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Abstract: Floating Offshore Wind Turbines (FOWTs) represent a promising avenue for harnessing
wind energy in deep-water regions through the use of mooring systems. However, mooring lines
account for over 20% of the total construction cost and require careful optimization to ensure both
structural stability and economic feasibility. One effective strategy for enhancing mooring performance
is the strategic placement of clump weights along the lines. While beneficial, these clump weights are
vulnerable to damage or detachment under harsh marine conditions, potentially compromising the
structural integrity and reducing the service life of FOWTs. To address this challenge, we propose
a deep learning-based method for real-time detection of clump weight loss using a Long Short-Term
Memory (LSTM) network. The training data for the LSTM model are generated using high-fidelity
simulations conducted in the open-source software OpenFAST, based on the 5 MW OC3-Hywind
spar-buoy FOWT model equipped with clump-weighted mooring lines. The proposed LSTM classifier
achieved 86% accuracy on a held-out test split and 73% on a completely unseen dataset, demonstrating
both effectiveness in detecting clump weight loss and generalization capability for real-time condition
monitoring in FOWT mooring systems.
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I. INTRODUCTION

Floating Offshore Wind Turbines (FOWTs) have
emerged as a promising technology for harnessing wind
energy in deep-water regions, enabled by mooring
systems where the installation of conventional fixed-
bottom turbines is technically and economically un-
feasible. The ability of FOWTs to access stronger
and more consistent wind resources makes them a
key enabler in the transition to low-carbon, sustain-
able energy systems. Despite their promise, the
widespread adoption of FOWTs remains constrained
by high capital and operational costs. Achieving cost-
competitiveness with traditional energy sources neces-
sitates innovative design and engineering solutions that
can improve performance while reducing expenses,
with particular attention to the mooring system, which
alone contributes over 20% of the total construction
cost [1].

Mooring lines are essential for maintaining the station-
keeping ability of floating platforms by resisting en-
vironmental forces such as wind, waves, and ocean
currents. These forces can induce significant dynamic
loads, leading to excessive tension in the mooring lines
[2]. Industrial surveys highlight the mooring system

as a critical and failure-prone component of FOWTs
[3, 4]. Typically constructed partially or entirely from
steel, mooring lines are susceptible to degradation from
corrosion and fatigue over time. This degradation can
reduce line weight and pretension, increasing the likeli-
hood of excessive tension failures or premature fatigue
damage. In severe conditions, such failures may place
the structural integrity of the entire FOWT system in
danger [5]. Clump weights—discrete masses strategi-
cally attached along the mooring lines—have been in-
creasingly implemented in FOWT designs to enhance
mooring system reliability and performance [6, 7, 8, 9].
These studies have demonstrated their effectiveness in
mitigating platform motion, particularly in surge. Pan
et al. reported up to 14% material savings in the
mooring system using 40-ton clump weights [9]. Un-
der extreme weather conditions, Li et al. showed that
100-ton weights outperformed heavy chains in reduc-
ing surge and stabilizing line tensions [7]. Ding et al.
investigated weights from 5 to 65 tons placed at fixed
locations and observed consistent improvements in mo-
tion mitigation with increasing mass [8]. Chen et al.
addressed fatigue concerns, recommending a maximum
of 60 tons to balance dynamic performance and fatigue
life [10]. These variations reflect the influence of fac-
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tors such as water depth, platform type, and mooring
configuration. Overall, these weights improve the geo-
metric stiffness of the mooring system, increase preten-
sion, and effectively mitigate platform motions without
requiring longer or more robust mooring lines.

In this study, we employ the widely used 5 MW OC3-
Hywind FOWT model to explore a clump weight de-
sign space. Specifically, we analyze weights ranging
from 0 to 60 tons (in 10-ton increments) positioned at
50-100 m intervals over the unstretched length of the
mooring line.

However, clump weights are susceptible to uncertain
movements due to harsh sea conditions. This contin-
uous movement of clump weights and their connectors
can lead to fatigue-related degradation and increase
the risk of detachment over time [11, 12]. Detach-
ment caused by fatigue, corrosion, or extreme environ-
mental conditions can result in increased platform mo-
tion, elevated mooring line tension, and, potentially,
system failure. As highlighted by Zhang and Wang,
the sudden loss of a clump weight significantly alters
the dynamic behavior and mechanical characteristics
of the mooring system, compromising overall stability
and potentially triggering structural failure [13]. This
challenge is further intensified by the logistical difficul-
ties of offshore inspections, where such failures may re-
main undetected until their consequences become crit-
ical [5, 14].

Significant progress has been made in the detection of
mooring failures in FOWTs. However, most existing
studies have largely overlooked the role and potential
failure of clump weights in mooring systems [15, 16,
17]. Despite the increasing deployment of FOWTs and
their inherently complex dynamic behavior, there has
been no dedicated investigation into damage detection
specifically related to clump weights. This presents a
clear gap in the literature and underscores the need for
a targeted algorithm capable of addressing this critical
aspect of mooring integrity.

Conventional damage detection techniques in FOWTs
typically rely on structural health monitoring (SHM)
approaches, including acoustic emission, visual in-
spection, and, more recently, machine learning (ML)-
based methods [18, 19, 20]. Among these, deep
learning (DL) techniques—particularly artificial neu-
ral networks (ANNs) and long short-term memory
(LSTM) networks —have shown promising potential
for real-time diagnostics by effectively capturing the
complex temporal dynamics characteristic of FOWTs
[17, 21, 22].

DL models have shown strong potential not only for
damage detection but also for damage classification,
including architectures such as LSTMs, GRUs (Gated
Recurrent Units), and Transformers [23, 24]. Hybrid
architectures, such as self-attention-enhanced LSTMs,
have demonstrated substantial improvements in classi-

fication accuracy [25]. These DL frameworks have been
successfully applied to damage detection tasks in off-
shore wind turbines; for example, GRU-based models
have achieved high accuracy in detecting blade damage
[26].

However, these high-accuracy models typically rely on
direct sensor measurements, which can be costly or
impractical for underwater components such as clump
weights. Consequently, many studies advocate for indi-
rect sensing approaches, and in such contexts, LSTMs
have proven effective in interpreting indirect responses
for classification tasks [27, 28]. Building on this insight,
we propose a novel LSTM-based data-driven frame-
work to detect clump weight loss in FOWT mooring
systems. The framework leverages an LSTM-based
diagnostic model trained to recognize various failure
scenarios by analyzing platform motion responses that
are sensitive to clump weight loss. The trained model
classifies whether the clump weight is intact or miss-
ing, offering a scalable, real-time alternative to conven-
tional inspection methods and enhancing the opera-
tional reliability of floating wind systems. To meet the
data demands of the deep learning model, simulation
datasets are generated using the open-source software
OpenFAST. The overall input–output relationship of
the proposed framework is illustrated in Fig. 1.

Fig. 1. Schematic illustration of the LSTM model’s
input–output relationship.

The rest of the paper is structured as follows: Sec-
tion II. introduces the OC3 FOWT model along with
the integration of clump weights into the mooring sys-
tem design. Section III. details the LSTM-based di-
agnostic framework developed for clump weight loss
detection. Section IV. details the clump weight loss
detection study, including input feature selection, sim-
ulation setup, and LSTM training. Section V discusses
the key findings and limitations of the proposed ap-
proach. Finally, Section VI concludes the study with
a summary of contributions and directions for future
work.

II. FOWT SIMULATION MODEL

This study employs the OC3-Hywind spar-buoy
FOWT model developed by the National Renewable
Energy Laboratory [29]. The spar buoy configuration
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is one of the most widely adopted designs for FOWTs
due to its excellent stability characteristics and suit-
ability for deep-water installations [6].

Details of the OC3-Hywind model are provided in Ta-
ble I, and a schematic front view is illustrated in Fig. 2.
The platform is anchored using three catenary moor-
ing lines arranged at 120◦ intervals, as depicted in the
top-view schematic in Fig. 3.The anchor and fairlead
coordinates of the three mooring lines are listed in Ta-
ble II. These coordinates define the baseline geometry
of the OC3-Hywind spar mooring system and were di-
rectly used in all subsequent OpenFAST simulations.

Table I. OC3-Hywind Spar Floating Wind Turbine
properties (WL: water level)

Wind turbine

Rated wind speed 11.4 m/s
Rotor diameter, Hub height 126 m, 90 m
Blade length, Tower height 61.5 m, 77.6 m
Tower top, Tower bottom (above WL) 87.6 m, 10 m
Platform base (below WL) 120 m

Mooring system

Water depth 320 m
Catenary Mooring lines 3
Mooring Diameter 0.09 m
Mass density 77.71 kg/m
Axial stiffness 384.243 MN
Unstretched length 902.2 m
Fairleads depth (below WL) 70 m

Fig. 2. Front view schematic of OC3-Hywind Spar
platform.

Table II. OC3-Hywind Spar Mooring Line Connec-
tion Coordinates

Mooring Line Connection X (m) Y (m) Z (m)

1 Anchor 853.87 0.00 -320.00
Fairlead 5.20 0.00 -70.00

2 Anchor -426.94 739.47 -320.00
Fairlead -2.60 4.50 -70.00

3 Anchor -426.94 -739.47 -320.00
Fairlead -2.60 -4.50 -70.00

Fig. 3. Top view of OC3-Hywind Spar platform with
wind and wave direction.

The model is simulated using the open-source software
OpenFAST, developed by the National Renewable En-
ergy Laboratory (NREL) [30]. OpenFAST integrates
various physics-based modules to simulate the coupled
dynamics of FOWTs. The AeroDyn module handles
the aerodynamic loading on the rotor blades due to
wind. The ElastoDyn module computes the structural
dynamics of the turbine, including flexible deforma-
tions of the blades, tower, and drivetrain. For wave and
current loading, the HydroDyn module implements lin-
ear potential flow theory and Morison’s equation. The
InflowWind module supplies environmental wind con-
ditions based on user-defined profiles. MoorDyn is
employed for modeling the dynamic behavior of the
mooring system. It treats mooring lines as a series of
lumped masses connected by elastic segments. In this
study, clump weights were incorporated in MoorDyn
to enhance platform stability and reduce surge motion
[31]. The original positional coordinates of the cate-
nary lines in the OC3 configuration are modified to
insert the clump weights at varying distances from the
fairlead (c.f. Fig. 5).

The dynamic behavior of the floating platform can be
described by the following equation of motion [32]:

Mẍ(t) +Cẋ(t) +Kx(t) = Fenv(t) (1)

where M, C, and K are the mass, damping, and stiff-
ness matrices for six degrees of freedom (DOF) of the
system, respectively; x(t), ẋ(t), ẍ(t) is the displace-
ment, velocity, and acceleration vector, respectively;
and Fenv(t) represents the environmental forces in-
duced by wind, waves, and currents.

The wave forces in the simulation are generated us-
ing Airy wave theory within the HydroDyn module of
OpenFAST. The sea state is characterized using the
JONSWAP (Joint North Sea Wave Project) spectrum,
which defines wave energy distribution as a frequency
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function. The JONSWAP spectral density function
given by Hasselmann et al. [33]:

S(ω) = αg2ω−5 exp

[
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where S(ω) is the spectral density, ω is the wave fre-
quency, ωp is the peak frequency, g is the gravitational
acceleration, α is the Phillips constant, γ is the peak
enhancement factor, and σ is the width parameter,
typically taken as 0.07 for ω < ωp and 0.09 for ω > ωp.

Wind forcing is introduced using the InflowWind mod-
ule of OpenFAST, where a steady wind profile is de-
fined using the power law for wind shear. This em-
pirical relation accounts for the increase in wind speed
with height above the mean sea level and is given by
Burton et al.[34]:

U(z) = Uref

(
z

zref

)α

(3)

where U(z) denotes the wind speed at height z, Uref is
the reference wind speed corresponding to the reference
height zref, and α is the wind shear exponent.

To ensure the accuracy of the implemented OC3-
Hywind spar-buoy model, free-decay simulations were
conducted in OpenFAST to extract the system’s nat-
ural frequencies. Each DOF such as platform surge,
heave, pitch, and yaw—was individually excited by ap-
plying small initial displacements for no wind and still
water conditions. The resulting 500 seconds time series
were analyzed to obtain dominant frequencies, which
were then compared with reference values reported in
the OC3 Phase IV benchmark study [35]. The compar-
ison, summarized in Table III, shows strong agreement
between the simulated and reported values, validating
the correctness of the model configuration.

Table III. Natural Frequencies validation of the OC3-
Hywind model

Mode This study Jonkman and Musial [35]

Surge 0.008 Hz 0.008 Hz
Sway 0.008 Hz 0.008 Hz
Heave 0.032 Hz 0.032 Hz
Roll 0.034 Hz 0.034 Hz
Pitch 0.034 Hz 0.034 Hz
Yaw 0.130 Hz 0.130 Hz

The hydrodynamic and structural modeling fidelity
was further validated by computing the platform’s Re-
sponse Amplitude Operator (RAO) for surge and pitch

motions under wave-only excitation, following the ap-
proach suggested by Bruschi et al. [6]. The RAO pro-
vides critical insight into the system’s hydrodynamic
behavior and is defined as:

RAO =
Platform Motion Amplitude

Wave Amplitude
. (4)

As shown in Fig. 4, the simulated RAO responses for
surge and pitch align closely with the results reported
by Bruschi et al. [6]. Fig. 4a and 4b demonstrate
the surge and pitch motion RAO validation. While
wave-only conditions were used here for benchmark-
ing, subsequent simulations incorporated in this study
combined wind and wave loading to reflect realistic off-
shore environments.

(a) Surge RAO comparison with Bruschi et al. [6].

(b) Pitch RAO comparison with Bruschi et al. [6].

Fig. 4. Comparison of simulated RAOs with Bruschi
et al. under wave-only excitation [6].

Floating platforms are subject to six DOF, among
which surge is typically the most dominant motion.
The optimal placement of clump weights aims to min-
imize this surge motion. To investigate the effect of
clump weight location, simulations were conducted by
placing clump weights at nine different positions along
the unstretched length of the mooring line (902.2 m),
ranging from 100 to 700 meters from the fairlead. The
specific locations considered are illustrated in Fig. 5.
The clump weight mass was varied from 10 to 60 tons
in increments of 10 tons. The clump weight mass was
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constrained to a maximum of 60 tons in this study,
following the recommendations of Chen et al. [10], to
maintain an effective balance between motion suppres-
sion and mooring line fatigue life. In OpenFAST, it is
standard practice for all loads to be applied simulta-
neously, which typically results in an initial transient
phase. However, since such transient behavior does not
occur in real-world operations, we excluded the first
600 seconds of simulation data to eliminate its effects.

Fig. 5. Location of clump weights.

The primary objective of incorporating a clump weight
in a mooring system is to reduce the dominant motions
of the FOWT while minimizing the additional tension
introduced in the mooring lines. To achieve this, two
sets of studies were conducted. The first focused on po-
sitional analysis, aiming to identify the optimal place-
ment of the clump weight along the unstretched length
of the mooring line. The second investigated the opti-
mal clump weight mass, determining the weight that
yields the most favorable balance between motion re-
duction and tension control.

Heatmaps were generated to visualize the maximum
surge motion and mooring line tension as functions of
clump weight mass and position, providing a concise
overview as shown in Fig. 6.

Based on the analyses—illustrated in Fig. 7a and the
heatmap in Fig. 6a—surge motion was minimized when
60-ton clump weights were positioned between 500–600
meters, with optimal performance observed at 550 me-
ters. This configuration also kept mooring line tension
within acceptable limits, as demonstrated in Fig. 7b
and the corresponding tension heatmap (cf. Fig. 6b).

A 3D surface plot (Fig. 8) further elucidates the trade-
off between surge reduction and tension increase. The
configuration of a 60-ton clump weight placed at 550
meters emerged as the most favorable solution, yield-
ing the best compromise between surge suppression
and line tension control. Quantitative comparisons fur-
ther highlight the trade-offs observed in Figures 5–7.

(a) Heatmap of maximum surge variation.

(b) Heatmap of maximum fairlead tension variation.

Fig. 6. Heatmaps for variations in surge and Tension.

The configuration with a 60-ton clump weight posi-
tioned at 550 m reduced the maximum surge response
by nearly 50% compared to the baseline case with-
out clump weights, while the corresponding increase
in fairlead tension was limited to about 35%. By con-
trast, placing the same 60-ton weight at 300 m achieved
only a 15% reduction in surge but led to an increase of
nearly 60% in fairlead tension. These results demon-
strate that the 550 m location offers the most effective
balance between surge suppression and tension control,
which is consistent with the optimal region identified in
the heatmaps (Fig. 6) and the 3D surface plot (Fig. 8).

To enable real-time detection of clump weight loss, an
LSTM-based framework is developed and trained using
platform motion sensor data discussed in next section,
which is typically available in most FOWT systems.
This approach facilitates accurate condition monitor-
ing while minimizing the risk of system failure.
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(a) Maximum surge variation.

(b) Maximum fairlead tension variation.

Fig. 7. Variations of surge and tension for different
clump weight positions.

Fig. 8. 3D plot of fairlead tension and surge variation.

III. DATA-DRIVEN LSTM
CLASSIFIER

LSTM networks are specifically designed to efficiently
learn and retain long-range dependencies within se-
quential data [36]. They achieve this through a struc-
tured architecture composed of gates and memory
cells, which control the flow and preservation of in-
formation over time (Fig. 9).

The forget gate ft, regulates how much of the previous
memory cell ct−1 should be retained:

ft = σ
(
Wf

[
ht−1 xt

]
+ bf

)
(5)

where σ(·) is the sigmoid function, Wf is the weight
matrix and bf is the corresponding bias vector for for-
get gate. Next, the input gate, represented as it, de-
termines which portions of the new input should be
written into the memory cell:

it = σ
(
Wi

[
ht−1 xt

]
+ bi

)
(6)

Simultaneously, a vector of candidate memory values
ĉt is computed using an tanh activation function:

ĉt = tanh
(
Wc

[
ht−1 xt

]
+ bc

)
(7)

The updated memory cell ct is then obtained by com-
bining the contributions of the previous memory cell
and the candidate values, modulated by their respec-
tive gates:

ct = ft ◦ ct−1 + it ◦ ĉt (8)

Here, the operator ◦ denotes element-wise multiplica-
tion. The output gate ot controls which information
from the memory cell is exposed to the next layer or
the subsequent time step:

ot = σ
(
Wo

[
ht−1 xt

]
+ bo

)
(9)

Finally, the hidden state, which also serves as the out-
put of the LSTM cell at time t, is computed as:

ht = ot ◦ tanh(ct) (10)

This gating mechanism allows LSTM cells to adap-
tively remember and forget information, making them
particularly well-suited for modeling complex temporal
dependencies in data.

In this study, input to the LSTM model is denoted as
xd, where d represents the number of distinct features,
and each feature is observed over a time sequence of
length T . Consequently, the input to each LSTM layer
is a matrix of dimensions T ×d, where T is the number
of time steps and d is the number of features. For any
time step, t the output ht from the LSTM layer is given
as:

{ht; ct} = LSTM({ht−1; ct−1}) (11)

The LSTM processes the sequence and generates a hid-
den state hT at the final time step, which encapsulates
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Fig. 9. LSTM unit

the temporal information learned from the sequence.
This final hidden state is passed through a fully con-
nected (dense) output layer, followed by a softmax ac-
tivation function to produce the class probability dis-
tribution, denoted by ŷ:

ŷ = softmax (WyhT + by) (12)

where Wy and by are the weights and biases of the
output layer, respectively.

The model is trained to minimize the prediction er-
ror using the categorical cross-entropy loss function,
defined as:

LCE = − 1

N

N∑
i=1

C∑
c=1

y(i)c log ŷ(i)c (13)

where N is the number of training samples, C is the

number of classes, ŷ
(i)
c is the predicted probability for

class c on the i-th sample, and y
(i)
c is the corresponding

one-hot encoded ground truth.

IV. CLUMP WEIGHT LOSS
DETECTION

The proposed DL method is trained on a simulated
dataset generated using the OC3 FOWT model within
the OpenFAST simulation framework. This section
provides an overview of the simulation setup and de-
tails the input features selection to train the LSTM
model.

A. SELECTION OF INPUT FEATURES

To determine the responses most influenced by wind
and wave forces, the Pearson Correlation Coefficient
(r) is utilized. This coefficient quantifies the strength
and direction of the linear association between two con-
tinuous variables, taking values between −1 and +1.
A positive value of r suggests a direct relationship,

Fig. 10. Pearson correlation matrix for wave elevation
and different responses of the floating platform.

Fig. 11. Pearson correlation coefficients for 6-DOF of
the floating platform due to wave elevation.

meaning both variables increase together, while a nega-
tive value indicates an inverse relationship—where one
variable increases as the other decreases. An r value of
zero signifies the absence of a linear correlation. The
expression for computing r is defined as:

r =

∑n
i=1

(
Xi − X̄

) (
Yi − Ȳ

)√∑n
i=1

(
Xi − X̄

)2√∑n
i=1

(
Yi − Ȳ

)2 (14)

Where Xi, Yi are the data points, and X̄, Ȳ are their
respective means. The coefficient is dimensionless and
classifies the strength of the correlation as weak, mod-
erate, or strong based on its magnitude.

Fig. 10 illustrates the Pearson correlation matrix for
different features of the floating platform. The correla-
tion coefficients between wave elevation and the 6-DOF
platform responses have been shown in Fig. 11. Fea-
tures were selected based on the absolute value of the
correlation coefficient |r|, as both positive and negative
correlations indicate strong linear relationships. Ac-
cordingly, surge, heave, and pitch—having the largest
|r| values—were chosen as input features for the LSTM
model, while sway, roll, and yaw, with |r| values close
to zero, were excluded.
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B. SIMULATIONS

The simulation data was generated from the OC3 tur-
bine model, incorporating eight different scenarios of
clump weight loss as shown in Table IV, where (×) in-
dicates a detached clump weight while, (◦) represents
an attached one.

Table IV. Attached clump Weight in different cases

Case Line 1 Line 2 Line 3
C0 × × ×
C1 ◦ × ×
C2 × ◦ ×
C3 × × ◦
C12 ◦ ◦ ×
C23 × ◦ ◦
C13 ◦ × ◦
C123 ◦ ◦ ◦

The simulations were carried out under varying envi-
ronmental loading conditions, as summarized in Ta-
ble V. Wave heights ranged from 4 to 6 meters in 1-
meter intervals, while wave periods varied between 8
and 9 seconds. Wind speeds were set between 9 and
12 m/s with 1 m/s increments. Additionally, the load-
ing direction was varied from −30◦ to 30◦ in steps of
15◦(C.f. Fig. 3).

Table V. Environmental loadings for OpenFAST sim-
ulations

Hs Tp Wind Direction

4 – 6 m 8 – 9 s 9 – 12 m/s −30◦ to 30◦

For each wind and wave direction, in total 50 simu-
lations were performed to capture different wave re-
alizations. For each case listed in Table IV, approxi-
mately 250 simulations were conducted for 5 different
directions. In total, 2000 simulations were carried out
across eight distinct clump weight configurations.

C. DATA PREPROCESSING

The raw time-series data from these 2000 simulations
were sampled at 40 Hz, giving 1200 s of data per run.
The initial 600 s were discarded to eliminate tran-
sient effects, leaving 600 s of steady-state response per
simulation. Each record was then divided into non-
overlapping windows of 200 time steps, equivalent to 5
s of motion data, resulting in 120 sequences per simu-
lation and a total of 240,000 labeled sequences across
all cases. The three platform motions—surge, heave,
and pitch—were retained as features and reshaped into
sequences of size (200 × 3) for input to the LSTM.
The output labels corresponding to clump weight con-
figurations were converted into one-hot encoded vec-
tors for classification. Although min–max normaliza-
tion was tested during preliminary experiments, the

Fig. 12. Cross entropy loss for different LSTM units.

raw sequences were used directly in training since nor-
malization did not provide a noticeable performance
improvement. No additional data augmentation was
performed.

D. LSTM TRAINING

To train the LSTMmodel, three input features—surge,
heave, and pitch—were extracted from the simulated
platform motion data. A single-layer LSTM architec-
ture with a single dense hidden layer was adopted for
this study. The optimal number of neurons in the
LSTM layer was determined through a performance
evaluation in which the smallest sequence length of 40
(i.e. 1 second) was held constant while the number
of neurons was varied for 50 epochs each. As illus-
trated in Fig. 12, the architecture with 256 neurons
provided the best performance in terms of cross en-
tropy loss while having low training time , and was
therefore selected for the final model configuration. In
addition to the number of LSTM units, the impact of
different activation functions was also evaluated to as-
sess the robustness of the model. The results showed
that the ReLU and tanh functions achieved the highest
performance (86%), followed by the sigmoid function
(84%). Consequently, the ReLU activation function
was adopted in this study.

Although LSTM networks are capable of retaining se-
quential dependencies, their effectiveness is limited by
sequence length due to memory constraints. There-
fore, an appropriate sequence length was determined
through a sensitivity analysis, as illustrated in Fig. 13.
In this test, a single-layer 256-unit LSTM architecture
with fixed hyperparameters was trained for 50 epochs
across various sequence lengths. The results indicate
that a sequence length of 200 (i.e. 5 seconds) provides
a suitable balance between performance and efficiency
for this study.

The dataset was divided into 80% for training, 10%
for validation, and 10% for testing the LSTM-based

8



Fig. 13. Cross entropy loss for different input se-
quence lengths.

clump weight monitoring model. The split was random
after shuffling to ensure robust training and to avoid
overfitting. The architecture of the LSTM model is
summarized in Table VI. The model was developed in
Python using the TensorFlow Keras library [37]. The
training and validation loss curves are shown in Fig. 14,
which demonstrates that the model trained effectively
without signs of overfitting or underfitting throughout
the training process.

Table VI. The architecture of the LSTM model

LSTM Architecture
Layer Activation Function Units

Input shape (400,3)
LSTM - 256
Dense Relu 1024

Output Layer softmax 8
Hyperparameters

Optimizer Adam
Epochs 200

Learning Rate 10−5

Training time
System Intel i7, 16 GB DDR4 RAM

Time per epoch 10 min
Total time 2000 min

The model was evaluated on the test dataset, yielding
an average MSE of 0.2404 and an accuracy of 86%.
The confusion matrix for the testing dataset, which
includes eight clump weight configurations (C0 to C123),
is presented in Fig. 15.

High precision, recall, and F1-scores detailed in Ta-
ble VII were achieved for all cases except C1 and C0.
In several instances, the model misclassified C0 as C1,
and vice versa. This misclassification is attributed
to the highly similar platform dynamics exhibited by
these two configurations. A Pearson correlation test
between surge, heave, and pitch response for C0 and
the other cases, presented in Table VIII, confirms this
similarity. The correlation coefficient between C0 and

Fig. 14. Training and validation loss curve.

Fig. 15. Confusion matrix for clump weight loss clas-
sification

Table VII. Classification report showing precision, re-
call, and F1-score for each case

Case Precision Recall F1-score

C0 0.54 0.64 0.58
C1 0.69 0.46 0.55
C2 0.94 0.95 0.94
C3 0.98 0.94 0.96
C12 1.00 1.00 1.00
C23 0.85 0.95 0.90
C13 0.99 0.97 0.98
C123 0.93 1.00 0.96

C1 was found to be 1.0, indicating identical dynamic
responses. This suggests that adding a clump weight
to a single mooring line in the direction of wave and
current does not significantly affect the platform’s mo-
tion characteristics.

Furthermore, to evaluate the model’s generalization
ability, it was tested on an unseen dataset simulated
under the loading conditions specified in Table IX.
The reported 86% accuracy corresponds to the held-
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Table VIII. Pearson correlation between case C0 and
other cases

C1 C2 C3 C12 C23 C13 C123
C0 1.000 0.996 0.992 0.994 0.993 0.991 0.986

out test split, whereas evaluation on the completely
unseen dataset generated under deviating environmen-
tal conditions resulted in a reduced accuracy of 73%.
This distinction emphasizes the model’s generalization
capability, albeit with some loss of performance com-
pared to the original distribution. The corresponding
confusion matrix is presented in Fig. 16.

Table IX. Environmental loadings for unseen dataset

Hs Tp Wind Direction

5 m 9 s 11 m/s 10◦

To further benchmark the proposed approach, addi-
tional models were implemented for comparison. In
particular, ANN and CNN (Convolutional Neural Net-
work) baselines of similar complexity were trained on
the same dataset using identical hyperparameters. The
model architectures and classification accuracies are
summarized in Table X. It is evident that the LSTM
provides the highest accuracy.

These results clearly justify the choice of LSTM as the
primary model in this study, given its superior perfor-
mance in clump weight classification.

Fig. 16. Confusion matrix for unseen dataset.

V. DISCUSSION

The overall performance of the proposed LSTM-based
classifier highlights its effectiveness in detecting clump
weight loss conditions in FOWTs using platform mo-
tion data. The model achieved high classification ac-
curacy across most configurations and demonstrated

robustness under varying environmental conditions.
These findings underscore the feasibility of applying
DL techniques for real-time SHM in offshore applica-
tions.

Despite its strong performance, the model frequently
misclassified Case C0, with no clump weights as Case
C1, where a clump weight remains on Mooring Line.
This misclassification likely results from the dynamic
similarity between the two configurations. Conse-
quently, the platform’s global motion responses in
Cases C0 and C1 have virtually identical response sig-
natures, leading to consistent misclassification. This
limitation stems not from the learning algorithm itself,
but rather from the insufficient observability of clump
weight loss when relying solely on global platform mo-
tion data. Thus, exclusive dependence on global mo-
tions (surge, heave, and pitch), which are practical and
easily accessible, may not be sensitive enough to cap-
ture subtle differences in mooring line conditions. In-
corporating localized responses, such as mooring line
tension or fairlead acceleration, may offer additional
discriminative features to enhance detection accuracy.

Furthermore, this study focuses on configurations in-
volving a single clump weight. In practice, moor-
ing systems may employ multiple clump weights de-
pending on design requirements. Future work can ex-
tend this approach to accommodate multiple clump
weights and more complex damage scenarios. Al-
though the developed model achieves approximately
86% detection accuracy across cases, the use of more
sensitive response variables and additional sensor in-
puts could further improve the robustness and preci-
sion of the deep learning framework. The application
of AI in critical infrastructure such as offshore wind
farms also raises ethical considerations. Key aspects
include transparency of decision-making, accountabil-
ity for errors, and ensuring that automated monitoring
supports rather than replaces human oversight. These
elements should be carefully addressed in future de-
ployments of the proposed framework.

Building on these considerations, future work will focus
on addressing practical deployment challenges. Sensor
placement strategies must be optimized to ensure that
both global platform motions and localized mooring
responses are captured effectively. Reliable offshore-
to-shore data transmission also needs to be ensured
under bandwidth and latency constraints typical of
marine environments. In addition, the LSTM model
will require periodic retraining and updates to remain
robust under evolving environmental conditions and
long-term structural changes. Addressing these as-
pects will be essential for translating the proposed
framework from simulation-based validation to real-
world offshore wind applications

10



Table X. Comparison of ANN, CNN, and LSTM models for clump weight classification

Parameter ANN CNN LSTM

Model architecture

Input: 200 features

Dense (256, ReLU)

Dense (64, ReLU)

Dense (8, Softmax)

Input: sequence (200,3)

Conv1D (32, kernel=3, ReLU)

MaxPooling1D (pool=2)

Flatten

Dense (64, ReLU)

Dense (8, Softmax)

Input: sequence (200,3)

LSTM (256 units)

Dense (1024, ReLU)

Dense (8, Softmax)

Accuracy 81% 79% 86%

VI. CONCLUSION

This study presents a DL framework for the real-time
monitoring of mooring systems in FOWTs. An LSTM-
based deep learning model was developed to detect
clump weight loss scenarios using only platform mo-
tion responses. The model achieved an overall clas-
sification accuracy of 86% on the held-out test split
and 73% on a completely unseen dataset, demonstrat-
ing both strong predictive capability and robustness
under varying environmental loading directions.

While the model accurately identified most configu-
rations, it faced challenges in distinguishing between
the complete clump weight loss scenario (C0) and the
configuration with a single clump weight on Moor-
ing Line 1 (C1), likely due to the dynamic similar-
ity in platform responses between these two cases.
Overall, the proposed approach highlights a promis-
ing pathway for real-time, data-driven SHM in off-
shore wind energy systems. This study also carries
broader implications for renewable energy and off-
shore engineering. By applying a data-driven classifi-
cation framework to floating offshore wind turbines, it
demonstrates how advanced machine learning methods
can strengthen structural health monitoring practices.
Such approaches can improve operational reliability,
reduce maintenance costs, and extend the service life of
offshore wind farms. In doing so, this work contributes
to the long-term sustainability and resilience of renew-
able energy infrastructure, supporting the global tran-
sition toward cleaner energy systems.
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