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This study employs a data-driven Fault Detection and Isolation (FDI) methodology in Floating Offshore Wind
Turbine (FOWT) farms. The main objective of the work lies in classifying faults impacting the components
of the control subsystems across multiple turbines. Unlike existing research, the emphasis here is placed
specifically on identifying and classifying non-critical faults, which may result in suboptimal farm performance
without necessitating a shutdown. From a methodological perspective, a Deep Neural Network has been
designed to solve the classification problem by providing a probability vector, the most probable class indicator
of the true state. One of the major contributions of this work lies in its applicability to FOWT farms instead
of being confined to individual devices, facilitating a comprehensive performance assessment at the global
farm level. The integration of this data-driven methodology with tolerant control strategies might enable early
intervention, mitigating the impact of these faults and enhancing overall power generation efficiency. The
target case study is a three-FOWT farm modeled in a Simulink environment, allowing for the simulation
of operational behavior under diverse conditions and various faults affecting sensors and actuators. This
work considers ten distinct fault classes, including the healthy condition, and three possible faults for each
FOWT: pitch angle sensor, pitch angle actuator, and generator speed sensor. These frequent faults pose
challenges to the optimal functioning of the control system managing the FOWTs. The outcomes highlight
that the estimated probability of the healthy state serves as a robust indicator for detecting unknown faults.
Results also demonstrate the adequate efficacy of the method in pinpointing the fault origin. However, we
observe confusion between pitch sensor and actuator faults that require further investigation for comprehensive
understanding.

1. Introduction Wind turbines (WTs) are complex structural systems where many
operating mechanisms interact, including electromechanical, aerody-

The energy sector accounts nowadays for more than 75% of the namics, and control devices (Cho et al., 2018). Such systems incur

greenhouse gas emissions in Europe. The green deal of achieving a
clean, safe, interconnected, and decarbonized energy picture is thus of

considerable operation and maintenance costs, estimated to be ap-
proximately 10-15% (in the case of onshore) and 30% (in the case

paramount importance (Hafner and Raimondi, 2021). In this context,
wind energy is increasingly gaining weight in transitioning towards
a renewable-energy-driven global energy mix. The European commit-
ment to achieve a 45% contribution of renewable energy by 2030
has motivated a ranging increase in the installation of wind farms.
In particular, special interest is currently devoted to offshore wind
solutions, given their advantages compared to their onshore analogous
(possibility to install bigger turbines, steadier wind speeds, etc.) (Gibbs
and Jensen, 2022; Durakovic et al., 2023; Talarek et al., 2022).

of offshore) of the total income of the farms (Serensen and Sgrensen,
2012; McMillan and Ault, 2007; Nava et al.,, 2019). This economic
impact poses the main bottleneck for their consolidation as a profitable
energy source (Fekih et al,, 2021). Among the offshore solutions,
Floating Offshore Wind Turbines (FOWTs) are particularly expensive,
given the harsh and hazardous environments and the accessibility
problems of the sites where they operate (Ciuriuc et al., 2022). For
this reason, increasing efforts have been devoted to developing strate-
gies that reduce downtime and maintenance costs. These activities
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(e.g., preventive maintenance or fault detection) enable a more cost-
effective performance of FOWT farms (Odgaard and Johnson, 2013;
Reder et al., 2016).

The control system is one of the most essential subcomponents of
FOWTs, given its critical role in their behavior and efficient perfor-
mance. Control devices (i.e., sensors, actuators, control units) represent
the second most frequent failure in WTs, following the electrical sys-
tem (Rolfes et al., 2014; Scheu et al., 2019; Habibi et al., 2020). They
often cause non-critical faults that result in suboptimal performance of
the system. However, if these faults remain undetected over time, they
may lead to severe failure or unplanned shutdown (Badihi et al., 2022;
Reder et al., 2016).

Further, in the case of FOWTs, these faults may originate instability
problems on the floating platform due to unexpected aerodynamic
forces (Salic et al., 2019; Yu et al., 2018b). The accessibility delays and
issues due to safety regulations (daytime hours, adequate weather and
sea conditions, reduced wind levels, etc.) on maintenance incursions
enforce FOWTs to operate suboptimally for long periods (Badihi et al.,
2022). Therefore, the early detection of operative faults is critical for
managers and owners of FOWT farms. In this light, real-time moni-
toring, fault detection and isolation (FDI), and fault tolerant control
(FTC) methods that attempt to minimize the impact of such periods
of underperformance are becoming more and more popular (Rotondo
et al, 2012; Gao and Sheng, 2018; Badihi et al., 2022). FDI can
be envisioned as an inverse problem where the health condition of
a system (e.g., a wind turbine) is inferred from observations of its
measurable response (Isermann, 2005; Gao and Sheng, 2018). In this
work, we employ an FDI approach for fault classification in the control
devices of a FOWT farm.

FDI techniques detect and identify potential faults in a system from
the monitoring data acquired during operation (Isermann, 2005; Gao
and Sheng, 2018). Over the past decade, many studies have proposed
and analyzed FDI methods in WTs (Tchakoua et al., 2014; Liu et al.,
2015; Gao et al., 2015; Sharan and Jain, 2018; Liu et al., 2021; Cho
et al.,, 2021; Wu and Ma, 2022; Saci et al., 2022; Rahimilarki et al.,
2022). These techniques can be broadly classified into model-based and
data-based strategies (Saci et al., 2022). On the one hand, model-based
approaches employ a mathematical (physics-based) representation of
the dynamic system to produce redundant signals (Gao and Liu, 2021;
Fekih et al., 2022; Habibi et al., 2019).

Model-based approaches have been extensively applied for rapidly
detecting faulty behavior (Pefia-Sanchez et al., 2023; Ozdemir et al.,
2011; Tutivén et al., 2018; Zhang et al., 2019; Cho et al., 2018; Saci
et al., 2022). Deep Neural Networks (DNNs), mainly with convolutional
and residual architectures, have also been employed to build the signal
estimator (Wu and Ma, 2022; Zhang et al., 2019).
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On the other hand, data-based approaches directly exploit large
volumes of available data from the operating system to detect and iden-
tify faulty behavior on different subcomponents (Fekih et al., 2022).
These signals may include vibration, acoustic emission, strain, torque,
temperature, electrical measurements, and Supervisory Control And
Data Acquisition (SCADA) system signals (Dong and Verhaegen, 2011;
Qiao and Lu, 2015; Pozo and Vidal, 2016; Fu et al., 2020).

In recent years, data-driven techniques have experienced consider-
able development, achieving very robust and sophisticated tools. One
key driver of this empowerment is Artificial Intelligence (AI), and
particularly Machine Learning (ML) techniques, including Deep Neural
Networks (DNNs) (Tang et al.,, 2021; Ng and Lim, 2022). Interested
readers are referred to works (Tang et al., 2021) and Stetco et al. (2019)
for exhaustive literature reviews on ML methods for wind turbine
FDI. Convolutional neural networks are one of the most extensively
employed methods for handling space and time-domain dependencies.
For example, in work (Rahimilarki et al., 2022), the authors propose
a CNN-based methodology to detect and identify minor anomalies in
the outputs of a WT by converting the raw time-domain signals into
2D (grayscale) images filled row-wise with a segment of the entire
time-series signals. Besides, Yu et al. (2018a) implement a Deep Belief
network trained with historical data acquired during wind turbine
operation for effective fault detection.

Despite the vast literature on the field, the existing works focus
on detecting faults at one specific asset (e.g., the pitch sensors), thus
preventing a more general and reliable diagnostic. In particular, most
works apply to one isolated wind turbine, and they lack extrapolation
to the farm level, where multiple turbines interact. For example, Bach-
andersen et al. (2017) employ a convolutional neural network to extract
significant features from complex multisensor vibration signals, which
are then classified to isolate faults. They validate the method using
data from various WTs of the same family but treated as independent
assets. Xiao et al. (2021) employ SCADA data to detect faults in the
conversion system of a WT via a Deep Convolutional Network. A
more sophisticated approach is proposed by Xiang et al. (2021), where
authors combine the strengths of CNNs and LSTMs. Cho et al. (2021)
address a classification problem for faults in the blade pitch sensor and
control valve of a spar-type FOWT using autoencoder-based recurrent
neural networks for feature extraction and fault estimation.

After an extensive review, the authors found few works that simul-
taneously applied FDI to two or more turbines. Jiang et al. (2022)
proposed a federated Deep Learning (DL) framework to integrate data
from multiple wind turbines, using a multi-scale residual attention
network to extract the relevant features from the measured signals.
Their approach employs data collected with the SCADA system and
attempts to detect electromechanical faults. Aziz et al. (2022) present
a multi-turbine strategy to detect faults that cause an underperfor-
mance affecting the power curve by modeling a power curve for each
WT to calculate a farm-level residual. However, their strategy detects
underperformance problems rather than identifying the fault origin.

The proposed approach evaluates the condition of all the FOWTs
simultaneously, classifying potential faults, with the main novelty being
the use of a farm-based, data-driven method for fault detection in the
control system (sensors and actuators) in a FOWT farm. This work aims
to leverage the benefits of data synergy by aggregating information
from multiple turbines, resulting in a more comprehensive dataset.
In this context, the farm-based approach upon which this methodol-
ogy relies represents a partial response to address the issue of class
imbalance in faulty conditions. Indeed, in practical scenarios, when
labeled datasets are available from several turbines simultaneously, the
machine learning algorithm can capitalize on enriched training data,
particularly when the control system shows anomalies. From a data
management perspective, the benefits of a farm-wise approach for FDI
also rely on its scalability, as a new turbine can be integrated seamlessly
with small adjustments, allowing for the wind farm to expand gradually
without overhauling the monitoring framework.
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The main contribution of the method is its farm-wise orientation to
detect faults in multiple contiguous FOWTs, enabling a more manage-
able assessment for farm owners. Compared to other existing works,
we propose a diagnosis tool that considers faults occurring at various
sub-components of the control systems of multiple interacting wind
turbines.

The methodology employs a DNN with 1-D convolutional operators
to extract high-level information from the measured signals in the
time domain. As an application case to show the performance of
the proposed methodology, an in-house Simulink-based farm model
composed of three FOWTs is employed to generate the required signals
for training, validation, and test stages of the DNN approach. In this
case study, two possible fault modes (offset or drift) can occur on
three different subsystems: pitch angle sensor, pitch angle actuator,
and generator rotational speed sensor at each FOWT. We analyze the
testing results via the main classification metrics and observe that pitch
sensor and actuator faults are hardly differentiable given the close-loop
effect in the considered variables. We contemplate including memory
cells in future work to investigate this limitation. Besides, identifying
simultaneous faults is out of the scope of this work and will be regarded
as future research.

The remainder of this paper is organized as follows: Section 2 intro-
duces the architecture of the wind farm model considered along with
its possible faults, Section 3 describes the FDI strategy proposed in this
study, Section 4 provides an application case to show the performance
of the proposed FDI strategy and, finally, some conclusions are drawn
and the possible future work is discussed in Section 5.

2. Wind farm modeling and control system failures

An offshore wind energy farm contains various (floating or bottom-
fixed) wind turbines arranged according to a given layout. Particularly,
this study considers an offshore farm composed of floating wind tur-
bines. Each turbine comprises several interconnected subsystems: blade
pitch actuator system, drive-train, electric generator, tower, floating
platform, and mooring system (Tang et al., 2021; Ciuriuc et al., 2022).
The turbine is excited by the forces exerted by both waves f,,. and
wind fiinq.- While the former is indirectly inferred, the latter is usually
estimated using the wind speed (vy;,q) measured at different points of
the farm using anemometers, often located at the top of the nacelle
of each turbine (ua?;fj”e), and on measuring masts (levv[il\;/ll d) located at a
certain distance from the FOWTs.

To ensure optimal farm performance under varying excitation, the
control of the FOWTSs is carried out at two different levels: (i) at a farm
level, where the actual available power in the farm is estimated based
on wind measurements and a given reference power (P,) is demanded
by each device (depending on the grid requirements) (Odgaard et al.,
2013); and (ii) at a turbine level, where the blade pitch angles and the
generator torque are managed via proportional-integral (PI) controllers
to follow the reference from the farm controller (Odgaard et al., 2013;
Lan et al., 2018). In a simplified version, the block diagram depicted in
Fig. 1 describes the different subsystems of a FOWT, their interactions
within the control system, and the most relevant variables involved.

The FOWT controller will force the turbine to operate on a different
control regime, depending on the exciting wind speed vy;,4, to attain
an efficient performance. Fig. 2 depicts the power curve that describes
the operative regions of WTs depending on the wind speed.

The control regimes are described as follows:

* Region I: If vyinq < Ucyrins the turbine is stationary.

* Region II: If vy in < Uyind < Urated> the controller modifies the
generator torque to produce the maximum power. At the rated
velocity (vpqteq), the turbine generates the rated power, given by
the nominal power of the generator.

* Region III: If Upgieq < Uwind < Uecut-our» the controller regulates
the pitch angle to neglect wind power and minimizes the loads
affecting the rotating system while generating the rated power.
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* Region IV: If voyrour < Uwing> the pitch system cannot dissipate
enough energy from the wind, and the turbine is shut down to
prevent unnecessary strain on the generator.

Note that only the second and third operating regimes are considered
here since the study aims to detect faults occurring during operation,
which only happens in such regions.

In this work, the farm is numerically modeled using the time-
domain FOWLTY simulator (Pefna-Sanchez et al., 2023, 2022), which
is a wind farm (onshore or offshore) simulation toolbox developed in
Matlab/Simulink, based on the existing SimWindFarm simulator (Grun-
net et al., 2010), able to recreate faults on the different subsystems of
the turbines. The simulator includes four (fully-coupled) modules: (i)
the wind field module, which has the information of the undisturbed
wind field and adds the wake effects of the FOWTs according to their
current behavior; (ii) the wind turbines module, which describes the
individual WTs; (iii) the farm controller module, which implements the
aforementioned farm-level control assigning a reference power to each
turbine depending on the available wind power; and (iv) the network
module, which simulates the grid behavior.

Since the FOWLTY toolbox is a control-oriented model, it considers
a set of assumptions to simplify the model. One of the strongest
simplifications is assuming a constant mean wind speed and direction
(traveling along the x axis in the positive direction). Such simplification
makes modeling the yaw mechanism unnecessary, and the FOWTs are
assumed to always face the wind. Additionally, waves are generated
from a JONSWAP spectrum (fully characterized by the peak period and
the significant wave height) (Hasselmann, 1973) and are assumed to
travel in the same direction as the wind, which simplifies the definition
of the floating platform. The interested reader is referred to Pefia-
Sanchez et al. (2023, 2024, 2022), Grunnet et al. (2010) for a more
comprehensive description of the simulation toolbox, including the
models of the different subsystems and the simplifying assumptions,
or to Pena-Sanchez et al. (2024) for validation of FOWLTY against the
well-known simulation tool OpenFAST (Jonkman et al., 2022).

Among the different faults that can be recreated using FOWLTY,
this study focuses on a set of non-critical faults affecting the control
closed-loop governing the FOWTSs behavior, i.e., critical faults implying
system shutdown are out of the scope of this work. In particular, faults
affecting the measured pitch angle (pitch sensor fault), the measured
generator speed (generator sensor fault), and the actual blade pitch
angle (pitch actuator fault) have been considered.

On the one hand, faults on the pitch subsystem are considered
since that is one of the most vulnerable components in FOWTs (Fekih
et al.,, 2021). Faults in the pitch sensor can disrupt the controller
and turbine performance, potentially causing structural imbalances due
to uneven blade loading (Mazare et al., 2021). The pitch actuator is
also susceptible to faults, including hydraulic leakage and air content,
which alter the system’s dynamic response and compromise angle
regulation (Habibi et al., 2019). On the other hand, issues may also
arise in the generator subsystem (such as the generator speed sensor
or applied generator torque) during operation (Odgaard and Stoustrup,
2014). For instance, a bias in the generator speed sensor might cause
pitch angle deviations and instability (Mazare et al., 2021).

In this work, two fault types, frequently observed in control signals
of FOWTs, affecting the pitch and generator subsystems are considered:
offset and drift (Jana et al., 2022; Singh et al., 2018). The two pos-
sible fault modes are introduced in Simulink by altering the original
(healthy) time-domain signal' as:

1 Note that the faults are not manually implemented since the considered
simulator (FOWLTY) already includes the option to implement the introduced
faults at any given time.
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Fig. 2. Power reference curve for a FOWT depending on the wind speed.

Offset fault: the signal presents a constant offset with respect to the
original (healthy) value, such that:

faulty ;] — yhealthy[ ) 4 5 @

where 8., represents the offset constant, and xMa!thy[s] and
xfUY[1] indicate the healthy and faulty observation at time
instant ¢, respectively.

offset>

Drift fault: the signal presents a time-dependent offset that follows a
linear trend (Jana et al., 2022; Singh et al., 2018), such that:

@

xfaulty [f] = xhealthy[t] + 5drift X1,

with 64, indicating the coefficient of the linear trend.
3. Fault diagnosis methodology

Fault diagnosis is an inverse problem where we employ obser-
vations of the system behavior to infer the faults that cause that
conduct (Camps Echevarria et al., 2014). The most relevant char-
acteristic of inverse problems is their ill-posedness since they may
have multiple solutions (Aster et al., 2005). This property makes their
solution a challenging task to solve. This section describes the proposed
methodology for implementing an FDI strategy for fault identifica-
tion in an FOWT farm. Fig. 3 represents a flowchart of the proposed
methodology.

Let X € RS*NX represent the dataset containing N raw observa-
tions from the v variables, including simulations from S fault scenarios.
These variables include sensor and actuator signals from the different
interacting subsystems described in Section 2 (see Fig. 1). We apply a
linear re-scaling variable-wise into the interval [0.5, 1.5] to ensure that
the v features have the same order of magnitude. For a certain variable
%, we define %,,;, := min(®), and %,,,, := max(X). We then express the
rescaling function as:

. X—-X
R(X)=§C

mn_ 4 0.5. 3)
max ~ Xmin

We apply Eq. (3) to produce the re-scaled variables, such that x = R(X).
From now one, we will be using the rescaled version of the measured
signals, denoted by X = RX).

Since this work aims to detect damage early, we must employ
short signal segments as the input data to perform the classification
task. Thus, we divide the rescaled signals into shorter segments of
n measurements. Given the computational constraints (time-demand)
of generating the synthetic signals, we employ a data augmentation
technique based on overlapping (Shengnan et al., 2020) to increase
the number of available samples. Fig. 4 schematically represents the
segmentation process of a rescaled signal with n, overlapping points
between consecutive segments. After this process, each sample X; con-
tains the n-dimensional re-scaled segments for each of the v variables,
such that:

X1 X2 X10
X X X
X =" 7 2 @
Xn1 Xn2 Xy
For a certain sample X;, we express the inverse problem as:
true
yi o =1(X)), )

i

where 7 refers to the inverse operator, and vector y!™¢ describes the
system condition diagnostic. We envision I as a classification task
where, given an observation X;, the fault condition vector y}‘“e €
[0,11¥ = [yfflL‘e, L y?f[‘ée] contains the probability of the system being
at any of K possible states. However, in most cases, the true inverse
operator is a complex physical process typically unknown. In this work,
we propose a DL-based approach to approximate 7, and apply it to the
case study described in Section 4.

On the other hand, we consider K possible states representing the
different fault conditions, including the reference (healthy) state. For
any fault scenario k = 1,2,...,K — 1, each observation j at the ith
sample receives a single-value condition label jz}_'?‘e € {0,k}. Although
we consider two failure modes (i.e., offset and drift), this work intends
to identify the fault origin regardless of the mode. For this reason,
offset and drift signals under the same scenario share the condition
label. Hence, the total number of states for the classification problem
is K = 10, including three faults (see Section 2) for each FOWT and the
healthy condition of the farm.

We label each sample according to the rate of healthy/faulty obser-
vations. We define npeqihy as the number of healthy observations in a
sample, Mpeqjthy = Z,]i ([ = 0]. Analogously, we obtain the number of
faulty observations as ngy = Y, [; # 0]. We build the probability
vector y™e such that for fault k:

Mhealthy if j= 0
n
yie =i =k O]
0 otherwise.



A. Fernandez-Navamuel et al.

Floating Offshore Wind Farm simulator

Ocean Engineering 310 (2024) 118678

(FOWLTY)
. Specify wind turbine type
. Design other subsystems (e.g.,
maorings, platform, etc.) Generate control system signals under
. Design farm layout different faults and excitation levels
. Design wind and wave excitation

Divide signals into short segments of
n, Peints with overlapping

. Define the fault types

A\

Obtain new signals under unknown
condition

1

v
Generate labeled database: ]
)
)
)

D=| X,}riﬂk‘}

]

[ Design Deep Neural Network architecture

(Layers, neurons, activations)

L]

Specify training hyperparameters (e.g.,
Learning Rate, Optimizer, Epochs, etc.)

L]

Split database into train, validation, test

Y

Trained DNN

Classifier

¥

\—

Offline task Provide farm-level diagnosis

Online task A
‘ Fault type Healthy F1WT1 F2WT1 F3wT1 FiWwT2 F2wT2 F3wT2 FIWT3 F2WT3 F3WT3
‘ Prob. (%) 0.00 871 83.45 129 0.02 0.03 0.10 1,55 ‘ 432 0.68

Fig. 3. Flowchart describing the proposed methodology. The offline tasks cover the farm model configuration, the dataset generation and pre-processing to feed the Deep Neural
Network classifier, and the training—validation stage. In the online task, once trained, the classifier receives newly acquired signals and provides a diagnostic in the form of

probability values associated with each class.
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Fig. 4. Generation of short-time segments from the available simulated signals after
rescaling. Each segment contains n data points, and an overlapping of n, observations
is selected between consecutive segments for data augmentation purposes.

As an example, the true probability vector associated with a sample
that contains two fault observations of type k = 7 is:

Y™ =[0.80000000.200], @

where fpeq iy = 8 since no simultaneous faults are considered.

Finally, we denote by D = [X,Y"] to the dataset, where array
X = [X; X, ... Xy] collects the N observed samples, and matrix Y*ue
contains the corresponding condition probability vectors.

In this work, we approximate the inverse operator 7 that discov-
ers faults from the signals measured in the farm FOWTs using Deep
Neural Networks (DNNs). We support this decision by some singular
advantages of DNNs, including (i) it has demonstrated strong potential
in approximating extremely complex functions as they found on the
theorem of universal approximation (Hornik et al., 1989); (ii) the use
of 1D convolutional transformations is beneficial to extract high-level
features from multivariate time series; and (iii) it enables the incorpora-
tion of physical knowledge by imposing constraints and regularization

terms that allow restraining the solution space to physically meaningful
outcomes, which we consider future work to enhance the results (Rojas
et al., 2024). However, without loss of generality, the classification
problem can be addressed via other methods.

Any DNN is structured in layers, and each layer applies a compo-
sition of an affine transformation followed by a nonlinear activation
function (Goodfellow et al., 2016; Caterini and Chang, 2018). When
dealing with signal segments from multiple features, often convolu-
tional layers are included in the network architecture (Zhao et al.,
2017). A convolution is a specific type of affine transformation that
applies filters to extract local patterns and structures in the data (Good-
fellow et al., 2016; Zhao et al., 2017). Here, we approximate 7 by a
DNN denoted as I,, where 0 gathers all the network parameters that
define the affine transformations:

T~ Ty :=goA0g0A;_0..080A,, 8

where A, applies an affine transformation at the /th layer, and g indi-
cates a nonlinear transformation (e.g., ReLU, Sigmoid, Softmax (Good-
fellow et al., 2016)). The parameter vector 0 € © includes the entire
network parameter set.

We employ a fully-connected architecture that includes convolu-
tional layers followed by standard fully-connected layers. Convolu-
tional layers considerably reduce the number of parameters compared
to a fully connected network with the same depth. The batch nor-
malization layers prevent overfitting and gain robustness against data
variability (loffe and Szegedy, 2015). The activation function in the
hidden layers is “ReLU” (Goodfellow et al., 2016). We employ soft-
max (Goodfellow et al., 2016) activation at the output layer to constrain
the outputs into the interval [0, 1] and their sum up to one. This activa-
tion function is commonly employed to solve multiclass classification
problems. Fig. 5 shows the selected architecture, which contains four
convolutional layers in charge of extracting relevant high-level features
from the multivariate time series, and five additional dense layers to
map with the class label of the different damage scenarios.

The proposed architecture provided adequate results while avoid-
ing overfitting problems. Although different schemes and types could
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Fig. 5. Architecture of I,.

be employed, optimizing the architecture is out of the scope of this
work (Elsken et al., 2019).

We evaluate the performance of 7, in approximating 7 by means of
a loss function £ (Goodfellow et al., 2016). The loss function £ adopts
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Fig. 6. Layout of the case study wind farm. The farm covers a 700 x 700 m? extension.
The three wind turbines, indicated as WT;, are 400 meters away in both directions
(length and width). The measuring masts for wind monitoring are indicated as MM,.

different forms according to the target problem. A commonly employed
loss function in regression is the Mean Squared Error (MSE) (Ciampi-
coni et al., 2023). By contrast, in classification problems, we employ the
categorical Cross-Entropy (Ciampiconi et al., 2023) as the loss function,
for a certain sample {x;,y™¢} and K possible classes, is expressed as:

K
L(Ty(X),Y) == Y y™elog(Lge (X)), ©)
j=1
where, y™e = [yffl‘le, ,yff;e] contains the true probabilities of each
class representing the possible system conditions. Analogously, the
predicted probabilities are included in y” red ¢ 10,11X = Ty (x;). In both
vectors, it holds that Z,K: iy =L

Learning an adequate DNN for the specific problem requires a train-
ing phase that learns an optimal parameter set iteratively according to
some input—-output samples. We split the available data samples in D,
devote 70% for training and 20% for validation, and preserve a 10%
for testing. We denote D" = [XTain ytrain] the data subset devoted
for training. We describe the training process as a minimization of the
loss function, such that:

6* := argmin L£(Zp(Xan), ytrainy, (10)
[Z=0)

where 6* gathers the optimal set of parameters defining the trans-
formations of the DNN. The training process requires a minimization
algorithm that is often gradient-based, and the gradients are calculated
via backpropagation using the chain rule (Werbos, 1990). After train-
ing, we determine the system condition by directly evaluating the DNN
(Iy+) for any new measured sample:

pred
new

= Lo+ (Xpoup)- an
4. Case study

This section provides an example case study to show the effec-
tiveness of the proposed FDI methodology. To this end, Section 4.1
introduces the considered wind farm case, Section 4.2 the variables
of the farm provided to the FDI strategy, Section 4.3 analyzes and
discusses the classification results, and Section 4.4 performs a condition
assessment test using additional faulty signals.
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4.1. Wind farm

A wind farm composed of three FOWTs and two wind-measuring
masts is considered, arranged as shown in Fig. 6. We employ this layout
since it includes two opposite configurations of wind turbine pairs
with respect to the wind direction: parallel-wise (WT; and WT3) and
row-wise (WT; and WT3). Adding extra turbines would not increase
the complexity of the farm layout, as it would just involve another
combination of the already considered situations (parallel or in-line
turbines). However, additional turbines would increase computational
costs due to the extra measurements required and a higher number
of classes. Therefore, the current scenario represents the simplest (yet
general) case, encompassing all possible interactions between turbines.

The measuring masts are usually located upwind on wind farms
(deploying one or more depending on the main wind direction at
the farm emplacement) to estimate the available power for the farm
controller (Held, 2019). In this work, we consider two measuring masts,
both 100 m up-wind on the farm, one aligned in the center of the farm
and the second one in line with WT; and WTj;. Given the absence of
specific information regarding the optimal location for one measuring
mast, these two locations are considered.

The wind turbine model is the well-known NREL 5MW baseline
turbine first introduced in Jonkman et al. (2009), and the chosen
floating platform is a DeepCWind-like structure as defined in Robertson
et al. (2014). As shown in Fig. 6, the wind field covers a 700 x 700 m
area, with a grid size of 15 m, and the wind is generated with a
turbulence intensity of 0.1, a sampling frequency of 20 Hz, and an
average wind speed ranging from 9 to 23 m/s. Regarding the wave
excitation, since it scarcely affects the behavior of the turbine for our
purposes, we consider one single sea state computed according to a
JONSWAP distribution (Hasselmann, 1973) with 2 m of significant
wave height, 10 s of peak period, and a peak-enhancement factor of
3.3.

4.2. Dataset construction

This section describes the synthetic database generated with the
wind farm simulator described in the previous section. The validation of
the FOWLTY wind farm simulator employed in this work (Pefia-Sanchez
et al., 2023, 2024, 2022; Grunnet et al., 2010) supports the designed
simulator’s reliability and the quality of the dataset generated in the
present work.

We select 12 control variables to represent the behavior of each
FOWT, including the pitch angles from the three blades, rotor and
generator speeds, generated power, generator reference torque, and
wind at the nacelle top. Together with the two anemometers in the
measuring masts (see Fig. 6), these result in v = 38 variables, as
summarized in Table 1. These variables correspond to the measurable
features in an actual operative wind farm.

In order to develop an effective FDI strategy that promptly identifies
faults, it is essential to capture the dynamic changes from healthy to
faulty states. To this end, 300 simulations of 1.2 s duration (and a
sampling frequency of 20 Hz) are stacked for each fault scenario. The
simulations include eight increasing wind speed levels — from 9 m/s to
23 m/s - to cover the operative conditions where the control system is
active (regions /I and 111 in Fig. 2). By way of example, Fig. 7 displays
the measured wind speed at MM; for the entire dataset, with the wind
excitation generated as introduced in Section 4. Each 1.2-s snapshot
contains ten healthy measurements (0.5 s) followed by fourteen faulty
measurements (0.7 s). Such snapshots result from cropping the end of
a 35-s long simulation that ensures the farm reaches its steady state
before inducing the fault. By generating the data this way, it is possible
to ensure that the observations include enough shifts from healthy to
the considered faulty states for the FDI strategy to identify the changing
dynamics.
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Table 1
Summary and description of the considered variables, where i = 1,2,3 and j = 1,2,3
indicate the turbine and blade number, respectively.

Variable ID Symbol Units Description
Jj+30-1) i deg Reference pitch at blade j of WT,;
9++3(i-1) B rad/s Measured pitch at blade j of WT;
18+i P, w Generated power of WT,
en
21+i P w Reference power of WT;
ef i
24+i wi™ rad/s Measured generator speed of WT;
27+i wiet rad/s Measured rotor speed of WT;
30+i v Nm Reference generator torque of WT,
33+i v‘v‘;ﬁle” m/s Measured wind velocity at WT,
MM, . .
37 vwmé m/s Measured wind velocity at MM,
38 oMM m/s Measured wind velocity at MM,
wind
MM,
wind
i
=]
Q
5}
=3
w2

0 500 1000 1500 2000 2500 3000
Time [s]

Fig. 7. Representation of the increasing wind excitation measured at MM, during the
fault simulations. This interval covers the operating regimes where the control system
takes action to optimize the farm performance.

For each wind turbine, three fault conditions are contemplated:
pitch angle sensor, generator speed sensor, and pitch angle actuator
as described in Section 2. We consider two fault effects for each fault,
i.e., offset and drift, defined in Egs. (1) and (2), respectively.

Table 2 details the value of the constants . and 84y for each
fault type. Such values are selected following other existing works to
represent small faults, such as (Cho et al., 2016), where authors employ
pitch offset values of 3°, or (Odgaard et al., 2013) and Pozo and Vidal
(2016), where fixed values of 5 degrees are employed. In Odgaard
et al. (2013), gain factors of 1.1 and 0.9 affect the two generator speed
sensors, and in Zhang et al. (2018), a factor of 0.95 is considered,
which equates to approximately a 6 rad/s offset. Note that, for the
sake of simplicity, the same drift and offset constant values (64, and
Softset) are applied for both the pitch sensor and actuator subsystems.
The same scenarios are considered for all the FOWTs in the farm,
producing a total of S = 18 fault simulations. These simulations form
the dataset X to be rescaled and divided into segments. Here, we
consider a segment length of n = 10 measurements, with an overlapping
of n, = 9 observations. This segment duration is the shortest segment
length that provides adequate classification results after a trial and
error test. Shorter segments lose the time dependencies among different
features and hinder the classification task. We consider this duration
sufficiently short to provide timely fault detection while preserving the
time dependencies. As a final step in the preprocessing, we dismiss the
segments containing transitions from faulty to healthy states as they
represent unreal situations.

Fig. 8 shows the measured pitch angle for the healthy and the two
pitch sensor fault modes at WT; during a 25-s frame corresponding
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Table 2
Description of the considered fault magnitudes.

Fault type Magnitude

Sofiser = 3 [deg]
Sgrire = 8 [deg/s]
osiser = =5 [rad/s]
Saniee = 3 [rad /s?]

Pitch angle offset
Pitch angle drift
Generator speed offset
Generator speed drift
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Fig. 8. Visualization of a 25-s long segment of the measured pitch angle (third blade)
signal at WT;. The green line indicates the healthy signal, whereas the blue and orange
contain offset and drift faults, respectively.
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Fig. 9. Visualization of a 25-second-length segment of the measured generator speed
signal at WT;. The green line indicates the healthy signal, whereas the blue and orange
contain offset and drift faults at the sensor, respectively.

to a mean wind speed of 23 m/s. It should be noted that, due to
the interconnection of the WT subsystems, when the fault occurs in
the pitch actuator, the associated reference and measured values are
directly affected.

Similarly, Fig. 9 illustrates the generator sensor signal in the healthy
state and under offset and drift faults at the same time frame as Fig. 8.
Note that, even though Figs. 8 and 9 only display the variables directly
impacted by the faults, additional variables (e.g., the generated power,
Pg,,) are also influenced.

For the sake of clarity, Table 3 associates a descriptive name to
each class, which will be used henceforth to refer to the different faults
considered.

Fig. 10 represents the condition value "¢ for the same 25-s time
frame depicted in Fig. 8.

Given that we generated the data synthetically, it is balanced in
terms of samples from each different class. Although the available
experimental data would be imbalanced in real practice (mostly healthy

Ocean Engineering 310 (2024) 118678

Table 3
Description of the fault scenarios for the classification problem. Each
type of fault includes offset and drift effects.

Name Value (374¢) Description
Healthy 0 No fault
F,WT, 1 Pitch sensor fault at WT;
F,WT, 2 Generator sensor fault at WT,
F;WT, 3 Pitch actuator fault at WT,
F,WT, 4 Pitch sensor fault at WT,
F,WT, 5 Generator sensor fault at WT,
F;WT, 6 Pitch actuator fault at WT,
F,WT, 7 Pitch sensor fault at WT,
F,WT, 8 Generator sensor fault at WT,
F;WT, 9 Pitch actuator fault at WT;
1‘0---H------T------W--H-
0.8
0.6 1
g
o
0.4 1
0.2 1
0.0 -_---L--L--LJ-L.‘--_-
2800 2805 2810 2815 2820 2825

Time [s]

Fig. 10. Visualization of a 25-second-length fraction of the condition value $ under
the first scenario (pitch sensor fault at WT; represented in Fig. 8). Every 1.2 s there
is a cycle of 0.5 s of healthy measurements followed by 0.7 s of faulty measurements
corresponding to jUe = 1.

signals would be measured), synthetic samples from a representative
farm model must be produced to complement them and include damage
scenarios. Using domain adaptation techniques aids in approximating
synthetic and experimental samples to generate the entire database and
keep it balanced (Wang et al., 2018).

4.3. DNN classifier training and validation

We first split the designed dataset into 70% training, 20% vali-
dation, and 10% test. The specifications for the architecture and the
hyperparameters are selected according to previous experience of the
authors and other studies on gradient-based training of Neural Net-
works (Bengio, 2000, 2012). We use Adam optimizer (Kingma and Ba,
2015) since it prevents getting trapped in local minima. Regarding the
learning rate, a small value may result in excessively slow training
or stacking into a local minimum (Glorot and Bengio, 2010). If the
learning rate is too high, it may originate instability during training
or divergence of the loss function (Gupta et al., 2015). After exploring
different learning rates, we select a value of 2 x 10~% as it yields
adequate training and validation results. A larger value resulted in the
loss function value wiggling considerably, turning into a non-smooth
and unstable convergence curve. On the other hand, when using smaller
values, the convergence slowed down, requiring many iterations to find
the optimum.

We fix the number of epochs to a value after which no significant
improvement is observed in the validation loss, preventing overfitting
phenomena. Here, we attain non-improvable results after 1,500 epochs.
The batch size specifies the number of samples that conform the batches
(subsets of data) employed during training. By dividing the training
data into batches, we enhance the efficiency of the minimization pro-
cess and enable the generalization capability of the neural network.
The minimum batch size is one, corresponding to a number of batches
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Table 4
Summary of architecture and train-
ing specifications.

Property Value
D 1,
Input dimension (10,38)
Parameters 50,787
optimizer Adam
Epochs 1,500
Batch size 512

Learning rate 2% 1073

0.3
—— Train
02 —— Validation
0.1
§ 00
©-0.1
-0.2
-03
—0.4

0 250 500 750 1000 1250 1500
epoch

Fig. 11. Evolution of the loss function during training (logarithmic scale).

equal to the total number of available samples, which results in a
computationally prohibitive training when handling large amounts of
data. Contrarily, a very large value can compromise the memory limits
depending on the computational resources of the employed GPU. A
common practice in the computer science community is to choose
the batch size as a power of two to align with the processing op-
erations of GPUs. We employ a batch size of 512 samples, which
provides an adequate balance between training speed and memory
usage constraints.

Table 4 summarizes the main specifications. For illustrative pur-
poses, Fig. 11 shows the evolution of the loss function during training
for the train and validation datasets. The computational resources
employed to train the NNs correspond to a workstation with the follow-
ing characteristics: GPU: NVIDIA Quadro GV100; 32 GB VRAM CPU:
Intel(R) Xeon(R) Gold 6230 CPU @ 2.10 GHz Memory: 258GiB. The
computational time devoted to the training and validation stages was
approximately five hours.

Regarding the validation of the algorithm, we compare the valida-
tion results against two standard classification algorithms, i.e., Random
Forests and Gradient Boosting (Frank et al., 2020; Fawaz et al., 2018).
Tables 5-7 gather the main classification metrics (Precision, Recall, and
F1-score) (Sokolova and Lapalme, 2009).

Results reveal that the benchmark classification techniques provide
similar results (the three methods fail in separating pitch sensor and
actuator faults). On average, the proposed DNN approach slightly
overcomes the two comparison techniques, with Gradient Boosting
providing relatively suboptimal results. Besides, we demonstrate the
robustness and generalizability of the method, we perform a cross-
validation technique. We divide the dataset into f = 5 folds with
stratification to ensure that a similar number of samples from each class
participate in each fold (Kim et al., 2023). Table 8 shows the average
accuracy in the classification task for each fold.

Finally, we evaluate Z,- on the test dataset, which contains 10%
of the available data in D. These data are unseen during the training
and cross-validation tasks and contribute to demonstrating the gen-
eralization capability of the proposed method. The report in Table 9
summarizes the results according to the standard classification metrics
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Fig. 12. Bar plot representation of the confusion matrix during testing.

and the support value, which indicates the number of testing samples
in each class.

Note that, due to how the dataset is generated (see Section 4.2),
the amount of healthy samples exceeds those from the different fault
conditions, as shown in Table 9. One could notice that the healthy
condition is successfully classified, which indicates that false positives
are unlikely to occur. The same happens with generator torque faults
of the three FOWTs (i.e., F,WT;, F;WT,, and F,WT3), which are
unmistakably classified with a 100% success. However, considerably
worse outcomes for the three FOWTs are obtained when analyzing pitch
sensor and actuator faults. We explain this confusion as the pitch sensor
and actuator operate in a closed loop, where the sensor measures the
signal and sends it to the controller, and subsequently, the controller
adjusts the reference value provided to the actuator for the pitch
system. When a fault occurs in the sensor, it introduces an incorrect
measurement to the controller, which modifies the reference fed into
the actuator, even if the actuator is healthy. When a fault occurs in
the actuator, it automatically induces an incorrect pitch angle in the
affected blade, which the sensor measures afterward. Thus, both fault
types end up affecting the reference and measured signals, misleading
the classification.

Confusion matrices are one of the most common methods to eval-
uate the performance of multi-class classifiers (Grandini et al., 2020).
Here, we depict them more accurately by building the color bar plot
shown in Fig. 12. Each horizontal bar in the figure represents the
amount of test samples associated with a particular class. It corresponds
to the support value in Table 9. The bars are colored according to the
portion of samples the DNN assigns (prediction) to each possible class.
This representation highlights the underperformance perceived in the
classification report. We observe that faults from each FOWT are well
distinguished. Confusion occurs between each pair of pitch sensor and
actuator faults.

The confidence of the predictions for each fault is analyzed as a final
test. The Confidence Score (CS) is the value of the probability vector
y; for the true class. Hence, for a given class ¢ (c = 0,1, ..., K), the CS
metric is defined as:
cs, =yl 12)
In the best scenario, any sample would receive a CS = 1, indicating
a perfect classification. Fig. 13 represents the prediction confidence
in the form of a histogram for each class in the testing data set. In
these plots, it is possible to observe that most fault types present a
strongly supported confidence score around the unit value. This means
that a high probability value is assigned to the true class over the test
samples. As expected, pitch sensor and actuator faults exhibit the most
spread histograms, coinciding with the results shown, for example, in
Figs. 13(b) or 13(g). Fig. 13 shows that the three turbines yield nearly
identical classification results. Thus, with the proposed methodology,
the orientation of deploying the two turbines — either in parallel,
perpendicular to the wind direction, or in line with the wind direction
— shows no significant difference, suggesting that the classifications of
the three turbines are carried out independently.
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Table 5
Comparison in terms of Precision for the proposed DNN against Random Forest and Gradient Boosting.
Classifier Class
Healthy F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT,
Proposed DNN 1.00 0.85 1.00 0.73 0.75 1.00 0.85 0.83 1.00 0.70
Random Forest 1.00 0.72 0.99 0.77 0.71 0.99 0.76 0.70 0.99 0.74
Gradient Boosting 0.83 0.73 1.00 0.69 0.73 0.99 0.68 0.62 1.00 0.70
Table 6
Comparison in terms of Recall for the proposed DNN against Random Forest and Gradient Boosting.
Classifier Class
Healthy F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT,
Proposed DNN 1.00 0.66 1.00 0.89 0.88 1.00 0.70 0.64 1.00 0.87
Random Forest 1.00 0.79 0.97 0.69 0.78 0.97 0.69 0.77 0.98 0.67
Gradient Boosting 0.99 0.53 0.85 0.61 0.52 0.83 0.62 0.64 0.83 0.44
Table 7
Comparison in terms of F1-Score for the proposed DNN against Random Forest and Gradient Boosting.
Classifier Class
Healthy F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, F,WT, FsWT,
Proposed DNN 1.00 0.74 1.00 0.80 0.81 1.00 0.77 0.72 1.00 0.78
Random Forest 1.00 0.76 0.98 0.73 0.74 0.98 0.72 0.73 0.98 0.70
Gradient Boosting 0.91 0.62 0.92 0.65 0.61 0.90 0.65 0.63 0.91 0.54
Table 8 Table 10
Cross-validation results with f =35 folds. Description of the testing fault scenarios introduced in a
Fold Avg. Precision Avg. Recall Avg. F1-Score short-tem testing dataset.
Fold 1 0.86 0.83 0.85 Fault ID Description Occurrence interval
Fold 2 0.87 0.86 0.87 1 F,WT, offset 80-82 s
Fold 3 0.87 0.85 0.86 2 F,WT, offset 94-96 s
Fold 4 0.85 0.87 0.86 3 F,WT, drift 108-110 s
Fold 5 0.85 0.86 0.85 4 F;WT, drift 125-127 s
5 F;WT; offset 134-136 s
6 F,WT; drift 148-150 s
Table 9
Test classification report.
Class Precision Recall F1-Score Support
Healthy 1.00 1.00 1.00 4209 15 s of simulation that correspond to the transient state are removed
F1IWT1 0.85 0.66 0.74 2794 from Figs. 14(a) and (b).
F2WT1 1.00 1.00 1.00 2916 To analyze the performance of the FDI strategy, the probability
F3WT1 0.73 0.89 0.80 2925 vector assigned to each sample during this test is studied here. To this
FIWT2 0.75 0.88 0.81 2859 d. Fi th babili lid Ii d th dicted
F2WT2 1.00 1.00 1.00 2812 end, Fig. 15 compares the true probability (solid line) and the predicte
F3WT2 0.85 0.70 0.77 2827 probability (dotted line) of each class in the probability vector. In
FIWT3 0.83 0.64 0.72 2894 the figure, each line represents the evolution of each element in the
F2WT3 1.00 1.00 1.00 2887 probability vector y"“¢, whereas the dots represent the elements in
F3WT3 0.70 0.87 0.78 2856 red . . .
y”¢?. Note that the plots are constrained to show just the regions of
Accuracy 0.87 29979 the dataset where each fault occurs. The figure preserves the time scale
Macro Avg 0.87 0.86 0.86 29979 . h btai d . 1 . h
Weighted Avg 0.88 0.87 0.87 29979 given that we obtain a 0.5-s duration sample every 0.05 s given the

In general, the results reveal that identifying the faulty subsystem
(pitch or generator) and the affected wind turbine is possible. However,
distinguishing sensor from actuator faults exceeds the capability of the
proposed method as they might be twisted.

4.4. Early fault classification test

The performance of the FDI strategy in the task of early fault
classification is further explored by evaluating a short dataset where
different faults are randomly introduced. This testing process attempts
to represent the acquisition of new signals that would be received
by the trained DNN and automatically evaluated to assess the farm
condition.

Table 10 describes the introduced faults, including the time interval
when they occur.

Additionally, Fig. 14 illustrates, by way of example, some of the
variables in the dataset. Note that, for visualization purposes, the first

10

overlapping of n— 1 = 9 observations (see Section 4.2). However, there
is a delay equal to the sample length (0.5 s) as the first sample can only
be taken once this time has elapsed.

One could notice that, for all the cases, before the fault occurs, the
probability associated with the healthy state reaches the highest value
(close to one). Then, when the fault appears, the healthy probability
drops as the probability of the fault increases. This can easily be seen
in, for example, Fig. 15(a), which covers the occurrence interval of the
first fault (see Table 10). The figure shows that, after around 0.25 s,
the faulty label exceeds a probability of 0.5, permitting a rapid identi-
fication. Note that the lack of prediction samples in transitioning from
faulty to healthy states was justified in Section 4.2: they correspond
to an unrealistic scenario in an operative FOWT farm since faults are
not expected to disappear by themselves. This fault was successfully
classified during the test, as expected from the results that had been
analyzed previously.

However, it is possible to see in Fig. 15 the aforementioned faulty
pitch sensor-actuator confusion. For example, let us focus on the case
of Fig. 15(d), where fault F3WT, occurs. During the transition from
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Fig. 13. Confidence scores for each class.

the healthy to the faulty state, both F;WT, and F;WT, states reach
high values, misleading the classification. The DNN detects the fault
(the healthy probability drops to zero), but it is unable to classify it
successfully. The prediction indicates a fault in the pitch control system,
but whether it comes from the sensor or the actuator is unknown. An

interesting behavior is observed shortly after the fault occurs, where the
true class (F3WT,) reaches a value of one with no further confusion
with F;WT,. Note that similar results can be observed in Fig. 15(f)
when fault F;WT5 appears. However, fault F;WT3 breaks this pattern
and remains misclassified. This behavior requires deeper investigation
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Fig. 14. Measured pitch angle (a) and generator speed (b) signals from the three FOWTs.
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Fig. 15. Probability vector plots for the six test faults.
to understand the physics governing the turbines under each fault quantities, causing the neural network to struggle to distinguish be-
and to successfully separate faults from sensors and actuators. This tween the two. On the other hand, sensor faults also impact the actuator
behavior is probably caused by the overlapping effects of a fault in systems since the measured values are fed back to adjust the control
the pitch sensor or in the actuator, given the interconnection between actions. The results suggest that this closed-loop interconnection leads
the actuator and sensor systems. Both fault types affect the measured to the confusion shown in Fig. 15. A deeper analysis of the feature
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selection may lead to identifying additional quantities that capture the
characteristics of pitch sensor and actuator failures. Also, effectively
accounting for the time dependencies in the affected signals under each
type of fault is considered for future research in order to address this
limitation.

In this work, we considered no simultaneous faults. However, in
real practice, we may find scenarios with coexisting or cascade-induced
faults that can hinder the classification task. When using the DNN clas-
sifier trained with single-fault scenarios and tested with multiple-fault
scenarios, we obtained unsuccessful results. However, this is expected
since the DNN is unable to extrapolate beyond the framework consid-
ered for training. The training samples only contain two coexisting sce-
narios, i.e., healthy and faulty, at those transition segments where the
fault appears. For the rest of the training samples, a 100% probability
is assigned to the true fault. Generating a complete training database,
including multiple simultaneous faults, is the first step towards iden-
tifying such situations adequately. Besides, time-delayed concurring
factors (cascade effect) need to be explored, where capturing time
dependencies among the measured features is paramount.

5. Conclusions and future work
5.1. Conclusions

This work proposes a Deep Learning approach to classify non-
critical faults at the different components of the control subsystems
governing the behavior of FOWTs on a farm. We generate synthetic
signals using a Simulink-based simulator representing a three-FOWT
farm case study. We design a Deep Neural Network with 1D convolu-
tional operations that receives short-term segments from the available
signals and estimates the state of the farm as a probability vector. The
probability vector indicates the probability of each possible state among
ten possible classes, including the healthy state, and three faults for
each FOWT: pitch sensor and actuator faults, and generator sensor. The
results obtained during testing demonstrate the ability of the method
to rapidly detect any fault by continuously evaluating the healthy state
probability value.

The proposed work contributes to implementing rapid assessment
strategies at the farm level, combining the signals from all the op-
erating turbines interacting with each other during operation. The
methodology provides a continuous diagnostic that complements the
punctual information provided by in-situ inspections, which is even
more relevant in the hardly accessible environment where floating
offshore wind turbines operate.

However, successfully isolating the faults, i.e., identifying their ori-
gin, is challenging given the closed-loop interrelations among the con-
trol signals. The classification results reveal that the proposed method
successfully identifies the faulty FOWT in the farm and the affected
subsystem (pitch or generator). However, distinguishing pitch sensor
and actuator faults has yet to be achieved and requires future research.
This misclassification poses the main limitation of the proposed work.

Besides, this work handles only one fault at a time, but various
coexisting faults or cascade effect situations may also occur and hinder
the classification problem if not adequately handled. Faults occurring
at other control system assets (e.g., the rotor) were not included in this
work, focusing on pitch and generator signals as the most frequent fault
origins. This poses another limitation that requires extending the work
to the entire control system.

5.2. Future work

Based on the existing limitations of the present work, we identify
various research lines to enhance the current approach. We consider a
crucial future task to study the closed-loop time dependency between
the signals under sensor and actuator faults. One of the main ways
to achieve this goal is by implementing active-learning techniques
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(e.g., temporary Q-learning) to capture the interrelations between these
two fault types effectively.

After the short-term simulation test, we obtained that the proposed
methodology detects the faults with a time delay equal to the required
frame to form the input sample. Thus, we consider future work design-
ing a predictive approach that permits a timely detection of the faults.
Such a methodology would precede a fault-tolerant control strategy to
intervene in the affected subsystem and maintain optimal performance
even in the presence of the fault. Designing extended databases that
incorporate simultaneous faults (with delays in occurrence) and allow
for the identification of multiple sources of failure is another important
challenge to which we expect to contribute.

To demonstrate the effectiveness of the proposed method and its
potential interest for offshore farm managers and owners, we will
devote efforts to finding collaborations that give access to experimental
monitoring data from instrumented wind farms. The combination of
synthetic and experimental data will aid in ensuring the robustness and
reliability of the assessments.

In relation to the real field assessment, we contemplate as a future
line the extrapolation of the methodology from instrumented assets to
additional operative assets of similar characteristics that lack a suffi-
cient amount of data via transfer learning methods. This strategy might
help generalize the assessment for analogous wind farms even if they
are subject to data scarcity. In this context, the issue of class imbalance
due to scarcity of data in faulty conditions cannot be fully solved via
the data synergy among data from different turbines in a farm. An
approach to solve this limitation is to couple the dataset with gener-
ative algorithms as Generative Adversarial Networks and conditional
Variational Autoencoders. These approaches have been successfully and
very recently applied to other domains (e.g. Liu et al. (2024)), resulting
promising to support the fault diagnosis of mechanical systems. Re-
garding the strategy for acquiring and processing experimental field
data, the application of the proposed method depends on the dataset
used for training and validation. While fine-tuning the DL methods is
mandatory when using real data, extending the present methodology
to field data or experimental datasets is straightforward. The approach
relies on quantities, such as pitch angles, power, torque, rotor speed,
and wind velocity — typically measured, collected, and transferred
by the SCADA and condition monitoring systems. Thus, implementing
this method does not require modifications to the existing monitoring
and sampling system, nor the installation of novel sensors. The simu-
lator has undergone code-to-code validation against another simulator,
OpenFast (Pena-Sanchez et al., 2022, 2024) and OpenFast has been also
validated experimentally. Consequently, we can reasonably expect that
the quality of the data underpinning our method’s implementation is
realistic. To quantify the uncertainty in the outcomes of the inverse
problem when dealing with incomplete noisy data from real instru-
mentation systems, distributional learning approaches (e.g., Bayesian
Variational Autoencoders (Rodriguez et al.)) are to be explored. All
these considerations provide an optimistic outlook on the applicability
of the present approach to real-world field data.
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