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ABSTRACT

Marine energy technologies face significant challenges in ensuring their survivability under extreme ocean
conditions. Quantifying extreme load statistics on marine energy structures is essential for reliable structural
design; however, this is a challenging task due to the scarcity of high-quality data and the inherent uncertainties
associated with predicting rare events. While computational fluid dynamics (CFD) simulations can accurately
capture the nonlinear dynamics and loads in extreme wave-structure interactions, providing high-fidelity data,
extracting statistical information through these models is computationally impractical. This study proposes
a reduced-order modeling framework for marine energy systems, enabling efficient analysis across diverse
scenarios, and facilitating the quantification of extreme load statistics with significantly reduced computational
cost. Specifically, a hybrid reduced-order or surrogate model for a wave energy converter is developed to map
extreme sea states and design parameters to the resulting loads in the mooring system. The term "hybrid"
refers to the combination of Gaussian Process Regression (GPR) and Long Short-Term Memory (LSTM) neural
networks. The model is developed using two distinct approaches: (1) a baseline approach that relies on
existing CFD data for training and validation, and (2) an active learning approach that strategically selects
the most informative CFD samples from regions of the input space associated with extreme mooring loads.
This procedure iteratively refines the model while minimizing prediction uncertainty, making it particularly
effective for real-world applications where obtaining each sample requires substantial time and resources. The
developed model demonstrates its exceptional ability to efficiently predict complex load time series, including
instantaneous peaks, at speeds significantly faster than traditional modeling methods. Subsequently, the model
is utilized to effectively evaluate Monte Carlo samples, providing accurate estimates of the probability of
extreme mooring loads. Understanding the expected extreme loads is essential during the design phase of
marine energy systems, enabling cost reduction by optimizing strength margins, refining overly conservative
safety factors, and enhancing overall system reliability.

1. Introduction

than average loading (Czech and Bauer, 2012). Estimating the prob-
ability of extreme structural loads is important for informing optimal

Ocean waves hold immense potential for global electricity produc-
tion (Clément et al., 2002), yet the current power capacity harnessed
from waves remains limited. Although several wave energy conver-
sion systems have been conceptualized, the majority has not reached
commercial viability (Guo and Ringwood, 2021; Ning and Ding, 2022;
International Renewable Energy Agency (IRENA), 2020). To become
a competitive large-scale energy technology, wave energy converters
(WECs) must overcome fundamental challenges. One of the foremost
obstacles is ensuring their robustness and survivability in extreme
ocean conditions. Under such conditions, critical WEC components, like
mooring lines, can experience loads that are up to 100 times higher

design decisions, balancing reliability and cost-effectiveness.

In the presence of high and steep ocean waves, marine energy sys-
tems face nonlinear dynamic phenomena such as breaking waves, wave
overtopping, slamming and turbulence effects, which can give rise to
extreme structural loads. While CFD simulations enable accurate mod-
eling of force-on-structure in extreme ocean conditions (Ransley, 2015;
Yu and Li, 2013; Katsidoniotaki et al., 2021, 2022c; Katsidoniotaki and
Goteman, 2022), their computational cost is very expensive, making
it impractical to analyze the statistics of extreme forces. Frequency-
domain and linear time-domain models are commonly used in the
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preliminary design phase of marine energy systems due to their compu-
tational efficiency, allowing for the analysis of linear dynamics (Bosma
et al, 2012; Yu et al., 2014; van Rij et al., 2019). However, these
models fail to capture complex phenomena, resulting in significant
uncertainties when modeling marine energy systems under extreme
wave conditions (Yu and Li, 2013; Babarit et al., 2012; Katsidoniatski
et al., 2021). This underscores the need for a balanced approach that
integrates computational efficiency with accuracy.

Reduced-order models, also known as surrogate models, approxi-
mate complex physical systems by learning the relationships between
input and output variables. These models are designed to replicate
the actual behavior of the system while significantly reducing compu-
tational cost. They are typically data-driven models using data from
high-fidelity numerical simulations or actual field measurements. By
offering a simplified yet accurate representation, surrogate models
are particularly valuable in scenarios requiring extensive evaluations,
such as optimization, uncertainty quantification, and real-time pre-
dictions (Sobester et al., 2008). Numerous studies have successfully
developed machine-learned surrogate models for various ocean en-
gineering applications. For instance, GPR (Guth and Sapsis, 2022)
and deep neural operators (Pickering et al., 2022) have been used
to model ship load statistics in irregular seas. Surrogate models for
offshore wind turbines have employed methods like artificial neural
networks and GPR to estimate extreme load statistics (Katsidoniotaki
and Sapsis, 2023), fundamental frequencies (Quevedo-Reina et al.,
2023), fatigue damage (Li and Zhang, 2020), and optimal dimen-
sioning (Shen et al., 2022). Other approaches, such as generalized
polynomial chaos (Moura Paredes et al., 2020) and LSTM neural net-
works (Wang et al., 2022), have been applied to predict dynamic
mooring forces in floating structures. In the context of marine energy
systems, surrogate modeling has also seen significant advancements.
For example, an LSTM neural network was developed to estimate the
power output of a WEC (Mousavi et al.,, 2021), while deep learn-
ing techniques have been employed to optimize energy absorption in
WECs (Anderlini, 2017; Li et al., 2018). Furthermore, digital twins for
WECs have been developed using surrogate modeling techniques (Liu
et al., 2022; Katsidoniotaki et al., 2022a). These examples demonstrate
the growing application of surrogates in various aspects of offshore
engineering, including marine energy systems.

Existing methods for constructing surrogate models often rely on
randomly selecting training samples, without adequately considering
the cost of acquiring these samples or the relevance of the information
they contribute to the model (Shinozuka, 1983). Within the framework
of Bayesian experimental design (BED), active learning offers a promis-
ing alternative by optimizing data sampling through the sequential
selection of a minimal yet highly informative set of training samples,
thereby reducing the need for large datasets. Active learning has proven
to be effective for uncertainty quantification, particularly in estimating
probability distributions in nonlinear dynamic systems (Katsidoniotaki
et al., 2022b; Katsidoniotaki, 2022). The use of active learning to
develop surrogate models for extreme events has great potential as
it offers a promising solution to the challenges of data scarcity. In
active learning, the acquisition function plays a pivotal role by direct-
ing the sampling process to select the most informative data points,
tailored to the specific requirements of the application. In the context
of extreme events, several studies have explored the formulation of the
acquisition function to effectively identify the most informative data
points of extreme occurrences, while aiming to minimize prediction
uncertainty (Pickering et al., 2022; Blanchard and Sapsis, 2021b,a;
Sapsis, 2021, 2020; Mohamad and Sapsis, 2018). In ocean engineering
context, active learning has been effectively applied to predict the
statistics of the extreme structural response of ships under random wave
conditions (Pickering et al., 2022; Guth et al., 2022).

This work presents a novel framework for developing a “hybrid”
surrogate model for a WEC, by combining GPR and LSTM neural
networks. First, the hybrid model is constructed using a baseline
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approach, which utilizesrelies on existing CFD data for training—
without active learning. The model effectively captures the relationship
between extreme wave conditions, structural parameters, and the cor-
responding loads in the mooring line. The input parameters include the
significant wave height and wave period associated with 50-year return
period waves, as well as the damping coefficient and spring stiffness of
the power take-off (PTO) system in the WEC. The 4-dimensional input
space is directly mapped to the mooring force, enabling the surrogate
model to predict how wave conditions and WEC design parameters
influence mooring system forces. Second, the same hybrid model is
developed but this time the selection of training samples is guided
by an active learning approach, which prioritizes the most infor-
mative samples associated with extreme mooring loads while aiming
to minimize prediction uncertainty. This approach optimizes the use
of resources and computational time, particular important for real-
world applications. Subsequently, the developed model is employed to
reconstruct extreme load statistics on critical WEC components. The
novelty of this study lies in overcoming the limitations of previous
approaches in two key areas: (1) modeling of the wave energy system
balancing computational cost and accuracy, and (2) effectively estimat-
ing the extreme load statistics—emphasizing the tails of the probability
distribution. The developed framework can contribute in the optimal
design process of marine energy technologies by providing an approach
for cost-effective and reliable design, accelerating the development and
establishment of these technologies.

The paper structure is as follows: Section 2 offers a detailed descrip-
tion of the WEC system. Section 3 serves a comprehensive review of the
methods utilized in this work. Section 4 presents the hybrid surrogate
model developed on existing CFD simulation data. Section 5 focuses on
the active learning scheme for the construction of the hybrid surrogate
model. In Section 6, the results of this study are presented, showcasing
the performance and capabilities of the developed framework in pre-
dicting extreme force statistics. Finally, Section 7 summarizes the key
findings and draws meaningful conclusions.

2. Wave energy converter in extreme sea states

Fig. 1 presents a schematic depiction of the point-absorber WEC
(Leijon et al., 2008) considered in this study. The device comprises two
main components: a buoy and a direct-driven linear generator housed
in a capsule on the seabed, referred to as the PTO system. These two
components are connected by a mooring line made of steel wire rope,
and this is a critical component of the wave energy device. Within the
PTO, the translator undergoes reciprocal motion, following the heaving
motion of the buoy, inducing a varying magnetic flux in the stationary
stator windings. To prevent excessive displacement, the translator has
a limited stroke length that is reached when the buoy experiences large
wave heights. The translator’s motion is damped by internal upper
and lower end-stop springs, ensuring that it does not collide with the
top and bottom of the generator hull. During high waves, the end-
stop spring acts as a restoring force and its magnitude depends on the
stiffness of the spring, denoted as K. Another crucial parameter in the
PTO is the damping coefficient, Dpr(, of the translator-stator, which
governs the WEC’s motion and the produced power.

The authors have previously developed and validated a high-fidelity
CFD model to simulate the response of the WEC in extreme wave
conditions (Katsidoniotaki et al., 2021, 2022c). While the CFD model
provides accurate insights into the complex dynamic behavior of the
device, the computational cost of those simulations and reliance on
high-performance computing resources pose restrictions. This study
proposes a reduced-order, or surrogate, modeling approach to effi-
ciently evaluate a quantity of interest while significantly minimizing
reliance on computationally expensive numerical simulations. In this
context, the quantity of interest is the load experienced by the mooring
line (rope) during the interaction of the WEC with extreme waves. Key
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Fig. 1. A schematic depiction of the point-absorber wave energy converter considered
in this study (Dhanak and Xiros, 2016).

factors influencing the mooring line loads include the wave character-
istics — such as significant wave height (H,) and peak wave period (7))
- and system parameters like the end-stop spring stiffness (K,,) and the
damping coefficient (Dpr(). These parameters serve as inputs for the
surrogate model, with the range of values for each parameter detailed
in Table 1.

The model is developed using two distinct approaches for selecting
training samples: (1) Baseline Approach (Section 4): The model is
trained using a fixed dataset derived from existing CFD results, without
employing active learning. (2) Active Learning (Section 5): The model
undergoes iterative training following an active learning procedure for
sample selection. In this approach, the training samples are not pres-
elected but are identified sequentially by an algorithm that prioritizes
the most informative samples. These samples are chosen to enhance the
model’s ability to capture extreme forces while minimizing prediction
uncertainty. As demonstrated in Section 6, the developed model is
employed to accurately reconstruct extreme mooring load statistics,
offering a comprehensive and reliable understanding of the extreme
loads the device is expected to experience.

2.1. Distribution of the input parameters

The surrogate model inputs are represented as a 4-dimensional
vector x = [Hy, T, Dpro, K,,]. The significant wave height, H,, follows
a Weibull distribution (Haver and Winterstein, 2008),

-1 B
fH_(h)=£<ﬁ) exp{—<ﬁ> },forh>;1 ¢}
: pA\p p

where g is the shape parameter and p is the scale parameter. The wave
period, T,, follows a lognormal distribution conditional to significant
wave height, H

1 (Int — p(h)>*
exp —

N (tlh) = (2)
TylHy \/ﬂ(i(h)t 26(h)?

where parameters p(h) and o(h) are given by

u(h) = a; + ayh™ 3

o(h)? = by + b, exp{—b;h} 4

The values for all the parameters (8, p, n, a;, a,, as, by, b,, b3) obtained
from measurements in North Sea (Haver and Winterstein, 2008) and
summarized in Table 2. Last, the PTO damping, Dpro, and upper end-

stop spring stiffness, K, are taken to follow a uniform distribution due
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Table 1

Surrogate model’s input parameters.
Symbol Description Units Bounds
H, Significant wave height m [5.0, 7.8]
T, Peak wave period s [8.3, 14.0]
K., PTO end-stop spring stiffness kN/m [585, 960]
Dpro PTO damping coefficient kNs/m [48, 85.5]

to their nature as design parameters.

The vector x is constraint to live in a four dimensional hyperbox,
with bounds given by Table 1. For the wave parameters H, and 7, the
hyperbox bounds are chosen to include most of the probability mass
associated with the unbounded distributions described in this section.
For the PTO parameters Dpro and K,,, the hyperbox bounds are chosen
to include ‘reasonable’ engineering values.

3. Preliminaries
3.1. Surrogate modeling

From the modeling perspective, the physical system can be viewed
as a ‘black-box’ that relates the input, x € &, which can be any
variable, to the output, y, which represents the quantity of interest. The
black-box approximates the real function, y = f(x), with a surrogate
model f(x), which is a statistical model that learns the input—output
relationship based on training datasets. Recently, machine learning
techniques have been widely employed for the surrogate construction.
The advantage of the surrogate modeling compared to classical mod-
eling practices, e.g. CFD simulations, is that for any new input x,, the
output y, is provided in orders of magnitude faster. In Sections 3.2 and
3.4, two machine learning techniques used in this study are explained
in further detail.

3.2. Gaussian process regression

GPR is a powerful class of supervised machine learning algorithms
that is able to create surrogate models for predicting any quantity of in-
terest, y, based on input independent variables, x. In many applications,
the output is a noisy realization of the GPR defined function f(x),

y=fx) +e. 5)

where the noise is Gaussian, ¢ ~ N (0, 0'5). For a random variable x, the
function f(x) follows a Gaussian distribution

@) ~ GP (m(x), k(x,x")) . ©®

Unlike other machine learning methods that learn exact values for
every parameter in a function, the GPR implements Bayesian approach
to infer a probability distribution over functions by defining the mean
function, m(x), and the covariance function, k(x, x'), of the process f(x)
at any point x € R? (Williams and Rasmussen, 2006).

m(x) =E [f(x)]. %)
k(x, x") = EI(f(x) = m(x)(f(x") = m(x"))]

The GPR based surrogate model learns the input-output behavior from

available training datasets. Assume the training dataset D,,,, of n
observations, and testing dataset D,,,, of n’ observations
Dipgin = X.y) = {x, 3} . x, ERy €R, (8)

’
d
Dy =X, = {x*,i}:;l’x*,i € R%

According to the prior distribution, the joint distribution of the training
outputs, y, and the test outputs, y, is

y KX.X)+02I KX X,)
b= (0[S kxol): ©
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Table 2
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Weibull and Lognormal distribution parameters derived from measurements in the North Sea (Haver and
Winterstein, 2008), describing the significant wave height and peak wave period for a given sea state.

Parameters i} P n a

a, a, b, b, by

1.550 2.908 3.803 1.134

0.892 0.225 0.005 0.120 0.455

where K(X, X), K(X,X,), K(X,,X,) denote the n xn, nxn', n' x n’
covariance matrices. However, the posterior distribution can provide
more accurately information about the prediction, y,. The posterior
distribution is defined by conditioning the joint Gaussian prior distri-
bution on the training outputs y, training inputs X and test inputs X .
Therefore the posterior distribution at X, is defined with mean, y,, and
variance, o2

¥. = KX, X)IKX,X) + 0,11y, (10)
o® = K(X,.X,) - KX, . XN[KXX) + 2 I KX, X,). 11

An advantage of GPR is the ability to provide measurements about the
model epistemic uncertainty, i.e., caused due to lack of data, while the
term o2 presents the aleatoric uncertainty. In the context of CFD data,
epistemic uncertainty reflects the GP’s lack of confidence in regions of
the input space where CFD simulations are sparse or underexplored. On
the other hand, the aleatoric uncertainty accounts for inherent numer-
ical noise or variability in the CFD simulations, such as discretization
errors, which are present even when the data is abundant.

3.2.1. Covariance function

The covariance functions (also called kernels) express some form
of distance or similarity, specifying how much two random variables
change together. If the inputs x and x’ are close to each other, it is
expected that f(x) and f(x’) will be close as well. For variables with
inputs which are very close the covariance is almost unit, while the
covariance decreases as the distance in the input space increases.

cov(f(x), f(x") = k(x,x") (12)

The covariance function can be defined by various kernel functions. In
this work, the squared exponential covariance function is utilized which
is given by:
/N2

k(x,x") = a; exp <—%> (13)
where o2 is the signal variance, that is a scale factor and determines
the variation of the function from its mean values, I > 0 is the
lengthscale and determines how reliable the function fits the training
data. These are free parameters and together with the noise variance,
‘73» constitute the GPR hyperparameters; 0 = (/, 67,0, In this case the
kernel function utilizes separate length scale for each predictor, the
Automatic Relevance Determination (ARD) squared exponential kernel
is defined as

d /52
1 (x,—x")
k(x,x") = a; exp [—5 Z %]
n=1 n
1 _
=o§ exp (—E(x—x’)TL I(x—x')) (14)
where L™! = diag(/,)’> and the dimension of the hyperparameters

increases to d + 1; 6 = (I}, 1,, ... g 05,0,).

3.2.2. Hyperparameter optimization

The accuracy of the GPR-based model significantly depends on the
hyperparameters, 6, value. The hyperparameters are defined via an
optimization procedure by maximizing the log marginal likelihood,
which is given by

1 _ 1 N
log p(y|X, 0) = —in[K(X, X)+62"y - 5 log K(X,X) + o] - 5 log2r.

(15)

The derivatives of the log marginal likelihood with respect to 0 are
computed and the hyperparameters are updated using gradient descend
method.

3.3. Principal component analysis for dimension reduction

In this study, the target quantity to predict is the mooring line
force, y(t), yet GPR is more effective in lower-dimensional spaces and
not inherently designed for time series data. To address this issue,
dimensionality reduction techniques are often employed in such cases
to extract the most informative features from the data while discarding
redundant information. A widely used technique is Principal Compo-
nent Analysis (PCA), sometimes referred to as the Karhunen-Loéve (KL)
decomposition or Proper Orthogonal Decomposition (POD) (Gerbrands,
1981). PCA is a statistical method that transforms the data into a set of
orthogonal components, known as principal components, that capture
the directions with maximum variance within the dataset. By selecting
the components that preserve the majority of the variance, PCA enables
the representation of the data with fewer variables while preserving
important patterns in the data.

At this stage, an essential step prior to developing the GPR model for
predicting the mooring line force is the application of PCA to represent
the mooring line force in a lower-dimensional space. Specifically, all
the available data are integrated into the matrix ¥ € RP*", where
p represents the number of time steps, and m denotes the number
of samples (i.e., available data from CFD simulations). The matrix is
structured as follows:

() yi(ty) Y1)
Y = yl(:fz) J’k(:lz) melz) a6)
1) yi(t,) Ym(tp)

where each column corresponds to each sample.
The matrix Y may be expressed as a product of three matrices via
singular value decomposition (SVD) as

Y=USVT a7)

where U € R?? is a unitary matrix containing the left singular values
of Y. These vectors are the eigenvectors of the matrix YYT, and they
represent the directions in the input space that maximize variance,
known also as principal components. S € R?" is a rectangular diago-
nal matrix with the singular values of the Y which are the square roots
of the eigenvalues of the matrix. The diagonal elements of S denoted
as 4;, represent the variance captured by each principal component.
V € R™™ is a unitary matrix containing the right singular vectors of
Y, which are the eigenvectors of YTY.

The eigenvalues 4; are sorted in descending order, and their corre-
sponding eigenvectors U are arranged accordingly. The largest eigen-
value corresponds to the first principal component and accounts for the
highest variance in the data, while each subsequent component cap-
tures progressively less variance. Dimensionality reduction is achieved
by selecting a subset of principal components that preserve a sufficient
amount of the total variance. This is quantified by the cumulative
variance

n
Z=—‘A > 0.99, 18)
j=17"J

Cumulative variance =

where r is the rank of the matrix Y, representing the number of non-
zero eigenvalues n is the number of retained PCA coefficients. Fig. 2
shows the cumulative variance with the number of PCA modes showing
that it starts to converge for n > 10. In this study, based on a threshold
of 99% cumulative variance, n = 12 components are retained.

Next, the data matrix Y is projected onto the retained principal
components, i.e. the orthonormal eigenbasis defined by u € R (the
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Fig. 2. Cumulative retained energy of PCA truncation order n, based on the eigenspec-
trum of the mooring force dataset. In this work, n = 12 is chosen to retain > 99% of
the signal energy.

first n columns of U). The projection transforms the data into a new
feature subspace and is performed as follows:

0=YT-u 19

where O € R™" matrix that contains the principal component coeffi-
cients for each sample, effectively reducing the dimensionality from p
to n.

Having the PCA coefficients, the mooring force time series can be
reconstructed using the following expression:

n
Vreek = Y a; w0, tE0,1,]. (20)
i=1
where g, ; is the ith PCA coefficient for the kth sample from the matrix
0, and u; is the corresponding ith eigenvector (principal component).
The y,,. ,(?) closely approximates the original force y(f), depending on
the proportion of energy preserved during the dimensionality reduction
process. When 99% of the energy is retained, the reconstructed force is
expected to be nearly identical to the original force obtained from the
CFD simulations.

3.4. Long-short term memory neural networks

Recurrent Neural Networks (RNNs) are networks with loops allow-
ing information to persist; connect previous information to the present
task. The LSTM neural network is a type of RNN that models temporal
sequences and is capable to learn long-term dependencies. The LSTM
is designed to avoid the exploding/vanishing gradient descent problem
that usually appears in the RNNs. The LSTM uses two separate paths to
make predictions, i.e.; one path is for long-term memories and one for
short-term memories. Unlike to a typical RNN, the LSTM is based on
a much more complicated unit, see Fig. 3. In addition, the LSTM uses
sigmoid and hyperbolic tangent activation functions. A reminder for the
reader, the sigmoid activation function takes any value and convert it
to a number between 0 and 1, while the hyperbolic tangent activation
function turns the value to a number between —1 to 1.

In Fig. 3, the green line on the top of the LSTM unit is called
the cell state and represents the long-term memory. Although the long-
term memory can be modified by multiplication and addition, there
are no weights and biases that can modify directly its value. This
characteristic allows the long-term memory to flow through a series of
units (Fig. 4) without facing the issue of gradients exploding/vanishing.
The ¢,_, is the long-term memory previous time step and the ¢, is
the new long-term memory for the current time step. The red line on
the bottom of the LSTM unit is called the hidden state and represents
the short-term memory. The h,_; is the short-term memory from the
previous time step and the 4, is the new short-term memory and it
is the output of the LSTM cell. The short-term memory (or hidden
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state) is directly connected to weights that can modify its value. The
long- and short-term memories interact through the gates and result
in predictions. First, in the forget gate, the short-term memory of the
previous time step, h,_; is combined with the input, x,, using the
weights and biases and the outcome is plugged in the sigmoid, o,
activation function. The sigmoid activation functions turns the value
into a number between 0 and 1, f,, which is then multiplied by the
previous step long-term memory, ¢,_;. In practice, the forget gate of
an LSTM unit determines what percentage of the long-term memory is
remembered. Second, the new long-term memory, c,, is defined through
the input gate. The right side of the input gate, that contains the
hyperbolic tangent, tanh, activation function combines the short-term
memory and the input using weights and biases to create a potential
long-term memory, ¢. The right side of the input gate that contains
the sigmoid, o, activation function determines what percentage, i,, of
this potential long-term memory is added to the previous long-term
memory, c,_,. After this stage, the new long-term memory is defined, c,.
Third, the new short-term memory of the LSTM, h,, is finally updated
though the output gate. The new long-term memory, ¢,, is used as
input in the hyperbolic tangent, tanh, activation function which then
provides the potential short-term memory, ,. However, the left side of
the output gate that contains the sigmoid, o, activation function has to
decide the percentage, o,, of this potential short-term memory, #,, to
pass on. Similar logic has been previously used in the forget and input
gates. The combination of the outcome of the two activation functions
determine the new short-term memory, h,, which is the output of the
entire LSTM unit. Egs. (21)-(27) show the mathematics at each gate
and the definition of the new long- and short-memories.

Forget gate:  f,=o (W, -x,+Us-h_, +by) 21)

Input gate: i, =c (W;-x,+U;-h_ +b;) (22)

¢ =tanh (W, -x,+U,-h,_| +b,) (23)

Cell state output: ¢ =i, %6+ f*c_y (24)
Output gate: o, =0 (W, -x,+U,-h,_; +b,) (25)

h; = tanh (c,) (26)

Hidden layer output:  h, = o, A, 27)

where W, W, W,, W, are the weight matrices of the input x,, U,, U,
U,, U, are the weight matrices of the hidden state #,_;, and b, b;, b,,
b, are the bias terms. The o represents the sigmoid function and ranh
represents the hyperbolic tangential function.

The above description refers to a single LSTM unit that accepts
as input the value for one time step. As shown in Fig. 4, to make a
prediction based on a sequence of inputs, x(¢,,,...,t,), a sequence
of LSTM units is created which constitutes the LSTM layer. In this
case, each unit accepts the value assigned to a certain time step. In
the current study, one LSTM layer is sufficient to predict the output.
However, more layers can be used for more complex predictions but
the model becomes difficult to train. The LSTM layer is then connected
to a linear layer that takes the LSTM output — new short-term memory,
h,, — and calculates the final output, y; (r), which is the LSTM predicted
mooring line force,

yi@=W-h,+b (28)

where W is the weight matrix and b is the bias term. The LSTM
model of this study is built using Keras which is a high-level, deep
learning Application Programming Interface (API) for implementing
neural networks written in Python. Keras is the high level API of
TensorFlow platform which is used to build machine learning models.

The goal of the prediction is to identify the mooring line force time
series based on the solution provided by GPR model. That is to say,
the LSTM model accepts as input the mooring force which has been
previously predicted from the GPR model and learns how to improve it
in order to provide the actual mooring line force that matches the CFD
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events, and addressing the practical challenges of acquiring training
data. Traditional sampling approaches rely on querying the physical
system (i.e., the black-box function) at a large number of input points.
However, this method is highly resource-intensive, requiring exten-
sive high-fidelity simulations and/or physical experiments, making it
impractical due to significant time and computational demands.

Ce-1 -
/
il .
n 1 |
1 |
Forget Gate 1 !
1 |
1 |
1 |
P !
1
he_q : .
Fig. 3. The structure inside an LSTM unit.
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Fig. 4. An LSTM layer that consists of » LSTM units.

results. The GPR-based mooring force is the only feature that the LSTM
model considers for the prediction and thus the parameter number of
features in Keras library is set equal to one, tailored for this specific
application.

3.4.1. Loss function

Deep learning neural networks (including LSTM) are usually trained
using the gradient descent optimization algorithm. At the training
process, the error of the model is repeatedly estimated through the
loss function and the weights and biases of the model are constantly
updated to reduce the loss function error in the next iteration.

At this stage, the LSTM model is trained to match the mooring force
time series predicted by the GPR model to the real solution, e.g., from
CFD simulations. The LSTM model is called to accurately predict the
peaks (extremes) in the force time series, therefore, the loss function
should be properly selected. The Mean Absolute Error (MAE) is an
appropriate loss function as it is more robust to outliers. The MAE
is calculated as the average of the absolute difference between the
predicted and actual values. Specifically, in the LSTM training, the MAE
loss function takes the form
p

b
> e = v, (29)
i=1

Jj=1

MAE =

S
==

where y; is the LSTM prediction and y is the CFD solution. As it is
explained in Appendix in “LSTM hyperparameters selection”, for LSTM
training purposes the datasets is split into b batches and each batch
comprises of p time steps. The error between the predicted and the real
output is computed for each time step, ¢, and the batch-average error
is calculated. Finally, the overall loss function MAE is the average of the
batch-average errors.

3.5. Active learning
A key question that arises when developing machine-learned surro-

gate models is how to strategically select training samples to achieve
two main goals: ensuring accurate predictions, particularly for extreme

This section introduces the active learning scheme within Bayesian
experimental design to effectively construct a surrogate model. Fig. 5
provides a high-level overview of the active learning process. The sur-
rogate model is iteratively trained on sequentially selected datasets of
input-output pairs, denoted as D,_; = {(x;, 1), (X2, ¥2), ..., (5,1, Vi_ D}
In the left-side plot of Fig. 5, significant uncertainty is observed be-
tween points x; and x,, as indicated by the region enclosed by the
dashed lines. Additionally, the high values of y(x) in this region em-
phasize the need to develop a model with high prediction accuracy
specifically in this area. The active learning algorithm determines
the next-best sample by actively identifying and selecting the most
informative training point from the input parameter space, x € X. This
point is chosen to minimize the surrogate model’s uncertainty while
improving the prediction of extreme values. The new sample is added to
the training dataset, resulting in D, = {D,_; U(x,, y,)} and the surrogate
model is retrained. The active learning process continues for a number
of iterations ¢,,,,, progressively improving model accuracy and reducing
uncertainty in the targeted regions. This strategy ensures that each
data point contributes maximally to the learning process, effectively ad-
dressing the practical limitation of acquiring large datasets—a common
challenge in computationally expensive simulations such as CFD. The
pseudoscope of the active learning procedure is provided in Algorithm
1.

4. Hybrid surrogate model via baseline approach

Fig. 6 illustrates the architecture of the hybrid surrogate model,
which combines GPR and LSTM neural networks. The model establishes
a mapping between the input vector x = [Hy, T,, Dpro, K] and the
mooring force time series. As described in Section 3.3, to facilitate
the development of GPR models, PCA is first applied to the available
mooring force data y(¢) (from CFD simulations) in order to reduce the
dimensionality to a finite set of PCA coefficients {qi}}j]. Each GPR
model is trained to output §; = E[g;|x], representing the mean of
the posterior distribution. The predicted PCA coefficients g; from all
the GPR models are then combined using Eq. (20) to reconstruct the
mooring line force yg(r), which serves as the indirect GPR prediction.
Next, the LSTM receives the reconstructed force y,(s) and outputs a
refined prediction y, (), which more closely matches the actual CFD
solution y(7).
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Fig. 5. Estimation of the output value, j(x), for any input, x, using the developed surrogate model, with uncertainty limits represented by dashed lines. Left: The surrogate model
is constructed using the dataset D,_, = {(x;, ), (x5, %), ... (x,_1,¥,_;)}. Right: The active learning process identifies an optimal new sample, x,, which reduces the surrogate model’s

uncertainty and improves the accuracy of extreme value predictions.

Algorithm 1 Sequential search for active training of surrogate model.

1: Input: Number of iterations, 7,,,

2: Initialize: Train the surrogate model on initial dataset of input-output pairs, D, = {x;, y; }f.””“

3: forr =1 to 1, do
4: Select next sample x, by maximizing acquisition function a(x):
5:
6: x, = argmax (a(x;¥), D,_)
xXEX
7:
8: Evaluate black-box function (real system) at x, and record y,
9: Augment dataset: D, = D,_; U {x,, y,}
10: Retrain surrogate model
11: end for

12: return Final surrogate model

=1

The model is developed using a baseline approach, meaning no
sampling method is employed to select the training data. Instead, it is
trained directly on available CFD data from a prior study, consisting
of 73 datasets—65 allocated for training and the remainder for vali-
dation. The objective of this approach is to rigorously evaluate the
performance of the hybrid modeling framework illustrated in Fig. 6 for
predicting complex time series dynamics. Specifically, it aims to deter-
mine whether the combination of GPR and LSTM improves prediction
accuracy.

5. Hybrid surrogate model via active learning

The objective is to develop the hybrid surrogate model illustrated
in Fig. 6, this time incorporating the active learning scheme as outlined
in Section 3.5. This approach strategically selects the training datasets,
moving beyond the limitations of relying solely on pre-existing data.
Fig. 7 provides a schematic representation of the methodological frame-
work guiding the development of the hybrid surrogate model through
the active learning process.

1. Initialization: The GPR components of the hybrid surrogate
model is pre-train using a small, randomly selected dataset, D, =
{x;, :‘=”’1’ , where t;,;, = 5. These initial samples are obtained
from the physical system (ground truth).

2. Active Learning: The GPR model is further trained using the
active learning process for effective sample selection. (i) The
GPR model evaluates a set of random input samples, {x;}i_
and predicts the corresponding mooring line force, {yg,;}:_,.
Further explanation of this step is provided in Section 5.1. (ii)
From all these samples, the acquisition function selects the next-
best input sample x*. The selection satisfies a specific condition,
such as identifying regions in the input parameter space where

extremes are more probable to occur, while minimizing predic-
tion uncertainty. Further description is provided in Section 5.2.
(iii) The physical system (ground truth) is then employed to
evaluate the sample x* providing the corresponding output, y*.
Section 5.3 explains the ground truth model considered at this
step. (iv) The new input-output pair {x*, y*} is added to the
existing training dataset. (v) The GPR model is retrained on
the updated dataset. Steps (i) - (v) repeat for a user-defined
number of iterations, #;,, = 80. At the last iteration of the active
learning process, the GPR model has been trained on the samples
strategically selected through active learning D¢ = {x;, y,-}?:l’ .

3. LSTM training: The LSTM model is subsequently trained on the
dataset D, = D, U D,. Notably, the LSTM model takes as input
the GPR posterior mean force, y;(r), and outputs the refined
prediction y, (¢), which closely approximates the response of the
physical system.

4. Prediction: The hybrid surrogate model is able to predict the
mooring line force for any input vector, x, with computation
time orders of magnitude faster than CFD simulations. Specifi-
cally, it is employed to predict the mooring force for thousands
of input scenarios x.

5. Statistics evaluation: Having the model’s prediction for all
these input scenarios, the extreme load statistics can be ef-
fectively reconstructed. Further description is provided in Sec-
tion 5.4.

It is important to note that the overarching goal remains to construct
a hybrid surrogate model, as depicted in Fig. 6. In this framework, the
GPR model predicts the PCA coefficients, and the mooring line force,
v (1), is reconstructed using Eq. (20). To achieve this, the GPR model is
trained on the PCA coefficients derived from the available y(r) samples
at each stage of the process.
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Mooring Force

y(®)

Fig. 6. The hybrid surrogate model establishes a mapping between the input parameters x, which represent wave characteristics and the design parameters of the wave energy
device, and the mooring line force, y(r). The term "hybrid" refers to the combination of GPR and LSTM neural networks. To implement GPR, the dimensionality of the force time
series is reduced using PCA, representing the data with 12 PCA coefficients, which leads to the development of 12 separate GPR surrogate models. The predicted GPR posteriors,
{q‘i(x)],.‘jl, are then used to reconstruct the mooring line force, y.(r). The latter serves as the input for the LSTM model, which further refines the prediction, y, (), bringing it

closer to the actual force.

1. Initialization:

Pre-train the GPR model on
randomly selected data

4. Mooring Force
Prediction

A 4

2. Active
Learning

Moaring Force (kN1

5. Extreme Force
Statistics

Fig. 7. 1. Initialization: The GPR surrogate model is pre-trained on a few random samples and learns a sparse representation of the underlying system. 2. Active learning strategy:
(i) The current GPR model evaluates a big number of Latin Hypercube samples for discovering the regions of the parameter space that lead to extreme events. (ii) The acquisition
function identifies the next-best sample that reduces the model’s uncertainty (exploration) and provides the best information about extremes (exploitation). (iii) The next-best
sample is evaluated through a process that provides the real solution. This process can be a physical experiment, a numerical simulation or another model that the user trusts. (iv)
The next-best input sample and the corresponding output are added in the existing training dataset. (v) The GPR model is retrained on the updated dataset. The steps (i)—(v) are
repeated until either the solution converges or for a user-defined number of iterations — a limit that depends on the available resources. 3. The LSTM neural network is trained
on the dataset obtained from the active learning loop plus the initial samples. The LSTM and GPR are coupled into a hybrid surrogate model that is used in the next steps. 4.
The hybrid model is able to provide the accurate prediction of the force times series for any input vector. 5. To quantify the force statistics, thousands of Monte Carlo samples
are evaluated through the surrogate model and the PDF is constructed on the corresponding outputs.
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Additionally, the selection of appropriate acquisition functions is
important for an effective surrogate model, thus the acquisition func-
tions discussed in Section 5.2 are evaluated in this study. To quantify
the uncertainty of the developed surrogate model, 15 Bayesian exper-
iments run independently each other with each differing in the choice
of initial training samples D, and consequently the dataset D.

5.1. Acquisition function prerequisites

At the first step of the active learning loop, a large number of input
samples is evaluated through the GPR surrogate model, and the sample
which satisfies the acquisition function condition (see Section 5.2) is
selected as the next-best sample.

At each iteration, acquisition samples are generated via Latin Hyper-
cube Sampling (LHS) from the input domain x,3,5 = {x, ..., X0}, With
npys = 100 samples. Next, the x,;,¢ is fed to the current iteration GPR
model in order to calculate the corresponding set of posterior means,
yo(xp1s), and variances, 62(x,3,5). The next-best point x* € x5 is
the one that satisfies
x* = argmax a(x) (30)

X*Exrys
where a(x) is any acquisition function defined in Section 5.2. As it is
demonstrated in the following section, the acquisition function incorpo-
rates variances, UZ(XLH ), the probability distribution of y, Py D)- The
latter is estimated using the kernel density estimator (KDE) technique,
which applies a weighted factor based on the probability of the input
parameters p,(x,), as discussed in Section 2.1.

Py, (0 = KDE(data = yg(x,y5), weight = p (x,3,5)). (31

Algorithm 2 describes precisely the steps for the definition of the Py,
which is called importance distribution. The Py, is estimated at every
iteration in Algorithm 1.

5.2. Acquisition function

The acquisition function is the fundamental component of the active
learning algorithm as it guides the exploration and exploitation of
the input parameters space, X, and determines what is the 'next-best’
sample to query the black-box function. The choice of acquisition
function is critical as different acquisition functions are appropriate
for different features of the quantity of interest. In this study, two
acquisition functions are examined; the uncertainty sampling (US) and
the likelihood weighted uncertainty sampling (LW-US).

Uncertainty sampling: The US is one of the most common acquisition
functions and identifies the 'next-best’ sample for which the GPR model
presents the highest predictive variance,

ayg(x) = 62(x). (32)

The US ensures that the uncertainty of the model is evenly distributed
over the input space and its popularity lays on its straightforward
implementation, inexpensive evaluation, analytic gradients that allow
the use of gradient-based optimizers. However, the US acquisition
function has usually the tendency to select points on the boundaries
of the input space because the variance is often greater in regions
where less data have been previously collected (Blanchard and Sapsis,
2021a). This does not necessarily mean that the close-to-boundaries
region provides the most informative samples.

Likelihood-Weighted Uncertainty Sampling: The LW-US acquisition
function drives the sample selection towards regions where the model
prediction has high uncertainty yet extreme events have high likelihood
to occur (Sapsis, 2020; Blanchard and Sapsis, 2021a). In practice, the
LW-US is the US acquisition function multiplied by the likelihood-ratio,
w(x),

ay s—w () = 2 (Dw(x). (33)
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The likelihood-ratio, w(x), quantifies the importance of the output
relative to the input,
px(x)

— 34
Py (¥(x)) ©9

w(x) =
where p,  denotes the GP posterior distribution mean, y;, estimated
using Eq. (31), and p, is the PDF of the input parameters, x, with
more details provided in Section 2.1. The p, is usually referred to as
nominal distribution and pj, importance distribution. The likelihood ratio
acts as a sampling weight that balances events that are probable to
occur and those that are extreme. For instance, for data in the input
space that have similar probability of being observed (same p,), the
likelihood ratio assigns more weight to those that are likely to relate
with rare/extreme events (small pyG). Conversely, for samples that have
similar probability for extreme/rare events (same p,_ ), it promotes
those with higher probability of occurrence (larger p,).

Algorithm 2 Computation of the importance distribution, p, o

: Input: GPR model and nominal distribution, p,(x).

do

: Draw a large number of samples, {x, }24: , via LHS.

: Evaluate the samples through the GPR model to obtain the posterior

mean values {yg, } ]ﬂ’i -

5: Perform KDE on the outputs, {vg,} lfc"i iy and obtain the PDF Py,

6: For a particular input-output pair (x,yq;(x)), the corresponding
density value, Py (V6 (X)), is defined by the PDF constructed at the
previous step.

7: end do

8: return Importance distribution Py Ve ()).

5.3. Ground truth

At each iteration of the active learning process, the physical system
is evaluated at the next-best sample, x*, yielding the corresponding out-
put, y*. In this study, while high-fidelity CFD simulations are intended
to serve as the physical system, computational resource constraints
necessitate the adoption of an alternative approach. Specifically, the
hybrid surrogate model developed in Section 4 is used as the ground
truth. As demonstrated in Section 6.1, it effectively replicates CFD
simulation results and significantly enhances computational efficiency.
The key takeaway is that users can choose any model they trust as the
ground truth, provided it reliably represents and assimilates the real
system.

5.4. Extreme force statistics in the mooring line

The quantification of extreme statistics of a quantity of inter-
est, i.e., PDF of extreme load on a critical component, are critical
in the design and reliability assessment of nonlinear dynamical sys-
tems (Mohamad and Sapsis, 2018). For practical applications, the
definition of the PDF of a quantity of interest is a challenging process
due to limitations in the classical modeling practices. That is to say,
the availability of high-fidelity numerical models and/or experimental
tests to provide the outputs for several inputs is limited due to cost and
resources.

By employing the developed surrogate model, the extreme force
statistics can be effectively reconstructed. In this study, the quantity of
interest is the maximum force, y,,,., which corresponds to the second
peak in the force time series.

Vnax = DA [y @) (35)

First, ny,c = 10° input samples {xi}:';”lc are drawn with Monte
Carlo sampling from the hyperbox defined in Section 2.1. Next, the
input samples are pushed into the GPR model which provides the initial
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Fig. 8. [Left] Comparison of the GPR-predicted mooring force (green) with the CFD
capturing the three main peaks achieved by incorporating the LSTM model (red).

prediction of the mooring force, jy¢(t), which in turn is the input to
the LSTM model that computes the corrected force, y.(¢). Finally, the
force PDF, p,, is reconstructed via the KDE based on the maximum
mooring force, y,,,., for each output y,(¢). This KDE construction has
superior statistical convergence compared to a Monte Carlo histogram,
especially for the distribution tails (extreme events).

5.4.1. Error metric

To evaluate the ability of the active learning algorithm to quantify
the extreme force PDF, the real system PDF (i.e., ground truth), p,,
is compared with the reconstructed PDF, p,, at each iteration ¢ of the
algorithm. The log-pdf error is reported as the metric to quantify the
discrepancy between the PDFs

e(n = / [logyg ps, (¥) — logyg p,(»)Idy (36)

Both PDFs are estimated on 10° samples via Monte Carlo design (see
Sections 5.3 and 5.4). The error metric includes the logarithms in order
to emphasize the comparison of the tails of the PDFs. In this study, as 15
Bayesian experiments are conducted and the p, expresses the median.

6. Results
6.1. Hybrid surrogate model for time series prediction

The performance of the hybrid surrogate model developed in Sec-
tion 4 is analyzed in this section. The GPR component of the hybrid
surrogate maps the input vector, x, to the conditional posterior mean
of each PCA coefficient, {q,-}}fl. Subsequently, the PCA coefficients
are combined using Eq. (20) to construct the force time series. Fig. 8
(Left) illustrates a comparison between the force predicted by the GPR
model and the CFD solution for four validation cases. The qualitative
assessment reveals that the GPR model is capable of approximating

Mooring Force [kN]

10

25 35
Time [s]
(d)

50

solution (dashed black) for four validation cases. [Right] Enhanced prediction accuracy in

the complex force time series; however, it underestimates the three
main peaks. This underestimation can be attributed, in part, to the
finite PCA truncation, which excludes very high frequency components.
Additionally, the constrained size of the dataset further restricts the
predictions of the first and third peaks.

As this study focuses on extremes, it is important to accurately
capture those peaks. This motivates the inclusion of the LSTM com-
ponent in the hybrid surrogate model. The LSTM neural network takes
the mooring force time series generated by the GPR model as input
and outputs an improved prediction. Fig. 8 (Right) presents a qualita-
tive comparison of the time series predicted by the LSTM, GPR, and
CFD models, demonstrating that the LSTM component enhances the
accuracy of the predictions.

The prediction accuracy in the peaks is quantitatively assessed using
the coefficient of determination, R?, which compares the surrogate
model predictions to the CFD solution. The results are presented in
Fig. 9 in the form of scatter plots. The GPR model (represented by blue
dots) demonstrates a high level of accuracy in predicting the second
peak (R? 0.852). However, its performance decreases for the first
(R? = 0.188) and third peaks (R? = 0.299). On the other hand, the LSTM
model (represented by red dots) significantly improves the prediction
accuracy. The coefficient of determination, R?, increases to 0.822 for
the first peak (from 0.188), 0.934 for the second peak (from 0.852), and
0.703 for the third peak (from 0.299). This enhancement demonstrates
the effectiveness of the LSTM model in improving the accuracy of the
predictions.

To assess the predictive performance of the hybrid surrogate model
for the entire force time series (not just the peaks), Fig. 10 compares
the force spectral density obtained from the GPR and LSTM machine
learning models with the CFD solution. It is worth noting that the GPR-
based spectral density does not accurately capture certain frequency
components, which can be attributed to the dimensionality reduction
of the force using a low-rank vector of PCA coefficients. However, the
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Fig. 9. Comparison of the three main peaks predicted by the GPR and LSTM models against the CFD solution, quantified by the coefficient of determination R?. The addition of

the LSTM model significantly improves the R? value.

LSTM component improves not only the accuracy of the peaks but also
the overall prediction of the entire time series.

For a quantitative comparison of the spectra, the /; norm is em-
ployed as the error metric within the frequency range [f}, f,]
[0.04,0.16] Hz, given by

fu
ll = '/j: |Ssurrog(f) - sCFD(f)Idfa
1

37)

where sy,,.,, and scpp represent the predicted and CFD force spectral
densities, respectively, and f denotes the frequency. Fig. 11 provides a
summary of the /; norm metric for the eight validation samples. It can
be observed that the error /; is generally reduced after the LSTM model
is implemented, indicating improved accuracy in the prediction of the
force spectral density.

6.1.1. LSTM hyperparameters selection

To create the optimal LSTM architecture, it is necessary to select
the values for several hyperparameters, i.e., time series resolution,
time-window, number of hidden units, batch size, number of epochs.
In this study, a procedure similar to Wang et al. (2022) is followed
for the optimal hyper-parameter definition based on two criteria; (1)
prediction accuracy and (2) time for training the LSTM model.

The time series resolution is initially defined and this step is fol-
lowed by the definition of the time-window length. The predicted time

11

series for several time-window lengths are compared to the CFD so-
lution using the Mean Average Percentage Error (MAPE) metric, and
based on that metric the time-window length is determined. Next, the
number of the hidden-units is defined again through MAPE evalua-
tion while the hyperparameter batch size is selected by evaluating the
loss function. The procedure for hyper-parameters selection is further
described below:

1. Time resolution: The raw data from the CFD simulations are
sampled in 0.01 s time intervals — following an interpolation pro-
cedure. To accelerate the LSTM training process, it is examined the
option to consider a coarser time series. However, a critical point is
that the LSTM model should be still able to capture the extreme forces,
which are the three main peaks in the time series, as highlighted by
the circles in Fig. 18(b). In this study, two resolutions are examined,
i.e., dt =0.02 s, 0.04 s. In Fig. 18, the LSTM prediction is compared to
the CFD solution for both resolutions and it is observed that the coarser
resolution (dt = 0.04 s) underestimates the three main peaks while the
finer (dt = 0.02 s) provides better accuracy. While time resolutions finer
than 0.02 s could improve accuracy and capture detailed phenomena,
such as the second-order instantaneous forces atr = 17 s and t = 25.5
s, these effects are rarely observed in our sample data. Therefore, a
resolution of 0.02 s provides a suitable balance between prediction
accuracy and the computational cost of training the LSTM model.

2. Time-window: The total training data is divided into shorter se-
quences which are called time-windows. Each sub-sequence consists of
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the number of time-steps that the LSTM model considers for predicting
the next time-step value. In this stage, it is important to characterize the
time-window length, i.e., how many time-steps per sub-sequence, as it
affects the training time and prediction accuracy of the LSTM model.
As shown in Fig. 19(a), the time-window is selected after examining the
LSTM prediction accuracy for several lengths (i.e., 10, 15, 20, 25 time
steps). It is observed that the MAPE (< 4%) does not vary significantly
with the time-window length. As previously mentioned, one of the
criteria to choose the hyper-parameters is the time for training the
LSTM model. Therefore, the time-window of 20 time steps is selected
because the training time is accelerated while the prediction accuracy
is preserved.

3. Hidden units: The number of the hidden units is the size of the
hidden nodes in a LSTM layer and has a great impact on the LSTM
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Fig. 12. Progression of the sampling algorithm for US-LW (top row) and US (bottom
row) after 10 iterations (left column) and 20 iterations (right column). The red dots
represent the five initial random samples, while the blue indicate the points visited by
the active learning algorithm.

prediction accuracy. The hidden units determine the dimensions of the
weight matrices and bias vectors discussed in Section 3.4.

For example, for an input vector x with dimensions dx1, and hidden
units, A, the weight matrices of the input, W, have dimensions d x d,
the weight matrices of the hidden state, U, have dimensions, 4 X h, and
the bias vectors have dimension sx1. The influence of the hidden units
is studied and the prediction error under different numbers of hidden
units (32, 64, 128, 256) are compared in Fig. 19(b). Finally, 64 hidden
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Fig. 13. [Left] Log-PDF error per AS iteration for US-LW, US, and LHS, representing the error computed as the difference between the ground truth PDF and the mean PDF
reconstructed from the GPR predictions across an ensemble of 15 experiments. The error bands indicating half of the median absolute deviation. [Right] The final hybrid surrogate
model is compared to the 20th iteration GPR model demonstrating the improvement achieved by incorporating the LSTM component.

Table 3

Summary of the optimal LSTM hyperparameters.
Original Sampling Rate 0.01s
Time Resolution 0.02s
Time-Window 20 steps
Hidden Units 64
Batch Size 64
Training Epochs 1000
Initial Learning Rate 0.001

units are selected for the LSTM model because less weights and bias
coefficients need to be trained — compared to the case with 128 units
— and thus the computational cost for training the LSTM is reduced. In
addition, more hidden units could result in overfitting.

4. Batch size: The batch size is a hyperparameter of gradient
descent algorithm that defines the number of training samples the
LSTM processes before updating its internal parameters (weights and
biases). A common approach is to take the batch size equal to 32, or
64 or 128 samples. In this study, the batch size is evaluated through the
loss function (see Section 3.4.1). Fig. 20 shows that the loss function
presents better convergence for batch size equal to 32 and 64 —
both for validation and training samples. However, the LSTM training
process is accelerated for bigger batch size, therefore, size equal to 64
is chosen in the this study.

5. Epochs: The number of epochs is a hyper-parameter that controls
the number of complete passes through the total training dataset. Along
with the learning rate, the choice of training epochs balances between
overfitting and underfitting the LSTM network. In this study, the LSTM
model is trained for 1000 epochs.

6. Learning rate: The learning rate is an important hyperparameter
that controls how much the weights and bias are updated during
the training, and consequently affects the training time. In this study
the Adam gradient descent optimization algorithm is utilized since
it provides computational efficiency, straightforward implementation,
little memory requirements — among other benefits (Kingma and Ba,
2014). Adam uses adaptive learning rate for faster convergence and
takes the initial value of 0.001.

The selected LSTM hyperparameters are summarized in Table 3.

6.1.2. Computational cost

The motivation behind the construction of the hybrid surrogate
model is driven by the need to introduce a computationally inexpensive
alternative when the direct simulation of wave-structure interaction
would be computationally prohibitive. In this section, the resources and
time required by CFD simulations and machine learning techniques are
compared and discussed.

For a given input vector, x = [Hy, T,, Dprg; K,,], approximately
3000 CPU hours or 1 calendar day is demanded by the CFD code to
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simulate the wave-structure interaction and provide the correspond-
ing force in the mooring line. The simulations are performed on the
Tetralith HPC cluster, with 128 cores being occupied. In this study, re-
sults from 73 CFD simulations are employed for training and validating
the surrogate models.

In contrast, the GPR surrogate model offers the great advantage of
being a very inexpensive tool. The training of the GPR model on 65
datasets is a very quick process that takes just a few seconds, while the
trained model also provides the solution in just a few seconds. This
process is executed on a computer equipped with an Intel Xeon W-
2135 CPU, NVIDIA Quadro P1000 GPU, and 64 GB RAM. The training
of the LSTM neural network requires a longer time since the model
is tasked with predicting a time series. Specifically, in this study, the
training stage requires 10 h. However, once the LSTM model is trained,
it provides the output in approximately 1-2 min.

In summary, the output prediction for a massive number of input
variables is successfully achieved by the hybrid surrogate model within
just a few minutes. In contrast, the CFD simulations would demand
many calendar days, consuming significant computational resources.

6.2. Hybrid surrogate model built on active learning

In this section, the hybrid surrogate model, developed using the
active learning process described in Section 5, is evaluated. A key
component of active learning is the acquisition function, which guides
the sample selection process. Two acquisition functions, US-LW and US,
as detailed in Section 5.2, are considered. Additionally, the LHS method
— a widely used technique for training data selection - is employed
to compare the performance of the active learning approach against
a conventional sampling method.

Sample selection: Although the input space includes both wave con-
ditions and PTO parameters, the wave characteristics (H, Tp) assume
a more prominent role in guiding the algorithm’s search. In Fig. 12, a
comparison is presented between the decisions made by the US and
US-LW acquisition functions after 10 and 20 iterations. Both acqui-
sition functions foster exploration of regions within the input space
characterized by high uncertainty. However, the US-LW offers a distinct
advantage in sample selection as it also takes into account the signif-
icance of the output concerning the input (exploitation). Conversely,
the US’s primary focus is on uncertainty reduction, neglecting the input
distribution and output values. Consequently, this results in relatively
uniform sampling, with the US exhibiting a preference for selecting
points along the boundaries of the input parameter space — a trend
consistently observed in Blanchard and Sapsis (2021a). In contrast,
the US-LW opts for samples along a diagonal band and avoids an
excessive emphasis on boundary points. Notably, the US-LW prioritizes
experimental conditions that lead to the generation of substantial waves
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Fig. 14. PDF of the maximum mooring force as estimated from [Left] the 20th iteration GPR model and [Right] the hybrid surrogate model, using US-LW and US aquisition

functions, as well as LHS. The black color indicates the ground truth PDF.
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Fig. 15. Contour plots representing the maximum mooring force, with the colorbar indicating values in [kN]. Each subplot illustrates force variations as a function of wave

characteristics (H,, T,), while keeping other input parameters (Dprq, K,,) constant.

and significant structural forces.

Solution convergence: To assess the uncertainty of the surrogate
model, each acquisition function undergoes evaluation through 15
separate Bayesian experiments. Each experiment begins by utilizing a
pre-trained GPR model and then proceeds through 20 active learning
iterations. At each iteration, the log-pdf error metric (as detailed in
Section 5.4.1) gauges the surrogate model’s performance by comparing
the statistics of the reconstructed force PDF with the ground truth PDF.
Fig. 13 (Left) displays the log-pdf error for both the US and US-LW
acquisition functions, presenting the mean log-pdf error resulting from
multiple experiments. Moreover, a comparative assessment is carried
out, contrasting the Bayesian sequential sampling algorithm with LHS.
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This comparison highlights the benefits of employing the US-LW acqui-
sition function within the domain of Bayesian experimental design. The
surrogate model built upon US-LW demonstrates superior accuracy in
predicting mooring force statistics compared to both US and LHS, and
it does so with faster convergence. Finally, an LSTM neural network
is trained using the data sampled after 20 iterations of the active
learning algorithm. Combining the GPR model from the 20th iteration
with the LSTM model creates the hybrid surrogate model, which is
used for predicting extreme force statistics. Fig. 13 (Right) illustrates
that the incorporation of the LSTM component in the surrogate model
significantly reduces the error, resulting in better alignment of the
reconstructed PDF with the Ground Truth PDF. Among all the methods
employed for training data sampling, US-LW yields the lowest error,
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and the introduction of the LSTM component further reduces the error
by 22.7%.

6.3. Applications

6.3.1. Extreme force statistics

The main goal of this study is to develop a robust methodology for
accurately quantifying the statistical distribution of maximum mooring
forces. High-fidelity modeling techniques, such as CFD simulations,
are impractical for this task due to their significant computational de-
mands. Instead, a hybrid surrogate model, developed following the ac-
tive learning approach, enables this by effectively evaluating thousands
of Monte Carlo samples.

The extreme mooring force PDF reconstruction follows the proce-
dure outlined in Section 5.4. Fig. 14 [Left] presents the PDFs recon-
structed by the 20th iteration GPR model, which was trained using
data sampled through different methods, i.e., US-LW, US, and LHS.
For a more precise comparison, the ground truth PDF is also included.
Similarly, Fig. 14 [Right] displays the PDF generated by the hybrid
surrogate model, comprising the 20th iteration GPR model and an
LSTM neural network. This combination significantly enhances the
quality of the PDF, underscoring the significance of the hybrid model.
Furthermore, Fig. 14 illustrates that the US-LW acquisition function
consistently outperforms alternative methods.

6.3.2. Interpretation of model’s mapping

Figs. 15 and 16 present contour plots illustrating the influence of
input variables, x = [Hj, T,, Dpro, K], on the maximum mooring
force. As it is difficult to visualize the four-dimensional input vector,
a series of two-dimensional plots are generated, keeping two variables
constant at a time. These contour plots offer insights into the individual
impact of each input variable but also the interactions between them.
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In particular, Fig. 15 illustrates how variations in wave charac-
teristics impact the maximum mooring force while holding the PTO
parameters constant. These contour plots are useful during the prelim-
inary design phase of a WEC system at a specific offshore site as they
facilitate the assessment of maximum loads in the mooring system for
any given set of PTO parameters. For instance, at an offshore site char-
acterized by a prominent sea state with a wave period of T, =12 sand a
significant wave height of H; = 5 m, the maximum force in the mooring
line is expected to fall within the range of approximately 200-240 kN,
regardless of the combination of PTO values employed. Conversely, at
an offshore location where the dominant sea state features T, = 14 s
and H, = 7 m, the maximum force can vary between 480 and 680
kN, depending on the chosen PTO parameters. Hence, the selection of
suitable PTO parameter values holds critical importance.

In the top-row subplots of Fig. 15, PTO damping (Dpry) remains
constant while spring stiffness (K,,) varies. Similarly in the bottom-row
subplots. Notably, it is observed that the mooring force undergoes rel-
atively minor changes in this scenario. This behavior can be attributed
to the fact that the spring is not fully compressed in most sea states,
resulting in minimal additional force being exerted on the mooring
line. Conversely, the first-column figures maintain a consistent spring
stiffness value (K,,) while altering the damping (Dpy(), and the same
applies to the second-column figures. In this situation, the mooring
force exhibits higher values with increased damping. This phenomenon
can be explained by the fact that higher PTO damping applies a greater
force on the buoy through the mooring line, dampening the buoy’s
motion during interactions with incoming waves.

Fig. 16 provides insights into how adjustments in the PTO parame-
ters (K,,, Dpro) influence the extreme mooring force while keeping the
sea state variables (H, Tp) constant. These contour plots offer valuable
guidance for the development of a control algorithm aimed at adapting
the damping of the PTO system to specific sea states, as discussed
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in Rodriguez et al. (2019). In the top-row subplots, H, remains con-
sistent while T, increases, and similarly in the bottom-row subplots.
As the wave period T, increases, the wave length expands, leading
to a higher wave celerity and consequently an increased potential for
wave energy. This results in higher loads on the structure. The first-
column subplots maintain the same 7, value but increase H,, and
the same holds for the second-column subplots. In this scenario, the
wave becomes steeper, providing an explanation for the occurrence of
higher forces, as previously observed in Katsidoniotaki et al. (2021),
Katsidoniotaki and Goteman (2022).

7. Conclusions

When the direct modeling of a real-world offshore system becomes
computationally prohibitive, the development of a reliable surrogate
model becomes essential. Yet, in practical applications where each
sample evaluation demands valuable time and resources, the careful
selection of samples for the proper model development becomes cru-
cial. In this study, an active learning scheme in Bayesian experimental
design and advanced machine learning techniques are leveraged in
a framework that effectively creates a surrogate model. The great
advantage of this framework is that it circumvents the need for massive
training data while reduces the prediction uncertainty. Specifically,
the active learning scheme effectively guides the selection of training
samples, uncovering regions within the parameter space that yield the
most pertinent information about extremes and higher uncertainty. The
resulting surrogate model is then deployed to quantify the statistics of
the quantity of interest.

While the effectiveness of the developed framework has been pre-
viously demonstrated in Pickering et al. (2022), Blanchard and Sapsis
(2021b), its application to realistic scenarios, such as a wave energy
system subjected to extreme waves, is clearly demonstrated. In this
study, the hybrid surrogate model is constructed combining two ma-
chine learning methods, the GPR and LSTM neural networks. This
surrogate exhibits the capability to predict the complex mooring force
with remarkable success, validated against CFD simulations, and does
so at orders of magnitude faster compared to CFD. Subsequently,
the surrogate proves invaluable in quantifying extreme mooring force
statistics, evaluating thousands of Monte Carlo samples, and effectively
reconstructing the PDF, with particular emphasis on accurately captur-
ing the tails. Furthermore, the surrogate model can be used to offer
insights into the system’s behavior, i.e., how the input parameters
influence the quantity of interest.

The accurate quantification of extreme loads not only has the po-
tential to reduce costs by refining conservative safety factors but also
ensures that systems are designed to withstand these extreme con-
ditions, preserving reliability. Additionally, reliable surrogate models
can expedite the design process and optimize the structural design of
emerging wave energy technologies.

As a future direction, it is suggested to increase the dimensional
input space by considering more design parameters. This step would
require machine learning methods capable of accurately mapping a
multi-functional input space to multi-functional outputs while ensuring
accurate prediction in unseen data. Furthermore, the surrogate model
can be further used for the development of an optimization proce-
dure, which can be integrated into the design stage. Additionally, to
address the practical difficulty of obtaining high-fidelity training data,
a multi-fidelity surrogate model is suggested. This model leverages the
advantages of low- and high-fidelity data, ensuring less high-fidelity
data is necessary for training purposes.
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Appendix

Extreme wave representation
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Fig. 17. Focused Wave Profile: Wave components focusing at 1 = 40 s with their
amplitudes determined by NewWave Theory.

The waves are chosen along the 50-year environmental contour
for a potential installation site in the North Sea (Wrang et al., 2021).
Each wave is characterized by the significant wave height (H,) and
peak wave period (7,). The numerical wave realization, typically rep-
resented as a 30-minute to 3-hour irregular wave episode, demands
substantial computational resources in the context of CFD. Instead,
as detailed in Katsidoniotaki et al. (2020), an alternative approach
involving equivalent design-wave methods is typically employed.

In this study, each 50-year wave is recreated as a focused wave group
defined using the NewWave theory (Tromans et al., 1991). A focused
wave is essentially the combination of sinusoidal wave components,
all converging at a predetermined location and time, maximizing the
resulting wave’s amplitude (Fig. 17). One significant advantage of the
NewWave theory is its ability to quickly identify extreme wave episodes
within a short time frame compared to the potential occurrence of such
events throughout the entire sea state. This makes the focused wave
groups exceptionally suitable for the computationally intensive CFD
simulations.
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The process of transforming the (H,, T,) pair into the focused
wave realization unfolds as follows: By employing the NewWave theory
and considering the JONSWAP spectrum, the maximum focused wave
amplitude and individual wave components amplitude are determined.
These components are designed to converge at a specific preselected
location and time, thereby defining the phase of each component. In
conclusion, starting with the (H,, T,) pair, a focused wave profile is
constructed. This profile is then simulated in its interaction with the
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WEC system using CFD, ultimately allowing us to record the mooring
line force.

Computational fluid dynamics

High-fidelity computational fluid dynamics (CFD) simulations are
essential to capture relevant hydrodynamic nonlinearities when simu-
lating the interaction of the WEC with the extreme wave episodes. The
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open-source software OpenFOAM is employed in this study.

The incompressible Reynolds Averaged Navier—Stokes (RANS) equa-
tions are numerically solved using the cell centered finite volume
method (Fan and Anglart, 2019). The turbulence is included using the
k—aw SST turbulence model that utilizes the wall functions for capturing
the turbulence effects on the WEC boundaries. The model uses the
overInterDyMFoam solver to iteratively solve the RANS equations
using the PIMPLE algorithm. The Volume of fluid (VoF) method is
employed to capture the free water surface. The overInterDyMFoam
solver provides the overset mesh functionality which allows complex
mesh motions and interactions without the penalties associated with
deforming meshes (Katsidoniotaki and Goteman, 2022). The wave
excitation and the external forces define the WEC motion which is
calculated through the library sixDoFRigidBodyMotion. The wave
generation and absorption is implemented via the IHFOAM toolbox.
Detailed description of the CFD model can be found in Katsidoniotaki
and Goteman (2022), Katsidoniotaki et al. (2021, 2022c). The setup
of the numerical domain has been validated by comparing the WEC
motion and loads under extreme wave conditions with measurements
from physical experiments (Katsidoniotaki et al., 2022c).
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