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Abstract

This paper proposes a novel data-driven framework for scour detection around offshore wind turbines
(OWTs), where damage features are derived from wind and wave-induced acceleration signals collected
along the tower. A numerical model of the NREL 5 MW wind turbine, which considers aerodynamic
and hydrodynamic loading with soil-structure interaction (SSI) and servo-dynamics, is developed. The
model is used to simulate the acceleration responses along the tower for a healthy structure, and a
structure affected by progressive scour. A data segmentation process is initially performed on the
collected data, which is followed by a feature selection scheme based on the analysis-of-variance
(ANOVA) algorithm, to eliminate irrelevant characteristics from the time domain feature set of
responses. The proposed framework consists of two main components: (a) offline training, and (b) real-
time classification. The acceleration responses collected from the healthy structure and the structure
subjected to three different damage scenarios (different scour depths) and under various load conditions,
are used in the offline training mode. The selected feature vector from the feature extraction process is
used as input to a Naive Bayes classifier (NBC) algorithm to train the model. In the real-time
classification, a prediction of the scour depth affecting the structure is performed using a new dataset
simulated from unseen load cases and scour conditions of the OWT. The results show that the model
trained in the offline stage can predict the scour depth in the real-time monitoring stage with
performance measures over approximately 94%.

Keywords: Offshore wind turbines, Monopile, Scour, Feature extraction, Naive Bayes, Real-time
prediction.

1. Introduction

Offshore wind turbines (OWTSs) have been rapidly deployed in Europe over the last few years.
236 GW of wind power capacity is installed across Europe of which 28 GW is from offshore turbines
as of 2021 (WindEurope 2021). European Governments aim to achieve 160 GW of installed offshore
wind capacity by 2030 (WindEurope 2022). This ambition of achieving larger capacity in such a short
time will require advances in wind turbine generator (WTG) technologies, which will eventually be
achieved by the use of larger turbine sizes. Recently, the World’s largest offshore wind turbine, a
14 MW prototype by Siemens Gamesa, has been developed, demonstrating the upward trajectory.
Furthermore, there are plans for the installation of these larger turbines at Moray West project in
Scotland (Biogradlija 2022), which further shows how rapidly the technology is advancing. As turbine
sizes increase to generate more power, the loads experienced by the turbine also increase. This is
because larger wind turbines have longer blades to harness more wind energy, resulting in higher loads
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acting on the blades and the nacelle. To support the increased size and weight of larger wind turbines,
larger foundations are required, which results in higher loads applied to the substructure. This can
potentially lead to an increased probability of damage occurrence in the main structure and its
substructures.

Over 80% of OWTs installed to date have been supported by monopile foundations driven into the
seabed, with jacket foundations representing approximately 15% of support structures (WindEurope
2021). Monopiles are a well-known and reliable foundation solution in the offshore wind industry with
an extensive track record of successful installation. To date, monopile foundations have typically been
installed in average water depths of around 30 m (Wang et al. 2018). However, advances in technology
and the development of a new generation of super-large (XXL) monopiles have made it possible to
install monopiles in deeper water depths up to 60 m. These XXL monopiles have diameters of circa.
8 m to 10 m (Shadlou and Bhattacharya 2016). In addition to water depths, the strength of the soil and
loads acting on the structure are significant factors that drive the design of monopile foundations. The
soil strength and stiffness can vary widely from site to site, and monopile designs must be able to
account for these variations to ensure that the foundation can withstand the forces exerted by
environmental wind and wave loads. Monopile design requires careful consideration of the pile head
rotation and displacement to ensure it remains within the permissible limits defined under the Ultimate
and Serviceability Limit States (DNVGL 2016); Sanchez et al. (2019).

In general, OWTs are exposed to harsh environmental conditions that can gradually weaken their
structural integrity over time, resulting in reduced efficiency and effectiveness, which may lead to
structural damage occurrence. Factors such as environmental exposure, fatigue, soil strength
deterioration, poor construction, and maintenance practices, can all contribute to this degradation.
Structural Health Monitoring (SHM) approaches can play a vital role in detecting this damage in the
early stage, which can potentially result in avoiding catastrophic failure of OWT structures (Tian et al.
2020).

Failure of OWT structures may be caused by many damaging phenomena such as corrosion, boat
collision, and high storm loading, among other causes. (Kolios et al. 2018). However, one of the main
causes of failure is due to the occurrence of scour erosion around the foundation, which removes soil
material due to the action of currents, tides, and waves. Monopiles are highly sensitive to scour
occurrence, which reduces the strength and stiffness of these foundations (Peder Hyldal Sgrensen and
Bo Ibsen (2013), Prendergast et al. (2015)). There have been many studies focussed on the use of SHM
techniques for monopile scour detection such as acoustic emission monitoring, thermal imaging
method, Ultrasonic Testing (UT) methods, fatigue and modal property monitoring, and strain
monitoring, among others (Weinert et al. (2015), Kolios et al. (2018), Devriendt et al. (2014), Civera
and Surace (2022)). Currently, most maintenance companies use bathymetric data to detect the presence
of scour holes (Kolios et al. 2018). However, these measurements cannot quantify the impact of the
presence of a scour hole on the dynamic behaviour of a structure and its fatigue life (Weijtjens et al.
2016). Furthermore, it is difficult to predict the extent of scour around a given foundation as this tends
to constantly evolve due to seabed currents and wave actions during operational conditions (Whitehouse
et al. 2008). In addition, various measurement techniques have been employed currently at intervals
ranging from six months to five years to assess scour, a critical concern in OWT projects. These
techniques include sidescan sonar, which is deployed from vessels to capture seabed images; multibeam
sonar, also vessel-based, for mapping the seafloor; remotely operated vehicles (ROVs) equipped with
specialized tools for seabed inspections; and finally, visual inspections or video recordings (Duguid
2017). These methods collectively enable the monitoring and evaluation of seabed conditions, helping
to detect and address potential issues such as sediment erosion around the foundation of OWTs.
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Scour erosion around monopile foundations has an influence on the dynamic properties of the
structure such as natural frequencies and mode shapes, and its occurrence might eventually lead to
resonance in the structure from an interaction of the damaged natural frequencies and environmental
and rotor frequencies (Tempel et al. 2004). There are many studies which investigate the influence of
the presence of scour around monopile structures on the natural frequencies, mode shapes, and system
deflections (Reese et al. (1989), Bennett et al. (2009), Nanda Kishore et al. (2009), Achmus et al. (2010),
Prendergast et al. (2015), Jawalageri et al. (2022)). The most common conclusion is that scour leads to
a reduction in the system natural frequencies, increasing risk of resonance with the rotor (1P) frequency,
and the wave spectrum for large structures.

Sensors installed along OWTs can be used to obtain data that can subsequently be used to
investigate the presence of scour, and obtain the natural frequencies and mode shapes of OWT
structures. There are many sensors that can potentially be used for scour damage detection such as
accelerometers, displacement sensors, inclinometers, and others. Accelerometers tend to be the most
common, and can be used to collect the acceleration responses of the system, which can be used for
fatigue analysis, damage detection, and modal identification (Kolios et al. 2018). Tang and Zhao (2021)
investigated a numerical model and monitoring system for a monopile-supported wind turbine to
evaluate the impact of scour erosion on its structural integrity. The study proposes two early-warning
indicators based on dynamic characteristics informed from accelerometers, and dynamic response
analyses informed from inclinometers, which can reflect the basic characteristics of how scour affects
the structure, and can be used simultaneously for mutual verification of safety judgements. Mayall et
al. (2018) conducted experiments on a 1:20 scale OWT model with accelerometers, force sensors, strain
gauges and displacement sensors installed along the structure to investigate changes in the dynamic
response under the presence of scour erosion and scour protection. Results suggest that the second and
third vibration modes are more sensitive to scour, and sediment deposited within the scour protection
material could lead to an increase in the natural frequency of the structure. Prendergast et al. (2015)
investigated the effect of scour on the natural frequencies of a scale-model monopile with installed
accelerometers, in order to validate a numerical model of a full-scale OWT supported on a monopile
foundation. The results showed that the natural frequency of the full-scale system decreased with
increasing scour depth, and the changes in frequency were relatively larger for the structure installed in
loose sand than in dense sand. Jawalageri et al. (2022) used simulated acceleration data to detect the
change in natural frequencies and mode shapes of a 5 MW OWT under various local scour conditions
around a monopile foundation. They conclude that the second mode shape exhibits more sensitivity to
scour than the first mode shape. Michalis et al. (2013) presented a scour monitoring system consisting
of small capacitive scour probes installed around a foundation structure of an OWT. These were linked
to a wireless network for remote data acquisition. The sensor was evaluated through laboratory
experiments simulating different underwater conditions, and the results indicated that it can monitor
seabed degradation, scour, and sediment deposition processes.

Many of the previous approaches rely on the creation of a reference finite-element model or
manual interpretation of measured data for the purpose of scour detection, which is a drawback as
models may not match the real conditions. As an improvement, data-driven algorithms and machine
learning (ML)-based methods have been extensively employed in recent years to detect damage in
OWTs using data extracted from vibration sensors. Jeong et al. (2020) proposed a novel method on data
fusion of acceleration and angular velocity responses to detect damage occurrence near the bottom of a
monopile. They developed a damage index using power spectral density from accelerometers and a
gyroscope. The results showed that natural frequency of the monopile decreased with an increase in
damage severity due to scour. Zhang et al. (2018) proposed a support vector machine (SVM)-based
approach using acceleration data for SHM of OWTs. They developed online time-domain and
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frequency-domain SVM classifiers using the data collected from a real OWT. They showed that time
domain SVM can classify the abnormal conditions. Mousavi et al. (2020) investigated the vibration
signals of an offshore jacket structure where the frequencies were obtained from frequency domain
decomposition (FDD). These frequency data were used to train a deep neural network (DNN). They
showed that the proposed DNN method can predict the damage in the presence of uncertainties.
Schroder et al. (2017) employed a two-step algorithm to detect the damage in OWTSs using sequential
quadratic programming method. Different measures based on eigenfrequencies, mode shapes, and time
series data are employed for damage localization, and the effectiveness of the algorithm is demonstrated
through numerical models and lab-scaled structures with simulated and real damage, respectively.

The above research demonstrates that data-driven methods for damage detection in OWTs are
gaining traction. However, few studies exist that focus on the use of data-driven algorithms for the
detection of scour around OWTSs. In this paper, a novel data-driven algorithm is developed whereby it
is assumed that the acceleration data measured at several points along an OWT tower are available for
damage detection. The proposed algorithm is composed of three main components: In the first
component, a feature selection scheme based on the analysis-of-variance (ANOVA) (Kim 2017)
algorithm is used to reduce the dimensionality of the original data by eliminating irrelevant
characteristics from the set of time domain features extracted from the signals. Furthermore, it
minimizes intraclass distances and maximizes distances between damage classes. Then, selected feature
vector will serve as input to a Naive Bayes Classifier (NBC) (Soria et al. 2011) algorithm as the second
component. An offline training strategy is used to reach a well-trained ML algorithm. Finally, a real-
time prediction of the scour depth of the structure is developed using the proposed framework by
providing a new sample associated with unseen load cases or scour depths of the OWT. The NREL
5 MW (Jonkman et al. 2009) OWT is modelled using OpenFAST and SESAM software. The model is
used to simulate acceleration responses in the structure, which are used for validation of the proposed
methodology. The simulations are performed with the presence of different scour depths and different
operational conditions for the case of an OWT installed in medium dense sand.

The primary focus of this research is on scour as a form of damage, and the proposed approach is
tailored specifically for detecting scour-induced changes in dynamic properties. However, the study
acknowledges that other types of damage, such as cracks or corrosion, can also lead to changes in the
dynamic properties of structures. While the current research is focused on scour, it is indeed possible to
extend the same approach to identify and assess these other forms of damage. By adapting the
methodology and incorporating the relevant features associated with different types of damage, the
approach could be applied to provide a broader assessment of structural health, covering a range of
potential damage scenarios beyond scour.

2.Numerical modelling

Numerical modelling of OWTs has been challenging in the literature as structures are under a
complicated set of wind and wave loads, and also include a nonlinear interaction with soil at the
foundation level. At the same time, the servo-dynamics of the rotor makes the overall assessment and
modelling more complicated. Therefore, there is a need for an integrated model which can combine the
effects of these parameters. This section introduces a modelling approach for the OWT in the presence
of scour and subjected to various loads, which uses OpenFAST and SESAM software. The integrated
model can simulate the dynamic responses of the structure (e.g., accelerations) at the tower for different
cases.
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2.1. OWT Model

In this paper, the NREL 5 MW OWT supported by a monopile foundation is considered as a
reference turbine, and is modelled using OpenFAST software. The definition of the NREL 5 MW
turbine is described in detail in the report published by Jonkman et al. (2009). Table 1 lists the properties
of the turbine. Hub height and rotor diameter are 90 m and 126 m, respectively, where the tower
geometry at the bottom is 6 m in diameter and 27 mm in wall thickness. These decrease to 3.87 m and
19 mm at the tower top, respectively. The monopile has a diameter of 6 m with a constant wall thickness
of 60 mm above the mudline and 70 mm below the mudline, with a pile embedment length of 51 m in
a uniform sand profile. The rated wind speed and rotor speed for the NREL 5 MW system are 11.4 m/s
and 12.1 rpm, respectively.

The pile design is provided in Jawalageri et al. (2022), where the pile embedment is designed
based on loose sand properties to account for the worst case scenario. This resulted in a 51 m
embedment for the pile below the mudline (Arany et al. 2017). OpenFAST currently does not support
soil modelling below the mudline, which is a limitation in terms of directly modelling scour erosion.
To overcome this challenge, Jawalageri et al. (2022) proposed to use an equivalent spring stiffness at
the mudline, which in turn can be incorporated into the OpenFAST model. In this paper, these spring
stiffnesses are calculated for each scenario using SESAM software, where the soil profile is modelled
by means of sublayers in order to capture the soil interaction with the pile. SESAM characterises the
stiffness of the springs at each node of the pile below the mudline for a given load using soil data.
SESAM will not consider the soil stiffness for the part of the pile that is affected by scour erosion, i.e.
it omits the stiffness contribution lost as a result of scour. For each scour condition and load case, the
spring stiffnesses are obtained from SESAM and then imposed at the mudline in the OpenFAST model.
In this paper, the soil is modelled assuming medium dense sand with a unit weight of 19 kN/m?, angle
of internal friction of 35 degrees, and initial modulus of subgrade reaction of 2200 kN/m? (API 2014).
Figure 1 shows the schematic of the OWT system.

Table 1: NREL 5 MW OWT properties (Jonkman et al. 2009)

Description Value
Rating 5 MW
Configuration 3 blades
Rotor, hub diameter 126 m,3m
Hub height 90m
Rated rotor speed 12.1 rpm
Rotor mass 110,000 kg
Nacelle mass 240,000 kg
Tower mass 347,500 kg
MP Diameter 6.0 m

MP wall thicknesses

Tower top diameter, wall thickness
Tower base diameter, wall thickness
Support structure steel density

Steel Young’s modulus

Steel Shear modulus

0.060 m (above mudline),
0.070 m (below mudline)
3.87m, 0.019m

6.0 m, 0.027 m
8500 kg/m?®
210 GPa

80.8 GPa
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Figure 1: (a) Schematic of NREL 5 MW OWT; (b) Sensor locations in the simulations.

2.2. Load

cases

In this paper, four scour cases are considered with local scour depths of 0 m (no scour), 3m, 6 m
and 9m. The mudline spring stiffnesses from SESAM were obtained for each scour scenario
corresponding to each load case, using the procedure described in section 2.1. The wind speeds as part
of the metocean data for the load cases are chosen as values in the vicinity of the rated wind speed of
the NREL 5 MW turbine. The surface current velocity of 1.5 m/s is used in this study where the power
law is used to calculate the current speed along the depth of the water. The acceleration responses are
derived along the tower at nine ‘sensor’ nodes (see Figure 1b for sensor locations) under different scour

conditions. Table 2 summarises the load cases considered.

Table 2: Load case summary

Load Case Wave height (m) Wave period (sec) Uniform wind speed (m/s)

LC1
LC2
LC3
LC4
LC5
LC6
LC7
LC8
LC9
LC10

6

(o) Ne) ) Ne)Ne) o) Ne)Ne) Ne

10
10
10
10
10
10
10
10
10
10

10.4
10.6
10.8
11
11.2
11.4 (Rated wind speed)
11.6
11.8
12
12.2

2.3.  Acceleration data for training and real-time datasets

The numerical model is used to simulate the acceleration data along the tower for different load cases
described in Table 2 for various local scour depths affecting the foundation. A total simulation length
of 300 seconds is performed to extract the acceleration data at the nine sensor locations along the tower

6



227
228

229

230

231
232
233
234

235
236

237

238

239
240
241
242
243
244

245
246
247
248
249

250
251
252
253
254
255
256
257
258
259

(shown in Figure 1b) for each scour case. Table 3 summarizes the number of simulations generated for
each scenario for the purpose of generating the training dataset.

Table 3: Labels and total number of tests for each state in offline training mode

Structural State (Class) Number of simulations

No Scour 10
3 m scour 10
6 m scour 10
9 m scour 10

Total 40

In addition to the training datasets, another dataset is also generated for the real-time mode of the
proposed framework. This dataset will be used to evaluate the performance of the ML model on unseen
data. These data are generated using three new scour depths corresponding to LC1 and are given in
Table 4.

Table 4: Labels and the number of tests for each state to check the accuracy of the framework in real-time

mode
Structural State (Class) Number of simulations
2 m scour 1
4 m scour 1
7 m scour 1

3. Proposed scour detection framework

This study proposes a data-driven structural damage classification methodology that can identify the
scour depth affecting an OWT using the acceleration data collected from the tower. The proposed
framework consists of three main components, namely, (a) data pre-processing, (b) offline training
mode, and (c) real-time classification mode. Figure 2 shows the framework of the proposed algorithm.
In the first component, the datasets are pre-processed using a method called data segmentation. This
will allow the algorithm to work with shorter-length signals.

In the offline training mode, the feature extraction and feature selection are carried out on the dataset to
first extract a set of time domain features, and then to discard features that are not relevant to the
classification problem. Further, these selected features are used as inputs to train the supervised machine
learning classifier. In the testing and training phase of offline mode, the output of the ML algorithm is
a structure state (Class) that is shown in Table 3.

The main problem with this general procedure for testing the trained classifier is that it can be useful
for predicting the scour depth around an OWT when the load case of the test dataset is the same as the
trained dataset (Najafzadeh et al. (2015), Guan et al. (2022)). This assumption is generally not valid in
real cases. Therefore, the result of the trained classifier on real data will be inaccurate. To tackle these
challenges, real-time mode has been introduced as the next component after the offline mode. In the
real-time monitoring mode, collected data may belong to an assumed load case or it can be from a new
load case. The main advantage of the proposed framework is that it can be used for real-time monitoring,
where it has a probability distribution for the damage classes, which shows the probability distribution
for the percentage of the closeness of the new data to the trained damage classes. Each of these
components will be explained in more detail in the following sections.
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Figure 2: Proposed Framework of scour depth detection for OWTs

3.1. Data segmentation

Figure 3 shows the process of data segmentation on the simulated acceleration response from sensor
no. 9 (near the tower top, see Figure 1). The acceleration responses collected from the OWT are
segmented using a windowing-based process (Buckley et al. 2022). In this study, each simulation is
carried out for a duration of 300 s using a sampling frequency of 1000 Hz. This means that 300,000
time instants are simulated for each signal. It should be noted that a lower sampling rate is possible for
these structures, the high rate is used there to ensure rich data is acquired. To create the feature extraction
window, the acceleration measurement at a given acquisition time is split into separate windows, and
each of these windows shows the response of the OWT in specific time intervals. The time interval is
set to be 10 s; therefore, 30 windows of acceleration are created for each response of the OWT under a
given load case and scour depth. The features extracted from the acceleration signals are calculated over
these time windows, which provide a summary of the dynamic characteristics of the structure over that
window. If the sampling rate is changed, the number of analysis windows remains constant, but the
number of data points within each window will vary accordingly. Regardless of the sampling rate, the
statistical features employed in the study can be derived from the acceleration responses, ensuring
flexibility and applicability across different sampling rates.
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3.2.  Offline mode for training a classifier

The offline classification methodology is derived by first obtaining a training set of data from both
scoured and non-scoured structures. Figure 4 shows an overview of the steps involved.

Ve Offline Mode

N v —
ﬁr\) iﬂ“”'ljz-

] || =

B e i)
)
Model Creation & Data
Data Harvesting i Segmentation Feature Extraction Feature Selection Classifier Training Damage Class Indicator

Staristical Features ANOVA algorichm Naive Bayes Classification Probabiliny Distribution

Figure 4: Offline training mode of proposed framework
Statistical features are the simplest features computationally that can be extracted from a signal. These
features are computed in the time domain and provide a summary of the statistics of the signal over a
time window with a specified length (Ben Ali et al. (2018), Buckley et al. (2022)). The advantage of
statistical features is the simplicity of their computation, which becomes particularly important for edge
feature extraction on microcontrollers in a wireless sensor network (Ghiasi et al. 2021), for example.

Table 5 gives a summary of the statistical features extracted from the acceleration signals in the present
work. These features are selected based on the previous work of authors (Ghiasi et al. 2021) and
benchmark studies on feature extraction in SHM (Yang et al. (2007), Ben Ali et al. (2018), Buckley et
al. (2022)).
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Table 5: Time-domain features

Feature Function Eq.
Energy of signal Root mean 2
square rms = h-1(x(m) 1)
N
Time series Variance 5, Zni(x(n) — mean(x))? 2
é distribution var=0"= N—-1)
>
M 1oV
§ ean mean = NZ x(n) 3)
LL n=1
S Skewness . _ Xn=1(x(n) — mean(x))? @)
..(Z) SKewness = (N — 1)0_3
T
&h Kurtosis N tosis = SN_ (x(n) — mean(x))* (5)
urtosis = (N — 1)0_4
Shape factor _ rms
ST, (6)
Nzn=1|x(n)|
Crest fact
rest factor crest — max |x(n)| %
P rms
et
3 Peak value peak = max |x(n)| (8)
I
L Clearance factor max |x(n)|
2 S0 ? (©)
z (7 20y VIx )
>
g— Impulse factor , max |x(n)|
j= if =5———— (10)

LN k)

Signal to noise and distortion ratio Ratio of total signal power to total
(SINAD) noise-plus-distortion power

Total harmonic distortion (THD)  Ratjo of total harmonic component
power to fundamental power

Harmonic
Features

Signal-to-Noise Ratio (SNR) Ratio of signal power to noise
power

The features shown in Table 5 represent the energy, the time series distribution, and the harmonic and
impulsive features of the signal in the time domain (Buckley et al. 2022) and are calculated from the
raw acceleration using the above-mentioned equations. When the feature set is extracted, a feature
selection method called ANOVA (Kim 2017) is used to reduce the dimension of the problem. In a
classification task, a very high-dimensional feature vector, e.g., the features obtained from previous
steps, typically leads to the curse of dimensionality problem (Koziel and Leifsson 2013). Moreover,
using such features for training classifiers may be a time-consuming procedure. To overcome this, a
feature ranking algorithm based on ANOVA is used in this paper. ANOVA is a collection of statistical
models that can be used to compare whether two sample's means are significantly different or not.
ANOVA tests the null hypothesis, which states that samples in all groups are drawn from populations
with the same mean values. To do this, ANOVA compares the distribution variation between groups to
the variation within the groups, and provides an F-statistic (Greenland et al. 2016). If the p-value for
the F-statistic is smaller than the significance level, then the test rejects the null hypothesis that all class
means are equal, and concludes that at least one of the class means is different from the others
(Greenland et al. 2016), which in this paper means that the mean of selected feature values differ
10
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between damage classes. The most common significance levels are 0.05 and 0.01. The values of
Importance Scores (IS) that are used in this paper as an index for selecting the best features are the
negative logs of the p-values.

ANOVA test and rank the features based on their level of variance across the damage states and then a
percentage of ANOVA-ranked features are used as the input vector to the damage classification
algorithm. By using this method, redundant or highly correlated features are removed.

3.3. Damage detection and classification procedure using Naive Bayes Classifier
(NBC)

Bayesian Classification is a process that estimates the probability of a new observation belonging to a
predefined category, using a probability model defined according to the theory of Bayes (Cheeseman
and Stutz 1996). The technique assesses the prior probability of each category based on a large set of
training data, that are described by a number of variables, and assumes that classification could be
estimated by calculating the conditional probability density function and the posteriori probability
(Soria et al. 2011). The posteriori probability could be calculated according to the equation:

P(X|G) xp(©)
p(X)
where p(C;1X) is the probability that the unknown observation X belongs to category C; and is called

p(GlX) = (11)

posteriori probability, p(X |Cj) is the probability, given category C;, an unknown observation belongs
to this category, p(C;) is the prior probability the unknown observation X to be observed is in category
C;, and p(X) is the prior probability that the unknown observation X is the same for each category C;.

In the case where all the variables that describe the training data are independent and each of them
contributes equally to the problem of classification, a simple method for Bayesian classification known
as Naive Bayes has been developed (Soria et al. 2011). The algorithm tends to work well even when
the independence assumption is not valid. In addition to the good classification power of the NBC
method, the final classifier provides two relevant additional advantages. The first advantage is that for
a given sample, the NBC not only provides a prediction for the class of the sample, but also provides a
probability of the sample belonging to each class category. This additional information can be used to
assess the reliability of the prediction (i.e. it is a very reliable prediction when values of p are close to
1) and to show the behaviour of the classifier when discriminating between classes (for values of p not
close to 1, the probabilities associated with each class serve as additional information on possible
alternative class predictions). This probability (p) is used as an index in this paper that shows the
percentage of the closeness of the new data to the trained scour damage classes.

3.4. k-Fold cross-validation and unbalanced classification performance measures

Before using the classification algorithm to classify new data, it is important to evaluate the
performance of the classification algorithm in the offline mode. k-fold cross-validation is one of the
most used techniques to determine the training and test datasets when a limited amount of data is
available (Leon-Medinaet al. 2021). This avoids overfitting and results in a less biased or less optimistic
estimate of the model accuracy compared to a simple train/test split. In this study, a 5-fold cross-
validation is used to evaluate the performance of the algorithm in the offline mode.

In multiclass classification problems such as the different scour depths considered in this study,
each sample from the test dataset has a class label as shown in Table 3 that is compared to the predicted

class label. A measure of correctly or incorrectly recognized classes can be defined using a common
11
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index such as precision (specificity), recall (sensitivity), F1-score, etc (Hamidian et al. (2022), Buckley
et al. (2022)). On the other hand, to assess the capability of the model for detecting the scour depth
affecting an OWT in the real-time mode for unseen data, the traditional performance indices cannot be
effective because the output of the model will not be the same as the true class label. Therefore, specific
performance measures used in the present work are described as follows:

. yields Lo
If Predicted class = True class+2m—— True Prediction

. . yields
If Predicted class>True class+2m or Predicted class<True class+2m —— False Prediction

This means that if the predicted scour depth is within £2 m of the actual depth, the prediction will be
labelled true, and if it is outside this range, the prediction will be labelled false. Based on the above
descriptions the classification accuracy (CA) index can be formulated as below:

Number of true predictions

= 12
Total number of predictions (12)

3.5. Real-time mode for scour detection

Sections 3.2, 3.3 and 3.4 describe the training and validation of NBC using the samples obtained from
the FE model of the OWT under different load cases and different scour depths. However, the described
strategy is intended to be used for real-time damage detection, which is described herein. Given a new
sample associated with an unseen load case or scour depth affecting an OWT, a quick real-time
prediction of the scour depth of the structure can be performed. In this context, as stated before, a two-
mode strategy is adopted. In the offline stage, the baseline data (set of initial samples based on Table 3
used to generate the NBC) is used to determine the pretrained NBC. The offline stage stores the
segmentation process, feature extraction and feature subset selection procedure, and the classifier. This
information is then used in the real-time stage for online classification of a new observation. A flowchart
of the proposed approach for the real-time mode is depicted in Figure 5, and illustrates the application
of the SHM strategy for the new datasets.

Legend

‘.' Offline Trained Model —>» Data stream in offline mode

Feature Selection

ANOVA ——>Data stream in real-time mode

t---» Copy the pre-trained model

a
Selected Features

Y
Training
Naive Bayes

Feature Extraction

)

2
o

F DD% ﬁ

=

: ©

[ Data from OWT that to be diagnosed |

Figure 5: Flowchart of the proposed framework for real-time structural damage diagnosis to classify a new
status of an OWT. In this flowchart, i=1:N is number of load cases in the offline training mode, and j=1:M is the
number of damage cases in the offline training mode

As shown in Figure 5, selected features associated with acceleration response of the OWT are directly
inserted into the NBC classifier, which returns a set of probabilities {p;};= ., where [ denotes the total
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number of different structural states and p; denotes the probability that the sample belongs to the
structural state i. Thus, the real-time classification strategy provides the following: (1) the structural
state/class prediction; (2) the related probability of class membership p,, 4, used for reliability (we can
associate a higher or lower level of confidence in our decision based on the value of p,,4,); and (3)
probability associated with each of the other structural states.

4.Numerical results

In this section, the numerical data simulated in Section 2 is employed to test the framework proposed
in Section 3.

4.1. Feature extraction and feature selection

The acceleration signals simulated in section 2 are extracted at nine points along the tower of the OWT
(each representing an accelerometer sensor, see Figure 1). In the feature extraction phase, from each of
these acceleration responses, thirteen statistical features are computed based on the equations in Table
5. Therefore, a total of 117 features for each scour depth scenario are considered. These features can be
represented against each other. For example, Figure 6a and Figure 6b show the scatter plot of the shape
factor of sensor 7 and peak value of sensor 1 grouped by scour depth, and standard deviation (Std) of
sensor 3 and skewness of sensor 5 grouped by scour depth, respectively. The scatter plots are normally
created to visualize the distributions of various features and it’s useful to determine the features that
have strong differentiators between various classes of scour.

0.35 T T T T T

O NoScour
*  3mScour
03F o 6mScour| -
Og vV 9mScour
- O
= O
2 * 0]
5 025F * ° _
e e}
G
=} * (@ o
Q
= \v4 * §§ * 0
= O
S 02t . X @ o -
T‘? & % ¥ 0% O
*
=¥ W7 * % ** OO%O
N ok °
0.15 F 5 % .
% % x ¥
N
01 1 L 1 1 1 1
1.1 1.12 1.14 1.16 1.18 1.2 1.22 1.24
Shape Factor of Sensor 7

(a)

13



403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419

420
421

422
423
424
425
426

0.2 T T T T T

O  NoScour
*  3mScour ©
0]
6mScour @)
v 9mScour * % o ©
) *
0.15 - b
. * 2
) *
z o *° VvV s
5} \v4 * G O
17 * (¢)
o ¥
o * ¢
kel * * 5O Y
7] Vg *
€5}
0.1 g ® o) R b
* * v o © v
v O * o
Y.s p © 2 Yo
* v \% \
* Ye*v* *
v v Vv
vV w
005 vl lv 1 1 1 1 1 1
-0.1 -0.08 -0.06 -0.04  -0.02 0 0.02 0.04 0.06 0.08

Skewness of Sensor 5

b
Figure 6: (a) Scatter plot of shape factor of sensor 7 a(mzi peak value of sensor 1 grouped by scour depth; (b)
Scatter plot of Std of sensor 3 and skewness of sensor 5 grouped by scour depth

It can be seen in Figure 6a and Figure 6b that some features (such as the peak value of sensor 1 and
the shape factor of sensor 7) are showing distinct changes when the depth of scour changes. This
indicates that these features can be used in the classification algorithm to detect the depth of scour
around the OWT. However, some features such as the standard deviation (std) of sensor 3 or the
skewness of sensor 5 could not be completely separated by their scatter plot (classes overlap),
suggesting it is not a good fit for the selected subset of features. Although the scatter plot provides an
initial understanding of the best features in the SHM system, validating these features using multiple
sensors may require multiple visual inputs that can be time consuming. To make this process efficient
and objective, the automated ranking method based on the ANOVA algorithm as explained above, is
employed. This ranking method calculates and discovers the best features for damage classification in
the context of this study. Furthermore, the Kruskal-Wallis is a rank-based non-parametric test that can
be used to determine if there are statistically significant differences between two or more groups of an
independent variable on a continuous or ordinal dependent variable. It is considered the non-parametric
alternative to the one-way ANOVA algorithm (Semwal et al. 2016). Table 6 shows selected features
using both ANOVA and Kruskal-Wallis ranking methods.

Table 6: Feature subset selection based on importance using two methods

Selected Features One way ANOVA Kruskal-Wallis
IS IS

Sensor 7-Shape Factor 34.73 62.03
Sensor 7-Kurtosis 33.92 59.02
Sensor 1-Skewness 33.32 54.19
Sensor 9-Skewness 25.32 45.33
Sensor 1-Peak value 20.59 40.30
Sensor 7-Clearance factor 20.36 42.78
Sensor 3-Peak value 20.35 39.51
Sensor 7-Impulse factor 18.58 40.70
Sensor 7-Crest factor 15.58 34.30
Sensor 9-Kurtosis 15.57 32.28

As can be seen in Table 6, the ANOVA algorithm selects ten features that have minimum intraclass
distances and maximum distances between damage classes using IS. These ten features have the largest
IS that show they can be used to distinguish different classes of scour.

14



427

428
429
430
431
432
433
434
435

436

437

438
439
440
441
442
443
444

445
446

4.2.  Naive Bayes Classifier

Selected features of the previous step are used for the training and testing phase of NBC. The
confusion matrices presented in Figure 7 summarize the overall performance of the proposed approach
with respect to the actual and predicted classes. An aspect of primary importance for SHM is the
separation between healthy and damaged states and the reduction of false alarms. For the no-scour state,
100% of the unseen healthy data is being correctly predicted, and the majority of misclassifications are
occurring between successive damage classes with values being misclassified as the previous damage

state.

NoScour 30 2 0 0 93.8%
25.0% 1.7% 0.0% 0.0% 6.2%
3mScour 0 26 0 0 100%
0.0% 21.7% 0.0% 0.0% 0.0%
3
© mScour 0 2 22 1 88.0%
2 0.0% 1.7% 18.3% 0.8% 12.0%
=
S
omScour 0 0 8 29 78.4%
0.0% 0.0% 6.7% 24.2% 21.6%
100% 86.7% 73.3% 96.7% 89.2%
0.0% 13.3% 26.7% 3.3% 10.8%
& & & N
Oo Qo Oo QO
&8 & $

Figure 7: Confusion Matrix for NBC (the result shown based on 5-fold cross-classification accuracy=89.2%)

One of the benefits of the NBC is that it provides a probability-like measure of the sample belonging
to this predicted class p,,, 4, along with the probabilities associated with the other class membership. In
the context of scour detection, it means that NBC indicates the probability of new data belonging to
each of the pre-trained scour depth classes. Therefore, the reliability of the prediction can be assessed
based on these probabilities. As a complement to Figure 7, Figure 8 and Table 7 depict the probability

Target Class

distribution of various scour depth classes for the ten samples.

Table 7: Probability distribution for test data (10% of unobserved data in offline mode)

Naive Bayes Classifier Posterior Probability

True Labels Predicted Labels No-scour 3m-Scour 6m-Scour 9m-Scour
o '3m-Scour’ '3m-Scour’ 19.89 80.11 0.00 0.00
:>: > '3m-Scour’ '3m-Scour’ 41.14 56.58 2.28 0.00
E % . '9m-Scour’ '9m-Scour’ 0.00 0.12 21.83 78.05
23 % '6m-Scour '6m-Scour’ 0.04 18.81 81.15 0.00
u; % E '3m-Scour’ '3m-Scour’ 0.65 94.90 4.46 0.00
R2E '9m-Scour’ '‘6m-Scour’ 0.00 0.03 92.80 7.17
=i § '3m-Scour’ '3m-Scour’ 0.00 100.00 0.00 0.00
§ —é 'No-Scour" 'No-Scour" 96.48 3.52 0.00 0.00
E _§ '9m-Scour’ '9m-Scour’ 0.00 0.15 30.92 68.93

'6m-Scour’ '6m-Scour’ 0.03 0.52 88.91 10.53

15



447

448

449
450
451
452
453
454
455
456
457
458

459
460
461
462
463
464
465
466

Probability Distribution of Predicted Class

100.00
90.00
80.00
70.00
60.00
= Noscour
30.00 H 3mScour
40.00 78.05 B 6mScour
68.93 .
30.00 © 9mScour
20.00
10.00
7 17 10 53
0.00

RealClass '3mScour’ '3mScowr' '9mScow' '6mScow’ '3mSc0m' 'OmScour', '3mScom' NoScour' "9mScow' '6mScour

Figure 8: Probability distribution for test data (10% of unobserved data in offline mode).
The red box denotes the samples that are incorrectly classified.

In Figure 8, it can be seen that the first two columns are associated with samples where the classifier
detects both characteristics of class 1 (no scour) and class 2 (3m scour), even though it correctly detects
the predominant class (correct prediction) in all cases. On the other hand, the sample in the sixth column
(9 m scour) is wrongly classified as damage class 3 (6 m scour) with a py,a, = 92%, while the
probability associated with the actual class is p; = 7.17%. Although the class prediction is incorrect in
this case, the actual class is associated with the second maximum probability.

4.3. Comparison with other ML methods in offline mode

To show the robustness of the proposed framework using the NBC algorithm, the same framework is
also created by two well-known Al algorithms: SVM (Malekloo et al. 2021) and Artificial Neural
Network (ANN) (Avci et al. 2021). The result of using these algorithms as damage classifiers are shown
in Figure 9a and Figure 9b, which are based on a 5-fold cross-validation error estimation method. As
shown in Figure 9a and Figure 9b, both algorithms had competitive results and the classification
accuracy of both are more than 90%. The majority of misclassifications are occurring between
successive depth classes with values being misclassified as the previous/next scour depth. The overall
accuracy of ANN (93.3%) is slightly better than SVM (92.5%) in this dataset.
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Figure 9: Training data and validation data are both from same Load Case (a) Confusion Matrix for SVM
(Classification Accuracy=92.5%); (b) Confusion Matrix for ANN (Classification Accuracy=93.3%)

4.4, Influence of load case

The influence of different load cases on the accuracy of the proposed framework is demonstrated in
Figure 10a and Figure 10b. It is worth noting that for the offline training mode of the algorithm, data
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used are from acceleration responses of a structure in LC1 to LC4, and data related to LC5 is not used.
Figure 10a and Figure 10b shows the result of SVM and ANN where the testing data are from unseen

load case (LC5) but in the same scour depth as the training data.

It can be seen in Figure 10a that the SVM algorithm has good accuracy in detecting scour depth when
data comes from 3 m and 6 m classes, but its accuracy comes down when data comes from the 9 m
classes or No Scour classes. On the other side, the classification accuracy of ANN (Figure 10b) has
better overall accuracy (90.8%) in detecting the true class of scour. From the results presented, it is
possible to conclude that the proposed framework has robustness, especially when using the neural
network, and its accuracy is acceptable even when the test data comes from untrained load cases that

can be applied to the OWT.
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Figure 10: Training data are from LC1 and Test data are from LC5 (a) Confusion Matrix for SVM; (b) Confusion
Matrix for ANN

45. Influence of measurement noise

Although simulations cannot fully represent the sources of measurement errors that occur in the real
world, a random noise was added to the acceleration signals obtained from OpenFAST to account for
measurement errors. In practice, the measured signals may contain errors due to various reasons such
as electrical noise, poor installation of sensors, vibrations caused by external sources, among other
reasons. The acceleration data obtained from OpenFAST is modified by introducing white noise, which
is calculated by using the following equation:

a = QAcalc T EpNnoised(Acalc) (3)
where a is the acceleration signal inclusive of noise (polluted acceleration data), acaic is the acceleration
data obtained as an output from OpenFAST (noise-free data), Ep is noise level, Nnoise iS @ normal
distribution with mean value of zero and unit standard distribution, and o(acar) iS the standard deviation
of noise-free acceleration data. Figure 11a and Figure 11b shows the performance of ANN and SVM
models in the presence of noise in the acceleration signals. Both algorithms were trained on noise-free
data and tested on data with 3% white noise added to the acceleration response. The overall accuracy
of ANN (96.7%) is better than the overall accuracy of SVM (93.3%) for this low noise level. Further,
to evaluate the effect of increasing noise level on the accuracy of ANN and SVM models, three higher
noise levels of 5%, 8% and 10% are considered and the results are shown in Figure 12. As can be seen
in this figure, the accuracy of both models decreases with the increase of the noise level, while the ANN
algorithm shows a better overall performance compared to the SVM algorithm. Based on the results, it
can be suggested that the proposed framework has an acceptable performance in processing reasonably
low noise data.
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Figure 12: Influence of various noise levels on the accuracy of the SVM and ANN method
4.6.  Influence of sensor layout on detection accuracy of the model

The automatic scour depth identification procedure that was applied in the previous sections is based
on the responses obtained from five measurement positions (odd numbered sensors in Figure 1). To
evaluate whether the number and position of sensors used to detect and classify scour depth can be
optimized, the influence of sensor layout is investigated. The main purpose of this analysis is to optimize
the number and position of sensors installed along the tower, which reduces the cost of installation and
maintenance of sensors, as well as maintains the effectiveness of the defect identification method. In
regard to sensor layout, three configurations have been considered which is shown in Table 8. Table 8
also shows the selected feature set and classification accuracy for each layout using SVM and ANN.

Table 8: Sensitivity analysis on the impact of sensor layout on the accuracy of the proposed framework

Selected Selected feature set by the Classification Classification
sensor ANOVA accuracy using accuracy using
SVM ANN
Odd sensors S1-Peak value, S1-Skewness, S3- 94.1% 91.6%

(51,53,55,57,59)  Peak value-, S7-Clearance factor,
S7-Crest factor, S7-Impulse factor,
S7-Kurtosis, S7-Shape factor, S9-

Kurtosis, S9-Skewness

Even sensors S2-Peak value, S2-Skewness, S4- 91.7% 91.7%
(52,54,56,S8) Peak value, S4-THD, S6-Kurtosis,
S6-Shape factor, S8-Clearance
factor, S8-Kurtosis, S8-Shape
factor, S8-Skewness
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All Sensors S1-Skewness, S2-Peak value, S3- 96.7% 93.3%
Skewness, S6-Kurtosis, S6-Shape
factor, S7-Kurtosis, S7-Shape
factor, S8-Kurtosis, S8-Shape
factor, S9-Skewness

As can be seen in Table 8, the classification accuracies are over 90% for all models. From an economic
point of view, with five sensors, it seems possible to accurately classify the scour depth. Moreover, as
shown in Jawalageri et al. (2022), for detecting the mode shape of the OWT tower, the best sensor
position is to place a sensor at the top and bottom of the tower, which means that the odd sensor layout
that considers the first and ninth sensor will achieve a better representation of the status of the OWT.

4.7. Real-time classification

The result of the implementation of the proposed framework on the unseen dataset shown in Table 4
is considered in this section. Figure 13 depicts the predicted class for all 90 samples that are extracted
from the scour scenarios in Table 4. The misclassified samples (2, 3, 32, and 90, respectively) are
highlighted in red. A high level of confidence is assigned to most classification results (only 4 samples
are misclassified) and the accuracy of the model is equal to 95.56%, providing reasonable results.
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Figure 13: Performance of NBC for unseen data

For samples in which a clear classification is not obtained, the probability distribution provides a
better insight into the type of structural state associated with the sample. To show these results, Table
9 and Figure 14 present the probability associated with the predicted classes (scour depth) of ten
samples. As can be seen, usually two classes are indicated by the classifier as possible predictions. For
example, the first sample comes from 7 m scour depth; but since such a class did not exist in the training
mode of the framework, NBC predicts that by a probability of 72% the data comes from a 6 m scour
condition, and by a probability of 29% it comes from the scenario that has 9 m scour. As mentioned
before the main benefit of the proposed framework is that it can give a likely range for the potential
depth of scour around an OWT.

Table 9: Probability distribution for real time mode (new scour depths on which Naive Bayes is not trained)

Naive Bayes Classifier Posterior Probability (%)
True Labels Predicted Labels No-scour 3m-Scour 6m-Scour 9m-Scour
% g ‘ '7m-Scour’ '6m-Scour’ 0.00 0.11 71.79 28.10
= % £ '2m-Scour’ '3m-Scour’ 0.01 99.99 0.00 0.00
2 %8 ‘2mScour 3m-Scour’ 31.72 68.28 0.00 0.00
=3 "2m-Scour’ '9m-Scour* 2.66 8.88 4321 4525
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Naive Bayes Classifier Posterior Probability (%)

True Labels Predicted Labels No-scour 3m-Scour 6m-Scour 9m-Scour
'2m-Scour’ 'No-Scour’ 77.48 22.52 0.00 0.00
'"7m-Scour’ '9m-Scour’ 0.00 0.01 241 97.58
'"7m-Scour’ '9m-Scour’ 0.00 0.03 14.05 85.92
'2m-Scour’ 'No-Scour" 70.87 29.13 0.00 0.00
'4m-Scour’ '3m-Scour’ 0.01 70.82 22.32 6.84
'7m-Scour’ '9m-Scour’ 0.02 0.09 9.60 90.29

Probability Distribution of Predicted Class
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Figure 14: Probability distribution for real-time mode (new scour depths on which Naive Bayes is not
trained). The red box denotes the samples that are incorrectly classified.
Based on Figure 14 and Table 9, it can be concluded that the proposed algorithm determines the upper
and lower limits of scour depth with very good accuracy when the data is collected in real-time.

4.8.  Comparison with other ML methods in real time mode

The performance of ANN and SVM in the case of using new data (ten samples) in the real state are
shown in Table 10. As can be seen, both algorithms have an acceptable performance, but the main
advantage of NBC’s algorithm is that it gives the probability of belonging to pre-trained data classes
for unseen data, which makes it possible to determine the upper and lower limits of likely scour depth
if the exact class of scour cannot be found.

Table 10: Classification result for real-time mode (new scour depths on which ML is not trained)

Real Scour SVM output ANN output

'4m-Scour’ '3m-Scour’ '3m-Scour’
'4m-Scour’ '3m-Scour’ '3m-Scour’
'2m-Scour’ '3m-Scour’ 'No-Scour’
'2m-Scour’ '3m-Scour’ '3m-Scour’
'"4m-Scour’ '3m-Scour’ '3m-Scour’
'7m-Scour’ '6mS-cour’ '6m-Scour’
'"2m-Scour’ "3m-Scour’ '3m-Scour’
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'"7m-Scour’ '6m-Scour’ '6m-Scour’

5. Conclusion

A vibration-based damage detection and classification methodology was proposed for scour detection
of a monopile-supported 5 MW offshore wind turbine in this paper. The approach was tested on a
numerical model with four different structural states: an undamaged structure, and a structure affected
by 3m, 6 m, and 9 m of local scour. The developed SHM methodology that combines data pre-
processing, feature extraction/selection, and a machine learning classification stage through NBC
exhibits a remarkable performance, especially when new unseen data is fed to the framework. The
estimation of class membership probabilities using NBC allows the assignment of a high level of
confidence to most results. For samples in which a clear classification of scour depth is not obtained,
the probability distribution provides a better insight into the type of structure state associated with the
sample. In the real-time mode of the proposed framework, NBC predicts the scour depth range of new
data by showing the probability distribution for the percentage of closeness of the new data to the trained
damage classes. The main conclusions of this work are:

o Feature selection stage is applied to reduce the data volume obtained with the sensors using
ANOVA. The results show that by selecting only 10% of features from the feature set, an
acceptable accuracy in scour detection can be achieved. These ten features had the largest 1S
that show they can be used to distinguish different classes of scour.

e The application of the proposed framework was investigated in identifying scour depth in
both offline and online modes. In addition, the effect of the change of the applied load, as
well as the change in the noise level, was investigated. The results showed that ANN and
SVM algorithms have acceptable accuracy in identifying scour depth in these situations.

e The proposed methodology can process new data using the NBC for real-time classification
of a new observation. The NBC manages to classify nearly all samples appropriately (only
four out of 90 samples are misclassified in the real time mode considered).

Larger OWT structures attract higher aerodynamic and hydrodynamic loads. These increased loads
require larger supporting monopile foundations. One consequence of larger diameter monopiles could
be the development of larger scour depths around the foundation, as this typically scales with diameter.
In light of these emerging challenges, the proposed method outlined in the study has the potential to be
a valuable tool for early detection and monitoring of scour that could affect the structural integrity of
these emerging OWT foundations.

Future work is expected to focus on two main areas; the possibility of combining both
linear and nonlinear feature extraction techniques will be studied to increase the separability capacity
of the feature stage before entering the classifier. Furthermore, the developed damage classification
methodology will be tested on more complex and realistic structures. It should be noted that the wind
speeds considered in this study are around the rated wind speed of the turbine. While the effect of
unsteady wind condition such as turbulence along with stochastic waves and currents on the proposed
framework has not been studied, this might be a limitation of the proposed method and will be
considered as part of future studies. In addition, the validation of the proposed method using real OWT
data will be considered as part of the future work.
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