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A B S T R A C T

In wave energy farms, accurately determining the motion of each wave energy converter is essential for
performance evaluation, estimating energy production, and implementing effective control strategies. The
primary challenge lies in the real sea environment, where the complex nonlinear hydrodynamic phenomena
make it difficult to estimate the motion of each converter precisely. High-fidelity numerical simulations, such
as computational fluid dynamics, offer a detailed representation of the wave farm’s response to incoming
waves. However, they are computationally intensive, making them impractical for real-time implementation
and scenario evaluation. Conversely, although widely used in the industry, low-fidelity models based on
linear potential flow theory lack accuracy and provide only a general solution trend. Experimental wave
tank tests, while offering realistic, high-fidelity system representations, face limitations due to flexibility and
costs. A multi-fidelity surrogate modeling approach presents a viable solution for designing and controlling
wave energy farms. By leveraging data from various fidelities, low-fidelity numerical simulations, and high-
fidelity experimental measurements, we develop a model capable of predicting the actual heave motion of
each converter within a farm under diverse irregular wave conditions. This model effectively corrects the low-
fidelity motion to align with each converter’s real heave response. Central to our model is the long-short-term
memory machine learning method, which enables the prediction of the devices’ temporal response to incoming
irregular waves. This model delivers solutions with low computational cost, making it suitable for estimating
the actual device response during the design stage of a wave energy farm, facilitating real-time monitoring.
1. Introduction

The increasing worldwide energy demands and the immediate need
to decrease greenhouse gas emissions drive the attention towards fur-
ther exploitation of renewable energy resources [1]. Even though up
to 71% of the earth’s surface is covered by water, energy coming from
the ocean waves is the single largest and least tapped renewable energy
source on the planet [2]. With the theoretical wave energy potential be-
ing approximately 32,000 TWh/year [3–5], a possible co-location with
other renewable resources [6,7], and limited environmental harm [8,
9], wave energy is seen as a viable solution for a green future. Despite
decades of scientific research, harvesting wave energy is still at an early
stage of development, as many projects result in a higher levelised
cost of energy (LCoE) compared to other renewable energy generating
technologies. One way to achieve lower LCoE is to arrange multi-
ple wave energy converters (WECs) in various array configurations,
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forming wave energy farms [10]. This is particularly true for point-
absorbers, the largest category of wave energy concepts [11,12]. Wave
farms are essential for large-scale, economically viable projects to de-
crease the installation, operation, and maintenance costs (per device),
to enable power absorption of more than a few MW and an even power
distribution [13].

However, tracking and predicting the performance of several WECs
is still a challenging task due to the harsh sea environment and the
complex nonlinear phenomena that arise during the interaction of the
farm with the ocean waves. The WECs experience intense hydrody-
namic interactions when operating in farm configurations due to the
scattered and radiated waves on the free surface, which can heavily
affect their overall performance. A way to model WEC dynamics with
high precision is computational fluid dynamics (CFD) simulations [14–
16]. For instance, in [17], a CFD model is developed for two WECs
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placed closely to study the heaving motion under intense hydrody-
namic interactions. However, the extreme computational costs and
the extensive time required, which can take several hours or days on
high-performance computing systems to simulate just a few seconds
f real wave farm interaction with the waves [18], make CFD an
nsuitable choice for extensive wave farm studies. Simplifications are
ence introduced to accomplish efficient numerical models. Under the
ssumption of linear potential flow theory, the fluid is presumed to be
on-viscous, irrotational, and incompressible, the waves are non-steep,
nd the boundary conditions are linearized. Then, the fluid–structure
nteraction problem can be solved under a linear hydrodynamic for-
ulation, also for large farms [19]. However, the fast linear models

come at the cost of low accuracy, especially in the steepest wave
environments, where the non-realistic approximations of the fluid flow
result in crude estimations. One way to model wave farm dynamics
accurately is through wave tank experiments. However, experimental
campaigns face a lot of time constraints, utilizing only a limited amount
of operating wave conditions and device set-ups due to financial lim-
itations and fully booked wave tanks. Also, we should note that wave
tank tests do not demonstrate a perfect reality either, as the sources of
uncertainty include wave reflections against the tank walls, miscalcula-
tions in the friction estimation, and general imperfections in the testing
equipment [20]. Even though a lot of work is integrated into wave
tank campaigns worldwide, the complex nature and the high financial
costs associated with such investigations make wave farm tank data
scarce in wave energy. An early experimental work by [21] studies
a range of WEC array effects indicating the overall power absorption
nd the influence on the wave climate at the deployment site. The
xperimental set-up incorporates arrays of up to twenty-five devices in
everal layouts and wave conditions. Recently, an open-access dataset
f WEC farms, under the name SWELL (Standardized Wave Energy
onverter array Learning Library), is generated, incorporating up to five
ECs and different layouts for specific wave environments, see [22].
Precise modeling of the dynamics within wave energy farms is

ssential for the evolution of ocean wave energy towards a commercial-
zed and cost-effective future. Wave farms could potentially incorporate
 small number to around hundreds of WECs arranged in carefully
esigned layouts [23,24]. Within this framework, knowing the actual
esponses of all the interacting devices due to a variety of wave cli-
ates could provide essential information on the necessary ocean space

equired, as well as the optimal farm layout, while estimating realistic
conomic scenarios [25,26]. Furthermore, estimating the behavior of

the adjacent WECs could help investigate the environmental impact
near the deployment site, especially assessing the change of the wave
climate, so the wave height and wave power, by tracking the perturbed
wave field around the farm [27,28]. Also, insightful modeling of WEC
ynamics is tied to developing efficient control strategies for maximiz-
ng power absorption in response to certain wave environments while
onitoring the converters’ physical constraints [29–32]. Essentially,

having access to an accurate farm tool, one can predict actual power
absorption limits while estimating any risks for a safe grid integration
[33–35]. Therefore, the reliability of the utilized model is a key issue.
ractically, wave farm models need to represent response scenarios
s close to reality as possible to aid the various phases of progress
ithin a wave energy farm concept. This challenge leads to the ultimate
uestion on ‘how to develop an accurate and efficient tool to simulate
everal interacting WECs in various wave environments?’ To address this

question, we introduce a multi-fidelity machine learning model based
on long-short-term memory (LSTM) neural networks for the prediction
f WEC motion within wave energy farms.

Recently, machine learning models for predicting the temporal dy-
namics of marine structures have gained significant attention. To be
xact, several data-driven approaches incorporating LSTM networks

for time-series forecasting are generating a growing interest in marine
technology systems. For instance, in [36], the dynamic mooring line
tension is predicted using a floating platform’s motion response data,
2 
while in [37], the mooring line response of a vessel is monitored with
high precision, using its motion as the input signal. Another case can
e found in [38], where a mooring line failure of a floating struc-

ture is detected in almost real-time, based on simulated motion data
generated using actual environmental conditions. In the framework of
wave energy converter concepts, in [39], an LSTM network is used to
correct the time series of mooring line force data of a point-absorber
WEC, focusing on the extreme peaks. Also, in [40], an LSTM network
is developed to accurately forecast the power output of a wave energy
converter named ‘‘Searaser’’. While in [41], a hybrid deep-learning
model incorporating LSTM networks is developed to predict wave
heights in near real-time to assist the accurate estimation of energy gen-
eration. Moreover, LSTM networks are widely used in ship responses
evaluation: for example, in [42], a real-time ship motion forecaster
is developed to provide fast predictions with levels of accuracy that
can approximate those of high-fidelity tools while, in [43], an LSTM
network is used to learn the nonlinear wave propagation and the roll
motion of a ship section in beam seas. Another case can be found
in [44] where the main vessel motions, e.g., pitch, heave, and roll,
are forecasted using as input stochastic characterization of the wave
elevation for a particular sea state.

Within the context of data-driven methods, we focus on the so-
called multi-fidelity class of surrogate models, [45–47]. Such methods
incorporate an information fusion when data from various fidelities
re accessible, [48,49]. Usually, two complexity levels are incorporated

and labeled as low-fidelity and high-fidelity data. However, there is no
restriction on the number of utilized fidelities. In general, high-fidelity
data represent very accurate measurements; however, they have been
obtained using high computational models or have intense financial
costs. On the other hand, low-fidelity data have a reduced accuracy
and are less expensive to obtain. Therefore, multi-fidelity approaches
integrate several sources of diverse fidelities into a single model. In
real-world applications, merely a limited amount of high-fidelity data
is accessible, while lower-fidelity data could be in great quantity. So,
one of the main motives for incorporating multi-fidelity techniques is to
enhance a dataset of sparse and expensive measurements using a wide
range of inexpensive lower-fidelity data. A comprehensive framework
of multi-fidelity modeling to function approximation and inverse PDE
problems is presented in [50], where linear and nonlinear correlations
between the low- and high-fidelity data are investigated. Also, in [51],
an extensive multi-fidelity approach is studied, incorporating a valida-
tion set using wind turbine simulations. Further in [52], Bayesian and
physics-informed neural networks are integrated into a multi-fidelity
approach to capture the cross-correlation with uncertainty quantifica-
tion between the low- and high-fidelity data. We note that the specific
surrogate technique integrated within the multi-fidelity approach is
part of the design procedure. For example, in [53], a multi-fidelity
technique is developed based on the nonlinear autoregressive Gaussian
rocess method and graph convolutional networks for predicting the
eformation of fish net cages within aquaculture farms. Similar to the
pproach adopted in our work, in [54], a multi-fidelity surrogate model

based on an LSTM neural network is investigated by combining low-
fidelity and high-fidelity ship motion responses in waves; the proposed
method improves the fidelity of the reduced-order model relative to the
igher-order component while retaining high computational efficiency.

Despite the great potential of multi-fidelity techniques in handling
ffectively sparse high-fidelity datasets, such methods are not quite
ntegrated within wave energy concepts. Noting the experimental lim-

itations in wave energy generating technologies and the necessity of
valid models for performance estimation in wave energy farms, we
present a method based on an LSTM network utilizing a multi-fidelity
dataset for the accurate heave motion prediction of multiple interact-
ing point-absorber WECs. Point-absorbers are heaving devices moving
mainly in the vertical direction as well as in surge in response to the
incident waves. Estimating accurately the vertical motion of the floats is

challenging due to the intense hydrodynamic interactions on the free
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surface. However, the quest for accurate or optimized heave motion
is not new to the wave sector. In [55], the hydrodynamic shape of a
loating buoy is optimized for maximizing the heave motion response.

hile in [56], nonlinear effects that influence the dynamics of the
heave motion for a point-absorber are investigated. Frequently, the
heaving mode is characterized as the dominant degree of freedom, as in
many operational conditions, the device’s movement in other directions
is not as significant. So, the precise modeling of the heaving motion
allows for a better design and tuning of the power take-off (PTO)
system, ensuring that the system resonates with the incoming waves.
Due to the main characteristics of generator technologies, even if the
floats move in several directions, most of the PTO motion is triggered
by heave; other degrees of freedom, like surge, usually excite the PTO
in a smaller proportion. Constraining a point-absorber to heave motion
can be a good approximation for a six degree of freedom moored
device. In [57], it is shown that a heave-only point-absorber WEC does

ell at estimating the power capture for a six degree of freedom moored
device. The six degree of freedom configuration had only a slight shift
in the resonant period. Therefore, the heave mode is a good indicator
of energy conversion.

The suggested model incorporates two fidelity levels. The low-
idelity data corresponds to the heave motion of three interacting
oint-absorber WECs placed in a row. The low-fidelity heave is ob-

tained by an in-house linear potential flow scheme. The corresponding
igh-fidelity data are extracted from an experimental dataset. The
xperimental set-up corresponds to a 1:10 scaled prototype of an array
f point-absorber WECs. The proposed LSTM network practically maps
he incoming wave field and the corresponding simplified heave re-
ponses of three interacting WECs to the sophisticated, real-time heave
otion of the devices coming from an experimental wave tank test.
e highlight that the experimental heave data results from the multi-

egree-of-freedom motion of the point-absorbers, and their interacting
ehavior. The primary goal of the multi-fidelity method is to correct
he low-fidelity WEC responses using knowledge of the high-fidelity
xperimental data. The proposed LSTM is chosen after a thorough
ensitivity analysis, while the so-called hyperparameters of the network
re selected via the control variable method. Furthermore, the cor-
ected WEC responses are compared with linear data-based modeling
echniques, showing a significant improvement in terms of accuracy
hen evaluated against the experimental data. Finally, to fully exploit

he multi-fidelity method, using the black-box mapping between the
implified motion and the actual experimental motion, we reconstruct
he full nonlinear responses in unseen wave environments so that
hey closely match the experimental measurements using as input the
ncoming wave and the low-fidelity linear potential flow data.

We show that by supplying the simplified motion of multiple inter-
cting WECs using low-fidelity simulation data, the model can recreate
he experimental motion of the devices for new wave environments
hile retaining a small computational cost. To emphasize the value
f the proposed methodology, using a few targeted waves and the
orresponding linear potential flow responses during training, we show
hat the LSTM model can forecast the actual motion of the WECs for
nseen waves, i.e., operating conditions which were not supplied during the
raining phase. We highlight that while the experiments can capture the
ully nonlinear behavior of several interacting WECs, only a very lim-
ted set of conditions is tested due to time restrictions and operational
osts. On the other hand, the multi-fidelity method can create fully
onlinear dynamics of several interacting WECs while retaining a mini-
um cost. This approach can be beneficial for fine-tuning experimental

ampaigns by arranging several related operational conditions and
ltimately filling a substantial knowledge void in modeling realistically
nd efficiently the simultaneous motion of multiple interacting WECs.

The remainder of the paper is organized as follows. Section 2 gives
a detailed account of the physical experiment and the linear potential
flow model, so the high- and low-fidelity data. It also features the
theoretical framework, presenting the system identification method and
the fundamental aspects of the LSTM network. Section 3 presents a
etailed account of the obtained results and corresponding discussion,
hile Section 4 encompasses the main conclusions from our study.
3 
Table 1
Experimental radius and draft, the generator damping
is 𝛾 and water depth in the wave tank is ℎ̄.

Buoy radius R𝑒𝑥𝑝 = 0.244 [m]
Buoy draft d𝑒𝑥𝑝 = 0.0948 [m]
Damping 𝛾 = 306 [Ns/m]
Water depth ℎ̄ = 2.5 [m]

Table 2
Characteristics of the incoming waves. The significant wave height H𝑠, the peak period
T𝑝, the wave duration T𝑤𝑎𝑣𝑒, and the corresponding steepness.

WaveID H𝑠 [m] T𝑝 [s] T𝑤𝑎𝑣𝑒 [min] Steepness [-]
IW1 0.1482 1.2488 6.83 0.0609
IW2 0.1561 1.6787 6.83 0.0355
IW3 0.1598 1.8893 6.83 0.0287
IW4 0.1609 2.5473 6.83 0.0159
IW5 0.1615 3.1411 6.83 0.0105

2. Methods

2.1. Experimental method

The high-fidelity data used within this study is taken from an
xperimental wave tank dataset. The experimental campaign was con-

ducted at the COAST Lab at the University of Plymouth, UK. The data
corresponds to a layout configuration including six WECs placed in
a symmetric grid, with one pair in each row. The set-up represents
a 1:10 scaled prototype of an array of point-absorbers, based on the
WEC concept developed at Uppsala University [11]. The physical lay-
ut comprises six elliptical buoys, moving in six degrees of freedom.

To measure the motion, each buoy is equipped with five reflective
markers. The markers are tracked by a set of eight Qualisys cameras.
Each buoy is connected to a PTO system. The PTO is performed by
passive damping using a system exclusively designed for the wave tank
experiment. A damping value of 𝛾 = 306 Ns/m is used for all the
converters; see [58,59]. The array set-up is shown in Fig. 1, while
the WEC and system specifications are presented in Table 1. Due to
the symmetric properties of the considered layout, we focus on WECs
A, C, and B, i.e., on a single row of devices. The responses of the
WECs are studied in five wave environments, all generated within
the basin. In particular, the sea states considered are represented by
five irregular waves (IWs) obtained from a Bretschneider spectrum.
Note that, in [58], data acquisition of the free-surface elevation is
performed simultaneously with motion acquisition, i.e., in the same
experimental test. This is done to avoid incorporating, within the data-
based modeling procedure, the uncertainty that arises when attempting
to generate the same wave realization more than once within the
mechanical wavemaker system. The irregular waves align with condi-
tions near the natural period of the WECs. The water density is 𝜌 =
1000 kg/m3, and the sampling frequency for data acquisition is 128 Hz,
with a corresponding sampling time of 0.0078 s, while every wave lasts
6 min and 50 s. Each incoming wave is defined by its steepness, which
is determined by 𝑠 = (2𝜋 𝐻𝑠)∕(𝑔 𝑇 2

𝑝 ), where 𝐻𝑠 is the significant wave
height, g = 9.81 m/s2 is the acceleration due to gravity and 𝑇𝑝 is the
peak period. A detailed account of the waves considered is given within
Table 2.

2.2. Linear potential flow model

The low-fidelity data used in this work is obtained from a linear
potential flow numerical scheme. Assuming that the forces acting on a
system of interacting floating bodies are either functions of the system’s
state or the wave properties, we can apply a standard linear time-
domain modeling framework based on Cummins’ formulation [60].
The equations of motion for an array of interacting WECs subject
to wave and other external forces boil down to solving a system of
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Fig. 1. Experimental set-up. The arrow on the right indicates the wave direction, and
G3 denotes the gauge that measures the wave elevation.

Volterra integro-differential equations of the convolution type [61],
particularly involving impulse response functions to describe excitation
and radiation effects. In the simplified numerical model, the buoys are
assumed to move in heave only. It should be emphasized that the buoys
in the experiments are moving freely in six degrees of freedom. Thus,
the numerical model simplifies two critical characteristics of the actual
system: the fluid flow by assuming linear potential flow theory and the
buoy dynamics by assuming only heave motion. Also, in the numerical
scheme, the connection mooring line between the buoy and the PTO
system is considered non-slack. Therefore, nonlinear dynamics arising
from slack-line conditions is neglected, see [62]. Within the discussed
conditions, the equations of motion for the WECs can be described by
the following system of equations,

(𝑀 +𝑀𝑎𝑑 𝑑 (∞))𝒛̈(𝑡) =

𝒇 𝑒(𝑡) − ∫

𝑡

0
𝐾(𝑡 − 𝜏)𝐳̇(𝜏)d𝜏 + 𝒇ℎ(𝑡) + 𝒇𝑃 𝑇 𝑂(𝑡) −𝒘,

(1)

where 𝑀 ∈ R𝑛×𝑛 is a diagonal matrix containing the mass of each WEC
𝑚𝑗 , with 𝑗 ∈ {1,… , 𝑛}, while 𝑀𝑎𝑑 𝑑 (∞) ∈ R𝑛×𝑛 is the matrix containing
the so-called added mass at the infinity frequency limit, for each pair
𝑖-𝑗 of interacting point-absorbers, where {𝑖, 𝑗} ⊂ {1,… , 𝑛}. The vector
𝒛(𝑡) = (𝑧1(𝑡),… , 𝑧𝑛(𝑡))𝑇 contains the vertical displacement of each de-
vice, while the excitation force is defined as 𝒇 𝑒(𝑡) = (𝑓𝑒1 (𝑡),… , 𝑓𝑒𝑛 (𝑡))𝑇 .
Note that 𝒇 𝑒(𝑡) depends on the free-surface elevation, which, for a
suitable fixed point in space, is denoted as 𝑒(𝑡) ∈ R. The convolution
operation in (1) represents the radiation term, where 𝐾(𝑡) ∈ R𝑛×𝑛, 𝐾𝑖𝑗 ∈
𝐿2(R), is the radiation impulse response function. Similarly, 𝒇ℎ(𝑡) is the
hydrostatic buoyancy force, 𝒇𝑃 𝑇 𝑂 is the applied force from the PTO
system, and 𝒘= (𝑚1𝑔 ,… , 𝑚𝑛𝑔)𝑇 is the vector containing the weights.
The hydrodynamic coefficients of the excitation and radiation force for
the elliptical buoys are computed using the boundary element method
software WAMIT. As the draft of ellipsoids is defined to be half of the
buoy height in WAMIT, the radius of the buoys in the numerical model
is R𝑛𝑢𝑚 = 0.2173 m, which is slightly smaller than in the experimental
set-up. This ensures that the experimental and numerical buoys have
the same submerged volume. A detailed explanation of the numerical
solution of Eq. (1) can be found in [63].

2.3. Multi-fidelity surrogate model workflow

Fig. 2 demonstrates the workflow of the multi-fidelity surrogate
model, incorporating the data described in Sections 2.1 and 2.2. The
proposed method is designed to predict the motion within a wave
energy farm, while it can be extended to any farm layout or number
of WECs. Initially, within the wave tank, wave gauge number 3 (G3),
see Fig. 1, measures the elevation of the incoming wave field. The
five measured irregular waves used in the basin, see Table 2 serve
as input to the low-fidelity, linear potential flow scheme described
in Section 2.2. The simplified model is implemented in MATLAB and
4 
estimates the responses of three interacting devices arranged in a row.
We note that the modeled responses correspond to the time series of
the heave motion. Then, the incoming irregular waves and the low-
fidelity time series of WECs A, C, and B (see Fig. 1) serve as input to
the LSTM model. The network learns the mapping between the low-
fidelity input and high-fidelity output, i.e., the targeted experimental
heave. In other words, the network learns how to refine the low-fidelity
responses based on a sophisticated high-fidelity output of the real-time
heave motion of the devices within the wave tank. After sufficient
training, the network yields heave predictions that closely match the
real WEC responses measured in the wave basin. The proposed LSTM
model integrated within the multi-fidelity approach can be seen as a
parallel multi-input, multi-output network, correcting the simultaneous
motion of three interacting devices in five sea states.

2.4. System identification method

An alternative linear representation to that derived via physical
principles in Eq. (1) can be achieved by leveraging tools from the
field of system identification. In particular, using measurements of
the free-surface elevation 𝑒(𝑡), according to the available wave gauges
described in Fig. 1, and the corresponding motion of the interacting
WECs 𝒛(𝑡), an input–output dynamical linear map can be inferred
via standard frequency-domain identification techniques, as detailed
in [64]. Though beyond the scope of this paper, which is focused
on developing and applying more complex machine learning models
in the WEC field, a brief account of the considered standard linear
system identification techniques is provided in the following to keep
the current work reasonably self-contained.

Standard frequency-domain system identification is virtually always
decomposed into a two-stage process, in which a non-parametric system
response is first estimated [65], leveraging the Fourier transform of
each corresponding input–output pair. This empirical non-parametric
response is then approximated in terms of a parametric structure, i.e. a
transfer function 𝐺 ∈ ∞, 𝐺(s) ∈ C𝑛×1, with s the Laplace variable
and ∞ the Hardy space of all complex-valued functions which are
analytic and of bounded modulus in the open right half-plane, mapping
the free-surface elevation with each corresponding WEC device output,
that is:
𝑍(s) = 𝐺(s)𝐸(s), (2)

where {𝑍(s), 𝐸(s)} ⊂ C𝑛×1×C denote the Laplace transform of the WEC
motion 𝒛(𝑡) and free-surface elevation 𝑒(𝑡), respectively. A graphical
appraisal of both the estimated non-parametric frequency response
(transparent, cyan) and the parametric transfer function 𝐺(s), for de-
vices A, C, and B in the WEC array of Fig. 1, can be appreciated in
the Bode plot1 of Fig. 3. The empirical estimates have been computed
using all five sea-states described in Table 2 and their respective output
signals (motions) for each WEC in the tested layout.

2.5. Long-short-term memory neural networks

LSTM neural networks are a variation of recurrent neural net-
works (RNNs) capable of learning dependencies in sequence prediction
problems [66]. This behavior is indeed desired, especially in complex
domains requiring time series forecasting. The key aspect of LSTM is its
complex cell unit, incorporating gated activation functions, see Fig. 4.
This design controls the ability of the network to persist information
while avoiding the exploding or vanishing gradient descent problem
that appears in traditional RNNs. The main components of the LSTM
unit are the cell state 𝒄𝑡 ∈ Rℎ×1, the hidden state 𝒉𝑡 ∈ Rℎ×1, where ℎ is

1 A Bode plot showcases the so-called frequency-response function of 𝐺(s)
when s = 𝚥𝜔. The upper plot illustrates the magnitude (in decibels) of the
complex number 𝐺(𝚥𝜔), while the bottom plot presents its phase (in degrees).
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Fig. 2. Multi-fidelity surrogate model workflow. The realistic heave motion responses of three interacting WECs (A, C, and B) located in the bottom row of a symmetric array
layout are modeled using low-fidelity numerical simulations and high-fidelity experimental measurements.
Fig. 3. Bode plot of non-parametric and parametric estimates for the linear data-based
model 𝐺(s) as in Eq. (2).

the so-called hidden size, see Section 2.7.1, and the gates, namely the
forget, the input, and the output gate. The cell state is responsible for
collecting data from all previous time steps; therefore it is the long-term
memory of the network, whereas the hidden state is meant to capture
the information related mostly to the previous time step, so it represents
the short-term memory.

In Fig. 4, we see that, in the forget gate, the current input 𝒙𝑡 ∈ R𝑑×1,
and the hidden state of the previous time step 𝒉 are combined with
𝑡−1

5 
two sets of weights 𝑊𝑓𝑥 ∈ Rℎ×𝑑 , 𝑊𝑓ℎ ∈ Rℎ×ℎ accordingly. The weighted
sum is added to a bias term 𝒃𝑓 ∈ Rℎ×1, and the result is fed into
the sigmoid activation function 𝜎 ∶ Rℎ×1 → [0, 1]ℎ, which turns the
output into a set of values between 0 and 1, namely 𝒇 𝑟 ∈ Rℎ×1. Note
that a value between 0 and 1 acts as a scalar operator able to amplify
or nullify a certain quantity. 𝒇 𝑟 is multiplied element-wise by the
previous long-term memory 𝒄𝑡−1. Therefore, the forget gate determines
the percentage of long-term memory meaningful to the LSTM. For
instance, if the forget gate outputs a vector of values close to 1, based
on the current input 𝒙𝑡, the gate deems the time series history highly
significant. Consequently, when the previous time step’s cell state is
multiplied by the forget gate’s output, the cell state retains most of
its original value, effectively ‘remembering’ its past. Conversely, if the
forget gate outputs values close to 0, the cell state’s values diminish
significantly, suggesting that the network should disregard much of its
history until now.

Subsequently, as per Fig. 4, the input gate determines the new long-
term memory 𝒄𝑡. On the right side, the current input and the previous
hidden state are weighted by a different set of weights accordingly
𝑊𝑐𝑥 , 𝑊𝑐ℎ and the outcome is added to a bias term 𝒃𝑐 , the result is fed
to the tangent activation function, which returns a set of values 𝒇 𝑐 ,
between −1 and 1. Namely, 𝒇 𝑐 is the new potential long-term memory
of the LSTM. On the left side of the input gate, using the sigmoid
activation function and following an analogous procedure, a set of
percentage values 𝒇 𝑖 is produced, which is multiplied by 𝒇 𝑐 to decide
which portion of the new potential long-term memory is added to the
existing long-term memory of the network. The output gate determines
the new hidden state, or short-term memory 𝒉𝑡, to be passed on. The
long-term memory, 𝒄𝑡, serves as input to the output gate, while the
tangent activation function produces 𝒇 𝑐𝑜 . The current input and the
previous hidden state are combined using weights and biases, and the
result is fed into the sigmoid activation function, which decides what
percentage 𝒇 of the potential short-term memory 𝒇 needs to be sent
𝑜 𝑐𝑜
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Fig. 4. LSTM unit cell.

Fig. 5. LSTM and dense layer.

to the next LSTM unit. In summary, the mathematical procedure for
each gate can be defined in terms of the following operations:
𝒇 𝑟 = 𝜎(𝑊𝑓𝑥𝒙𝑡 +𝑊𝑓ℎ𝒉𝑡−1 + 𝒃𝑓 ),

𝒇 𝑖 = 𝜎(𝑊𝑖𝑥𝒙𝑡 +𝑊𝑖ℎ𝒉𝑡−1 + 𝒃𝑖),

𝒇 𝑐 = tanh(𝑊𝑐𝑥𝒙𝑡 +𝑊𝑐ℎ𝒉𝑡−1 + 𝒃𝑐 ),

𝒄𝑡 = 𝒇 𝑖 ⊙ 𝒇 𝑐 + 𝒇 𝑟 ⊙ 𝒄𝑡−1,

𝒇 𝑐𝑜 = tanh(𝒄𝑡),
𝒇 𝑜 = 𝜎(𝑊𝑜𝑥𝒙𝑡 +𝑊𝑜ℎ𝒉𝑡−1 + 𝒃𝑜),

𝒉𝑡 = 𝒇 𝑐𝑜 ⊙ 𝒇 𝑜,

(3)

where the weight matrices for the input vector 𝒙𝑡 are denoted as
{𝑊𝑓𝑥 , 𝑊𝑖𝑥 , 𝑊𝑐𝑥 , 𝑊𝑜𝑥} ⊂ Rℎ×𝑑 and the weight matrices corresponding to
the hidden state 𝒉𝑡 are denoted as {𝑊𝑓ℎ , 𝑊𝑖ℎ , 𝑊𝑐ℎ , 𝑊𝑜ℎ} ⊂ Rℎ×ℎ. The
bias terms are {𝒃𝑓 , 𝒃𝑖, 𝒃𝑐 , 𝒃𝑜} ⊂ Rℎ×1. Finally, the operator ⊙ denotes
the standard Hadamard product, i.e., element-wise multiplication. A
prediction is based on multiple inputs {𝒙1,… ,𝒙𝑁} for a certain amount
of time steps 𝑡 ∈ {1,… , 𝑁}. Therefore, multiple LSTM cell units are
arranged, forming an LSTM layer, as per Fig. 5. The hidden state of the
last cell 𝒉𝑁 serves as input to a dense layer, which produces the output
of the network 𝒚𝑁 ∈ R𝑞×1, where 𝑞 is the output dimension, according
to the following relation:

𝒚𝑁 = 𝑊𝑑𝒉𝑁 + 𝒃𝑑 . (4)

Since no activation function is applied, the dense layer is referred to as
linear. In Eq. (4), 𝑊𝑑 ∈ R𝑞×ℎ and 𝒃𝑑 ∈ R𝑞×1 are the weight matrix and
bias term of the dense layer.

2.6. LSTM loss function

The LSTM network is trained using the gradient descent optimiza-
tion algorithm to minimize the so-called loss function. The chosen loss
function measures the difference between the LSTM corrected and the
experimental heave displacement values, assessing the overall error of
the model’s prediction. During the training period, the network weights
and biases are repeatedly updated to minimize the loss over each
assessment. We note that the choice of the loss function always depends
on the studied problem. Here, the mean squared error is used, as it
6 
is more sensitive to outliers, to penalize any larger errors that can be
encountered within the training phase. The loss function is computed
as:

MSE = 1
𝑠
1
𝑛

𝑠
∑

𝑖=1

𝑛
∑

𝑗=1
(𝑦𝑡𝑟𝑢𝑒𝑗 − 𝑦𝐿𝑆 𝑇 𝑀𝑗 )2𝑖 . (5)

In particular, to train the LSTM, the dataset is usually split into several
batches, each batch containing 𝑠 samples, with each sample correspond-
ing to a time step 𝑖, as per Section 2.7.2. Therefore, in Eq. (5), the
error between the experimental heave 𝑦𝑡𝑟𝑢𝑒 and the corresponding LSTM
corrected heave 𝑦𝐿𝑆 𝑇 𝑀 is computed for each sample, and the batch-
average error is calculated. Since the LSTM involves 𝑛 parallel outputs,
namely WECs A, C, and B, within each sample, the average error of the
outputs is taken.

2.7. LSTM hyperparameter selection

The training procedure of the LSTM network can be formally de-
fined in terms of an optimization problem, meaning that its perfor-
mance heavily relies on tuning the so-called hyperparameters. Among
these variables are the number of hidden layers, the hidden size, the
batch size, and the window size. A proper selection is crucial to obtain
a high network performance, improving the predicted values’ accuracy.
For this problem, one LSTM layer followed by a linear dense layer is
chosen as it provides accurate results within a reasonable training time.
We use the control variable method to further construct the optimal
LSTM model, following the steps: the hidden size is tuned while the
rest of the hyperparameters are fixed to specific initial values. Once
the optimal hidden size is chosen, it is kept the same while the batch
size is considered, and the window size remains at its initial value.
Since the optimal hidden and batch sizes are determined, they are kept
fixed while the window size is tuned. The hyperparameter selection is
described to a greater extent in Sections 2.7.1–2.7.3.

The predicted time series are compared to the experimental heave
displacement using the mean absolute error (MAE). The MAE offers
a standard and straightforward assessment of the overall discrepancy
between the predicted and the experimental responses, the latter being
our ground truth model, providing a direct and intuitive norm. In
particular, the MAE between the LSTM corrected and the experimental
heave is measured for WECs A, C, and B in all the available sea states,
see Fig. 1 and Table 2. To account for the different wave environments,
the MAE is normalized with the maximum value of the corresponding
experimental heave displacement of each WEC as

NMAE =
1
𝐿
∑𝐿

𝑖=1 |𝑦
𝑡𝑟𝑢𝑒 − 𝑦𝐿𝑆 𝑇 𝑀 |𝑖

max{|𝒚𝑡𝑟𝑢𝑒|}
, (6)

where 𝐿 ∈ N is the length of the examined time series, 𝑦𝑡𝑟𝑢𝑒𝑖 and
𝑦𝐿𝑆 𝑇 𝑀𝑖 are the variables corresponding to the experimental and the
LSTM corrected heave displacement for each WEC, at the time step 𝑖,
whereas 𝒚𝑡𝑟𝑢𝑒 denotes the fully examined time series of the experimental
heave for each WEC. Based on Eq. (6), the following hyperparameters
are chosen:

2.7.1. Hidden size
The hidden size can have a significant impact on prediction accu-

racy and is analogous to the number of neurons within each LSTM
unit cell. In practice, the hidden size is the value of ℎ discussed in
Section 2.5, and it, therefore, determines the dimension of the hidden
state, the cell state, and the corresponding weight matrices and bias
terms along with the operations described in Section 2.5. Usually,
larger hidden sizes can result in more sophisticated networks, yet
increasing the required training time. However, it is well-known that if
the complexity of the network surpasses a certain size, overfitting may
occur. To assess the overall impact of the parameter ℎ, we compare
the prediction accuracy for four choices, namely, 16, 32, 64, and 128
hidden sizes. The results are presented in Figs. 6(a) and 7(a). The batch
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Fig. 6. Average normalized MAE (NMAE) according to Eq. (6) of the LSTM corrected heave displacement for WECs A, C, and B, located at the bottom row of the symmetric grid
in Fig. 1, over all the irregular sea states in Table 2. In (a), the average NMAE is compared for 16, 32, 64, and 128 hidden size choices. In (b), the average NMAE is compared
for 128, 256, 512, and 1024 batch size choices. In (c), the average NMAE is compared for time windows of 1000, 2000, and 4000 time steps.
Fig. 7. Time series of the heave motion for WEC B in response to the steepest irregular wave IW1. In (a), the LSTM corrected motion is plotted for 16, 32, 64, and 128 hidden
ize choices. In (b), the motion is plotted for 128, 256, 512, and 1024 batch size choices. In (c), the motion is plotted for time windows of 1000, 2000, and 4000 time steps. We
ocus on a peak in the heave motion.
n

r
s

and window size must remain fixed while selecting the appropriate
idden size. Therefore, these hyperparameters are initialized to 1024
amples and 2000 time steps accordingly. The 64 hidden size is used,
s the average NMAE of all the WECs is the minimum in most sea states,
ee Fig. 6(a), while the computational efficiency over the 128 hidden

size choice is significant.

2.7.2. Batch size
The batch size is a hyperparameter of the gradient descent opti-

mization algorithm. It defines the number of samples the model works
through before updating its internal model parameters, namely the
weights and the bias terms, i.e., it is the value of 𝑠 in Eq. (5). The train-
ing dataset can be divided into one or several batches: the smaller the
batch size, the more computationally expensive the gradient descent
becomes, as the frequent updates result in noisy convergence and high
training times. Bigger batch sizes have more stable error gradients that
could lead to early convergence, though requiring significant computer
memory. We compare batch sizes of 128, 256, 512, and 1024 samples,
as per the results presented in Figs. 6(b) and 7(b). The hidden size
s fixed at the optimal value of 64 units, previously obtained, while
he window size remains at the initial value of 2000 time steps. The
024 batch size is chosen; although it requires the highest computer
emory, it provides the minimum average NMAE in most sea states,

ee Fig. 6(b), within a reasonable training time.

2.7.3. Window size
The window size specifies the number of consecutive time steps

the LSTM model considers to make a prediction, i.e., the window size
s the value 𝑁 in Eq. (4). Usually, the more time steps the LSTM
onsiders, the more internal dependencies it learns within the studied
ime series. We compare three different windows for 1000, 2000, and
000 time steps, see Figs. 6(c) and 7(c). The hidden and batch sizes

are kept to the optimal values of 64 units and 1024 samples previously
etermined. 2000 time steps are chosen as a window size as it provides

the minimum average NMAE in most sea states, see Fig. 6(c) while
etaining significantly shorter training time than the window size of

4000 time steps.
 m

7 
Table 3
LSTM hyperparameters.

Window size 2000
Batch size 1024
Hidden units 64
Features 4
learning rate 0.001
optimizer Adam

The Adam gradient descent method [67] with an adaptive learning
rate is chosen, with an initial value of 0.001. The learning rate is
a small number between 0 and 1, which determines the number of
steps taken during the optimization, i.e., it controls how quickly the
model’s parameters are updated. An Early-bird stopping checkpoint
is employed within the LSTM model, with a patience of 50 epochs,
meaning that if there is no improvement in the validation loss for 50
consecutive epochs, the training is effectively stopped while saving the
best-trained model so far. The process uses a dual Intel Xeon Gold 6130
CPU with 412 GB RAM. For time series training, longer computational
times are essential, to a more significant extent, as the supported
network involves a parallel multi-input and multi-output set-up. The
final choice of hyperparameters in Table 3 is made to balance the
prediction accuracy and the computational efficiency. Using a 70/30
data split a total of approximately 21 h is used for training. Once the
etwork is trained, the solution is obtained within a few seconds.

3. Results & discussion

3.1. Heave motion prediction

Using the model defined in Table 3, in Figs. 8(a)–8(c) we plot the
heave motion of the WECs placed in the bottom row of the symmetric
grid, see Fig. 1, namely WECs A, C, and B, in response to the steepest
wave environment IW1, see Table 2. The presented time series cor-
espond to a limit within our wave range; the plotted results in this
ection represent the data used for testing. We focus on a peak in the
otion of the devices towards the end of the time series. The numerical
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Fig. 8. In plots (a), (b), and (c), the time series of the linear potential flow, the linear system identification, the experimental and the LSTM corrected heave motion of WECs
, C, and B, located at the bottom row of the symmetric grid in Fig. 1, are presented. The time series correspond to the data used for testing. We focus on a peak towards the
nd of the time series. The motion of the devices is shown in response to IW1 in Table 2. In plot (d), the normalized MAE (NMAE) according to Eq. (6) for WECs A, C, and B

is shown. The error corresponds to the heave motion of the devices in response to all the irregular wave environments in Table 2. The error is normalized with the maximum
alue of the corresponding experimental heave displacement of each WEC. In plots (e) and (f) the NMAE for the derived velocity and acceleration are shown for every WEC in

response to all the available sea states.
W
i
t

results are obtained from the linear potential flow and the linear system
identification model, see Sections 2.2 and 2.4, while the corrected
eave motion is obtained from the LSTM network. The amplitude and
he phase of the numerical signals are significantly improved using
nowledge of the experimental data. The linear system identification

model already shows a greater improvement over the linear potential
flow component; however, only the LSTM corrected time series can
capture the formation of the ripples within the heave motion, namely
he nonlinear behavior.

We underline that the LSTM network corrects the simultaneous mo-
tion of three interacting WECs in a variety of sea states, where a single
 L

8 
irregular wave represents each state, so the model maps a simplified
input to a sophisticated output for five different waves, see Table 2.
This initiates a discussion regarding the generalization properties of
our model. Since a single network handles in parallel three interacting

ECs in a range of five sea states, which show significant differences
n wave steepness, the question arises on how much improvement can
he model provide in each sea state? Therefore, in Fig. 8(d), we plot

the normalized MAE according to Eq. (6) for every interacting WEC
in response to all the irregular waves. Here, the normalized MAE is
computed for both the linear potential flow heave displacement and the
STM corrected heave displacement against the experimental motion
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Fig. 9. In plots (a), (b), and (c), the time series of the linear potential flow, the experimental and the LSTM corrected heave motion of WECs A, C, and B, located at the bottom
ow of the symmetric grid in Fig. 1, are presented. The full motion of the devices is shown in response to IW1 in Table 2. We underline that in this plot, the LSTM model

reconstructs the full time series of the WECs’ heave motion. The motion of the WECs is plotted around the highest peak present in each sequence.
Fig. 10. Discrete Fourier transform of the linear potential flow, the LSTM corrected, and the experimental heave motion for WECs A, C, and B, located at the bottom row of the
symmetric grid in Fig. 1. The spectra correspond to the heave motion presented in Fig. 9. The motion is in response to IW1, see Table 2.
d
m
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n

t
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for each WEC. One could notice the difference in the error norm
mong the interacting WECs for each irregular wave. Even though the
inear potential flow scheme treats the WECs uniformly, the possible
haracteristic uncertainties during the experiment cannot be excluded.
n Fig. 8(d), we note that the level of agreement/disagreement between

the LSTM corrected and the linear potential flow model is similar across
wave states IW2-IW5, while the greater correction is observed for the
first sea state, namely the steepest wave IW1. Furthermore, Figs. 8(e)
and 8(f) illustrate the normalized MAE for the derived velocity and
cceleration of the devices in response to all the sea states tested.
ote that the accuracy obtained is similar to that when analyzing

he displacement estimates, validating the modeling technique for all
elevant motion variables.
u

9 
3.2. Validation in unseen wave conditions

All previous results in Section 3.1 are based on an LSTM model
trained on the initial 70% of either time series, while the remaining
30% is used for testing. A major question arises on how the network
specified in Table 3 would behave if different subsets of the available
ata were used for training and testing. This section aims to issue a
ore genuine estimate of the model’s performance versus the single
0/30 percent of the train and test split specified above. To do so,
e perform five separate runs, where in every assessment, the LSTM
etwork is trained in four out of the five available irregular waves, see

Table 2, while an exclusive wave is kept for testing. That is to say,
he first validation run involves training the LSTM network using the
hole time series corresponding to irregular waves IW2, IW3, IW4, and

W5, while the total heave motion responses corresponding to IW1 are
sed for testing; this validation round is indicated as 𝑉 (the subscript
1
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Fig. 11. In plots (a), (b), and (c), the time series of the linear potential flow, the experimental and the LSTM corrected heave motion of WECs A, C, and B, located at the bottom
row of the symmetric grid in Fig. 1, are presented. The full motion of the devices is shown in response to IW3 in Table 2. We underline that in this plot, the LSTM model
reconstructs the full time series of the WECs’ heave motion. The motion of the WECs is plotted around the highest peak present in each sequence.
n

m

i
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denotes the wave kept out for validation). The same process is followed
or the validation runs of 𝑉2, 𝑉3, 𝑉4, and 𝑉5, see Table 4. In practice, the

circulation of testing and training segments continues until each entire
irregular wave in Table 2 is held out for evaluation. The design of the
validation runs is not random. One of the novelties in this work lies
in the ability of the LSTM network to model the nonlinear dynamics
within wave energy farms in completely unseen wave environments.
We underline that the extrapolation properties of the network rely
heavily on the design of the training dataset. In our case, a 20%
reduction in the required experimental data is achieved, so the model
extrapolation is performed on a single sea state, as the wave conditions
used within the experimental campaign show significant differences
in the wave period. In Table 4, we compute the normalized MAE
according to Eq. (6) for every interacting WEC during all the validation
ounds. We underline that in this section, the LSTM model reconstructs
he full time series of the WECs’ heave motion in response to each tested

irregular wave. Note that in Table 4, the normalized MAE is computed
both for the linear potential flow heave displacement and the LSTM
orrected heave displacement against the experimental motion for each
EC; in most of the cases, a correction of about 50% is achieved.
e now consider the steepest sea state in more detail. The heave
otion for WECs A, C, and B in response to IW1 is reconstructed using

he available data from IW2, IW3, IW4, and IW5, see Figs. 9(a)–9(c).
Evaluating the nonlinear behavior of the improved data is essential,
o in Figs. 10(a)–10(c), the discrete Fourier transform of the linear

potential flow, the LSTM corrected, and the experimental heave motion
for WECs A, C, and B, in response to the steepest wave IW1 is plotted.
We note that the spectra correspond to the full time series of the heave
motion for all WECs. We see that the linear potential flow model cannot
capture well the peaks of the spectra nor the motion of the devices in
 p

10 
the higher frequencies. In contrast, in the LSTM corrected solution, the
motion is distributed differently, capturing the peaks while catching
the signal’s high frequencies, namely the components that give the
onlinear behavior and the formation of the ripples, which can be seen

in the high-fidelity experimental data. We further show the sea state
in the middle of the wave range as the corrected time series for WECs
A, C, and B in response to IW3 are obtained by training the network
using the available data for IW1, IW2, IW4, and IW5, see Figs. 11(a)–
11(c). In Figs. 12(a)–12(c) we plot the discrete Fourier transform of the
corrected motion in response to the entire IW3.

Our model could be of great interest within the wave energy sector
by providing nonlinear dynamics among multiple interacting WECs
while keeping the computational efficiency of a reduced-order model.
We could emphasize that the available sea states during the experiment
show significant differences regarding wave steepness. Also, each sea
state is represented by a single irregular wave. The reader could use
our proposed method while designing an experimental dataset with
similar sea states or using several waves within a single state. This
way, the suggested LSTM scheme could give very strong corrections
to the dynamics, as the training and evaluation wave environments
would show similar stochastic characteristics. By arranging a targeted,
experimental campaign employing a few closely related wave environ-

ents, together with our LSTM correction method, the user could very
accurately predict the nonlinear responses of several interacting WECs
n any relatable wave environment only by supplying the dynamics
sing any low-fidelity input.

4. Conclusions

In this study, we introduce a multi-fidelity surrogate approach to
redict the nonlinear dynamic heave responses of several interacting
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Fig. 12. Discrete Fourier transform of the linear potential flow, the LSTM corrected, and the experimental heave motion for WECs A, C, and B, located at the bottom row of the
symmetric grid in Fig. 1. The spectra correspond to the heave motion presented in Fig. 9. The motion is in response to IW3, see Table 2.
Table 4
The normalized MAE (NMAE) for WECs A, C, and B in all the validation rounds for unseen
wave conditions. On the left side, the NMAE of the linear potential flow (LPF) versus the
experimental heave displacement is computed. On the right side, the NMAE of the LSTM
corrected versus the experimental heave displacement is computed, the latter always being
our ground truth. The error is normalized with the maximum value of the corresponding
experimental heave motion of each WEC.

Validation NMAE – LPF vs Experimental NMAE – LSTM vs Experimental
Round WEC A WEC C WEC B WEC A WEC C WEC B
𝑉1 0.125 0.140 0.140 0.062 0.075 0.072
𝑉2 0.092 0.090 0.092 0.045 0.052 0.049
𝑉3 0.085 0.089 0.099 0.040 0.050 0.056
𝑉4 0.083 0.102 0.085 0.041 0.059 0.051
𝑉5 0.095 0.113 0.096 0.053 0.072 0.069
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WECs. Traditional methods to capture the complex behavior within
ave energy farms usually rely on oversimplified numerical schemes

incorporating linear potential flow approximations. Commonly, such
numerical simulations only give a general trend as the solution devi-
tes from reality. On the other hand, experimental data can capture

the actual WEC dynamics. However, such investigations are often
ost-prohibitive. In certain scenarios, even though experimental mea-
urements are available, the accessibility is often quite limited, incor-
orating only a few operational conditions. Our multi-fidelity surrogate
ethod faces two important challenges in the wave energy sector: the

estricted accessibility to realistic data and the need for actual perfor-
ance evaluation of wave energy generating technologies. We suggest
 fusion technique by leveraging a multi-fidelity dataset that merges
ow-fidelity simulation results coming from a linear potential flow
odel and high-fidelity experimental measurements. In particular, the
ulti-fidelity approach incorporates an LSTM neural network that maps

he low-fidelity heave responses of multiple interacting WECs to the de-
vices’ real-time, experimental heave. In a nutshell, the LSTM simulates
the complex relationship between a low-fidelity input and a high-
idelity output. We highlight that the low-fidelity model is simplified

in several aspects: linear potential flow theory and heave-only, while
the multi-fidelity surrogate model estimates the actual heave motion
resulting from the movement of the devices in six degrees of freedom.
Following the multi-fidelity method, we can effectively simulate the
nonlinear dynamic responses of multiple interacting WECs operating
in diverse sea states while retaining the computational efficiency of a
reduced-order model. Practically, by supplying a low-fidelity motion
estimate as input, the LSTM model can predict realistic responses that
closely match the experimental observations. We highlight that even
though our aim in the current study is accurate motion prediction, the
proposed framework can be extended to include any dynamic WEC
scenario, such as power absorption or estimation of mooring line loads.
To emphasize, this method can be used to acquire the actual wave farm
performance in real-time by predicting the dynamics and capturing the
actual hydrodynamic and nonlinear effects due to the intense device
interaction.
11 
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