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Abstract

As interests in offshore wind farms continue to grow, so does the demand to reduce the
cost of energy (COE). Maintenance cost and downtime can reduce the COE through
greater information on offshore wind assets concerning the operational loads and struc-
tural integrity. This has had a significant impact on the interests of digital-enabled
asset management (DEAM) using digital twins. Digital twins’ technologies can repli-
cate operational assets computationally, providing more information and increasing
one’s confidence in operations and maintenance (O&M). DEAM is a multi-disciplinary
field and making advances in this field requires aspects of multiple modelling domains,
this thesis aims to develop this and help aid in the future of DEAM. The work carried
out in the thesis has been validated against operational data recordings from offshore
structures. This provides value and confidence to the results of the state-of-the-art
models for real-world engineering systems.

This research presents a portfolio of four research areas that have been published
in a variety of peer-reviewed journal articles and conference papers. The areas are:
1) A proposal for standardisation of pre-processing data. Current standards have not
addressed how to deal with data for machine learning, and this paper aims to begin
this discussion with an example. This work implements a trend condition monitoring
model that makes predictions on the power of an offshore structure using supervisory
control and data acquisition (SCAD) data. There are 5 different machine learning (ML)
models used and the data is validated using unused data with the modelling errors
quantified. 2) A novel approach to dealing with the limitations of small data sets.
This is an innovative way of transferring information from a homogeneous population

to increase the accuracy of an artificial neural network (ANN). The ML model is a
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Chapter 0. Abstract

comparison of a conventional ANN compared to the proposed hard-parameter transfer
ANN model. The ML model makes a classification of the error signature from the
gearbox using both SCADA data and condition monitoring system (CMS) data. The
validation of the comparison uses unseen data during the training process and the
errors are measured. 3) Is a case study on Wikinger offshore wind farm population
homogeneity where the operational and environmental conditions are compared for all
three wind turbines. This case study provides a framework to follow when investigating
an offshore wind farm population. This uses operational data from three wind turbines
with both SCADA, CMS data, and processed data from RAMBOLL. The outcomes
from this paper are used to determine the type of ML model used in the last study. 4) Is
the model development of a population-based structural health monitoring (PBSHM)
model. This study investigates three domain adaptation techniques suited to strong
homogeneous populations. The ML model takes SCADA data as an input and predicts
the damage equivalent moments (DEM) on the jacket foundation structure. To validate
the PBSHM model data from a structure that is not used during the training of the
model is used to quantify the precision of the model.

The individual contributions of the developments in each of the constituent areas
relate to an overall improvement in modelling approaches that are necessary for DEAM
and aid in the realisation of true digital twins. All the areas relate to offshore wind
ML and are related to operational data. The link between the measured data and the

individual models aid in gaining more information and greater insights into the O&M.
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Chapter 1

Introduction

1.1 Background Scenario and Motivation for Research

The wind industry is rapidly growing, specifically offshore wind and has established
itself as the leading provider of sustainable energy [54]. This is not just the case in
Europe, where it originated [117] [74], but also in emerging markets such as North
America [124], [8] and in the Asian markets too [222], [9], [110]. Projections from the
industry show that global offshore wind will reach 130-140 GW by 2030 and potentially
1500 by 2050 [98]. The rapid growth of the wind industry increases the competition,
and as consequence, this will drive developers to reduce the cost of energy for market
dominance in current, emerging, and new markets.

Three key performance indicators (KPI) that are necessary to achieve market dom-
inance: are the levelised cost of energy (LCOE). This is the sum of the capital expenses
(CAPEX) to manufacture and install the asset and the operational expenses (OPEX)
for running and maintaining the asset. The values of these KPIs are dependent on the
specific project, the design philosophy, and the installation environment. In an envi-
ronment characterised by a historical adherence to conservative practices, there is a
commitment to risk reduction through the integration of innovative technologies. This
approach involves a hereditary inclination toward caution, manifesting in the imple-
mentation of increased safety factors for components and a more frequent schedule of

inspections to uphold continual safety standards. The philosophy of conservatism is
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necessary for both ensuring the asset achieves the design life, but also to increase the
CAPEX and OPEX. Meaning the LCOE can be reduced with increased confidence on
the design, current loads, and prediction of future loads.

There is a strong motivation towards the digitisation of wind turbines and gathering
meteorological information from wind farms. These data are pivotal for operational
monitoring, building, and validating analytical modes to increase confidence on the
design by measuring the loading on the structures. There are recommendations on
sensors, and sensors placements [7]. Incorporating this on an offshore structure can be
incredibly valuable, and as more information is gathered from assets more methods can
be developed to increase the confidence of offshore structures and reduce the LCOE.

Digital-enabled asset management systems (DEAMs) aim to utilise the data gath-
ered from an entire wind farm to make data-reinforced decisions. One concept in
particular, digital twin, is to replicate the operational asset as accurately as possible
within the digital environmental scope. This can be accomplished with a combina-
tion of data acquisition from the operational asset as well as developing a modelling
framework. Provided the models can accurately behave close to the real asset they will

provide valuable insight to the structural health.

1.2 Problem Statement

In the last decades, Structural Health Monitoring (SHM) has emerged as an effective
means to assess the structural and mechanical systems, aiming to increase the amount
of information on the structure by reducing the LCOE and substituting the traditional
time-based maintenance method with a cost-effective condition-based strategy. Within
this context, the condition of structures is to be assessed with the aid of a monitoring
system that can record the responses of the asset, and subsequently diagnose damage
or irregularities. But most importantly, notifying the operator to take the necessary
action. Such strategies may be significantly more efficient than the traditional methods,
but this comes with the requirement of sophisticated data processing techniques that
can distil the measured information and extract the condition-sensitive indicators.

In short, SHM follows two methodologies [8], [98]: The model-based approach, a

3
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physics-based model is constructed based on the individual geometry and topology of
an asset, utilising the operational conditions the parameters are updated through the
sensor data, most commonly accelerometers, inclinometers or strain gauges [158]. The
second approach is a data-driven where the models of the system are not based on
physical laws, instead machine learning tools are applied to learn within the measured
data. Both techniques have their advantages. Physics-based models have the potential
to simulate a variety of operational and environmental conditions to high accuracy.
However, the model must regularly be validated to ensure confident results [74]. Also,
as technologies progress and the complexity increases, determining the ambiguity of
the results becomes increasingly more difficult. On the other hand, when conducting
a data-driven approach, complex behaviour can be learned without having to define a
model from physical principles. Furthermore, addressing the ambiguity can be easily
incorporated.

Unfortunately, machine learning algorithms usually require large data sets to be
recorded during system operation to infer reliable predictions. Supervised learning
techniques require measured signals to be comprehensively labelled to describe what
each signal represents. Unsupervised techniques require large quantities of unlabelled
measured signals. Furthermore, machine learning tools offer minimal insight into the
underlying physics of the problem and they are considered black box models [21].

Analysis of SHM in engineering should require a combination of physical models
and data-driven approaches, as valuable information can be derived from both method-
ologies. This presents the requirement of large amounts of data, sophisticated data
processing techniques, an expensive physical model, and the development of a machine
learning model. Surely incorporating all of this at once is an expensive solution?

The advantage of implementing a low-cost monitoring campaign is that only a select
few wind turbines in the wind farm need to be instrumented. This results in a significant
reduction in the amount of model updating required for the physical models in the
wind farm. Furthermore, it generates a highly effective population-based structural
health monitoring (PBSHM) campaign. The PBSHM model is developed using both

the physical models and machine learning techniques generating a Gray box model for
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an entire wind farm with a fraction of the effort and cost in comparison to producing

physical models for the entire wind farm.

1.3 Aims and Objectives

This research aims to develop machine learning model approaches related to offshore
wind condition monitoring as well as develop a process on how to conduct a PBSHM
campaign. The contribution to academia investigates the components of DEAM, using
machine learning techniques with data from several different wind turbines verifying the
models using the predictions and the real data. This is conducted by firstly addressing
concerns about how data is pre-processed for machine learning models in wind energy.
The contribution to knowledge from this highlights that current standards are falling
behind on this aspect and that model accuracy can be improved with effective pre-
processing. A byproduct of this contribution is that with transparent and standardised
pre-processing DEAM models will be more easily compared against one another.

Within DEAM a challenge when utilising machine learning is sophisticated data.
Following from the pre-processing another aspect is availability and addressing the
limitations of small data-sets. For effective machine learning, one needs large amounts
of data. The data processing aspect of this challenges this idea and identifies that
transfer learning can aid in improving the accuracy of alarm assessment of an offshore
wind farm.

The main contribution to knowledge is the development of a low-cost DEAM model.
This is conducted in two parts, the first stage investigates the type of PBSHM prob-
lem, and the population form for this task uses sensor data from the foundation of a
jacket structure that is processed to determine the damage equivalent moments at the
interface of the jacket and the transition piece for three structures. Stage two applies
the knowledge of the population form gained from the case study and develops a vari-
ety of models using conventional machine learning and domain adaptation techniques.
The final model is verified using the data from a structure that is not used in the
development of the model to verify the low-cost monitoring campaign effectiveness.

The thesis aims to deliver the following objectives:
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e Conduct a comprehensive literature review of offshore wind DEAM techniques
and provide references. This includes the SHM techniques and the machine learn-

ing models used.

e Begin the discussion on why pre-processing should be standardised in offshore

wind and why it should be more transparent in academia.

e Provide a solution to address the issue of limited data sets. This is conducted by
developing a time-series model that makes predictions of the state of the wind
turbine using transfer learning. The model is compared to a traditional machine

learning method to highlight the improvements made.

e Conduct a case study on the limitations of PBSHM for a low-cost monitoring

campaign.

e Develop a time domain PBSHM model and compare the effectiveness of several

models to determine the most suitable method for this task.

1.4 Structure of the Thesis

With the main body of this thesis made up of machine learning modelling for the appli-
cation of DEAM, this thesis approaches both challenges and does so in four chapters.
The first chapter consists of a literature review of current SHM techniques using both
SCADA and vibration-based methods. This also covers some of the machine learning
techniques that are commonly used. The second chapter conveys the concerns and so-
lutions when using data. This is further broken into three sections; The first part deals
with SCADA, the second focuses on the types of sensors needed for DEAM, and the
last part is pre-processing. Pre-processing involves conducting a sensitivity study using
five different machine learning methods for power trend condition monitoring. The
study compares raw data with pre-processed data.The third chapter is a case study on
the Wikinger wind farm where the CMS is used to determine the damage equivalent
loads on the foundation of the structure, and this is used to investigate the effects on

the population of the wind farm with regards to the operation and environment by
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combining the damage equivalent moments with the documentation and SCADA data.
Finally, the project presents two DEAM tools. The first is a solution to the limited
data problem in machine learning. This is indicative of a newly installed wind turbine
with a short amount of operational time. Hard-parameter transfer learning was used
with this model, and it makes predictions of the operational state of the wind turbine,
providing error signals on the health of the wind turbine. The second DEAM tool is
a PBSHM model. This is a general classifier on the damage equivalent moments for
the structures on the Wikingier wind farm. There is a collection of machine learning
models used for this and a comparison is made.

This thesis is a collection of work that has been published in peer-reviewed journals.

The components of this thesis are from the following publications:

e Literature Review

— Condition monitoring systems: a systematic literature review on
machine-learning methods improving offshore-wind turbine oper-
ational management, Innes Murdo Black, Mark Richmond, Athanasios

Kolios, 2021, International Journal of Sustainable Energy, Taylor & Francis
e Data Collection and Processing

— Standardisation of Wind Turbine SCADA Data Suited for Machine
Learning Condition Monitoring, Innes Murdo Black, Athanasios Kolios,
2022, Proceedings in Marine Technology and Ocean Engineering, Trends in

Maritime Technology and Engineering
e Case Study of an Operational Wind Farm

— Population-Based Structural Health Monitoring: Investigation into
the Heterogeneity of an Offshore Wind Farm, Innes Murdo Black,
Moritz Werther Héckell, Athanasios Kolios, 2023, Renewable energy,

e Digital Enabled Asset Management of Wind Turbines Results
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— Long term findings, Simon Sielder, Innes Murdo Black, Carolin Sophie
Wenedelborn, Moritz Werther Héckell, Debora Cevasco, 2022, ROMEOQO,
D4.5

— Deep Neural Network Hard Parameter Multi-Task Learning for
Condition Monitoring of an Offshore Wind Turbine, Innes Murdo
Black, Deborah Cavesco, Athanasios Kolios, 2022, Journal of Physics

— Population Based Structural Health Monitoring: Homogeneous
Offshore Wind Model Development, Innes Murdo Black, Moritz Werther
Héckell, Athanasios Kolios, 2022, Renewable energy, (Submitted)



Chapter 2

Literature Review

Condition monitoring systems: a systematic literature review on machine-
learning methods improving offshore-wind turbine operational management,
Innes Murdo Black, Mark Richmond, Athanasios Kolios, 2021, International Journal

of Sustainable Energy, Taylor & Francis

2.1 Introduction

The total capacity in Europe of installed wind power sat at 18,499 MW in 2018 which
is an increase of 2,649 MW from 2017 [212]. The industry has tended away from small
clusters of wind turbines where maintenance is more accessible and the overheads of
sending a team for regular intervals were not expensive. For offshore wind farms, the
cost of maintenance relative to the levelised cost of energy (LCOE) is significantly
increased compared to onshore. It is reported in the North Sea that the operations and
maintenance (O&M) cost between 20%-25% of the LCOE compared to around 12%
onshore [167], [188]. The impact of the offshore environment coupled with increasingly
expanding machines means that the maintenance strategy of planned, scheduled or
responsive regime incorporates a more proactive, predictive methodology. The key
contributor to this shift in the industry is the intelligent monitoring of structural health
termed condition monitoring.

Condition monitoring systems (CMS) are being developed by several operators.
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Companies monitor several parameters including; vibrations, oil quality and tempera-
tures in some of the main assemblies [118]. This information is used to infer the health
of the assets to determine the remaining useful life or to determine if scheduled mainte-
nance is required based on the monitored irregularities. There is an additional cost of
implementing supervisory control systems, which have deterred operators in the past
but the financial benefit has eradicated scepticism [39]. All large utility-scale offshore
wind turbines have supervisory control and data acquisition (SCADA) systems to gov-
ern their performance. SCADA systems provide a magnitude of information over the
operational life of a turbine providing updates at a resolution of 10 minutes.

This paper is a continuation of M. Luengo and A. Kolios. [118], which carries out
a detailed review of condition monitoring systems, following the statistical pattern
recognition paradigm. Developing this idea, this report seeks to understand the types
of maintenance procedures implemented in offshore wind engineering. Focusing on cur-
rent detection methods incorporating machine-learning techniques. Currently, there is
a variety of review papers on how condition monitoring is beneficial when implemented
correctly [231], [13]. Others look at how predicting the structural health of a compo-
nent using machine learning methods can determine scheduled maintenance [168], [169].
Most of which are looking at vibration methods or SCADA methods individually. This
article investigates this but develops on the idea that they can complement the results
from machine learning methods when used together. One of the major drawbacks of
vibration-based methods is that the results are difficult to interpret without the help
of an expert. Combining both sets of information complements the analysis for easier
insight and implementation on improving offshore wind turbine operational manage-
ment.

The remainder of this Thesis is constructed as follows: A methodology for the
systematic review is portrayed in section 2. In sections 3, and 4 include a review of 5
different machine learning methods and condition monitoring strategies. Finally, the

remaining sections with a discussion and conclusion separately.
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2.2 Method

This review conducts a qualitative systematic review providing an exhaustive summary
of current systems in place that tackle offshore wind monitoring and maintenance. The
purpose of this review style is to restrict confirmation bias.

The systematic review procedure is developed based on [1]. This focuses on assessing
what methods have been applied towards maintenance and monitoring. This study
is only looking into 5 different regression-type models. Refining this search helped
manage the large volume of literature and streamline the process. The top 5 most
commonly integrated regression methods are implemented. Observing that there are
other regression methods such as; Tobit, Cox, Poisson, Lasso, and linear to name a few
but they are less commonly applied in recent papers.

The process is as follows; both Google Scholar and Scopus were used to initialise
the database, searching specifically for condition-based maintenance for offshore wind
turbine operational management. Then a limitation of the top five most used types of
machine learning applied to SCADA data, and all vibration-based methods were in-
cluded. Secondly, a limit from 2013 is set, removing duplicates from both searches.
After this process was completed the initial screening process, with titles and abstracts
checked against a predetermined criterion for relevance. The thorough search screening
for this paper ranks papers with higher citations having more recognition and impor-
tance in the community. At this point, a full paper consideration is taken. Noting,
some significant works older than 2013 and others with limited citation works that
have a large impact in this field are still included. Following the exhaustive search, a

review of the most relevant information will be transcribed.

2.3 Machine Learning

Machine learning is the application of artificial intelligence (AI) that provides systems
the ability to experience without explicitly being programmed. Nevertheless, machine
learning is referred to as an area of artificial intelligence that is solely concerned with

identifying patterns from data for predictions on unseen information. One of the most
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Machine learning
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Figure 2.1: Machine learning utilises four techniques: supervised, unsupervised, semi-
supervised, and reinforcement learning. Supervised and unsupervised further categorise
into classification/regression and clustering/dimensionality reduction

common definitions, by T. M. Mitchel [125] ’A computer program is said to learn from
experience E concerning some task T and some performance measure P, if its perfor-
mance on T, as measured by P improves with experience E’. In this section the types
of machine learning methods, see Figure 2.1 for a breakdown of the different types of
learning. These will be discussed, detailing the nuances and how they are incorporated
into the industry. Following that, a more in-depth discussion of 5 specific regression
models that are both most commonly applied and widely applicable to time-series data
predictions is discussed. These are support vector regression, K-Nearest Neighbour,
Bayesian Network, Gaussian Process Regression, and Artificial Neural Networks.
Machine learning demands to learn relevant patterns from data to make predictions.
There are various ways in which this can be achieved from a vast variety of learning
algorithms to select from. Common taxonomy organises the different approaches into
learning styles, based on this there are main categories of learning; supervised, unsuper-
vised, semi-supervised and reinforcement. Supervised learning can be further coupled
into classification or regression depending on either categorical or continuous targets
respectively. The main task of unsupervised learning involves clustering and reducing

the dimensionality of the input information.
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2.3.1 Supervised Learning

For supervised learning, the algorithm must have input variables and the target vari-
ables could be; the severity of symptoms, the presence of credit card fraud or future
clinical outcomes. The aim here is to develop an algorithm to determine the opti-
mal function that captures the relationship between input and output target variables.
This type of learning is often related to learning with a teacher, in this situation the
teacher knows the correct answer and corrects the algorithm when a mistake is made.
Therefore, requiring an iterative process of predictions and adjustment until the output
prediction and targeted value have reached a maximal efficiency. The performance is

estimated by comparing targeted values against unseen information.

Classification

The main aim of classification is to predict group membership, labels or classes, from
observations. This type of algorithm is common in brain disorder research. Classifica-
tion is advantageous for this problem since it can be broken into a categorical decision;
for example, should the patient be medicated with A, B, or C. In this case, the algo-
rithm learns to distinguish the patient with a particular disease from healthy controls.
There are a plethora of published articles that have used neuron-imaging data to de-
termine disorders [9-14]. A small niche is using motor signals to identify Parkinson’s
disease [107]. This motion can be extended to a multi-disorder diagnosis, where the

algorithm can predict the probability of a patient having a particular disease [171].

Regression

For a regression problem, the aim is to determine a score on a continuous scale. Some
problems cross over with classifier and regression algorithms, but the outcome is contin-
uous rather than a categorical variable. This characteristic is useful, when, predicting
outcomes such as stock market trends or predicting meteorological trends, both follow
a continuum.

There is a collection of survey articles related to the energy industry, for example,

[199], applies regression models to determine the solar radiation to make predictions for
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photo-voltaic panels, [84] similarly makes predictions on wind power forecasting [223],
has applied various methods to determine consumer electric power consumption.

The level of functioning is completely different, in the clinical trials for classification
models the output is distinguished between true and false. For the regression models

applied to the energy market, the output has a quantitative value that can be ranked.

2.3.2 Unsupervised Learning

As opposed to supervised learning, in an unsupervised learning environment, there is
no target value. The aim is to uncover underlying structures in data. There are two

main approaches to unsupervised learning: clustering and dimensionality reduction.

Clustering

Clustering is a technique that helps us identify meaningful subgroups within large
datasets, like scientific papers. It essentially sorts individual items (e.g., articles) into
smaller, distinct groups based on their similarities. Think of it like organising books
by theme: papers on similar topics end up together. This method isn’t limited to
text analysis. Image recognition and pattern recognition, like identifying objects in
photos, also benefit from clustering techniques like grid mapping. Interestingly, even
"noisy” data from unreliable sensors can hold value. Research [232] has shown that
re-evaluating such data using clustering can sometimes lead to surprising and effective

results.

Dimensionality Reduction

In a situation where the number of features substantially outnumbers the number of
observations, a dimensional reduction can be useful. The greater amount of features
increases the visual complexity, dimensional reduction is a process where reducing the
number of random features under consideration and replacing it with a principal set.
A dimensional reduction study on three-dimensional shape retrieval carried out
in [205] aims to gather the most pertinent shapes from two-dimensional images. An-

other study takes conventional household objects in CAD, and uses the ResNet library
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in Python, which is a neural network [25], to retrieve the original shape and alleviate
computational demand, omitting redundant information. Shape descriptors are com-
monly used in text recognition software, A.A.Mohmamad [126] has reviewed various
Dimensionality reduction text recognition methods. The handwritten text has consid-
erable amounts of ambiguity and redundancies. These methods seek to retrieve the

most relevant information to determine the text.

2.3.3 Semi-Supervised Learning

As the title suggests, when target variables are only available for a portion of the data.
Semi-supervised learning addresses the issue by allowing the model to integrate the
available unlabelled features for supervised learning. This approach is effective when

it is impractical or expensive to attain the measured target data.

2.3.4 Reinforcement Learning

Reinforcement learning aims to build a system whereby it can learn from the inter-
actions in its environment, much like the operant conditioning Sutton & Barto [184].
For this type of learning, the algorithm’s conduct is shaped by a sequence of rewards
and penalties, which are dependent on whether the decision is towards the final goal,
that is set by the programmer. As opposed to supervised learning, where examples are
given to model the behaviour, reinforcement learning is allowed to develop its path,
based on trial and error. This is one of the most promising areas of machine learning
for autonomous control of vehicles. A model-free reinforcement algorithm developed
by Chen-Huan Pi [142] has a quad-copter tracing a predetermined path subjected to
disturbances. The algorithm rewards the system when the trajectory is as efficient at
following the predetermined path subsequently minimising the error.

Machine learning is an emerging topic within artificial intelligence that is gaining
momentum in all research fields, with each industry developing different topics within
the Al field. The nature of this, for the most part, is open source which allows an easy
transfer of knowledge between industries. Machine learning is concerned with identify-

ing patterns from data and subsequently using these patterns to make predictions for
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unseen data. This is a stark contrast from inferential statistics that seek explanatory
power. It is important to understand that there are significant challenges concerning
machine learning, it requires a larger number of observations, whereas some statisti-
cal inferences require less. This issue is being addressed with major developments in

transfer learning or domain adaptation [202], among other methods.

2.4 Models

Machine learning is a growing area with a magnitude of methods to select from. In
the previous section, only the basic procedure is explained. Supervised learning is
a common type of machine learning for condition-based maintenance. The following
section will provide a more detailed discussion of classification and regression models,
introducing the fundamental concepts behind them. Before digging into the details of
these models it is important to divulge the process of dealing with raw data.
Pre-processing temporal data is mandatory to improve the final model’s accuracy.
The mote of errors could be, incomplete data, noisy or inconsistent. The following

process can be implemented:

e Feature extraction involves cases where data sources from multiple databases may
need to be integrated into a single data set. In the case of offshore wind, one may

want to extract vibrational features from the metalogical data.

e Data reduction involves reducing the size of the data through a subset selection,
feature selection or data transformation. This can be handled using row reduction
and column reduction. This generally improves the efficiency of the algorithm by

removing irrelevant records, improving the quality of the data.

e Data cleaning is a widely studied practice that can be carried out using varying
methods for time-series data [27] and [62] have discussed potential options. Al-
ternatively, for high dimensional data [10] explores other methods. It involves
potentially removing noisy data points or replacing them. This handles missing

and incorrect entries.
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e Data splitting, consists of three sets; training set, which is used for learning. The
Validation set is used to tune the parameters of the model and the testing set is
used to assess the performance of the fully trained model. This is most commonly

used in artificial neural networks, however, it is not employed in all ML processes.

This process is carried out to provide more accurate and efficient results. The following
subsections discuss the underlying features of; artificial neural networks, support vector

regression, K-nearest neighbors, Dynamic Bayesian network, and Gaussian regression.

2.4.1 Artificial Neural Network

Artificial neural networks (ANN) have been developed since the 1940s by McCulloch
and Pitts [121] and the learning rule of ANN is based on simple neuron-like logic called a
perceptron. A single neuron is a universal approximator of a smooth surface. The con-
nection strength between artificial neurons is called 'Hebbian learning’ [83] ANNs took
off in the 1980s when; Werbos [206] Parker, and Rumelthart, Hinton and Williams [160]
all worked on backpropagation; hence, systematic learning can be achieved. The hu-
man brain is a vast network of connections coupled with sensory receptors that perform
the simple task of receiving and passing on signals. If the signal is strong enough it
passes the information on, otherwise, it is rejected. This is the building block for the
ANN, with the structure depending on the architecture. Dendrites are assimilated to
the inputs of the signal, collating the information along the cell body. The myelinated
axion is the functioning body of the neuron processing the information and at the axon
terminal, the information is passed on to the subsequent neuron. Learning in ANNSs is
commonly carried out using backpropagation optimisation. Originally it was considered
that a synaptic signal was either 1 or 0. For an optimisation problem, discontinuous
trends are difficult to solve. Rao and Rao [150] considered the synaptic strength to
be a continuous fixed function. Recently have been developments implementing the
self-adjusting threshold discussed in [207]. One of the most significant advantages of
ANNSs is the ability to predict non-linear, complex behaviour effectively. This success is
directly proportional to the selected instances. When presented with incomplete infor-

mation ANNs can still produce results. ANNs are dependent on the samples, and with
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Input Space

Feature Space

Figure 2.2: The transformation from input data into feature space for a greater fit [69]

limited information, the accuracy is hindered. This also means that large quantities
of data are necessarily imposing a hardware requirement. But there are developments
in domain adaptation, [202]. This method transfers knowledge from other related data
sets to improve the performance of machine learning methods when there are limited

amounts of data for specific tasks.

2.4.2 Support Vector Regression

Due to some of the shortcomings of ANN, the so-called support vector regression (SVR)
was developed in the 1990s for non-linear regression and classification problems by V.
Vapnik [197]. There are three main reasons for SVR’s success; reliable training efficiency
with small samples, the robustness against error models and its computational efficiency
compared to other methods such as ANN [119] [201]. In the training process of machine
learning techniques, it is often assumed that the larger the sample, the error function
will decrease. This can result in what is known as over-fitting [52], where a complicated
function is designed to reduce the loss of the estimated target and desired output. This
yields very accurate results in the training stage, but the estimation is poor. This is
not consistent with SVRs.

SVRs aim to generate a function by separating the variables with a hyper-plane, see
figure 2.2 for as an example. To determine the two classes separating the hyperplane

a suitable regularisation model is required for the training stage. Vapnik-Chervonekis
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developed the basis of SVR [43], the Kernel function [123], this function transforms
the input space into a feature space, also known as Hilbert space. Hilbert space is a
mathematical structure used to represent points, similar to how a coordinate system
(like the X and Y axes on a graph) can represent points in 2D space. However, a
Hilbert space can be infinite-dimensional, allowing it to represent much more complex

data [179]:
N

y=> (0 — o)z, z) +b (2.1)

i=1
where o;&a; are Lagrange multipliers for N training variables and b is a constant
real number. For this instance, a Gaussian radial bias kernel function can be used with

o, a tuning parameter:

202

k(zi,x;) = exp (_WM) . (2.2)

2.4.3 K-Nearest Neighbour

Similar to the previous machine learning methods, the K-nearest neighbour (K-NN)
presumes that the current time series will exist in the future. This method differs
from the other methods since the training of the algorithm is considered ’lazy learning’,
where learning is a generalisation of the input data as opposed to training the algorithm
before receiving queries in ’eager learning’. The objective is therefore to determine the
present value based on a generalisation of past values. This is evolved from Kantz and
Schreiber [101].

The algorithm aims to determine the Euclidean distance from the present and past
variables, while some other less common distances can also be used [133]. Locating the
closest distance of the variables from the learning data to determine the output. The

distance is given by:

N

Diwiya;) = | Yo (@(e:) — anla;))? (23)

=1
where a1(x) denotees the 15¢ feature instance of x. To determine the K-NNs the

value f(x,) as the estimate of f(z,) is the most frequent value of f among the K-NN
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can be represented as:

k
f(xy) — argmaz Z d(v, f(zi)) (2.4)

i=1
with v(a,b) = 1 if a = b else v(a,b) = 0. This is one of the simplest machine
learning methods. Since there is no training necessary it can be considered faster at
making decisions. However, with large multidimensional data sets, the algorithm does

not perform well since it is more difficult to determine the Euclidean distance.

2.4.4 Dynamic Bayesian Network

Dynamic Bayesian networks (DBN) are directed graphs representing a set of variables
and their condition dependence [138]. BNs constitute both quantitative and qualita-
tive analysis. The quantitative section involves prior and conditional probabilities for
each node and the qualitative section involves The clear advantage of implementing
a low-cost monitoring campaign is that only a select few wind turbines in the wind
farm need to be instrumented. This results in a significant reduction in the amount
of model updating required for the physical models in the wind farm. Furthermore,
it generates highly effective population-based structural health monitoring (PBSHM)
campaign graphs. Each node represents a random variable. The arcs in a graph or di-
agram indicate the causal relationships or dependencies between the nodes. The joint

distribution between variables of the vector is X, and the network is represented by:

p(X) = Hp(xi|pa(xi)) Va...xn € Qg (2.5)

with values of variable z; and pa(z;) denoting an instant of the parents of X.

BNs are a set of conditional independence statements; this is the main consider-
ation when building the model. This can be determined by employing the rules of
d-separation. Using this method the joint probability distribution for a set of random
variables can be determined using the chain rule. Dynamic BNs are an extension of
BNs; typically they partition the variables into input, hidden and output variables for

a state-space model. This can tackle discrete-time stochastic models.
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2.4.5 Gaussian Process Regression

A Gaussian process (GP) is a multi-variable probabilistic approach applied to regression
and classification machine learning problems. GP algorithms are stochastic processes,
that can model multivariate infinite vectors. The process can be defined for a random

set of variables x as mean m(x) and covariance k(z,z’) [151]:

f(x) = GP(m(z(x), k(z,2"))) (2.6)

GP regression determines marginal Gaussian distributions from the training data
and can describe non-linear trends as an output function. KEssentially GP is a non-
parametric generalisation of a joint-normal distribution of an infinite set of input vari-
ables, defined by the mean and Kernel function [152]. A typical common Kernel is the

squared exponential kernel used in [193]:

k(xi, xj) = exp <1 - %d (??)2> (2.7)

With [ being a length scale. The function determines a probabilistic accuracy,
meaning that the output from this process has a predetermined confidence interval.
This is advantageous as there is an uncertainty associated with the output function.
The Gaussian process is also versatile since there is a variety of covariance functions for
varying problems however, this does raise the issue of implementing the correct Kalman
filter [81].

Machine learning is continually adapting, with huge amounts of investment from
large international organisations and research institutions. This study has only selected
several models that are suited towards time-series problems but there are vast amounts
of other models for different challenges. There is no consensus on what is the most
desirable methodology, there are guides and books but no concrete standardisations for

confident, accurate model implementation.
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Table 2.1: Summary of references relating to the Machine learning methods used in the specific types
of Monitoring and Maintenance Techniques

Monitoring Type of Machine-Learning Method

For Mainte-

nace Tech-

niques

ANN SVR K- DBN GRP Other
NN

Vibrational [58] [234] [61] [145] [175] [68]
[106] [17] [77]
[190] [130] [226]
[233] [109] [25]

Trending [78] [204] [115] [100] [100] [177] [163] [216] [217]

Clustering [30] [103] [47] [120] [80] [50]  [129] [191] [85] [200] [229] [230] [50] [131]

[221] [227]

Normal be-  [38] [65] [20] [170] [14] [185]

haviour model-

ing

Damage Model-  [18] [48] [112] [153]  [235] [157] [28] [166] [146] [23] [57]

ing [154] [97] [173]

Alarm  Assess-  [143] [96] [214] [108] [215] [203] [228] [147] [60] [72]

ment

Performance [164] [139] [159] [165]

Monitoring [140] [180] [16]

[176]
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2.5 Data Driven Decision Making For Wind Turbine Op-

erational Maintenance

The maintenance of an offshore wind farm can be categorised into two approaches;
preventative and corrective maintenance. The latter applies to the run-to-failure ap-
proach, which inherently risks cascading failures with the potential of catastrophic loss.
This approach is also likely to cause greater downtimes since planning for maintenance
is followed by the failure event.

In contrast, the preventative-based maintenance philosophy aims to repair a compo-
nent before failure, this is broken into two subcategories: calendar-based maintenance
and condition-based maintenance. Calendar-based maintenance is performed by an-
nual or semi-annual visits or scheduled replacements based on the operational life of
the component. A more effective approach is condition-based maintenance, where the
components are repaired based on the health of the part. This strategy aims to predict
failure before it occurs so that the scheduling can be planned earlier in a corrective
manner to reduce downtime. Producing accurate predictions of the remaining useful
life of an asset is a complex task, especially so in a complex system with multiple failure
modes.

There are three main requirements of a condition-based maintenance system ac-

cording to Wiggehuzen et al, [208]:

e Detection of failure mechanism
e Measurable criteria

e Detection of time

These three steps have been interpreted in a variety of different ways, and the
creativity within the maintenance sector has resulted in a variety of different models.
The following sections will look into Acoustic and SCADA models for the detection of

failure mechanisms and how to use the measurable criterion.
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2.5.1 Acoustic Condition Modelling

In the context of an offshore wind turbine, with mechanical, electrical and structural
components. There have been various signals and monitoring tools to determine the
structural health of the turbine.

The identification of dynamic system responses has been carried out qualitatively
since the introduction of acoustic modelling [189], recently with the emergence of condi-
tion monitoring, the maturation and cost reduction of digital computer hardware [41].
Condition monitoring is becoming more attractive and the offshore wind industry is
becoming an emerging topic. Monitoring of rotating machinery is most competitive in
terms of profitability and reliability [187], [145]. The failure detection systems depend
on pattern recognition related to displacement, velocity and acceleration time histories.

The sensors are commonly placed on the housing or shafts of the components during
the operation. DNV-GL [5] codes on condition monitoring state that the minimal
amount of sensors of geared turbines shall include at least one vibration sensor on the
main bearing, two on the generator bearing and 5 for the gearbox sensor. Sensors are
predominantly mounted on the housing of the component. The most common sensor
used is a Piezo-electric accelerometer because of the large bandwidth, ranging from 0.1
Hz to 30 Hz BSI 13373-1 [3]. Piezo-electrics sensors, unfortunately, suffer from roll-off
at lower frequencies.

Raw vibration analysis is no arbitrary task. The data as a whole needs to be
analysed in detail. Common methods are; time-domain analysis, for instance, Hilbert
Transform. Statistical analysis, and frequency domain techniques, such as the Fast-
Fourier Transform or time-frequency domain techniques like the wavelet transform.

Fast-Fourier-Transform has been the most applied technique to obtain frequency
spectrum by converting the time domain signals into the frequency domain. Specific
harmonics are directly correlated to the gradation or faults of moving parts. Qiao, W.
and D. Lu [145] have explored this for faults specific to wind turbines. Fast-Fourier
transforms are effective in stationary signals but, may result in indistinct solutions in
non-stationary environments. Offshore wind, and especially floating offshore wind the

nacelle oscillates. The IEC-64001-25 [4] has suggested binning vibration measurements
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over the power band of the operational wind turbine, or using log mean composition
and applying synchrosqueezing transform [175], [68].

Envelope analysis is used in signal processing to detect fault frequencies that may
not be represented in the spectrum produced by Fast-Fourier-Transform such as shock
impulses [174]. A Band-pass filter is applied to the time domain signals centring on
the desired energy region. The amplitude is demodulated in the filtered time-domain
signal, extracting this repetition rate of impact. Applying this process during Fast-
Fourier-Transform characteristic impact frequencies and their modulations, sidebands,
are determined.

Cepstrum involves taking the inverse Fourier transform of the logarithmic power
spectrum. This methodology has been applied in auto-correction ANSIs, which is just
performed on the logarithm of the power spectrum, In Cepstrum the correction is
mainly focused on the lower harmonics [68].

For rotating machinery, fault detection is usually determined by distinguishing spe-
cific harmonics or side bands. Envelope analysis is carried out to specifically locate
sidebands using amplitude demodulation. Cepstrum analysis is carried out to distin-
guish between different harmonic groups [148]. The combination of this collection of
techniques can lead to good failure detection. They can identify various forms of fail-
ures and are incorporated into commercially available solutions on vibrational analysis
for offshore wind turbine condition monitoring. These tools often require experts to in-
terpret the results to determine whether the information is indicative of a fault. Efforts
have been put to fully automate fault detection with vibrational analysis using features
such as sideband energy, [106], deep learning convolution networks [17] or using a sys-
tem that uses vibrations analysis combined with wind and rotor speeds [77]. There is a
need for a more generic approach of fault detection utilising machine learning methods,
and vibrational analysis with the minimal amount of human intervention possible.

Offshore wind turbine condition monitoring is an emerging field with various tools
emerging. Roller bearing failure detection using vibrational signals by extracting fea-
tures with support vector regression modelling [61]. Also, another the same problem

using artificial neural networks [234]. Gearbox failures are of interest since it has one
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of the highest down times, these failures have been diagnosed using Von-Kalman filters
during operation and in non-stationary conditions [58] also including complex wavelet
transformations [190]. Another approach has developed a tool using the angular veloc-
ity data [130], investigating jerk’, using the rate of change of acceleration [226].
Condition monitoring systems have been incorporated in several industries for years,
Sky-wise [11] in the Aerospace or Pulse for the Nuclear industry. The Wind industry
operators have only recently introduced dedicated condition monitoring systems. The
reason this development requires time is largely dependent on the initial cost being
high [216], resulting in ambiguity on returns. The benefit of this investment will take
years to impact the cost-benefit analysis. Another aspect is the probability of false
alarms, hence, unnecessary costs from scheduled maintenance. As some insurance
companies dictate that condition monitoring is mandatory the offshore wind industry
will develop more effective mechanisms, according to a study carried out in 2014 by
Yang. et al, [217] only 60%-80% accurate diagnosis is necessary to provide adequate

returns to justify the implementation.

2.5.2 SCADA Modelling

Condition monitoring systems based mostly on vibrational analysis can be costly, the
appeal of SCADA-based systems for condition monitoring is largely due to the sensors
already being installed to track the normal operations of the vessels. This subsection
will discuss approaches implemented in the industry using SCADA data for failure de-
tection and condition monitoring. There are six main approaches; trending, clustering,
normal behaviour modelling, damage modelling, alarm assessment, and performance
monitoring. SCADA data typically records the meteorological data, component tem-
peratures, control variables and electrical characteristics of horizontal offshore wind
turbines. The exact configuration is dependent on the manufacturer and operator but
is most consistent with Table 2.1. SCADA systems typically collect raw data at 1 Hz
(once per second), but for storage and analysis purposes, this data is often aggregated
and represented as statistical summaries taken every 10 minutes. Some operators can

offer maximums, minimums and standard deviations on each time step. Some forms of
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valuable information are starts, stops, alarm logs [70], oil pressure levels coupled with
filter status [217] and vibrations.

There is no standardisation implemented in the wind industry or any industry. The
general trend seems to be more sensors in modern offshore wind turbines for more data.

Data cleansing is a technique involving the transformation of raw data into an
understandable format. For instance, the data, whether it is missing, inconsistent or
noisy data, especially in the offshore wind industry. This has a large influence on
meaningful reliability assessment [56]. Two common methods of addressing this issue;
Fuzzy-set theory [127]. This aims to distinguish the gradual assessment of membership
from elements using indicator functions. Dempster—Shafer theory [59] is a framework
for reasoning with uncertainty by applying understood connections. These theories can
help mitigate the issue of vague data but do not remove the problem.

There is information that can be utilised from the offshore oil industry or the on-
shore wind industry that can be utilised in setting up meaningful databases, taking
into consideration the different environmental conditions into account [224]. Another
issue is the changing technologies of a fast-developing industry so the richness of data

or cost aspects needs to be tackled in each of the following models.

Trending

As soon as optimising maintenance strategies grew in the wind industry, so did struc-
tural health monitoring. One key area of interest in SCADA systems is temperature
measurements. Thermal dynamics of components can directly relate to the efficiency
of the system. In the offshore wind, the gearbox has one of the highest down times
causing this keen interest.

A study carried out from 2002 to 2007, [209], applies SCADA-based monitoring
methodologies consisting of trending methods. Implementing regressions on scatter
diagrams of temperature, power, and as three-dimensional graphs including the ambient
temperature. Manual interpretation of the filtered results was proven to be beneficial
for determining anomalous behaviour. [216] have concluded that when the gearbox of a

horizontal operational wind turbine efficiency decreases, the gearbox temperature will
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rise (compared to the ambient temperature), with an expected 6 months before failure.
Wilkinson et al, [210] investigated condition monitoring methods. One of which was a
trending method that compared the temperature difference of separate wind turbines
on the same site and tried to determine faults. The authors dismissed the efforts
rendering the approach too inaccurate due to the environmental condition disparity
between each wind turbine. It could be argued that this method is still valid but a
more complex approach is necessary to irradiate the temporal nature of turbines. The
binning method, where an average is taken, was applied to; the wind speed, generator
speed and output power by Yang et al, [217]. In this case, the trending methods were
applied to historic data and current information to detect levels of damage, the added
value is the differing scales of damage dictated by the damage mode and dependent
parameter.

The trending method applied to SCADA parameters can observe the development
of failure using past data compared to the present information. There are several stud-
ies indicated here where the results are case-dependent. Particularly in studies using
temperature data which is case-specific and requires manual interpretation. Attempts
to visualise the information have not provided more insight. If trending methods are
to be used for maintenance, the difficulties of interpretation and variance on individ-
ual offshore wind turbines will need to be addressed. If not, this will likely result in

uncertainty and the possibility of false alarms.

Clustering

Visualising trends can be problematic, especially in a wind farm with turbines operat-
ing individually under dissimilar meteorological conditions. The evolution of trending
was clustering SCADA data, where algorithms began to use classification methods to
determine either 'normal’, faulty’ or ’error’ observations.

One of the original implementations of clustering using artificial neural networks
was carried out by Catmull [30], incorporating a self-organising map interpretation of
SCADA information. The methods built clusters through the organisation of neurons

on a regular grid for the training process such that the neighbouring neurons have
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similar inputs. To visualise the clustering information a unified distance matrix is used
combined with projections of patterns. In this case, only normal operational signals are
implemented for training. The fault detection operated by determining the distance
between input data and the best-matched neuron, quantisation error, for abnormal
behaviour detection. Similarly, a study by Kim [103] included failures in the training
of the algorithm and subsequently was able to determine individual failures
Reviewing clustering methods highlights again that interpreting this information
still requires human intervention. Also developing a tool that requires the faults to
have been previously recorded is not always possible. The Advantages of clustering are

not dissimilar from trending hence more suitable methods are necessary.

Normal Behaviour Modelling

Normal Behaviour Modelling (NBM) encompasses the previous detection methods in
normal operations of an offshore wind turbine but has incorporated a significant de-
velopment where the tool aims to model the desired parameter during the training
phase empirically. There are two main concepts; full signal reconstruction, where only
the signals no other than the target are used to predict the desired target and Auto-
Regressive with eXogenouos input modelling, which includes the target value but also
incorporates previous values of the target to be used.

There is a magnitude of authors investigating the validity of artificial neural net-
works’ ability to monitor offshore wind turbines. G. Ciulla et al, [38] have investigated
the power curve of a Senvion MM92 aero generator from a 2.05 MW wind turbine.
They were able to produce results with deviations below 1% for the producibility and
below 0.5% for the power curve.

Garcia et al, [65] devised a predictive maintenance scheme called SIMAP using
Auto-Regressive with eXogenouos artificial neural network. This involved gearbox
bearing temperatures and oil coolant temperatures. Measuring the difference from
the coolant temperature before and after the model makes a prediction coupled with
selected inputs. Using cross-correlations and the impulse response analysis the scheme

can produce results with a confidence level of 95% for the upper and lower bounds.
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There is no information on the topology of the artificial neural network from this
study.

Another approach using adaptive neuro-fuzzy logic by Amber B et all, [14] for online
estimation of the wind speed from the tip speed ratio. This study is carried out with
the NREL 5 MW offshore wind turbine. The wind speed and rotational speed of the
rotor are used in the estimator, the neuro-fuzzy logic generates Boolean logic rules. For
this example, only 216 rules were determined. This study was able to produce results
with a testing error of around 6%-7%.

A large number of studies have detailed how NBM is suitable for detecting failure.
The concept of evaluating residual measured values minus modelling signals provides
an easier interpretation of failure indicators than trending. The large dependency of
vast amounts of data for the training stage, coupled with the data pre-processing stage
can produce undetected problems or false alarms. There has been a variety of different
methodologies discussed but to determine the most effective a more comprehensive
study is necessary to evaluate the best solution. Besides, there is no clear universal

strategy or consensus on input and output parameters for NBM.

Damage Modelling

Effective modelling can be carried out when an entire system can be observed at every
detail, unlike NBM, where most of the modelling is considered a ’black box’. Damage
modelling compares the desired signals with empirical models of normal operation.
The interpretation of information involves physical models that can better represent
the damage development and provide accurate results.

An electro-thermal analysis of a doubly-fed induction generator in a wind turbine
using a geared transition conducted in [146] used thermal-dynamic theory and combined
it with temperature trending methods. The study made a few assumptions consisting
of the rotor aerodynamics being steady-state and the drive-train being considered as
rigid body dynamics. This case study used SCADA information of a 1.5 MW wind tur-
bine with gear teeth failures, vibration faults, and generator winding imbalances. The

diagnostic rules determined faults for power transmission efficiency, generator winding,
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and lubricant temperature.

Switching generators require cooling to sustain the operation. Borchersen and Kin-
naert [23], devised a physics-based numerical model of the coil temperatures. The model
was developed using Kalman filters of the actual system. The damage is determined
using the values from the physical model on the three coils coupled with a cumulative
sum algorithm. This study has used three years of historical data for 43 offshore wind
turbines with an 88% fault detection success rate.

The comparison from measured signals and physical turbine damage models has
shown success when applied to failure detection, but significant challenges still exist
with regards to the accuracy. Due to the lack of studies conducted on varying failure
modes and from different turbines, the full extent of this method of condition monitoring

is not yet established.

Alarm Assessment

Interpreting the information from complex failure detection strategies is one of the
leading causes of discontinuity from development to delivering a condition monitoring
system. There are a variety of tools constructed to provide better insight into the
outputs of SCADA control alarms or Normal Behaviour Modelling. In general, alarms
are usually broken into system operation, environmental and communication/software
to indicate system malfunctions.

A fault diagnostic tool for a wind turbine developed by Yingning Qui, and Yahuni
[147] used SCADA alarm material and is based on Dampster-Shafer theory. Dampster-
Shafer theory is a multidimensional probability theory that takes each alarm as an
item of evidence which supports different possible failures. The system verification was
carried out using battery failures producing false negatives and false-positive rates with
an accuracy of 76%.

An analysis for detecting false alarms conducted by Alberto Pliego Marugan [143]
uses artificial neural networks. There are three trained ANNs in this approach, one of
which deals with vibration information, the second deals with SCADA data and both of

which are fed into a final model which also includes the alarm information. The system
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verification model involved a fuzzy logic-based methodology, where fuzzification was
applied to each input and output variable and was critically analysed in a fuzzy data
set. The final results of this tool ranged from 80-90% false alarm detection.
Evaluating alarm assessments for condition monitoring has shown benefits for fully
autonomous fault detection systems. There is a severe lack of information regarding
industrial algorithms for alarm assessment in offshore wind. The lack of clarity, high-
lighted the large discrepancy in the accuracy of outcomes, for the results status code
consistency to increase these articles underline how necessary it is for more work in this

area to reach full condition monitoring autonomy.

Performance Monitoring

Monitoring the operations of an asset is essential to review its performance. Equally,
the performance of the turbine can be evaluated in terms of health, assessing the
degradation in terms of health has opened up an opportunity to assess the performance
in greater detail.

Addressing the performance of an operational wind turbine has been standardised
in the IEC 64001-12 [228], discretising the power curve into bins of 0.5 m/s wind
speeds and calculating the mean power value for each bin. Applying this method does
not consider the non-linear power-to-wind relationship [94]. There are a variety of
probabilistic methods [139], [159], [165] and non-parametric [140] that encapsulate the
power curve of a wind turbine. This aspect is crucial to effective power modelling.

A robust diagnosis of a wind turbine pitch failure conducted by Sales-Setién [180]
uses power estimation to diagnose the fault. This method involves a pitch misalignment
estimation using a statistically based fault scheme. This model incorporates the wind
and wake model to determine the power curve, the fault detection is conducted using
a model-based observer including a closed-loop. One of the main characteristics of this
scheme is the performance improvement by building a bank of observers that lead to
the decision to create consensus. This system can determine pitch errors at 0.1 deg at
low wind speeds and 1 deg at high.

Another area that affects the output power is the yaw alignment, this is another
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area that has significant developments for performance monitoring. Dongran Song et
al, [164] detail two favourable yaw control systems. The China Ming Yang 1.5 W wind
turbine is assessed in this case. T'wo yaw control systems are constructed using low-
pass filters. An Auto-Regressive Integrated Moving Average is used to predict future
wind speed and direction. A Kalman filter is then used to determine the manoeuvre of
yaw rotation. This method increased the performance by 15% however, the frequency
of this SCADA data is every 10 seconds and would benefit from a higher frequency of
results.

Performance monitoring is beneficial, increasing the efficiency of the operational
wind turbine and assessing the condition of the turbine. Research has indicated that
SCADA data is suitable for this task but a higher resolution is necessary for a more
optimal tool. Again there is a limited amount of resources from the industrial sector

and the standardisation is not implemented in most academic papers.
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Table 2.2: Summary of the benefits and limitations for the 5 individual regression machine learning

methods

Method

Capabilities

Limitations

Artificial
Neural
Network

Support
Vector
Regres-
sion

Nearest
Neigh-
bour

Dynamic
Bayesian
Network

Gaussian
Process
Regres-
sion

No Prior knowledge needed: since the al-
gorithm is based only on historical data. Pro-
cessing incomplete data: A trained net-
work can still produce results with incomplete
knowledge. The accuracy is dependent on the
importance of the information.

Can be updated in real-time: The pro-
gram can run while updating the firmware re-
ducing downtime.

Rationalisation and training efficiency:
As opposed to other methods the probability
of local optima during training is unlikely
since Quadratic programming is formulated
in the development. This is rewarded with
the goodness of fit with unseen information.

Outlier Suppression: Unlike other meth-
ods, SVRs consider trade-off parameters when
processing information

Simple and effective: This is a well under-
stood methodology. The decision rule is ex-
tensively researched. The number of classes
reduces the error to twice that of a Bayes prob-
ability.

No assumptions: Unlike other methods K-
NN is a non-parametric and therefore requires
no presumptions to be made.

No training necessary: This methodology
does not explicitly build a model. It uses pre-
vious information to infer new data.
Overfitting control: Since Bayesian statis-
tical methods are encapsulated in the model
local maximums can be avoided.

Unaffected by parameterization: DBN
looks for interdependence hence they are not
adversely affected by more variables.
Directly captures uncertainty: In regres-
sion models the prediction is given as a value
and a distribution. This is not directly cap-
tured in other methods.

Prior knowledge implementation: When
designing the model, if the path of the trend
is known a specific kernel function that corre-
lates can be implemented.

Unexpected behaviour: One of the ma-
jor drawbacks of an ANN. When an ANN
produces a probing result there is no insight
on how these anomalous results are produced.
Hardware dependence: ANNs accuracy is
directly dependent on the amount of informa-
tion used to train the network. The network
requires a large amount to learn correctly
Black Box: it is incredibly difficult to under-
stand the network within this type of model.
Parameter selection: One of the major
drawbacks for SVRs is the correct implementa-
tion of the Kernel function. The function rep-
resents the data in the Hilbert space. Other
parameters need to be adjusted to reach the
desired fitting.

Computational Effort: SVRs usually have
good performance with limited data. With an
increased magnitude of data, the time required
to solve the dual optimisation problem and La-
grange multipliers increases significantly.
Slow algorithm: As the dataset increases the
inverse will happen to the efficiency. Espe-
cially with increased dimensionality, the accu-
racy of the algorithm declines.

Outlier sensitivity: The K-NN algorithm is
hypersensitive to outliers as the neighbours are
selected based on the selected distance crite-
ria.

Unkonwn amount of clusters: It is difficult
to determine the right amount that produces
the most meaningful results.

Unknown amount of arcs: For many cases
the number of arcs and nodes could be in the
thousands hence a closed-form solution cannot
be achievable.

Computationally demanding: For more
than a few hundred data points the time to
process this information is longer than other
methods due to the cubic inversion issue.
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2.6 Discussion

There have been a variety of different machine learning methods’ main features dis-
cussed. The five popular methods’ strengths and limitations for; ANN, SVR, GPR,
DBN, and K-NN are compared in Table 2.

Given the capabilities and limitations of the above models, it is difficult to advise a
specific type. They can all provide reasonable results for condition-based maintenance.
Whether you are looking to understand the contributions towards the outcome or not
would be a consideration among many. One main significant capability all models
have is the ability to develop individual predictions from historical data, something
that cannot be carried out with conventional statistical methods or physical models.
This comes with the cost of computational effort in comparison to statistical data
fitting. Conversely, physical models can be too computationally expensive and hinder
productivity but can provide more insight.

The majority of discussion has strictly tackled the individual ML models applied
to condition monitoring, but in more recent studies which include multi-agent systems,
combinations of algorithms used to gain improved results, is gaining traction in the off-
shore wind industry. Xiuxing Yin [220] effectively applied this technique using multiple
ML methods gaining impressive results in predicting the trust of the operational wind
turbine.

Another interesting aspect is bringing combinations of condition monitoring meth-
ods. Multi-agent systems also share features that are used to determine different objec-
tives. M’hammed et al, [162] applied both clustering techniques measuring the vibra-
tions of multiple components and an alarm assessment to determine the most effective
maintenance strategy.

The challenges that arise from condition monitoring systems of offshore wind turbine
systems are discussed. Currently, vibration-based condition monitoring depends on

advanced signal processing methods coupled with expert insight. Concerning SCADA-
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based condition monitoring, there are various techniques addressed. The principal

methods in addition to novel ideas are gathered and presented as follows:

e Trending methods have demonstrated an effective ability at detecting anomalies.
The specific cases have highlighted those specific configurations and interpreta-
tions that are necessary for different machines. Automated trend monitoring

systems are unlikely to provide accurate and adequate alarms.

e Clustering is a more effective method than trending at determining the dif-
ferentiating from normal operation and anomaly but still has similar limitations.
This also requires historical failure information to develop an effective diagnostic

tool and it is unlikely that the full extent of faults is determined.

e Normal Behaviour Modelling is the main focus for SCADA data condition
monitoring because of the simplicity of anomaly detection, by using the trained
model modelled versus the measured variable. This article has detailed machine
learning methods that can be used to determine failures effectively. But there
is no clear comprehensive technique described as the best. From the variety of
cases reviewed, it was difficult to determine with certainty if the fault detection
technique is lacking or the method used to determine the behaviour. The specific
type of configuration of the model also remains unclear to determine if specific
issues like overfitting are present. There is also a lack of published standards to

understand the performance of individual models to benchmark tools.

e Damage Modelling is effective at specifically looking at the physical cause of
failure for offshore wind turbines. This will be no easy feat since reliable and
accurate damage models encompassing all failure modes are difficult. There is
limited information on this with limited studies being published. Inferring differ-
ent models for varying turbines for different environments cannot be examined

yet.

e Alarm Assessment combined with probabilistic methods and or physical rules

has provided promise at reducing the frequency of alarms to more a critical cat-
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alogue of alarms. The studies have shown limited industrial developments that
back this. Expert systems with fuzzy interference working together can interpret

complex information and deliver easily understood information.

e Performance Monitoring tools effectively determine the difference in power
output from the environmental conditions, operations and health of the turbine.
This tool is necessary to determine the performance of the offshore wind turbine

and aid the optimisation of power extraction and maintenance.

2.7 Conclusion

This article has given a systematic review of how monitoring for maintenance can be
carried out, detailing specific measures that can be taken for condition-based mainte-
nance. This article has addressed the types of machine learning, providing a review of
models suited to condition maintenance for offshore wind turbines. Bringing both of
these components together is a trend across all industries, the offshore wind industry
is catching up to the oil sector or aerospace. There are consistencies across all sectors;
there are no design principles for implementing these tools and there is no consensus
on the best-suited machine learning methodology.

Monitoring and maintenance carried out on an offshore wind turbine are implement-
ing vibrational analysis, but limited studies are incorporating the vibration analysis
coupled with SCADA data to determine faults. This journal paper has discussed in
detail how machine learning can be used to detect faults with a variety of approaches.
Another powerful tool of machine learning is that specific faults can be categorised into
alarms for immediate action to be taken.

A common issue when implementing data-driven approaches is the prepossessing of
the data. Since there are no specific standards on how this is carried out, each individual
producing a ML model may have dissimilar results when using the same architecture.
This could be a result of many different approaches to anomaly detection, the variation
in the opinion of experts, or the magnitude of dimensional reduction among some

possibilities.
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Lastly, current methods usually require experts to implement and understand the
results of the monitoring systems. Exploring the automaton of condition monitoring
systems could remove the complexity of the results decreasing the ambiguity on the

condition of the asset.
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Data Collection and Processing

3.1 Data Processing

Standardisation of Wind Turbine SCADA Data Suited for Machine Learning
Condition Monitoring, Innes Murdo Black, Athanasios Kolios, 2022, Pro-
ceedings in Marine Technology and Ocean Engineering, Trends in Maritime

Technology and Engineering

3.1.1 Introduction

Europe installed 14.7 GW of new wind capacity in 2020, which is 6% less than in 2019
and 19% less than expected, but COVID-19 struck. That is not to say that Wind energy
in Europe is slowing down, quite the opposite. A realistic expectation for installed
capacity across Europe over the next five years is 105 GW [53]. That is a doubling
of the annual installation rate for offshore wind from 3 GW to 5.8 GW. The United
Kingdom is expected to install a capacity of 18 GW where 15 GW will be offshore. Wind
energy reduces the cost of energy (COE) and becomes a more desirable investment. A
significant portion of the investment is operations and maintenance accruing to 30% of
the overall cost [42]. This cost is decreasing, one reason being, trends towards direct-
drive wind turbines. Wind turbines with no gears from the blades to the generator,
consequently have zero gear losses and have the advantage of less maintenance and

repairs but, they are larger [44]. Another incipient machinery fault detection before
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they become a catastrophic failure. Unexpected failure is directly related to wind
turbine downtime and loss of revenue. Hence, effective condition monitoring (CM) for
optimal maintenance actions is critical.

There are two main schools of thought for wind turbine maintenance: corrective,
passive, or preventative, active. Corrective maintenance involves fixing issues on the
occurrence of failure. Preventative maintenance is performed before the actualisation
of failure. This can be further described by; scheduled maintenance, where fixed inter-
vals based on the product’s expected life are carried out. Another is Condition-based
maintenance involves continual structural health monitoring of components to opti-
mise maintenance schedules. Condition-based maintenance intends to prevent failures,
reduce scheduled maintenance, and reduce maintenance costs [198].

Condition-based maintenance can be carried out in the following ways: trending,
damage modelling, alarm assessment, performance modelling, and clustering see [22]
for a breakdown of theses. Digital-enabled asset management performs the former tasks
using computational methods. One requirement for computational intelligence is well-
organised data. The handling of data in current IEC 61400 1 is limited only to the
acquisition and implementation of condition monitoring but no clear standardisation
of data for the implementation of computational methods is addressed to date. That
is the purpose of this paper. To begin the discussion of standardising pre-processing
for machine learning methods of wind turbine condition monitoring.

This study proposes a comprehensive data organisation process to enhance the accu-
racy of wind turbine condition monitoring models. To demonstrate the effectiveness of
our pre-processing approach, we develop a trending condition monitoring model based
on MET MAST data and a wind turbine’s operational output power. The model’s per-
formance will be assessed by comparing the predictions obtained using pre-processed
data with those using raw data. Section 3.1.1 introduces the scope, purpose, and moti-
vation of this paper. Section 3.1.2 will provide some research background starting with
current data acquisition and supervisory control (SCADA) standards for horizontal
wind speed and power. Also, a detailed overview of trending condition fault detec-

tion. Section 3.1.3 pre-processing procedure. Section 3.1.4 details the machine learning
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models used for the trend condition monitoring. Section 3.1.5 demonstrates the im-
provement of the pre-processing of the raw data in a case study using SCADA data
and METMAST data from a wind farm, applying the data sets to the fault detection

models. Rounding things off in section 3.1.6 with a conclusion.

3.1.2 Formulation of the problem

Industrial standards are set by the IEC 61400 design requirements. Another contributor
is the DNV GL, equally as important, but has a different philosophy. But both do
not to this date, sufficiently address the concerns of modern machine learning model
development for digitally enabled asset management. The challenge of standardising
pre-processing is broken down into two sections, firstly how SCADA is gained and

secondly, how it is implemented in digital-enabled asset management.

Supervisory Control and Data acquisition

To perform effective digital-enabled asset management of a wind turbine requires infor-
mation during the operational lifetime. Fortunately, a significant effort has been placed
into gathering data throughout an operational wind turbine from oil temperature read-
ings of the gearbox to measuring the vibrations throughout the wind turbine blade.
This has helped, those who have access to data, to apply machine learning methods
for a range of purposes. Mostly to reduce the operational expenditure and increase the
return on investment.

The magnitude of the power extraction is based on two aspects, the operational in-
put, and the meteorological factors. The focus of this case study is on the pre-processing
procedure and not how all data is gathered, only the wind speed and power are con-
sidered to highlight the process. However, for performance-based condition monitoring
more meteorological and operational features could be included to improve the model.
The acquisition of information is the same, just the instrument, and the validation
setup vary. Current standards for gathering meteorological data are described in [90].

The set-up for wind speed measurements must be at the hub height, and it is rec-

ommended in [90] to include wind shear and veer, since these are sources of uncertainty
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Figure 3.1: A simplified graphic of classic sensor placement on the nacelle for a wind
turbine [219]

for horizontal flow. The rotor equivalent wind speed can be measured to reduce this
uncertainty, but it may require another sensor configuration [90]. The wind speed is
calculated using a cup anemometer for all power performance measurements and can
be mounted in a variety of ways. There are specific requirements for the positioning of
monitoring system’s mountings. Figure 3.1 is a classical representation of the various
sensors and their placement within the nacelle. In this example, the anemometer is
placed on top of the nacelle.

An important aspect of all measurements from the supervisory control and data
acquisition systems is the calibration. The sensor must be calibrated before installation
in a wind tunnel to check that it can maintain the validity of its measurement period.
If required, it is recommended in [90] to perform post-calibration. Comparing initial
results with the new information from the site and altering accordingly.

Certain features are more sensitive than others, for example, the air temperature
does not fluctuate as much as say the wind, hence this is represented by higher fidelity
measurements with wind speed being at least 1 Hz and the air temperature being of
less importance. This information is aggregated into 10-minute periods derived from
the continuous string of data. When the data is aggregated it must include statistical
information such as mean, standard deviation, min, and max value. Some data rejection

measures are included to ensure data obtained from the operation is only included, such
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Figure 3.2: Process flow for wind speed pre-processing carried out in the IEC. 61400-
11, [90]

as external conditions in particular wind speeds out of the operational range, manual
shutdown, or specific atmospheric conditions.

After aggregating into 10-minute intervals, the data is normalised in five processes.
These stages aim to improve the accuracy of the wind speed. The process is detailed
in Figure 3.2. It includes references to each process. This entire process is to reduce
the uncertainty from the wind turbulence in a wind farm.

An accurate estimation of the power is important for the power trending of the
operational wind turbine. The net electric power measurement device is usually a
power transducer. This establishes the voltage and current on each phase which can
then be calculated into the active power. A class of 0.5 or higher must be implemented
for MW wind turbines. Measuring the accuracy of the transducer can be calculated by
following the procedure detailed in the IEC standards [92].

The data acquisition for all features is the same where higher frequency data is
reduced to 10-minute intervals and the statistical attributes are calculated. The process

is as follows, the sensor must be of a specific quality to ensure that the readings are of a
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certain standard. Once the sensor is placed on the operational wind turbine it will then
be post-calibrated to ensure the readings are as expected. Recordings are taken, usually
1Hz, and then the method of bins is applied. For complex parameters, a normalisation
procedure will be included. Wind speed for example. For more information on SCADA

data on mechanical loads and Acoustic noise signals see [91] and [89] respectively.

Trend Condition Monitoring Models

Trend monitoring systems evaluate the short-term and long-term trends in, the perfor-
mance, oil temperatures, and mechanical behaviour of wind turbines. Computational
models are then used to determine these trends and they are compared against the
actual value from the SCADA systems.

In the paper, [211], it has successfully applied SCADA-based condition monitor-
ing using an artificial neural network (ANN) applying the temperature of the oil in
the drive train to reveal the patterns in the data. In this example, the data is just
normalised. Another project carried out in [31] uses a self-organising map, this is an
unsupervised learning ANN technique. There is no mention of the pre-processing pro-
cedure other than using the industry-standard 10-minute average data for 21 features.
The self-organising map is used to determine the abnormality in the trends of, generator
temperatures, reactive power, and gear winding temperatures.

The study from [192], performs a trend analysis on a direct drive wind turbine. In
this instance the handling of the data is more complex, there is a variety of techniques
used. Firstly, the bootstrap method is used for outlier detection, then the feature
importance is determined using a random forest algorithm. After these methods are
applied the most relevant features are used to train a deep neural network for the trend
analysis.

SCADA monitoring can be carried out in a variety of ways. [211], uses the torque/
rotational speed of the high-speed shaft, the RPM ratio from the low speed to the
high-speed shaft, and the wind speed to determine the output power of the operational
wind turbine using an adaptive ANN. In this project, the data is; re-sampled to 1 Hz

from 100Hz, clustered into regions using a self-organised map algorithm, and then split
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for training and testing purposes.

The Standards on trend analysis for wind turbines are limited. DNVGL-SE-0439
details the assessment of the validity of condition monitoring but no procedure. The
IEC 61400-25 series on communications for monitoring and control of wind power plants
offers insight into the transfer of information from a server to a client. IEC 61400 25-3,
discusses a binning process again for vibrations on the power to aid in the process of
alarms to deal with the no-linear data. Again, there is no beginning-to-end condition
monitoring process described.

Trend condition monitoring can be carried out in a variety of ways. Understandably,
there are no standard models since the process of predicting values is rapidly changing
with machine learning methods. The one area that is of concern is the handling of
the data from server to model implementation. The articles discussed have included a
pre-processing procedure and have not. How can one determine if that model is only
suitable for that one data set, a phenomenon called over-fitting, or in fact, is that model
universally applicable? Standardising the pre-processing of dirty data and normalising
it will aid in overcoming this phenomenon and streamline the condition monitoring

model pipeline.

3.1.3 Pre-processing Procedure

Computational algorithms require the presence of data in a mathematically feasible
format, pre-processing is how that is achieved. Data processing techniques consist of
data reduction, data projection, and missing data treatment. Data reduction aims
to reduce the size of the data set through feature selection or case selection. Data
projection intends to change the appearance of the data by scaling the features. Missing
data treatment includes deleting missing values, and/or imputing them with estimates.
These techniques will follow the process in Figure 3.3.

Effective SCADA data indexes are timestamped, and if it abides by the IEC stan-
dards it will be in 10-minute intervals at least. Depending on the provider the nacelle
information, acoustics, mechanical loads, or METMAST data may be in different files.

Combining all these elements in a way that every row aligns with a consistent times-
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tamp guarantees a cohesive set of relevant parameters. In cases where multiple data sets
have different frequencies, the entries are compiled so that the index remains uniform

Depending on the task knowing the property of the column may be important,
for supervised learning, removing unnamed columns may be helpful, for unsupervised
techniques discovering patterns and information is the main task, and removing columns
will hinder this.

To deal with impurities (NANs, missing values, and anomalies) there are plenty
of techniques [128] discuss these in detail. Missing data treatment deletion methods
include listwise or pairwise deletion. Pairwise the most popular according to [86], but
this can lead to mass loss of information and may impact the results [196]. Alternatively,
imputation methods, according to [182] it is more effective since data is not lost. This
can be carried out by; K- nearest neighbours, mean imputation, hot-deck imputation,
cold deck imputation, regression imputation.

This paper includes the use of multivariate imputation using K-nearest neighbours,
[71]. The method applied implements the Minkowski distance to impute a value for the
missing number or NaN for that feature by clustering data that has the lowest distance

to one another. The Minkowski distance has the form:
X =0 | —yil)tP (3.1)
i=1

The Minkowski distance, also known as L2 when p = 2, is the distance between the
two arbitrary points of z; — y;. Sensors do not have 100% up-time and are subject to
failure and replacement. This technique deals with missing data and or NaN values.

Recently there has been significant work put into outlier detection, it can be car-
ried out using; statistical methods, regression methods, or kernel-based methods. [178]
provides an in-depth analysis of these techniques.

In this process, some insight has been included. For example, by setting hard limits
on some of the variables such as wind speed or power. Another is knowing when a
feature is a scalar and it can only have a positive value. Sensor errors are expected

hence, removing these entries and then applying the missing data treatment can improve
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the data quality.

Data projection is the process of normalising the data to exact, specified, and
repeatable conditions. Scaling the values according to a defined rule such that all the
features have the same degree of influence and thus the method is immune to units.
Normally intervals of [0,1] or [-1,1] are used for the target. [86], has observed that [0,1]

is mostly used and that is what has been implemented in this process. Calculated by:

T; — Ming

[0, 1]interval = (3.2)

MaTy — MINg

Feature selection is the process of selecting a subset of properties listed in the data.
The data set may be of significance or irrelevance to the evaluation of the targeted
outputs assuming that the data included has an impact on the accuracy of the model.
In general, there are two methods filters and wrappers. Both evaluate the preset criteria
independently before the machine learning method. Some of the most common methods
comprise statistical methods such as Pearson’s correlation [99] or decision trees such
as xgboost [36] or Light GMB [55]. To deal with the noisy data from an operational
wind turbine A RandomeForest decision tree is implemented to perform the feature

selection. The information gained from the RandomeForest is calculated by:
G(T,X) = Entropy(T) — Entropy(T, X) (3.3)

Where T is the target and X is the feature split in its simplest form. Entropy is a
measure used to evaluate the impurity or disorder in a set of data points within a

decision tree. The equation implemented is:

nij = w;iCj — Wiept(7)Clefi(j) = Wright(7)Cyignu(y (3-4)

Where ni; is the impotence node, wj is the weighted number of samples reaching j,
Cj is the impurity of the node, Cies; is the child node, and Cpgp(5) is the child node
from the right split. This will provide a number from 0-1 with the higher the gain the

more significance that feature has on the desired output parameter.
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The final technique for pre-processing is data splitting. This is one of the main pro-
cedures on how to evaluate the final model. Splitting the data into training, validation,
and testing. The potion of these depends mostly on the size of the data set.

The process flow for the implementation of all the techniques is addressed in Figure
3.3. This considers both supervised and unsupervised machine learning methods ap-
plied to operational wind turbines. There is scope for alternative techniques within the
framework, as all standard models should. But the main takeaway from this standard
process is how the data is concatenated, the known-known impurities removed, and
the known unknowns are controlled using feature selection and imputation. Finally,
the data is scaled to provide a level playing field for all machine learning methods and

continuity for other developers to work from.

3.1.4 Machine Learning Models

There are vast and diverse amounts of regression machine learning methods. Starting
with linear regression to more complex methods using transfer learning techniques. In
this article 5 different methods have been included for their diversity, and different
approaches to determine similar results highlight that this process will aid in achieving
improved results. Starting with an artificial neural network, RandomeForrest, Gaussian
process regression, xgboost, K-nearest neighbours, and finally Support Vector Machine.
This section will briefly describe these processes and the significant technique used for
that process. The ANN is built using the Keras Application Programming Interface
(API) [2], and the rest of the models use the Scikit-learn API [141].

Artificial Neural Network

Artificial neural network (ANN) is a technique that takes inspiration from the func-
tioning of the human brain. Where the neutrons work in parallel passing and storing
information depending on the synaptic weights(activation function). The concept was
first introduced by, [122]. Back-propagation [161] revolutionised ANNs since it reduced
computational time and efficiency.

More recently, the optimisation of activation functions improved, with different
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Figure 3.3: Flowchart detailing the procedure of taking raw data and applying tech-
niques to clean data.

49



Chapter 3. Data Collection and Processing

functions representing them, and the optimiser determining them. This article uses
the adam method for stochastic optimisation for the activation functions described,
[104]. Adam, the adaptive learning method computes the learning rates for different

parameters. Derived from the adaptive moment m,, to the n'* power,
my, = E(X,) (3.5)

X is a random variable. To estimate this, firstly, moving averages of the gradient based

on mini-batches are calculated using:
my = Brme—1 + (1 — B1)gs (3.6)

v = Povi—1 + (1 — 52)9? (3.7)

Where v; and m; are moving averages, g; is the gradient on the current mini-batch.
B1,2 are the new additions from previous methods. These hyper-parameters have
default values of 0.9 and 0.99 respectively. Since m; and vt are estimates of the first

and second moments, they have the following property:

E(v) = B(g) (3.9)

As you expand the value of ¢ a fewer number of values of the gradients contribute to
the overall value. As they get multiplied by a smaller beta. This pattern is captured
by:

t
my=(1-51)> B g (3.10)
=0

Introducing a bias correction term for the Momentum equations:
E(mi) = E(gi)(1 = B1") +e (3.11)
This bias estimator is not just true for just Adam optimisation, this estimator holds
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for SGD with Momentum and RMSprop among some methods.

Support Vector Machine

One of the most influential approaches to supervised learning is the support vector ma-
chine [24], [40]. One key innovation is the ‘Kernel trick’. This consists of observing that
many machine learning methods can be written as the dot product between examples.

The kernel applied in this report is the radial basis function kernel [179]:

o — a'|?

5o (3.12)

K(z,2") = exp

WO ex A i .
Where two examples x and 2/, are represented as feature vectors for an input space

K-Nearest Neighbours

K-nearest neighbours are the first of the non-parametric models implemented in this
paper, where the complexity is a function of the training set size, unlike linear re-
gression, for example, this has a fixed-length vector of weights, the nearest neighbour
regression model simply stores the X and y from the training set. When asked to
classify a test point x, the model looks up the nearest entry in the training set and

returns the associated regression target. In other words:

= /(% — )% + (Tig1 — yi + 1)2 (3.13)

<

The algorithm can also be generalised to distance metrics other than the L 2 norm,
such as learned distance metrics [152].
Gaussian Process Regression

The Gaussian process regression (GPR) is based on [152]. This incorporates Bayesian
interference, cross-validation, and Gaussian noise. The kernel used is the squared expo-

nential with Gaussian noise, as stated by, [136] this is an effective method for extracting
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results for operational wind power regressions. It is described by:

|z — a'|?

52 + J]%(a:, x') (3.14)

Kee(z,2") = U]%exp

where o and o are defined as hyper-parameters that represent the signal variance, and
is a characteristic length scale that signifies how quickly the co-variance decreases with

the distance between successive data points.

Light Gradient Boosting Decision Tree

The last method implemented is the light gradient boosting decision tree (LGBM), this
method is developed based on the work from [102], on xgboost. But it differs in the
growth of the trees. It is leaf-wise growth as opposed to level-wise tree growth. The

main principle of LGMB is to have the minimum objective loss, 0bj(0):

K

0bj (0) = D _Uyir ) + D _ A fi) (3.15)

k=1

Where K is the number of trees, f is the ensemble of decision trees. Each tree in
the ensemble contributes to the overall mode, hence, f is all possible classification and
regression trees (CART) - a tree ensemble model consists of a set of CART. The loss

function used in this model is the L2, with the regularisation term €

T
1
w(f) =7T + §Azw?, (3.16)
j—1
Where T is the number of leaves, w is the vector score of the leaves, tau and lambda
are tuning hyper-parameters that require optimising. The growth of the tree structure

is dependent on the gain:

1 G3 N G% (Gr+ GL)?

- — 3.17
2H;, -\ Hprp—A Hrp+Hp+ A ( )

gain =

This formula can be decomposed as 1) the score on the new left leaf 2) the score on

the new right leaf 3) The score on the original leaf 4) regularisation on the additional
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leaf. We can see an important fact here: if the gain is smaller than tau, one would do

better not to add that branch.

3.1.5 Case Study

To validate the proposed framework for standardisation of SCADA data, a case study on
an operational wind turbine is presented. The wind turbine considered is the Gamesa
G97-2.0 MW IIA/III, designed for low to medium winds. The data set of the wind
turbine consists of 136 features, 39 of which are related to the meteorological mast data
METMAST. The other 97 features consist of condition monitoring sensor data, CMS
data, and parameters such as low-speed and high-speed generator RPMs. The data
used in this report is of 10-minute internals with 102,082 time steps (709 operational
days). One can only assume that this data was taken from a higher frequency and
processed into 10-minute averages as discussed in section 3.1.2, since most sensors can
gather at a frequency greater than every 10 minutes. Only the power produced by
the generator and the METMAST are included in this report for the power estimation
model.

The data for this wind turbine has two significant modes operating around 1 MW
and 2 MW, these two states are highlighted in the histogram distributed on the Y-axis.
As expected, the wind speed distribution represents a standard normal distribution.
The main concern is the distribution of the data points within the power. The power
data should represent a shape close to a Weibull distribution factors such as wind shear
or operational philosophy may deter the distribution from that. In this case, there are
two prominent modes, with incredibly noisy data indicative of poor quality data.

The distribution of data in Figure 3.4 and the potential cause of outliers are dis-
cussed in detail in Section 3.1.2. The challenges with this problem are the quality of
the data and the processes used to rectify it may not be suitable for other models. The
second aspect is, what strategy should be applied when there are multiple data streams
of information being concatenated together. And lastly, how should one deal with the
errors that are present in the transfer from the sensor to the server and then to the

client, some of the errors are highlighted in Table 3.1 for this data set.
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Figure 3.4: Scatter plot, with histograms on the x and y axis of unprocessed data,
highlighting the issue of this data set.

Table 3.1: Table of a few features from the SCADA data

Feature Missing Missing(%)
Instantaneous air pressure 10M calc.(mmHg/mb) 18658 18.28
Instantaneous relative humidity 10M calc. (%) 19338 18.94
Instantaneous temperature 10M cale.(°C) 19800 19.4
Maximum direction 10M calc. (Heightl) (°) 18658 18.28

Maximum horizontal speed 10M calc. (Height4) (m/s) 18658 18.28
Minimum horizontal speed 10M calc. (Heightl)(m/s) 18658 18.28
Unnamed: 0 102082 100

o4



Chapter 3. Data Collection and Processing

The results section will answer all these issues and highlight the need for a consensus

on how to deal with SCADA data for machine learning algorithms.

Error Assessment

In this case study the regression results are assessed by the R2 score, which repre-
sents the variance in the dependent variables that is predictable from the independent

variables. This has the form:

(3.18)

Where, y; is the real real values, u is the mean, y;, and g is the predicted value from

the model.

3.1.6 Results

The flow of this section will follow the process highlighted in Section 3.1.3 Figure 3.3.
The trending monitoring model will apply all the processes and exclude all of them to
compare the results. The input parameters for the model are the METMAST data and
the output data is the power.

The first set addresses the issue of the separate two data sets. Fortunately, this data
set is timestamped. In this situation, the two data streams are taken every 10 minutes
on every 10 minutes of the hour. Making this process a simple search, removing any
entries that do not correlate, and concatenating them.

The trending condition monitoring technique used involves a regression, supervised
learning machine learning model. Hence, unnamed features are removed.

Preprocessing, particularly handling impurities, offers significant opportunities for
innovation. This study employs diverse techniques, recognising that optimal approaches
may vary across datasets. Acknowledging the potential existence of newer methods and
emphasising the value of transparently documenting both the specific impurity-handling
strategies employed and the rationale behind them.

The first step is dealing with missing entries, this report implements K-NN a multi-
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Figure 3.5: Scatter plot, with histograms on the x and y axis after processing.

variate imputation method. As opposed to this, missing entries must be removed from
the raw data. Resulting in a smaller data set. For machine learning methods, the larger
the data set tends to improve the performance of the model.

Dealing with outliers is important. It must be done with care, as one does not want
to remove too much variance in the data such that the model overfits and cannot provide
effective results from new, unseen data. The first procedure is removing all vector data
from all the scalier features. Feature projection is especially important in the case
of this data, with the power having two modes with significantly more data points.
When training models this can lead to reduced performance. Figure 3.5 highlights
how projection methods can redistribute data to improve performance. Where the
projection method has removed the two modes and redistributed the values from -3 to
3. This has improved the ability of the models to learn the task. This technique is
only applicable to this type of model since the data is in 10-minute intervals. When
implementing this into a continuous deployment environment new data points can be

incorporated into the previous data set and then converted to the quantile Gaussian
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Figure 3.6: Direct comparison of raw vs clean data detailing the distribution of R2
scores after the Monte Carlo simulation.

distribution technique with ample time. In higher frequency models such as some
financial trading models or vibration signals sub 1 Hz, the computational effort may
not be practicable.

The last step is crucial for the evaluation. This is a mandatory step but the ratio
of splitting the data should be dependent on the size of the data set. The ratios
implemented for training validation and testing are 0.7, 0.1, and 0.2 respectively.

The purpose of standardising wind turbine SCADA data for machine learning is
to transform the data into a format that can be used more effectively. Condition
monitoring can be as simple as finding patterns in data that do not conform to normal
behaviour. The Monte Carlo simulation is carried out over 100 iterations for each of
the machine learning models to determine the r2 score variance. The pre-processing
improves the accuracy with which the data is observed across all models, highlighted
in Figure 3.6. The most significant improvement is the GRP improving from less than

10% accuracy to 73%.

3.1.7 Conclusion

Establishing the power trend for a wind turbine is complex due to the unpredictable

nature of wind and the operational modes defined by the turbine. However, this paper
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introduces a trend condition monitoring method using a global model, which employs
METMAST data as input and power as output data. Five machine learning techniques,
ANN, K-NN, SVM, LGBM, and GPR have seen enhancements through the standard-
isation process, significantly improving both the accuracy and variance for this data
set.

The work in this paper has focused on trending condition monitoring, and the
techniques implemented on the standardisation of SCADA data. This work will apply
to machine learning methods within the wind turbine SCADA data realm.

This paper has highlighted that there is an inconsistency in the application of pre-
processing SCADA data for operational wind turbines. This paper addresses this issue,
the process should follow the predetermined process outlined in section 3.1.2 and this
should be documented. This paper has highlighted a method from beginning to end
that should be implemented as it will improve the accuracy of your results, highlighted
by applying this to multiple modeles. However this process is not the final form, the
steps taken are necessary but the techniques in each process are interchangeable. The
purpose of this procedure and study is to highlight the need for this process in standards
so that the wind turbine industry has consistent data pre-processing, and the focus can
move on other aspects, such as model development, removing doubt by highlighting the
effective procedure. Collaborative machine learning model development, since there will
be a standardised base for all model development. And lastly, transparency in model

evaluation since the procedure of how the data is organised will be less ambiguous.
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Case Study of an Operational
Wind Farm

Population-Based Structural Health Monitoring: Investigation into the Het-
erogeneity of an Offshore Wind Farm, Innes Murdo Black, Moritz Werther Hackell,
Athanasios Kolios, 2022, Renewable energy, (Submitted)

4.1 Introduction

In conventional structural health monitoring (SHM), a model is developed using data
recorded from an individual wind turbine [6]. It is expected to facilitate generalisations
on future measurements for that specific system. However, for a single structure, dif-
ficulties are presented in gathering comprehensive data as typically only a fraction of
the information is available for a given structure. Hence, only a small percentage of
the environmental and damage conditions can be assessed. If a framework can transfer
complete information from one structure to another in the population, this will allow for
diagnostic inference on the second structure without requiring the same data sources.

The population-based approach to structural health monitoring aims to transfer
valuable knowledge between groups of similar systems, whether the characteristics of
the system are the same or similar within the population that is heterogeneous or ho-

mogeneous respectively. This type of population will define the degree of transferable
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knowledge that can be transferred, and by what means. This work delves into the
behaviour of a seemingly identical wind turbine system. While individual turbines
may appear alike, we propose classifying them into two categories: those exhibiting
similar characteristics (homogeneous) and those demonstrating a wider range of be-
haviours (heterogeneous). This distinction will help us better understand the system’s
overall performance and identify potential factors contributing to variability within the
seemingly uniform population.

By determining the type of population, homogeneous or heterogeneous, a model can
be made to represent the behaviours of the population and infer information on dam-
age between systems. The representation of structures developed in this document is
designed firstly to quantify the degree of similarity between the structures and secondly
to facilitate the transfer of knowledge via machine learning.

One of the main concepts of conducting PBSHM is that of knowledge transfer. This
process is crucial for assorted reasons. Firstly, conventional methods of data-driven
SHM using supervised, unsupervised, or semi-supervised machine learning methods
assume that the test and training data are drawn from the same distribution. This
assumption is questioned in PBSHM as each member of the population will have dis-
crete characteristics (and hence distribution) because of, e.g., environmental variations,
manufacturing, and assembly differences, and/or operational conditions. Therefore,
conventional methods begin to fail when models transfer information between systems.
For example, one SHM model trained on a 5 MW offshore wind turbine will begin to
fail when making predictions on a 1 MW onshore wind turbine since the dynamics are
different even though they are of a similar form. Pinpointing unique variations within
seemingly identical turbines enables crafting a universal and accurate general model.

To establish an effective transfer of knowledge in the context of a wind turbine
substructure, one must start by focusing on the responses of a wind turbine from
the complex environmental and operational factors. These factors are assessed in the
context of operation, material, topology, and geometry as a basis to explain the observed
dynamical behaviour differences throughout the population of wind turbines. Some

studies have built approaches to deal with PBSHM; the series [26], [75], [66] carries
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out a detailed investigation on how to tackle the issue. Where the first paper [26]
is the introduction to PBSHM, the second [75] introduces the idea of heterogeneous
populations and how to find similarities within a population form. The last study in
the series implements transfer learning techniques applied to scaled models of buildings
to highlight how PBSHM can be conducted effectively.

This study investigates the potential challenges of PBSHM using SCADA and SHM
data from a wind farm. Firstly, the fixed boundary conditions from the geometry, topol-
ogy, operational conditions, and materials are critiqued along with the SHM technique
of estimating the fatigue damage equivalent load on the jacket structure. The study
observes the effects of environmental and operational conditions on the individual struc-
tures of the population and compares this against several wind turbines from the same
farm. Lastly, there are some honourable mentions of challenges that are currently out
with the monitoring campaign such as scour, marine growth, and corrosion that need

to be discussed in the context of PBSHM.

4.2 Population-Based Structural health monitoring

For PBSHM it is relevant to define the contextual difference between homogeneous and
heterogeneous populations. This syntax is borrowed from graph theory work from [49]
where the names clearly explain how structures can be represented by attributes. To
determine whether two systems are similar enough for knowledge transfer, it is unprac-
ticable to consider every property or dimension of the structure - e.g., comparing the
geometrical similarity of two structures using 3D, finite element (FE) or computer-aided
design (CAD) models of the structure directly would be computationally inefficient. For
our desired goal, it is more efficient to consider only the properties and dimensions that
have a significant effect on the transferability of knowledge.

The differences in wind turbine forms are a result of manufacturing tolerances and
various installation sites which result in diverse design requirements. To contextualize
the potential differences, one main area with creative freedom is with the geometry of

the design which varies based on the boundary conditions of the location. The final
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Figure 4.1: Categories of heterogeneous populations within the PBSHM framework, in
the centre, where all 4 categories share sufficient similarity, a homogeneous population
exists. Noting that all 4 attributes can influence each other separately to create inde-
pendent heterogeneous populations.

three differences are the topology of the wind turbine (WT): how it operates in context
to another WT, where it is in comparison to the other WTs, and the most uniform
material which is currently across the designs. Figure 4.1 highlights how the four classes
are intertwined, where one class may overlap with another forming a different class of

heterogeneous populations. These topics are discussed in the following sections.

4.2.1 The Data

The measurement data used as an input for the low-cost monitoring technique takes
high-frequency 25Hz CMS data that is processed into 10-minute averages. Figure 4.2
shows the WTGs available for this study that are both equipped and unequipped with
strain gauges (SG) and the associated DEM. The three positions with SG are WT
1,2,3. The box plot emphasizes the 25th percentile, 75th percentile, 95th percentile,
and the 5th percentile. Additionally, the black dots represent instances where the
values approach one. While these are typically considered outliers, in this thesis, their

inclusion has been maintained throughout all aspects of the study.
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Figure 4.2: Normalized damage equivalent moments box plot of the two orthogonal
directions for all three of the wind turbines

SCADA systems are equipped on all WTGs and, depending on the feature, the
resolution varies, but it is delivered in the form of 10-minute averages with statistical
measurements that include the mean, minimum, maximum, and standard deviation.
This encompasses meteorological information at the hub height, such as wind speed,
wind direction, temperature, and pressure. The SCADA data also covers the opera-
tional signals such as power production, pitch angle of the individual blades and the
rotor rotational speed.

To increase the value of a low-cost monitoring program, transferring knowledge
that is unavailable in other wind turbines can provide insight and confidence into other
assets. If one can infer knowledge accurately on another WT, then one can save money
by installing strain gauges on a fraction of the WTG. Based on this principle, the
population form is the DEM where only 3 WTG have the CMS strain gauges installed.
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4.2.2 Definition of the Population Form
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Figure 4.3: Graphical representations of structures, with lines representing edges, circles
signifying nodes, and Gray circles representing ground nodes [26]

To begin this discussion, it is important to address the semantics of this study as
this lays the foundation of all the discourse ahead. The population form is important
as this provides the basis of if and how the information can be transferred. A graph
can be used to describe a structure in a simplified representation, this can then inform
a relevant measure of similarity between structures. This, in turn, can then be used to
determine the level of similarity between systems within a population.

Homogeneous populations are conceptually of structural equivalence. This implies
that the graphs used to represent the structures within the populations are topologically
equivalent, with nodes in the same position. Examples of graphs represent structurally
equivalent and inequivalent wind turbines. For example, 4.3a could be a monopile,
so could 4.3b with a different design, 4.3c could be a floating structure as it has no
ground node, and 4.3d could be a jacket structure. Figures 4.3a and 4.3b are nominally
identical with the same ground node and associated graph. Conversely, Figure 4.3c
shows a topologically similar graph, however, it is not structurally similar. Lastly,
Figure 4.3d is both topologically and structurally dissimilar to Figures 4.3 a, 4.3b, and
4.3c.
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Definition 1 - A population of member structures is homogeneous if individual
members are pairwise structurally equivalent, with material, geometric, and physical
parameters ¢ (i.e. graph attributes) that can be considered to be random draws from
an underlying base-distribution p(J). As a result, the distribution p(d) describes popu-
lation variation in terms of the parameter ¢. If any pair of members is not structurally
equivalent, the population is heterogeneous [49].

Within the context of homogeneity, it is also important to consider the case of
strong homogeneous populations. In this situation where the density p(d) connected
with the population is of high correlation such that each member of the population
is an identical system, this can be considered strongly homogeneous. In this sense,
considering a population of systems with the same model, but subject to manufacturing

tolerances, a conventional method of SHM can be applied [34], [156].

Fatigue Damage Equivalent Moments

There are a vast number of model and feature spaces that can be applied to represent
a population form. For a wind turbine, the form could be wind turbine power curves
to frequency responses. But, in this case, the form is fatigue damage equivalent loads
for the jacket support structure. The entire population in this study has the same
geometry and material but with small deviations in topology due to the location.

The condition monitoring system calculates the forces from strain gauges on the
foundation of the structure. From the forces, the damage equivalent loads are produced.
The two-phase operation is as follows:

Phase 1 - Calculation of forces from strain.

1. Run dynamic ROSA simulation, processing acceleration data [149]
2. Extract stress at selected element via Fatima [149]

3. Calculate strain using Hooke’s law

4. Calculate forces with internal functionality

5. Compare forces with extracted moments
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Phase 2 - Calculation of DEM from forces
1. Gather applicable force location from the sensor location
2. Calculate the cyclical forces at that sensor

3. Apply ASTM E1049-85 rain-flow cycle counting algorithm, to summate the loads

over time [15]
4. Apply a scale factor to force accumulation.

5. Sum the damage accumulation over the cycles to calculate the DEM

4.3 Methodology

This segment discusses a process of determining the level of knowledge sharing within
a wind farm and the degree of transferability within the population form. This process
is about collating the relevant information, and the necessary processes required to
determine the heterogeneity of the population form. The framework investigates the
four elements that define the population form: geometry, operation, topology, and
material.

Starting with the documentation on the individual wind turbines within the popu-
lation form, it is impractical to cross-examine the geometry of each of the wind turbines
using finite element analysis to reduce the elements of the main components into a hi-
erarchy of shapes. For example, reducing a jacket connection pile component into the
geometry of a beam of cylindrical shape and comparing this to a monopile foundation
which would have the same geometry and shape. This would indicate that there is a
degree of transferable knowledge, which does not require an exhaustive finite element
comparison.

To accompany the knowledge from the geometry, Young’s modulus could be used
to class the material of the components into a hierarchy. The details and levels of
the hierarchy are dependent on the documentation available. The first level would

be material class, then material within that class and then properties. The material
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Figure 4.4: This is a guide on the process of determining the degree of transferability
of an operational wind farm. The blue section contains all the buckets of data, this
could be SCADA data and/or CMS for individual wind turbines. The green segment
is all the design documentation available on the individuals within the population.

properties determine whether it is possible to make inferences of damage assessment and
classification with labels between two structures. Two materials of the same material
class will experience similar failure modes and may exhibit the same material responses
giving more confidence in the classification of damage. The greater the similarity
between the materials the more likely the assessment of damage will be the same
between the two structures.

Merging the knowledge gained documentation with the dataset available is how to
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empirically determine the degree of transferability. Generating plots of the population
form concerning the operational context highlights the operator’s philosophy. If the
operational modes are similar, then a general model may work. Conversely, this may
require that the elements of curtailment may need to be dealt with separately to in-
crease the accuracy of knowledge sharing. By discretising the population form of an
operational wind turbine into modes this may reduce negative transfer.

The second element that synergises with the documentation is the comparison of
environmental effects on the individual wind turbines within the population. Knowing
the location of the individual wind turbines within the wind farm and generating plots
of the features from the SCADA data and the form, will highlight how the dynamics
vary throughout the wind farm. One important investigation of the environment is the
turbulence intensity from different wind directions and how this relates to the similarity
of the population form. Based on this, the degree of similarity may be visible. But to
reinforce the judgment, the Fréchet number can be used to empirically determine the
degree of similitude to the population form.

In the case where the documentation highlights a strong degree of similarity within
the population form and the Fréchet number is small, this would indicate that the
population is heterogeneous. This means that there is a high probability of accurate
knowledge sharing within the population. Conventional SHM techniques may be ap-
plicable but if not, domain adaptation methods will provide strong results. Conversely,
if the Fréchet number is large this indicates that the population is heterogeneous and
that conventional SHM techniques will fail. Domain adaptation techniques must be
implemented, and the degree of accuracy will depend on the size of the dataset, the

model implemented and the degree of heterogeneity.

4.4 Population Based Structural Health Monitoring Doc-

umentation Based Case Study

Building on the established methodology, this section analyzes both data and docu-

mentation to determine structural similarities. To highlight the process comparisons
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are made to other WT'G not associated with this wind farm. This section covers the
operational, material, topological and geometrical considerations that are addressed in

the resources available.
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Table 4.1: Wind turbine geometrical foundation comparison.

Foundation Type

Jacket Structure Pile Cap Foundation
Component Geometry Shape Component Geometry Shape
Transition piece Complex  Transition Piece Pile Cap Beam Cylindrical
Grouted Connection Beam Cylindrical Reinforcement Plate Cylindrical
Piles Beam Cylindrical Piles Beam Cylindrical
Jacket Leg Beam Cylindrical Drilling Template Plate Cylindrical
Jacket Brace Beam Cylindrical Tower adaptor Plate Cylindrical
Jacket Node Complex  Node Tension Anchors  Beam Cylindrical
J-tube Beam Cylindrical Bolts Beam Cylindrical
Boat Landing Complex  Boat Landing
Tower Platform Plate Rectangular

Table 4.2: Wind turbine foundation material comparison.
Foundation Type
Jacket Structure Pile Cap Foundation
Component Material ~Material Class Component Material ~Material Class
Transition piece Steel Metal Pile Cap Concrete  Ceramic
Grouted Connection Concrete Ceramic Pile Cap Reinforcement Steele Metal
Piles Steel Metal Piles Concrete  Ceramic
Jacket Leg Steel Metal Drilling Template Steel Metal
Jacket Brace Steel Metal Tower adaptor Steel Metal
Jacket Node Steel Metal Tension Anchors Steel Metal
J-tube Steel Metal Bolts Steel Metal
Boat Landing Steel Metal Pile Reinforcement Steele Metal

Tower Platform Steel Metal
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4.4.1 Geometry

Obtaining the geometrical information may not be possible for all structures within a
population. It is necessary to define a hierarchy of properties that defines the properties
of the irreducible element for increased levels of accuracy. Abstracting the significant
properties and dimensions of an irreducible element representation of the structure
attempts to simplify the geometry. This can be performed for various structural com-
ponents that have a well-defined structural dynamic behaviour such as beams, and
plates. However, some cases are too complex for this application. Table 4.1 is a re-
duced hierarchy of geometry class, followed by the shape. The irreducible element
further defines the major dimensions of the element which echoes the fact that certain
transfer learning approaches are valid at a less explicit level than others when transfer
learning is applied. Similarities become better defined at a lower level of hierarchy and
improve the chance of success.

Geometry is important, for example, when determining the overall dynamic be-
haviour of structures when both systems have the same materials, geometry and topol-
ogy. One can assume that the dynamic behaviour should be the same (or remarkably
similar) between two systems. When there are differences in dynamic behaviour it may
be because of damage.

The complexity of geometry and the degree of uncertainty within the match will
influence the certainty of inference to the target domain. Within transfer learning, a
regression model which is trained on the source domain is used in another target do-
main (the target domain is the system to which one wishes to transfer the knowledge).
Transfer learning only works if there are similarities between the source to the tar-
get. Hence, transfer learning approaches used in SHM will require similar structures,
otherwise a negative transfer and differences in source to target will cause misleading

results [76]. For complex geometry, a negative transfer may be unavoidable.

4.4.2 Material

The geometry and topology of the structures are strongly linked with the transfer of

damage detection and damage labelling. Material properties conversely determine the
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assessment and classification labels. Again, there is a hierarchy of material properties
that can be used to describe irreducible elements as, like all other aspects of the detailed
design, material properties may not be available. Material class is considered such as
ceramics and metals. The next set of descriptions would be the specific class such
as steel or brass, both belonging to the metal class. The finest levels of description
would be Young’s Modulus, density, or material grade to name a few. To determine
if two structures are similar all the details must be known throughout the hierarchy,
otherwise, there will be a degree of uncertainty.

The material properties determine whether it is possible to make inferences of dam-
age assessment and classification with labels between two structures. Two materials of
the same material class will experience similar failure modes and may exhibit the same
material responses giving more confidence in the classification of damage. The greater
the similarity between the materials the more likely the assessment of damage will be
the same between the two structures. For example, materials from the same metal
class, such as aluminium and steel, will suffer from the same damage class, corrosion.
However, there is no guarantee that the change in material properties will suffer the
same extent of damage assessment because of corrosion. If the material is identical
then the damage assessment and classification are trivial. Table 4.2 highlights the dif-
ferences in the material class of similar components. An offshore transition piece on
a jacket structure has the same purpose as a pile cap of an onshore foundation, but
they have dissimilar materials and may exhibit different responses, failure modes and

damage assessments.

4.4.3 Topological

Scour, corrosion, and marine growth are environmental effects that have been consid-
ered; these are global effects which are currently not implemented in the monitoring
campaign. Some methods can be used to monitor these influences but come with a sig-
nificant financial burden and are not included in the SCADA data. To shed some light
on the potential magnitude of heterogeneity throughout the population on individual

WTs this section considers the four attributes of homogeneity.
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The dynamic behaviour of an operational wind turbine’s structure is largely based
on the topology. The topology is determined by connections of the physical elements
that construct the entire structure (individual) with its environment. The topology has
a strong link to the damage location and without topology, structures cannot have a
fully consistent location labelling. If the topology of two structures is the same, then
the damage location labels can be applied consistently across both. Incorporating the
material within the description means that one can determine whether inferences on
the material damage are possible.

The complex class can provide some flexibility when the topology of the structures
is similar. If the application is comparing the dynamic behaviour of two different wind
turbines, it may be more useful to consider the entire gearbox as one complex element.
Depending on what behaviour we want to capture and extend and the type of damage
we want to detect, we need to select topology so that the differences in configuration
can be considered local. However, if the local topology is relevant to the application
of locating damage, then it may not be beneficial to generalise components and so

breaking the components into parts may be advised.

Corrosion

The design of an offshore steel jacket assumes that corrosion is an inevitable phe-
nomenon, both internal and external. The effects of corrosion reduce the cross-sectional
area of the elements with other local effects such as pitting. This is a global phenomenon
and, in terms of the population, should be a constant effect across the individual con-
stituents. Earlier studies in ROMEO WP.4.4 have highlighted the effects of corrosion
on the dynamic properties of the jacket structure, as shown in Figure 4.5, where the

torsional mode shape received a 10% reduction in frequency.

Marine Growth

Paradoxical to corrosion, marine growth adds additional mass to the structure and can
introduce an additional surface roughness to the exterior members. Altering the surface

roughness of the members in the WP 4.4 study concluded that this has a minimal effect
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on the structural dynamics of the foundation, in this case, the maximum effect on the

torsional mode is 0.1%, see Figure 4.6.
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Figure 4.7: Dynamic properties variation for proportional changes in the global scour
profile, [29].

Scour is a phenomenon that removes sediment from the foundation components at
the seabed and gets carried away by the momentum of the seawater. This causes a
reduction in the soil around the area of the foundation reducing the length of the piled
foundation. The reduction in soil results in reduced mass and stiffness. Figure 4.7 is
taken from the study on the effects of scouring where up to 3.2m of soil is removed and
the results indicate that this has a minimal effect on the dynamics of the structure. In
this scenario, the main effect is the second moment with a 3% reduction in frequency.
An open-access study on the effects of scour is detailed in this study [144], where low

levels of scour go unnoticed.
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Mean Sea Level

Seabed

Figure 4.8: 4-leg jacket foundation for different water depths, [29].

Water Depth

Water depth and geological conditions play a significant role in the design of offshore
structures. The wind farm has implemented a jacket structure and depending on the
water depth there will be varying degrees of foundation pile exposed. However, the
length of the pile is constant throughout the entire wind farm (as demonstrated by
Figure 4.8). The complex dynamics of a jacket structure are hard to estimate exactly
without running an FE analysis but if one were to reduce the foundation pile to a
beam then a simplified judgment could be made. One would expect a longer beam to

experience increased levels of fatigue damage over the lifespan.

4.5 Population Based Structural Health Monitoring Data

Driven Considerations

4.5.1 Operation

When investigating the operational and environmental effects of a small population of
wind turbines from the wind farm one would expect that since they all have geometrical
homogeneity, material homogeneity and topological strong homogeneity we would get

remarkably similar distributions for these properties. And we do, as highlighted in

76



Chapter 4. Case Study of an Operational Wind Farm

WK64 WK45
r 1000
05 r 750 - 1000
= s 057 - - =
-~ - 500
a (500 & a - 500
- 250
0.0 1
T T T T T T T T
0 10 20 30 0 10 20 30
Wind speed (m/s) Wind speed (m/s)
I [ 1000 L
I 1000 1000
= = i =
a 500 500 <00
T T T T T T T T T T T .
0 100 200 300 0 100 200 300 0 100 200 300
Wwind Direction (Deg) Wwind Direction (Deg) Wind Direction (Deg)
£_ =z I [ 1000 23 | 2000
o > - 1000 i ™
s 054 _= - = 0.5 e =
0.0 1 0.0 1 == -
T T T T T T T
0 20 o] 20 o] 20 40
Temperature (deg C) Temperature (deg C) Temperature (deg C)
[} 1000 [} 750 - - 1000
E 057 a= 500 E - 500 E 0.5 -
B - 500
o o |59 O
0.0 1
T T T T T T
o] 10 20 0 10 20
Rotor Speed (RPM) Rotor Speed (RPM)
1 [T 4000
4000 4000
= = =
- 2000
] L2000 & 8 L 2000
T T T T
0 25 50 75
Blade posotion (Deg)
ﬁ— 2000 [} 2000 [ 4000
0.5 1 - = 3
= - = ] =
= - 1000 o o
H H 1000 H 2000
0.0 1
T T T T T T T T T
0 2000 4000 0 2000 4000 0 2000 4000
Power (kW) Power (kw) Power (kw)

Figure 4.9: This series of figures highlights the operational and environmental effects
on the population of the wind farm. This includes the power, blade position, wind
speed, rotor speed, and temperature against the DEM
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Figure 4.11: The operational influence on the DEM on the two orthogonal directions

Figure 5.6, but we have variations in the magnitudes of these effects on the fatigue
damage results for the individual wind turbines. It is difficult to determine if this is
related to the sea depth as WT3 is installed in the deepest location out of the three
wind turbines, but the distribution of the data is akin to that of the other three.

An interesting observation from the damage equivalent moments (DEMs) on all
three wind turbines based on the direction of the wind is that the damage rate is
increased. WT1 and WT3 have two peaks in the DEM vs wind direction graph and
WT2 experiences one. This phenomenon is apparent in the wind speed and temperature
graphs too. Figure 4.13 displays the wind farm location and the general topology of
the water depth with WT2 and WT1 being in a closer cluster as opposed to WTS3.
The deviation in the results is one of the main reasons that these features would be
mandatory in model development.

The operational condition of the wind turbine has a significant effect on the dy-
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Figure 4.12: The operational influence on the DEM on the two orthogonal directions

namics of the structure. In the entire population of the wind farm, individual wind
turbines can be in a different operational state, leading to diverse structural dynamics.
Curtailments are implemented for the planned reduction of power output. The wind
farm exhibits multiple curtailments of various reduced power programs, maximum co-
efficient of power and lastly parked, where there is zero power extraction as represented
in figure 4.10, 4.11, and 4.12.

The main challenge when dealing with operational conditions in PBSHM is that
different operators may have different philosophies on how to best gain the most out
of the entire wind farm as implementing curtailments leads to increased heterogene-
ity. Conversely, if the same philosophy is implemented for the entire population, then
separate ML models can be used to tackle the consistent modes.

Observing the different operational modes, there is a different distribution of the
DEM for each wind bucket. It must be noted that the splitting of the operational modes
is not based on SCADA-referenced signatures but rather on manual interoperation of
the data. A large scatter is observed in each of the individual wind buckets. In [88]
this has been attributed to the environmental effects, such as turbulence, and must be
included in the general model. Secondly, creating a general model that encompasses

all three of these modes will increase the complexity of the predictive function.
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4.6 Heterogeneity analysis of an offshore wind farm

When assessing the homogeneity of a population it might be useful to consider some
of the environmental and operational effects. The previous chapter briefly mentioned
the main components of determining the degree of heterogeneity. This chapter will
begin the discussion on the main components that will enforce this judgment from
observable data in the monitoring campaign. Another aspect that is equally important
and must be highlighted is the limitations on defining the degree of homogeneity in the
context of an operational wind farm. Some of the material, geometrical and topological
differences within classes are difficult to capture with current measurement campaigns
such as corrosion, scour and marine growth. This section will discuss the measurable
effects and how this affects the heterogeneity of the population.

The population is based on the wind farm located off the island of Rugen in the
Baltic Sea with a total installed capacity of 836 MW, where individual wind turbines
were manufactured with a capacity of 5 MW each. The preferred choice of founda-
tion used across the entire population is the jacket structure. The main measurable
differences across the entire wind farm are the location and the water depth. Other
differences such as corrosion, scour, and marine growth are not monitored under the
current campaign. The following subsections will discuss current hypotheses on the

dynamics of the structure based on these differences.

4.6.1 Population Heterogeneity

Table 4.3: Fréchet Distance for all three wind turbines

Fréchet Distance

WT1 0.00

WT2 13.48 0.00

WT3 14.48 14.92 0.00
WT1 WT2 WT3

This section discusses the numerical method of determining the similarity of a pop-
ulation form. For a given domain in the metric space, the Fréchet distance is a measure

of similarity between the two domains. This considers the location and the ordering of
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the points along the points of both domains. For homogeneous populations the value
of the Fréchet distance will be 0, strong homogeneous values will be small, and het-
erogeneous will be large. The value is dependent on the length of the instances in the

domain and the magnitude of the values. The Fréchet distance is calculated by:
A = lvs — pul %+TT(|ES+ET*2(ZS‘ZT)1/2) (4.1)

Where X, Y7 are the mean of two matrices X, X7 and X, X7 is the covariance of
the matrix X, Xp. After applying this to the DEM for each of the wind turbines, the
results in Table 4.3 indicate that the population form is homogeneous with values close
to 0. This is a numerical representation, and it is limited in the scope of interpretation
on the homogeneity. This is a technique that mathematically reinforces the decision
after observation of the data. However, in the following section, the location is the
main source of heterogeneity for this population form and breaking this down into
more detail will provide greater insight into the small deviations in heterogeneity as
observed in Table 4.3.

Table 4.4: Statistical values of both DEM for all three wind turbines.

DEM 1 DEM 2

WT1 WT2 WT3 WT1 WT2  WT3
Mean 0.1193 0.1193 0.1193 0.1049  0.1049 0.1049
Std 0.0629 0.0629 0.0629 0.0623  0.0623 0.0623
Min  0.0015 0.0015 0.0015 0.0017  0.0015 0.0017
Max  0.9024 0.9024 0.9024 0.6494 0.6494 0.6494

To contextualize this, statistical measures have been calculated based on the nor-
malized DEM which are represented in Table 4.4. This includes the mean, standard
deviation (Std), minimum and maximum of the DEM in both orthogonal directions.
There is an almost identical nature to the three WTGs; WT2 does have higher and lower
maximums and minimums, but both the mean and standard deviation are identical to

four significant figures.
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4.6.2 Location based Heterogeneity

Wind turbines extract energy to produce electricity, therefore, the wind leaving the
wind turbine must have less energy content than the wind upstream of the turbine.
Consequently, the wind downstream will be more turbulent and have a reduced speed.
As the wind downstream begins to flow it will eventually return to a free stream con-
dition. However, wakes, if intersected by a wind turbine downstream, are said to be
shadowed by the wind turbine producing the wake. There are two main effects: one
is a reduction in wind speed and the second is increased turbulence and potentially
increased mechanical loading.

Studies on the effects of wakes on wind farm operations [73] indicate that array
efficiency is dependent on the spacing between the turbines and the nature of the
wind regime. When wind turbines extract energy kinetic from the wind increases the
disturbance in the air flow. This disturbance reduces time and is one of the contributing
factors to wind turbine layout optimisation.

The varying degrees of efficiency on the individual wind turbines could affect the
homogeneity throughout the wind farm. If there is an increased amount of mechanical
loading, then over the lifespan one could assume that there may be a difference in

accumulated fatigue damage over the lifespan.

Table 4.5: Fréchet Distance for all three wind turbines in 4 different wind directions.

Wind Direction Turbulence Intensity
WT1 WT2 WT3

N 0.165 0.171 0.148
E 0.101 0.138 0.156
S 0.147 0.133 0.160
W 0.165 0.171 0.148
Global 0.144 0.140 0.127

To assess the similarity of the structure’s heterogeneity as a function of wind di-
rection Table 4.5 highlights the fatigue damage equivalent loads for four different wind
directions, which can be used as a direct comparison of the location-based hetero-
geneity. As expected, there are various degrees of similarity from the different wind

directions. The observation is that with increased heterogeneity one can attribute this
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Figure 4.13: A Fréchet distance heat plot of the damage equivalent moments from three
of the wind turbines from four different wind directions, N- north, E- east, S - south,
and W — west, over 12 months.
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to the turbulence intensity and the wind direction with westerly winds having the
highest turbulence intensity for all three wind turbines and an average highest Fréchet
correlation. Consequently, any fatigue model should include the turbulence intensity

in the calculations.

4.7 Conclusion

Population-based structural health monitoring is dependent on the idea that knowl-
edge between structures can be transferred. Models and data can be shared directly
for structures within the homogeneous population. However, in structures of a heteroge-
neous population, it is imperative to determine the structural similarities to determine
whether it is possible to transfer such knowledge.

To compare the degree of similarity within a population, the elements can first be
converted into an irreducible element model, where the abstractions from the structures
determine the degree of transferability. With matching properties, this strengthens the
consistency of the labels required for transfer learning. In the situation where you have
matching topology, operational conditions, and geometry this gives matching location
labels. Matching the material properties gives consistent damage classifications or
assessment labels. Hence, documenting the similarity of all four aspects is important
in determining whether the transfer of knowledge is possible.

In the context of the wind turbine foundation DEM by introducing the Fréchet
number one can mathematically quantify the similarity of the population form, but this
must be accompanied by an observation to determine the degree of homogeneity. In
this study the different operational cases of the wind turbine experience different rates
of damage at different wind speeds. Moreover, the environmental effects from different
wind directions, combined with the turbulence intensity influence, have a significant
impact on the degree of similarity of the DEM and need to be taken into consideration.

Out with the monitoring campaign, three challenges that affect the individual struc-
tural integrity of offshore wind turbines have been modelled using finite element analysis

and it is concluded that these have a minimal effect on the structural integrity. Hence,
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one could only assume that these will have a minimal effect up to the design guidelines.
Exceedance over the lifespan of the wind turbine may lead to larger deviations and
model updating may be necessary in determining if these events, at the later parts of
operation, need to be accounted for.

When making a comparison of the environmental and operational effects on the
population in the wind farm this highlighted that there is a strong homogeneous cor-
relation. The Fréchet number is low for the entire dataset and the plots reinforce the

judgment for the damage equivalent moments on the foundation of the structure.
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Applied Digital Enabled Asset

Management

Deep Neural Network Hard Parameter Multi-Task Learning for Condition
Monitoring of an Offshore Wind Turbine, Innes Murdo Black, Deborah Cavesco,
Athanasios Kolios, 2022, Journal of Physics

5.1 Hard-parameter Transfer

5.1.1 Introduction

Consistency is a great way of de-risking offshore wind, but unfortunately, some failures
are inherent. As the popularity of wind turbines increases globally so do the varying
effects which make the failures of the structure more difficult to predict. Furthermore,
new technologies and optimised designs can suddenly fail due to quality or stress-related
failures, respectively. This type of failure is termed infant mortality failure, causing a
potentially significant loss in revenue, especially if employed in the offshore wind sector.

Anomalies detection and failure modes diagnosis can be utilised to identify the
structural health of offshore wind turbine components, by using intelligent computing
such as artificial neural networks. Richmond et. al [155] performs a stochastic assess-

ment of the aerodynamics of an offshore wind turbine using an artificial neural network
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among other machine methods to determine wind speeds and directions. By extending
this work, one could make assumptions on the fatigue life of an offshore wind turbine.
Bao et al. [19] utilise a one-dimensional convolutional neural network to determine the
occurrence of damage to the support structure of an offshore wind turbine. In this ex-
ample, the examination looks at localised damage to a jacket support structure under
regular waves with an incredibly high accuracy of 98.4%.

Artificial neural networks have been used to examine the ‘life percentage’ of an
offshore wind turbine based on the failure time distributions. Yang et al. [218] apply
a two-level failure probability procedure for the gearbox, the rotor, the pitch mecha-
nism and the generator. This simplified method has shown that condition-based main-
tenance schemes can reduce the cost of preservation compared to classic time-based
maintenance, where regular intervals are used to assess the asset. A breakdown of
convectional models suited to wind turbine maintenance is discussed in [22]. The com-
ponents of the drive-train have the potential highest impact on the maintenance cost of
the next generation of offshore wind farms [32]. These are among the most expensive
components for an offshore wind turbine and are continuously undergoing remodelling
where innovations are to accommodate bigger power outputs [33] with larger loads.
Condition Monitoring (CM) signals, in combination with high-frequency Supervisory
Control and Data Acquisition (SCADA) data have been extensively used to train ma-
chine learning (ML) models to predict failures in the drive-train components [181] [186].
In [181], Stetco et al. document the state-of-the-art ML methods and processes for the
wind turbine condition monitoring. Tautz-Weinert and Watson [186] examine and dis-
cuss the effectiveness of the numerous ML methods based on the type and amount of
data available. However, the information available from the literature mainly focuses
on training the algorithms based on the availability of relatively big sets of data —
generally for at least more than three years. The authors, thus, identified a knowledge
gap in the field of offshore wind applications regarding the investigation of a detection

algorithm suitable for small data-sets.
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Conventional Machine Learning Versus Multi-Task Learning

Conventional ML typically involves optimising for a particular task T = (y, f(z)), where
y is the output feature domain and f(z) is the predicative function made up of X feature
data. The model is trained for a single task, this generally may achieve acceptable
performance for a single domain D = (z,p(z)) of marginal probability distribution
p(z), but by focusing on one signal task we ignore information that may help us do
better on other metrics relating to that task. By sharing representations of a global
task trained on the source domain Dy and target domain Dy, with a similar probability
distribution, we may be able to better represent our general task. This is Multi-Task
Learning.

A benefit of multi-task learning is that knowledge can be transferred. Inductive
transfer learning is a subcategory of transfer learning. Where an accurate model is
usually trained on the source domain Dy to determine the hypothesis space, this article
implements the hard-parameter transfer technique of inductive transfer. The hypothesis
space generated by hard parameter transfer can help improve the target task results.
Particularly, if there are small amounts of data or class labels for the target task.
Performing inductive transfer learning using source domain data to train the general
model and applying the target task data for fine-tuning can lead to a more accurate
model [134].

The multi-task learning (MTL) theory has been employed across many fields of
application requiring a supervised prediction of one or more classes; two-stage fa-
cial recognition [213], quality assessment of fetal head ultrasonic assessment [114], or
for bandwidth allocation for multiple mobile users [87]. The MTL models come in a
plethora of forms: joint learning, learning to learn, and learning with an auxiliary task,
are among some of the names that have been allocated to its predictive assignment. To
generalise the need for its application, it can be stated that a MTL approach is worth

being investigated as soon as the problem requires optimising for more than one task.
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Problem statement and scope of the analysis

The availability of data from offshore wind turbines is limited, with CMS data on the
generators is less accessible. When wind turbines are installed this restricts the amount
of data available. This is a sensitive period where novel failure events are more likely
to happen in the early stages of the structure (infant mortality failures). Additionally,
low-cost monitoring campaigns might be preferred to reduce the cost related to the
hardware and the storage of data, limiting the number of assets with SCADA or CMS
systems. To address this issue, this work aims to apply a data-driven multi-task learning
approach to monitoring the health status of an offshore wind turbine gearbox.

The purpose is to demonstrate how a hard parameter transfer model can achieve
greater results than a conventional machine learning model when applied to a limited
amount of training data. Therefore, the scope of this paper is to make a step towards
understanding of the setup of a suitable monitoring algorithm based on CMS with a
small set of data of an offshore wind turbine gearbox.

The remainder of this article provides a discussion of the literature and the theoret-
ical basis the of MTL method in Section 5.1.1. In Section 5.1.2, the methodology of this
study is introduced, with details on the methods applied for the data pre-processing,
the model training, and the evaluation metrics used to determine the effectiveness of
the detection. Section 5.1.3 includes the results highlighting the main findings and
showing the clear context for which MTL is effective, to finally closes with a discussion

and conclusion.

5.1.2 Methodology

This section introduces the methodology for training and comparing models predicting,
in binary form, the status of an offshore wind turbine gearbox. The data collected, pre-
processing, and their division into data sets for the training of a conventional and a
MTL algorithm are introduced. The overall workflow for the training of the models
is described in detail. Finally, the metrics used for the evaluation of the models are

defined.
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Data Collection

The analysis presented in this paper is built on time-series data from one MW offshore
wind turbine, in normal operation. The signals from the SCADA and condition moni-
toring (CM) systems consist of eight monitoring channels, recorded with a ten-minute
resolution. These channels include meteorological information, the operational data of
the wind turbine, and the vibration data from the gearbox, with the associated flag
warning raised in case of anomalies. This latter provides the (binary) label targeted in
the training of the classification models.

There are two data sets, the source domain data contains 31804 time-steps (220
operational days) collected from a turbine. From another turbine of the same popula-
tion, considered homogeneous. The target domain data has a reduced length of 8141
time-steps These two data sets are, thus, representative of an existing wind turbine
and a newly installed turbine. Both wind turbines have the same form and hence sim-
ilar distributions in each of the identical features. The source domain data has alarm
signatures for a total of 19% of the data set and the target domain data has a similar

portion with 18%.

Data Pre-processing

The data sets used for the training and testing of a machine learning algorithm generally
require some pre-processing to ensure satisfactory performances of the prediction model.
The application in this paper consists of a two-step procedure. First, a data cleaning
process is performed to remove outliers and missing values. For the treatment of missing
values, time instances of the database are removed from the analysis if over 50% of the
data is missing. The outlier removal is processed by removing vector instances where
the values should be scalar. For the remainder of the data, the K-nearest neighbours
(K-NN) imputation method is applied [194].

The last step is to split the data into training, and testing sets. In the specific of
this experiment, 80% of the data is employed for the training of the models, while the

remaining 20% is used for the final testing.
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Figure 5.1: Flowchart detailing the data flow and construction of the conventional
model on the left and the multi-task learning model on the right.

Models

The MTL model is built up in two training stages, with information being leveraged
from two data sets. The knowledge acquired from the source domain data Ds with
a greater number of samples is used to train, a feature extractor (regression model).
Taking the SCADA data, and making predictions on the vibration data from the gear-
box. A classifier is connected to this first model and uses a hard parameter transfer
to merge the last neurons from the artificial neural network to the first layer of the
convolutional neural network (classification model). The weights of the neurons of the
regression model are fixed, and the remaining weights of the model are trained using
the small target domain D, data set. The model is developed using the Keras API [2].

The conventional model takes the same architectural form as the regression and the
convolutional neural network classifier together, but it is just trained by only using the
target domain data Dy, a smaller data set. Therefore, the model receives the SCADA
data as the input, and it outputs the anomalous behaviour of the gearbox. Both
models have the same desired task but one model uses hard-parameter transfer to
transfer knowledge and increase the amount of knowledge representing the anomalous
behaviour since it has two outputs the CMS vibration predictions and the binary error

message.
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Training of the models

Three distinct models are trained for this paper. One is the feature extraction model,
another is the classification model used for the MTL procedure, and the last is a
conventional classification model.

The transfer learning model is built up of three blocks, as can be observed in
Figure 5.1. The feature extractor; takes in input from the meteorological data, the
wind turbine operational data, and the gear oil temperature, and then outputs the
gearbox vibration features. This model is built up with a deep neural network (DNN)
architecture. In particular, it consists of 14 sequential layers all implementing a rectified
linear unit (RELu) activation function. Utilising a uniform variance scaling [82] allows
the neural network to train extremely deep rectified models directly from scratch. The
optimiser for the regression feature extraction is called ‘Adam’, which is derived from
the adaptive moment estimation [104]. This is effective for noisy, nonlinear data.

Hard parameter MTL is carried out using the classification model highlighted in
Figure 5.1. This convolutional neural network (CNN) architecture is the same as the
classifier used for the conventional model. Both classifiers feature one convolutional
layer of width 64 and similarly utilise the RELu activation function. This is followed
by a drop out of 0.5 to further four layers of a one-dimensional convolution, which
implements the sigmoid function - commonly used in classification models. The kernel
initialisation of the weights for the CNN uses uniform variance scaling. A standard
gradient descent with Nesterov Momentum is employed to improve the accuracy while
dealing with noisy data from the vibration signals, with a learning rate of 0.1 and a
momentum of 0.9. Lastly, the cross-binary entropy loss function is implemented to
distinguish the gearbox status class.

For the consistency of the comparison, the conventional model takes the overall
same architecture of both the feature extraction and the classification model combined.
The main differences between the conventional model to the hard parameter transfer

model are:

e The binary cross entropy optimiser is applied to the whole model.
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e The entire model is trained in one process and one data set.

e The model only has one output stream of information representing the gearbox

status.

Evaluation metrics

The regression results are evaluated using the mean absolute percentage error M APE,
which represents the average absolute percentage error for each period minus the actual

values divided by actual values.

1= 9 — Yi
MAPE =Y |2V (5.1)
n = Yi
=1
where ¢; is the forecasted value, y; is the actual value and n is the number of samples.
The metrics of the classification models are calculated using F'ls.ore and the Accuracy.
The F1g4.oe metric conveys the balance between the precision, the true positive predic-
tive value, the recall, and the true positive rate, by calculating their harmonic mean.

The accuracy represents the percentage the model correctly calculates.

tp +tn
tp +tn + fp+ f

Accuracy = (5.2)

tp
tp +0.5(fp + fn)

The true positive ¢,, the false positive f, and the false negative f, are used to

(5.3)

F lscore =

calculate the Fl-score and are going to be explicitly reported to judge the quality of
the classification. W Yang et. al. [218] conducted a study on wind turbine monitoring
and indicated that predicting more than 60% of wind turbine faults will reduce the
cost of operations and maintenance. This has been implemented as a threshold for our

models.
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5.1.3 Results

The correlation plot in Figure 5.2 highlights Pearson’s correlation of the variables to one
another. The set of features proves the potential advantages of hard perimeter transfer
learning. In machine learning, the higher the correlation to the data the increases the
chances of the the predicative function describing the task. Linear correlations, while
useful, are limited by their assumptions of linearity, sensitivity to outliers, inability to
infer causality, influence of hidden variables, danger of extrapolation, and invalidity for
agreement assessment, [105]. It can be observed that from the “Power Bin” to “Wind
Speed”, the features have no relation to the gearbox “Error”. On the other hand, the
correlation between the vibration data and the gearbox status is higher. This increased

correlation helps improve the predictive function.

Regression model

This model takes the SCADA data from the “larger” source domain data set and
makes predictions on the CMS vibration data after pre-processing. The training stage
is carried out over 1000 Epochs having a total of 388,803 trainable parameters. To
validate the accuracy of the model new, unseen data from the wind turbine is fed into
the model producing a: MAPE = 27.00%, an accuracy = 99.92% and R2 = 68.61%.
This model is the highest-performing model in the process. The predictions from the
model are highlighted in Figure 5.3. With an R2 score of 68.61%, this is a more than
acceptable indicator of anomalous behaviour. The plot highlights the feature extractor’s
ability to do so.

Implementing a MTL model, this information would normally be fed into the model
or in the worst case be ignored. This procedure utilises the information to make strong
estimations on the erroneous behaviour and it could be used in other maintenance
methods in a multi-agent manner for predictive trending methods. Where one could

monitor the trends of the vibrations more closely to determine long-term effects.
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Figure 5.2: Linear correlation for all the features, the first five features are the inputs
for both the regression model and the traditional model. The vibration signals are the
outputs of the regression aspect hard parameter transfer model, and the Error is the
output of the full hard parameter transfer model and the conventional model.
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Figure 5.3: Regression model, trained on the large data set, used as the basis for the
MTL. This figure details the ability to determine the vibration signals from some of
the input features.

Multi-Task Learning Model

Similarly, the MTL classification model participates in training over 1000 Epochs of 83,
329 trainable parameters. This model uses significantly fewer data points compared
to the feature extractor of 8441 producing an accuracy of 91.29%, and an Fl-score
of 69.54%. The classification for the anomaly detection utilising MTL is more than
acceptable, Yang et al [218] indicate that predicting more than 60% of wind turbine
faults will reduce the cost of operations and maintenance. The classification results are
displayed in Figure 5.4. With anomaly detection, it is expected that the true negative
is the median. The most detrimental prediction is a false positive, and this presents
one significant portion of this model that would need improvements.

For condition monitoring, a false positive reading would highlight to the operator
that the machine is currently running 'normally’ but is in a state of potential error.
In the moment of a failure event, a chain reaction of issues can lead to catastrophic
failure. To prevent this one might call the machine to turn off. However, this is not
possible with a false positive, the machine running in a state where there is an error but
the observation from the model is contradicting reality. Alternatively, if the anomaly
signature is not so serious the machine could be asked to operate at a reduced rate. False
negatives do not present as much of a risk as they will not lead to catastrophic failure.
Both scenarios are not ideal, both cause a loss in earnings and the whole objective with

condition-based maintenance is to optimise the up-time of the wind turbine.
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Figure 5.4: Classification results from the MT model, highlighting the true negative,
false positive, false negative, and true positive rates of the test data set.

Model Comparison

Table 5.1: Model comparison of the conventionally trained model vs the hard-parameter
MTL model

Accuracy F1 Score
Conventional Model 83.76% 57.56%
Hard Parameter MTL Model 91.29% 69.54%

The conventional model undertook the same treatment as the hard parameter trans-
fer model, with 1000 Epochs. However, the model has suffered from an over-fitting of
the result. It is unable to predict many of the errors leading to failure. A comparison
of the results from the conventional compared to the MTL model is made in Table 5.1.
This highlights that with a reduced data set, the results can be improved by implement-
ing hard parameter transfer with homogeneous data. The conventional model training
is hindered because there are simply not enough data points and the correlation of the
data is not as great to fully converge the model to surpass the MTL model accuracy.

One significant aspect that is not explored in this paper, is varying the sample
size of the data. The current understanding of machine learning is that the larger

the data and the network the greater the accuracy. With this current understanding,
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and the results displayed here, there must be a crossover point where the benefit of
transfer learning will diminish, and no longer be a suitable candidate to determine the
anomaly detection of an offshore wind turbine. An examination of this crossover point
where conventional methods are more accurate would provide a time frame where this
technique is recommended.

There are two ways in which time-series data varies, firstly the frequency, and
how many samples are taken over a specific period. The second is the length. Both
contribute to the size of the time series data used to train the model. In the case of
this report, there are 8451 points over two years. This limiting factor will determine

the level of improvement from conventional model training to hard parameter transfer.

5.1.4 Conclusions

This paper has successfully highlighted how MTL accelerates the accuracy of data-
driven condition monitoring of an ANN with limited data. This is a novel approach
to offshore wind energy but is consistent with other areas where this methodology is
implemented. The main observation is that infant mortality failure can be quickly
detected, and scheduled maintenance can be planned.

By implementing the two different cost functions the model is better suited at
extracting the features and classifying through reduced noise and overfitting compared
to the traditional method. One observation is that this model is only suitable for a
limited period. The longer the wind turbine is in operation, there is less probability
that the components will fail, coupled with an increased amount of data.

One of the most significant properties of the multi-task learning method is the
increased amount of usable information. You have the vibration and error information
both of which can be used in tandem to authenticate the diction process. One detects
patterns for anomaly detection and another makes time-series predictions. This is
opposed to the classical method which has only one output, the error evaluation, which
is useful but ideally more information is advisable in maintenance.

A progression from this concept would be to: investigate the time frame in which

MTL is most advisable for maximum accuracy of a condition monitoring system during
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the infant mortality period. Secondly, comparing varying types of MTL models to

determine a baseline model for continuity in the industry.
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5.1.5 Population Based Structural Health Monitoring

Population Based Structural Health Monitoring: Homogeneous Offshore
Wind Model Development, Innes Murdo Black, Moritz Werther Héackell, Athanasios

Kolios, 2022, Renewable energy,

5.1.6 Introduction

Moving beyond detecting damage on a single structure, to diagnosing damage in an
entire population raises the issue of acquiring data relating to each of the structures.
One of the main concerns with this is the large cost associated with obtaining the
information necessary to determine any damage to the structures. Population-based
structural health monitoring (PBSHM) seeks to reduce this cost by developing meth-
ods that share the information between the structures. The concept of PBSHM is
introduced in [26], [75], [66]. If the population of the structures is homogeneous, where
the structures are nominally identical, then it may be possible to establish a general
model which is common across all structures. Conversely, even if the models are het-
erogeneous, dissimilar structures, it may be possible to transfer select types of damage
across the structures. The most promising technology that will allow for this transfer
of information is found in the machine learning discipline of Transfer Learning.

The standard of similarity between the structures is indicative of the level of knowl-
edge transfer between the structures. This can be achieved through quantifying how
the structures are similar, and where the similarities lie. This determines what type of
machine learning approach is necessary. For this study, the geometry, topology, opera-
tion, and material of the offshore structures are the same. The main observation from
this is the population is of a strong homogeneous nature. Within a strongly homoge-
neous population, all the structures have the same material, geometry, and topology
(this refers to the components for all the parts in the structure). This implies that all
the structures are the same model and brand in the wind farm. The variation within
the wind farm is due to the operational state, the location of the wind turbine and
manufacturing defects.

The five references provided are focused on the area of renewable energy, the chal-
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lenges, and solutions in implementing transfer learning. [113] proposes a strategy to
tackle small data sets using parameter-based transfer learning. The authors suggest
a new model based on transfer learning for wind turbine diagnosis with small-scale
data. The model can take the operational information from other wind turbines into
account. [37] propose a framework using unsupervised TrAdaBoost learning on SCADA
data for WT fault diagnosis. The main observation is that TrAdaBoost shows its supe-
rior performance in dealing with data imbalance and different distributions. [67] focuses
on the application of machine learning algorithms for structural health monitoring and
highlights the importance of domain adaptation in improving the performance of these
algorithms. The authors propose a hybrid machine learning model that shows improved
performance on several populations of experimental and numerical structures. [172] in-
troduces a transfer-learning-based approach to include physics into data-driven normal
behaviour monitoring models. An artificial neural network with an auto-encoder is
used in this study to study one month of raw SCADA data. [95] proposes a control
strategy for deep transfer learning for fault detection on rotating machinery. The pa-
per applies integrated signal processing on vibration signals. The main observation is
the performance is significantly improved by reducing negative transfer and less data
is required using this technique than standard deep learning.

The motivation for this study is to provide a solution for low-cost monitoring, where
only a few wind turbine generators (WTG) are instrumented with sensors as opposed
to the entire fleet. A low-cost monitoring strategy for offshore wind can provide nu-
merous benefits to wind farm developers and operators. Implementing a cost-effective
monitoring system can reduce the overall cost of monitoring and increase the reliability
of the wind farm. The real-time data provided by a low-cost monitoring system can
also aid in the early detection of performance issues and prompt maintenance, result-
ing in reduced downtime and improved maintenance practices. The monitoring data
can also be used to better understand the wind resource and its variability, leading
to improved wind farm design and operation. Furthermore, real-time monitoring can
provide early warning of potential safety issues, improving safety for workers and main-

tenance personnel on offshore wind farms. The consequence of a low-cost monitoring
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strategy is that there will have to be assumptions made on structures that are not
instrumented, so the low-cost technique is developed based on a general classifier as
opposed to individual models for a monitoring strategy that has the entire wind farm
instrumented.

This work focuses on the case of strong homogeneous transfer, with four different
machine learning models under consideration. Three models employ supervised domain
adaptation techniques, a subcategory from the transfer learning branch, and the last
model uses ensemble learning. Transfer learning is one approach to improve the per-
formance of the learner by transferring between different domains. Domain adaptation
assumes that there is labelled data in the source domain that can be utilised to aid in
the regression of the target domain, by mapping the two domains into a common latent
space on which the data distributions are coincident. There are assumptions of domain
adaptation, where the input and output feature dimensions are consistent in the source
and target domain. This means that Structure One must have the same features as
Structure Two in the wind farm. The former method of using an ensemble technique
aims to improve the final prediction by grouping the views from the regression models

and taking the consensus.

5.1.7 Background

PBSHM involves mapping data and labels from different structures within the popu-
lation so that a general classifier can be inferred across the entire population. As a
result, asset management can potentially be performed digitally for any individual in
the population. This section intends to define applicable forms of PBSHM.

For PBSHM it is pertinent to define the contextual difference between homogeneous
and heterogeneous populations. This syntax is borrowed from graph theory where the
names clearly explain how structures can be represented by attributes. To determine
whether two systems are similar enough for knowledge transfer, it is unpracticable to
consider every property or dimension of the structure - e.g., comparing the geometric
similarity of two structures using 3D, finite element (FE) or computer-aided design

(CAD) models of the structure directly would be computationally inefficient. For this
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study’s desired goal, it is more efficient to consider only the properties and dimensions
that have a significant effect on the transferability of knowledge.

Differences within the population occur for a magnitude of reasons, and structures
are deemed different due to various properties. This can lead to groups of heterogeneous
populations. This approach will highlight the four main sources of differences within a

structure which are geometry, topology, material, and operation:

e Geometry links to the shape and size of the structure within the population.

e Topology depicts the construction, connection, and location of the components

in the structure.

e Material relates to the different, materials classes and specific materials with the

associated properties for the structure in the population.

e Operation refers to the different states the operator can curtail the asset too.

Adapting the definitions from graph theory for PBSHM, where a topologically ho-
mogeneous population is defined as a group of structures where the geometry o, and
the material o,, properties for the nodes and edges of the associated graph can be
taken from the base distribution p(o,,), the probability mass of the distribution p(o,,),
defines the small differences between the individuals within the population. A strong
homogeneous population would have a uni-modal distribution with low dispersion for
the geometrical, topological, and material properties. With the strictest, perfect, form
of homogeneous composition the underlying distribution of the population is identical.
The latter is uncommon, but this assumption can be made if you want to apply con-
ventional Machine Learning (ML) methods trained on one structure and apply this to
another. Applying these conventions to the population and categorising the individuals
within the population helps determine the difficulty of transferability.

Notable differences in the observable data may occur outside the structural proper-
ties of the individuals within the population beyond the categories previously discussed.
These differences relate to how the data acquisition and any processing to obtain the

features are conducted. A classic example of this would be sensor placement. This
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will lead to differences in the distribution of the data even though it is placed in the
‘same’ position. Manufacturing and installation differences will also contribute to small

variations in the homogeneity of the data distribution.

5.1.8 Transfer Learning

Transfer learning technologies offer several opportunities for dealing with scenarios
where the population form domains and distributions are different for each member
when training and evaluating the model [135]. Separate from multi-task learning, where
the objective is to lean multiple tasks across different domains [225], transfer learning
utilises knowledge from the source to improve predictions on the target task, in our case,
using the Damage Equivalent Moments (DEM) from two separate WTGs to create an
improved general model. This type of learning is what makes PBSHM achievable. Even
when performing in the homogeneous population scenario, variations in the structure,
such as location, will lead to differences in the data distributions. Learners trained on
one structure will not apply to another structure in the population. Formal definitions
of transfer learning and transfer learning technologies are discussed in this section with

domain adaptation having an entire subsection.

Definitions

Domain - A domain D = (x,p(X)) is an object made up of a feature space x and a
marginal probability distribution p(X) over feature data X = 2% ,, which is a bounded
sample from y. This is the SCADA data for one structure in the context of this report.

Task — A task T'= (7, f(-)), this would be the DEM for one structure, is an object
made up of a label space T and predictive function f(-)(p(z|Y")) in probabilistic terms,

can be inferred from training data X = 22 with X; = > x and y; = >_ T, noting

w=i,y=i"
that both xy and T are distributions not individual observations, which are build-up of
finite samples sets X and Y. In the case of source domain data-sets Dy = (xi.s, yiys)N
and with ;s = > xs and with y;, = > Y, and similarly for the target domain
Dy = (Xi,t,yi,t)N and with z;; = > x¢ and y;; = Y Ty, [135]. Given these artefacts,

one can theoretically conduct transfer learning.
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Transfer Learning — For transfer learning there must be a given source domain Dy
and associated task T and a target domain D; and task T;. The objective is to improve
the target predictive function f;(-) in 7} by utilising the knowledge from the source,
assuming Dy # D, and or T, # T}, [225].

Homogeneous transfer — Homogeneous transfer learning assumes that D, = D,
and Ty = T; meaning the attributes are the same. A sub-category of this strong
homogeneous transfer, where the domain and task are similar hence, Dy, = D; and
T, =T,

Heterogeneous transfer — Heterogeneous transfer learning is when the domain, fea-
ture, and task space are non-identical hence, Ds # Dy, Ts # Ty, and x5 # x4, respec-
tively. It can also assume that ys # y.

Domain adaptation — domain adaptation is relevant when the inference for the
target domain D; and T}, and the target predictive function f;(-) is improved given
the source domain Dg and Ts. Assuming x; = x; and ys = y but the distributions
p(xs) # pla).

To contextualise these definitions in the form of PBSHM for wind turbines, homoge-
neous transfer learning is a situation where both the source space and target space are
the same. This is a situation where the context is the problem between similar assets.
This could be where the wind turbines are the same, but have different distribution
due to sensor placement, and location, to name a few. Hence Ds = D; and T; = T;.
Heterogeneous transfer learning is applied when the features are dissimilar. A situation
in the wind turbine industry would be when using data from two different wind turbine
designs, e.g., a monopile foundation and a jacket structure. In this case, the features

will be dissimilar and the tasks dissimilar, hence Ds # D; and T # Ty.

Transfer Learning Technologies

There is a continually growing variety of transfer learning technologies. This section
aims to briefly describe transfer learning, but the focus is on fundamental differences in
the approaches of a subcategory called domain adaptation where parameter, instance,

and feature-based approaches are described. Visit [63] for a more comprehensive dis-

105



Chapter 5. Applied Digital Enabled Asset Management

cussion on transfer learning.

Starting with a typical approach of deep learning and artificial neural networks,
transfer learning technologies have been developed using fine-tuning. This methodology
seeks to learn based on the parameter weights during a particular set of layers in the
artificial neural network. The artificial neural network is trained on the domain Dy and
some of the layers are fixed. The remaining un-fixed layers are trained using the target
domain D;. Examples of this are conducted in [93] , [64], and [51].

Another approach to transfer learning is knowledge graphs, where the aim is to
find objects that define specific entities and their interrelationships. This has been
particularly successful in search engines, incorporating semantic searches. Currently,
knowledge graphs have been integrated as training data for machine learning models
[79], [132].

Like knowledge graphs, the ontologies’ goal is to give representations of entities
that describe all the interdependences and interactions. Ontologies are useful in out-
lining knowledge about specific domains. Most importantly ontologies are helpful for
explaining concepts and sharing information. If a new project is undertaken ontologies
can be reused or transferred to help identify more efficient processes. In the context of
PBSHM, an ontology is knowing what types of techniques and methods are most appro-
priate for one system to another. Ontologies have been explored in multiple industries,

including Structural Health Monitoring (SHM) [111], [195], [12].

Domain Adaptation

Domain adaptation is a subclass of transfer learning to transfer the feature space be-
tween the source and the target domains, based on the assumption that the marginal
distributions of p(xs) # p(z;) are not the same. This type of technique is primarily
used in homogeneous transfer learning where the source domain and target domain are
similar. There are three main approaches to domain adaptation which are parameter,
feature, and instance-based.

Parameter-based domain adaptation takes the parameters of a trained model, is

built using the source domain Dy data and is then adapted to suit a model for the task
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domain Dj.

Feature-based domain adaptation techniques are designed on the research of com-
mon features which have similar attributes to the source Ts and target T; task. A
new feature, often called the encoded feature space, is built with a projecting appli-
cation, which aims to correct the difference between the source p(z,) and target p(z;)
distributions. The task is then considered to be in an encoded space.

For instance-based domain adaptation the general principle is to redistribute the
labelled training data to correct the differences between the source p(zs) and target
p(xy) distributions. This re-weighting consists of multiplying, the individual loss of
each training instance by a positive weight. The re-weighted training instances are

then directly used to learn the task.

Negative Transfer

One of the major drawbacks, when performing transfer learning between WTGs, is if
the information is incorrectly detailed from one domain to another as this can reduce
the performance of the general learner when compared to the learning from the target
domain alone. This phenomenon is known as negative transfer and is most prominent
when the source, D, and the target, D; domain are most dissimilar, e.g. heterogeneous.
The fundamental idea of transfer learning is that there must be some shared information
across domains. This may be hard to contextualise when data is unlabelled, or the tasks
are dissimilar.

Negative transfer raises the important question: When is it right to transfer knowl-
edge? This motivates the reasoning behind developing a measure of the similarity of
structures. The case study provides information on the heterogeneity of the data used
in this work. This study reinforces our understanding of the data and helps mitigate the
issue of negative transfer as we become aware of where differences in the distributions

lie.
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5.1.9 Methodology

This study uses data from the Wikinger wind farm, where there is only a select amount
of the operational wind turbines that have CMS with strain gauges installed; to be
specific, four out of 64. This section aims to develop a variety of models that can
perform PBSHM using structures of two structures as the source and target respectively
in the pursuit of a general classifier for the entire farm. The population form is the
DEM on the foundation of the structure which can be used to determine the fatigue life.
This section starts with how the SHM data is gathered, what the population form is for
this study, and then what the definition of the population is. This is then used to detail
the individual models including how the data is pre-processed, the model development

and the error metrics used.

The Data

The measurement data used as input for the low-cost monitoring technique comprises
two different frequencies of data 25Hz CMS data, and SCADA data at 10-minute
averages. The process of determining the damage equivalent moments (DEM) is in the
next subsection The WTGs available for this study are equipped and unequipped with
strain gauges (SG). The three positions with SG are WT 1, 2 and 3.

SCADA systems are equipped on all WTGs and, depending on the feature, the
resolution varies. This encompasses meteorological information at the hub height, such
as wind speed, wind direction, temperature, and pressure. The SCADA data also covers
the operational signals such as power production, the pitch angle of the individual
blades and the rotor rotational speed.

To increase the value of a low-cost monitoring program, transferring knowledge
that is unavailable in other wind turbines can provide insight and confidence into other
assets. If one can infer knowledge accurately on another WT, then one can save money
by installing strain gauges on a fraction of the WTG. Based on this principle, the
population form is the DEM where only four WTGs have the CMS strain gauges
installed.

There are a considerable number of model and feature spaces that can be applied to
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represent a population form. For a wind turbine, the form could be wind turbine power
curves to frequency responses. But, in this case, the form is fatigue damage equivalent
moments for the jacket support structure. The entire population in this study has the
same geometry and material, with small deviations in topology due to the location.

Fatigue Damage Equivalent Moments

The condition monitoring system calculates the forces from the strain gauges on
the foundation of the structure. From these forces, the damage equivalent loads are
produced. The two-phase operation is as follows:

Phase 1 - Calculation of forces from strain.

1. Run dynamic ROSA simulation [149]

2. Extract stress at selected element via Fatima

3. Calculate strain using Hooke’s law

4. Calculate forces with internal functionality

5. Compare forces with extracted forces

Phase 2 - Calculation of DEM from forces

1. Gather applicable force location from the sensor location

2. Calculate the cyclical forces at that sensor

3. Apply ASTM E1049-85 rain-flow cycle counting algorithm [15]
4. Apply a scale factor to force accumulation.

5. Sum the damage accumulation over the cycles to calculate the DEM

Homogeneous Population

A homogeneous population in the context of offshore wind is one where the task
distributions are similar for all WT'Gs which, depending on the features selected, may
have similar feature spaces. This makes homogeneous populations ideal candidates for

domain adaptation methods, and to demonstrate the effectiveness of transfer learning
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for PBSHM. This section presents a homogeneous population of three wind turbines
located in the Wikinger wind farm. All the structures are of the same design and
capacity; hence, they have the same material and geometry. The damage equivalent

loads histogram is presented in Figure 5.5.
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Figure 5.5: Normalised damage equivalent moments box plot of the two orthogonal
directions for all three of the wind turbines.

The three structures can be considered as a homogeneous population, as they are
structurally similar in their representation and the material and geometry parameters
can be described by a uni-modal distribution with low deviation. The SHM problem
presented here is due to small deviations in the DEM which arise from the location and
the operational context of the individual wind turbines within the wind farm. Figure
3 displays two-dimensional heatmaps of the DEM amplitudes for various operational
features for the three wind turbines.

Small deviations in the overall distributions are highlighted in Figure 5.5. One of
the contributors to these results is the location as the entire wind farm has deviations

on the water depth. The design of the individual WTs does not require the topology
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and geometry to be altered for single locations but rather in design clusters spanning a
range of water depths. One consistency is the height of the transition piece. It needs to
be at a constant height across the population, meaning that there are variations in the
length of the foundation which influences the dynamics. Another aspect is the operation
and metrological differences. Figure 5.6 displays a heatmap of these features for each
of the WT's which are influenced by the location and the degree of turbulence intensity
based on the direction of the wind. Navigating these deviations in the distribution is
the aim of the general model development.

The Fréchet number is a numerical method of determining the similarity of a pop-
ulation form for a given domain in a metric space. The Fréchet distance is a popular

measure of similarity between the two domains and is calculated by:

A =g — pul %+Tr(|ES+ZT*2(ZS‘ZT)1/2) (5.4)

Where ps, pur are the mean along the source and target along the first axis, >4
and X; are the covariance matrix of the source and target domain datasets. This
considers the location and the ordering of the points along the points of both domains.
For homogeneous populations, the value of the Fréchet distance will be 0, for strong
homogeneous distributions the value will be small, and heterogeneous will be large. The
value is dependent on the length of the instances in the domain and the magnitude of
the values.

Table 5.2: Fréchet Distance for all three wind turbines

Fréchet Distance

WT1 0.00

WT2 13.48 0.00

WT3 14.48 14.92 0.00
WT1 WT2 WT3

By applying this to the DEM for each of the wind turbines, the results in Table
5.2 indicate that the population form is homogeneous with values close to 0. This
is a numerical representation, and it is limited in the scope of interpretation on the

homogeneity. This is a technique that mathematically reinforces the decision after
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Figure 5.6: This series of figures highlights the operational and environmental effects
on the population of the wind farm. This includes the power, blade position, wind
speed, rotor speed, and temperature against the fatigue damage equivalent moments
in direction 1.

observation of the data. Nevertheless, in the following section, the location is the main

source of heterogeneity for this population form and breaking this down into more
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detail will provide greater insight into the small deviations in heterogeneity observed

in Table 1.

Table 5.3: Statistical values of both DEM for all three wind turbines.

DEM 1 DEM 2

WT1 WT2 WT3 WT1 WT2  WT3
Mean 0.1382 0.1503 0.1193 0.1233  0.1092 0.1049
Std 0.0634 0.0576 0.0629 0.0588  0.0623 0.0623
Min  0.0015 0.0015 0.0015 0.0017  0.0015 0.0017
Max  0.8158 0.6304 0.9024 0.6669  0.8286 0.6494

To contextualise this, some statistical measures have been calculated based on the
normalised DEM and these are represented in Table 5.3. This includes the mean,
standard deviation (Std), and minimum and maximum of the DEM in both orthogonal
directions. There is an almost identical nature to the three WTGs; WT2 does have
higher and lower maximums and minimums, but both the mean and standard deviations
are identical to four significant figures.

Models

An Artificial Neural Network (ANN) is an optimal base model suited for stochastic
problems to estimate the DEM without direct measurement. Sensors often cannot be
placed on the sub-structure, and SCADA data is usually gathered in the tower and
nacelle, hence, this does not provide direct information on important parameters on
the foundation’s structural behaviour. Therefore, a general model using the SCADA
data to determine the DEM would provide excellent potential in the application of wind
turbine foundation monitoring. This subsection will briefly describe an ANN and the
differences that the domain adaptation models make from the original ANN model.

Three domain adaptation methods are implemented in this study that all use a base
model of an ANN and are altered based on their specific procedures. However, before
these procedures are explained, the original model is developed using the data from
one wind turbine only. No transfer learning is carried out to generate this model; only
hyperparameter optimisation using WT1.

The architecture of an ANN is built up of hidden layers where each layer has a

density of neurons attached to that. Techniques such as dropout can be introduced to

113



Chapter 5. Applied Digital Enabled Asset Management

aid in removing bias within the architecture, increasing weights (w) to 0 and 1 such that
the sum of the weights remains constant. The individual neurons have a synaptic weight
associated with them which can be represented as an activation function. For this type
of problem, the Rectified Linear Unit (RELU) is used. Weights w are associated with
each activation function and the entire network is curated based using the Adam [?]
Optimiser.

CORrelation Alignment (CORAL)

CORAL [183] is a feature-based domain adaptation method, intending to minimise
the domain shift from the source D, to the target D; by aligning the second-order
statistics of the source and target distributions. The method transforms the source
features to minimise the Frobenius norm [116] between the correlation matrix, the input
target data and the transformed input source data. The transformation is described

by the following optimisation:
min |ATCsA — CT||% (5.5)

Where, A is the feature transformation matrix such that Cs and C; is the correlation
matrices of the source and target data, respectively. The solution of this operation can

be written in explicit form and the feature transformation is computed in four steps:

Cs =Cov(Xg)+ Ap (5.6)
Cr = CO’U(XT) + Mp (57)
X, = XgCSg'"* (5.8)
X, = XgCSY* (5.9)

Where A is the regularisation parameter.
TwoStageTrAdaBoostR2
TwoStageTrAdaBoostR2 algorithm, [137], is an instance-based domain adaptation

method suited to regression tasks. This method is characterised by the ‘reverse boost-
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ing’ principle where the weights of the source instances predicted decrease at each
boosting iteration, and one of the instances increases. In the ‘two stages’ version of
TRAdaBoostR2, [137], the algorithm is where the weights of the source and target
instances are carried out separately. In the first stage, the weights from the source
instances are frozen, but the ones on the target instances are updated according to the
classical AdaBoostR2 [45]. In the second stage, the weights of the target instance are
now fixed whereas the ones on the source are updated according to TrAdaBoostR2.
During each first stage, a cross-validation score is computed with the labelled target
data. The cross-validation score is used to determine the most effective estimator within

all boosting iterations. This algorithm performs the following steps:
e Normalise the weights > ws + > w, =1

o Fit an AdaBoostR2 estimator fs( ) on the source and target labelled data (x5, ys),
(x¢, y¢) with the respective importance initial weights ws, w;. During the training

of AdaBoostR2, the weights of wy are frozen.
e Compute the cross-validation score on (x, yy).

e Compute the error vectors

es = L(f(Xs),ys) (5.10)

es = L(f(Xs),ys) (5.11)
e Normalise the vectors

€s = €5/MaTece,Ue, (5.12)

€s = €5 MATece,Ue, (5.13)

e Update the source and target weight

ws = wsPe*/Z (5.14)

wy = w2 (5.15)
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Where Z is the normalising constant By is chosen so that the sum of the weights

is equal to Bt— + Nt—l (1-— Ey )with ¢ the current boosting iteration number. By is

located with a binary search.
e Return to the first step and loop until the number of boosting iterations is reached.

The general model is selected by the best estimator according to the cross-validation.

Regulartransfer ANN

RegulartransferANN [35] is a parameter-based domain adaptation method. This
assumes that an effective global estimator can be obtained using ladled target data.
The aim consists of fitting the neural network on the target data based on the objective
function which is regularised by the Euclidean distance of both the source and target

parameters:
2

D
B =10 1F(Xes ) = el > + Y XillBi — Bsill (5.16)

i=1
Where the estimation function is f with D network layers. B; is related to the

target parameters, 3, is the source neural network parameters:

Bs =B Hf(X&B) - ysH2 (5'17)

The trade-off parameter is A;, where training is biased towards source or target

domains depending on the associated weighting.

Pre-Processing

The task of training models for predictions that involve multiple data streams from dif-
ferent structures requires coordination so that effective ML modelling can take place.
Several issues arose when working with different data streams in ML. This section dis-
cusses the process of dealing with these issues by using feature, selection, projection,
and data cleaning. The first barrier that prevents effective ML modelling in this prob-
lem is that sensors tend to break, just like most industrial components. This meant
identifying a suitable time frame, where the maximum period of operational uptime

should be met. The optimal period took place between 02/10/2018 and 02/07/2019
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(nine months). Secondly, synchronising the CMS data to the SCADA data had to be
conducted and matching the instances of 10-minute intervals was the next step.

After synchronising the data matching instances for all WTs, the next stage was to
perform data cleaning. This procedure involved implementing previous value imputa-
tion in place of missing values and NaNs. At this point, there were zero missing values
and over 300 features. The next step was to reduce this to suit the needs of the ML
task.

For the feature selection process, the inputs were taken from the SCADA data
since this is equipped on all WTGs. The final features comprised hand-picked features
and statistically relevant features. The outputs are the DEM in the two orthogonal
directions from the CMS systems’ strain gauge rings. Now that both the input and
output data have been established, the feature projection is implemented where the
features are normalised from 0 — 1.

Lastly, the datasets were split into training and test data to a ratio of 80% to 20%,
respectively. The source domain was WT1, and the target domain was WT?2 using 80%
of the datasets for the domain adaptation model. Testing was conducted using the
subsequent 20% of both the source and domain datasets and the entirety of WT3. In
summary, SCADA data features were used as inputs, with WT1 as the source domain
and WT2 as the target domain, where the general model makes estimations on the
DEM in the two orthogonal directions. Testing takes the remaining 20% of the source
and target domain and the entire dataset of WT3 to validate the results using the same

input and output features for all WTG.

Model Development

The method implemented involves three stages. Stage one involves defining the most
suitable ANN and source domain and this became the basis for all the subsequent
experiments as the architecture is mimicked, this is developed using the Keras API [2].
Stage two entailed hyper-parameter tuning the remaining experiments using the same
architecture from the ANN and application of the three domain adaptation algorithms

using the Adapt API [46]. Stage three will investigate the optimal model further by
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altering the source and domain data.

To establish a standardised process for all the experiments, the pre-processing pro-
cedure was applied to all three WT'Gs as this provides a standard platform for model
development and increases the performance of the model. This also provides a consis-
tent feature for training and testing since all three WTG domains consist of the same
input SCADA features and output DEMs based on CMS data. To train all the domain
adaptation models, the source domain dataset and features are made up of the data
from WT1, and the target domain dataset with features from WT2. WT3 is not used

in any of the training and is only used for validating the model.

Figure 5.7: An artificial neural network architecture with 2 hidden layers of density 64
and 32 respectively, batch size of 1, and a dropout ratio of 0.2.

In stage one, an optimal model was produced by conducting an exhaustive search
iterating the number of hidden layers, the density of neurons on each layer, the ratio
of dropout, batch size, and the degree of convolution. The final form of the ANN is
displayed in Figure 5.7.

In stage two, the experiments were set up to firstly investigate the performance of

each of the techniques and secondly to establish what the most suitable method would
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be to carry forward for further testing. Techniques from all the main approaches of
domain adaptation are implemented which include parameter, feature, and instance-
based methods; these are RegularTransferNN [35], CORAL [183], and TwoStageTrAd-
aBoostR2 [137] respectively. In each instance, the model is tuned using their distinct
hyperparameters for each of the methodologies.

The goal of the experiments is to transfer knowledge between all three WT'Gs using
a single general model by taking SCADA data and making inferences on the DEM such
that a low-cost monitoring methodology can be applied to the entire wind farm. The
RegularTransferNN is the most accurate model on all three metrics for this architecture,
with input data and output data for WT1 as the source domain and WT3 as the target
domain. Further testing was conducted to investigate what is the most suitable target

and source domain by altering them.

Error Assessment

The performance of the regression algorithms is based on how the general classifier can
make predictions on DEM for all three wind turbines. In this case, common KPIs are
implemented which provide a percentage of the performance.

Mean absolute error (M AFE) is a measure of the errors between the paired obser-
vations. This is the arithmetic average of the absolute error where y; is the prediction,

and y; is the true value.

MAE=Y" v = il (5.18)

- n
=1

The coefficient of determination (R?) this represents the proportion of the variation

from the predicate value to the actual value and p is the arithmetic mean.

n AV

Cumulative error (CFPE) encompasses the total error for all instances used in the

model. Where a conservative result would be a negative % value and an underestimate
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would have a positive % value. Where m is the power factor, in this case, it is set to 4.

S (R — iy V)

CFPE = ; i=
dic1 YiT)

(5.20)

5.1.10 Results

The results section is broken down into three sections in the pursuit of an optimal
model. Stage one aims to determine the most suitable ANN architecture for traditional
SHM, training on one structure only, and then applying the remaining WTG to this
model for comparison. Stage two takes the model from stage one and applies it to
all three of the domain adaptation techniques. Stage three alternates the source and

target domain adaptation techniques in pursuit of the optimal model.

Stage 1

To demonstrate the applied form of strong-homogeneous populations, three structurally
equivalent WTGs are applied to an ANN using standard SHM techniques. The ANN
is trained on one structure and then the trained model is applied to the other WTGs.
The data used is the test dataset during normal operation for all three WTGs. The

results are summarised in Table 5.4 with all three metrics presented.

Table 5.4: Standard SHM approach to PBSHM, table indicating the test results from
the ANN trained on one WTG and tested on the resulting two WTGs.

MAE (%) CFPE (%) R2 (%)

WTG WT3 WT2 WT1 WT3 WT2 WT1 WT3 WT2 WT1
WT3 0.025 0.031 0.029 -16.12 -29.43 -18.71 0.65 0.51 0.54
WT2 0.037 0.030 0.042 -7.37 -22.80 -31.56 0.31 0.45 0.15
WT1  0.034 0.030 0.029  -17.04 29.06 -21.81 042 045  0.55

The normal operation test using the standard approach of training on one structure
and then applying the resultant WTG provides varying degrees of accuracy. All the
tests, in this case, fall below the threshold for the CFPE of £10% This is expected
as there are small perturbations in label space due to manufacturing tolerances and

location-specific effects.
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Stage 2

One of the main challenges of PBSHM is performing damage identification on the
population with different label spaces ys # y:. However, in this case, the label spaces
are strongly homogeneous but we have identified that the general classifier using the
standard approach to SHM does not provide adequate inferences from section 1. The
results of applying the three domain adaptation techniques using WT1 as the source

domain and WT3 as the target domain are displayed in Tables 5.5, 5.6, and 5.7.

Table 5.5: Cumulative error for the optimal models during the model development
stage. The test data sets are used to determine the error for both DEMs.

Accumulative Error (%)

Model WT1 WT2 WT3 avg

Artificial Neural Network -21.806 -31.558 -18.712 -24.025
CORR -23.400 -34.475 -23.239 -27.038
RegularTransferNN -2.225 -18.216  -5.639  -8.693

TwoStageTrAdaBoostR2  -8.626 -17.240 -4.338 -10.068

Table 5.6: Mean Absolute error for the optimal models during the model development
stage. The test data sets are used to determine the error for both DEMs.

MAE (%)

Model WT1 WT2 WT3 avg
Artificual Neural Network 0.026 0.043 0.030 0.033
CORR 0.037 0.029 0.034 0.034
RegularTransferNN 0.033 0.030 0.031 0.031

TwoStageTrAdaBoostR2  0.034 0.050 0.039 0.041

Table 5.7: R2 Score for the optimal models during the model development stage. The
test data sets are used to determine the error for both DEMs.

R2 Score (%)

Model WT1 WT2 WT3 avg

Artificual Neural Network 0.546 0.151 0.538 0.412
CORR 0.637 0.191 0.564 0.464
RegularTransferNN 0.594 0.338 0.553 0.495

TwoStageTrAdaBoostR2  0.431 0.158 0.310 0.300

The goal of the experiments is to transfer knowledge between all three WT'Gs using

a single general model by taking SCADA data and making inferences on the DEM such
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that a low-cost monitoring methodology can be applied to the entire wind farm. Tables
4, 5, and 6 highlight the variation in the accuracy from the ANN to the three-domain
adaptation techniques. The RegularTransferNN is the most accurate model on all three
metrics for this architecture, input data and output data, and is the only model that
reaches the target CFPE of +10%.

CORAL focuses on aligning second-order statistics of the source and target do-
mains by transforming feature representations. TwoStageTrAdaBoostR2 adapts the
AdaBoost algorithm for domain adaptation by assigning higher weights to unclassified
target domain instances during boosting. RegularTransferNN utilises neural networks
for transfer learning, involving pre-training on a source domain and fine-tuning on
the target domain. CORAL and RegularTransferNN have higher potentials through
alignment or fine-tuning, while TransferAdaBoost is specifically tailored to adapt the
AdaBoost algorithm. In this particular case, the RegularTransferNN was the most
suited to this particular dataset. The fine-tuning of the trained ANN provided a better
general regression model than the other two. However, this may not always be the case,

it is always dependent on the dataset.

Stage 3

In the pursuit of an optimal general classifier for the Wikinger wind farm, the first two
stages are set up to determine the optimal choice of model. Stage three investigates
what model data sources are best suited to achieve an average optimal score in all three
metrics. The aim of this is to determine the sensitivity of the model’s accuracy with
the input data. If there is a large difference in the results then this may constitute to

a large degree of variance by the general model for an entire wind farm.
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Table 5.8: Comparison of the test results from the RegulartransferANN using different source and
target data sets.

MAE (%) CFPE (%) R2 (%)
Training Data WK (Source/Target)
WIG  1/2 2/3  1/3 1/2 2/3  1/3 1/2 2/3  1/3
3 0.031 0.029 0.023 -5.64 -18.02 -20.24 0.55 0.49 0.63
2 0.030 0.029 0.041 -18.22 -25.48 -10.36 0.34 0.57 0.17
1 0.033 0.034 0.025 -2.23 -26.10 -18.58 0.59 0.42 0.69
Average 0.031 0.031 0.030 -8.69 -23.20 -16.39 0.49 0.49 0.50
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The selection process for determining the optimal model is to have the least CF PE
and the highest R2 and M AE. A threshold is placed on the CFPE of +10% since
the purpose of this type of model is to predict the DEM which in turn is used to
determine the fatigue life estimations of the structure. A high or low estimation of
the accumulation of DEM will link to poor fatigue life estimations. Ideally one would
be conservative in the prediction of the accumulated DEM as one would not like to
oversell. There is only one setup in this entire process that achieves this, unfortunately,
it does not have the highest average R2 or M AFE as seen in Table 5.8 with the WT'1
and WT3 source domain and target domain setup. However, this particular set-up
achieves higher results when making inferences on both the source and target domain

but is less accurate in the inferences on WT2. Thus, not achieving the desired goal of

a general classifier.
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Figure 5.8: Error plot showing the predictions from the general model against the
actual value for the DEM 1 of all three WTGs.
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Figure 5.9: Error plot showing the predictions from the general model against the
actual value for the DEM 2 of all three WTGs.

In contrast to the high consistency of the MAE of around 3% Figure 5.8-5.9 display

the evaluation of the general model estimations. The hyperparameter A\ was altered
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from 0.1 — 0.99, varying the bias general model training from the source domain data
to the target. The optimal model presented has a 50/50 split with A = 0.5. One aspect
of the final general model is the lack of accuracy at high DEM values, where one sees
the highest deviation from the real value and is the main constituting factor to the

reduced performance of the CFPE.

5.1.11 Conclusion

Knowledge transfer is an important process in PBSHM. The benefit of transferring
knowledge about structural health from one structure to another within the popula-
tion is imperative to the progress of low-cost digital-enabled asset management for
WTGs. It is important when applying this technique that a process is conducted to
determine what similarities exist within the population so that negative transfer can
be avoided. In this text two categories of structures have been discussed: homogeneous
and heterogeneous.

Implementing transfer learning in the form of domain adaptation has been demon-
strated to effectively mitigate problems where both the features and label spaces are
consistent. This paper has demonstrated that domain adaptation applies to homoge-
neous populations where there are small deviations in the geometry due to the water
depth, manufacturing tolerances and sensor placement.

CORAL focuses on aligning second-order statistics of the source and target do-
mains by transforming feature representations. TwoStageTrAdaBoostR2 adapts the
AdaBoost algorithm for domain adaptation by assigning higher weights to unclassified
target domain instances during boosting. RegularTransferNN utilises neural networks
for transfer learning, involving pre-training on a source domain and fine-tuning on
the target domain. CORAL and RegularTransferNN have higher potentials through
alignment or fine-tuning, while TransferAdaBoost is specifically tailored to adapt the
AdaBoost algorithm. In this particular case, RegularTransferNN proved to be the most
suitable for the dataset, as the fine-tuning of the trained artificial neural network pro-
vided a better general regression model compared to the other two techniques. However,

it’s important to note that the effectiveness of these techniques is highly dependent on
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the characteristics of the dataset, and the choice of the most suitable approach may
vary accordingly.

If a higher accuracy of a model is required to determine the remaining fatigue life,
further optimisation measures can be taken: These would include: 1 - separating the
general model into discrete models for operational modes; 2 - discreet model devel-
opment based on the wind direction; 3 - further studies on the feature selection and
hyperparameter tuning; 4 - implementation of high-frequency SCADA data for higher
order statistics. Measures 1 and 2 may lead to the development of specific models and
increase bias within the estimation. As such a less accurate but more general model

may produce greater estimations of unforeseen events.
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Discussion

This thesis desires to make advances in areas required for DEAM. This is a multidisci-
plinary task that has been addressed by tackling the challenges that arise when using
data. Stage 1 is how to collect and process the data, stage 2 highlights how one would
implement a low-cost DEAM tool. Stage 3 highlights the importance of analysing the
available information. Stage 4 provides innovative ways of using data for DEAM. This

section discusses the important findings and considerations from each stage.

6.1 Literature

The literature review aspect of this research highlights models that can be used as well
as gaps where voids can be filled. It provides an overview of topics related to asset
management for both vibration-based techniques and data-driven techniques as well as
popular machine learning techniques used in DEAM.

It was most importantly identified that there is a plethora of machine learning
models and applications that apply to DEAM in offshore wind structures. Machine
learning models offer different properties when training algorithms with different data
structures and distributions. Physical models can also capture behaviour in different
areas of machine learning with varying degrees of accuracy and complexity. As more
structures are fitted with SCADA and CMS systems, researchers and engineers have

more opportunities to make advances. Completed models become more within the grasp
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of becoming operationally ready. Additionally, complications in the machine learning
pipeline can become standardised. One of the main observations from the literature
review is the increasing interest towards integrating data-driven decision-making in
asset management.

One of the outcomes from the literature review is that the creativity and interest
in machine learning applied to DEAM is increasing. The number of research articles is
growing each year. Unlike Physical models that require expert insight to conduct, ma-
chine learning requires knowledge of the data structures only. This can be particularly
useful since inspiration when creating models can be gained from other industries.

When conducting a data-driven model, it is useful to begin the process by assess-
ing the data first, examining the extent in which one of the 5 processes; trending,
clustering, normal behavioural modelling, damage modelling, alarm assessment or per-
formance modelling can be performed. Secondly, some research on the application is
being conducted to provide a benchmark for the model. Lastly, conducting some re-
search in not only the wind industry for the application being created. Inspiration can
come from other industries when creating a machine-learning model.

A common pitfall when recreating a preexisting model is that there is no stan-
dardised preprocessing for data-driven machine learning. Since there are no specific
standards on how it is managed in offshore wind. Recreating a preexisting model with
the same architecture may provide dissimilar results. Addressing this will reduce the

ambiguity of model performance.

6.2 Data Collection and Processing

The data collection and processing chapter in this thesis forms the first instalment of
how data is used in DEAM. The first aspect is on SCADA data. How data is captured
and what must be done to it for effective processing. It finishes off with the main
advantages of standardising and implementing an effective preprocessing procedure
such that it can improve the results of machine learning models.

An important part of machine learning is the quality of data, and a preprocessing
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procedure must be carried out every time with a DEAM tool. A study was conducted
on a trend condition monitoring tool. It takes raw data from the SADA system from
one wind turbine using the wind speed and the power output data to produce a power
trending tool. The data was applied to 5 machine learning tools; ANN, SVM, GPR, K-
NN and LGBX. After performing the preprocessing procedure and making a comparison
of the results with raw versus the processed there was a unilateral improvement to the
test results.

One of the main objectives of this study was to highlight that there is a gap in
academia and also the standards when it comes to carrying out preprocessing. From
the standards, other industries have outlined a preprocessing procedure, such as the gas
turbine and aerospace industry. Both give a detailed description of how to deal with
time-series data for condition monitoring. Offshore wind, sadly has not. The advantage
described in this study is that a standard procedure will improve transparency since
the format of the data will be predetermined with a standardised process. It will also
reallocate the academic and industrial resources towards model development. Another
consequence of standardised data is that models can be collaboratively developed if one
knows how the data structure works a multi-agent system is more easily tackled.

The trend condition models were investigated by conducting a Mont-Carlo simula-
tion. Repeating the training and testing for each of the machine learning models 100
times and storing the error quantification. It was found that there is a varying degree

that the preprocessing aided in improving the results.

6.3 Case Study of an Operational Wind Farm

One of the main limitations of digital-enabled asset management in offshore wind re-
search is the limitation of data availability. Fortunately, this study has a large amount
of data available and in this section, it is explored with the main aim of determining how
data can be shared for a PBSHM tool. This is conducted by firstly, the fixed bound-
ary conditions from the geometry, topology, operational conditions, and materials are

critiqued along with the SHM technique of estimating the fatigue damage equivalent
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load on the jacket structure. The study observes the effects of environmental and op-
erational conditions on the individual structures of the population and compares this
against several wind turbines from the same farm. Lastly, there are some honourable
mentions of challenges that are currently with the monitoring campaign such as scour,
marine growth, and corrosion that need to be discussed in the context of PBSHM.

One of the main findings from this case study is that contrary to current graph the-
ory, in offshore wind population-based structural health monitoring, geometry, topology
and material are not sufficient enough in analysing the degree to which a population
is similar. To determine the homogeneity of the population form the operations must
be included towards the argument. One of the main reasons behind this view is oper-
ators of wind farms have different operational philosophies. This means that there are
wind turbines with the same design, but have different operators curtailing the WT at
different degrees hence having different damage envelopes.

Building on the previous statement, the next stage of the case study was to define
and determine the population form of the Wikinger wind farm. This was a system-
atic approach involved scouring the design documentation of the wind farm and also
analysing the data. A flowchart of this process is detailed in Figure 4.4. The docu-
mentation indicated that the material, geometry and operation of all the components
were the same however, the topology varied. This came in the form of the location,
where the sea depth varied and as one would expect the location of each wind turbine.
The main effect expected from the different locations was the environmental conditions
on each of the constituent wind turbines. Investigating the data highlights that there
is a difference in the distribution of the DEM for north, east, south, and west. The
water depth will affect the loading of the support structure however, it is difficult to
determine since it is so marginal.

The main observation from the case study is that the population is strongly homoge-
neous. Where the environmental condition has small effects on the DEM, likewise with
the water depth. However, the statistical measurements as well as the small Fréchet
number indicate that there is a strong correlation in the distribution of the DEM.

Population-based structural health monitoring is dependent on the idea that knowl-
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edge between structures can be transferred. Models and data can be shared directly for
structures within the homogeneous population. However, in structures of a heteroge-
neous population, it is imperative to determine the structural similarities to determine
whether it is possible to transfer such knowledge. When making a comparison of the
environmental and operational effects on the population in the Wikinger wind farm this
highlighted that there is a strong homogeneous correlation. The Fréchet number is low
for the entire data set and the plots reinforce the judgement for the damage equivalent

moments on the foundation of the structure.

6.4 Applied Digital Enabled Asset Management

This section is built up of two main works; the first is to try to tackle the situation
of limited data for machine learning models, one of the bottlenecks for this type of
approach. The second is a development from the case study where a variety of models

are constructed to create a PBSHM model.

6.4.1 Hard-parameter Transfer

Maintaining a fully operational wind farm is a great way of de-risking the assets, but
unfortunately, some failures are inherent within systems. As the popularity of wind
turbines increases globally, so do the occurrence and the failures of the structure become
more difficult to predict with the increasing complexity of the design. Furthermore,
new technologies and optimised designs can suddenly fail due to quality or stress-related
failures, respectively. This type of failure is termed infant mortality failure, causing a
potentially significant loss in revenue, especially if employed in the offshore wind sector.

The purpose of this study is to tackle the issue of limited data and try to increase
the performance of ML methods in the infancy of asset life. By doing so creating more
robust and accurate ML models that can aid in DEAM. This was tackled by adopting
multi-task learning.

Multi-task learning is when knowledge can be transferred. Inductive transfer learn-

ing is a sub-category of transfer learning. Where an accurate model can be trained
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on the source domain Dy to determine the hypothesis space, this article implements
the hard-parameter transfer technique of inductive transfer. Such that a portion of the
model is trained using the source domain Dy and the remaining portion is trained using
the target domain data D;.

In this study, there are two separate databases from two different wind turbines.
The source domain consists of 31804 time steps (220 operational days), and the target
domain data has a reduced length of 8141 time steps. The data has features from the
SCADA system and the CMS recordings from the gearbox. This consists of aggregated
10-minute samples for each of the instances and associated errors to that data.

The hard-parameter transfer mode makes predictions of the error from the CMS
recordings and a comparison is made from a conventional ML model using the target
domain data only and the Hard-parameter transfer model which takes advantage of the
heterogeneous nature of both the data sets.

The significant findings from this except for the thesis is that hard-parameter trans-
fer will increase the accuracy of a ML in comparison to traditional ANN methods. In
terms of outperforming the traditional method for specifically infant mortality failure,
this is a diminishing advantage from the beginning of the installation. As the option
continues so will the samples recorded. And as you increase the amount of samples so
will the performance of the traditional ANN.

The adoption of hard-parameter transfer also can provide more insight into the
system. The main body of the model was built by taking advantage of the Persons
correlation of the features. Such that the relation from the SCADA to the vibrations
was greater than the relation from the SCADA to the error. By doing so, and utilising
the heterogeneous nature of the data. The hard-parameter transfer model trained a
portion of the ANN to be accurate in predicting the vibrations. The remaining layers
of the ANN were subsequently trained to determine the error. Meaning it can produce
values for the vibrations as well as the error. Providing more information and increasing

the confidence of the results.
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6.4.2 Population Based Structural Health Monitoring

The focus of this work is based on a strong homogeneous population, with a population
form of the DEM from the foundation of the jacket structure. There are four different
machine learning models under investigation. Three models employ supervised domain
adaptation techniques, a subcategory from the transfer learning branch, and the last
model utilises ensemble learning. Transfer learning is one approach that has the main
purpose of improving the performance of the model by transferring knowledge between
different domains. Domain adaptation assumes that there is labelled data in the source
domain that can be utilised to aid in the regression of the target domain, by mapping the
two domains into a common latent space on which the data distributions are coincident.
There are assumptions of domain adaptation, where the input and output feature
dimensions are consistent in the source and target domain. This means that Structure
One must have the same features as Structure Two in the wind farm. The former
method of using an ensemble technique aims to improve the final prediction by grouping
the views from the regression models and taking the consensus.

Based on the case study the three structures can be considered as a homogeneous
population, as they are structurally similar in their representation and the material and
geometry parameters can be described by a uni-modal distribution with low deviation.
The SHM problem presented here is due to small deviations in the DEM which arise
from the location and the operational context of the individual wind turbines within
the wind farm.

The model development of this project involved determining an ANN that could be
used for the remaining models since all models use the same architecture. The three
domain adaptation techniques either, alter the data sets in for feature-based domain
adaptation. The instance-based technique creates multiple instances of the ANN and
uses boosting techniques to determine the optimal model. The last model is parameter-
based, where the weights of the neural network are optimised using both the source
and target domain with an.

Three different metrics are used to asses the model, the coefficient of determination,

the accumulative error and the mean absolute error. For the first model, where the ANN
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is trained using one structure and is tested on the following two. As expected the results
are in favour of the source turbine used to train the algorithm, results are located in
Table 5.4. The performance of transferring the knowledge is poor in comparison to the
domain adaptation techniques. The domain adaptation techniques all create improved
general classifiers. For this problem, the champion was the RegTransfer ANN with the
most accurate model in all three metrics when using WT1 and WT2 as the source and

target domain respectively.
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Conclusions and

Recommendations

7.1 Review of Research Objectives

The primary purpose of this research was to develop DEAM methodologies required
for asset management of future offshore wind turbines through the use of data from
offshore structures. DEAM is a multidisciplinary, with requiring an understanding
of data structures, complex machine learning algorithms and structural mechanics of
offshore structures. The components of this research include a comprehensive literature
review of DEAM techniques, challenging standards to introduce standardisation on pre-
processing of ML models, a solution to the challenge of limited data sets, a case study
and implementation of a low-cost monitoring campaign. The outcome of this research is
to support DEAM in offshore wind by developing machine learning algorithms such that
information can be shared in a wind farm reducing the amount of instrumentation for
a low-cost monitoring campaign, and also challenging the difficulties of implementing

data-based monitoring.

135



Chapter 7. Conclusions and Recommendations

7.1.1 Literature Review of DEAM

A systematic review of how monitoring for maintenance can be conducted, detailing
specific measures that can be taken for condition-based maintenance. This article
has addressed the types of machine learning, providing a review of models suited to
condition maintenance for offshore wind turbines. Bringing both components together
is a trend across all industries, the offshore wind industry is catching up to the oil sector
or aerospace. There are consistencies across all sectors; there are no design principles
for implementing these tools and there is no consensus on the best-suited machine
learning pipelines.

There are; limited studies incorporating the vibration analysis coupled with SCADA
data to determine faults. The vast majority of monitoring and maintenance only per-
forms caustic analysis. This journal paper has discussed in detail how machine learning
can be used to detect faults with a variety of approaches. Another powerful tool of
machine learning is that specific faults can be categorised into alarms for immediate
action to be taken.

A common issue when implementing data-driven approaches is the prepossessing
of the data. Since there are no specific standards on how this is carried out, everyone
producing a ML model may have dissimilar results when using the same architecture.
This could be a result of many different approaches to anomaly detection, the variation
in the opinion of experts, or the magnitude of dimensional reduction among some
possibilities.

Lastly, current methods usually require experts to implement and understand the
results of the monitoring systems. Exploring the automaton of condition monitoring
systems could remove the complexity of the results decreasing the ambiguity on the

condition of the asset.

7.1.2 Standardisation and Pre-processing

Determining the power using a trending method for a wind turbine is challenging with
the stochastic nature of the wind and the operational states defined by the wind tur-

bine. By creating a global model, this paper has presented a method of trend condition
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monitoring that uses METMAST data as input and power as output data. 5 ma-
chine learning techniques; ANN, K-NN, SVM, LGBM, and GPR have experienced im-
provements using the standardisation process with the accuracy and variance improved
dramatically for this data set.

The work in this paper has focused on trending condition monitoring, and the
techniques implemented on the standardisation of SCADA data. This work will apply
to machine learning methods within the wind turbine SCADA data realm.

This paper has highlighted that there is an inconsistency in the application of pre-
processing SCADA data for operational wind turbines. This paper addresses this issue,
the process should follow the predetermined process outlined in section 3.2 and this
should be documented. This paper has highlighted a method from beginning to end
that should be implemented as it will improve the accuracy of your results. However
I do believe that this should not be the final form, the steps taken are necessary but
the techniques in each process are interchangeable. The purpose of this procedure and
study is to highlight the need for this process in standards so that the wind turbine
industry has consistent data pre-processing, and the focus can move on other aspects,
such as model development, removing doubt by highlighting the effective procedure.
Collaborative machine learning model development since there will be a standardised
base for all model development. And lastly, transparency in model evaluation since the

procedure of how the data is organised will be less ambiguous.

7.1.3 Address the issue of limited data sets

This paper has successfully highlighted how MTL accelerates the accuracy of data-
driven condition monitoring of an ANN with limited data. This is a novel approach
to offshore wind energy but is consistent with other areas where this methodology is
implemented. The main observation is that infant mortality failure can be quickly
detected, and scheduled maintenance can be planned.

Inspired by studies in infant mortality prediction, where leveraging large datasets
with machine learning (ML) proved successful, this work implements two different

cost functions in a wind turbine health monitoring model. Compared to traditional
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methods, this approach effectively extracts relevant features and performs classification
with reduced noise and overfitting. However, one limitation observed is that the model’s
effectiveness might decrease over time. Similar to how infant mortality risk declines as
the asset ages, the probability of component failure in a wind turbine also decreases
with longer operation till the end of life. With increasing operational time, the model
might require adjustments or retraining due to the changing data distribution and lower
overall failure rates.

One of the most significant properties of the multi-task learning method is the
increased amount of usable information. You have the vibration and error information
both of which can be used in tandem to authenticate the diction process. One detects
patterns for anomaly detection and another makes time series predictions. This is
opposed to the classical method which has only one output, the error evaluation, which
is useful but ideally more information is advisable in maintenance.

A progression from this concept would be to: investigate the timeframe in which
MTTL is most advisable for maximum accuracy of a condition monitoring system during
the infant mortality period. Secondly, comparing varying types of MTL models to

determine a baseline model for continuity in the industry.

7.1.4 Conduct a case study on the limitations of PBSHM for a low-

cost monitoring campaign

Population-based structural health monitoring is dependent on the idea that knowl-
edge between structures can be transferred. Models and data can be shared directly
for structures within the homogeneous population. However, in structures of a heteroge-
neous population, it is imperative to determine the structural similarities to determine
whether it is possible to transfer such knowledge.

To compare the degree of similarity within a population, the elements can first be
converted into an irreducible element model, where the abstractions from the structures
determine the degree of transferability. With matching properties, this strengthens the
consistency of the labels required for transfer learning. In the situation where you have

matching topology, operational conditions, and geometry this gives matching location
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labels. Matching the material properties gives consistent damage classifications or
assessment labels. Hence, documenting the similarity of all four aspects is important
in determining whether the transfer of knowledge is possible.

In the context of the wind turbine foundation DEM by introducing the Fréchet
number one can mathematically quantify the similarity of the population form, but this
must be accompanied by an observation to determine the degree of homogeneity. In
this study the different operational cases of the wind turbine experience different rates
of damage at different wind speeds. Moreover, the environmental effects from different
wind directions, combined with the turbulence intensity influence, have a large impact
on the degree of similarity of the DEM and need to be taken into consideration.

Out with the monitoring campaign, three challenges that affect the individual struc-
tural integrity of offshore wind turbines have been modelled using finite element analysis
and it is concluded that these have a minimal effect on the structural integrity. Hence,
one could only assume that these will have a minimal effect up to the design guidelines.
Exceedance over the lifespan of the wind turbine may lead to larger deviations and
model updating may be necessary in determining if these events, at the later parts of
the operation, need to be accounted for.

When making a comparison of the environmental and operational effects on the
population in the wind farm this highlighted that there is a strong homogeneous cor-
relation. The Fréchet number is low for the entire dataset and the plots reinforce the

judgment for the damage equivalent moments on the foundation of the structure.

7.1.5 Develop a time-series PBSHM model and compare the effective-
ness of several models to determine the most suitable method

for this task

Knowledge transfer is an important process in PBSHM. The benefit of transferring
knowledge about structural health from one structure to another within the popula-
tion is imperative to the progress of low-cost digital-enabled asset management for
WTGs. It is important when applying this technique that a process is conducted to

determine what similarities exist within the population so that negative transfer can
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be avoided. In this text two categories of structures have been discussed: homogeneous
and heterogeneous.

Implementing transfer learning in the form of domain adaptation has been demon-
strated to effectively mitigate problems where both the features and label spaces are
consistent. This paper has demonstrated that domain adaptation applies to homoge-
neous populations where there are small deviations in the geometry due to the water
depth, manufacturing tolerances and sensor placement.

If a higher accuracy of the model is required to determine the remaining fatigue
life, further optimization measures can be taken: These would include. Separating the
general model into discrete models for operational modes; Discreet model development
based on the wind direction; Further studies on the feature selection and hyperparam-
eter tuning; Implementation of high-frequency SCADA data for higher order statistics.
The first two measures may lead to the development of specific models and increase bias
within the estimation. As such a less accurate but more general model may produce

greater estimations of unforeseen events.

7.2 Contribution to knowledge

This section will delve into the four core objectives of this thesis, listing their novelty,
scientific soundness, and the diverse stakeholders they encompass with the associated

value.

7.2.1 Objective 1

Conduct a comprehensive literature review of offshore wind DEAM techniques and pro-
vide references. This includes the SHM techniques and the machine learning models
used.

Novelty

Conducting a thorough analysis of currently available research data regarding the reli-
ability, availability, and maintenance of cutting-edge turbines to critically examine the

gaps in maintenance procedures implemented in offshore wind engineering. Exploring
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the vulnerability of specific components and technologies to key factors, while assess-
ing the structural integrity of offshore wind turbines. Providing valuable insights for
the evaluation and validation of innovative alternatives in the future development of
wind turbines, thereby serving as a highly informative resource for the qualification of
next-generation models.

Scientific Soundness

Conducting a comprehensive systematic literature review that involves a meticulous
examination of existing literature and a thorough comparison with relevant studies to
provide a detailed and comprehensive analysis. Implementing a transparent review pro-
cess to ensure the integrity and reliability of the research, while presenting the collected
data in a clear and accessible manner

Value and Stakeholders

This objective provides a substantial amount of disclosed information at a high level
of detail, making it valuable for the community of researchers and scientists who are
initially addressing the topic of operations and maintenance in offshore wind struc-
tures. Offering significant insights and practical guidance for operators in terms of new
alternatives and next-generation wind turbines and developing effective maintenance

strategies.

7.2.2 Objective 2

Begin the discussion on why pre-processing should be standardised in offshore wind
and why it should be more transparent in academia.

Novelty

Initiating a discussion on standardising pre-processing in offshore wind emphasises the
importance of consistent and comparable research results. Establishing standardised
protocols and methodologies enhances the reliability and credibility of findings in this
field. Advocating for increased transparency in offshore wind research promotes open
and accessible practices. Transparent reporting of methods, data sources, and anal-
ysis techniques fosters collaboration, reproducibility, and knowledge sharing among

researchers, advancing the field.
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Scientific Soundness

Utilising advanced supervised learning algorithms to address detection problems, em-
ploying state-of-the-art techniques. Implementing a transparent process for the prepa-
ration and analysis of data, ensuring openness and clarity throughout the data handling
and evaluation stages.

Value and Stakeholders

Researchers and scientists actively involved in the field of offshore wind energy, pre-
processing techniques, and data analysis are key stakeholders. Regulatory agencies and
organisations responsible for overseeing offshore wind projects and ensuring compliance

with industry standards.

7.2.3 Objective 3

Provide a solution to address the issue of limited datasets. This is conducted by devel-
oping a time-series model that makes predictions of the state of the wind turbine using
transfer learning. The model is compared to a traditional machine learning method to
highlight the improvements made.

Novelty

There are currently no papers on hard perimeter transfer learning applied to offshore
wind on Science Direct. This highlights the novelty of this paper, trying to improve
infant mortality failures of a wind turbine using this machine learning method. Con-
sidering that the accuracy of machine learning methods suffers with limited data this
is exactly where this type of model is advantageous.

This algorithm has been applied to other areas such as financial technology, cloud
modelling and image processing. However, I do believe that this is a novel idea ap-
plying it to this specific area using different features. This model is advantageous for
wind turbines where SCADA data is limited, when this model is trained it improves
the biases with the transfer of learning and reduces the overfitting of data.

Scientific Soundness
The process will be detailed in depth with visualisations of the neural network structure

such that it can be easily implemented. The theory in which the models are built will
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be accurately detailed for the unilateral understanding of the mathematics. Verification
is carried out in the pre-processing stage with the data split. The confidence interval
of the model can be quantified using the error metrics discussed.

Value and Stakeholders

This paper provides value to; Researchers and scientists in the field of SHM & PBSHM.
Professionals in structural engineering are interested in advancements in monitoring ap-
proaches. Stakeholders responsible for managing structures seeking effective monitoring

strategies.

7.2.4 Objective 4

Develop a time-series PBSHM model and compare the effectiveness of several models
to determine the most suitable method for this task.

Novelty

Comparison of multiple models to determine the most suitable method for the task
involving a systematic evaluation and comparison of different modelling techniques,
improving the accuracy and reliability of low-cost structural health monitoring. cam-
paign. Developing a time-series PBSHM model incorporates time-dependent data,
allowing for a low-cost monitoring solution.

Scientific Soundness

Implementation of state-of-the-art supervised learning algorithms for detection prob-
lems. Use of state-of-the-art transfer learning algorithms PBSHM, and is a transparent
process in the preparation.

Value and Stakeholders

This provides value to researchers and scientists in the field of SHM & PBSHM. Pro-
fessionals in structural engineering are interested in advancements in monitoring ap-
proaches. Stakeholders are responsible for managing structures and seeking effective
monitoring strategies. Organisations are responsible for establishing guidelines and

standards for structural health monitoring.
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7.3 Future Work

To follow on from these works with a low-cost maintenance perspective, with a focus on
DEAM capabilities. Machine learning can be applied to PBSHM in a way that expands
the utility of the sharing of information.

The machine learning-based expansion of PBSHM can be developed further by in-
corporating heterogeneous data. This can involve a situation where an offshore wind
farm expands its capacity and implements a different structure. By using a combi-
nation of the pre-existing structure and some of the new structure one could develop
a general model that could make predictions on the target for the pre-existing or the
older structure.

Extending the methods into other areas of the structure, the PBSHM model was
only specifically used to determine the damage equivalent loads on the foundation of a
jacket structure. However, a wind turbine is made up of multiple critical components
that need constant monitoring. The methods used here can be used to extend the
knowledge sharing on the entire wind farm by producing general models that can infer
information from other critical components, such as damage equivalent moment on the
tower, or the transition piece.

One of the exciting areas of machine learning is that new types of models are con-
tinually being developed. New optimisation techniques can be used to train artificial
neural networks. Implementing the newly developed algorithms for time-series forecast-
ing, hard-parameter transfer, domain adaptation and in general supervised learning.

This could test the robustness of the models described in this thesis.
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