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ABSTRACT

The mooring system is critical for the stability and safety of floating offshore wind turbines (FOWTs). Real-time
prediction of mooring tension can provide essential data support for operation and maintenance decisions of
FOWTs. Current mainstream methods for predicting mooring tension are primarily based on recurrent neural
network (RNN) based models, which model temporal dependencies by using historical sequences to predict
future values. However, to achieve satisfactory performance, these models often require preprocessing of input
sequences using prior knowledge (e.g., decomposing to separate modes), which are often impractical in real
engineering applications. To address this gap, we propose an end-to-end model based on an attention-enhanced
convolutional neural network (CNN) for real-time prediction of mooring tension under random wave conditions.
The model takes historical time-series data of the platform’s six-degree-of-freedom (6-DoF) motion and rotor
thrust as inputs to predict mooring line tension under coupled wind-wave-current conditions. Without requiring
prior knowledge or preprocessing steps such as filtering or modal decomposition, the model efficiently extracts
features directly from the input sequences consisting of multiple variables. Compared to traditional RNN-based
models, it significantly improves training and prediction efficiency, reduces model complexity, and is more
suitable for real-world FOWT operation and maintenance scenarios. Furthermore, our approach allows the model
to be trained on low sea-state data and then directly applied to high-sea-state and extreme scenarios. This is
particularly practical for real-world applications since data from high and extreme sea states is often limited. This
study first uses OpenFAST to perform fully coupled aero-hydro-mooring simulations of the IEA-15MW FOWT,
generating training data that covers various environmental conditions. We then introduce four neural network
architectures: a long short-term memory (LSTM) model as a benchmark, a standard CNN model, a spatial
attention (SA) enhanced CNN (SA-CNN), and a convolutional block attention module (CBAM) enhanced CNN
(CBAM-CNN). The models are trained under low sea state conditions and subsequently applied to high sea states
(operation) and extreme conditions (shutdown). Comprehensive performance evaluation demonstrates that the
CNN-based models achieve higher prediction accuracy than the LSTM model in both high sea states and extreme
conditions. Moreover, the incorporation of attention mechanisms further improves prediction performance
compared to the baseline CNN. This study validates the effectiveness of CNN-based models for real-time mooring
tension prediction in FOWTs, providing technical support for tension monitoring and risk assessment under harsh
marine conditions.

1. Introduction

frontier for future expansion (Amiri et al., 2024). Harnessing these re-
sources necessitates floating offshore wind turbines (FOWTs), whose

The advancement of offshore wind power is pivotal to global carbon stability under complex environmental loads (e.g., wind, waves, cur-
neutrality efforts (World Energy Outlook, 2024, 2024, 2024). Deep-sea rents) relies on robust mooring systems. However, extreme wave and
regions offer substantial wind energy resources, representing a critical wind conditions can induce excessive mooring tensions, leading to line
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failure and operational risks (Jiang, 2025). To mitigate damage to
mooring systems during high sea states—encompassing both opera-
tional and shutdown conditions—and thereby safeguard FOWT struc-
tural integrity, designers typically incorporate significant safety
margins, i.e. large safe factors (SF). However, given that mooring sys-
tems account for over 20 % of total FOWT manufacturing costs, this
conservative  approach  substantially compromises economic
sustainability.

Consequently, accurate real-time prediction of mooring line tension
in FOWTs under complex ocean environments is critical for structural
design integrity, operational safety, and economic sustainability.
Traditional numerical approaches employ fully coupled aero-hydro-
mooring simulations, where mooring dynamics are modeled through
quasi-static or dynamic formulations—though detailed methodological
comparisons fall beyond the scope of the current paper (see specialized
literature (Zhong et al., 2024)). Crucially, these simulations require
iterative solutions within a coupled framework. For example, the hy-
drodynamic loads applied on the FOWTs demand potential flow theory
(Jonkman, 2009) or high-fidelity Navier-Stokes-based methods (Wang
et al., 2022a; Xu et al., 2023) to resolve. While effective for controlled
scenarios, such methods prove impractical for real-world FOWT opera-
tions due to (1) indeterminate boundary conditions (e.g., ambient
wind-wave-current states), and (2) computational inefficiencies pre-
venting real-time prediction. Moreover, operators of FOWTs necessitate
forecasts of future tension states (e.g., 10-20 s ahead) to enable active
control strategies—dynamically adjusting turbine or mooring states to
maintain tensions below safety thresholds. This capability not only en-
sures structural integrity during extreme events but also permits reduced
safety margins in future designs. Thus, an urgent need exists for tech-
niques leveraging readily accessible operational data, such as
six-degree-of-freedom (6-DoF) platform motions, to enable real-time
mooring tension prediction.

In recent years, with the advancement of artificial intelligence
technology, artificial neural networks—thanks to their nonlinear fitting
capabilities in high-dimensional spaces—have made it possible to ach-
ieve real-time prediction of mooring tensions in FOWTs, and they have
been increasingly applied to real-time forecasting of both motion and
mooring tensions in floating structures and FOWTs. Current mainstream
approaches in ocean engineering often employ recurrent neural net-
works (RNNs), including basic RNNs (Sherstinsky, 2020; Jin et al., 2025;
Lee and Ahn, 2025), long short-term memory (LSTM) (Yu et al., 2019;
Qiao et al., 2021; Halder et al., 2023; Yan et al., 2023; Deng et al., 2024;
Zhang et al., 2024; Li et al., 2025), and gated recurrent unit (GRU)
(Chung et al., 2014; Xie et al., 2023) models. For example, Payenda et al.
(2024) compared the performance of GRU, LSTM, and bidirectional
LSTM (Bi-LSTM) (Yin et al., 2025) in predicting mooring dynamics using
platform motion data, highlighting the importance of capturing bidi-
rectional temporal dependencies. Shi et al. (2023) proposed a
multi-input LSTM (MI-LSTM) that integrates platform motion, wave
height, and mooring force data to predict short-term surge motion,
demonstrating the value of incorporating multiple temporal variables.
Despite these advances, RNN-based models still exhibit limitations in
predicting mooring tension for FOWTs. They often struggle to capture
long-term interdependencies among multivariate inputs—such as cor-
relations between incoming wind, wave height, and platform
motion—which are critical for accurate mooring system analysis in
complex marine environments (Xu et al., 2022). To improve prediction
accuracy, researchers often incorporate additional techniques, such as
filtering or decomposing input signals into long- and short-period
components based on prior knowledge of frequency-domain character-
istics (Hu et al., 2025; Yao et al., 2022; Ye et al., 2022; Chen et al., 2022,
2025; Xie and Tang, 2024). Such preprocessing steps, however, rely
heavily on empirical parameter selection and may limit practical
applicability in real-world FOWT operations. Other studies have
attempted to combine different neural network architectures, such as
hybrid RNN-CNN (Convolutional Neural Networks) models, to enhance
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feature extraction. Yuan et al. (2023), for instance, introduced a hybrid
VMD-CNN-LSTM/CNN-BiLSTM approach that uses variational mode
decomposition (VMD) to handle non-linear and non-stationary mooring
tension data, along with error correction to improve accuracy. Many
more studies can be grouped under this same framework (Zhao et al.,
2023; Gong et al., 2024; Tang et al., 2025; Song et al., 2025). Never-
theless, integrating CNN modules into RNN frameworks may further
increase the complexity and training difficulty of the original models
(RNNs), posing challenges for real-time forecasting in FOWT
applications.

Recognizing the gap between current research and the need for
practical real-time operational solutions for FOWTs, there is a compel-
ling need for an end-to-end framework that enables fast and accurate
mooring tension prediction without relying on prior knowledge or
excessive manual data preprocessing. End-to-end models, originally
proposed in fields such as computer vision (Bojarski et al., 2016) and
natural language processing (Wang et al., 2019), are designed to auto-
matically extract features from raw input data, minimizing dependence
on human intervention. In this study, we propose attention-enhanced
CNN models for real-time prediction of mooring tension in FOWTs
under complex environmental conditions. The models leverage spatial
attention (SA) and channel attention (CA) mechanisms to capture global
dependencies, combined with the multi-scale feature extraction capa-
bility of deep CNNs. The network takes easily accessible operational
data—six-degree-of-freedom (6-DoF) platform motion and rotor
thrust—as inputs. CNN layers first extract cross-feature representations
from the multivariate time series, followed by attention modules to
enhance the modeling of global temporal features. We develop four
representative models with step-by-step increasing complexity: an LSTM
(moorNet-1) as a benchmark, a standard CNN (moorNet-2), a spatial
attention-enhanced CNN (SA-CNN, moorNet-3), and a convolutional
block attention module-based CNN (CBAM-CNN, moorNet-4). These are
used to predict mooring tension of the IEA 15 MW FOWT under various
environmental conditions (wind-wave-current). To better reflect
real-world deployment scenarios, all models are trained exclusively on
low sea-state data and subsequently tested on both high sea-state con-
ditions and extreme conditions (shutdown). Our results show that all
CNN-based models (moorNet-2, moorNet-3, moorNet-4) achieve
significantly higher prediction accuracy under high sea states compared
to the LSTM benchmark. Moreover, attention mechanisms (SA and CA)
further improve performance in extreme conditions compared to the
baseline CNN.

The main contributions and novelties of this work can be summa-
rized as follows:

1. An end-to-end CNN-based architecture is proposed, which efficiently
captures cross-dependencies among multi-variable time sequences
(e.g., 6-DoF motion and thrust). Unlike mainstream RNN-based
frameworks commonly used for mooring tension prediction in
FOWTs, this model eliminates the need for preprocessing input sig-
nals using prior knowledge, making it better suited for real-world
floating wind farm operation and maintenance scenarios.

2. In contrast to previous studies that often train and test models under
similar conditions, we adopt a more realistic and challenging vali-
dation strategy: models are trained solely on low sea-state data and
are directly applied to predict mooring tension under high sea-state
(operation) and extreme typhoon (shutdown) conditions. This
approach better aligns with practical engineering requirements for
robust generalization.

3. We demonstrate that the CNN-based models significantly outperform
the LSTM model in predicting mooring tension under both high sea-
state and extreme sea-state conditions. Furthermore, the incorpora-
tion of spatial attention (SA) and channel attention (CA) mechanisms
is shown to further enhance the prediction accuracy of CNN models
under these demanding operational and extreme scenarios.
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Fig. 1. Illustration of LSTM networks.

The remainder of this paper is organized as follows: Section 2 de-
scribes the numerical simulation setup and dataset preparation; Section
3 details the neural network architectures and attention mechanisms;
Section 4 presents the experimental results and discussion; and Section 5
concludes the study and suggests future research directions.

2. Prediction of mooring tension by neural networks (NNs)

2.1. Definition of mapping relations
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2.2. RNN-based models

2.2.1. moorNet-1: LSTM

The Long Short-Term Memory (LSTM) network, first introduced in
1997 by Hochreiter and Schmidhuber (1997), is a specialized type of
recurrent neural network (RNN) designed to overcome the vanishing
gradient problem inherent in traditional RNNs. Owing to their ability to
model long-range temporal dependencies, LSTMs have been widely
adopted across machine learning applications, including natural lan-
guage processing (Sundermeyer et al., 2015), and time series forecasting
such as temperature prediction (Mtibaa et al., 2020; Karevan and
Suykens, 2018) and riser motion predictions (Ye et al., 2024). The core
innovation of the LSTM architecture is its memory cell, which maintains
information over extended sequences through a gating mechanism. This
cell is regulated by three types of gates: the input gate, the forget gate,
and the output gate. These gates collectively determine what informa-
tion is stored, updated, or discarded, enabling the network to preserve
relevant context over many time steps. A schematic diagram of an LSTM
unit is illustrated in Fig. 1, and the mathematical expressions are as
follows:

h; = o[dot(state;, Uy) + dot(input,, Wy) + dot(c, V) + bn) 2)

Where ¢ is a nonlinear activation function, dot is the dot product, Uy, Vj
and W), are trainable coefficients, and

Cep1 = 1% ke + ¢ ¥fy 3

in which i, f;, and k; are calculated by:

i, = o|dot(state,, U;) + dot(input,, W;) + b;] (@)
The goal of the neural network (NN) models in this paper is to take
the motion of an FOWT and the rotor thrust as input variables and ft:(;[dot(statet, Uf) +dot(inputt, Wf) +bf] 5)
output the mooring tensions at the fairlead. Therefore, the mapping
relation that this paper aims to establish can be expressed as: k. = o|dot(state,, Uy) + dot(input,, Wy) -+ by] 6)
Mooring Tensions' =.//./" (surgeh“ ,sway"™, heave'™  roll"*  pitch"™, yaw"* thrusth“) 1)

where: ./"/" represents the mapping function established by the
neural network, the superscript t denotes the time instance for which the
mooring tension is to be predicted, and his represents the history of the
input variables. The input variables are respectively the 6 DoF motion
and the rotor thrust of FOWTs.

Through these gating mechanisms, LSTM networks gain the ability to
selectively retain or discard information over extended sequences,
enabling them to effectively capture both short-term fluctuations and
long-term dependencies within temporal data.

2.3. CNN-based models

Convolutional Neural Networks (CNNs) (LeCun and Bengio, 1998)
have brought transformative advances to deep learning by offering
substantially faster training speeds and more powerful feature extrac-
tion capabilities compared to traditional fully-connected networks. As a

Fig. 2. Illustration of convolutional operation.
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Fig. 3. Illustration of moorNet-2.

foundational architecture for processing spatial and structured data,
CNNs have achieved state-of-the-art performance across a wide range of
applications, such as computer vision (Lecun et al., 2015), object
detection (Ren et al., 2017), and flow field reconstruction (Fukami et al.,
2019, 2020) in fluid mechanics. A typical CNN processes an input tensor
X € #PWxC where H, W, and C denote the height, width, and number
of channels of the feature map, respectively. The core convolutional
operation employs learnable kernels that slide across the input feature
maps to extract hierarchical spatial features. This process can be
mathematically expressed as:

1 1
1;j = 5( Z Z (Wm.n X Ii+mj+n) + b) (7)
m=-1 n=-1

where wy,, represents kernel weights, b is the bias term, o is the non-
linear activation function. An illustration of the convolutional opera-
tion with a zero bias and no activation function is presented in Fig. 2.

The spatial dimensionality evolution through convolutional layers
follows:

Hour :w +1 (8
S
where K is kernel size, P is padding, and S is stride.

Compared to RNN-based models such as LSTM networks, CNNs
provide significant advantages in processing multivariate time-series
data. These advantages include the ability to effectively capture com-
plex interdependencies among multiple variables, extract multi-scale
temporal features through hierarchical convolutional and pooling op-
erations, and exhibit greater training stability and efficiency.

Additionally, CNNs are inherently more parallelizable and less prone to
gradient-related issues during training, which makes them particularly
suitable for modeling long sequences and large-scale datasets.

In this study, three CNN-based models of progressively increasing
complexity are introduced: (1) moorNet-2, a standard convolutional
neural network; (2) moorNet-3, which incorporates a spatial attention
(SA) mechanism; and (3) moorNet-4, enhanced with a convolutional
block attention module (CBAM). The detailed descriptions of these
models are provided here.

2.3.1. moorNet-2: Pure CNN

The moorNet-2 architecture is a standard CNN without any attention
mechanisms, designed to also serve as a baseline model for predicting
mooring tension. A schematic overview of the model is provided in
Fig. 3. The network processes multivariate time-series data through the
following hierarchical structure:

1. First, the time histories of different input variables are stacked to
form a 2D input matrix, treating the temporal dimension and feature
channels as height and width, respectively. This structure allows the
model to process multivariant data in a spatially coherent manner;

2. Next, a series of convolutional layers are used to identify local
temporal patterns and hierarchical features. Each convolutional
block includes a convolution step followed by max-pooling. The
pooling operation reduces the size of the data while keeping the most
important features. The convolution employs learnable filters that
move along the time dimension to detect important patterns across
various input channels;

Fig. 4. Illustration of moorNet-3 and moorNet-4.
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Fig. 5. Illustration of SA.

3. The ReLU (Rectified Linear Unit) activation function is applied after
each convolutional operation to introduce nonlinearity and promote
sparse representations;

4. The resulting 2D feature maps are then flattened into a 1D vector,
transforming the extracted spatial-temporal features into a format
suitable for dense prediction layers;

5. Subsequently, one or more fully connected layers integrate high-
level features across the entire sequence, enabling the model to
learn global temporal dependencies and regression mappings;

6. Finally, the network outputs the predicted mooring tension value,
providing a direct end-to-end mapping from raw input history to the
target physical quantity.

This plain CNN structure emphasizes translation-invariant feature
learning and parameter efficiency, making it both computationally
tractable and well-suited for capturing recurring temporal patterns in
the mooring responses.

2.3.2. moorNet-3: SA-CNN

To further capture the global dependencies among different variable
time series, attention mechanisms can be incorporated on top of the pure
CNN backbone, i.e., moorNet-2. While self-attention is a powerful tool
for modeling long-range interactions, it often demands substantial
computational resources. In light of this, the present study employs two
more lightweight and efficient attention mechanisms: spatial attention
(SA, used in moorNet-3) and the convolutional block attention module
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(CBAM, used in moorNet-4). Both moorNet-3 and moorNet-4 can be
represented by the same high-level structural diagram, as shown in
Fig. 4, as their architectures differ only in the type and integration of the
attention module applied.

The moorNet-3 architecture incorporates a spatial attention (SA)
mechanism in its attention layer, which computes importance weights
(or spatial attention weights) across different locations to enhance the
feature representation. These weights are calculated as follows:

SA =0 (conv®?(concat [Avg_CP(F); Max_CP(F)])) 9

where F denotes the input feature map, Avg_CP(F) and Max_CP(F)
represent the average pooling and max pooling operations applied
across the channel dimension, respectively. The mathematical expres-
sions are defined as follows:

C

Avg_CP(F) :% > F(:) 10)
c=1

Max_CP(F) = maxF(;,:) an

here, F(:,:) indicates that the pooling operations are performed over all
channels for each spatial position.

Consequently, the resulting spatial attention score SA has a dimen-
sion of 1 x H x W. This spatial attention map is then multiplied element-
wise with the original feature map F, producing a refined feature map F
weighted by the spatial attention scores:

F =SAQF 12)

This operation is visually represented in Fig. 5, which illustrates the
flow of feature transformation through the spatial attention mechanism.

The incorporation of SA mechanism significantly enhances the
model’s ability to focus on regions of the input feature map that are most
relevant for predicting mooring tension. By dynamically recalibrating
spatial dependencies, the SA module allows the NN models to emphasize
important features while suppressing less informative ones. This results
in improved representation learning, especially under complex ocean
environments where certain spatial patterns (e.g., wave-induced mo-
tions or thrust variations) may have stronger influence on mooring
loads.

2.3.3. moorNet-4: CBAM-CNN

The moorNet-4 architecture enhances the pure CNN baseline
(moorNet-1) by incorporating convolutional block attention modules
(CBAM) (Woo et al., 2018), resulting in a feature-adaptive framework
that operates across both spatial and channel dimensions for mooring

Fig. 6. Illustration of CBAM block.
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Fig. 7. Schematic of the FOWT and its mooring configuration (Allen et al., 2020).

tension modeling. CBAM is a lightweight yet effective attention mech-
anism that sequentially applies channel attention and spatial attention
modules to refine convolutional features. This dual-path design allows
the model to emphasize informative regions and significant channels
dynamically, improving discriminative feature learning without sub-
stantially increasing computational cost.

Let F (F € #°*®*W) be the input feature map, in which, C represents
the number of channels, H and W is the height and width of each
channel, respectively, then, the operation of the CBAM block can be
illustrated by Fig. 6 as follows.

As illustrated in Fig. 6, moorNet-4 incorporates an additional chan-
nel attention (CA) module prior to the spatial attention (SA) mechanism,
distinguishing it from moorNet-3. The CA module learns channel-wise
weights to amplify important feature channels through a squeeze-and-
excitation process. This is achieved by first applying global average
pooling and global max pooling to aggregate spatial information, fol-
lowed by a shared multi-layer perceptron that generates a channel
attention vector. This vector is then used to recalibrate the original
feature maps, enhancing meaningful channels and suppressing less
relevant ones before being passed to the subsequent spatial attention
module:

CA = 6(FG(Avg_P(F))) + (FC(Max_P(F))) (13)

where FC is a shared multi-layer perceptron (MLP) whose parameters
can be adjusted in the training process, and,

1 H w
Avg_P(F) = F(i,j) 14)
HxW ; =
Max_P(F) = n}a)xF(i, i) 15)
)

The final dimension of CA in Eq. (9) is: C x 1 x 1. Then, CA is applied
to the original feature map F as described by the following equation:

F =CAQF (16)

where F is the CA-refined feature map, and ) represents element-wise

multiplication. Then, F is further processed to obtain spatial attention
(SA):

SA = o(conv’*” (concat [Avg_CP(F'); Max_CP(F)])) a7

where Avg_CP(F) and Max_CP(F) represents the channel-wise average
and max pooling operation, defined as:

C
Avg_CP(F) :% S F(.) 18)

Max_CP(F) :mcaxF(:, ) 19

in which F(:,:) represents the pooling operation is performed for
each channel. Therefore, the final dimension of SA is: 1 x H x W. Then,
SA is applied to F to obtain the final F’ as described by the following
equation:

F =SAQF (20)

By integrating the CBAM block into the base moorNet-2 architecture,
we obtain an enhanced model termed moorNet-4. This CBAM-CNN
model incorporates both channel and spatial attention mechanisms,
enabling more comprehensive and adaptive feature refinement
compared to the SA-only variant, i.e. moorNet-3. The channel attention
module selectively emphasizes informative feature channels by
modeling inter-channel relationships, while the subsequent spatial
attention module focuses on structurally significant regions. This dual
attention mechanism allows the model to capture both channel-wise
importance and spatial correlations more effectively, leading to
improved representational capacity and prediction accuracy in
modeling highly nonlinear mooring tension of FOWTs.

3. Test case description
In this section, the model FOWT, the numerical modeling of the

FOWT under ocean environment, and the data generation process are
provided and discussed in detail.



M. Ye et al.

Table 1
Definition of load cases (LCs).
Load Cases  Inflow Wind ~ Wind Turbine  Hs Tp 4 Current
- m/s m s - m/s
1 4.0 Operation 1.10 8.52 1.00 0.20
2 6.0 Operation 1.18 8.31 1.00 0.26
3 8.0 Operation 1.32 8.01 1.00 0.32
4 10.0 Operation 1.54 7.65 1.00 0.38
5 12.0 Operation 1.84 7.44 1.00 0.44
6 14.0 Operation 2.19 7.46 1.00 0.50
7 16.0 Operation 2.60 7.64 1.35 0.56
8 18.0 Operation 3.06 8.05 1.59 0.62
9 20.0 Operation 3.63 8.52 1.82 0.68
10 22.0 Operation 4.03 8.99 1.82 0.74
11 24.0 Operation 4.52 9.45 1.89 0.80
12 4.0 Operation 6.30 11.50 2.75 0.20
13 6.0 Operation 8.00 12.70 2.75 0.26
14 8.0 Operation 8.00 12.70 2.75 0.32
15 10.0 Operation 8.10 12.80 275 0.38
16 12.0 Operation 8.50 13.10 275 0.44
17 16.0 Operation 9.80 14.10 2.75 0.56
18 20.0 Operation 9.80 1410 275 0.68
19 24.0 Operation 9.80 1410 275 0.80
20 47.5 Shutdown 10.70 14.20 2.75 2.00

3.1. The IEA-15MW FOWT

In the present study, the IEA 15 MW reference floating offshore wind
turbine (FOWT) (Gaertner et al.) is adopted as the numerical model. This
state-of-the-art system represents a benchmark for large-scale offshore
wind energy technology, designed specifically for deep-water applica-
tions. The turbine has a rated power of 15 MW, with a rotor diameter of
about 240 m and a hub height of 150 m. It is mounted on the UMaine
VolturnUS-S semi-submersible floating platform (Allen et al., 2020),
which is engineered to provide stability and operational performance
under harsh marine conditions. As a widely recognized reference model
in the field, the IEA 15 MW FOWT is particularly suited for investigating
dynamic responses and mooring system behavior under combined
environmental loads. An illustration of the FOWT and its mooring
configuration is shown in Fig. 7. For the sake of brevity of the current
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paper, the readers are encouraged to refer to the comprehensive
open-source report provided by the National Renewable Energy Labo-
ratory (NREL) (Allen et al., 2020) for further detailed specifications and
design parameters for this FOWT model.

3.2. Numerical modeling of FOWT under ocean environment

The numerical model of the IEA 15 MW reference wind turbine
mounted on the UMaine VolturnUS-S semi-submersible floating plat-
form is simulated using OpenFAST (Jonkman, 2007; Rinker et al., 2020;
Wang et al., 2022b), an open-source, high-fidelity engineering software
developed and maintained by the National Renewable Energy Labora-
tory (NREL). This comprehensive tool simulates the fully coupled
aero-hydro-servo-elastic responses of FOWTs under realistic ocean en-
vironments. Aerodynamic loads on the rotor are computed using blade
element momentum (BEM) theory. Hydrodynamic loads on the platform
are modeled by a combination of potential flow theory and Morison’s
equation to capture both inertial and drag-dominated effects. The
mooring system dynamics are simulated using the MoorDyn subroutine,
which is integrated within the OpenFAST framework. MoorDyn employs
a lumped-mass approach to discretize the mooring lines and in-
corporates point-mass as well as rigid-body elements, enabling it to
model a diverse range of mooring and cable configurations. MoorDyn
has been rigorously and separately validated (Hall and Goupee, 2015).
For further details, please refer to its online manual ((https://moordyn.
readthedocs.io/en/latest/)). The global dynamic response of the FOWT
is integrated in the time domain. The platform features one central
column supporting the turbine and three outer columns connected by
pontoons and braces. The mooring system consists of three lines ar-
ranged symmetrically, each attached to one of the outer columns at
120-degree intervals.

In the current study, the numerical simulations assume aligned wind
and wave conditions. To represent realistic ocean environments, irreg-
ular waves are generated using the JONSWAP (Mazzaretto et al., 2022)
spectrum, and full-field turbulent winds are generated using the Kaimal
spectrum, with wind intensity defined by the mean wind speed. The
JONSWAP random wave spectrum is defined as follows:

Fig. 8. Illustration of dataset preparation.
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Fig. 9. Histories of loss functions in the training process of different NN models with different combinations of history length (H) and lead time (L).

(T,,f,l)}

(21)
Tif5

where « is the Phillips constant, T, is the peak wave period, H; is the
significant wave height, f is the wave frequency, and y is the shape
parameter, which defines the sharpness of the spectral profile. The value
of ¢ is determined as follows:

_[007.f<f
o= { 0.09,f >fi 22)

It should also be noted here that OpenFAST has been widely used for
calculating the responses of FOWTs and has been industrially validated
(Robertson et al., 2017; Deng et al., 2023; Chai et al., 2024; Wang et al.,
2024). The IEA 15 MW semi-submersible FOWT model analyzed in the
current study serves as a standard benchmark case within the OpenFAST
community and is publicly available online (https://github.com/IEAWi
ndSystems). Since the main focus of this paper is on predicting mooring
line tension in FOWTs using neural networks, detailed descriptions of
the floating turbine modeling and simulation methods are omitted for
brevity in the current work. Readers are encouraged to consult the
OpenFAST theory manual https://openfast.readthedocs.io/en/main/i
ndex.html for further information.

3.3. Data generation

The load cases summarized in Table 1 define the environmental
conditions used to generate the datasets for training and evaluating the
NN models in this study. These cases encompass a range of turbulent
inflow wind speeds, combined with varying irregular wave parameter-
s—including significant wave height (Hs), peak spectral period (Tp), and
spectral shape factor (y)—as well as different current speeds. This

systematic variation of environmental parameters ensures that the
dataset captures a broad spectrum of operating and extreme conditions,
providing a comprehensive basis for both training and testing the
generalization capability of the proposed models.

Fig. A-2 (in Appendix Part I) presents the numerical simulation re-
sults obtained using OpenFAST. It includes time history curves (total
simulation duration: 10800 s) of the floating platform’s three trans-
lational and three rotational displacements, as well as the tension time
series for each of the three mooring lines.

4. Results and discussion
4.1. Model training

4.1.1. Preparation of datasets

In this study, Cases 1-11 from Table 1 are designated as the training
set, while the remaining cases are used as the testing set. For each
environmental condition, a sliding time window of History time steps is
applied to the six-degree-of-freedom (6-DoF) platform motions and rotor
thrust of the IEA-15SMW FOWT to construct the input features. The
output is defined as the tension values of the three mooring lines at the
(History + Lead) time step. Accordingly, each input sample has di-
mensions of (1, 7, H), and the corresponding output has dimensions of
(1, 3). To reduce the overall data volume, the original time series are
uniformly down-sampled at 2 Hz.

A detailed illustration of the data-splitting process is provided in
Fig. 8, and a clear explanation of the data partitioning strategy for the
training, validation, and testing sets is provided as follows:

1. The training set consists of a randomly selected 70 % portion from
the first 70 % of the data in Load Cases (LCs) #1 to #11. Only this
subset is used to update the model parameters during NN training.


https://github.com/IEAWindSystems
https://github.com/IEAWindSystems
https://openfast.readthedocs.io/en/main/index.html
https://openfast.readthedocs.io/en/main/index.html
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Fig. 10. Illustration of data splitting. Training dataset: light-blue background; Testing dataset: light-red background.

This approach, as opposed to utilizing the entire dataset, is a stan-
dard practice in machine learning to mitigate overfitting and
enhance the model’s generalization capability.

2. The validation set comprises the remaining 30 % of the first 70 % of
the data from LCs #1 to #11. This set is exclusively used for evalu-
ating the loss function and tuning hyperparameters during the
training process. In engineering terms, it serves to assess the model’s
“interpolation” performance within the domain of the training con-
ditions. For consistency in subsequent sections of this paper, both the
training and validation sets—since they are derived from the same
underlying data segments (LC#1 to LC#11)—will be collectively
referred to as the “training set”.

3. The testing set represents completely unseen data during the training
phase and is used to evaluate the models’ real-world applicability. It
includes three distinct subsets:

e The last 30 % of the data from LC#1 to LC#11 (low sea state
operational conditions);

e 100 % of the data from LC#12 to LC#19 (high sea state opera-
tional conditions);

e 100 % of the data from LC#20 (extreme sea state shutdown
condition).

In the remainder of this paper, model performance will be thor-
oughly evaluated and reported separately on each of these testing
subsets.

4.1.2. Training specifications

The model optimization process employed the root mean square
error (Egrys) as the loss function, which is defined by Eq. (23). This
metric quantifies the discrepancy between the predicted mooring ten-
sion values and the corresponding ground-truth values obtained from
high-fidelity OpenFAST simulations. It is computed as the square root of
the average squared differences between the predicted and actual
values, providing a differentiable and physically interpretable measure
of prediction accuracy.

m 2
Egums = % Z (}’i *)’,-vred) (23)
i=1
All NN architectures employed the Rectified Linear Unit (ReLU)
activation function, as defined in Eq. (24), within their hidden layers.
This function introduces non-linearity while maintaining computational
efficiency due to its simple piecewise-linear form. The use of ReLU aids
in mitigating vanishing gradient issues and supports stable gradient flow
during backpropagation, thereby facilitating the training of deeper
network architectures. The output layer utilizes a linear activation
function to allow continuous, unbounded regression predictions
appropriate for modeling mooring tension values.

ReLU(x) = max(0, x) @4
4.1.3. Training results

The current work uses the open-source deep learning package
PyTorch (Paszke et al.) as the framework for model development and

training. Model optimization was performed using the Adamax algo-
rithm implemented in PyTorch, a variant of Adam optimizer (Kingma
and Ba, 2017) that utilizes the infinity norm for gradient normalization.
This optimizer exhibits superior convergence behavior for problems
involving sparse gradients and noisy data, both of which are charac-
teristic of mooring line tension dynamics. The training process incor-
porated early stopping based on validation loss with a patience of 50
epochs to prevent overfitting while ensuring sufficient convergence.

The training loss curves for all four models—moorNet-1 to moorNet-
4—are shown in Fig. 9. Each model was trained using 16 distinct
datasets characterized by different combinations of history length (H)
and lead time (L). For instance, H40L5 indicates that the model was
trained using input features (6-DoF platform motions and rotor thrust in
this study) from the past 40 s to predict the mooring tension 5 s ahead.
Conversely, H5L40 represents a more challenging task where only 5 s of
historical data are used to predict tension 40 s into the future.

As clearly demonstrated in Fig. 9, configurations with longer history
lengths and shorter lead times (e.g., H40L5) generally achieve lower
losses. In contrast, setups with short history windows and long predic-
tion horizons (e.g., H5L40) result in higher losses, confirming the
increased difficulty of learning under such conditions. This pattern holds
consistently across all four model architectures, underscoring the
importance of sufficient historical context for accurate mooring tension
prediction.

4.2. Model evaluation

4.2.1. Statement of evaluation procedure

Evaluation is conducted across three distinct testing subsets: the
latter 30 % of low sea state data (LC #1 - LC #11), full high sea-state
conditions (LC #12 - LC #19, operation), and the extreme scenario
(LC #20, shutdown). The process begins with validation on the test set
derived from low sea-state conditions (LC #1 - LC #11). Specifically, for
each LC, the latter 30 % of the data—which was withheld during
training—is used to evaluate model performance across various history
lengths and lead times. As illustrated in Fig. 10, which shows the com-
plete mooring tension history for a representative test case (LC #7), the
first 70 % of the data (blue background) was used for training, while the
remaining 30 % (red background) is reserved for validation. After
validating model performance under low sea-state conditions, the same
models are subsequently applied without any retraining or fine-tuning
to predict mooring tensions in high sea-state conditions
(LC#12-LC#19, operation), and the extreme scenario (LC#20, shut-
down). This approach allows for a comprehensive assessment of each
model’s accuracy, robustness, and generalization capability in both seen
and unseen marine environments.

This study employs four metrics to evaluate prediction accuracy of
NN models, they are: coefficient of determination (Rz-score), root mean
square error (RMSE), mean absolute error (MAE), and relative absolute
error (RAE):
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Table 2

RZ-scores of NN predictions (testing dataset) with different combinations of lead
time (Lead, L) and history length (His, H). The four values in each cell represent
moorNet-1, moorNet-2, moorNet-3, and moorNet-4, respectively.

His = 5s His = 10s His = 20s His = 40s
Lead = 0.979/0.983/ 0.987/0.986/ 0.983/0.984/ 0.986/0.967/
5s 0.985/0.988 0.986/0.989 0.984/0.984 0.980/0.979
Lead = 0.945/0.972/ 0.970/0.974/ 0.974/0.973/ 0.969/0.966/
10s 0.975/0.976 0.978/0.977 0.973/0.972 0.975/0.967
Lead = 0.849/0.908/ 0.878/0.913/ 0.893/0.922/ 0.897/0.945/
20s 0.915/0.915 0.923/0.921 0.928/0.928 0.948/0.915
Lead = 0.365/0.583/ 0.407/0.642/ 0.435/0.721/ 0.513/0.852/
40s 0.643/0.557 0.689/0.644 0.725/0.711 0.885/0.745
2
N red
RZ—1 i (yi - ) (25)
=1~ "=N . —2
2 0 =)
RMSE = (26)
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where N denotes the number of observation samples, y; represents the

true observed value, ¥; is the mean of the true observed values, and y*’ red
indicates the predicted value from the model. Note that R? yields a value
between 0 and 1, with values closer to 1 denoting a higher accuracy of
the prediction.

4.2.2. Effect of prediction parameters on different models

As previously mentioned, history length (H) and lead time (L) are
two critical hyperparameters influencing both model training and pre-
diction performance. History length refers to the duration of past input
data used by the neural network, while lead time indicates how far into
the future the model predicts. For example, H = 20s and L = 10s means
that the model uses 20s of historical data to predict mooring tension 10 s
ahead. It is anticipated that these parameters significantly affect model

Fig. 11. Visualization of R>-scores for NN predictions (testing dataset) with different combinations of lead time and history length.

10



M. Ye et al.

accuracy and generalization.

To systematically evaluate their impact, a screening study was con-
ducted using 16 different combinations of H and L. Each of the four
models — moorNet-1 to moorNet-4 — is trained using these combina-
tions and subsequently evaluated on the validation dataset, i.e., the last
30 % of the data from LC #1 to LC #11. The resulting mooring tension
predictions are illustrated in Figs. A2-A5 (in Appendix Part II) for
moorNet-1 to moorNet-4, respectively. Several key observations can be
made:

e For all models, lead time (L) has a pronounced influence on predic-
tion accuracy. As L increases, the prediction accuracy decreases
noticeably across all history lengths;

Predictions with L = 5 s and L = 10 s show comparable accuracy for
all models. However, a significant decline in performance occurs
when L increases to 20 s;

Compared to the CNN-based models (moorNet-2, moorNet-3, and
moorNet-4), the LSTM model (moorNet-1) produces predictions with
reduced high-frequency fluctuations. In contrast, the CNN-based
variants more effectively capture the overall trends and low-
frequency characteristics of the mooring-tension time series.

To further quantitatively evaluate the prediction accuracy of the four
different models under various combinations of history length (H) and
lead time (L), Table 2 presents the R? scores for each model across the
entire testing dataset (i.e., the last 30 % time range of LC #1-#11). For a
more intuitive understanding of how different (H, L) combinations in-
fluence model performance, the results from Table 2 are visualized in
Fig. 11 using a three-dimensional bar plot representation.

It is evident from Table 2 that the lead time (L) exerts a substantial
influence on the predictive accuracy of all models. Specifically, as the
lead time increases from 5 s to 40 s, the R%-scores experience a dramatic
decline across all history length settings and model architectures. For
example, with a history length of 40 s, the R%-score of moorNet-4 drops
from 0.988 at L = 5s to 0.745 at L = 40s, representing a 24.6 % reduction
in predictive accuracy. Similarly, moorNet-1 shows an even more pro-
nounced decrease of 48.0 % under the same conditions. This consistent
degradation underscores the fundamental challenge of making accurate
long-term predictions due to the accumulation of uncertainty and the
complex, dynamic nature of mooring tension under varying environ-
mental conditions.

The history length (H) also demonstrates a measurable, though more
nuanced, impact on model performance. For shorter lead times (L < 20
s), increasing the history length from 5s to 40s results in a relatively
modest reduction in accuracy—typically less than 2 % for most models
at L = 10s. However, under extended lead time conditions (L = 40s), the
effect becomes substantially more pronounced. For instance, moorNet-3
shows a 27.5 % improvement in R%-score when history length increases
from 5s to 40 s at L = 40s (from 0.643 to 0.885), demonstrating that
longer historical context can significantly enhance long-term prediction
capability for certain architectures.

When comparing model architectures, the attention-enhanced CNN
models (moorNet-3 and moorNet-4) consistently outperform the base-
line models across most parameter combinations. At L = 40s with H =
40s, moorNet-3 achieves a 72.6 % higher R%score than moorNet-1
(0.885 vs 0.513), highlighting the substantial benefit of incorporating
attention mechanisms. Additionally, moorNet-4 shows a 15.2 %
improvement over moorNet-2 under the same conditions, confirming
the value of the dual attention approach (i.e. CBAM).

Balancing prediction accuracy and computational efficiency remains
critical for practical deployment. While longer history lengths generally

11
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Table 3
R2-scores of different LCs obtained by different NN models on training set/
testing set.

Name moorNet-1 moorNet-2 moorNet-3 moorNet-4
Architecture  LSTM CNN SA-CNN CBAM-CNN
ILC1 0.9849/ 0.9878/ 0.9793/ 0.9821/
0.9777 0.9811 0.9721 0.9811
LC2 0.9648/ 0.9749/ 0.9709/ 0.9775/
0.9434 0.9778 0.9801 0.9809
LC3 0.9742/ 0.9725/ 0.9734/ 0.9718/
0.9623 0.9800 0.9699 0.9778
LC 4 0.9497/ 0.9877/ 0.9726/ 0.9809/
0.9433 0.9878 0.9900 0.9921
LC5 0.9511/ 0.9734/ 0.9856/ 0.9776/
0.9507 0.9623 0.9866 0.9779
LC6 0.9633/ 0.9632/ 0.9885/ 0.9934/
0.9331 0.9611 0.9878 0.9901
LC7 0.9789/ 0.9793/ 0.9751/ 0.9812/
0.9608 0.9777 0.9778 0.9899
LCS8 0.9536/ 0.9684/ 0.9838/ 0.9830/
0.9511 0.9655 0.9800 0.9890
LC9 0.9591/ 0.9736/ 0.9794/ 0.9875/
0.9100 0.9706 0.9801 0.9866
LC10 0.9583/ 0.9671/ 0.9731/ 0.9831/
0.9319 0.9555 0.9777 0.9844
LC11 0.9428/ 0.9766/ 0.9833/ 0.9882/
0.9012 0.9399 0.9678 0.9953
Table 4

RMSE (kN)/MAE (kN)/RAE (%) of different LCs obtained by different NN models
on testing set.

Name moorNet-1 moorNet-2 moorNet-3 moorNet-4

Architecture  LSTM CNN SA-CNN CBAM-CNN

ILC1 43.98/38.62/  41.27/37.04/  39.01/34.96/  36.52/22.12/
1.38 1.32 1.00 0.79

LC2 48.98/39.37/  51.76/42.21/  46.74/37.31/  44.25/35.17/
1.17 1.25 1.10 1.04

LC3 57.99/46.55/  60.82/49.21/  55.12/43.78/  53.53/42.32/
1.19 1.26 1.12 1.08

LC4 85.34/68.33/  75.53/60.25/  70.22/55.24/  58.66/53.69/
1.60 1.40 1.28 1.25

LC5 76.45/61.48/  64.60/51.31/  62.79/49.64/  58.62/46.06/
1.65 1.37 1.33 1.23

LC6 82.16/66.21/  70.94/56.44/  67.06/53.39/  61.59/48.37/
1.85 1.57 1.49 1.35

LC7 77.83/62.39/  61.43/48.64/  61.82/48.91/  58.39/45.95/
1.85 1.44 1.45 1.36

LC8 83.86/67.22/  68.41/54.59/  68.54/54.54/  64.63/50.99/
2.00 1.62 1.62 1.51

LC9 80.45/64.22/  64.43/50.99/  65.49/51.54/  62.01/48.53/
1.96 1.55 1.57 1.38

LC10 89.02/70.80/  74.99/59.31/  77.01/60.57/  65.51/57.47/
2.15 1.79 1.78 1.54

LC11 94.22/74.88/  85.84/67.66/  78.38/69.08/  67.95/64.73/
2.26 2.04 1.63 1.55

improve accuracy, they require approximately 35-40 % more memory
and training time. Based on comprehensive analysis of these trade-offs,
the configuration of H = 20s and L = 10s emerges as optimal, providing
excellent predictive performance (R? > 0.97 for most models) while
maintaining reasonable computational demands. This configuration is
therefore selected for all subsequent analyses and discussions in this
study.

4.2.3. Model performance under low sea-states
After completing the screening of the two critical prediction
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Fig. 12. R%scores of different LCs obtained by different NN models on training set. Blue solid line with circle marker: R>-score on training set; Red solid line with
square marker: R%-score on testing set; Blue dashed line: average R?-score of training set; Red dashed line: average R?-score of training set.

parameters — history length and lead time — the trained models were
applied to predict mooring tensions in the FOWT. First, the prediction
accuracy of the trained models is illustrated on both the training dataset
(the first 70 % time range of each load case from LC #1 to LC #11) and
the testing dataset (the remaining 30 % time range of the same load
cases). The prediction performance for two representative load cases, LC
#3 and LC #7, is shown in Fig. A-6 and Fig. A-7 (in Appendix Part III).
respectively. The blue background indicates the training dataset, which
was directly used during neural network training, while the red back-
ground represents the testing dataset, consisting of previously unseen
data from the same operational conditions that the model did not
encounter during training.

As shown in Figs. A-6 and A-7 (in Appendix Part III), all four neural
network models trained on the first 70 % of the data from LC #1 to LC
#11 demonstrate high prediction accuracy for both the training and
testing datasets within the same load cases. This indicates that the
trained models perform well under low sea-state conditions (LC
#1-#11), effectively capturing the underlying dynamics of the mooring
system.

Furthermore, Tables 3 and 4 provides a detailed quantitative eval-
uation of the prediction accuracy for each model across LC #1 to LC
#11. Each cell in Table 3 contains two R? values: the first represents the
model’s performance on the training dataset, and the second corre-
sponds to its performance on the testing dataset. Further, each cell in
Table 4 contains 3 error metrics for the testing sets, i.e. the root mean
square error (RMSE), the mean absolute error (MAE), and the relative
absolute error (RAE), as defined in subsection 4.2.1. To facilitate a clear
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comparison among the four mooring tension prediction models, the data
from Table 3 and Table 4 are visualized in Fig. 12 and Fig. 13. This
provides an intuitive overview of their generalization capabilities and
consistency across different operational conditions.

As clearly illustrated in Fig. 12, the following observations can be
made regarding the performance of the four neural network models:

1. For moorNet-1 (LSTM), a noticeable performance gap exists between
the training and testing sets, with an average difference in R? of
approximately 0.04. Moreover, as the LC number increases (corre-
sponding to an increase in significant wave height, Hs), the predic-
tion accuracy shows a clear declining trend. For example, the R? on
the testing set decreases from 0.9777 in LC #1 to 0.9012 in LC #11,
representing a 7.8 % reduction in predictive performance.

2. moorNet-2 (CNN) demonstrates a substantial improvement over
moorNet-1, with an average increase in R? of 3.6 % on the testing set
across all LCs. This underscores the strong suitability of CNN archi-
tectures for modeling mooring tension dynamics. However, similar
to moorNet-1, its accuracy still tends to decrease under more severe
sea conditions, particularly visible in LC #10 and LC #11 where R?
drops to 0.9555 and 0.9399, respectively.

3. moorNet-3 (SA-CNN) and moorNet-4 (CBAM-CNN) exhibit similar
high performance, with both models achieving a noticeable
improvement over moorNet-2—averaging 2.1 % and 2.8 % higher R?
on the testing set, respectively. More importantly, their prediction
accuracy remains consistently high across all load cases, showing no
clear degradation with increasing LC number. For instance,
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Fig. 13. RMES and RAE of different LCs obtained by different NN models on training set. Blue solid line with circle marker: RMSE on testing set; Red solid line with

square marker: RAE on testing set.

moorNet-4 maintains testing R? values above 0.98 in LC #4, LC #6,
LC #7, and LC #11, demonstrating that the incorporation of atten-
tion mechanisms significantly enhances model robustness and
generalization under varying sea conditions.

4. moorNet-4 shows a slight but consistent advantage over moorNet-3,
with an average improvement of 0.7 % in testing R? across all LGs.
This suggests that the channel attention (CA) mechanism in the
CBAM module (which is absent in the SA-only design of moorNet-3)
provides additional benefit in selectively emphasizing informative
features across different input channels, thereby further refining the
predictive capability of the model.

4.2.4. Model performance under high sea-states (operation)

As previously emphasized, a key objective of this study is to develop
models trained under low sea-state conditions that can be directly
applied to predict mooring tensions in higher sea-states and extreme
scenarios without retraining. In this section, the models trained on low
sea-state data (LC #1-LC #11) are directly applied to predict mooring
tensions under high sea-state conditions (LC #12-LC #19, wind turbine
is rotating, i.e. under operation), and their performance is rigorously
evaluated.

Fig. 14 illustrates the mooring tension predictions of all four models
under a representative high sea-state condition, with the ground-truth
data shown as a solid black line. For clarity of visualization, the re-
sults are displayed for a selected time segment between 7000 and 9000 s.
It can be observed that all four neural network models successfully
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capture the overall trend and major fluctuations of the mooring tension,
demonstrating their generalizability to more challenging environmental
conditions beyond the training domain.

As shown in Fig. 15, a further quantitative analysis of the predicted
mooring tension time series reveals that all four models achieve rela-
tively high data-fitting accuracy under high sea-state conditions (LC
#12-LC #19). The slope of the fitted line for moorNet-1 is 0.885, while
moorNet-2 (CNN-based) achieves a slope of 0.912. The introduction of
spatial attention (SA) in moorNet-3 results in a slope of 0.922, and
moorNet-4—enhanced with both spatial and channel attention—yields
the highest slope of 0.953. These results demonstrate that using a CNN-
based architecture as the prediction backbone, combined with attention
mechanisms, substantially enhances the quality of data fitting under
extreme marine conditions.

The prediction accuracy of the four models under high sea-state
operational conditions (LC 12-19) is summarized in Table 5. It can be
observed that all models achieve R?scores above 0.81, indicating strong
generalization capability when applied to unseen, more challenging
conditions. Specifically, moorNet-1 (LSTM) attains an R? of 0.8102,
while the CNN-based moorNet-2 improves this value to 0.841—a rela-
tive improvement of approximately 3.8 %. The incorporation of spatial
attention in moorNet-3 further increases the R? to 0.878, representing a
4.4 % improvement over moorNet-2. Finally, moorNet-4, enhanced with
both spatial and channel attention, achieves the highest accuracy with
an R?of 0.889, corresponding to a 9.7 % overall improvement compared
to moorNet-1. These results demonstrate that models trained exclusively
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Fig. 14. Comparison of NN predictions for LC #17 (His = 20s, Lead = 10s).

14



Ocean Engineering 346 (2026) 123939

Fig. 15. Evaluation of prediction accuracy of different NN models under high sea-states (LC #12 - #19).

M. Ye et al.

Table 5

Evaluation metrics of different NN models for high sea-states (LC #12 - #19).

Unit moorNet-1 moorNet-2 moorNet-3 moorNet-4

R? - 0.8102 0.841 0.878 0.889
RMSE kN 171.84 156.06 132.64 126.53
MAE kN 133.05 123.01 99.26 95.72
RAE % 3.96 3.66 2.75 1.99

on low sea-state data (LC 1-11) generalize effectively to high sea-state
conditions (LC 12-19), with attention mechanisms playing a signifi-
cant role in enhancing predictive performance and robustness.

4.2.5. Model performance under extreme conditions (shutdown)

Finally, to further evaluate the generalization capability of the
trained models, we directly applied those trained exclusively on low sea-
state operational data (LC #1-#11) to predict mooring tensions under
an extreme sea-state condition (LC #20, wind turbine is shut down). The
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prediction results of all four models for this extreme scenario are pre-
sented in Fig. 16, with the ground-truth data shown as a solid black line.
For clarity of visualization, the time segment between 1500 and 2500 s
is displayed. Similar to the model performances under high sea-state
conditions (as seen in Fig. 14), all four neural network models success-
fully capture the overall trend and dynamic variations of the mooring
tension, demonstrating their robustness and adaptability even in highly
non-linear and extreme marine environments.

However, further analysis of the neural network predictions reveals a
significant decline in data-fitting accuracy under extreme conditions, as
illustrated in Fig. 17. The slope of the fitted line for moorNet-1 drops to
0.465, while moorNet-2 achieves a slope of 0.598. moorNet-3, enhanced
with spatial attention, attains a slope of 0.626, and moorNet-
4—incorporating both spatial and channel attention—demonstrates a
notably higher slope of 0.791.

The prediction accuracy of the four models under the extreme sea-
state condition (LC #20, wind turbine is shut down) is summarized in
Table 6. It can be observed that the R%-scores decrease significantly
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Fig. 16. Comparison of NN predictions for LC #20 (His = 20s, Lead = 10s).
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Fig. 17. Evaluation of prediction accuracy of different NN models under extreme condition (LC #20).

M. Ye et al.

Table 6

Evaluation metrics of different NN models for extreme condition (LC# 20).

Unit moorNet-1 moorNet-2 moorNet-3 moorNet-4

R? - 0.523 0.672 0.712 0.791
RMSE kN 407.68 284.71 207.65 192.89
MAE kN 363.41 244.76 164.31 152.10
RAE % 7.97 7.09 4.99 4.30

compared to those in high sea-state conditions (LC #12-#19, wind
turbine is under operation), indicating limited generalization perfor-
mance when models trained on low sea-state data (LC #1-#11) are
applied to extreme scenarios in which the wind turbine is shut down.
Specifically, moorNet-1 achieves an R? of only 0.523, while moorNet-2
improves this to 0.672—a relative increase of 28.5 %. moorNet-3, with
spatial attention, reaches 0.712 (a 6.0 % improvement over moorNet-2),
and moorNet-4, incorporating both spatial and channel attention, at-
tains the highest R? of 0.791, representing an 11.1 % improvement over
moorNet-3 and a 51.2 % overall improvement compared to moorNet-1.

Fig. 18. Normalized input feature map.
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Fig. 19. Heat maps illustrating the latency of the input features. Higher latency values correspond to darker colors. Note that all scores for the different channels and

models are normalized to the range [0, 1] for comparison.

The primary reason for this performance degradation is the sub-
stantial physical differences between the training conditions (LC
#1-#11) and the extreme prediction scenario (LC #20). First, the
operational state of the turbine differs fundamentally: during normal
operation, the aerodynamic force is dominated by pressure differential
forces generated by the rotating blades, whereas in the shutdown con-
dition, the blades are parked at a feathered pitch angle to minimize
exposure, shifting the dominant force mechanism to viscous drag. Sec-
ond, extreme environmental loads—particularly current-induced
forces—become dominant under such conditions, causing large plat-
form displacements (e.g., significant surge motion). This alters the
mooring line configuration and tension characteristics considerably. For
example, in extreme conditions, mooring lines are often fully tensioned,
whereas under normal operation they exhibit more dynamic slack-taut
behavior. These physical disparities increase the difficulty of general-
izing from low sea-state data to extreme scenarios, highlighting the need
for further model adaptation or targeted data inclusion for such cases.

4.3. An input-space latency analysis

In this section, we conduct an input-space latency analysis to

18

Fig. 20. Definition of wind-wave misalignment.
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Fig. 21. Comparison of NN predictions for LC #3 under different wind-wave misalignment angles. Black lines are ground truth.

Table 7
Evaluation Metrics (R? [-]/RMSE [kN]/RAE [%]) of different NN models under
different misalignment angles (MA) for LC #3.

MA  moorNet-1 moorNet-2 moorNet-3 moorNet-4

0 0.974/46.55/ 0.973/49.21/ 0.973/43.78/ 0.972/42.32/
1.19 1.26 1.12 1.08

15 0.946/51.33/ 0.941/56.05/ 0.951/52.64/ 0.960/46.53/
2.89 2.01 1.75 1.28

30 0.911/61.90/ 0.901/69.50/ 0.940/52.70/ 0.950/47.02/
3.91 4.32 1.76 1.27

45 0.872/76.90/ 0.841/79.50/ 0.930/55.70/ 0.949/47.62/
5.12 5.32 1.90 1.31

60 0.857/83.13/ 0.821/86.77/ 0.932/54.00/ 0.940/48.82/
5.70 6.11 1.85 1.35

investigate the importance of different input features by computing the
gradient of the models’ output with respect to the input data. The input
consists of a two-dimensional map formed by stacking time series of
seven variables: surge, sway, heave, roll, pitch, yaw, and thrust. Higher
gradient values indicate that specific positions in the input data
contribute more significantly to the models’ predictions, which can be
interpreted as the models learning distinctive characteristics, or “pat-
terns” in the context of machine learning, from the input feature map.
For this analysis, we select an arbitrary input sample from Load Case 15
(LC#15). As shown in Fig. 18, a representative input sequence is illus-
trated, where the seven variables are stacked into an input feature map.
Each variable is normalized, with rows representing variables and col-
umns representing time points. Given a sampling rate of 0.5 Hz, the
input feature map in Fig. 18 covers 20 s of data.

Prior to delving into the latency analysis, it is essential to clarify the
inherent characteristics of our end-to-end models. A key advantage lies
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in their data-driven nature, which eliminates the need for incorporating
prior physical knowledge or preprocessing steps, as highlighted in the
introduction and methodology sections. However, neural networks are
often regarded as “black boxes” due to the limited interpretability of the
features they learn from input maps. This represents a fundamental
challenge not only for pure data-driven models but for machine learning
methods in general, spurring ongoing research into improving model
explainability. Consequently, the heat maps generated in this analysis
should not be simplistically compared to human-derived physical in-
tuitions or interpreted as evidence that the network has “learned phys-
ical laws”; instead, they reflect some “patterns” recognized by the
models in the training.

However, by comparing the heat maps generated from different
neural network architectures, readers can gain insights into the
distinctive features learned by each model. Based on this perspective, we
examine Fig. 19, which reveals several key observations:

e The LSTM network (moorNet-1) exhibits important weights
concentrated in the recent history, specifically around time points
25-40, indicating that it primarily relies on short-term temporal
information for predicting mooring tension. This behavior is ex-
pected, as LSTMs process sequences sequentially and tend to forget
earlier information.

e The CNN network (moorNet-2) displays gradient values distributed
across the entire input map, suggesting a superior ability to capture
long-term dependencies compared to the LSTM. Moreover, the con-
volutional operations likely enable it to model correlations between
different variables.

e The SA-CNN network (moorNet-3) produces a heat map similar to
moorNet-2 in terms of long-term gradient presence but with sparser
distributions, highlighting how spatial attention mechanisms
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Fig. 22. Comparison of NN predictions for LC #15 under different wind-wave misalignment angles. Black lines are ground truth.

Table 8
Evaluation Metrics (R® [-]/RMSE [kN1/RAE [%)]) of different NN models under
different misalignment angles (MA) for LC# 15.

MA moorNet-1 moorNet-2 moorNet-3 moorNet-4

0 0.832/166.73/ 0.851/152.60/ 0.889/120.01/ 0.909/115.05/
3.89 3.60 2.32 1.92

15 0.801/173.23/ 0.811/169.90/ 0.840/142.23/ 0.879/132.39/
4.01 3.99 3.11 2.31

30 0.751/190.78/ 0.738/201.23/ 0.812/168.73/ 0.830/160.12/
5.55 7.24 4.00 3.67

45 0.743/200.03/ 0.692/215.92/ 0.801/171.98/ 0.821/167.30/
6.01 8.03 4.07 3.98

60 0.691/213.02/ 0.602/249.88/ 0.780/181.33/ 0.801/174.39/
8.01 8.23 4.11 4.02

emphasize critical positions while suppressing others. Interestingly,
moorNet-3 assigns higher importance to some long-distance history
points (e.g., time points 1-10), which may seem counterintuitive;
however, this is purely a data-driven pattern and should not be
conflated with physical intuition.

e The CBAM-CNN network (moorNet-4) yields a heat map akin to
moorNet-3, demonstrating enhanced long-term sequence capture
and sparser patterns due to attention mechanisms. Compared to
moorNet-3, moorNet-4 appears to prioritize more recent time in-
formation, but it is crucial to reiterate that directly correlating these
patterns with physical reasoning is not rigorous.

The discussion of input-space latency heat maps is confined to a pure
data-driven framework, consistent with this study’s objective of devel-
oping end-to-end models that autonomously extract features for
mooring tension prediction without prior knowledge. While this

20

approach has demonstrated efficacy in generalization across sea states,
as shown in Sections 4.2.3-4.2.5, the analysis reveals opportunities for
enhancement. Future work could explore techniques such as feature-
mixing to better model cross-variable relationships or integrate
explainable Al methods to bridge the gap between data-driven patterns
and physical interpretability, thereby advancing the practicality of these
models in real-world FOWT monitoring scenarios.

4.4. Model generalization assessment for wind-wave misalignment
conditions: a numerical experiment

This section presents a pure numerical experiment to evaluate the
generalization capability of the trained neural network models to wind-
wave misalignment conditions, which were not included in the training
dataset. It is important to note that the models were trained exclusively
on data with aligned wind and wave directions, yet their inputs consist
solely of the platform’s six-degree-of-freedom (6-DoF) motions and rotor
thrust—meaning the models should be unaware of environmental con-
figurations and rely solely on the dynamic state of the sensors on the
FOWT for mooring tension prediction. Consequently, although the
training data did not encompass misalignment scenarios, the authors
believe that the models should inherently capture generalized physical
dynamics, enabling some level of generalizability to unseen wind-wave
misalignment conditions. This experiment serves as a pragmatic test to
probe the performance boundaries of the models by directly applying
them to wind-wave misalignment scenarios without retraining. As
illustrated in Fig. 20, the misalignment angle is defined by varying the
wind direction while keeping the wave direction fixed, reflecting a
constrained but practical scenario.

In this experiment, we select one representative load case from both
low sea-state (LC#3) and high sea-state (LC#15) conditions to analyze
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the impact of varying misalignment angles (MA). The four pre-trained
neural networks are applied directly to datasets with different MAs.
The prediction results for LC#3 under different misalignment angles are
shown in Fig. 21, and the corresponding evaluation metrics are sum-
marized in Table 7. Despite the absence of misalignment data in
training, the models generally maintain satisfactory performance,
though with notable variations. For instance, as the MA increases, the
CNN-based model (moorNet-2) exhibits a significant decline in accu-
racy, even underperforming the LSTM model (moorNet-1) at larger
MAs—a phenomenon potentially linked to its dense gradient patterns
observed in Section 4.3, which may lead to over-sensitivity to unseen
input variations. In contrast, the attention-enhanced models (moorNet-3
and moorNet-4) demonstrate robust performance across all MAs, high-
lighting the benefits of attention mechanisms in stabilizing feature
extraction under unseen wind-wave misalignment scenarios.

Similarly, the results for LC#15 under different misalignment angles
are presented in Fig. 22, with metrics detailed in Table 8. The trends
align closely with those observed in LC#3: while all models show
reasonable generalization, moorNet-2’s performance degrades mark-
edly at higher MAs, whereas the attention-based models maintain high
accuracy. This consistency across sea states underscores that the models’
reliance on 6-DoF motions and thrust—rather than explicit environ-
mental parameters—allows them to partially generalize to misaligned
conditions. However, the performance gap between plain CNNs and
attention-augmented architectures emphasizes the role of adaptive
feature weighting in handling input domain shifts. This suggests that
while end-to-end models are able to be extrapolated to unseen scenarios,
their robustness is architecture-dependent.

The maintained performance under wind-wave misalignment con-
ditions can be attributed to several factors. First, the input featur-
es—such as 6-DoF platform motions and rotor thrust—inherently
capture the dynamic response of the FOWT regardless of specific envi-
ronmental configurations, providing a degree of intrinsic invariance to
misalignment. Second, the experimental setup, which fixes the wave
direction while varying wind direction, ensures consistent hydrody-
namic conditions across cases, thereby simplifying the generalization
task. Third, maintaining a perpendicular wind-to-rotor orientation
avoids introducing additional aerodynamic complexities from yaw
motion. It should be noted, however, that the present study represents a
limited numerical experiment. A fully comprehensive evaluation would
require training data that spans the entire high-dimensional parameter
space of wind-wave directions. Under real offshore conditions, opera-
tional datasets naturally incorporate diverse misalignment scenarios,
ensuring better data coverage. While the current paper focuses primarily
on the neural network architecture and the forecasting framework (i.e.,
training on low sea-state data and applying it to high sea-state condi-
tions), a complete analysis of data completeness and the influence of
data distribution on model performance falls beyond the present scope.
These important questions deserve separate, in-depth investigation in
future work.

5. Conclusions
This study presents a comprehensive investigation into real-time

mooring tension prediction for floating offshore wind turbines
(FOWTs) using end-to-end convolutional neural network models with
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attention mechanisms. Through fully coupled aero-hydro-mooring
simulations of the IEA-15MW reference turbine under various environ-
mental conditions, we developed and systematically evaluated four
neural network architectures: LSTM (moorNet-1), standard CNN
(moorNet-2), spatial attention-enhanced CNN (moorNet-3), and CBAM-
CNN (moorNet-4). The research demonstrates that CNN-based models
significantly outperform traditional LSTM approaches in both prediction
accuracy and computational efficiency. The attention mechanisms,
particularly the convolutional block attention module (CBAM), prove
essential for enhancing model robustness and generalization capability.
Our validation strategy—training models exclusively on low sea-state
data and testing on high sea-state operational conditions and extreme
shutdown scenarios—reveals that the proposed architectures can
effectively extrapolate to more severe environmental conditions without
requiring retraining. Key engineering insights from this study include:

e CNN-based models reduce prediction error by approximately 28.5 %
compared to LSTM in high sea states;

e Attention mechanisms improve model robustness under wind-wave
misalignment conditions by adaptively weighting important
features;

e Models maintain real-time inference capabilities (<0.015ms per
sample) suitable for onboard monitoring systems.

However, the study also identifies practical limitations: performance
degradation in extreme shutdown conditions highlights the challenges
in extrapolating beyond the training distribution, particularly when
fundamental physical behaviors change between operational and sur-
vival states. For future condition monitoring systems, these findings
support the integration of attention-based CNN architectures using
readily available platform motion and thrust data. Future work should
explore hybrid approaches that integrate physical constraints or domain
adaptation techniques to improve generalization to rare events, as well
as investigate temporal attention mechanisms to better capture long-
term dependencies in severe environmental conditions.
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Part I: OpenFAST simulation results

Fig. ure A-1. Numerical results of OpenFAST simulations.
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Part II: Effect of prediction parameters on different models

Fig. ure A-2. Predictions of moorNet-1 trained by different combinations of history length (his) and lead time (lead). Black lines are ground truth.
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Fig. ure A-3. Predictions of moorNet-2 trained by different combinations of history length (his) and lead time (lead). Black lines are ground truth.
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Fig. ure A-4. Predictions of moorNet-3 trained by different combinations of history length (his) and lead time (lead). Black lines are ground truth.
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Fig. ure A-5. Predictions of moorNet-4 trained by different combinations of history length (his) and lead time (lead). Black lines are ground truth.

The hardware platform used in this study was an NVIDIA GeForce RTX 4060 GPU (8 GB). The average GPU power consumption during inference
was approximately 20 W. The inference time was calculated by measuring the total time required to process the entire dataset from 20 load cases (LCs)
and then dividing it by the total number of samples to obtain a per-sample average. It is important to note that GPU inference speed is sensitive to
environmental factors such as temperature and operating voltage. Therefore, the performance data presented in the following table should be
considered as a reference under specific test conditions.
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Table A-1
Inference time (millisecond, ms) for a single sample prediction of NN models with different history lengths.

History Length moorNet-1 moorNet-2 moorNet-3 moorNet-4
5 0.007 0.001 0.001 0.001
10 0.011 0.001 0.002 0.002
20 0.027 0.004 0.005 0.004
40 0.051 0.010 0.012 0.015

For future potential deployment of these models on the limited hardware typical of vessel-based monitoring systems, techniques such as post-
training quantization and pruning could be explored. Quantization, which reduces the numerical precision of model weights (e.g., from 32-bit
floating-point to 8-bit integers), could drastically decrease the model’s memory footprint and accelerate inference on specialized edge hardware,
with potentially minimal impact on the prediction accuracy of the already robust CNN models. Furthermore, structured pruning could be applied to
eliminate redundant filters or channels within the convolutional layers of moorNet-2, moorNet-3, and moorNet-4, thereby creating a sparser, more
computationally efficient model. The inclusion of attention mechanisms (SA in moorNet-3, CBAM in moorNet-4) intelligently identifies the most
salient features; this learned importance could even guide pruning strategies to preserve high-performance channels and spatial regions, optimizing
the trade-off between model size, computational cost, and the high prediction accuracy demonstrated under high-sea-state and extreme conditions.

Part III: Model predictions under low sea-states

Fig. ure A-6. Comparison of NN predictions for LC #3 (His = 20s, Lead = 10s).
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Fig. ure A-7. Comparison of NN predictions for LC #7 (His = 20s, Lead = 10s).

Data availability

The data that support the findings of this study are available from the
corresponding author upon reasonable request.
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