. Moreover, the sites’ 

most frequent and most energetic 𝐻𝑠 and 𝑇𝑒 are reported in Table 19 

together with the site total power density.

We ran the simulations of the expensive numerical model M(𝑑) in 

MATLAB on a PC equipped with an Intel i7-12700 H CPU at 2.30 GHz 

and 32 GB of RAM. To integrate the FNN surrogate model M̃, which 

was developed using Keras with a TensorFlow backend in Python (as 

explained in Sections 3.3.5 and 3.4.3), we first converted the FNN clas­

sifier and FNN regressor to Open Neural Network Exchange (ONNX) 

format using the tf2onnx Python tool [129] and later imported them 

into MATLAB using the importNetworkFromONNX built-in function from 

the Deep Learning Toolbox. The simulation results are summarized in 

Table 20 and in Figs. 23 to 26. For each site, the AEP estimated by the 

surrogate model was compared against that obtained from the expensive 

numerical model M(𝑑). The surrogate model demonstrated consistently 

good performance across all four locations, with AEP relative errors 

(ΔAEP𝑟 ) of 7.1%, 5.7%, 1.7% and 3.2% for BIMEP, EMEC, CDS and Capo 

Caccia, respectively. The highest deviation was observed for BIMEP.

Although the oceanic test sites showed a higher relative error than 

the Mediterranean case study, the discrepancy in terms of AEP (ΔAEP) be­

tween the surrogate and the numerical model remained below 2.1 MWh 

(as reported in Table 20). This small gap both justifies using the pro­

posed meta-model for preliminary multi-site analyses and encourages 

further model development.

Fig. 18. North sea (BIMEP, EMEC) and Mediterranean (CDS and Capo Caccia) sites analyzed.
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Fig. 19. Wave energy occurrences and energy density matrices for the BIMEP test site.

Fig. 20. Wave energy occurrences and energy density matrices for the EMEC test site.

These results confirm the capability of the surrogate model to re­

liably approximate site-specific WEC performance while significantly 

reducing computational requirements. As such, the model is partic­

ularly well-suited for techno-economic assessment workflows, where 

repeated evaluations across multiple locations and device configurations 

are needed. In particular, its integration within a design-dependent ex­

ploration framework (i.e., where site-specific productivity is evaluated as 

a function of the WEC design vector 𝑑) enables robust multi-site analyses 

and informed design choices that reflect both environmental variability 

and system-level constraints.

Referring to the nominal numerical model of the PEWEC (M(𝑑)) (in­

troduced and described in Section 3.1), the benchmark for the required 

computational time is 3.7 min with respect to the design employed in the 

test cases. In this sense, the meta-model significantly outperforms the 

timing benchmark, cutting the elapsed time from 3.7 min (i.e., 222 s) 

to almost 0.11 s. The meta-model timing includes pre-processing and 

post-processing, i.e., scaling, reshaping and inverse scaling. Moreover, 

the computational time required for the numerical model evaluation is 

strictly dependent on the parameter values of the WEC design candidate, 

i.e., device dimensions (different WEC sizes would imply different 

meshes for the hydrodynamic evaluation), while the meta-model is un­

correlated with such parameters. In the case of considering larger design 

spaces, in the sense of denser sampling of the existing thirteen WEC pa­

rameter space, as already discussed in Section 4.2.2, the surrogate model 

inference cost remains unchanged, while for the numerical model the 

cost will depend almost linearly on the number of designs evaluated, 

which reinforces the motivation for the surrogate. However, it is fair to 

highlight that the surrogate model also required offline computational 

time, such as for dataset generation (2621.25 min in our case for the 

175000 samples) and training of the model (223.057 s and 5790.26 s 

for the FNN classifier and regressor, respectively). In the case of em­

ploying a larger design space, both the dataset generation time and the 

training cost of the model will increase. Nonetheless, considering that 

both of these processes (dataset generation and training of the models) 

are done once, once the surrogate is available, the more design evalua­

tions performed employing it, the more convenient its implementation 

becomes. In particular, given that evaluating WEC performance for a 

single site requires thousands of design evaluations, the development 
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Fig. 21. Wave energy occurrences and energy density matrices for the CDS test site.

Fig. 22. Wave energy occurrences and energy density matrices for the Capo Caccia test site.

Table 19 

Overview of the main meteomarine data for the four examined test sites.

Parameter Unit BIMEP EMEC CDS Capo Caccia

Most occurrent 𝐻𝑠 (m) 1.5 1.5 0.5 0.5

Most occurrent 𝑇𝑒 (s) 12 11 4.6 8

Most energetic 𝐻𝑠 (m) 2.5 2.5 2.5 2.5

Most energetic 𝑇𝑒 (s) 13 12 7.1 10

Wave power density 𝐽𝑤𝑎𝑣𝑒 (kW/m) 23.0 25.2 7.4 9.54

of a surrogate model is highly beneficial, especially considering that the 

ideal scenario involves analyzing multiple locations rather than just one.

The trained surrogate provides a compact cross-design map­

ping from the design-parameter vector to the corresponding site-

independent power matrix. Once trained, a new candidate design 

can therefore be evaluated directly, without re-running the full 

hydrodynamic analysis, dynamic-response computation, and PTO-

control optimization. This capability should be interpreted only 

within the prescribed PEWEC design domain used for dataset

generation.

Table 20 

AEP comparison between meta-model and numerical model for a selected 

PEWEC design.

Parameter Unit BIMEP EMEC CDS Capo Caccia

AEP from M(𝑑) (MWh) 25.8 37.7 76.0 48.1

AEP from M̃(𝑑) (MWh) 23.9 35.6 74.8 46.6

ΔAEP (MWh ) 1.8 2.1 1.2 1.5

ΔAEP𝑟 (%) 7.1 5.7 1.7 3.2

4.4 . Sensitivity analysis

To further assess the generalization capability of the trained surro­

gate, an additional sensitivity analysis was performed on sea states not 

belonging to the original representative power-matrix grid. Two com­

plementary cases were considered. First, a set of internal sea states was 

generated inside the convex hull of the original sea-state domain by shift­

ing the original grid points, thus testing the interpolation capability of 

the surrogate. Second, a set of external sea states was generated by mov­

ing selected boundary points outward from the center of the covered 
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Fig. 23. P(𝐻𝑠, 𝑇𝑒, 𝑑) comparison between the numerical model M(𝑑) and the 

meta-model ̃M(𝑑) for a selected PEWEC design, in the BIMEP case.

Fig. 24. P(𝐻𝑠, 𝑇𝑒, 𝑑) comparison between the numerical model M(𝑑) and the 

meta-model ̃M(𝑑) for a selected PEWEC design, in the EMEC case.

Fig. 25. P(𝐻𝑠, 𝑇𝑒, 𝑑) comparison between the numerical model M(𝑑) and the 

meta-model ̃M(𝑑) for a selected PEWEC design, in the CDS case.

domain, thus providing a preliminary indication of the surrogate behav­

ior under linear extrapolation. The two sets of sampled sea states are 

graphically illustrated in Fig. 27.

For each additional sea state, the power predicted by the surrogate 

model, 𝑃 M̃
𝑤 , was compared against the corresponding value obtained 

from the reference PEWEC numerical model, 𝑃M
𝑤 .

Fig. 26. the P(𝐻𝑠, 𝑇𝑒, 𝑑) comparison between the numerical model M(𝑑) and the 

meta-model ̃M(𝑑) for a selected PEWEC design, Capo Caccia case.

Fig. 27. Sets of sea states employed for the sensitivity analysis.

The results are shown in Fig. 28 and the statistical indices are sum­

marized in Table 21. For the internal interpolation set, the surrogate 

presents a bias of 0.78 kW, an MAE of 0.91 kW, and an RMSE of 1.37 kW. 

For the external linear-extrapolation set, the corresponding values are 

−0.69 kW, 0.69 kW, and 0.98 kW, respectively. Although the exter­

nal case presents lower MAE and RMSE in absolute power units, the 

two datasets sample different regions of the power-response surface 

and are associated with different characteristic magnitudes of the ref­

erence power. Therefore, the absolute metrics alone cannot be used to 

conclude that extrapolation performs better than interpolation. The nor­

malized indices clarify this result. For the internal set, the Mean Bias 

Error (MBE), MAE%, and RMSE% are 1.99%, 9.22%, and 14.86%, respec­

tively, whereas the external set presents values of −13.23%, 13.23%, 

and 20.48%. Thus, the external case exhibits poorer relative accuracy. 

This behavior is also visible in Fig. 29 (where 𝜀P𝑤  is the relative error be­

tween 𝑃M
𝑤  and 𝑃 M̃

𝑤 ): the Cumulative Distribution Function (CDF) shows 

that the interpolation errors are more concentrated at low values, while 

the extrapolation distribution presents a more pronounced upper tail. 
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Fig. 28. Sensitivity analysis outcomes, comparing power production of the surrogate model and the reference numerical model for the two investigated sets of sea 

states.

Table 21 

Comparative sensitivity analysis of the proposed FNN surrogate model and the 

SVGP baseline on unseen sea states.

Bias MAE RMSE MBE MAE% RMSE%
(kW) (kW) (kW) (%) (%) (%)

FNN surrogate internal 

interpolation

0.78 0.91 1.37 1.99 9.22 14.86

FNN surrogate external 

extrapolation

−0.69 0.69 0.98 −13.23 13.23 20.48

SVGP internal 

interpolation

−6.08 6.24 10.67 23.15 75.65 535.19

SVGP external 

extrapolation

−4.61 5.75 9.26 48.31 108.31 483.97

Fig. 29. CDFs of the absolute relative power error for the internal-interpolation 

and external linear-extrapolation sensitivity cases. The vertical lines indicate 

absolute relative error thresholds of 5%, 10%, and 20%.

Nevertheless, the errors remain limited in terms of absolute power pro­

duction, with an MAE below 1 kW and an RMSE below 1.4 kW for both 

sets.

Furthermore, we aimed to benchmark the proposed surrogate with 

more classical interpolation algorithms like GPR to establish whether the 

proposed architecture offers an advantage over these classical methods. 

However, as highlighted in Section 3.4.2, we employed SVGP for the 

regression task as a variant of GPR to address the limitations imposed by 

the large scale of our dataset. While the SVGP showed acceptable results 

in the regression test set, it was outperformed by the FNN, as reported in 

Table 18 and discussed in Section 4.2.2. Therefore, we considered the 

SVGP model the benchmark for our case and evaluated this model on 

the additional set of internal and external sea states not belonging to the 

original representative power-matrix grid.

Table 21 compares the performance of these models on these addi­

tional sea states. As observed in Table 21, the proposed FNN significantly 

outperforms the baseline SVGP across all metrics. Although the SVGP 

showed acceptable results across the “trained” sea states (as reported in 

Table 18), its MAE increased drastically from 2.319 kW in the regression 

test set to 6.24 kW for internal interpolation, and 5.75 kW for external 

extrapolation. Furthermore, Fig. 28 illustrates the results for the FNN 

while Fig. 30 depicts the SVGP case. As observed in Fig. 28, the FNN 

model exhibits a strong fit overall and closely tracks the “ideal” diago­

nal in both the interpolation and extrapolation scenarios. This strong 

fit of the FNN is in line with the model’s behavior on the regression 

test set, as can be observed in Fig. 14(c). On the contrary, the SVGP 

model does not follow the ideal fit (y=x), severely underpredicting the 

target values in both the interpolation and extrapolation scenarios for 

observed powers greater than 40 kW. This underpredictive behavior of 

the SVGP was already observed when analyzing its performance in the 

regression test set (Fig. 14b). These quantitative and visual results, along­

side the significantly lower training time and inference time of the FNN 

with respect to the baseline SVGP (as reported in Table 18) demonstrate 

the superior performance of the developed FNN based surrogate model. 

Furthermore, this confirms that the proposed architecture successfully 

outperforms traditional interpolation algorithms like GPR (adapted here 

as SVGP due to dataset size constraints).

Overall, these results validate the use of the proposed surrogate and 

its advantage over classical methods. Additionally, the findings support 

the use of the surrogate within the original sea-state envelope, whereas 

predictions outside this domain should still be interpreted with caution. 

Indeed, this limitation is inherent to the adopted modeling and control 

framework. In the reference numerical workflow, the PTO control pa­

rameters are optimized over a predefined set of representative sea states, 

selected to cover the most relevant (occurring) operating conditions 

for the analyzed deployment scenarios. Consequently, the surrogate is 

trained to reproduce the model response within this domain, rather than 

to provide reliable predictions under arbitrary or extreme sea states. 

Under these assumptions, the proposed model is therefore suitable for 

preliminary techno-economic performance assessment and rapid design 

screening, while detailed analyses under extreme or out-of-domain sea 

conditions should still rely on dedicated high-fidelity simulations. In this 

sense, an advantage of the proposed surrogate model lies in its capability 

to skip both the hydrodynamic analysis and the control parameters inner 

optimization loop when more than one design of the PEWEC is tested. In 
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Fig. 30. Sensitivity analysis of the SVGP baseline, comparing the power production of the SVGP model and the reference numerical model for the two investigated 

sets of sea states.

practice, assessing the techno-economic performance of multiple PEWEC 

designs would require performing hydrodynamic analyses and optimiz­

ing the control parameters for each design candidate configuration. With 

the proposed surrogate model, this computationally demanding work­

flow is bypassed: the design vector can be directly provided as input to 

obtain the corresponding device power matrix with a satisfactory degree 

of accuracy.

5 . Conclusions, limitations and further work

In this work, we presented a methodology for the development of a 

ML-based surrogate model that accelerates performance evaluation of a 

WEC design. The meta-model has been designed to map the input design 

parameters of the WEC to the performance space (in terms of power pro­

duction) for a set of sea states. The surrogate model explicitly accounts 

for the existing interdependencies among the various steps involved in 

the performance evaluation of a WEC design by adopting a holistic de­

sign approach. In particular, the method’s effectiveness is demonstrated 

here on the PEWEC case study, but the methodology is generally trans­

ferable to any WEC design. The surrogate model receives as input the 

WEC design parameters (i.e., thirteen design parameters in the PEWEC 

case) and outputs the general site-independent power matrix of the de­

vice. Since many design parameter combinations throughout the WEC 

design process may lead to infeasible designs, the surrogate architecture 

integrates two main components: a classifier and a regressor. The classi­

fier aims to determine whether a given set of design parameters yields a 

feasible design, while the regressor predicts the site-independent power 

matrix for the feasible designs. Therefore, for the classification task, we 

compared the performance of five ML algorithms used for binary clas­

sification tasks that have shown excellent results in the literature: LR, 

RF, SVC, XGBoost, and FNN. Moreover, for the regression case, we com­

pared four ML algorithms that have demonstrated promising results as 

surrogates for WEC design assessment: RF, GPR, RBFNN, and FNN.

The FNN exhibited the best performance for the classification task 

among the evaluated classifier algorithms. The SVC and XGBoost 

algorithms also performed well, but their performance was slightly 

worse than the FNN. In contrast, the LR presented the worst perfor­

mance. The RF displayed better performance than the LR, and even 

slightly outperformed the XGBoost classifier in precision, but its per­

formance was lower compared to the FNN, SVC, and XGBoost.

On the other hand, the FNN also demonstrated the best performance 

for the regression task, followed by the RF. In contrast, the SVGP dis­

played the worst performance. The RBFNN outperformed the SVGP, but 

its performance was worse than that of the FNN and the RF. Given that 

the NRMSE obtained by all algorithms was lower than 10%, the sur­

rogates demonstrated good predictive capabilities as indicated in [124]. 

Furthermore, the FNN and RF NRMSE values were lower than 2%, which 

suggests that these surrogates have outstanding predictive capabilities. 

Moreover, we compared the time it took for each model to predict the 

power matrix, and the FNN and RBFNN were the fastest, with medians 

of 0.0595 s and 0.0589 s, respectively. The SVGP and RF inference times 

were longer, with medians of 0.234 s and 0.2753 s, respectively.

Additionally, we quantified the sensitivity of the proposed FNN 

surrogate model M̃(𝑑) to the design parameters. Thus, we employed 

permutation importance and SHAP values. In the case of the classifier, 

the pendulum arm length 𝑙 and the height-to-draft ratio 𝑘 were the most 

influential parameters, with a permutation ΔF1-score of 0.42 and 0.33 

and SHAP values of 0.208 and 0.142, respectively. On the other hand, 

in the case of the regressor, the sea-state variables 𝐻𝑠 and 𝑇𝑒 were the 

most dominant features, with a permutation ΔNRMSE of 5.5% and 5.1%, 

and SHAP values of 5.0 kW and 4.2 kW, respectively. Within the design 

parameters, the height-to-draft ratio 𝑘, the PTO ID, and the pendulum 

mass 𝑚𝑝 emerged as the design parameters with greater influence. It is 

worth noting that the most influential parameters differed between the 

two tasks: the FNN classifier was governed mainly by the pendulum and 

hull geometry (𝑙, 𝑘, 𝐿, 𝑊 ), whereas power production was mainly driven 

by the sea-states 𝐻𝑠 and 𝑇𝑒 followed by the PTO ID and the pendulum 

mass 𝑚𝑝, reflecting the distinct physical mechanisms that each surrogate 

component approximates.

We further assessed the obtained FNN regression component of the 

surrogate model by implementing it for assessing the PEWEC device 

power performance in four representative deployment sites: the EMEC, 

the BIMEP, Capo Caccia (west coast of Sardinia), and a site off the 

coast of Sicily (referred to as CDS). We compared the AEP obtained 

for each site using the reference PEWEC numerical model with the one 

obtained using the surrogate model. For all sites, the surrogates exhib­

ited consistently good performance, with AEP relative errors of 1.7%, 

3.2%, 5.7% and 7.1% for CDS, Capo Caccia, EMEC, and BIMEP, re­

spectively. In all cases, the highest discrepancy between the surrogate 

and the reference numerical model remained below 2.1 MWh. However, 

the numerical model required 3.7 min (i.e., 222 s) while the surrogate 

model (combining the classifier and the regressor) required only 0.11 s. 

In the case of considering larger design spaces, in the sense of denser 

sampling of the existing thirteen WEC parameter space, the surrogate 

model inference cost remains unchanged, while for the numerical model 

the cost will depend almost linearly on the number of designs evalu­

ated, which reinforces the motivation for the surrogate. Nevertheless, it 

is fair to acknowledge the offline computational overhead inherent to 
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the surrogate modeling approach. Specifically, generating the 175,000 

dataset required 2621.25 min, while the training of the FNN classi­

fier and regressor took 223.057 s and 5790.26 s, respectively. In the 

case of employing a larger design space, both the dataset generation 

time and the training cost of the model will increase. Nonetheless, since 

both data generation and model training constitute one-time prelimi­

nary processes, the relative computational advantage of the surrogate 

model scales proportionally with the number of design evaluations. 

Consequently, the surrogate model proves particularly well-suited for 

techno-economic assessment workflows, in which repeated evaluations 

(generally on the order of thousands) of device configurations are 

needed. Moreover, the developed surrogate model unlocks the possi­

bility of performing multi-site assessment and design of WECs, which 

are generally constrained due to computational burdens. By enabling 

the rapid exploration of these extensive design spaces and multiple lo­

cations during WEC design, the surrogate model can be a key enabler 

towards reducing the gap between the levelized cost of energy of WECs 

and other mature renewable technologies, such as wind and solar.

An additional sensitivity analysis on unseen sea states was also car­

ried out to further assess the generalization capability of the trained 

surrogate. The model showed good agreement with the reference nu­

merical model for internal interpolation cases, with a bias of 0.78 kW, 

MAE of 0.91 kW, and RMSE of 1.37 kW. The extrapolation test on ex­

ternal sea states also showed limited errors, with a bias of −0.69 kW, 

MAE of 0.69 kW, and RMSE of 0.98 kW, although predictions outside 

the original sea-state envelope should still be interpreted with cau­

tion considering the relative errors reported in Table 21. Furthermore, 

we benchmarked the generalization capability of the trained surrogate 

against a more classical regression algorithm like GPR. In particular, we 

compared it with the SVGP model, adopted in this work as a variant of 

GPR due to dataset size constraints. The results demonstrated the supe­

rior performance of the proposed surrogate over this classical regression 

algorithm in both the interpolation and extrapolation scenarios.

Overall, these results reinforce the suitability of the surrogate for 

preliminary techno-economic screening of multiple designs within the 

representative operating domain, while out-of-domain or extreme sea-

state analyses require dedicated numerical evaluations. It should also 

be clarified that a sensitivity analysis concerning noisy input data is 

not directly applicable to the present surrogate for the same sense as 

in sensor-driven or forecasting models. The direct inputs of the model 

are deterministic PEWEC design variables, defined during the design 

stage, together with prescribed sea-state coordinates used to reconstruct 

the site-independent power matrix. Therefore, they do not represent on­

line measurements affected by sensor noise or missing channels. Possible 

uncertainty would instead arise at a different level, e.g., manufacturing 

tolerances or uncertain metocean statistics. Since the surrogate predicts 

a site-independent power matrix, such uncertainties would mainly prop­

agate through the subsequent site-specific AEP calculation in the same 

way as they would be propagated using the numerical model, but taking 

into account, in addition, those derived from the surrogate itself.

5.1 . Limitations and further work

The objective of the designed meta-model is the mapping of the 

design parameter space to the performance space (in terms of power pro­

duction) for a set of sea states (i.e., site-independent power matrix). The 

developed surrogate model considers the interactions between the vari­

ous steps of the WEC design process. Nonetheless, the surrogate model 

does not directly approximate the underlying hydrodynamic solvers nor 

does it reproduce intermediate physical steps of the system, such as 

motion responses or PTO dynamics. It is also important to underline 

that the surrogate performance reported in this work is conditional on 

the fidelity and assumptions of the adopted reference numerical model. 

In the present PEWEC case study, the training dataset was generated 

using a linear FD model, selected as a compromise between compu­

tational efficiency and physical fidelity for preliminary design-space 

exploration and techno-economic performance assessment. If additional 

nonlinear effects were included, the resulting design-to-power mapping 

could change and consequently, the relative performance of the tested 

ML algorithms may also change. The superior performance of the FNN 

observed in this study should therefore be interpreted as an empirical 

result for the present PEWEC dataset and modeling assumptions. The 

present dataset does not allow the model-form deviation introduced by 

the linear hydrodynamic assumptions, or its effect on candidate rank­

ing, to be quantified. A systematic assessment would require paired 

high-fidelity evaluations covering the same design and sea-state do­

mains investigated in this work. Accordingly, a direct future research 

direction is the extension of the training and validation datasets us­

ing progressively higher-fidelity reference models, including nonlinear 

time-domain simulations, CFD calculations, and, where available, ex­

perimental measurements. These data would allow the surrogate to 

represent physical effects currently neglected by the linear FD model. 

This extension would also make it possible to reassess the prediction 

accuracy, the relative performance of the considered ML algorithms, 

and the computational advantage of the surrogate when more complex 

physical effects are represented. In practical applications, the present 

surrogate can be used for broad preliminary techno-economic design 

screening, while a set of promising and closely ranked configurations 

should subsequently be verified using partially nonlinear potential-flow, 

nonlinear time-domain, CFD, and, in conclusion experimental models for 

the detailed design and test phase within the development procedure of 

a WEC. Overall, the classifier-regressor framework is expected to remain 

applicable to high-fidelity datasets because its input and output structure 

would remain unchanged. However, the presently trained models can­

not be transferred directly and would require new training, tuning, and 

independent validation. Since high-fidelity simulations are more com­

putationally demanding, the potential inference-time advantage of the 

surrogate is expected to be greater, but both its accuracy and computa­

tional acceleration remain to be quantified. Future work will therefore 

evaluate the same regression algorithms considered in this study using 

data generated by nonlinear high-fidelity models.

The discrepancies observed for the relative errors of the AEP for the 

different evaluated sites can be explained by the fact that the FNN model 

was trained using a mean squared error loss function, which aims to re­

duce larger deviations. Therefore, the absolute error for those sea states 

and oceanic sites where the power production of the PEWEC is lower 

(e.g., BIMEP) may be similar to that for those where the power produc­

tion of the PEWEC is higher (e.g., CDS). Nonetheless, the relative error 

can vary significantly. For this reason, in future work, we aim to com­

pare the performance of the FNN model trained using the mean squared 

error with one using a relative error-based loss function.

In this study, we proved the effectiveness of the proposed method­

ology for modeling and assessing the PEWEC, but the methodology is 

generally transferable to any WEC design. To this end, our methodol­

ogy can be updated, by replacing the PEWEC hydrodynamic curves and 

dynamic response estimation as well as the PTO control for energy max­

imization blocks with those corresponding to the desired WEC device 

to be studied. In this case, the proposed workflow remains unchanged. 

Nonetheless, it is important to highlight that for different WEC devices, 

the number and type of WEC design parameters to be considered to 

describe the whole device may vary. Therefore, the optimum hyperpa­

rameter configuration of the surrogate model classifier and regression 

algorithms may differ for varying WEC devices. Consequently, the term 

“transferability” should be understood at the workflow level, rather than 

at the level of the trained PEWEC surrogate model. The proposed struc­

ture can, in principle, be applied to other WEC archetypes by replacing 

the PEWEC-specific design parametrization, hydrodynamic and dynamic 

response model, PTO-control block, and feasibility criteria with those 

corresponding to the target device. In each case, a new dataset would 

have to be generated, and the classifier and regressor would need to 

be retrained, re-tuned, and revalidated. Accordingly, the present re­

sults should not be interpreted as a direct validation of the trained 
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PEWEC surrogate on other WEC concepts, nor as evidence that the 

FNN would necessarily remain the best-performing algorithm for all 

WEC archetypes. Different devices may lead to different design-space 

dimensionalities, feasibility constraints, nonlinearities, and output dis­

tributions, potentially modifying the relative performance of the tested 

ML algorithms. A dedicated validation on fundamentally different WEC 

archetypes represents an important future research direction.

The investigation compares the performance of different ML al­

gorithms for developing the proposed surrogate model’s two main 

components (i.e., classifier and regressor). Furthermore, we employed 

an LHS filling strategy for data sampling in this work. We plan to in­

vestigate further and compare using active sampling strategies, such as 

Query by Committee. Additionally, in the present work, we used a class 

weighting approach to address the imbalanced distribution in the clas­

sification task. Future work may include studying and comparing other 

approaches, like data-level techniques for removing samples, i.e., under­

sampling, and/or oversampling (e.g., Synthetic Minority Oversampling 

Technique - SMOTE). A distinct future research direction concerns the 

residual risk of false-positive feasibility classifications. Future work will 

investigate possible architectures to improve the reliability and physical 

consistency of the resulting power predictions. Moreover, for the present 

analysis, we employed “black-box” machine learning algorithms for the 

regression task, meaning algorithms that have opaque decision-making 

processes for humans. In future studies, we aim to employ and com­

pare the results obtained using physics-informed neural networks, such 

as DeepONet, which integrate physics knowledge with data-driven algo­

rithms. Lastly, another relevant research direction concerns the exten­

sion of the presented work to advanced hybrid or meta-learning models, 

which have recently shown promising performance in wave-farm power 

prediction.
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Appendix A . WECs data-driven and data-based models literature 

overview

The predominant focus of Data-driven (DD) and Data-based (DB) ap­

proaches has been their integration into control strategies for WECs, 

rather than their use for comprehensive design capability assessment. In 

contrast, the present study specifically targets applications of these mod­

eling techniques within the context of WEC performance modeling, e.g., 

studies regarding WECs’ system identification (both linear and nonlin­

ear), power extraction prediction and electricity production forecasting, 

and system diagnosis. Besides, the remaining works aim to develop 

DD and DB control strategies to enhance information, suggesting al­

ternative model-free control strategies (i.e., capable of avoiding errors 

deriving from unmodeled hydrodynamics) and to exploit real-time 

data to describe WEC’s behavior [77]. Relevant contributions aligning 

with the current investigation’s focus are summarized and classified in 

Table A.22. The collected works have been classified with respect to 

three categories: the WEC archetype that is the object of the study (i.e., 

Attenuator (A), Oscillating Water Column (OWC), Point Absorber (PA), 

and Terminator (T)), the nature of the data employed in the DD/DB 

framework (i.e., Experimental (Exp.) or Numerical Simulation (Num. 

Sim.)), and whether the research is conducted on a fixed WEC design 

or for a set of possible system designs.

Fig. A.31 shows that the majority of the studies focus on PA (63.8%) 

and OWC (21.2%) devices, while only 10% and 5% develop DD and DB 

approaches for T and A type WECs, respectively.

Looking at the nature of the data employed to design and/or validate 

the meta-model approach, Fig. A.32 denotes that the share of numerical 

Table A.22 

List of the works analyzed in the study.

Reference Data WEC Fixed Design

Exp. Num. Sim.

[52] ∙ PA ∙
[130] ∙ PA ∙
[131] ∙ OWC ∙
[132] ∙ PA ∙
[133] ∙ PA ∙
[134] ∙ PA ∙
[135] ∙ PA ∙
[136] ∙ OWC ∙
[137] ∙ PA ∙
[79] ∙ PA

[138] ∙ OWC ∙
[139] ∙ ∙ OWC ∙
[140] ∙ ∙ PA ∙
[141] ∙ PA ∙
[142] ∙ OWC ∙
[60] ∙ ∙ PA

[143] ∙ OWC ∙
[56] ∙ PA

[48] ∙ OWC

[144] ∙ A ∙
[145] ∙ T ∙
[50] ∙ OWC

[55] ∙ PA

[54] ∙ A

[146] ∙ OWC ∙
[20] ∙ PA ∙
[147] ∙ PA ∙
[148] ∙ PA ∙
[47] ∙ PA

[149] ∙ PA ∙
[59] ∙ ∙ OWC

[150] ∙ T ∙
[151] ∙ PA ∙
[152] ∙ T ∙
[153] ∙ OWC ∙
[154] ∙ PA ∙
[155] ∙ PA ∙
[156] ∙ OWC ∙
[57] ∙ PA

[157] ∙ PA ∙
[158] ∙ PA ∙
[51] ∙ A

[159] ∙ PA ∙

(continued on next page) 
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Table A.22 (continued)

Reference Data WEC Fixed Design

Exp. Num. Sim.

[61] ∙ OWC

[160] ∙ PA ∙
[161] ∙ A ∙
[90] ∙ PA ∙
[62] ∙ PA

[162] ∙ PA ∙
[163] ∙ PA ∙
[164] ∙ PA ∙
[165] ∙ PA ∙
[166] ∙ PA ∙
[167] ∙ PA ∙
[26] ∙ T ∙
[49] ∙ PA

[168] ∙ PA ∙
[169] ∙ PA ∙
[170] ∙ PA ∙
[171] ∙ T ∙
[172] ∙ PA ∙
[173] ∙ PA ∙
[174] ∙ PA ∙
[175] ∙ PA ∙
[176] ∙ OWC ∙
[177] ∙ OWC ∙
[178] ∙ OWC ∙
[179] ∙ PA ∙
[180] ∙ PA ∙
[58] ∙ PA

[45] ∙ PA ∙
[42] ∙ ∙ T

[181] ∙ PA ∙
[41] ∙ PA

[38] ∙ PA

[53] ∙ OWC ∙
[37] ∙ PA

[43] ∙ ∙ T

[44] ∙ ∙ T

[40] ∙ PA

[39] ∙ PA

Fig. A.31. Percentage of analyzed types of WECs, classified according to their 

main working principle, dimension and orientation with respect to the incoming 

wave.

simulation results usage is greater than that of experimental data, i.e., 

58.7% versus 32.5% respectively. The choice of using only experimental 

data could constrain the range of possible design and operating sea states 

investigated due to the high economic and time costs required by an 

experimental campaign. Therefore, a portion of works (8.8%) employs 

both experimental and numerical data, e.g., first using numerical simu­

lations in order to train the DD/DB surrogate model, which is afterward 

validated via properly designed experimental tests.

Moreover, as illustrated in Fig. A.33, only 27.5% of the examined 

articles present a framework that spans a set of possible designs of the 

Fig. A.32. Percentage of employed data sources in the data-driven WEC surro­

gate models presented in the reviewed articles.

Fig. A.33. Percentage share between data-based models of WECs covering a set 

of design parameters (in yellow) (i.e., non-fixed WEC design) and those devel­

oped for a specific design (in blue) (i.e., fixed WEC design). (For interpretation 

of the references to colour in this figure legend, the reader is referred to the web 

version of this article.)

WEC that is the object of the research. Varying geometrical or design pa­

rameters allows one to cover a wide range of possible solutions and this 

could help in design optimization frameworks, but at the cost of increas­

ing the exploration space dimensions and therefore also the necessity to 

increase the amount of training data. In this context, the present study 

proposes a DB model-free strategy which applies to any WEC class.

Data availability

The data that have been used are confidential.
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