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 a b s t r a c t

Monitoring the condition of mooring systems is essential for the safe operation and timely maintenance of float-
ing platforms including wave energy converters (WECs). However, mooring dynamics are highly nonlinear due 
to nonlinearities in wave forcing, marine growth effects on floater and mooring cables or chains, WEC dynam-
ics, synthetic cable or chain nonlinearity, and floater-mooring coupling. These effects reduce the effectiveness 
of linear system identification methods and make accurate condition assessment challenging. In this study, we 
introduce a data-driven approach for condition monitoring that uses dynamic modelling to address these chal-
lenges. The method enables continuous monitoring, allowing gradual or sudden changes to be detected and faults 
addressed promptly. A time-delay neural network (TDNN) with Bayesian regularization backpropagation is em-
ployed to model the system’s behaviour. Its performance is comprehensively compared with four popular models. 
The approach is validated using two surrogate fault scenarios: (i) two different mooring configurations tested 
in the same basin, and (ii) nominally identical configurations tested in two different basins. Using six-degree-
of-freedom (6-DOF) motion data, the approach is demonstrated to identify the fault condition for all sea states 
under both scenarios, demonstrating the robustness and sensitivity for subtle changes, for unseen and complex 
conditions.

1.  Introduction

Offshore renewable energy is increasingly recognised as a key com-
ponent of global electricity generation for the coming decades. The reli-
ability of the mooring systems used in floating offshore energy projects 
is a major concern. High failure rates in mooring systems have been 
reported (Kvitrud, 2014). These failures compromise the structural in-
tegrity and operational reliability and also lead to substantial financial 
losses, and have the potential to reduce confidence in the technolo-
gies. Therefore, condition monitoring of operational mooring systems 
is highly desirable to detect early faults and prevent catastrophic fail-
ures.

The vast majority of existing work uses simulation models for the 
purpose of developing and validating different condition monitoring al-
gorithms. The popular simulation tools including OrcaFlex, Ansys and 
FAST are often used to simulate the mooring system response under 
healthy and damaged conditions. The direct comparison of the time or 
frequency responses of motions or forces have been investigated for se-
vere failures (such as broken lines) (Chung et al., 2021). These direct 
comparisons may be limited to discrete normal and severely faulty con-
ditions. Although linear system identification methods can be applied, 
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they may be inadequate for continuous monitoring because of the non-
linear relationship between the mooring responses and the wave input 
(Zhang et al., 2024). In addition, nonlinear interactions play a criti-
cal role in floating systems, and recent studies have provided detailed 
physical insight into such coupled behaviours (Haider et al., 2025), fur-
ther highlighting the need for data-driven approaches capable of mod-
elling such complexities. Neural network-based approaches have there-
fore become popular choices for continuous mooring condition moni-
toring (Hashmani et al., 2024). The Radial Basis Function (RBF) neural 
networks have been proposed to identify damage arising from the com-
plex interactions between the floater and mooring system (Wang et al., 
2020). A Deep Neural Network (DNN)-based structural health moni-
toring system has been proposed to identify damaged mooring lines 
in tension leg platforms (TLPs) (Chung et al., 2020). Multilayer Per-
ceptron (MLP) and Long Short-Term Memory (LSTM) networks have 
been proposed to enable near real-time detection of mooring line fail-
ures (Saad et al., 2021). Recurrent Neural Networks (RNNs) have been 
proposed for detecting catenary mooring line damage, including small-
scale local defects (Lee et al., 2021). Convolutional Neural Network com-
bined with t-distributed Stochastic Neighbour Embedding (CNN-t-SNE) 
has been developed to automatically identify the damage magnitude of
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\begin {equation}f_j(n) = \phi (w_{f,j} x(n) + \sum _{k=1}^{m} u_{f,jk} h_k(n-1) + b_{f,j}) \label {Xeqn5-5}\end {equation}
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\begin {equation}\text {RMSE} = \sqrt {\frac {1}{N} \sum _{n=1}^{N} (y(n) - \hat {y}(n))^2} = \sqrt {\frac {1}{N} e^T e} \label {Xeqn13-13}\end {equation}
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\begin {equation}\text {NRMSE}_{\text {th}} = \text {NRMSE}_h^{\max } + \delta \label {Xeqn16-16}\end {equation}
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\begin {equation}\text {NRMSE}_c \in \left [ \text {NRMSE}_c^{\min },\, \text {NRMSE}_c^{\max } \right ] \label {Xeqn17-17}\end {equation}
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\begin {equation}\theta _{k+1} = \theta _k - (J^TJ+\lambda I)J^Te_k \label {Xeqn18-18}\end {equation}
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\begin {equation}E_k = \frac {1}{2N} \sum _{n=1}^{N} (y(n) - \hat {y}(n))^2 = \frac {1}{2N} e_k^Te_k \label {Xeqn19-19}\end {equation}
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moorings based on the dynamic response of offshore platforms (Sun 
et al., 2023). These neural network algorithms have powerful capaci-
ties in modelling different types of time-frequency variations and non-
linearity under different types and severity of faults. In addition, a novel 
data-driven framework leveraging the ConvMamba architecture which 
combines convolutional operations with the Mamba state space model 
(SSM) architecture was introduced for continuous health monitoring 
and damage localization of mooring lines, exhibiting superior perfor-
mance in terms of accuracy and computational efficiency (Mao et al., 
2025).

However, most studies require a large amount of data for train-
ing and validation of condition monitoring methods, which are gener-
ally numerical wave-structure-mooring interaction modelling. The algo-
rithms developed using these simulation data alone may not work well 
for real systems due to the idealization and approximation in the mod-
els. Due to the scarcity of data from real systems, especially in the early 
stages of deploying offshore renewable energy, there is limited research 
using experimental data (Ren et al., 2024). Recent work addressed this 
issue by employing a hierarchical variational autoencoder (HVAE) with 
diffusion modelling to generate damage data for various sea states from 
real healthy signals, and by leveraging both healthy and generated dam-
age data for health monitoring (Fathnejat and Nava, 2025). However, 
its performance declines in highly nonlinear conditions, limiting its gen-
eralization to complex real-world scenarios. Moreover, fully supervised 
and weakly supervised shallow and deep learning models were devel-
oped for real-time health monitoring of mooring systems using a very 
limited amount of experimental data, while having challenges related 
to environmental robustness and sensor performance (Coraddu et al., 
2024).

In this study, for the first time, a cost-effective data-driven system 
identification approach is proposed for monitoring the mooring condi-
tion of a floating platform using a generalized model trained by limited 
amount of measured motion and force data. We apply this to the rel-
atively complex case of the multi-float wave energy converter M4, the 
development of which has been reviewed in recent work (Stansby and 
Draycott, 2024). The motion data consists of six degrees of freedom (6-
DOF): surge (𝑋), sway (𝑌 ), heave (𝑍), yaw (𝜃𝑍 ), pitch (𝜃𝑌 ), and roll 
(𝜃𝑋). The force exhibits a nonlinear relationship with the motion in-
put, which can be effectively approximated by a dynamic model using 
limited experimental data. This results in a low computational demand 
and limited data requirements. Further, unlike most of existing work 
where only simulation data are used, we evaluate the effectiveness of 
the proposed method on a real mooring system from the multi-float M4 
using experimental data under a wide range of wave conditions includ-
ing directionally spread and crossing seas representing complex realistic 
open ocean conditions (Draycott et al., 2023). This condition monitor-
ing approach is not limited to the M4 multi-float wave energy converter. 
The methodology that trains a generalized dynamic model from limited 
measured input and output data can be applied to a wide range of float-
ing structures, including floating wind turbines, pontoons, and other 
wave energy devices. For these systems with nonlinear interactions, the 
approach can enable efficient monitoring and condition assessment of 
mooring lines or other structural components. The low computational 
demand and limited data requirements make it particularly suitable for 
early-stage fault detection and catastrophic-failure prevention. More-
over, because the method is grounded in real experimental measure-
ments, it can adapt to different configurations and platform types, of-
fering a flexible approach for real-world applications.

The paper is structured as follows. Section 2 introduces the proposed 
method. Section 3 presents the experimental set-up, followed by results 
in Section 4 and brief conclusions offered in Section 5.

2.  Data-driven condition monitoring method

In this paper, a data-driven condition monitoring method is proposed 
using two steps illustrated in Fig. 1. The first step is to determine a 

normalized root-mean-square error (NRMSE) threshold based on data 
from the system operating under healthy conditions. The second step is 
to use this threshold to identify whether a changed system is operating 
in a faulty condition.

For the first step, the relationship between the input and output is 
modelled using a system identification (SI) approach, resulting in a gen-
eralized model representing all healthy cases. For each healthy case, the 
residual 𝑒ℎ defined as the difference between the predicted output and 
the measured output is computed, and the corresponding NRMSE val-
ues are obtained from these residuals by root-mean-square error (RMSE) 
calculation and normalization. By comparing all NRMSE values, an ap-
propriate NRMSE threshold is selected.

In the second step, the measured output of the changed system is 
compared with the output predicted by the identified model to compute 
the NRMSE for each case. These calculated NRMSE values are then com-
pared with the established threshold to determine whether the changed 
system is in a healthy or faulty condition.

2.1.  Linear modelling

Although the relationship between motion and force is inherently 
nonlinear, a linear Autoregressive with exogenous input (ARX) model 
can still be employed as an approach can still be used to identify the 
mooring system and serve as a baseline for comparison with nonlinear 
methods. The general formulation of the ARX model is given by Ljung 
(1999):

𝑦(𝑛) = 𝑎1𝑦(𝑛 − 1) +… + 𝑎𝑚𝑦(𝑛 − 𝑚) + 𝑏1𝑥(𝑛 − 1) +… + 𝑏𝑙𝑥(𝑛 − 𝑙) + 𝜉(𝑛)

(1)

where the pair set {𝑥(𝑛), 𝑦(𝑛)} represents input (motion) and output 
(force) at time interval 𝑛, 𝑛 = 1,… , 𝑁 , 𝑁 being the size of the training 
dataset. 𝑙 and 𝑚 represent the largest input and output lags, respectively. 
𝜉(𝑛) denotes the error. This ARX model indicates that past input and out-
put values have an effect on the current output value and can be used 
jointly to predict the future output.

2.2.  Nonlinear modelling

Nonlinear modelling is expected to provide better performance. Sev-
eral types of neural networks are commonly used for modelling time-
series data, including Time Delay Neural Networks (TDNN), Radial Basis 
Function (RBF) Networks, Long Short-Term Memory (LSTM) Networks, 
and Generalized Regression Neural Networks (GRNN). In this paper, 
these methods are employed and compared to determine the most suit-
able model.

The general formulation of the TDNN is given by Liu et al. (2020):

ℎ𝑗 (𝑛) = 𝜙(
𝑑+1
∑

𝑖=1
𝑤ℎ,𝑗𝑖𝑥(𝑛 − 𝑖 + 1) + 𝑏ℎ,𝑗 ) (2)

𝑦(𝑛) =
𝑚
∑

𝑗=1
𝑤𝑦,𝑗ℎ𝑗 (𝑛) + 𝑏𝑦 (3)

where ℎ is hidden layer output, 𝑑 is the maximum delay and 𝑚 is the 
number of hidden neurons, 𝑤 and 𝑏 are the weights and biases respec-
tively, 𝜙(⋅) is the activation function. Similar to the ARX model, which 
relies on historical input and output data to predict current outputs, 
the TDNN utilizes time-delayed input signals to capture and model the 
system’s temporal dynamics.

The general formulation of the RBF is given by Broomhead and Lowe 
(1988):

𝑦(𝑛) =
𝑘
∑

𝑖=1
𝑤𝑖𝜓(‖𝑥(𝑛) − 𝑐𝑖‖) + 𝑏 (4)
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Fig. 1. The flowchart diagram of the proposed method (𝑥 and 𝑦 are the input and output of system, 𝑦̂ is the predicted output, 𝑒 is the residual, subscript ℎ and 𝑐
indicate the variable under healthy and changed conditions, respectively.).

where 𝑘 is the total number of radial basis functions in the network, 
and 𝑐𝑖 are the centres of the RBFs. 𝑤𝑖 is weight associated with the 𝑖-
th radial basis function, and 𝑏 is the bias term. 𝜓(⋅) is the radial basis 
function. Unlike ARX and TDNN models which depend on time delays or 
temporal structures, RBF networks instead use nonlinear basis functions 
to directly transform inputs into outputs. In principle, this allows them 
to model complex relationships without explicitly accounting for time 
dependencies.

The general formulation of the LSTM is given by Hochreiter and 
Schmidhuber (1997):

𝑓𝑗 (𝑛) = 𝜙(𝑤𝑓,𝑗𝑥(𝑛) +
𝑚
∑

𝑘=1
𝑢𝑓,𝑗𝑘ℎ𝑘(𝑛 − 1) + 𝑏𝑓,𝑗 ) (5)

𝑔𝑗 (𝑛) = 𝜙(𝑤𝑔,𝑗𝑥(𝑛) +
𝑚
∑

𝑘=1
𝑢𝑔,𝑗𝑘ℎ𝑘(𝑛 − 1) + 𝑏𝑔,𝑗 ) (6)

𝑜𝑗 (𝑛) = 𝜙(𝑤𝑜,𝑗𝑥(𝑛) +
𝑚
∑

𝑘=1
𝑢𝑜,𝑗𝑘ℎ𝑘(𝑛 − 1) + 𝑏𝑜,𝑗 ) (7)

𝑐𝑗 (𝑛) = 𝜙(𝑤𝑐,𝑗𝑥(𝑛) +
𝑚
∑

𝑘=1
𝑢𝑐,𝑗𝑘ℎ𝑘(𝑛 − 1) + 𝑏𝑐,𝑗 ) (8)

𝑐𝑗 (𝑛) = 𝑓𝑗 (𝑛) ⋅ 𝑐𝑗 (𝑛 − 1) + 𝑔𝑗 (𝑛) ⋅ 𝑐𝑗 (𝑛) (9)

ℎ𝑗 (𝑛) = 𝑜𝑗 (𝑛) ⋅ tanh(𝑐𝑗 (𝑛)) (10)

𝑦(𝑛) =
𝑚
∑

𝑗=1
𝑤𝑦,𝑗ℎ𝑗 (𝑛) + 𝑏𝑦 (11)

where 𝑓 is the forget gate, 𝑔 is the input gate and 𝑜 is the output gate. 
𝑐 is the cell state and ℎ is the hidden state. 𝑚 is the number of hidden 

units in the LSTM block. While ARX, TDNN, and RBF models use fixed 
memory or static functions, LSTM networks utilize adaptive memory 
cells capable of retaining information over extended periods, making 
them well-suited for capturing long-term dependencies in time series 
data.

The general formulation of the GRNN is given by Specht (1991):

𝑦(𝑛) =

∑𝑁
𝑛=1 exp

(

− ‖𝑥(𝑛)−𝑥𝑡𝑟𝑎𝑖𝑛(𝑛)‖2

2𝜎2

)

𝑦𝑡𝑟𝑎𝑖𝑛(𝑛)
∑𝑁
𝑛=1 exp

(

− ‖𝑥(𝑛)−𝑥𝑡𝑟𝑎𝑖𝑛(𝑛)‖2

2𝜎2

) (12)

where the pair set {𝑥𝑡𝑟𝑎𝑖𝑛(𝑛), 𝑦𝑡𝑟𝑎𝑖𝑛(𝑛)} represents input (motion) and out-
put (force) at time interval 𝑛, 𝑛 = 1,… , 𝑁 , 𝑁 being the size of the train-
ing dataset. The pair set {𝑥(𝑛), 𝑦(𝑛)} represents the associated predicted 
dataset. 𝜎 is the smoothing parameter that determines the width of the 
Gaussian function. Unlike other models like ARX or TDNN, the GRNN 
computes outputs as a weighted average of training targets, with weights 
determined by the Gaussian distance metrics between the current and 
training inputs.

2.3.  RMSE calculation and normalization

When training neural networks, the model often minimizes the Root 
Mean Square Error (RMSE), which is given by:

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑛=1
(𝑦(𝑛) − 𝑦̂(𝑛))2 =

√

1
𝑁
𝑒𝑇 𝑒 (13)

where 𝑦(𝑛) and 𝑦̂(𝑛) are measured output and predicted output are time 
interval 𝑛. 𝑒 = [𝜉(1), 𝜉(2),… , 𝜉(𝑁)]𝑇  is the residual vector.

Different datasets may exhibit varying ranges and energy levels. To 
facilitate a fair comparison of RMSE across these datasets, normalization 
can be applied. The normalized RMSE is given by:

NRMSE = RMSE
std(𝐲)

(14)
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where std(⋅) denotes the standard deviation and 𝐲 =
[𝑦(1), 𝑦(2),… , 𝑦(𝑁)]𝑇  is the output vector.

2.4.  NRMSE threshold and detection results

The NRMSE threshold is an indicator used to determine whether the 
system is operating under healthy or faulty conditions. It is obtained 
by comparing all NRMSE values recorded across different cases dur-
ing healthy operation. Under healthy conditions, the NRMSE values lie 
within a specific range:
NRMSEℎ ∈

[

NRMSEmin
ℎ , NRMSEmax

ℎ
]

(15)

where NRMSEmin
ℎ  and NRMSEmax

ℎ  are the maximum and minimum 
NRMSE values under healthy conditions.

The NRMSE threshold can be defined as:
NRMSEth = NRMSEmax

ℎ + 𝛿 (16)

where 𝛿 represents the allowable tolerance of the system, related to the 
sensitivity of the method. The choice of 𝛿 has important practical im-
plications. A too large 𝛿 reduces the sensitivity of the method, causing 
minor or early-stage faults to go undetected. On the other hand, a very 
small 𝛿 makes the method sensitive to minor environmental changes 
lead to false alarms even when the system is healthy. Therefore, 𝛿 must 
balance being robust to normal environmental changes while remaining 
sensitive enough to detect real system faults.

For a changed system, the NRMSE values fall within the range:
NRMSE𝑐 ∈

[

NRMSEmin
𝑐 , NRMSEmax

𝑐
]

(17)

where NRMSEmin
𝑐  and NRMSEmax

𝑐  are the maximum and minimum 
NRMSE values for the changed system. If the minimum NRMSE of the 
changed system is less than the threshold, the system is considered to 
be in a faulty condition; otherwise, it is classified as healthy.

2.5.  Training methods

For neural networks, different training algorithms can lead to vary-
ing convergence speeds and accuracies. Therefore, multiple training 
methods are employed and compared in this study to identify the most 
suitable solution. The update formulation of the trainable parameter for 
Levenberg-Marquardt backpropagation (trainlm) is given by Sapna et al. 
(2008):

𝜃𝑘+1 = 𝜃𝑘 − (𝐽𝑇 𝐽 + 𝜆𝐼)𝐽𝑇 𝑒𝑘 (18)

where 𝜃 is the trainable parameter and 𝑒 is the error vector. 𝐽 is Jacobian 
matrix of the network errors with respect to trainable parameter. 𝜆 is 
damping parameter and 𝐼 is identity matrix.

The update formulation of the trainable parameter for Resilient back-
propagation (trainrp) is given by Gnther and Fritsch (2010):

𝐸𝑘 =
1
2𝑁

𝑁
∑

𝑛=1
(𝑦(𝑛) − 𝑦̂(𝑛))2 = 1

2𝑁
𝑒𝑇𝑘 𝑒𝑘 (19)

Δ𝑘 =

⎧

⎪

⎨

⎪

⎩

𝜂+ ⋅ Δ𝑘−1 if 𝜕𝐸𝑘−1𝜕𝜃𝑘−1
⋅ 𝜕𝐸𝑘𝜕𝜃𝑘

> 0

𝜂− ⋅ Δ𝑘−1 if 𝜕𝐸𝑘−1𝜕𝜃𝑘−1
⋅ 𝜕𝐸𝑘𝜕𝜃𝑘

< 0

Δ𝑘−1 otherwise

(20)

𝜃𝑘+1 = 𝜃𝑘 − sign(
𝜕𝐸𝑘
𝜕𝜃𝑘

) ⋅ Δ𝑘 (21)

where 𝐸 is the loss function. Δ is updating step for trainable parameter. 
𝜂+ and 𝜂− are step-size increase factor and step-size decrease factor. 
sign(⋅) is the sign function returns +1 or -1.

The update formulation of the trainable parameter for Gradient de-
scent with momentum backpropagation (traingdm) is given by Nayak 
et al. (2016):

𝑣𝑘 = 𝛾𝑣𝑘−1 + 𝛼
𝜕𝐸𝑘
𝜕𝜃𝑘

(22)

𝜃𝑘+1 = 𝜃𝑘 − 𝑣𝑘 (23)

where 𝑣 is the momentum. 𝛾 is momentum coefficient and 𝛼 is learning 
rate.

The update formulation of the trainable parameter for Broyden-
Fletcher-Goldfarb-Shanno (BFGS) quasi-Newton backpropagation 
(trainbfg) is given by Robitaille et al. (1996):
𝑠𝑘 = 𝜃𝑘 − 𝜃𝑘−1 (24)

𝑦𝑘 = ∇𝐸(𝜃𝑘) − ∇𝐸(𝜃𝑘−1) (25)

𝐻𝑘 = (𝐼 −
𝑠𝑘𝑦𝑇𝑘
𝑦𝑇𝑘 𝑠𝑘

)𝐻𝑘−1(𝐼 −
𝑦𝑘𝑠𝑇𝑘
𝑦𝑇𝑘 𝑠𝑘

) +
𝑠𝑘𝑠𝑇𝑘
𝑦𝑇𝑘 𝑠𝑘

(26)

𝜃𝑘+1 = 𝜃𝑘 −𝐻𝑘∇𝐸(𝜃𝑘) (27)

where 𝑠 is the step taken in parameter space and 𝑦 is the change in the 
gradient. 𝐻 is the approximation of the inverse Hessian matrix. ∇𝐸(𝜃)
is the gradient of the error function with respect to the trainable param-
eter.

The update formulation of the trainable parameter for Scaled conju-
gate gradient backpropagation (trainscg) is given by Müller (1993):
𝑔𝑘 = ∇𝐸(𝜃𝑘) (28)

𝑝𝑘 = 𝑔𝑘 + 𝛽𝑘𝑝𝑘−1 (29)

𝛽𝑘 =
𝑔⊤𝑘 (𝑔𝑘 − 𝑔𝑘−1)

𝑔𝑇𝑘−1𝑔𝑘−1
(30)

𝑠𝑘 =
∇𝐸(𝜃𝑘 + 𝜎𝑘𝑝𝑘) − 𝑔𝑘

𝜎𝑘
(31)

𝛼𝑘 = −
𝑔𝑇𝑘 𝑝𝑘
𝑝⊤𝑘 𝑠𝑘

(32)

𝜃𝑘+1 = 𝜃𝑘 + 𝛼𝑘𝑝𝑘 (33)

where 𝑔 is gradient, 𝑝 is conjugate direction, 𝛽 is conjugate coefficient, 
𝑠 is second derivative (Hessian) information and 𝛼 is step size.

The update formulation of the trainable parameter for Bayesian reg-
ularization backpropagation (trainbr) is given by Burden and Winkler 
(2009):

𝐸𝑘 = 𝛽𝐸𝐷 + 𝛼𝐸𝑊 (34)

𝐸𝐷 =
𝑁
∑

𝑛=1
(𝑦(𝑛) − 𝑦̂(𝑛))2 = 𝑒𝑇𝑘 𝑒𝑘 (35)

𝐸𝑊 = 𝜃𝑇𝑘 𝜃𝑘 (36)

𝜃𝑘+1 = 𝜃𝑘 − 𝜂∇𝐸(𝜃𝑘) (37)

where 𝛽 and 𝛼 are data error parameter and regularization parameter. 
𝐸𝐷 and 𝐸𝑊  are data error term and weight penalty term. 𝜂 is the learn-
ing rate.
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Fig. 2. Top view of the layout of the M4 WEC and mooring configuration 1.

Fig. 3. Side-on view of the layout of the M4 WEC and mooring configuration 1.

3.  Experimental set-up

In this study, the M4 WEC system is composed of five floats: one 
bow float, two mid-floats, and two stern floats. Two mooring configu-
rations with minor differences, named as Configuration 1 and Config-
uration 2, are used to emulate the normal and abnormal conditions, 
respectively. Configuration 1 has a 0.2m diameter hemispherical buoy 
weighing 1.25 kg, connected to the seabed with three elastic cables and 
connected to the bow float with one elastic cable, as shown in Figs. 2 
and 3. Configuration 2, as shown in Figs. 4 and 5, features a small sur-
face mooring buoy (0.11m diameter) connected to a submerged buoy 
(0.15m diameter weighing 0.21 kg) also connected with three similar 
elastic cables. The mooring cable consisted of two latex rubber (exer-
cise) bands (each 0.4m long unstretched) in series in the lower part 
(1.2m length total) with an inelastic nylon cord to the buoy. The nom-
inal stiffness is 65N/m with weak nonlinearity (Draycott et al., 2023). 
Both configurations show similar behaviour; however, it was found that 
compared to Configuration 1, the anchor forces of Configuration 2 at the 
wave frequencies were reduced but the low-frequency forces increased 
(Draycott et al., 2023). The different dynamics observed make them suit-
able scenarios for validating condition monitoring algorithms designed 
for change detection.

Our study utilizes two sets of experimental results to address comple-
mentary research objectives and enhance the robustness of the method, 
one set used to monitor two slightly mooring configurations in identical 
sea states, and one set used to monitor the nominally same configu-
ration in different facilities. The first set was obtained from wave basin 
experiments conducted at the COAST laboratory at the University of Ply-
mouth, UK, with the water depth set to 2 m. Both Configuration 1 and 2 
are tested. Fig. 6 shows the M4 WEC and its mooring system in the wave 
basin experiment. The experiments were conducted under 22 irregular 
wave conditions, each with a duration of 35min (2100 s). The 6-DOF 
M4 motions were recorded using a Qualisys motion capture camera sys-
tem, and Futek submersible load cells were used to measure the mooring 

Fig. 4. Top view of the layout of the M4 WEC and mooring configuration 2.

Fig. 5. Side-on view of the layout of the M4 WEC and mooring configuration 
2. ℎ = 2 m is the water depth.

line loads. Qualisys motion capture camera system is sampled at 128 Hz, 
and Futek submersible load cells are sampled at 1613 Hz. Since the data 
spectrum is dominated by low frequency components, both motion and 
force data are downsampled to 8 Hz (Zhang et al., 2024). This effec-
tively serves as a low-pass filter while keeping both datasets at the same 
frequency. Qualisys displacements are expected to have sub-millimetre 
accuracy, and the submersible Futek load cells have approximately 1N 
uncertainty with linearity within about 0.2%. The Futek load cell mea-
surements contain minor high-frequency noise, which is removed by 
downsampling. The conditions are defined in Table 1. The first eleven 
cases involved varying combinations of significant wave heights (𝐻𝑠) 
and peak periods (𝑇𝑝), with four levels of 𝐻𝑠 (0.06m, 0.09m, 0.13m, 
and 0.16m) and three values of 𝑇𝑝 (1.2 s, 1.4 s, and 1.8 s). An addi-
tional case featured a larger wave height of 𝐻𝑠 = 0.24 m with 𝑇𝑝 = 1.8 s. 
These conditions all use a constant peak enhancement factor (𝛾 = 3.3), 
and have unidirectional incident wave conditions. Two additional cases 
are added to assess the sensitivity to the frequency bandwidth, where 𝛾
is set to values of 1 and 2. The remaining cases represent conditions with 
directional spreading (using a cos-2s spreading distribution, described 
further below).

The second set of experiments was conducted at the FloWave Ocean 
Energy Research Facility at the University of Edinburgh, where only 
Configuration 2 is tested (although with slight differences in line lengths 
and angles due to different bed-mounting points). The sensors have sim-
ilar settings to those used in the COAST experiments; however, the load 
cell measurements are sampled at 128 Hz. This set included 10 differ-
ent wave conditions, also summarized in Table 1. Similar to the COAST 
experiments, these conditions were based on JONSWAP spectra all with 
𝛾 = 3.3. Four cases are unidirectional, with the remaining being di-
rectionally spread, with some bi-model ‘crossing’ conditions, and are 
representative of more realistic and complex ocean conditions.

For all directionally spread conditions, we use a frequency-
independent bi-modal directional spreading function 𝐷(𝜃) based on the 
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Table 1 
Wave conditions for 32 cases in experiments.
 COAST (Plymouth) : C FloWave (Edinburgh) : F  Crossing Angle  Config- uration  System Identification  Condition Monitoring
 Case  Hs (m)  Tp (s)  s (𝜎𝜃) 𝛾 Δ𝜃  1,2  Train  Test  Train  Test
 C1  0.06  1.2 ∞ (0◦)  3.3  0  1,2  /  1,2  2  1
 C2  0.06  1.4 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C3  0.06  1.8 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C4  0.09  1.2 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C5  0.09  1.4 ∞ (0◦)  3.3  0  1,2  /  1,2  2  1
 C6  0.09  1.8 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C7  0.13  1.2 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C8  0.13  1.4 ∞ (0◦)  3.3  0  1,2  /  1,2  2  1
 C9  0.13  1.8 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C10  0.16  1.4 ∞ (0◦)  3.3  0  1,2  /  1,2  2  1
 C11  0.16  1.8 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C12  0.16  1.4 ∞ (0◦)  1  0  1,2  1,2  /  2  1
 C13  0.16  1.4 ∞ (0◦)  2  0  1,2  1,2  /  2  1
 C14  0.24  1.8 ∞ (0◦)  3.3  0  1,2  1,2  /  2  1
 C15  0.13  1.2  25 (15.9◦)  3.3  0  2  2  /  2  /
 C16  0.13  1.2  10 (24.4◦)  3.3  0  2  /  2  2  /
 C17  0.13  1.2  5 (33.1◦)  3.3  0  2  2  /  2  /
 C18  0.16  1.4  25 (15.9◦)  3.3  0  1,2  1,2  /  2  1
 C19  0.16  1.4  10 (24.4◦)  3.3  0  2  2  /  2  /
 C20  0.16  1.4  5 (33.1◦)  3.3  0  1,2  /  1,2  2  1
 C21  0.24  1.8  25 (15.9◦)  3.3  0  2  /  2  2  /
 C22  0.24  1.8  10 (24.4◦)  3.3  0  2  2  /  2  /
 F1  0.06  1.8 ∞ (0◦)  3.3  0  2  2  /  /  2
 F2  0.13  1.4 ∞ (0◦)  3.3  0  2  /  2  /  2
 F3  0.16  1.4 ∞ (0◦)  3.3  0  2  2  /  /  2
 F4  0.16  1.8 ∞ (0◦)  3.3  0  2  2  /  /  2
 F5  0.13  1.4  5 (33.1◦)  3.3  0  2  2  /  /  /
 F6  0.13  1.4  10 (24.4◦)  3.3  0  2  2  /  /  /
 F7  0.13  1.4  25 (15.9◦)  3.3  0  2  /  2  /  /
 F8  0.13  1.4  25 (15.9◦)  3.3  45  2  2  /  /  /
 F9  0.13  1.4  25 (15.9◦)  3.3  90  2  /  2  /  /
 F10  0.13  1.4  25 (15.9◦)  3.3  135  2  2  /  /  /

Fig. 6. A photo of the layout of the M4 WEC in the FloWave basin.

superposition of cos-2s spreading functions:

𝐷(𝜃) = 𝛼1

(

cos
(

𝜃 − 𝜃1
2

))2𝑠1
+ 𝛼2

(

cos
(

𝜃 − 𝜃2
2

))2𝑠2
(38)

where 𝜃 is the direction. For each mode 𝑖, 𝜃𝑖 is the mean direction, and 
𝑠𝑖 parameter determines the directional spreading. The value 𝛼𝑖 controls 
the amplitudes of the modes and is set to ensure that ∫ 𝜋−𝜋 𝐷(𝜃)𝑑𝜃 = 1. For 
all crossing conditions tested, both modes were set to have equal direc-
tional spreading and equal amplitude and therefore 𝛼1 = 𝛼2 and 𝑠1 = 𝑠2. 
We also ensure the total mean direction is always equal to zero and 
therefore 𝜃1 = −𝜃2 and the crossing angle Δ𝜃 = 2|𝜃𝑖|. As per Table 1, we 
assess uni-modal spectra with 𝑠 values of ∞, 5, 10 and 25, and bi-modal 
spectra with 𝑠 = 25 and Δ𝜃 of 45◦, 90◦ and 135◦. For uni-modal spec-
tra, this can be considered as either the special case that both modes 
have the same mean direction and directional spreading, or as a sin-
gle mode. The 𝑠 values in Eq. (38) and Table 1 can be converted to 
a standard deviation of an equivalent Gaussian directional distribution 
via 𝜎𝜃 =

√

2∕(1 + 𝑠). These more physically interpretable values are also 
presented in Table 1.

4.  Results

4.1.  Model comparison and choice

Selecting the most suitable model is a critical step in the process. 
Both linear and nonlinear models are considered, including ARX, TDNN, 
RBF, LSTM, and GRNN. These models are compared based on perfor-
mance, and the best-performing one is chosen. For these initial com-
parisons, during training, the first 70% of the data from Case C1 in 
Configuration 2 are used for training, while the remaining 30% are 
reserved for testing. The input of the model is the surge motion (𝑋) 
of the bow float, and the output of the training data is the bed force 
measured by the front line (𝐹𝑓𝑟𝑜𝑛𝑡). The prediction results are shown 
in Fig. 7, and the NRMSE results are compared and listed in Table 2. 
The ARX model shows slightly better prediction accuracy on the test set 
than on the training set due to under-fitting, but its overall prediction 
accuracy is limited by its linear structure, which cannot capture the sys-
tem’s nonlinear dynamics. The RBF model has poor accuracy because 
it cannot incorporate temporal dependencies, making it less effective 

Ocean Engineering 351 (2026) 124312 

6 



H. Yang et al.

Fig. 7. Time series plot of predicted and measured force for different models 
on the test data from Configuration 2, Case C1.

Table 2 
NRMSE results for Case C1 with different models.
 Model  Linearity  Delay  Train  Test
 ARX  Linear  Yes  0.2872  0.2485
 TDNN  Nonlinear  Yes  0.1143  0.1428
 RBF  Nonlinear  No  0.3875  0.3877
 LSTM  Nonlinear  Yes  0.1416  0.1589
 GRNN  Nonlinear  No  0.1430  0.1690

for dynamic systems. In contrast, nonlinear models with delay, such 
as TDNN and LSTM models, achieve much higher accuracy by effec-
tively capturing both nonlinearities and system dynamics. Among non-
linear models without delay, GRNN model has better accuracy due to its 
more effective formulation and training mechanism; instead of storing 
only weights like RBF model, GRNN model retains all training samples, 
enabling better interpolation and generalization. Overall, the TDNN, 
LSTM, and GRNN models achieve better prediction accuracy than the 
ARX and RBF models, as indicated by their lower NRMSE values.

Although the LSTM and GRNN models achieve prediction accuracy 
comparable to the TDNN model, they are not the preferred choices. 
For the LSTM model, the model structure is more complex than TDNN 
model, makes training time significantly longer. Even for a single case 
with a single input DOF, LSTM requires about 7 minutes to train, while 
the TDNN completes the same task in only a few seconds. This implies 
that when training a generalized LSTM model across multiple cases and 
multiple input DOFs, the total computational cost becomes prohibitively 
large. For the GRNN model, all training samples must be stored explic-
itly, while the TDNN model only stores its learned weights. Therefore, 
when training a generalized GRNN model across multiple cases and mul-
tiple input DOFs, the required memory becomes excessively large. Due 
to its lower computational, memory requirements and better prediction 
accuracy, the TDNN model is selected as the preferred approach.

Different learning methods are evaluated to further improve the 
model’s performance. Several training algorithms are compared, includ-
ing Levenberg-Marquardt backpropagation (trainlm), Resilient back-

Table 3 
NRMSE results for Case C1 with differ-
ent learning methods.
 Learning Method  Train  Test
 trainlm  0.1165  0.1437
 trainrp  0.1242  0.1518
 traingdm  0.1385  0.1611
 trainbfg  0.1191  0.1467
 trainscg  0.1187  0.1452
 trainbr  0.1143  0.1428

Table 4 
NRMSE results for Case C1 with different 
activation functions.
 Activation Function  Train  Test
 logsig  0.1233  0.1502
 tansig  0.1143  0.1428
 softmax  0.1172  0.1447
 elliotsig  0.1155  0.1433

propagation (trainrp), Gradient descent with momentum backprop-
agation (traingdm), Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-
Newton backpropagation (trainbfg), Scaled conjugate gradient back-
propagation (trainscg), and Bayesian regularization backpropagation 
(trainbr). The training and test datasets remain 70% and 30% of the 
data from Case C1 in Configuration 2, respectively. The NRMSE results 
are listed in Table 3. Bayesian regularization backpropagation achieves 
the best performance and yields the smallest NRMSEs, and is therefore 
selected.

Activation functions play an important role in the performance of 
the TDNN. Several functions, including the logsig, tansig, softmax, and 
elliotsig functions, can be used as activation functions in the TDNN. 
For each of these activation functions, using the same training and test 
datasets, the NRMSE results are listed in Table 4. The tansig function is 
selected as the activation function due to its moderately superior per-
formance.

4.2.  Input data selection

After determining the neural network type and training settings, the 
selection of input data for training is further considered. While surge 
motion is the primary motion driving mooring force, other motions also 
influence the resulting force, particularly for directional wave condi-
tions. Different input configurations, including surge (𝑋) motion only, 
planar (𝑋𝑌 ) motion, spatial (𝑋𝑌𝑍) motion, and full 6-DOF motion, are 
compared. The TDNN model is now generalized across all cases for each 
configuration and basin, and are trained using approximately 70% of 
the total data from each configuration. For Configuration 1, training 
uses the data from eleven wave conditions, and testing uses the data 
from unseen five wave conditions. For Configuration 2, training uses 
data from fifteen wave conditions, and testing uses data from seven un-
seen conditions as listed in Table 1. For FloWave data, training uses 
data from seven wave conditions, with testing using data from three, 
see Table 1.

To evaluate the effect of different input configurations, the TDNN 
model is first applied to Configuration 1. The NRMSE results for dif-
ferent numbers of input variables in Configuration 1 are presented in 
Table 5. As the number of inputs increases, from surge only, to pla-
nar, spatial, and finally 6-DOF, the average NRMSE across all cases con-
sistently decreases, with only a few cases showing a slight increase in 
NRMSE when moving from one to two inputs. The 6-DOF input yields 
the lowest average NRMSE, and all individual cases achieve their mini-
mum error in this setting. Prediction results for this input configuration 
on the test dataset are shown in Fig. 8. The model demonstrates strong 
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Table 5 
NRMSE Results for different input settings in Configuration 
1. The generalized model is trained on all cases identified 
as “Train” and tested respectively on the cases identified as 
“Test”.

 Case  Set  X only  XY  XYZ  6-DOF
 C1  Test  0.6911  0.6965  0.5964  0.5735
 C2  Train  0.7952  0.7979  0.6497  0.6291
 C3  Train  0.9049  0.9084  0.6829  0.6586
 C4  Train  0.5617  0.5621  0.5127  0.4853
 C5  Test  0.7303  0.7247  0.6023  0.5788
 C6  Train  0.8616  0.8601  0.6312  0.6082
 C7  Train  0.4913  0.4853  0.4574  0.4534
 C8  Test  0.5849  0.5830  0.5059  0.4950
 C9  Train  0.7930  0.7788  0.6136  0.6007
 C10  Test  0.5368  0.5354  0.4546  0.4445
 C11  Train  0.7329  0.7238  0.5804  0.5560
 C12  Train  0.5234  0.5184  0.4611  0.4432
 C13  Train  0.5254  0.5195  0.4528  0.4326
 C14  Train  0.7274  0.7331  0.6651  0.6525
 C18  Train  0.6198  0.6070  0.5252  0.5075
 C20  Test  0.6222  0.6107  0.4762  0.4594
 Average  0.6689  0.6653  0.5542  0.5361

Fig. 8. Time series plot of predicted and measured force for test data when 
model input is 6-DOF motion in configuration 1.

predictive performance at low frequencies, though accuracy decreases 
at high frequencies.

To further validate the influence of input configurations, the same 
analysis is extended to Configuration 2. The NRMSE results for Config-
uration 2 are listed in Table 6. Overall, the average NRMSE is lower 
compared to Configuration 1. However, increasing the number of input 
variables from one to two leads to a slight rise in average NRMSE, in-
creasing in most individual cases. When the number of inputs increases 
from two to three, the NRMSE decreases for many cases, lowering the av-
erage, though it remains slightly higher than with a single input. When 
all 6-DOF motions are used, a significant number of cases achieve their 
minimum NRMSE, resulting in the lowest average error. This suggests 
the rotations, mainly pitch (𝜃𝑦) are more important to capture for Config-

Table 6 
NRMSE Results for different input setting in Configuration 
2. The generalized model is trained on all cases identified 
as “Train” and tested respectively on the cases identified as 
“Test”.

 Case  Set  X only  XY  XYZ  6-DOF
 C1  Test  0.3916  0.4056  0.3578  0.2559
 C2  Train  0.4010  0.4209  0.3539  0.2415
 C3  Train  0.4147  0.4999  0.3623  0.3703
 C4  Train  0.3545  0.3551  0.3163  0.2510
 C5  Test  0.4056  0.4033  0.3654  0.3081
 C6  Train  0.3953  0.4213  0.3654  0.3063
 C7  Train  0.2835  0.3000  0.2711  0.2209
 C8  Test  0.2877  0.2967  0.2852  0.2878
 C9  Train  0.4023  0.4449  0.4017  0.4045
 C10  Test  0.2707  0.2822  0.2605  0.2440
 C11  Train  0.3650  0.3906  0.3503  0.3130
 C12  Train  0.2924  0.3015  0.2756  0.2024
 C13  Train  0.2132  0.2142  0.2034  0.1977
 C14  Train  0.3343  0.3607  0.3198  0.2335
 C15  Train  0.2909  0.2944  0.2549  0.2574
 C16  Test  0.3249  0.3402  0.3245  0.3442
 C17  Train  0.3809  0.4106  0.3930  0.4701
 C18  Train  0.4088  0.4570  0.4849  0.4708
 C19  Train  0.3875  0.4191  0.4376  0.4125
 C20  Test  0.4175  0.4812  0.5331  0.4599
 C21  Test  0.3414  0.3677  0.3681  0.4368
 C22  Train  0.4058  0.4438  0.4691  0.5331
 Average  0.3532  0.3778  0.3525  0.3283

uration 2. Prediction results when the model input is 6-DOF motion are 
shown in Fig. 9, corresponding to the test dataset. At high frequencies, 
the model demonstrates improved accuracy compared to the Configu-
ration 1 model, contributing to the overall lower NRMSE. However, in 
some cases, the performance at low frequencies is reduced, suggesting 
that the model is overfitting in these scenarios.

In order to assess the generalizability of the TDNN model for complex 
ocean conditions, the same input configuration analysis is conducted 
using the FloWave dataset. This dataset comprising complex crossing 
sea states where all degrees of freedom may be expected to be impor-
tant. The NRMSE results for the FloWave dataset are listed in Table 7. 
In general, the average NRMSE decreases as more motion components 
are included in the model input. This trend is consistent across most 
cases. However, three cases show a different pattern. In Case F1, the 
NRMSE increases when the second motion component is added, then 
decreases slightly with the third component, though it remains higher 
than the result using only the primary surge motion. The lowest NRMSE 
is achieved when all motion components are included. In Case F2, the 
NRMSE initially increases with additional inputs, then decreases, but in-
creases slightly when all six motion components are used. In Case F4, the 
NRMSE rises when the second motion component is introduced. These 
variations suggest that in some cases, including more input variables 
leads to overfitting, affecting the model’s generalization. The patterns 
for the cases are similar to that observed in Configuration 2 in the COAST 
laboratory as intended. The predicted results for the test cases, when the 
model input includes all six motion components, are shown in Fig. 10. 
The model demonstrates good performance even for highly directional 
unseen cases including a good representation of the high frequency con-
tent.

4.3.  Condition monitoring performance

4.3.1.  Configuration 1 vs. configuration 2
For condition monitoring, the first experiment focuses on monitor-

ing two configurations in the COAST laboratory. TDNN models are 
trained using data from Configuration 2, which represents the healthy 
condition, and tested on data from Configuration 1, representing the 
faulty condition. To assess the physical differences between the con-
figurations we present Fast Fourier Transforms (FFTs) of the surface
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Fig. 9. Time series plot of predicted and measured force for test data when 
model input is 6-DOF motion in configuration 2.

Table 7 
NRMSE Results for different input settings in FloWave. The 
generalized model is trained on all cases identified as “Train” 
and tested respectively on the cases identified as “Test”.
 Case  Set  X only  XY  XYZ  6-DOF
 F1  Train  0.9620  1.1428  0.9862  0.9346
 F2  Test  0.3795  0.3857  0.3253  0.3314
 F3  Train  0.3923  0.3847  0.3051  0.2911
 F4  Train  0.4644  0.4744  0.4053  0.3862
 F5  Train  0.5652  0.5219  0.4777  0.4655
 F6  Train  0.5061  0.4867  0.4377  0.4221
 F7  Test  0.4674  0.4534  0.4112  0.4011
 F8  Train  0.5239  0.4946  0.4550  0.4465
 F9  Test  0.7450  0.6843  0.6174  0.6070
 F10  Train  0.9856  0.9125  0.9089  0.8800
 Average  0.5991  0.5941  0.5330  0.5165

elevation, heave, pitch, surge, and bed force, for cases C3, C8, C10 and 
C11 in Fig. 11. It is clear that the surface elevations and M4 motions 
are practically identical demonstrating high repeatability of the con-
ditions and associated hydrodynamic response of the M4 system. The 
bed force is substantially different due to the different mooring buoy 
configurations, with configuration 2 having larger low frequency forc-
ing and substantially reduced forcing at the wave frequencies, owed to 
the reduced wave-induced forcing on the mooring buoy(s) themselves 
(Draycott et al., 2023). Hence, there is a different relationship between 
motion and force, a surrogate of a fault condition. It is worth noting 
that while spectral analysis can reveal differences in bed forces under 
various representative wave conditions, it is insufficient for condition 

Fig. 10. Time series plot of predicted and measured force for test data when 
model input is 6-DOF motion in FloWave.

Fig. 11. FFTs of surface elevation (𝜂), heave (𝑧), pitch (𝜃𝑦), surge (𝑥) and front 
bed force (𝐹𝑓𝑟𝑜𝑛𝑡) for both Configuration 1 and Configuration 2. Shown for cases 
C3, C8, C10 and C11.
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Fig. 12. Residual distributions for both Configurations 1 and Configurations 2. 
Shown for cases C3, C8, C10 and C11.

monitoring on its own. This limitation arises because spectral analy-
sis requires comparisons under consistent wave conditions, which often 
vary in practice. To overcome this, the proposed method is designed to 
detect such differences under previously unseen wave conditions.

To assess the ability to identify these differences, the model is trained 
on twenty-two wave conditions from Configuration 2 and tested on six-
teen wave conditions from Configuration 1, using data from the COAST 
laboratory. We take care to ensure that the modifications to float mean 
positions due to the change in mooring configuration are accounted for 
to enable consistency. Four models are developed using different in-
put configurations: surge (𝑋) motion only, planar (𝑋𝑌 ) motion, spa-
tial (𝑋𝑌𝑍) motion, and 6-DOF motion. The performance evaluation in-
volves analysing the residual distributions between measured and pre-
dicted forces for each input setting. Fig. 12 compare the residual dis-
tributions of the model predicted forces against the measured forces. 
Both configurations exhibit bell-shaped, approximately normal distri-
butions; however, Configuration 1 displays flatter curves, whereas Con-
figuration 2 yields narrower, more concentrated distributions across all 
sixteen cases. While these visual differences are apparent, a manual as-
sessment remains impractical for rigorous analysis. For a quantitative 
comparison, NRMSE values are computed and presented in Table 8. The 
results, as expected, consistently show that Configuration 2 achieves 
lower NRMSE values than Configuration 1 across all wave conditions, 
as the generalized model was trained using Configuration 2 data and 
applied to Configuration 1 data. In all scenarios, the maximum NRMSE 
observed in the training dataset is lower than the minimum NRMSE in 
the test dataset. By applying NRMSE thresholds above 0.6 when the 
model input consists of surge (𝑋) motion only or planar (𝑋𝑌 ) motion, 
and above 0.5 when the input includes spatial (𝑋𝑌𝑍) motion or full 6-
DOF motion, the presence of a fault condition can be effectively defined. 
These results demonstrate that NRMSE thresholds can be used for con-
dition monitoring applications as robust indicators that the dynamics of 
the system have changed. The experiments involve minor changes in the 

Fig. 13. FFTs of surface elevation (𝜂), heave (𝑧), pitch (𝜃𝑦), surge (𝑥) and front 
bed force (𝐹𝑓𝑟𝑜𝑛𝑡) for both FloWave and COAST. Shown for cases C3, C8, C10 
and C11.

mooring system, and early-stage faults are successfully detected. How-
ever, in practical applications, the monitoring process is continuous and 
starts under healthy conditions, with the threshold set to a small value. If 
the detection results continuously exceed the threshold, a maintenance 
action is triggered. If the detection results only occasionally exceed the 
threshold, they are treated as false alarms, and the threshold can be 
further adjusted to reduce the false-alarm rate.

4.3.2.  FloWave vs. COAST
The second experiment focuses on evaluating the nominally same 

configuration in different laboratory settings: FloWave and COAST. Al-
though the mooring configuration was designed to be nominally the 
same, it is known that practically there will be several minor differ-
ences due to deviations in: wave generation, bed mounting positions, 
the elastic mooring lines used and line lengths, minor differences in 
buoyancy. To assess the physical differences we present FFTs of surface 
elevations, heave, pitch, surge and bed force, in Fig. 13. It is evident 
that there is excellent agreement in terms of the generated wave spec-
tra along with very high similarity in terms of the heave and pitch of 
the M4 system. The M4 surge and associated bed force agree well over 
most of the spectrum, however, there are larger differences at low fre-
quency, particularly the surge for case C3 (F1). There are also some 
smaller variations in the measured force around the wave frequencies, 
although much less than observed between configurations 1 and 2 (see 
Fig. 11). Overall, there are significant enough differences to treat this as 
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Table 8 
NRMSE results for both Configurations 1 and Configurations 2.
 Input  X only  XY  XYZ  6-DOF
 Case  Config 1 (Test)  Config 2 (Train)  Config 1 (Test)  Config 2 (Train)  Config 1 (Test)  Config 2 (Train)  Config 1 (Test)  Config 2 (Train)
 C1  0.84  0.40  0.80  0.40  0.81  0.37  0.75  0.28
 C2  0.95  0.45  0.91  0.43  0.92  0.38  0.89  0.33
 C3  1.04  0.54 (max)  1.03  0.56 (max)  1.00  0.45 (max)  0.97  0.39
 C4  0.66  0.33  0.66  0.33  0.66  0.31  0.65  0.25
 C5  0.87  0.41  0.83  0.40  0.85  0.36  0.85  0.32
 C6  0.98  0.42  0.94  0.44  0.93  0.38  0.93  0.38
 C7  0.62 (min)  0.32  0.62 (min)  0.31  0.61 (min)  0.29  0.60  0.26
 C8  0.67  0.26  0.67  0.27  0.69  0.26  0.69  0.24
 C9  0.91  0.40  0.90  0.41  0.89  0.38  0.92  0.44 (max)
 C10  0.64  0.29  0.63  0.28  0.64  0.26  0.65  0.23
 C11  0.83  0.34  0.83  0.36  0.82  0.32  0.80  0.25
 C12  0.64  0.34  0.63  0.32  0.63  0.30  0.60 (min)  0.22
 C13  0.65  0.23  0.64  0.22  0.64  0.21  0.61  0.21
 C14  0.71  0.32  0.72  0.34  0.71  0.31  0.63  0.21
 C18  0.73  0.38  0.73  0.35  0.76  0.36  0.68  0.24
 C20  0.78  0.39  0.77  0.37  0.80  0.36  0.79  0.30
 Average  0.78  0.36  0.77  0.36  0.77  0.33  0.75  0.29

Table 9 
NRMSE results for both FloWave and COAST.
 Input  X only  XY  XYZ  6-DOF
 Case  FloWave (Test)  COAST (Train)  FloWave (Test)  COAST (Train)  FloWave (Test)  COAST (Train)  FloWave (Test)  COAST (Train)
 C3 F1  1.08  0.54 (max)  1.03  0.56 (max)  1.01  0.45 (max)  1.07  0.39 (max)
 C8 F2  0.53  0.26  0.53  0.27  0.51  0.26  0.51  0.24
 C10 F3  0.50 (min)  0.29  0.48 (min)  0.28  0.46 (min)  0.26  0.45 (min)  0.23
 C11 F4  0.68  0.34  0.67  0.36  0.65  0.32  0.62  0.25
 Average  0.70  0.36  0.68  0.37  0.66  0.32  0.66  0.28

Fig. 14. Residual distributions for both FloWave and COAST.

another fault condition for testing the performance of the SI model for 
condition monitoring.

To assess the ability to identify these differences, the models are 
trained using data from the COAST laboratory and then applied to data 

collected from the FloWave laboratory. The four models used in this ex-
periment are identical to those in the first experiment, with the same 
input settings. Fig. 14 compares the residual distributions between the 
model predicted forces and the measured forces. The data from the 
COAST laboratory exhibit narrower residual curves, while those from 
the FloWave laboratory show flatter distributions. The differences are 
generally small in most wave conditions, as both laboratories use the 
same physical configuration with minor differences. For a quantitative 
comparison, the NRMSE values are calculated and presented in Ta-
ble 9. In all scenarios, the NRMSE values from the COAST laboratory 
are smaller than those from the FloWave laboratory. The maximum 
NRMSE in the training dataset and the minimum NRMSE in the test 
dataset are relatively close. The NRMSE ranges for the training and test 
datasets overlap when the input is limited to surge (𝑋) motion only, but 
become increasingly separated as more input degrees of freedom are 
introduced. These results indicate that the proposed method remains ef-
fective for minor fault detection when the configuration has only minor 
differences.

5.  Conclusion

In this paper, a cost-effective data-driven method is proposed for con-
dition monitoring of mooring systems in a multi-float wave energy con-
verter. First, several linear and nonlinear modelling methods are com-
pared with Time Delay Neural Network (TDNN) models demonstrating 
the best performance. Subsequently, different training settings for the 
TDNN model are evaluated and performance sensitivity to the number 
of inputs is assessed where six-degree-of-freedom inputs are shown to 
be most effective. Generalized TDNN models are developed using data 
from both the COAST and FloWave facilities under various wave condi-
tions and associated motion inputs, including challenging directionally 
spread and crossing wave conditions mimicking real ocean complexity. 
Finally, the TDNN models and residual-based analysis are used to dis-
tinguish between normal and altered conditions, using data under two 
surrogate fault scenarios: (i) two different mooring configurations in 
the same basin, and (ii) nominally the same mooring configuration in 
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two basins. In the first scenario (two configurations in the Plymouth 
basin), the residual-based analysis successfully detects the small dif-
ferences in mooring dynamics between the configurations and normal-
ized root mean squared error thresholds can be effectively used to ro-
bustly identify the change in mooring dynamics. In the second scenario 
(FloWave versus COAST basins), the model detects the subtle differences 
arising from basin-specific hydrodynamic effects. In both scenarios, the 
ability to detect changes improves with increasing degrees-of-freedom 
included in the input, enabling earlier and more reliable fault identi-
fication. Since the identified models generalize across multiple wave 
conditions, the proposed method is able to detect such differences un-
der unseen wave conditions. Overall, the method is shown as a highly 
promising approach for the condition monitoring of mooring systems for 
floating platforms, even for complex nonlinear systems in unseen and 
complex realistic sea states. In practice, such modelling may be used 
to assess changes in model structure during continuous monitoring; this 
will indicate deterioration or damage to a mooring for possible remedial 
action. Differentiating between mooring damage and effects of marine 
growth which will increase force is a further problem for future work.
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