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Abstract

Utilising operational data from offshore wind farms is one lever which

can be used to reduce the cost of energy in the industry. However, the

value of operational data in reducing operations and maintenance costs

is not yet fully leveraged. This is especially true for maintenance (O&M)

records. Due to corporate sensitivity of the data; poor data collection

and processing practices and; a lack of scrutiny into "data fusion" of

maintenance data with other data streams, research into the effectiveness

of maintenance interventions has significant room for improvement. This

thesis therefore addresses the research question: "How can operational

maintenance data be better leveraged to support decision making and

therefore reduce O&M costs in the industry?".

This thesis presents a series of analyses which address the research ques-

tion. First, there is a review of the offshore wind-data ecosystem to iden-

tify opportunities for improvement from data processes. Then, the avail-

able dataset is used to calculate and scrutinise relevant key performance

indicators describing maintenance intervention. From the calculated key

performance indicators, the thesis goes on to address two questions posed

by the operator of the wind farm: "How effective are night shifts in in-

creasing power production and availability?" and "What is the effect that

annual services have on proceeding corrective works and in turn the reli-

ability of wind turbines?".

Frequentist statistics are initially used to analyse a database of work pro-

cedures. The data is broken down into different maintenance types and
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presented in terms of number of interventions per year and mean down-

time. Two case studies are then presented which utilise Bayesian method-

ologies. Bayesian methodologies were selected as they present several ad-

vantages which map well to the problem of analysing maintenance data.

A Bayesian hierarchical model was used to address the question “How ef-

fective are night shifts in increasing power production and availability?".

The methodology allowed for conditional probability distributions to be

derived for weekly lost production and technical availability from a small

sample size, which could in turn be used for decision making. A Bayesian

reliability analysis was used to address the question "What is the effect

that annual services have on proceeding corrective works and in turn the

reliability of wind turbines?". The methodology extends traditional re-

liability models by incorporating time-dependent variables, which could

be used to quantify the effect of annual services on wind turbine time-

to-failure. Employing a Bayesian regime in the reliability model provided

in-built uncertainty quantification.

A high-quality database from a currently operational offshore wind farm

in the UK is used for the above analyses. Results from the work procedure

analysis show that tidally-restricted turbines reduce median availability

by 0.89% and that failure rates range from below 1 to over 10 failures per

turbine per year using different failure definitions. Results from the night

shift analysis show a potential 0.64% increase in availability from a night

shift strategy involving one crew transfer vessel employed at night. Re-

sults from the annual services analysis show a higher failure intensity for

the first 6 days after an annual service takes place, after which the failure

intensity is decreased up until 137 days after servicing. The case studies

show where better processing of operational maintenance data can lead

to insight and therefore aid decision making. The Bayesian hierarchical
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modelling approach facilitates the updating of prior beliefs as new, al-

though limited, data becomes available. The Bayesian reliability analysis

increased the complexity of failure modelling, which is useful in quantify-

ing the impact of a maintenance procedure with a time-dependent effect.
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1 Introduction

1.1 Background

1.1.1 Offshore Wind Power

The latest report by the Intergovernmental Panel on Climate Change (IPCC) con-

firms that "Human activities, principally through emissions of greenhouse gases, have

unequivocally caused global warming" leading to "widespread adverse impacts and re-

lated losses and damages to nature and people" [1]. This evidence has led to the

search for renewable alternatives to the generation of electricity from fossil fuels. The

International Energy Agency (IEA)’s world energy outlook in 2022 estimated that

renewable energy capacity is set to overtake fossil fuels by 2030 [2]. In fact, if we

are to meet the objective of the Paris agreement of halving global greenhouse gas

emissions by 2030, the IEA estimates that renewable energy capacity will have to

triple. The majority of this growing contribution to renewable energy will come from

wind and solar photovoltaics [2, 3].

In 2022, the installed wind power reached 909 GW worldwide [4]. The global wind

energy council estimates that this number will increase by 680GW of new capacity

in the next 5 years. Of this current 909GW capacity, offshore wind accounts for

64.3GW (≈7%). By 2027, the share of offshore wind power is expected to rise to

≈12%, constituting 130GW new capacity [3]. Figure 1.1 presents IEA’s estimates for

how the share of renewable electricity generation will evolve in the coming years.

There are several features of offshore wind farms (OWFs) that drive this shift in

the market. First, offshore sites often see higher average wind speeds and a more

consistent wind resource, leading to generally higher capacity factors [6] . They

8
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Figure 1.1: IEA renewable annual net capacity additions by technology, main and
accelerated cases, 2015-2027. Taken from [5]

better support economies of scale via the enhanced possibility of developing larger

turbines. The availability of large swathes of ocean which are suitable for offshore

wind developments loosens the constraints imposed by scarcity of appropriate on-land

installation sites [7]. They also increase the potential for public acceptability due to

less visual and noise impacts [8].

In exploiting these potential benefits, however, OWFs are characterised by both

increased capital costs and increased operations & maintenance (O&M) costs. The

National Renewable Energy Laboratory (NREL)’s 2021 cost of energy review [9], for

instance, estimates capital costs are 90% higher for offshore turbines compared with

onshore (due to added costs for turbine substructures, electrical infrastructure and

assemble/installation). They estimate that O&M costs are 142% higher for offshore

turbines. The latter cost driver provides the context for this thesis. Since O&M costs

are significant for offshore projects, cost reduction in this most lengthy stage of the

project presents an opportunity for cost reduction [10].

1.1.2 Data Processes in Operation and Maintenance

From NREL’s 2021 cost of energy figures, O&M currently makes up one third of a

wind farm’s cost of energy [9]. The potential for significant savings for offshore wind

through a reduction of O&M costs has made O&M a prominent area of research in
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the offshore wind research community [11]. Leveraging this research to reduce op-

erating costs is one way to ensure financial viability for OWFs under pressure from

competitive Contract for Difference (CfD) auctions to place progressively low bids

[12]. Operators can exploit this financial lever by continuously optimising their O&M

strategy to address the unique challenges inherent in maintaining offshore wind tur-

bines. This consists of reducing turbine unavailability in a cost-effective manner under

the constraints of weather restrictions on safe access and expensive vessel charters.

OWFs generate vast amounts of operational data which can aid this optimisation

process. Data sources come from meteorological sensors, turbine condition monitor-

ing sensors, the Supervisory Control and Data Acquisition (SCADA) system, and

maintenance records. These data can provide valuable insights into the performance,

maintenance needs, and overall efficiency of the wind farm. However, on-going re-

search focusing on analysis of all of these datasets implies it is as yet not leveraged

to its full potential [13, 14, 15, 16].

The analysis and interpretation of these data streams have led to the development

of O&M decision making tools of varying complexity, relating to both long-term

strategy [17, 18] and day-to-day decision-making [19, 20, 21, 22, 23]. On top of this,

the advent of increasingly sophisticated tools for on-site data collection, management,

and analysis is becoming increasingly influential [13, 14, 15, 16]. The majority of

these, however, are in the area of conditional monitoring - so much so that it now

predominates in the wider O&M research space [24, 14]. Studies focussing directly

on real-world operational maintenance data are comparatively scarce. There is a

good reason for this: such data is generally hard to come by and can be unreliable

[25]. Reder et al. [26] provide an insight of how this affects reliability analyses. In

particular they highlight: the general lack of availability and poor quality of such

data; the non-uniformity of its treatment, and the difficulty of augmenting reliability

analyses with other data-streams. IEA’s Wind task 33 also explored this theme,

summarising that "there is broad industry recognition of the relevance of reliability

data collection and analyses for optimising both profit margins and LCoE (Levelised
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Cost of Energy) . However, the lack of standards associated with reliability data is

adversely impacting industry progress in addressing reliability issues." [27].

A prominent problem for offshore wind farm data analysts is that offshore wind

farm data may come in different formats and from various sources, making it difficult

to integrate and analyse effectively [28, 29, 27]. There may also be limitations in

data collection and storage systems at OWFs, which can hinder the collection of

comprehensive and high-quality data [30, 28]. Factors such as limited sensor coverage

[15], data transmission issues [15], and data storage capacity constraints [30] can

contribute to gaps in the data collected, limiting its usability.

Such problems mean that OWF operators do not always have access to sufficient

data to accurately describe their assets. This can lead to a variety of issues that can

negatively affect operational efficiency. In the literature review of this thesis presented

in chapter chapter 2, four key areas for development are highlighted. Namely, the

potential for improving input data quality [27, 31, 15], data fusion [29, 15, 32], uncer-

tainty quantification [33, 34, 35], and interpretability for decision makers [36, 11]. It

follows that one way to improve operational & strategic decision making is to improve

these data processes. In particular, Bayesian methods offer several unique features

that map well to the areas for improvement listed above [37]: they are suitable for

small and incomplete datasets [38], they have built-in uncertainty quantification [39],

and they have the ability to combine different sources of knowledge [40]. Of particular

interest to this thesis are the data that describe maintenance interventions and the

data analysis tools which can be used to gain insight from them. Due to (i) corporate

sensitivity of the data [41] (ii) generally poor data collection and processing practices

[25] and (iii) a lack of scrutiny into "data fusion" of maintenance data with other

data streams, data processing of maintenance interventions has significant room for

improvement [14].
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1.2 Motivation

There are two key motivations for this thesis. The first is a broader research con-

text which encapsulates the growing role of offshore wind in the global energy mix;

the significance of O&M costs in reducing the price of energy for offshore wind and

the role that data processes play in that reduction. Based on the literature review

conducted in section chapter 2, data processes for reliability and maintenance data

are particularly under-researched [42, 33]. This has prompted a recent trend in at-

tempting to address the uncertainty characterising reliability and maintenance data

[43, 44, 45, 46]. On this topic, Shafiee [42] states that "very few research has been

conducted on the maintenance logistics planning under data uncertainty." Li et al.

[25] elaborate on the issue, concluding that: "The maintenance decisions determined

under certainty are not adequate in modern MW/GW scale offshore wind farms, so

a new series of solutions need to be developed to cope with uncertainty". Overall,

the literature paints a picture that improvements are required in addressing this un-

certainty when it comes to reliability and maintenance data. This research context

might be bound in the following problem statement:

“The value of operational data (especially maintenance records) in reducing O&M

costs is not yet fully leveraged in the offshore wind industry.”

The other key motivation is the involvement of the industrial partner, who has

provided a large and easily accessible data set of relatively high quality for analy-

sis. Advanced data management systems employed by said partner have gone a long

way to eliminating the inhomogenity of the operational data available, removing a

considerable obstacle to analysis of O&M activities of an offshore wind farm. Some

studies have remarked on this obstacle. In particular, [47], in which data management

techniques and workflow processes are explored for operational wind farm data. This

PhD will turn its focus from the data management systems themselves towards data

analysis possible from their results. In line with the trend in the literature [46, 43], it
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will focus on improving data processes via uncertainty quantification. More particu-

larly it aims to provide a quantitative insight into the relationship between turbine

performance and failure rates and the combination of factors that influence them. As

depicted in figure 1.2, a number of factors will play a role and are typically described

by the wind data ecosystem. Since data describing maintenance intervention has seen

little scrutiny in the literature, and since there is a high quality operational mainte-

nance dataset available for analysis, this thesis turns its focus to how various aspect

maintenance intervention effects wind turbine performance.

Figure 1.2: Summary of the the myriad aspects described within the ’Wind-Data
Ecosystem’ which effect wind turbine performance.

1.3 Aims & Objectives

Based on the problem statement that “The value of operational data (especially main-

tenance records) in reducing O&M costs is not yet fully leveraged in the offshore wind

industry”, the objective of this thesis is to answer the following research question:

“How can operational reliability and maintenance data be better leveraged to sup-

port decision making and therefore reduce O&M costs in the industry? ”
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This is a broad, open ended question, the answer to which encompasses many

aspects. The aspects which are investigated within that open-ended question have

been decided by a combination of literature review; input from the industrial partner

and additional expert judgement towards the start of the project. The research

question will be addressed by fulfilling the following objectives:

1. Perform a review of the offshore wind data ecosystem to identify areas for im-

provement for data processes. Chapter chapter 2 presents a review of the wind

data-ecosystem.

2. Use the available dataset to calculate relevant KPIs describing wind turbine

maintenance intervention. Use those KPIs to explore the maintenance require-

ments of offshore wind turbines. The rationale behind this objective is presented

in section section 2.6.1. The data mining methodology developed to calculate

the KPIs is presented in section section 3.4. Section Frequentist Intervention

Statistics presents a case study where the methodology is applied.

3. Investigate the utility of Bayesian data models in their application to operational

maintenance data mining, and in leveraging value from operational maintenance

data in general. The rationale for Bayesian reliability analysis as a solution to

the areas for improvement identified in chapter chapter 2 is presented in section

section 2.5. Chapter chapter 5 presents the methodologies developed in this

thesis to leverage value from the data. Sections section 6.2 and section 6.3

present two case studies where the developed methodology is employed.

4. Evaluate the effectiveness of night shifts in increasing power production and

availability based on up-to-date, real-world operational data. The rationale for

this objective is qpresented in section section 2.6.2. Section section 6.2 presents

a case study which addresses the objective.
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5. Quantify the effect that annual services have on proceeding corrective works and

in turn the reliability of wind turbines based on up-to-date, real-world opera-

tional data. The rationale for this objective is presented in section section 2.6.3.

Section section 6.3 presents a case study which addresses the objective.

The rationale for these objectives is presented in section section 2.6.

1.4 Contribution to Knowledge

The main contributions of this thesis to the research space are as follows:

1. It applies Bayesian models to operational maintenance data. In doing so, prior

estimates of the impact of operational decisions can be quantified given limited

data points. Uncertainty quantification is in-built, and multiple data-streams

are used in the analysis. The models are white-box, and therefore interpretable.

Two Bayesian methodologies are developed and utilised. The novelty of these

can be summarised as follows:

(a) A Bayesian hierarchical modelling approach is applied to a question of op-

erational strategy - namely the question of the effectiveness of night shifts.

Section section 6.2.4 discusses how the developed methodology allowed for

uncertainty quantification with limited data points, and how the flexibility

of the model allowed me to consider different operational scenarios.

(b) A Bayesian reliability analysis is developed, the results of which are pre-

sented in section section 6.3. The methodology extends traditional relia-

bility models into the Bayesian regime and incorporates time-dependent

variables. Section section 6.3.4 discusses how the developed methodology

is used to investigate the impact of scheduled maintenance on wind turbine

time-to-failure in a new way.

2. It investigates the impact of maintenance intervention based on up-to-date,

real-world evidence derived from a high-quality operational dataset. In doing

so, several contributions to knowledge follow:
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(a) Intervention metrics are presented for an offshore wind farm. Given the

scarcity of publicly available maintenance data for OWFs, this in itself is

valuable to the research community.

(b) The effect of tidal access restrictions on wind turbine maintainability are

quantified. To my best knowledge, this is the first study to do so.

(c) It quantifies uncertainties associated with the pre-processing stage of a

reliability analysis. An analysis of this type is valuable to the research

community as it exposes the uncertainty surrounding published failure

rates of wind turbines.

(d) It presents real world evidence for the effect of night shifts on wind farm

performance. While previous studies have explored this subject in the

past, none of the previous efforts have been based directly on real-world

evidence.

(e) It presents real-world evidence for the effect of annual services on wind

turbine reliability. While previous studies have explored this subject in

the past, none have done so by reliability modelling of up-to-date, real-

world data.

1.5 Thesis Outline

The rest of this thesis is structured as follows.

Chapter 2 presents a literature review. The first part of the literature review

is dedicated to addressing objective 1. It presents a review of the offshore wind

data ecosystem by first defines what a data ecosystem is (section section 2.2);

then going on to summarise the data sources that contribute towards decision

making at OWFs (section 2.3) and the decision making process tools used in

decision making (section 2.4). key areas for improvement via better data ana-

lytics are summarised (section section 2.4.5), and these are used as a reference
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point throughout the thesis. The rest of the literature review is dedicated to

presenting a rationale for the thesis objectives. Reasons for the use of Bayesian

data modelling as a solution to the areas for improvement summarised in section

section 2.4.5 are presented in section section 2.5. Last of all is a more focused

review surrounding the focus of analysis within the thesis section 2.6.

Chapter 3 presents a methodology for extracting valuable information from

the available dataset. It contains a definitions of Key Performance Indicators

(KPIs) to be used in the following analyses (section section 3.2). Following

these definitions is a data audit (section section 3.3) and a decsription of the

data mining methodology used (section section 3.4).

Chapter 4 presents intervention metrics based on the methodologies developed

in chapter chapter 3. The results presented here address objective 2. Section

chapter 4 presents a case study of maintenance intervention data analysis us-

ing frequentist statistics. An anaysis of work procedures carried out on the

site gives insight into the maintenance work carried, and this is used to derive

assembly-level failure rates. The uncertainty in both turbine-level failure rates

and assembly-level failure rates is explored by employing different data selection

criteria.

Chapter 5 presents two Bayesian methodologies to be used in the subsequent

analyses. Section section 5.2.1 presents the general principles of Bayesian anal-

ysis and introduces Bayesian networks and Bayesian hierarchical analysis. Sec-

tion section 5.3 goes on to develop a Bayesian reliability analysis methodology

for wind turbines.

Chapter 6 presents two case studies which emply the Bayesian methodologies

developed in chapter chapter 5. Section section 5.2.1 uses the Bayesian hierar-

chical modelling technique developed in section section 5.2.1 to assess the effec-

tiveness of night shifts in increasing power production and technical availability.

Section section 5.3 goes use the methodology developed in section section 5.3 for
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Bayesian reliability analysis of wind turbines. By using time-dependent covari-

ates, the technique is employed to explore the effect of scheduled maintenacne

on wind turbine time-to-failure.



2 Literature Review

2.1 Chapter Overview

This chapter presents a literature review. The first part of the chapter (sections

section 2.2, section 2.3 and section 2.4) is dedicated to fulfilling the first objective

listed in chapter chapter 1, namely:

“Perform a review of the offshore wind data ecosystem to identify areas for im-

provement for data processes.”

This chapter therefore provides a summary of the Offshore Wind Data Ecosystem

(OWDE) for O&M. It does so via a number of steps:

1. Section section 2.2 outlines what a data ecosystem is.

2. Section section 2.3 describes the parts that make up the Data Ecosystem at

OWFs that are pertinent to O&M.

3. Section section 2.4 summarises decision making at OWFs, covering the role

of input data to decision making tools in the operational, strategic and tactical

echelons.

The second half of the chapter narrows the scope of the thesis from the initial

literature review. It does so by two parts:

1. Section section 2.5 provides arguments for Bayesian data modelling as a solution

to the four key themes identified from the review of the OWDE.

19
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2. Section section 2.6 provides a more focused rationale for the thesis objectives

presented in chapter chapter 1.

2.2 The Offshore Wind-Data Ecosystem

In its original use, an "ecosystem" is defined as "a biological system composed of all

the organisms found in a particular physical environment, interacting with it and each

other" [48]. In its extended use, it is a "complex system resembling this" [48]. The

concept is therefore useful in describing any complex system characterised by the

interaction of multiple participants, and has been adopted primarily in an industrial

or business context. A Data Ecosystem’s purpose is to describe the process by which

massive amounts of data are transformed via advanced analytics into useful informa-

tion [49]. A Data Ecosystem borrows ideas from the business, digital and software

metaphors. Its purpose is to describe the process by which massive amounts of data

are transformed via advanced analytics into useful information [49].

Jansen et al. [50] state that three features define such ecosystems: network,

platform and co-evolution. A network is a loose collection of stakeholders driven either

by providing value to, or extracting value from, the given ecosystem. A platform is

a means by which the various stakeholders generate benefits for themselves or other

stakeholders. The name suggests a common software solution among actors, however

its use is intended to note the broader family of services or tools by which value

is extracted. Co-evolution refers to a process of increasing collective knowledge via

collaboration and interaction between stakeholders.

An offshore wind farm can be thought of as a complex industrial ecosystem. It

is characterised by the interaction of multiple stakeholders to produce low-carbon

electricity from wind turbines [51]. In doing so, it is an example of an entity which

gives rise to a data ecosystem. A prominent common objective of the stakeholders is to

reduce the Cost of Energy (CoE) [52]. The data ecosystem’s purpose is to support this

goal. In the O&M phase of the project, cost reduction might be acheived via better

decision making [42]. Better decision making does so via the production, analysis and



2.2. The Offshore Wind-Data Ecosystem 21

visualisation of various data-streams which are important to key decision makers [49].

Specifically, the focus here is on the operational stage of a wind farm. In this context,

the three terms network, platform and co-evolution which define an ecosystem can

be summarised by the following points. A summary of the OWDE is shown in figure

2.1.

Figure 2.1: Summary of the key components of the offshore wind data ecosystem.

1. Network. The network is made up of (i) the primary stakeholders at an OWF

and (ii) the wider research community. Between them, Gonzalez et al [53]

and Tavner [54] define 6 stakeholders which are considered the primary actors,

namely:

(a) Operators and Asset Managers.

(b) Investors.

(c) Original Equipment Manufacturers (OEMs).

(d) Maintenance Service Providers.

(e) Insurance Providers.

(f) Utility and Grid Operators.

(g) Government, Public and End Users.
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Refer to Gonzalez et al. [53] and Tavner [54] for a description of each actor’s

priorities. Note that these are broad categories and can be broken down further

into lower-level actors.

2. Platform. The platform of the OWDE can be thought of as the collection of

data mining tools that transform operational data into insight [50]. This review

is essentially a review of the platform. The data mining tools and the data that

drives them will be summarised in the following sections.

3. Co-Evolution. Co-evolution signifies the collective improvement of decision

making throughout the operational phase of a wind farm within the wind indus-

try. Indirect evidence for co-evolution can be obtained by considering several

points.

(a) Rapid expansion of the offshore wind market. Figure 2.2 shows the global

installations of offshore wind from 2006 to 2021, as presented by the Global

Wind Energy Council (GWEC). From 90MW of installed offshore wind

capacity in 2006, new offshore wind installations have increased to over

20,000MW in 2021. The trend of growth is not expected to stop there.

Collectively, European countries aim to increase offshore wind capacity

by 89GW [55]. Asian countries (most prominently China, Taiwan and

Vietnam) aim for up to 100GW by 2030 [56]. The US plan to increase

their capacity from a single 12MW demonstration project to 28.1GW [55].

(b) Rapidly decreasing costs of energy. This gearshift in the scale of deploy-

ment in the industry is made possible by recent progress in lowering the

cost of OWFs. Figure 2.3 shows how prices have evolved in the UK. The

black line represents figures from the Department for Business, Energy

and Industrial Strategy (BEIS) shows the trend of LCoE for offshore wind

in 2021 prices (estimated using the governments deflator [57] and figures
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Figure 2.2: Global offshore wind market by region, taken from the Global Wind
Energy Council’s 2022 Global Offshore Wind report [4]. CAGR stands for Compound
Annual Market Growth

from BEIS reports [12]). The orange line represents CfD strike prices pub-

lished by the UK government, again in 2021 prices (calculated via the same

method). Both show downward trends, providing evidence for decreasing

costs of energy.

(c) Increasing research interest. Figure 2.4 shows the yearly research paper

output for the Scopus search "offshore wind operations and maintenance".

Taken cumulatively, there is a steady upwards trend in the size of the re-

search space. Furthermore, this in itself is only indicative of a subset of the

research space. Studies into wind turbine reliability [41, 58, 59], condition

monitoring [15] and forecasting [13, 60] also see increasing scrutiny.

2.2.1 Resources, Actors, Roles and Relationships

As defined by Oliviera & Lóscio [61], there are five primary components that make

up a Data Ecosystem:

1. An Actor is "an autonomous entity such as an enterprise, institution or indi-

vidual, which plays one or more specific roles in a Data Ecosystem". Point 1
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Figure 2.3: Cost reduction of OWFs in the UK.

of the list in the above subsection provides a suitable summary of the primary

actors for a OWDE.

2. A Role is a function performed by an actor. These are not necessarily performed

by one actor alone, and again may contain sub-roles within them. In this review,

the key roles performed by decision makers are summarised in section 2.4.

3. A Resource is a valuable product utilised in the roles undertaken by actors. In

generic data ecosystems, resources are datasets, software and infrastructure.

4. A Relationship is an interaction between actors within the Ecosystem. A promi-

nent example would be arranging a maintenance contract between Maintenance

Service Providers and Wind Farm Operators.

5. Additionally there are two essential properties of a data ecosystem: a networked

character and self organisation.
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Figure 2.4: Results of the Scopus search "offshore wind operations and maintenance"
in the abstract, title or keywords. Shows number of papers per year.

2.3 Resources - Input Data

The purpose of this section of the review is to assess the characteristics of the raw

data, with a view to how they influence data analysis down the line. Pertinent datas-

treams for O&M researchers can be broadly categorised into 4 categories: Reliability &

Maintainablity, Weather and Accessibility, Peformance & Condition Monitoring and

Health & Safety. The quality of data in these categories can be assessed according to

the 5V’s of big data as laid out by Demchenko et al [62]. Namely:

1. Volume is related to the amount of data generated. This can refer to the amount

of data in terms of memory requirements, number of tables or files, or length

of time & scale of the data collection process. McKinnon et al. [63] provide

an example of where the volume of input data is demonstrated to impact its

effectiveness.

2. Velocity relates to the speed at which data is generated and processed. State-of-

the-art tools such as condition monitoring systems require data to be processed
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at or near-to real time. Gonzalez et al. [64] provide an example of where data

velocity has the potential to impact decision making.

3. Variety is directly related to data complexity. It refers to the format of the

data: whether it is structured (e.g. in a relational database with pre-defined

data types), unstructured (consisting of different file formats, different storage

platforms and incompatible data-types) or semi-structured (unstructured data

provided a basic structure via some metadata). Leahy et al. [25] demonstrate

how variety affects wind turbine reliability and condition monitoring.

4. Value relates to the added benefit afforded to the role being undertaken by an

actor. Actors must balance the costs of collecting, storing and processing the

data with the added-value it provides. Yang et al. [65] provide an example of an

attempt to quantify the value of condition monitoring data to decision makers.

5. Veracity relates to both data consistency and data trustworthiness. Data con-

sistency relates to statistical reliability. It describes the dataset in terms of for-

mat transactions, duplicated and missing data. Trustworthiness relates to the

infrastructure which carries out data origin, collection, and processing meth-

ods. Tawn et al. [66] provide an example where the impact of data veracity is

investigated on SCADA data.

The outcome of the input data review is summarised in tables 2.1 and 2.2.

2.3.1 Reliability & Maintenance

Reliability and Maintenance (R&M) data refers primarily to work orders and main-

tenance logs. Maintenance works at OWFs are recorded in different ways by different

organisations (OEMs, operators, maintenance service providers). Traditionally, un-

structured hand-written maintenance reports would record maintenance carried out.

Examples of older research for onshore wind that were built on manual work orders

are provided by WMEP (Wissenschaftliches Mess- und Evaluierungsprogramm) [76],

WindStats [77], and Schleswig-Holstein Chamber of Agriculture (LWK) [77]. With
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Table 2.1: Summary of data issues surrounding reliability and maintenance data
(R&M) and H&S data.

Data-
Stream

Issue 5Vs Description References

R&M Data Quality Veracity Often incomplete and significant
manual effort is required to draw
valuable conclusions

[25, 67]

R&M No Standard
Taxonomy

Variety No standard taxonomy for wind tur-
bine failures

[25, 67,
68]

R&M No Standard
Failure Defini-
tion

Variety No standard definition for wind tur-
bine failures

[25, 69]

R&M General lack of
availability

Volume Strict confidentiality practices make
publicly-available failure data sparse

[25, 41]

H&S Lagging indica-
tors

Veracity lagging indicators unlikely to be suit-
able for low frequency but high con-
sequence events

[70, 71]

H&S Shift in operat-
ing conditions

Veracity Closer scrutiny required on how the
industry shift towards tougher op-
erating conditions impacts worker
safety

[70]

H&S No wind-specific
legislation

Variety Updating of the legislation relating
to H&S in offshore wind required

[70]

H&S Incompleteness Volume Not all wind farms accounted for in
published statistics

[70, 72]

increased digitalisation in the industry, however, there is a shft towards digital work

orders. This generally consists of a system where technicians can input maintenance

tasks and materials consumed [25]. Such datasets can provide valuable insights into

WT reliability and/or maintenance requirements for an OWF.

WT reliability analyses are a particularly integral part of decision making at OWFs

[33]. They play a central role in reducing costs both at the design and operations

phase of a wind farm. They indicate OEMs where resources should be directed to

improve reliability [78], and indicate to wind farm operators where to direct their

resources and how to optimise their operational strategy [79]. The value of reliability

analyses have also been heightened by a prevailing lack of transparency in the industry

[42]. Strict confidentiality practices are put in place by OEMs which they consider to

protect their interests [25], but hampers every other stakeholder in making effective

decisions to cut costs.
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Table 2.2: Summary of data issues surrounding SCADA & CM and Weather & Fore-
cast data.

Data-
Stream

Issue 5Vs Description References

SCADA
& CM

Standardised
SCADA column
names

Variety There is no standard set of column
names

[25]

SCADA
& CM

Missing data Volume Uncertainties in data resolution,
availability and completeness all can
have significant effects on KPI calcu-
lation

[35, 66]

SCADA
& CM

Standardised
SCADA alarm
codes

Variety There is no standard set of SCADA
alarm codes

[25]

SCADA
& CM

SCADA alarm
showers

Velocity SCADA alarm showers prevalent
around failure events make them dif-
ficult to analyse

[73]

SCADA
& CM

Too many
SCADA alarms

Volume SCADA alarm codes are generated
at too high a velocity to be useful to
operators

[25, 74,
73]

Weather
& Fore-
cast

Spatial Resolu-
tion of wave cli-
mate

Veracity Better understanding of the wave cli-
mate at a given site may be provided
by better spatial resolution

[75]

Weather
& Fore-
cast

Post processing
of forecasts

Veracity Post processing of NWP forecasts for
access

[13]

Despite this obstacle, there are several reliability analyses published in the litera-

ture. These are comprehensively reviewed by Pfaffel et al. [69] and Cevasco et al [41].

Since these review studies provide a wealth of information on the subject, a detailed

review is not included here. However, two points are worth highlighting in gauging

the value of this data for OWFs:

1. There are only two studies listed by Pfaffel et al. which provide failure rates

for offshore turbines [80, 81]. Reliability analyses for offshore wind turbines are

therefore especially valuable.

2. Despite the efforts of those review studies to extract trends from the publicly

available data, the published failure rate figures are difficult to compare because

the research space is so inconsistent [25]. This inconsistency stems not only
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from different wind turbine concepts, environmental conditions, wind turbine

ages and installation dates, but also from inconsistent data treatment [25].

Leahy et al. [25], Reder et al. [68] and Hahn et al. [27] all highlight the numer-

ous issues associated with treatment of wind turbine reliability data. These can be

summarised as follows:

1. General lack of failure data. See point 1 of the above list.

2. The lack of a standard failure definition in the wind industry [25]. What

a researcher means when they say a turbine ’fails’ varies from one study

to the next [82]. Often, researchers are restricted by the format and detail

of their available dataset. Failure definitions range from definitions which

include automatic restarts [83, 84]; those which require human intervention

to be considered [85]; and those which include conditions on downtime [86]

or material usage [82]. This incongruity leads to a research space in which it

is difficult to compare published failure rate data.

3. The lack of a standard taxonomy in the wind industry [68, 27]. There is also

a large variation in how published failure rates are categorised by assembly.

The Reliawind Taxonomy [86] is popular among academics: it is both specific

enough to provide insight and simple to apply. The Reference Designation

System for Power Plants (RDS-PP) is more popular in industry, especially

in recent years [87]. The North American Electric Reliability Corporation

provides the Generating Availability Data System (NERC-GADS) [88] which

also sees use in industry.

4. Disparate data sources [25, 27]. Points 2 and 3 both stem from and influence

a lack of consistency in exactly what reliability analysis looks like, to the

point where relevant stakeholders (particularly operators) do not know the

value of their own data [25].
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5. General data quality issues [25, 27]. Failure data also tends to be incomplete

and significant manual effort is required to draw valuable conclusions.

All of these points produce a measure of uncertainty in wind turbine failure statis-

tics. All of them taken together produce a research space in there is significant un-

certainty associated with failure rate figures, and this uncertainty is rarely addressed.

As noted by Dao et al. [43], wind turbine manufacturers are likely to have

databases of historical failure data and so the problem of limited and poor qual-

ity data may not be as severe for them. However, there is still exists a problem in

that historical data must be used to predict the reliability of future wind turbines.

As summarised by Jenkins et al. [36], the industry is evolving so quickly (in terms

of turbine power rating) that current failure rate data is unlikely to capture future

failure rates accurately. This means that the industry is faced with a miss-match

between the pace of low-velocity reliability data and the fast development of new

turbines. Under these circumstances, R&M data has too few samples to guarantee

statistical significance. This is even remarked upon in the latest SPARTA portfolio

review, where in comparing direct drive to geared turbines, they state: "As the tech-

nology is a recent advancement, more data is required to create strong insights about

the differences between direct drive turbines and turbines with gearboxes." This means

that there are numerous sources of uncertainty surrounding maintenance and relia-

bility data [46]; stemming from (i) inconsistent data treatment (ii) low data velocity

and veracity and (iii) a quickly evolving industry.

2.3.2 Health & Safety

Health & Safety (H&S) data consists of incident reports describing staff injury, near

misses and work place hazards. Within the UK all employers are obliged to report

H&S incidents according to the RIDDOR (Reporting of Injuries, Diseases and Dan-

gerous Occurrences Regulations) legislation [89].

The literature on the subject is sparse. The authority on the subject is G+ [72] -

a global health and safety organisation with four main aims: incident data reporting,
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good practice guidance, safe by design workshops and learning from incidents. Out-

with the G+ reports, sources of offshore wind H&S data are not widely available. For

a detailed review of the H&S for the offshore wind industry, see Rowell et al. [70].

They highlight several issues, namely:

1. The use of leading safety indicators over lagging indicators to assess safety at

OWFs. To date, the H&S indicator used most of in the industry is the total

recordable injury rate (TRIR) [72]. TRIR is an example of a lagging indicator

- a measure of incidents that have already occurred [90]. Several authorities

on H&S indicators have highlighted the inadequacy of lagging indicators to

asses H&S standards [71, 91, 92]. These studies instead suggest the use of

leading indicators, which measure occurrences that aim to predict future H&S

performance [90].

2. Closer scrutiny on how the industry shift towards tougher operating conditions

impacts worker safety. Rowell et al. [70] predict that the risk profile for the

industry is going to increase. They put this down to factors such as increasing

distances to shore; increasing number of technician transfers; the emergence of

floating wind farms. Note that metrics describing maintenance interventions

are presented in chapter chapter 4, which relate to the risk profile for technician

transfers.

3. Updating of the legislation relating to H&S in offshore wind. H&S data verac-

ity would likely be improved by offshore-wind-specific legislation. Like offshore

wind R&M data, H&S data suffers from a lack of specificity for the wind indus-

try.

Pfaffel et al., in their survey of KPIs within the industry, found that only 5 out

of 27 respondents make use of HSE KPIs in their organization [93]. Additionally,

there is a relative dearth in H&S related research compared to, for instance, studies

seeking financial optimisation in the O&M phase. This would imply that H&S data

is not as valuable to stakeholders as other data-streams. However, given the poor
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H&S performance compared to the oil and gas industry [70], analysis of H&S data

presents an opportunity for improvement in the industry. Additionally, given the risk

profile of offshore operations is due to increase in the coming years [70], analysis of

H&S data becomes increasingly important.

2.3.3 Performance & Condition Monitoring Data

Performance & condition monitoring data relates to 3 sub-categories:

1. SCADA Data. SCADA systems provide high level information to operators

and OEMs at a turbine, farm or fleet level [47]. The implementation of SCADA

systems in large-scale utility turbines is ubiquitous in the wind industry. Since

offshore wind turbines are unmanned structures for the most part operating

in far-off locations, remote measurement is a useful asset for monitoring their

performance [47]. They encompass readings of a range of environmental &

control variables, electrical characteristics and part temperatures [94]. Table

2.3 gives a summary of typical variables recorded - the precise list of measured

parameters will vary from one SCADA system to another [94]. As summarised

by Tautz-Weinert & Watson [94], vibrations, oil pressure level and filter statuses

could be also be recorded by a WT SCADA system, but more often recorded

separately in a dedicated condition monitoring system. There no standard set of

monitoring equipment [15] or measurement nomenclature in the industry [25].

2. SCADA alarm codes. Additionally to the typical set of variables listed in table

2.3, SCADA systems provide alarm codes related to WT operational status. As

described by Leahy et al. [31], there are generally three different types of alarm

code:

(a) Information messages are generated to communicate those changes in a

WTs operational mode not associated with faults.

(b) Warning alarms are generated when some measured variable comes close

to its pre-defined operational limit.
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(c) Fault codes are generated when those limits are exceeded by a given vari-

able.

Gonzalez et al. [95] present a more detailed breakdown of alarm log types,

including: grid conditions, environmental conditions, WT operational state,

manual stops or restrictions, maintenance activities and component malfunc-

tion.

3. Condition Monitoring Signals. Condition Monitoring Systems (CMS) are simi-

larly prevalent in OWFs, and serve a similar purpose to SCADA systems - that

of tracking turbine health and performance [15]. However, their purpose goes

beyond the high level performance monitoring of SCADA systems to provide a

more detailed insight into turbine health at the sub-system level. The goal is

to diagnose fault locations and severity accurately, and even to provide prog-

nosis on time to failure [94]. Within the field of academic research for offshore

wind O&M, condition monitoring is perhaps the primary contribution [33]. The

term encompasses a wide range of input data and a similarly wide range of data

analysis techniques. Several studies have attempted to capture this range via

reviews: notably Stetco et al. [96], Garcia Márquez et al. [97], Tchakoua et al.

[98], Rindali et al. [99] and most comprehensively (as of 2023) Badihi et al. [15].

Broadly, condition monitoring is the real-time measurement of a component’s

condition [100]. It can be further broken down into three levels of functionality

[25]: fault detection, fault diagnosis and fault prognosis/prediction. The chal-

lenge lies in selecting which sensors to install and which data analysis techniques

to use, as justifying the cost effectiveness of any condition monitoring is very

difficult. For a more detailed overview of each of the CM techniques, see Badihi

et al. [15].

SCADA data is often produced at a 1Hz sampling rate. However, in an effort to

reduce the transmitted data bandwidth from the wind farm, it is usually averaged

into 10 minute intervals [29]. Qui et al. [73] found that alarms tend to be generated
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in volumes too high to allow effective management from operators. This is especially

pronounced during periods of faulty operation, in which alarm codes "alarm show-

ers" are generated which are extremely difficult to untangle [73]. The sampling rate

of condition monitoring tools (especially for vibration diagnostics) tends to be much

higher, but ultimately depends on the condition monitoring system. Regarding ded-

icated CMS, vibration-based CM is the most prominent area of research in the field

[15]. This type of monitoring is widely relied upon for detecting faults in components

which produce a vibration signal. Most commercial CM systems rely on vibration

signals of major components such as the blades, gearbox and drive-train bearings

[101]. Most of these systems rely on accelerometers, which register a wide range of

high frequencies (1-30kHz). At lower frequency ranges, there are velocity sensors; at

lower frequency ranges still there are displacement sensors. At higher frequencies,

there are spectral emitted energy sensors. In the high frequency range covered by

accelerometers, the most common signal analysis technique is the Fast Fourier Trans-

form (FFT). The aim of FFT in this scenario is to analyse the frequency spectrum of

the vibration signal for variations in its harmonic components. By identifying faults

in the component and relating them to unusual behaviour in the harmonic compo-

nents, the signal can be used for fault detection in the future [102]. Other methods for

detecting anomalous behaviour focus on the time-domain of vibration signals (namely

envelope analysis [103] and the Hilbert Transform [104]) and time-frequency domain

analysis.

SCADA and CMSs produce structured data which is easily incorporated into data

analytics tools. SCADA systems record a set of standard parameters nearly every-

where they are equipped. However, some systems contain additional variables - Leahy

et al. [25] recommend introducing a standard set of SCADA column names. They

also recommend introducing standardised SCADA alarm codes, which can be diffi-

cult to process due to their variety [25]. The number and type of additional condition

monitoring signals varies from one farm to the next. Performance and condition

monitoring signals are therefore characterised by some industry-wide variety.
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Just like any other component of the wind farm SCADA and CM signals are

subject to occasional failure or communication loss. This leads to corrupted or missing

parts of the dataset, which may in turn lead to biases or incorrect results. Results

of subsequent data analytics would therefore be more robust if methods were put

in place to handle missing data [66]. SCADA alarm codes have more substantial

problems with veracity. As noted by Kaidis et al. [74] and later by Leahy et al.

[25], interpreting SCADA alarm codes often requires significant manual effort from

researchers if they are to act as a basis for future analysis.

SCADA systems are a cheap means of providing easily interpretable data which

is indicative of turbine health and performance. This data is useful to wind farm

operators and OEMs in providing high level information at a fleet or farm level [31].

It is, however, found largely lacking by the fault detection requirements of modern

OWFs. Reasons for this are outlined by Yang et al. [105]: SCADA systems do not

collect all signals necessary for in-depth condition monitoring analysis, and the data

that is collected is often at too low a sampling frequency for use in fault diagnosis.

Typical fault indications that arise from SCADA data changes are considered to have

impractically poor prognostic lead times.

CMSs show substantial potential to predict wind turbine failures. The question

for WF stakeholders is whether the savings from a particular CMS outweigh the cost

of implementation. This is not at all an easy question to answer. However, with

the trend in the industry towards bigger, higher capacity turbines [11], it becomes

easier. As noted by Fischer & Coronado [106], the cost-benefit of a given CMS begins

to lean further towards benefit as potential opportunity cost from turbine downtime

increases. CM systems are discussed in more detail in Badihi et al.’s extensive review

[15] on the subject.

SCADA alarm codes have potential utility for operators. Leahy et al. [25] sum-

marise the efforts of the research community to use alarm codes both for condition

monitoring purposes [94] and reliability analyses [64]. At present, however, issues

with data volume, velocity and veracity effectively effectively nullify a large part of

their potential.
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Table 2.3: Typical parameters recorded by SCADA system [94]

Environmental Electrical Char-
actersitics

Part Tempera-
tures

Control Variables

Wind Direction Active Power Gearbox Bearing Pitch Angle
Ambient Tempera-
ture

Reactive Power Gearbox Lubricant
Oil

Yaw Angle

Nacelle Tempera-
ture

Power Factor Generator Bearing Rotor Shaft Speed

Wind Speed Generator Voltages Generator Wind-
ings

Generator Speed

Generator Phase
Current

Main Bearing Fan Speed/Status

Voltage Frequencies Rotor Shaft Cooling Pump Sta-
tus

Generator Shaft Number of Yaw
Movements

Generator Slip Ring Set Pitch An-
gle/Deviation

Inverter Phase Number of
Starts/Stops

Converter Cooling
Water

Operational Status
Code

Transformer Phase
Hub Controller
Top Controller
Converter Con-
troller
Grid Busbar

2.3.4 Weather & Forecast

Weather data provides information about the wind resource and wave conditions. As

noted by Seyr and Muskulus [33], whether data is relatively easy to come by for re-

searchers, as there are several meteorological measurement and re-analysis campaigns

that provide data to the public. The critical application of weather data in O&M is

in accessibility assessment. Significant wave height (Hsig) is often considered the lim-

iting factor due to operational limits imposed on access vessels (usually 1.5m). The

significant wave height is the mean of the third highest of the waves, measured from

trough to peak, over a given sampling period [107]. However, other variables are of

interest to schedulers. Namely, wind speed limits are imposed on certain maintenance
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works [108]; and more accurate weather conditions can be obtained by including wave

period and wave direction in forecasting tools [13].

Decisions are typically made using publicly available forecast data from dedicated

campaigns. In Europe, the European Centre for Medium-Range Weather Forecasts

(ECMWF) [109] serves as the go-to for medium-range predictions. This model pro-

vides forecasts up to 10 days in advance with a horizontal resolution of 9km. Other

prominent global forecasts include the GFS (Global Forecast System, USA) [110],

and RHMC (Hydrometeorological Center of Russia). [111]

On top of forecast data, operators rely on various sources of real-time data both

for short term maintenance planning and long term resource analysis. Wave con-

ditions are typically measured by wave bouys. Draycott et al. [75] note that they

provide good quality measurements of wave height, wave period and often directional

measurements, but often suffer from poor spatial coverage. Wave Radar offer the

potential for massive spatial coverage improvements. However, they are relatively

new technology still being developed. See Draycott et al. [75] for novel wave mea-

suring devices that could progress decision making in the offshore wind industry.

Many Europe-based researchers depend on the FINO campaign [112], which provides

weather measurements for a location in the North Sea.

For wind speed measurements, turbines themselves are equipped with anemome-

ters and wind vanes at the top of their nacelles for supervisory control purposes.

Mainly, these are used to determine if the wind speed is sufficient to start turbine

operation [113]. Measurements are therefore reflected in 10-minute SCADA data on

a turbine-by-turbine basis. Wind farms often also have on-site meteorological masts

(met-masts) for wind resource characterisation pre-operation. Depending on the size

of the farm, there could be one met-mast or multiple at different locations. A typical

met mast will have a number of anemometers installed at different heights.

Current practice in the short-term relies primarily on campaigns like the ECMWF

for medium-range wave height forecasts to be used in day-ahead decision making.

The requirements of short term decision makers are therefore low-volume. Long-term

decision making typically requires time-series data of wind speed and wave height.
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This is also a relatively low volume data demand. However, post processing of this

raw forecast data can provide improved forecast at a time horizon greater than 6

hours; and processing of wave bouy data can provide more accurate predictions for

within-day decision making.

The ECMWF has a 1 hour forecast step and updates every 12 hours. Typically,

wave bouys process time-series of wave height (and other parameters) on-board, before

summary statistics of a selected period are transmitted via radio telemetry. The

selected period is normally around 10-20 minutes [75]. Anemomemeters produce

signals at a similar frequency.

Forecast data, wave and wind are usually presented as structured data types in a

time-series format. They are therefore characterised by low variety. Where datasets

may differ is in their resolution or in the number of variables measured.

The ECMWF is characterised by inevitable forecasting inaccuracies. However, it

is consistently favoured to other global forecast campaigns for its accuracy. Draycott

et al. [75] note that wave buoys provide accurate measurements of significant wave

height, albeit at poor spatial coverage. Measurements from turbine anemometers,

however, often leads to inaccurate wind speed measurements, due to the interaction

of the rotor with the incident wind [113].

Forecast data is valuable to short term decision makers. As described by Gilbert et

al. [13], additional value can be extracted from forecasts such as the ECMWF by post

processing of their data. In doing so, analysers can engineer additional features [13]

or increase spatial resolution [114, 115]. Accurate on-site measurement campaigns are

valuable mostly at longer time-horizons. Time-series of the wind and wave climate,

for instance, are key inputs for strategic decision making tools.

2.4 Roles - Decision Making

Decision making in the context of OWFs can refer to both long term strategising,

medium-term alterations to the strategy and short term scheduling of maintenance
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tasks. Shafiee [116] classifies these time horizons into three echelons: strategic, tac-

tical, operational respectively. Long-to-medium term decision making makes use of

various decision support tools, as is comprehensively discussed by Seyr and Muskulus

[14]. This is a multifaceted process, where various aspects must be considered if the

tools are to be accurate and useful. The probability of failures, weather conditions

and economical factors inform the choice of maintenance regime at the site. Short

term decision making oversees the implementation of this maintenance regime on a

daily basis and is a similarly complex problem, involving optimisation based on lim-

ited information and continuous review based on new information. This section is

concerned with the current practice in decision making within the wind industry, and

is discussed in more detail within the following subsections. It will focus more on

how the available data sources support each stage of the decision making process -

more information about the decision making process itself may be found from Shafiee

[116].

2.4.1 Operational Decision Making

Shafiee designates three important aspects to operational decision making [116]:

scheduling of maintenance tasks, routing of maintenance vessels and measuring the

maintenance performance. The actors that influence the decisions and the data

sources that are available to aid their decision making is presented in figure 2.5. Most

significantly, the primary decision maker is the marine coordinator. They must make

decisions on vessel dispatch, the routing of vessels and the prioritisation of main-

tenance tasks - all while implicitly assessing the value of the various data-streams

available to them, safety measures and the priorities of the various stakeholders.

Most valuable to the marine coordinator in terms of input data is the weather

forecast, point measurements of weather, condition monitoring signals and a list of

work orders. Stock-Williams & Swamy [20] provide a succinct description of how the

process plays out at an OWF. First, a list of service orders is produced by the asset

management team containing corrective tasks, inspections, annual services and bal-

ance of plant activities. A scheduler uses this list of service orders to create a transfer
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plan on the morning of the day it is to be enacted, which assigns maintenance tasks

to teams of technicians and teams of technicians to Crew Transfer Vessels (CTVs).

Component replacements require the use of Jack-Up Vessels (JUVs), and so can be

considered separately. Weather permitting, the transfer plan is carried out. This

is where uncertainties stemming from incorrect fault diagnosis, human error, repair

times and the weather forecast [13] take effect; the transfer plan nearly never goes ex-

actly as expected. Those maintenance tasks which were completed are now recorded

as having been completed, and those that are not are recorded as such by the asset

management team.

Figure 2.5: Summary of the offshore wind-data ecosystem, as it applies to short-term
decision-making.

Improving the scheduling of maintenance tasks and the routing of maintenance

vessels means addressing the uncertainties stemming from incorrect fault diagnosis,

human error, repair times, the weather forecast [13]. Decision support for this area
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focuses on solving an optimisation problem. Stock-Williams & Swamy do so via meta-

heuristic simulations [20]. Before this study, researchers focused on solving a set of

equations. Dai et al [117] defined the problem as a Routing and Scheduling Problem

of a Maintenance Fleet for Offshore Wind (RSPMFOWF). In this they set the ob-

jective of minimising cost of service vessels and production losses. They show that

the proposed equations are difficult to solve, and so are only applied to small prob-

lems. St̊alhane et al. [118] compare 2 formulations, finding that the one based on an

efficient heuristic labeling algorithm outperforms the traditional solver. Dawid et al.

[119] presented a number of novel additions to the previous methodologies in the field.

First, they demonstrated the value of incorporating uncertainties into their optimi-

sation framework. They concluded that "a significant 14% increase in maintained

turbines can be achieved by employing the proposed methodology highlights the im-

portance of including uncertainties when modelling offshore vessel routing". Second,

they created visual aids to illustrate the policies produced by the tool. Third, they

built in a "risk aversion factor" to facilitate tailoring of policies to different scenarios.

Tan et al. [120] considered the impact of power loss, personnel costs, transportation

costs, resource costs and other maintenance cost factors. They specified that their

model "belongs to the category of nonlinear optimization problems with constraints.".

Raknes et al. [121] highlighted three novel attributes of their mathematical optimi-

sation model: the inclusion of several wind farms at different locations; the coverage

of several shifts in the planning horizon; and modelling different types of vessels.

Dawid et al. [119] highlight three primary categories of uncertainty for mainte-

nance task scheduling tools. Li et al. [46] argue that incorporating uncertainties into

their maintenance strategy optimisation provides "more feasible and reliable sugges-

tions" for the decision-maker. They suggest as part of their future works section

that updating the uncertain input parameters to their model would be beneficial [46].

Based on Dawid et al. [119]’s primary uncertainty categories, the following input

parameters have scope for improvement:
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1. Uncertainty on task duration. Seyr et al. [45] demonstrate that uncertainty in

the repair times of components has a significant effect on the modelled avail-

ability and lost production due to downtime for OWFs. They conclude that

"The use of an accurate representation of repair times is therefore strongly sug-

gested and further research in distributions of repair times is encouraged. For

multiple turbines in a wind farm, the effects on the results of using a distribu-

tion are expected to be even larger, as the repair times influence the scheduling

of maintenance actions in a nonlinear way." Based on this conclusion, deriving

conditional probability distributions for repair time estimates may be of benefit.

2. Uncertainty on the expected weather conditions at the wind farm. This can be

addressed via probabilistic forecasting of weather windows & access indicators.

The benefit of probabilistic access forecasting over the deterministic methods

currently practiced at OWFs has been demonstrated by Taylor & Jeon [34],

Browell et al. [122] and Gilbert et al. [13].

3. Possibility of failure misdiagnosis. Probability of failure misdiagnosis can be

improved via more accurate condition monitoring tools. Badihi et al.’s review

[15] suggests several avenues for improvement, namely: combining disparate

condition monitoring signals for improved signal-based CM; hybrid approaches

incorporating both signal-based and physics-based models; improved prognosis

tools and farm-level modelling.

Improved communication of outputs would also advance operational decision mak-

ing. Bessa et al. [123] highlight the importance of effectively communicating the

uncertainty of weather forecasts as a means of promoting enhanced decision making;

managing user expectations; promoting user confidence and reflecting the state of the

science. Gilbert et al. [13] adhere to this conclusion and produce easily interpreted

visualisation of their access forecast. For Bessa et al. [123], usefulness of information

for short-term schedulers comes form a cost-loss model under uncertainty. Browell et
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al. [124] and Catterson et al. [125] exemplify this value in the field of access fore-

casting. For short-term scheduling tools, Stock-Williams and Swamy [20] present the

first methodology to quantify the benefit of their scheduling tool.

The remaining aspect of operational decision making is measuring the mainte-

nance performance. This is the opposite side of the operational coin: you can either

improve decision making by improving planning in the first place (scheduling/vessel

routing), or by retrospective analysis of operational data. Since operational data is

generally hard to come by for wind energy researchers, the latter option has seen com-

paratively little attention in the literature. Pfaffel et al. [126] and Cevasco et al. [41]

provide comprehensive reviews that include performance data for OWFs. However,

a close scrutiny of how maintenance performance correlates to WF performance via

retrospective analysis of operational data is virtually non-existent in the literature.

Gonzalez et al. [53] provide a list of KPIs which would be suitable for the purpose.

2.4.2 Strategic Decision Making

Shafiee designates four important aspects to strategic decision making [116]: wind

farm design for reliability, location and capacity of maintenance accommodations,

selection of wind farm maintenance strategy and outsourcing of repair services. For

strategic decision problems, either mathematical optimization models or O&M sim-

ulation models are used as a basis for decision making. Both depend fundamentally

on input parameters, some of which are very difficult to come by for researchers.

The most immediate improvement that can be made to the strategic decision making

echelon is therefore in better quantification of O&M model input parameters. Most

pertinently, reliability and cost data. Carroll et al. [82] provide the most compre-

hensive and up-to-date reliability analysis of offshore wind turbines. This covers the

first 5 years of operations for turbines from one manufacturer. 5 years is only a small

proportion of the lifetime of a wind farm. Additionally, failure rates can vary between

different manufacturers. [127]. On top of this, costs (for vessels, technicians and costs

of spare parts) are also sparse in the literature [33].
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WF design for reliability refers to the design of the farm. Specifically, this is con-

cerned with turbine layout in a grid pattern, and location of the turbines with respect

to the incident wind/wave field. Cazzaro et al. [128] split this into three scales: (i)

the macro-scale, concerned with wind farm location given a large swathe of land (ii)

the meso-scale, concerning the shape of the wind farm and (iii) the micro-scale, con-

cerned with placement of turbines within that shape. On the subject, Shafiee states:

"The literature on optimization of the design for OWFs is significant. When looking

at the published works, there can be found several factors influencing the wind farm

design (e.g. overall energy yield and the initial investment required). However, only

a few number of models have taken the RAM (Reliability, Availability, and Maintain-

ability) issues into consideration". This is still largely the case. However, van den

Brink et al. [129] provide at least one example where O&M costs are considered on

the macro-scale. They concluded that the LCoE impact of variations in the O&M

costs was considerable.

One way the resources described in section section 2.3 can aid integration of RAM

data into WF design for reliability by quantifying the effect of weather conditions on

WT failure rates and maintainability[130]. Several studies have explored the effect

of meteorological conditions on wind turbine failure rate. Reder et al. [131] stress

the potential benefit of altering the constant failure rate used to estimate wind tur-

bine reliability by environmental covariates. In doing so, operators might alter their

maintenance strategy to react to, for instance, seasonal periodicity in wind speed.

The relationship between wind speed and wind turbine reliability was established rel-

atively early on in the industry’s development. Tavner et al. [132, 133] contributed

the majority of this early research, identifying a significant cross-correlation between

failure rates and wind speed. Faulstich et al.[134] corroborated these early find-

ings. Early researchers also identified correlations between temperature, humidity

and proximity to coast and failure rate, implying that the relationship was between

reliability and weather, as opposed to solely wind speed [133]. This work was fol-

lowed up by Wilson & McMillan [135], who quantified the impact of weather effects

on failure rates by employing a Bayesian technique - namely they used Markov chains
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and Monte Carlo simulations. They went a step further by quantifying the effect that

wind speed-dependent failure rates have on operational expenditure. Later, Reder

et al. [136] devised a methodology for analysing environmental conditions ahead of

turbine failures in more detail. They also explored an alternative approach using a

naive Bayesian network to predict WT failures [131]. Seasonality is explored by a

number of studies. Slimacek & Lindqvist [137] and Reder et al. [136] both observed

higher failure rates in winter months, where wind conditions are harsher. Recently,

Pelka et al. [127] incorporated weather variables into a reliability analysis of wind

turbine power converters. On the micro-scale, quantification of reliability with re-

spect to position in the array is something that has never been done before, to my

best knowledge. This can be taken further by also exploring the effect of a given site’s

bathymetry on turbine maintainability [138].

On the location and capacity of maintenance accommodations, again there exists

a potential for improvement from refinement of model input parameters for simula-

tion/optimisation models. An interesting aspect here is that the wind industry is

developing rapidly. Future sites most probably will use WTs that are far bigger, and

have a higher power rating than those currently operational [36, 3]. On top of this,

more sites are likely to be located further from shore and in deeper waters [70, 3].

Seyr and Muskulus [14] note that simulation models tend not to be very well suited

to this task, as optimisation involves running the model several times under different

input assumptions. Optimisation models, such as the ones proposed by Besnard et

al. [139] are more suitable.

For wind farm operators, a significant strategical aspect to decision making is the

selection of the maintenance strategy. O&M activities fall into one of two categories

(i) preventive maintenance (PM) and (ii) corrective maintenance (CM). The former

describes maintenance which is undertaken to lower the risk of a failure in the future.

The latter describes maintenance which performed upon the failure of a component.

To this day, corrective maintenance accounts for most maintenance actions at OWFs
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[33]. Scheu et al. [140] focus solely on corrective maintenance in their model. How-

ever, most models include scheduled maintenance in some form, but prioritise the

importance of corrective works [141, 19, 142, 143].

Studies which have scrutinised the impact of scheduled maintenance in the liter-

ature tend to optimise the time between preventative maintenance actions. Carlos

et al. [144] derived an optimal 113 days between scheduled maintenance visits us-

ing a Monte Carlo simulation method, using a Spanish failure database. Zhong et

al. [145] devised a decision making tool based on a nondominated sorting genetic

algorithm which allows the user to balance the objectives of turbine reliability and

maintenance cost. Besnard et al. [146] used a stochastic optimisation model to show

that preforming service maintenance tasks opportunistically during periods of low

wind could save 32% of the transportation and production losses when compared to

more conventional approaches. Byon et al [147] used a partially observed Markov

decision process to derive an optimal preventative maintenance policy. Pattison et

al. [148] include annual service campaigns in their novel architecture and system for

the provision of Reliability-Centred Maintenance (RCM) such that cost-effective PM

management could be achieved. Incorporating the effects of service history (preven-

tative maintenance history) into decision making tools therefore sees some scrutiny.

This might be addressed better by the input data reviewed in section 2.3 by incorpo-

rating preventative maintenance into reliability models fit to the data.

Within the categories of preventative and corrective, one might also include the

sub-categories of condition-based maintenance (CBM) [149], opportunistic mainte-

nance (OM) [150], and risk-based maintenance (RBM) [151]. In the first of the sub-

categories, maintenance is performed based on condition indicators (e.g. signals from

the CM system or inspection reports),[149]. Opportunistic maintenance describes

the situation where multiple components are repaired at once in an attempt to fully

utilise a given maintenance intervention [150]. Risk-based maintenance strategies use

techniques such as the criticality of the failure modes is determined through a failure

mode and effects analysis (FMEA) [10] to formally optimise their maintenance strat-

egy based on the relative risk of component failures. Despite this prevalence of CM
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studies in the literature, attempts to quantify the impact of the developed tools prove

to be difficult. The earliest was by McMillan & Ault [152], who used discrete-time

Markov chains to evaluate effectiveness of a CM system on various metrics such as

failure rate, O&M costs and availability. The work of May et al. [153] followed up,

using a Hidden Markov Model to model reduced failure types, false alarms, detection

rates and 6 month failure warnings form CM systems.

In reality, state-of-the-art WF maintenance strategies often consist of some com-

bination of the two categories and three sub-categories. Some research in the field

attempts to capture this. Lu et al [154], for instance, propose a combined oppor-

tunistic CBM optimization approach in which economic dependence exists among

components. Tain et al. [155] use a similar approach, and both present financial

benefits to their strategies compared to corrective maintenance. Other studies have

explored the combination of CBM, periodic maintenance and risk-based maintenance.

In their review of condition-based maintenance strategies, Kang et al. [156] high-

lighted 3 aspects which are important to such modelling: the influence of degradation,

the multi-component problem, and maintenance constraints. All three might provide

opportunities for better data/data analysis tools to prompt better decision making:

1. Degradation modelleing. Leites et al. [157] stress that wind turbine prognosis

(and RUL estimation) is a field very much still in its infancy. The potential

benefits are therefore largely unexplored. They highlight that "according to

[158] prognostic techniques are among the most important areas to be addressed

and improved in the field of WT O&M. They go on to also highlight several

points for improvement for wind turbine RUL: improved availability of run-to-

failure data; exploration of accelerated ageing environments; development of

real-time prognostic algorithms; uncertainty representation and management

techniques and prognostic performance evaluation.

2. Multi-component degradation models via modelling of component dependencies.

See Rinaldi et al. [159] for a description of the various dependencies. Niu et al.
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[160] give an example of how RUL prediction of a system can be improved by

considering stochastic dependence among components.

3. Maintenance constraints. Improved detail of work order data could shed light

on the impact of maintenance constraints (such as limited technicians, specific

vessels, maintenance tools, and changeable marine climate) on maintenance

performance.

The final aspect of Strategic decision making is outsourcing of repair services.

Wind farms typically have a 5-year warranty in which the OEM handles maintenance

[161]. After this, they may either extend their original contract, take maintenance in-

house or employ another 3rd party maintenance service provider, [161]. Shafiee stated

that this "has tremendous potential for research" as wind farm operators are often

interested in contracting out maintenance activity. As shown by Hawker and McMil-

lan [161], contractual arrangements can have a significant impact on the performance

of a wind farm. They found that distance to sites from the maintenance depot is a

key consideration, as well as the form of warranty taken (i.e. time- or energy-based

availability). Marugń et al. [162] present a techno-economic model for avoiding con-

flicts of interest between owners and maintenance suppliers of OWFs. They showed

the value of the model in addressing the conflict of interest between the two parties

via adjusting penalisation, incentives, resources, and adequate control of availability

in the contract. Zhang and Zhang [163] attempt to maximise the interests of a com-

mon service provider and multiple operators. They argue that the representing the

different interests of all parties was important in reducing the impact of maintenance

activities on power productions of OWFs. A comparison of maintenance and perfor-

mance KPIs of wind farms which are in/out of warranty would be of benefit here.

SPARTA explored this issue in their 2017/18 portfolio review, concluding that wind

farms with No OEM have a higher average production based availability but wind

farms with Full OEM have a higher capacity factor [164]. More examples of this kind

of analysis from industry benchmarkers or researchers working with operators would

be of benefit [42].
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2.4.3 Tactical Decision Making

Shafiee designates four important aspects to tactical decision making [116]: spare

parts inventory management, maintenance support organisation and purchasing or

leasing decisions. An important general consideration for tactical decisions is that

outputs from strategic decision making tools can be regularly updated with new

operational data as it becomes available. These decisions are dynamic in that they

require regular synthesis of old information with new data. In this regard, Bayesian

methods, which can quickly update model parameters, are particularly well suited

[165]. See section section 2.5 for more details on Bayesian updating.

The problem of spare parts management is a pertinent one for the wind indus-

try. It is made more complicated by burgeoning strain on the wind turbine supply

chain [166]. Tusar et al. [167] provide a concise review on spare parts inventory

management. They frame the problem as balancing the cost for holding excessive

spare parts and the cost of downtime because of spare part shortages. Many of their

recommendations also translate to the strategic echelon: more accurate statistical

failure modelling and learning from historical failure data bases. However, they also

recommend regular stock inspections, awareness of lead times and the implementa-

tion of multi-echelon inventory system. They break down the problem in into three

stages: demand forecasting, inventory management, and data processing [167].

Maintenance support organisation means working out resource requirements in

terms of vessels and technicians. OWFs rely primarily on CTVs for daily operations.

Removal of main components requires hiring very expensive JUVs. Depending on the

circumstances of the farm in terms of distance to shore, water depth etc., they might

also opt for the use of helicopters and service operational vessels (SOVs) in carrying

out their maintenance. On top of this, wind farms are a complex collection of me-

chanical and electrical components that require technicians with different skill sets to

maintain. The issue has therefore seen a reasonable level of scrutiny in the literature.

Besnard et al. [168], for instance, optimise the number of vessels, helicopters and

length of maintenance coverage (12h vs. 24h) in their maintenance support model.
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Dalgic et al. [169] also compare various configurations of vessels on both the day shift

and the night shift. They conclude that "10 out of the most costly 17 configurations

do not have CTV for Night Shift’ and that ’the number of CTVs during Day Shift

and Night Shift is distributed evenly (or close to even) in best configurations such as

4-4 and 5-4, because the resources are utilised in an optimum manner with minimum

redundancy". Where improved data processing could improve maintenance resource

allocation is by developing better methodologies to integrate operational data into

maintenance support organisation. A good first step would be to see how relevant

KPIs (e.g. number of vessels per turbine, average number of technicians per vessel)

relates to maintenance performance.

Purchasing or leasing decisions can be seen as an extension of the above point. The

challenge is in determining the optimum combination of vessel/helicopter purchases

and leases to cut OPEX costs. A significant part of the problem is addressing jack-up

hiring strategy, which are expensive both to purchase and to hire in the spot market

[170]. Dalgic et al. [171], St̊alhane et al. [172] provide decision making tools related

to hiring decisions for jack-up vessels. An interesting prospect is resource sharing, as

explored by the Crown Estate [173].

2.4.4 Summary: Importance of the 5Vs

This section summarises the above points relating to the relative impact and influence

of the 5Vs within the offshore wind data ecosystem.

1. Volume. The volume of O&M data required by the use cases outlined in section

section 2.4 varies. The typical ability of a given OWF data ecosystem to meet

that requirement also varies, and typically varies in different was depending on

the dataset in question. The volume requirements for reliability and mainte-

nance data are such that the researcher can calculate a statistically significant

value for the mean number of turbine/system/subsystem failures, and also be

able to characterise the statistical uncertainty in that mean. Having enough
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samples of historical failures of a turbine similar enough to the one in ques-

tion (w.r.t power rating, turbine concept etc.) and similar enough to the site

in question (w.r.t environmental conditions) to be able to define a probability

distribution would likely meet both requirements. Given (i) the speed at which

the industry is evolving and (ii) the general lack of availability of reliability data

in the industry, the typical data ecosystem falls far short of this requirement.

Health and safety data is also an area where the data volume is currently in-

sufficient. This is because stakeholders tend to underestimate the importance

of collecting relevant KPIs [93, 70]. In contrast, some authors have commented

on the potential for SCADA alarm codes if they were not characterised by such

impractically high volumes.

2. Velocity. The question of velocity is perhaps most prevalent for SCADA and

condition monitoring monitoring data. While SCADA at 10-minute data is suf-

ficient for a broad overview of turbine health, it is often considered as insufficient

for the purposes of condition monitoring [15]. Some researchers have suggested

that high frequency SCADA data could offer an opportunity for cost cutting

in condition monitoring [174]. However, tailored condition monitoring systems

based on higher frequency measurements seems to offer the current best solu-

tion to condition monitoring [15]. SCADA alarm showers around failure events

presents another velocity-related issue.

3. Veracity. Broadly speaking there are 3 areas which are impacted by data ve-

racity. The first is the data quality of reliability and maintenance data. Often

this is incomplete and significant manual effort is needed to draw valuable con-

clusions [25]. The second is health and safety data, for which Rowell et al. [70]

has highlighted several veracity-related issues. The third is the spacial coverage

of wave buoys/wave radar & the post processing of forecasted weather data.
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4. Variety. The impact of variety stems predominantly from a prevailing lack of

standards in many areas of data collection and processing within the wind in-

dustry. This is especially relevant for reliability and maintenance data, which

lacks both a standard taxonomy and and standard on data collection and pro-

cessing. However, issues in variety also affect SCADA data (by not having a

standard set of SCADA alarm codes) and health and safety data (by not having

any legislation relating directly to offshore wind).

5. Value. Each of the data streams listed above is very valuable to OWF op-

erators and contribute to good performance. As things stand, reliability and

maintenance data is highly valuable because high quality and freely accessible

data-sources are very difficult to come by. While many stakeholders do not

value health and safety data as highly, Rowell et al. [70] argues that the wind

industry is lagging behind the oil and gas industry in this respect. They also

argue that health and safety data will become increasingly important as the

industry transitions to further offshore sites in deeper waters, some of which

are likely to be floating. The value of condition monitoring data is indisputable

given the proportion of scrutiny it receives in the OWDE research space. Given

the shift towards higher power ratings, the value of condition monitoring data

is likely to continue to increase. Weather data collected on-site is arguably the

area with least potential for further value to be extracted via research. However,

post-processing of forecast data has a significant potential for improvement and

therefore value to OWF stakeholders.

2.4.5 Summary: Improving Data-Assisted Decision Making

From the above review, this thesis defines four broad areas to improve upon if more

value is to be extracted from the offshore wind-data ecosystem: Data Quality. Data

Fusion, Uncertainty Quantification and Applicability to Decision Makers.
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1. Data Quality. Improving data collection and processes presents the most im-

mediate opportunity for improvement in data-assisted decision making. All

analytics tools are only as good as the input data used to drive them. The

following points can be taken from the literature:

(a) Reliability and maintenance data. For recommendations of improvements

in reliability data, refer to the points made by IEA task 33 [27]. These

points are still widely relevant to the industry. Namely [27]:

i. Make sure you get access to all relevant data;

ii. Identify your use-case and be aware of the resulting data needs;

iii. Map all wind turbine components to one taxonomy / designation sys-

tem Map;

iv. Align operating states to IEC 61400-26;

v. Train your staff understanding, what data collection is helpful for;

vi. Support data quality by making use of computerized means;

vii. Share reliability data to achieve a broad statistical basis;

viii. Develop comprehensive wind-specific standard based on existing guide-

lines/standards;

ix. Develop component- / material-specific definition of faults, location,

and severity

(b) SCADA. Leahy et al. [31] only highlight one key issue pertaining to

SCADA data. Namely, they call for standardised column names. How-

ever, Tawn et al [66] showed that wind power data from SCADA systems

have typical median levels of missing data of 2.70% for the power variable

and 1.57% for wind speed, and that methods for missing data improve the

quality of subsequent data analysis. Pfaffel [35] also note that uncertainties

in data resolution, availability and completeness all can have significant ef-

fects on KPI calculation. These data-centric uncertainties should therefore

be considered.
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(c) SCADA alarm codes. SCADA alarm codes are negatively affected by iss-

sues in data volume, velocity and variety. In order for operators to make

better use of alarm codes for fault detection/reliability analyses, they over-

all volume needs to be reduced. The velocity (or so-called "alarm shower")

at the approach of a failure needs to be addressed for there to be any dis-

cernible context. Lastly, Leahy et al. [31] recommend standardised alarm

code signals, which would alleviate problems in variety.

(d) A prominent challenge for the quality of data from CM systems is in se-

lecting the optimal collection of sensors [15]. This applies to (i) which

method of CM is used; (ii) how many sensors are installed and (iii) inte-

grating different CM systems with the turbine control and SCADA system.

Increasing the veracity of CM signals can come from increasing the vari-

ety of signals within an integrated CM system. However, the question of

how much variety is a difficult one to answer. Operators especially want

to avoid information overload, where there are problems with volume &

velocity (too much data too fast).

(e) Weather and Forecast. For the purposes of O&M, real-time weather pa-

rameters are accurate. Better understanding of the wave climate at a given

site may be provided by better spatial resolution, as potential provided

by several emerging wave-measuring technologies [75]. Post processing of

NWP forecasts shows promise to improve short-term decision making. A

notable study in this area is from Gilbert et al. [13].

(f) Health & Safety. Rowell et al.’s [70] review of H&S data highlights a

number of important points related to H&S data. In particular they rec-

ommend (i) the use of leading safety indicators over lagging indicators to

assess safety at OWFs; (ii) closer scrutiny on how the industry shift to-

wards tougher operating conditions impacts worker safety; (iii) continued

collaboration with G+; (iv) updating of the legislation relating to H&S in

offshore wind.
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2. Data Fusion. There is a significant, and mostly untapped potential improve-

ment of various data-analytics via combining data-streams which are usually

analysed separately. An important point in this regard is that improved data

management systems are required for this purpose. The variety of the data

ecosystem as a whole means that various sources making it up are often made

up of different formats. Integrating them therefore often takes significant man-

ual effort from practitioners [29]. Opportunities in this area can be summarised

as follows:

(a) Combining condition monitoring signals. Multi-parameter modelling is 1

of 12 recommendations made by Bahidi et al. [15] for improving WT

condition monitoring. Since maintenance scheduling depends on interpre-

tation of CM signals by experts, decision making is made easier when

corroboratory evidence of a failure comes from multiple sources and the

attendant uncertainty is reduced. Bahidi et al. go on to say: "Accord-

ing to the reviewed literature, relying on more than one monitoring sensor

(e.g., multiple sensors in different locations and of different types) or mul-

tiparameter monitoring often improves the chances of successful detection

and diagnosis of incipient damages or faults at an early stage. Fischer &

Coronado [32] echo this point of view in their earlier review of CM user

experience. They state that "data from multiple sensors and possibly dif-

ferent monitoring techniques are combined to allow inferences that would

not be possible based on a single sensor or technique."

Data fusion of CM signals could be especially powerful if various cheap

and reliable signals were analysed together. Taking, for example, vibra-

tion signals together with temperature signals may still be cheaper than

several other CM methods. The most obvious ’easy win’ would be to use

SCADA signals to augment other CM signals, as they are available any-

way. Turnbull et al. [175] provide an example of vibration signal analysis

augmented with 10-min SCADA data.
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(b) Incorporating leading safety indicators into access forecasting tools. A step

on from the vessel motion tool presented by Gilbert et al. [13] would be

to incorporate leading safety indicators into the decision making process.

Given the recommendations of Rowell et al. [70] that (i) the demand

for more emphasis on H&S measures and (ii) the transition to leading

indicators, incorporating H&S considerations into decision making tools

could be of benefit. This could also translate to the tactical and strategic

time horizons.

(c) Combining failure prognosis with access forecasting. Having more precise

information on both when a turbine will fail and when a suitable whether

window is available to perform a preventative maintenance task; and com-

bining these data-streams would make for easier decision making for the

scheduler. Simple progress could be made just by overlaying the outputs

of access forecasts and component prognosis tools. This would formalise

(and therefore potentially reduce human error) the process already implic-

itly undertaken in the brain of the scheduler.

(d) Incorporating weather data and service history into reliability models. As

outlined in section 4.1.5, the effects of many covariates have previously been

explored in the literature. Incorporating environmental, operational and

design parameters to make more comprehensive reliability models would

provide more insight into reliability drivers [127]. In this regard, reliability

analysis techniques which have been implemented in fields other than wind

turbine reliability (e.g. time-dependent covariates [176, 177], hierarchical

models [178], frailty effects [179]) could provide improved analyses.

3. Uncertainty Quantification. Uncertainty quantification has seen relatively little

scrutiny in all of the above aspects of the above review [33, 15]. However, good

operational decision making involves understanding operational risk. Opera-

tional risk is, in turn, uncertainty quantification. The following considerations

fall under this category:



2.4. Roles - Decision Making 57

(a) Modelling of uncertainty of input variables (failure rates, repair times and

cost parameters) of operational decision making tools. In Seyr & Musku-

lus’ review of decision support models for operations and maintenance

for OWFs [33], they repeatedly state the need of improved handling of

uncertainties. To quote them: "The existing models can capture most in-

fluencing factors; however, handling of uncertainty in the inputs is still an

area that can be improved upon. Different wind farm layouts and locations

can be included in the existing models, albeit being complex in implemen-

tation. The existing models lack an accessible way to handle uncertainties

in the input and provide information about the variability in the output.

Currently, mean values are reported and sensitivity analyses must be done

by manually varying."

(b) Probabilistic access forecasting. Taylor & Jeon [34] and Browell et al.

[122] demonstrate the value of probabilistic time series modelling over their

deterministic alternatives. Gintautas & Sørensen [180] demonstrate that

more sophisticated methodologies in accounting for weather forecast uncer-

tainties lead to more available operational hours for maintenance. Gilbert

et al. [13] demonstrate the value of probabilistic forecasts using statistical

post-processing of Numerical Weather Prediction (NWP) for OWF access

is by Gilbert et al. [13].

(c) Addressing uncertainties in KPI calculation. Pfaffel et al. [35] explore how

uncertainties in data handling affect KPI calculations. They highlight that

"changes in the data resolution, data availability, as well as missing inputs,

can cause considerable uncertainties". Similar research into maintenance

KPIs, in particular failure rate calculations and cost parameters, would be

beneficial.

4. Interpretability to decision makers. The final key point lies in interpretability.

The output of data analytic tools is more valuable when presented in an easily

understandable format to decision makers [123]. It also must be relevant to
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their particular set of requirements. The following considerations come under

this category

(a) Translating improvements in accuracy to improvements in cost. Data ana-

lytics tools are more likely to be taken up in the industry if their usefulness

can be demonstrated. In the field of access forecasting, Browell et al. [122]

and Catterson et al. [181] have done so via the use of cost-loss models. In

the field of reliability analysis, Carroll et al. [78] have used an operational

cost model to explore the consequence that different reliability statistics

have for cost estimates of different WT concepts.

(b) Applicability of reliability statistics to new wind farms. Reliability data for

wind turbines is limited in the public domain. On top of this, the offshore

wind industry is growing rapidly. This rapid growth has manifested in

rapidly increasing turbine sizes and a transition towards direct-drive tur-

bines [36]. This means that current reliability statistics are outdated for

modern wind farms. Given the issues with velocity of reliability data in the

industry, this presents a problem. Jenkins et al. [36] outline a method for

tackling the problem via expert elicitation. Such methods for translating

outdated data to new turbines are useful to all stakeholders. The industry

is in particular need of tools which can build on partially outdated failure

data, while incorporating new insight as new data becomes available. In

this respect, Bayesian models show promise as a potential solution [182].

(c) Interpretability of Machine learning and AI. Machine learning and AI have

a huge potential to advance almost all aspects of the wind-data ecosystem

[11]. However any value that is to be derived from them depends on

how easily the results can be explained by the analyst and subsequently

interpreted by the decision maker [15].
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2.5 Bayesian Modelling in Relation to Operational
Data Mining

The rapid development of the offshore wind industry has coincided with the advent of

increasingly sophisticated statistical approaches - in particular machine learning (ML)

methodologies [183]. In modelling the O&M phase of an OWF, several researchers in

recent years have called for better handling of uncertainty in data analytics tools. To

quote some prominent examples:

1. Li et al. [46]: "The maintenance decisions determined under certainty are not

adequate in modern MW/GW scale offshore wind farms, so a new series of

solutions need to be developed to cope with uncertainty."

2. Dao et al. [43]: "Although input data uncertainty is a critical factor that wind

energy system operators need to deal with, 19 existing simulation models vastly

ignore the uncertainties of data in reliability and O&M cost evaluation."

3. Seyr et al. [33]: "The existing models can capture most influencing factors; how-

ever, handling of uncertainty in the inputs is still an area that can be improved

upon."

In addressing these points, a researcher would ideally consider both epistemic and

aleatory uncertainty [141]. In endeavouring to do so, Bayesian estimation and infer-

ence presents a number of unique advantages. Some of these advantages have been

explored in previous studies within the field of wind energy research [184], however

the utility of their application is by no means fully realised in the wind industry [165].

2.5.1 Aleatory Uncertainty Quantification

The first advantage relates to the modelling of aleatory uncertainty, describing the

natural uncertainty inherent in a given system. While this is largely unavoidable,

there is value in quantifying it and in turn understanding the risk it poses to op-

erational decisions. In their extensive review of decision support models [14], Seyr
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and Mulkulus stressed that this statistical uncertainty in input factors needed to be

explored more thoroughly to advance the field. For instance, with respect to failure

rates, production losses, forecast accuracy, and repair times. They went on to do so,

first investigating the effect of uncertainty in repair times [185] on lost production,

then combining this with uncertainty in forecasts used for decision making [186, 187].

The significance of uncertainty in input variables was a conclusion corroborated by

Scheu et al [188], who investigated the influence of uncertainty of component failure

rates on WT availability. Dao et al. [56] also explored this theme, by using fuzzy

logic as a method to handle data uncertainty in operational simulation models.

The Bayes method provides a means of easily quantifying uncertainty in input

variables [39]. To my best knowledge, Bayesian methods have not been used to

undertake a thorough investigation of WT failure rate, and the associated aleatory

uncertainty. Rather, they have been used in a predictive capacity to estimate the im-

pact of various features on failure rate. This is done by Reder & Melero [131] as part

of their investigation into the dependence of failure rates on meteorological condi-

tions. Likewise, Wilson & McMillan used Bayes’ rule to derive wind-speed dependent

failure rates [135]. Another important factor to consider in this regard is that aleatory

uncertainty is increased for reliability estimates based on data from different sites - or

even the same site operating under different strategies [46]. The flexibility afforded

by Bayesian models could be useful for accounting for this uncertainty. Hierarchical

models, in which distinct groups (e.g. turbines from different wind farms) share infor-

mation between themselves but are still given individual probabilistic specifications,

could be particularly useful [189, 190]. Regarding decision making hierarchical mod-

elling has the potential to improve decision making by sharing statistical strength

among distinct groups [191]. Section section 5.2.1 elaborates on this point.

2.5.2 Model Flexibility in Relation to Epistemic Uncertainty

The second group of advantages relate to epistemic uncertainty - that which arises

from modelling assumptions and gaps in domain knowledge. There are three key
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points to consider in using Bayesian models to address epistemic uncertainty in off-

shore wind O&M.

1. Suitability for Small & Incomplete Datasets. Data relating to reliabil-

ity and maintainability of wind turbines is generally difficult to come by for

researchers [68]. When it is available, data quality is often an issue [25]. This

point has been emphasised and elaborated upon by prominent review studies

in the field, namely: Seyr & Muskulus [14], Reder et al. [26], IEA Wind task

33 [27], Pfaffel et al. [126] and Cevasco et al. [41]. The issues that can be

drawn from these studies are summarised in section section 2.3.1. This thesis

argue that these difficulties point directly to a Bayesian outlook as a solution.

In contrast to almost all ML methodologies, Bayesian models have an inherent

suitability for small datasets [38]. Robust inferences are possible with datasets

for which frequentest approaches are inadequate. Despite this, there have been

limited applications of Bayesian models in WT reliability analysis. Huang et al.

[192] provide a case study for a generic reliability analysis using fuzzy lifetime

data. Examples of the use of Bayesian networks for reliability analyses are pro-

vided by Wilson & Huzurbazar [193], Boudali & Dugan [194] and Nannapaneni

& Mahadevan [195]. These papers use prior distributions and hierarchical mod-

elling strategies to estimate component and system reliability based on some

observed conditional probability. Nannapaneni & Mahadevan [195] note the

advantages of such approaches in modelling both epistemic and aleatory uncer-

tainty.

2. Bayesian Updating. This is an advantage which has gained some momentum

in wind energy research. By implementing a Bayesian model, prior beliefs are

constantly updated as new information becomes available. Bayesian models

therefore provide a natural means by which to incorporate new measurements

into decision making tools [196]. Most relevant here is Bayesian updating in

O&M planning. There is an immediate application in updating parameters as-

sociated with condition monitoring of turbines. Herp et al. [197] used Bayesian
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classifiers in power curve modelling, providing a case study for updating in-

spection plans in risk-based decision making. Likewise, Song et al. [198] used

Bayesian updating in health state monitoring for wind turbines. Plumley et

al. [199] and Asgarpour & Sørensen [200] provide more particular diagnostic

and prognostic tools involving Bayesian updating of features due to sensor mea-

surments and maintenance actions respectively. Bayesian updating can also be

particularly useful in incorporating data from inspections, as has been done by

[201] and [151].

For the most part these studies deal with health monitoring for particular com-

ponents. This thesis proposes that the same concept of Bayesian updating can

also be useful when applied to higher level reliability analyses, and longer term

tactical decisions. For instance, Bayesian updating of failure rates at the turbine

level could justify changes in strategy or resource allocation. This thesis, for

example, presents a model to estimate the advantage provided by night shifts

in lowering opportunity cost in chapter chapter 6. This is one example of deci-

sion making on mid-term time-scale. The strategy might be altered depending

on whether the data differs significantly from prior beliefs. This can assessed

quickly on (e.g.) a week-to-week or night-to-night basis, as new data becomes

available.

3. Combining Different Sources of Knowledge. Operating and maintaining

an offshore wind farm involves decision making based on a myriad of different

factors. In the short term, marine co-ordinators rely on various sources of in-

formation to make decisions. This might involve forecasts of significant wave

height and wind speed; outputs of diagnostic and/or prognostic tools; avail-

ability of spare parts, vessels and technicians (with different experience levels

and qualifications); and the co-operation of different organisations, each with

different priorities. In the mid-to-long-term, operators can amend their strategy

to improve operational efficiency. This can be a similarly multi-faceted process,

with different sources of information to consider. Their foresight can be aided
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by advanced analytics of various historical data streams, however synergies be-

tween different sources of knowledge are as yet not fully realised. Operators

might also be interested in hypothetical what-if scenarios involving new strate-

gies. In this case, historical datasets would need to be augmented by expert

knowledge or outputs from decision making tools.

Bayesian models are well suited to dealing with this multifaceted nature [40].

They are able to incorporate knowledge of different accuracies and from differ-

ent sources in a mathematically coherent way [202]. Li et al. [203] provide an

example of their dataset being augmented by previously published data and ex-

pert opinion in their reliability analysis of floating offshore WTs. Dinwoodie et

al. [141] used Bayesian Belief Networks (BBNs) in combination with an opera-

tional model to simulate dynamic decision making. Lazakis & Kougioumtzoglou

[204] also combine BBNs with other decision making tools - in their case a haz-

ard identification and failure mode, effects and criticality analysis. There is,

however, some novelty in combining data-streams via Bayesian models, as well

as the decision making tools associated with them [165]. This novelty presents

an opportunity for operational efficiency improvement, especially as more ad-

vanced data management systems begin to have more of an influence in the

industry.

These advantages suggest a set tools which are flexible enough for researchers to

extract value from operational data from offshore wind farms, while addressing some

of the epistemic challenges associated with doing so.

2.5.3 A Bayesian Perspective on Decision Making

Making improvements on operational decision making tools for the future would ben-

efit from a more thorough treatment of both aleatory and epistemic uncertainties

[14]. Previously, Zitrou et al. [205, 206, 207] explicitly set out to tackle both of these

categories within the field of offshore wind. In the first of the studies cited [205],

epistemic uncertainty is handled by expert knowledge, but statistical uncertainty is
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also accounted for in the model. The second [206] focuses specifically on epistemic

uncertainty via an expected value of the perfect information approach. The third

again highlights how epistemic and aleatory uncertainty is modelled using a general

marked point process model [205]. While these models are probabilistic (in that they

use Monte Carlo simulations to derive probability distributions of variables), they are

not Bayesian, as they do not depend on Bayes rule. Likewise, cost modelling tools

which simulate the O&M phase via Monte Carlo simulations are probabilistic, but do

not necessarily make use of the advantages of Bayesian modelling.

These tools are designed for use in the pre-operational stage of a wind farm.

This thesis proposes that there is value to be had in an alternative approach - in

retrospective analysis of operational data. This is where the work in this thesis

presents novelty and improvements to data mining processes. In outlook, this is more

closely aligned with the work of Dinwoodie et al. [141] alluded to above. Decisions

at offshore wind farm are dynamic [42]. Changes in strategy require synthesis of

historical data and some form of hypothesised solution [208]. Bayesian modelling

provides a means to do this with small datasets, allowing a framework of new data

integration and integration of different sources of knowledge. By design, it is flexible

and allows for uncertainty quantification [38].

Figure 2.6 shows how the advantages of Bayesian models map well to the themes

for improvement for the wind-data ecosystem identified in chapter 2.

2.6 Rationale of Thesis Objectives

The primary focus of this thesis is in extracting value from the Operations dataset.

This objective was arrived at by 3 key considerations:

1. Analysis of operational maintenance data in the literature is comparatively

sparse.

2. Due to the efforts of the industrial partner, the dataset Operations is of a higher

quality than is typically available to researchers.
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Figure 2.6: Summary of the themes for improving decision making identified in chap-
ter 2 (left hand side), and how they map well to the advantages provided by Bayesian
models (right-hand side).

3. There is an established relationship with the wind farm operator, which pre-

sented an opportunity for real-world strategy to inform research and research

to inform real-world strategy.

With the scope narrowed to analysis of Operations, the next step was to scrutinise

more closely which area or areas of the current research space could be improved,

bearing in mind the priorities of the industrial partner. Referring to section section 2.4

of Chapter chapter 2, a retrospective analysis of operational data has the potential

to improve either or all of the strategic, tactical and operational echelons. More

precise aims are described in the following subsections. Each subsection describes

a work package, and is split into 3 parts: Motivation, Literature and Novelty.

Motivation provides a description of what influenced the analysis; Literature gives

an overview of the research space for each point; Novelty gives an overview of the

novelty provided by this thesis on each point.
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2.6.1 Maintenance KPI Monitoring

This subsection elaborates on objective 2 outlined in chapter 1, namely:

“Use the available dataset to calculate relevant KPIs describing wind turbine main-

tenance intervention. Use those KPIs to explore the maintenance requirements of

offshore wind turbines.”

Chapter 4 addresses this point firstly by defining and calculating relevant KPIs.

KPIs that could be categorised as intervention descriptors are explored in more detail.

There are 3 key motivators for calculating maintenance KPIs, namely:

1. The sparcity of publicly available reliability and maintainability data from the

wind industry. See Section section 2.4 and Table table 2.1.

2. There are large uncertainties surrounding the data processing of reliability and

maintainability data. The effect of this uncertainty on failure rate calculations

has not been explored in great detail in the literature.

3. A subset of turbines in the OWF which the dataset describes have tidal access

restrictions, meaning that they are located in shallow water depths and are

sometimes inaccessible by CTV. This presents an opportunity to assess how

reduced accessibility is related to turbine performance.

Feng et al. [209] were the first to publish data relating to the reliability of offshore

wind turbines. They present lists of turbine failure modes and operational issues ex-

perienced by round 1 offshore wind farms in the UK, namely: Barrow, North Hoyle,

Scroby Sands and Kentish Flats. [210] built on this early work in their review of UK

experiences and offshore operational challenges in the offshore wind industry. Their

study extended the analysis of [209] to round 2 offshore wind farms, and presented

annual failure rate and downtime figures for turbine subsystems. To this day, Car-

roll et al. [82] provide the most comprehensive reliability analysis of offshore wind

turbines. They present an estimation of failure rates, repair times and repair costs
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of unscheduled maintenance activities among a population of approximately 350 tur-

bines rated at 2-4MW. Estimates are summarised both by subcomponent and failure

severity, using the categories minor failure, major failure and major replacement. Be-

sides these academic publications, there are two industrial initiatives that monitor

reliability statistics for offshore turbines, both of which commenced in 2013. The first

is the UK’s SPARTA (System Performance, Availability and Reliability Trend Anal-

ysis) initiative, which provides anonymised operator benchmarking of performance

and reliability KPIs [211, 212, 213, 214]. However, any reliability figures published in

their annual portfolio review are quite high level. In one of their reports, they present

a downward trend of ’Forced outages’ per turbine, reaching around 2 per month by

2020. An older report shows ’number of repairs’ per turbine per month, however it

is unclear how this is defined. More recent reports show number of replacements for

major components [215]. WInD-Pool (Wind-Energy-Information-Data-Pool) [216],

the successor to WMEP (Wissenschaftliches Mess- und Evaluierungsprogramm) [76]

is the German equivalent. See Pfaffel et al. [126] and Cevasco et al. [41] for in-depth

reviews about RAM and performance data of wind turbines.

Novelty comes from the following considerations:

1. This thesis presenting up-to-date, real-world reliability and maintenance data,

which in itself is a valuable and novel contribution.

2. To my best knowledge, no studies have investigated the sensitivity of failure

rate figures to different failure definitions/data pre-processing methods. Given

the lack of standards for failure collection and definition and the inconsistency

of the research space, this is valuable.

3. To my best knowledge, there are no studies in the literature which investigate

tidal access restrictions.
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2.6.2 Night Shifts

This subsection elaborates on objective 3 outlined in chapter 1, namely:

“Explore the effectiveness of night shifts in increasing power production and avail-

ability based on up-to-date, real-world operational data.”

Chapter chapter 6 addresses this point by employing a Bayesian hierarchical model

(developed in chapter chapter 5) to the question of night shift strategy. The motiva-

tion, literature and novelty behind this chapter are outlined below.

Night shifts are an aspect of maintenance intervention which might have a signif-

icant impact on accessibility and in turn on performance. The question of whether

to employ them exemplifies well the trade-off constantly undertaken at offshore wind

farms to increase profit while maintaining H&S standards. It presents an opportunity

to reduce turbine downtime and improve operational efficiency, however it comes with

the potential for increased risk for technicians.

There are two primary benefits of adopting a night shift for corrective mainte-

nance. The first is to avoid lost production due to downtime from turbine faults.

This benefit is presumably most prevalent in months characterised by high wind

speeds, where access conditions are difficult and the opportunity cost associated with

unplanned downtime is high [217]. There may also, however, be an indirect cost as-

sociated with spreading resources and avoiding redundancy, as noted by Dalgic et al.

[169] - a benefit which depends largely on the planning and foresight of the operator.

The question of night shifts arose in this thesis because the wind farm employed

night shifts over the period of data collection. There is therefore an opportunity to

explore the theme via a retro-active analysis of operational data. 24/7 working is

explored as it was utilised at the site: by reporposing CTVs for corrective mainte-

nance activities for a night shift. This strategy was used throughout the months of

November, December, January and February in an attempt to improve accessibility

in times where turbine failures are potentially most frequent and most costly.
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The above point establishes an opportunity to address the question of night shifts

by data mining. In order to take advantage of the features described in section

section 2.5, this thesis proposes Bayesian modelling as a solution. Regarding which of

the family of Bayesian methods to propose for this analysis, refer to Li and Shi’s review

of applications of Bayesian methods in wind energy conversion systems. [218]. In their

"discussion and prospects" section, they recommend a hierarchical Bayesian approach

as an advance on the methods typically employed in the field of wind energy. One of

their recommendations is that the method by applied to cost-effectiveness analysis.

Their recommendation provides a motivation for the proposed methodology. There

are a few studies which address 24/7 working in the literature. Night shifts have

been analysed using the StrathOW-OM cost-modelling tool [169], Besnard et al.’s

maintenance support organisation model [168] and via a business case by Poulsen et al.

[219]. All studies presented advantages to employing 24/7 working. Dalgic et al.[169]

simulated different configurations of CTV utilisation, presenting their results in a

£/MWh format. They concluded that "10 out of the most costly 17 configurations do

not have CTV for Night Shift". Besnard et al. [168] concluded that "the availability

increases by almost 1% for each logistic solution by using 24/7 work shifts instead

of 12/7 work shifts", and report a financial benefit amounting to 5-15% of O&M

costs. Poulsen et al [219] concluded that by implementing 24/7 working savings of

approximately 1,800,000€per year can be realized via a series of expert interviews

and dedicated focus groups.

This thesis addresses the same question, but provides novelty by employing a data-

modelling approach in the form of a Bayesian hierarchical model. This means that,

in contrast to previous studies examining night shifts for OWFs, the methodology

employed in this thesis provides real-world evidence of night shift effectiveness. To

my best knowledge, it is also the first time that Bayesian hierarchical modelling has

been applied to cost-effectiveness analysis of a maintenance strategy based on retro-

active analysis of operational data.
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2.6.3 Exploring the Effect of Scheduled Maintenance on Un-
scheduled Maintenance

This subsection elaborates on objective 4 outlined in chapter 1, namely:

“Explore the effect that annual services have on proceeding corrective works and in

turn the reliability of wind turbines based on up-to-date, real-world operational data.”

Chapter 6 addresses this point by employing a Bayesian reliability analysis. The

motivation, literature and novelty behind this chapter are outlined below. Scheduled

(preventative) maintenance of wind turbines is routine [220]. Its purpose is to decrease

the possibility of turbine failures in the future. This is typically done by completing an

annual service campaign, in which a list of tasks are completed at each turbine. Given

their importance to wind turbine reliability [99], the industrial partner expressed an

interest in quantifying the effect of annual services on proceeding corrective works.

Part of their input in this respect was that annual services seemed to increase the

chance of failures in the short term. This is a feature of preventative maintenance

which has not been covered in the previous literature. The industrial partner therefore

showed interest in the effect of annual service campaigns on turbine reliability both

in the short-term and long-term.

Wind turbine reliability is commonly captured in the wind industry via some

form of reliability modelling. Reliability modelling of wind turbines is an established

method [221]. It might prove useful in fulfilling the second objective in this thesis

if some covariate effect describing annual services’ effect on WT reliability can be

incorporated. The literature surrounding reliability modelling of WTs is therefore

presented below, and where this thesis can provide novelty on the point.

2.6.3.1 Poisson & Weibull Processes

A central part to many operational decision making tools is the representation of WT

failure, more formally known as failure modelling [33]. It is important to capture the
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frequency and probability of turbine failures accurately, as strategy for responding to

them will dictate maintenance costs [82]. Many studies have in common their reliance

on historic failure data to do so. However, there is plenty of license for different

interpretations of that data. In simple cases, failures are modelled deterministically

[33]. Turbines are assumed to fail after a constant period of time, taken as the Mean

Time Between Failures (MTBF). While this is broadly indicative of failure behaviour,

a recent study by Scheu et al. [188] has shown the importance of considering the

uncertainty of failure rate around a mean value. It is therefore advisable to adopt

a probabilistic method, where failures are assumed to occur at random intervals as

described by some PDF, which can be fit to the data. Most popular of these is

the Poisson process, of which there are two variants: the homogeneous and non-

homogeneous Poisson process (HPP & NHPP respectively). The HPP assumes that

time between failures is Poisson distributed according to a constant mean failure

rate throughout time. The NHPP is an extension of this regime, where the mean

failure rate is assumed to be time-dependent. The usefulness of this assumption is

demonstrated by Slimacek and Lindqvist [137], who use it to model seasonal effects,

and numerous studies which use a power law process to model wear-in, wear-out and

serial defect effects [222].

Another commonly used method of modelling wind turbines is modelling time-to-

failure via a Weibull distribution. Like the NHPP, Weibull time-to-failure modelling

allows for changing failure intensity through time. In the case where covariates are

not included in the model (or where the effect of covariates is constant), the Weibull

formulation leads to a failure intensity that is monotonically increasing or decreasing

through time.

Such methods might be categorised under the broader heading of reliability anal-

ysis in the field of engineering, and survival analysis in the fields of biology and

medicine. There is a depth of theory in survival analysis in the data science research

community which has seen broad application in these fields [223, 224, 225]. However,

extensions of the NHPP which permeate survival analysis literature are yet to be
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fully utilised in the reliability analysis of wind turbines. To the authors’ best knowl-

edge, there are two studies which have made use of such extensions thus far. The

first is by Slimacek and Lindqvist [137], who extended a NHPP by including a frailty

model to capture heterogeneity unexplained by model covariates. They also employed

the model covariates to explore the effect of 4 factors on turbine reliability, namely:

harshness of local environment, turbine concept, date of installation and seasonality.

The second is by Ozturk et al. [226], who also explored the impact model covariates

affecting turbine reliability. This list was slightly more comprehensive, encompass-

ing climatic regions, elevation location, distance to coast, mean annual wind speed,

turbine age, turbine type, number of previous failures and scheduled maintenance his-

tory. However, for the most part they used simpler non-parametric methods, which

differ from the semi-parametric methods which are closely related to NHPPs.

2.6.3.2 Annual Servicing As a Model Covariate

As summarised as part of section 2.4.2, annual services have previously been included

in operational/simulation tools. Those tools tend to optimise the time between pre-

ventative maintenance actions [144, 145, 146]. None of these studies have used work

orders to build reliability models which include preventative maintenance as a co-

variate. Annual services might be included in reliability models as time-dependent

covariates. In this way, the time dependence of their effect on wind turbine failure-rate

might be captured.

Time-dependent covariates are (to my best knowledge) a novel consideration

for wind turbine reliability analyses. However, they are a statistical tool which is

sometimes employed by survival analysis in fields other than WT reliability analysis

[176, 177]. The methodology presented in chapter chapter 5 employs these methods

in the field of wT reliability analysis for (to my knowledge) the first time.

The novelty in the methodology comes from extending the typical Poisson Process-

type approach by two means. First, a transition of traditional reliability analysis

methods into the Bayesian regime is proposed. This has the advantages characteristic
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of all Bayesian methodologies, as outlined in section section 2.5. Second, a data-

modelling approach which has been employed by numerous recurrent time-to-event

data analyses is proposed, which is capable of capturing the effect of non-corrective

works on the likelihood of proceeding failures. This was inspired by anecdotal evidence

of increased turbine failures after annual services from the operator of a large offshore

wind farm. In Chapter chapter 6 this relationship is established and quantified, which

is a novel consideration for wind farm O&M modellers. Time since annual service

is therefore considered as an impacting covariate which has not been explored by

previous studies. The effects of seasonality, year of operation and position in the

array are also considered as covariates in the model.

2.7 Chapter Conclusion

This chapter had 2 objectives. The first was to fulfill objective 1 defined in chapter

chapter 1, namely:

“Perform a review of the offshore wind data ecosystem to identify areas for im-

provement for data processes.”

The review culminated in four areas for improvement: data quality, data fusion,

uncertainty quantification and applicability to decision makers.

Figure 2.7 summarises the scope and points of novelty for the analyses covered in

this section. Each of these analyses from left to right in figure 2.7 are presented in

Chapters chapter 4, chapter 6 respectively.

The objectives were arrived at by a combination of literature review, expert input

from the industrial partner. An early decision was made to focus on reliability and

maintenance data. From this decision, three analyses were proposed. The first pro-

poses calculating maintenance KPIs to measure maintenance intervention and effec-

tiveness at the site. The second explores the effectiveness of night shifts in increasing

power production and availability. The third explores the effect of annual services on

proceeding corrective works.
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Figure 2.7: Objectives (black boxes with white writing) and methods/novel contri-
butions for each objective (white boxes with black writing).

The chapter also made an argument for Bayesian models as a solution to the four

points for improvement highlighted in Chapter chapter 2. Based on these arguments, a

Bayesian framework for data analysis is developed and presented in section chapter 5.

The advantages that this thesis are suitable to addressing those issues are: a suitability

for small and incomplete datasets; in-built uncertainty quantification; the ability to

incorporate different sources of data and their white-box nature. This argument led

to Bayesian methodologies being adopted for the latter two analyses listed above.

Bayesian hierarchical models were suggested by Li and Shi [184] as a tool for cost-

effectiveness analysis. A Bayesian hierarchical model was therefore adopted for the

night shifts analysis - this is designed and presented in section section 5.2.1.. For

the question of annual services, some methodology that could robustly incorporate

time-dependence into the analysis is preferable. For this reason, a Bayesian reliability

analysis with time-dependent covariates is opted for. This is designed and presented

in section section 5.3. This borrows from statistical models employed by survival

analyses, but that (to my best knowledge) have not been employed by wind turbine
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reliability analyses.



3 Data Mining Methodology

3.1 Chapter Overview

This chapter presents a data mining methodology which is employed in the case study

presented in chapter chapter 4. The data mining methodology achieves data fusion

by combining the Operations, SCADA, Weather and Turbine Properties data tables

described in section section 3.3.

The first part, contained within section section 3.2, defines KPIs to be used in

the following analyses. Section section 3.3 gives an overview of the available dataset.

Section section 3.4 describes the data mining methodology used to derive those KPIs

from the available dataset. The data mining methodology outlined in section sec-

tion 3.4 is developed to address the objective described in section section 2.6.1.

3.2 Key Performance Indicator Definitions

As described by Gonzalez et al. KPIs are tools for measuring the progress of a

business towards its goals. They go on to provide a review of the KPIs used in

the wind industry, which might in turn be used for the work in this thesis. They

categorise KPIs as either Performance, Reliability, Maintenance, Finance and Safety.

Since the database described in section section 3.3 does not contain any information

regarding safety or finance, this thesis focuses on the former three categories. These

are elaborated upon below.

76
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3.2.1 Performance Indicators

With reference to an offshore wind farm, performance typically equates to efficiency

[53]. Most pertinent to the operators is the question: is the wind farm producing as

much energy as it could? [53] Variants on time- and energy-based availability are

common, as well as capacity factor. [126, 227].

The simplest of these to define and calculate is the capacity factor (CF ), which is

the ratio of the turbine’s actual average power output (P̄ ) to its rated power (PRated):

CF =
P̄

PRated

. (3.1)

Gonzalez et al. [53] consider the CF to have value during feasibility and project

development stages. However, since the denominator is a constant and does not

adjust for on-site wind conditions, they conclude that it is insufficient for evaluating

operational efficiency.

One of the most commonly employed metric is Time-Based Availability [69], de-

noted At. This gives a measure of how much time a turbine is available to produce

power compared to the total time in operation [227]:

At =
Time available

Total time in consideration
(3.2)

Availability is used for many purposes, representing the different interests of the

various stakeholders involved in the operation of an OWF [227]. Namely: energy

estimates, revenue projections, turbine design performance evaluation, warranties,

and performance bonuses or penalties [227]. This quite naturally leads to different

definitions of time available and total time in consideration. IEC 61400-25-1 [228]

define two categories: Operational and Technical Availability, such that Operational

Availability (AO):

• Considers Time available to contain:

– Hours of full and partial generation (including low wind);
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• and Total time in operation may contain hours of:

– Technial standby;

– Requested Shutdown;

– Out of environmental specification;

– Out of electrical specification;

– Scheduled maintenance;

– Planned Corrective Action:

– Forced outage;

– Suspended;

– Force Majeure.

And Technical Availability (Atech):

• Considers Time available to contain:

– Hours of full and partial generation (including low wind);

– Technical Standby;

– Out of environmental specification;

– Requested Shutdown;

– Out of electrical specification;

• Total time in operation contains hours of:

– Planned Corrective Action:

– Forced outage,

• and time not included in the calculation contains:

– Scheduled maintenance;

– Suspended;
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– Force majeure;

– Information Unavailable;

IEC 61400-25-1 [228] alternatively refers to AO as the WT user’s view and Atech

as the WT manufacturer’s view, which is perhaps more indicative of the utility of the

two measures. Atech is the most meaningful in considering the reliability of turbine

in terms of the frequency and consequence of unexpected failures [41]. However, AO

might be a more practical measure for the operator.

Alternatively, energetic or production-based availability (AE) can be used, de-

fined as the ratio between the actual energy produced (Ea) and the potential energy

available (Ep) [41] :

AE =
Ea

Ep

(3.3)

As highlighted by Gonzalez et al. [53], this measure has the advantage of capturing

the percentage of energy captured from that available, which they consider to best

represent most accurately the efficiency of a WT. IEC standard 61400-26-2 [229]

provides similar sub-categories of AE to those defined for At, which is designate AE,O

(production-based operational availability) and AE,tech (production-based technical

availability) respectively.

The utility of AE comes with a caveat, however. Namely, there is no standard

procedure for defining and calculating the actual available energy for the given pe-

riod [53]. IEC standard 61400-26-2 provides various means of doing so, which are

categorised into two groups: those methods employing wind speed measurements to-

gether with power curves, and those employing some direct estimation of power by

comparison to other turbines in the farm. Section section 3.4.2 describes how this

thesis calculates opportunity cost for failed turbines.

There are various initiatives which have published performance statistics for off-

shore wind farms. Pfaffel et al. [126] provide a concise review of these studies. In their

conclusions, they state that: "Results on the performance of WT can be considered

to be reliable. There is no reason to doubt the comparison of capacity factors which
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shows a high location dependency. Offshore WT reach the highest capacity factors

closely followed by onshore WT in the US. When it comes to availability, the situa-

tion is a bit more ambiguous. Publications lack detailed definitions of the availability

calculation which weakens the significance of the comparison. Still, it should be easy

to choose the right source for specific applications and basic statements can also be

made. For example, the time of very low availability in offshore wind energy seems

to be overcome".

3.2.2 Reliability & Maintenance Indicators

Wind turbine reliability is concerned with two questions: (i) how often does a tur-

bine fail? And (ii) what are the impacts of those failures in terms of downtime and

resources? [53] Reliability indicators are those which address these questions. Main-

tenance indicators are concerned with quantifying an answer to question (ii).

3.2.2.1 Number of Interventions

Number of interventions is described by Conzalez et al. [53]. An intervention is

classified here as at least one displacement of a maintenance crew from a vessel onto

a turbine within a period on turbine downtime. Note that multiple work orders

carried out within that period of downtime still count as one intervention. This is

presented in a number of visits per year format. Less visits should be needed in the

case of higher reliability and/or in the case of a well optimised maintenance strategy.

3.2.2.2 Failure Definition

What researchers mean when they say that a turbine fails varies, as there is no

standardised definition of a failure within the wind industry [82]. The definition used

largely depends on the quality and quantity of data available to the analyst, which

varies widely from one study to the next [78]. Here, use the following definition is

used:

“A turbine downtime event accompanied by an unscheduled visit to that turbine”
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This definition is itself open to interpretation, however, depending on the data

selection criteria used. This problem is discussed and investigated more in section

section 3.4.3.

3.2.2.3 Failure Rate

WT failure rate is commonly reported in a failure per turbine per year format, ac-

cording to following equation, as introduced by [82]:

λ =

∑I
i=1

∑K
k=1

ni,k

Ni∑I
i=1

Ti

8760

(3.4)

where I is the number of intervals for which data are collected, K is the number

of assemblies, ni,k is the number of failures for sub-assembly k and interval i, Ni is

the total number of turbines and Ti is the total time period in hours. The numeber

8760 is the number of hours in a year.

3.2.2.4 Failure Categorisation

WT failure modelling often considers four kinds of failure:

1. Manual Restarts (man). Manual restarts refer to instances where the turbine

has tripped, and requires a technician to manually restart it on-site. However,

no assembly-repairs are required to return it to an operational state.

2. Minor failures (mr). Simple assembly failures which do not require any replace-

ments of major components and can typically be carried out in one day.

3. Major failures (Mr). Failures which are more labour and cost intensive to

resolve, but which still do not require any major components to be replaced.

4. Major replacements (MR). Labour and cost intensive replacements of major

components such as a gearbox or generator.

Depending on the analysis, manual restarts (man) may be included as a separate

category, or included as minor failures. Carroll et al. [82] categorise failures by cost
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of consumable materials, such that: mr repairs are those corresponding to those

with a repair material cost of less than €1,000; Mr failures have repair material cost

between €1,000 and €10,000 and MR failures over €10,000. This categorisation yields

6.2 minor repairs, 1.1 major repairs and 0.3 major replacements per year, with 0.7

failures per turbine per year have no cost data so could not be categorized.

Alternatively, Scheu et al. [10] define various criticality categories via a number

of other measures within their failure modes & criticality analysis of offshore wind

turbines. These are summarised in table 3.1. Such measures are useful in the case

that the database does not contain cost information - as is the case here.

Table 3.1: Failure category criteria as defined by [10]

mr Mr MR
Downtime ≤ 7 days 7 days < downtime

≤ 15 days
> 15 days

Spare Part Cost 0–7.5 k€ 0–7.5 k€ > 100 k€
Type of Interven-
tion

1 CTV, SOV or
helicopter mobiliza-
tion and use for up
to 1 day, 3 or less
technicians

1 CTV, SOV or
helicopter mobiliza-
tion and use for up
to 7 days, 6 or less
technicians

1 CTV, SOV or
helicopter mobiliza-
tion and use more
than 7 days, 1 jack-
up vessel mobiliza-
tion and use for min
1 day.

Failure severity is defined by the following logic:

1. Each maintenance intervention is categorised by the work procedure attached

to it.

2. For each work procedure (e.g. removal and replacement of converter modules),

the average number of technicians, number of visits and downtime is calculated.

3. That work procedure is assumed to be a mr repair unless any of the conditions

defined in table 3.1 are met by the average number of technicians, number of

visits or downtime for that work procedure. If they are met, that work procedure

is categorised as either Mr or MR.
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3.2.2.5 (Mean) Time Between Failures

Time between failures is the elapsed time between the resolution of one failure and

the onset of the next. In WT reliability analyses, the time between failures is often

assumed to follow an exponential distribution:

f(t) = λe−λt, (3.5)

where f(t) represents the density function of time between failure, t time, and

λ the failure rate. The Mean Time Between Failures (MTBF) is the average time

elapsed between one failure’s resolution and another’s onset. It is described by [54]:

MTBF =

∫ ∞

0

tf(t)dt. (3.6)

In the case that time between failures is exponentially distributed, MTBF becomes

the corollary of failure rate:

MTBF =
1

λ
. (3.7)

However, this assumption does not always hold true, and in failure modelling of

wind turbines other distributional assumptions may be more accurate. The effect

of using different distributional assumptions for modelling time-between-failures is

investigated in section section 6.3.

3.2.2.6 Mean Down Time

Mean Down Time (MDT) is the average time to return a wind turbine to its functional

state. It can refer to both corrective (in which case it is similar to Mean Time to

Repair (MTTR)) and non-corrective works. It is calculated here by averaging the

downtime from downtime events associated with certain types of maintenance task.

While Pfaffel et al. [126] identify 7 studies that provide information on MDT, they

are all for onshore turbines. Here MDT per failure severity category is calculated as

discussed in section section 3.2.2.4, as well as distributions of downtimes for the

respective categories.
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3.2.2.7 Active Repair Time

The repair time is similar to the mean time to repair defined by Gonzalez et al. [53].

It refers to the total duration taken to complete the entire repair process, including

both active repair activities and any associated idle time or waiting time.

In contrast, active repair time specifically refers to the period when the actual

repair work is being performed on a turbine assembly. Active repair time is defined

here as the sum of differences in pick-up/drop-off times for technicians to/from a

given turbine during a given downtime event:

tactiverepair =
I∑
i

(tipick−up − tidrop−off ) (3.8)

where I is the total number of work shifts throughout the period of downtime

in question, tidrop−off is the time a technician team is dropped-off to the turbine in

the given work shift and tipick−up is the time a technician team is picked-up from the

turbine in the given work shift.

3.3 Data Audit

The analysis of presented in this thesis is based on operational data provided by a

large offshore wind farm. This is the role of the industrial partner in the project. Due

to data confidentiality, the industrial partner cannot be named. The WF consists of a

fleet of modern, geared wind turbines with a multi-MW power rating. The database

available for analysis consists of four and a half years of SCADA data, maintenance

activity logs and weather data, spanning the time period from July 2018 to January

2023. It is assumed that this is beyond the ’early failures’ period on the bathtub

curve commonly considered to represent WT failure intensity through time [230]. Of

the factors influencing the planning and cost of maintenance of offshore wind farms

as listed in [14], the metadata presented can be used to represent: power production,

inspections, repairs, failures of turbines, repair time, wave height, wind speed, weather

windows, travel time, environmental conditions (dependent on time and season), types

of maintenance and distance from shore.
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Here, 4 categories of data are designated which will be used throughout the thesis:

Operations, SCADA, Weather, Turbine Properties Data. The metadata of each of

these categories is presented in the following subsections.

3.3.1 Operational Data

Operational data applies to data that provides insight into maintenance actions. It

details technician movements on vessels to-and-from the farm, and what kind of

maintenance tasks they performed when they reached the turbine. The data mining

process described in this thesis is primarily concerned with four primary operational

data tables: Work Procedures. Tasks/Task Types, Operations Planned Movements,

Vessel Stops and Operations Shift Tasks. Table 3.2 summarises the information de-

rived from each of these tables, as well as their inherent flaws.

It should be noted that Work Procedures was only incorporated into the analyses

presented in the following chapters at a late stage of the research project. Chapters

chapter 5 and chapter 6 therefore only present utility of those analyses at the turbine

level, and they could be improved by incorporating work procedures.

There are two noteworthy pre-processing steps for maintenance data. Firstly, the

79 maintenance task types listed in the table Task Types were further categorised

into 9 categories:

1. Annual. Annual describes periodic annual servicing works. It is common prac-

tice in the industry to have an annual campaign where a set of scheduled main-

tenance actions are carried out on turbines. The exact nature of these actions

vary from one service provider to the next and depend largely on maintenance

contract arrangements [161]. This generally includes tasks such as lubrication

of mechanical parts (e.g. gear oil, hydraulic oil, greasing), measurement of part

temperatures, a torque tensioning of bolts and basic inspection of parts within

the nacelle.

2. Balance of Plant (BoP). Balance of plant contains the task types labelled Cor-

rective - BoP and Defects & Tasks.
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Table 3.2: Summary of the operational data-tables available for analysis.

Data Table Information Derived Disadvantages
A. Work Procedures • Text description of work

carried out
• Sometimes difficult to

map to assembly taxon-
omy

B. Tasks/Task Types • Task descriptions
• Task categories

• Most corrective task de-
scriptions only contain
an alarm code

• Not always indicative of
actual assembly failure

C. Operations Planned
Movements

• Manual acknowledge-
ment/card swipe times
for technician transfer of
control on/off turbine

• Estimated times for
technician transfers from
work plans

• Repair times

• Incomplete: some pick-
ups have to drop-off and
vise-versa

• Some transfers are
‘planned’, but not ac-
knowledged.

D. Vessel Stops • Stop types (pick-up/drop
off)

• Stop order
• task ID label

• Timestamps often inac-
curate.

E. Operations Shift
Tasks

• Links other data tables
• Info. on shift times

• No detail on work carried
out during shift

3. Corrective. Corrective maintenance actions entail a repair. It implies the tur-

bine (or at least part of the turbine) is not in a functional state.

4. Inspection. Likewise, it is common to regularly inspect certain key components

- for example a visual inspection of blades for cracks or erosion. The major-

ity of inspection works come under the heading of ’statutory inspections’, as

summarised in section section 4.4,

5. Retrofitting. Retrofitting activities refer to activities where obsolete technical

components with are replaced new ones to prevent the chance of malfunction.

A prominent example (as evidenced by the analysis in section section 4.4) is

converter software updates.

Second, planned movements were separated according to whether they had been
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acknowledged by technicians, and the resulting list of time-stamps were used as the

basis of a condensed ’Operations’ data table (see section section 3.4).

3.3.2 SCADA Data

SCADA data was available in two forms: 10-minute SCADA data (typical of most

SCADA datasets) and SCADA sampled at an increased resolution of approximately

2Hz. Ostensibly the high resolution SCADA data is an advantageous option for many

analyses because it provides more detail. However, it requires significantly more pro-

cessing power. 5 months of high resolution data, for instance, takes up approximately

3.7Gb of memory - compared to approximately 179Mb for the low-resolution data.

The choice of format therefore depends on the use case. If condition monitoring is

the focus of the research, higher resolution data would present an advantage [15]. For

instance Gonzalez et al. [174] use 0.25Hz SCADA data for condition monitoring, and

note benefits over 10-minute data. If, however, the focus of the research is on anal-

ysis of operational data, it may be preferable to incorporate the low-computational-

cost/low-resolution option presented by the 10-minute data. For reasons outlined in

section section 2.6 the focus of the study was on analysing operational data. Where

SCADA data is referred to it therefore refers to 10-minute SCADA data. Table 3.3

lists the column names of the 10-minute SCADA data tables.

Table 3.3: Variables included in the 10-minute SCADA data.

SCADA Variable
Turbine

Mean wind speed
Mean wind speed bin
Mean active power

Mean nacelle direction
Mean wind direction
Mean generator rpm

Mean pitch angle
Mean tower vibration

Rotor rpm
Time ready to operate

Time in operation
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Figure 3.1: Summary of the data mining process employed in this thesis.

3.3.3 Weather Data

Weather data consists of time-series of significant wave height collected by two wave

buoys at the site and wind speed/direction measurements collected from an on-site

met-mast. Both time-series have a resolution of 1 hour. It is assumed that the mean

of the 2 significant wave height signals was representative of the site.

3.3.4 Turbine Properties

Turbine properties refers to data-tables which contained turbine-specific information.

Importantly for the analysis carried out in this thesis, it contained each turbine’s

location and water depth recordings. It also categorised turbines that were "tidally-

restricted" or "severely tidally-restricted". Tidally restricted turbines are charac-

terised by shallow water depths, meaning that they could only be accessed at high

tide.

3.4 Data Mining Methodology for KPI Calculations

This section provides a methodology to derive the KPIs defined in section section 3.2

from the data-tables summarised in section section 3.3 (see tables 3.2 and 3.3 for the

metadata). The overall procedure is summarised in figure 3.1.
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3.4.1 Downtime Catalogue Construction

The data tables outlined in section section 3.3 provide the basis of the analyses

presented in this thesis. To reiterate:

1. Operations data describes the maintenance works undertaken at the sites. The

key data tables, along with the information provided by them, are summarised

in table 3.2.

2. SCADA is typical 10-minute SCADA data with the variables described in table

3.3.

3. Weather data provides hourly wind-speed and wave height data.

4. Turbine Properties provides turbine-specific location (i.e. location and tidal

access restrictions).

The above data tables were combined into a more compact data-table named

Downtime Catalogue. Downtime Catalogue contained a series of maintenance actions

at each turbine spanning July 2018 to January 2022. It was constructed via the

following steps:

1. Operations Planned Movements was cross-referenced with Tasks/Task Types

and Vessel Stops to create a time-series of maintenance interventions. From

this the following could be identified:

(a) What kind of work was undertaken at the turbine and when;

(b) The approximate repair time for the maintenance action;

(c) How many technicians worked on the maintenance action.

Once Work Procedures was incorporated into the analysis, more detailed infor-

mation could be derived regarding the intervention.
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2. Periods of turbine downtime were identified from the SCADA data. These

periods of downtime were cross referenced with the result from point 1. This

meant that downtime events could be mapped to specific maintenance actions.

3. Information from Turbine Properties was merged-in to the result of point 2.

From Downtime Catalogue, most of the KPIs defined in section section 3.2 could be

calculated. However, additional steps were required to estimate lost production and

failure rates. The process to calculate them are outlined in the following subsections.

3.4.2 Lost Production Calculation

Lost production is calculated via a linear regression to the turbine’s nearest neigh-

bours. The process is as follows:

1. A reference table was created to hold the regression parameters of each turbine’s

mean active power to the active power of its 4 nearest neighbours; and to the

farm average. The regression parameters were calculated from periods of un-

interrupted up-time for the two turbines in question. Note that this method

is similar to the "average production of representative comparison turbines" as

defined by [229]. However, it differs by two means:

• In this thesis, regression parameters are used over the actual power pro-

duction of similar turbines;

• only one turbine is used to calculate the lost production, not a group of

turbines.

This has the advantage that it only needs one turbine operating at full capacity

to make an estimate. However, the method could be more prone to outlier

power values.

2. A turbine downtime is identified by the SCADA flag "time ready to operate".

If the time ready to operate is less than 600, we know the turbine is down for

at least some of the time that entry.
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Figure 3.2: Example of 10-minute mean power relationship between neighbouring
turbines.

3. For each timestamp in which the turbine is down, SCADA data is used alongside

regressors to estimate the power according to the regression to the nearest

turbine producing power.

An example regression between two neighbouring turbines is shown in figure 3.2.

Note that, not every turbine-pair-regression will look the same. The very straight

regression line shown in figure 3.2 is perhaps expected for turbines operating in the

same row/in close proximity. However, local variations in climate will likely produce

different regression relationships.

3.4.3 Identification of Turbine-Level Failures

In the creation of the Downtime catalogue, three things are accomplished:

1. Turbine downtime events are extracted from the SCADA data.

2. Those downtime events which are accompanied by an intervention from the

maintenance team are extracted from SCADA and Operations Planned Move-

ments.
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3. Corrective maintenance interventions are extracted from Task Types together

with SCADA and Operations Planned Movements.

These three points are the basis upon which this thesis can define a failure, namely:

“a turbine downtime event accompanied by an unscheduled visit to that turbine”

However, exactly how downtime event, intervention and corrective maintenance

action are interpreted presents an uncertainty in the failure definition. The sensitivity

of this interpretation is explored in chapter chapter 4.

3.4.4 Identification of Assembly-Level Failures

Assembly-level failures are identified by the following steps:

1. Downtime Catalogue is subject to the various data selection criteria outlined in

section section 3.4.5.

2. If the subsystem or assembly is immediately evident from the text description

in Work Procedures, that task is labelled accordingly. Example: "Main bearing

removal and replacement"

3. If the subsystem or assembly is not evident from Work Procedures, the text

description in Tasks is used. Tasks have two types of descriptor:

(a) Tasks labelled with service department are closer to work procedure de-

scriptors. These descriptors are sought out first.

(b) The remaining task descriptors contain a single alarm code, corresponding

to what the turbine manufacturer thinks is wrong with the turbine. These

descriptors have a higher level uncertainty because they depend on accu-

racy of diagnosis at the beginning of the data mining process and accuracy

of interpretation at the end.
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4. Once tasks are labelled with a subsystem and assembly, they are mapped to the

enhanced taxonomy defined by Reder et al. [68]. This is shown in figure 3.3

Note that the selection of taxonomy is also a sort of "metaparameter" which

has a significant impact on results - this is discussed more in chapter chapter 4.

This taxonomy was selected as a modernised version of the Reliawind taxonomy

which has been popular in previous academic studies [82]. In their own words,

Reder et al. [26] state the advantage of such an approach as ensuring "the

comparability of this study to older studies".
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Figure 3.3: Summary of the taxonomy defined by Reder et al. [68]. Taken from [68].
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3.4.5 Failure Definitions

This study defines a failure as a turbine downtime event accompanied by an unsched-

uled visit to that turbine. Often reliability analyses of wind turbines will use some

variation of this definition. Carroll et al. [80], who provide the more extensive relia-

bility analysis of offshore wind turbines in the literature, use the definition of ’a visit

to a turbine, outside of scheduled operation, in which material is consumed ’. In the

absence of any material usage data, this thesis uses turbine downtime as a qualifier

for failure.

The variation in turbine-level failures initially focuses on the three sources of

uncertainty highlighted in section section 3.4.3. To elaborate:

1. What is meant by a downtime event? This has two aspects to it.

(a) Some studies (e.g. Wilkinson et al. [86]) impose a lower limit on downtime

for that event to be considered a failure. This seems sensible for low values

- if for instance a turbine was down for less than an hour it would indicate

the turbine had not yet lost its capability to function and was visited when

a maintenance team already at the farm for a minor repair. We will refer

to this as a downtime limit henceforth.

(b) Other studies argue that several sequential downtime events can be brought

on by one failure, and that there should be some limit on the time elapsed

between those events for them to be grouped under one failure. We will

refer to this as a grouping limit henceforth.

2. What is meant by an intervention? There are three aspects

(a) For some maintenance tasks, there is a drop-off of a technician and no

corresponding pick-up, and vice-versa. The question is to only include

tasks which have both (effectively imposing a lower limit on repair time)

or to include tasks which have one or the other.
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(b) As an extension of the above point, and analogously to a downtime limit,

we might impose a lower limit on active repair time. We will refer to this

henceforth as a repair limit. A low repair time implies a manual restart of

a turbine, which reliability analyses often aim to filter out.

3. What is meant by a corrective maintenance action? This is obvious at first

glance: include all maintenance actions labelled as corrective in the database

in the database. However, it is conceivable that different studies will expand or

contract the range of their included tasks subject to a number of considerations.

These are listed below.

(a) Opportunistic tasks. Downtimes attributed to non-corrective works,

such as annual services, sometimes contain corrective works.

(b) Multiple Components. Sometimes, downtimes that are considered fail-

ure could be attributed to multiple components. The failure could either

by attributed to one component or multiple components.

(c) Retrofitting. Some retrofitting works are labelled as such in the dataset,

but others are labelled as corrective.

(d) Annual Services. As above, some tasks are labelled as corrective but

appear to be part of the annual service.

(e) Balance of Plant (BoP) tasks. BoP jobs are either labelled as ’defects’

or as corrective - bop. Similar to the above, a certain amount of BoP

work may be covered by contractual arrangements, and may or may not

be included in failure estimates.

(f) Unlabelled tasks. Some tasks are labelled as corrective but contain no

work-procedure descriptor. Others might have a vague work procedure

associated with them and not a task descriptor, so similarly cannot be

classified by assembly.
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(g) Fault Finding missions. Some corrective tasks have the work procedure

Fault Finding - it is unclear whether a repair was conducted directly from

the fault finding mission. However, some fault finding tasks have an alarm

code attached to them, and might be further categorised.

Here a baseline definition is defined by the conditions:

1. No downtime limit;

2. No grouping limit;

3. No opportunistic maintenance included (each downtime event is one failure);

4. All tasks that are recorded as corrective are included. This includes some tasks

which might otherwise be recorded as retrofitting and annual service.

3.5 StrathOW-OM

StrathOW-OM is an O&M cost model designed for strategic planning purposes [231].

It is used to calculate key performance indicators which are used in the subsquent

analyses of chapter 6. The model was developed at the University of Strathclyde by

Dinwoodie [231]. It was subsequently validated against three other cost modelling

tools [232]. Since then, it has been further developed and frequently utilised by other

Strathclyde researchers [233, 78, 30].

StrathOW-O&M models a series of work shifts simulated in the time domain.

Three simulated time-series feed into the central simulation: one describing signifi-

cant wave height and wind speed; one the ideal power production for the farm; and

another the probability of a subsystem failure in each time-step. These are all de-

rived from user inputs describing the met-ocean climate, power curve and turbine

reliability estimates respectively. The weather conditions are generated using a corre-

lated, Multivariate Auto-Regressive approach (MAR). A Non-Homogeneous Poisson

Process (NHPP) is used to model reliability through time. For each time step, the
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conditional reliability of a subsystem is compared to a randomly generated number to

determine if that subsystem has failed. When a failure occurs, repairs are carried out

dependant on availability of required resources (in terms of vessels, staff and mate-

rials) and climate restraints on vessel operational usage (significant wave height and

wind speed limits). Again, the resource and operational limits are user-defined.

Once the shift is simulated, the model records the condition of the wind farm

in terms of turbines available and resources utilised. The process is repeated for

the specified lifetime of the farm, and the lifetime power production and availability

are calculated and stored. This is repeated until there is convergence of availability

estimates on cross-simulation values. Cross-simulation calculations are passed to

model outputs for post-processing. Outputs consist of a list of Key Performance

Indicators (availability, power production and number of failures), cost estimates

(revenue, lost production costs, vessel and staff costs, costs of spare parts) and vessel

specific information (CTV utilisation, number of JUV charters).

3.6 Chapter Summary

This chapter presents a data mining methodology for transforming the available

dataset into useful information. The chapter starts with a list of performance and

reliability/maintainability KPIs before turning attention to the data handling. The

majority of these KPIs are well defined in the literature [234]. However, from the

available literature [41, 126], it is not well defined and applications of different failure

definitions create an inconsistent research space [25].

The data mining methodology consisted of procedure to calculate the KPIs from

the available dataset. The first step in this procedure consists of a data audit. From

the data audit, it is evident that parts of the Operations dataset are more detailed to

that which is commonly available to researchers. Given the quality of the dataset and

the comparative predominance of analysis into other data-streams in the literature

[33], Operations is to be the focus of analysis in this thesis.
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Elements of Operations are used as a base out of which a Downtime Catalogue

is constructed. Downtime Catalogue cross-references Operations with SCADA data

and turbine properties, such that every WT downtime event can be attributed to a

set of maintenance actions. A methodology for lost production is developed where a

linear regression to one of the turbine’s nearest neighbours is used to estimate lost

production.

Finally, different failure definitions are discussed. The definition of a failure in

this thesis hinges on addressing 3 sources of uncertainty in the data-processing stage.

Namely: What is meant by a downtime event?, What is meant by an intervention?

and What is meant by corrective maintenance action?. These failure definitions fa-

cilitate the sensitivity analysis conducted in the next chapter, which explores the

most immediate results which can be derived from the methodology developed in this

chapter.



4 Work Order Data Mining

4.1 Chapter Overview

This chapter addresses objective 4 defined in section section 1.3, namely:

“Use the available dataset to calculate relevant KPIs describing wind turbine main-

tenance intervention. Use those KPIs to explore the maintenance requirements of

offshore wind turbines;”

according to the rationale presented in section section 2.6.1 and the methodology

developed in chapter chapter 3. The results presented in this chapter are an updated

version of the results published in [235, 236].

The chapter starts using the frequentist statistics derived from the process devel-

oped in chapter chapter 3 are used to scrutinise the effect of tidal-access restrictions on

wind turbine reliability in section section 4.2. The rest of the chapter is dedicated to

reliability analysis and exploring the uncertainty surrounding WT reliability analysis

due to data processing. Section section 4.3 explores the uncertainty in turbine-level

failure rates due to different failure definitions. The analysis makes its way towards an

assembly level reliability analysis by first presenting an analysis of the work procedure

data (section section 4.4) and then mapping the work procedures to a failure taxon-

omy (section section 4.5). In mapping the work procedures to assemblies, different

data selection procedures are explored.

100
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4.2 Tidal Access Restrictions

The most immediate objective that the data mining methodology of chapter chapter 3

can address is exploring the effect of tidal access restrictions.

Figure 4.1 (a) shows that tidal access restrictions lead to shorter visit durations

when compared to their non-tidally-restricted counterparts for all maintenance cat-

egories. Figure 4.1 (b) shows that this leads to generally longer downtimes per in-

tervention. This leads to 12% difference in the mean downtime form failures for

tidally-restricted turbines. The disparity increases as the severity of the fault in-

creases. This is evident from scrutinising the fault severity categories described in

section section 3.2.2.4. For mr corrective works, there is an 8% difference between

the mean downtimes of the two groups; For Mr corrective works the difference rises

to 13%. For MR corrective works, the downtime of tidally restricted turbines is 12%

less than non-tidally restricted. However, the number of samples is so small for ma-

jor replacements that this result is not robust. Downtime per intervention is also

generally higher for BoP jobs and for scheduled jobs save inspections. However, the

mean values of each distribution of downtimes is markedly different from the median,

implying that there are are a lot of extreme values skewing the distributions. The

restrictions also entail more visits per repair, in an environment operators want to

reduce the number of technician transfers and the consequent safety risk. Again, this

effect is amplified with the severity of the fault.

Figure 4.2 shows how this reduced maintainability translates to a reduced technical

availability. This analysis shows that tidal access restrictions have the potential to

cause lower availabilities. This is true for the median value of technical availability,

but also increases the chance of outliers at lower availabilities (as shown by the leg of

the box plot in figure 4.2).

4.3 Turbine-Level Failure Rate Calculation

The rest of this chapter is dedicated to WT reliability analysis. WT reliability anal-

ysis, refers to the process of first calculating the failure rates based on the failure
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(a) (b)

Figure 4.1: Comparison of tidally restricted and non-tidally restricted (a) visit du-
ration and (b) downtime per intervention (as defined in section section 3.2.2.1) for
different maintenance categories (as defined in section section 3.3.1). The Mr cate-
gory is only shown in figure (b) as it would change the scale of figure (a) and obscure
the other categories.

definition and data selection criteria summarised in sections section 3.4.4 and sec-

tion 3.4.5. By doing so, failure rates are presented at the turbine level then the

assembly level. This section presents the uncertainty in turbine-level failure rates,

according to the data selection criteria defined in section section 3.4.5.

The baseline turbine-level failure rate estimate was calculated using the Downtime

Catalogue and the baseline definition used in section section 3.4.5.

It comes in at 8.94 failures per turbine per year. Figure 4.3 explores the sensitiv-

ity of that figure to the various points outlined in section section 3.4.5. Figure 4.3

(a) shows the failure rate estimate falling sharply from the baseline with increasing

downtime limit up until around 10 hours, after which the decline starts to slow. The

limit of the x-axis corresponds to the most extreme downtime limit in the literature

of 72 hours [69]. At the more reasonable limit of 1 hour, the failure rate estimate

reaches 8.31 failures per turbine per year, a 4% reduction on the baseline. However,

it is evident from figure 4.3 that dropping these failures does not incur a significant

increase in availability. Figure 4.3 (c) shows the dropping failure rate estimate and
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Figure 4.2: Comparison of time-based availability for tidally restricted and non-tidally
restricted turbines.

rising technical availability up to a downtime limit of 5 hours. Only slight variations

in technical availability are evident in this range.

Figure 4.3 (b) shows a similarly sharp fall-off from the baseline case with increasing

grouping limit up until the 24 hour mark, after which the curve flattens. At 24

hours, the failure estimate reaches 6.54 failures per turbine per year. Note that the

availability estimate remains constant independent of the grouping limit.

Repair time limit is explored in figure 1 (d). This shows an approximately linear

relationship between failure rate estimates and repair time limits. At 1 hour, the

baseline drops to 7.98; at two hours to 7.13. The effect of increasing repair time

limit on technical availability is more significant, implying more care should taken in

imposing even small repair time limits.

Figures 4.3 (a), (b), and (c) address the question: what is meant by an interven-

tion?. Including zero repair time jobs (dashed lines) increases the baseline failure rate

estimates to 10.97. This disparity decreases with increasing downtime limit.

Figure 4.4 explores the question: what is meant by ’corrective maintenance’. Es-

sentially the baseline failure definition can be expanded or contracted based on addi-

tional data selection criteria. Of the data selection criteria explored, the failure rate

ranges from 7.07 to 12.15. Inclusion of opportunistic jobs increases the failure rate to
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(a) (b)

(c) (d)

Figure 4.3: Sensitivity of baseline failure rate (blue lines) to (a) downtime limit, (b)
grouping limit and (d) repair limit. (c) Also shows the downtime limit from 0 to 5
hours on the x-axis. Red lines show the corresponding technical availability. Solid
lines include only downtime events with both manually acknowledged drop-off and
pick-up; dashed lines include downtime events with either a manually acknowledged
drop-off or pick-up.

10.17 failures per turbine per year. This has a particularly significant effect on tech-

nical availability, reducing the baseline estimate by 1.55%. Note that this availability

estimate contains all downtimes where a corrective action was carried out, even if the

majority of the downtime was due to (e.g.) an annual service. BoP jobs increase the

baseline to 9.78 failures. However, the baseline estimate can also be decreased via

plausible data selection measures. Filtering ’no-assembly’ and ’fault finding’ missions

have a similarly significant effect to the inclusion of opportunistic jobs, reducing the

baseline to 7.07 and 7.25 respectively. Filtering out jobs which could be alterna-

tively labelled ’retrofit’ or ’annual service’ reduces the baseline to 7.54. The technical

availability reduction in all of these scenarios is similar, at around 2%.
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Figure 4.4: Bar chart exploring the sensitivity of the failure rate estimate (blue) and
technical availability drop (red) to various data selection criteria defined in section
section 3.4.5.

4.4 Work Procedure Analysis

This section expands on the previous section’s analysis on failure rates. It shifts

perspective from trying to define a ’failure’ to scrutinising the work procedures in

more detail. It therefore presents an analysis of the various work procedures that

make up Downtime Catalogue. In doing so, the analysis can move towards a reliability

analysis at the assembly-level.

The same process for defining turbine level failures as defined in section sec-

tion 3.4.3. The analysis stops short at the work procedure name - i.e. there is

no attempt at this stage to map work procedures to a specific failure taxonomy. The

baseline failure definition is altered by the following conditions:

1. A downtime limit of 48 hours is placed on consecutive downtime events only

if the downtime events were due to the same work procedure. Note that this is

slightly different to the downtime limit applied in the above analysis looking at

sensitivity of failure rates.

2. A downtime limit of 1 hour.
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3. A repair time limit of 0.

4.4.1 Maintenance Types

Figure 4.5 shows the contribution of each maintenance type to total downtime for the

period covered. It shows that the majority of downtime is attributable to corrective

works (61%); and works without a work procedure account for 15% of total downtime.

That leaves 24% for scheduled works. Of the corrective works, major replacements

collectively make up the majority of downtime (51%), followed by collective major

repairs (24%), minor repairs (14%) and BoP jobs (10%). Of scheduled works, down-

time from inspections is the main contributor (48%), followed closely by inspection

works (47%) and not so closely by retrofits (5%).

Figure 4.5: Contribution of different maintenance types to turbine downtime. The
key for the inner ring is shown on the right-hand side. The outer ring is classified by
whether it is scheduled or corrective. The number in the brackets show the average
downtime per turbine per year due to each maintenance type in units of hours.

Figure 4.6 shows the fraction of interventions attributable to each maintenance

category. In contrast to figure 4.5, just under half of interventions are due to scheduled

works (44%), 8% do not have a work procedure and 48% from corrective works.

This adds up to a total of 15.58 interventions per turbine per year on average. The
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majority of corrective interventions are for minor repairs (56%), followed by major

repairs (26%), major replacements (13%), and BoP jobs (5%)

Figure 4.6: Contribution of different maintenance types to maintenance interventions.
The key for the inner ring is shown on the right-hand side. The outer ring is classified
by whether it is scheduled or corrective. The number in the brackets show the average
number of interventions per turbine per year due to each maintenance type.

4.4.2 Work Procedure Statistics

Figure 4.7 presents statistics for each work procedure. Average intervention rates

are shown on the left-hand side of the graph. On the right hand side of the graph,

mean downtimes per intervention are shown. Each bar is split into two segments.

The inner, solidly-coloured segment shows jobs. where only that work procedure was

carried out during the downtime event. The outer, hatched segment shows additional

interventions/downtime that were performed where more than one work procedure

was recorded during the downtime event. Statistics for work procedures with extreme

values for average intervention rate and downtime are presented in figures 4.8 and 4.9

respectively. Figure 4.9’s work packages are all major replacements of components.

Corrective works present the greatest variety in work procedures. Most frequent

are the ’fault finding’ and tasks, followed by ’electrical panels’. Downtimes where only

fault finding missions were recorded make up 12% of corrective works and account for
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Figure 4.7: Mean intervention rate (number per turbine per year) and downtime
(hours) for the most frequent work procedures in the dataset. Each bar is color
coded according to maintenance type. Work procedures within each maintenance type
are ordered (from top to bottom) by their total contribution to downtime. Dashed
segments of the graph represent jobs where more than one work procedure is recorded.
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6% of the downtime from corrective works. Jobs containing a fault finding mission

make up 35% of corrective works and account for 50% of the downtime from corrective

works. On their own, ’electrical panels’ jobs account for 10% of corrective works and

only 3% of downtime from corrective works. Jobs which contain an electrical panels

work procedure account for 30% of corrective works and 49% of downtime from minor

repairs. Other significant minor repairs in terms of contribution to total downtime

are: hub and blade access; removal and replacement of delta modules; and craning of

equipment

Of the scheduled works, statutory inspections (at around 2.2 interventions per

turbine per year) and annual services (at around 2.3 interventions per turbine per

year) are the most significant contributors to downtime. In contrast to corrective

tasks, information on the sub-tasks for these non-corrective tasks is limited. The

current analysis is therefore limited to these general work procedure descriptors for

scheduled tasks.

Figure 4.8: Mean intervention rate (number per turbine per year) and downtime
(hours) for frequently occurring work procedures in the dataset. Each bar is color
coded according to maintenance type. Work procedures within each maintenance type
are ordered (from top to bottom) by their total contribution to downtime. Dashed
segments of the graph represents opportunistic jobs.

Figure 4.9 presents metrics maintenance tasks which require a JUV. Their plan-

ning and execution is therefore entirely differently than the other tasks. Note that

these only make up a portion of the ’major replacements’ category. Together, JUV

failures constitute less than 0.04 failures per turbine per year (less than 0.2% of all

interventions). Notably, the mean downtime where multiple work procedures are
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present is at least twice as large as the stand alone repair time for all categories of

major replacement. The generator and gearbox, in particular, have around 7 times

longer downtime with multiple work procedures than stand-alone. It might be as-

sumed that the operator takes advantage of the periods forced downtime to conduct

(often many) other repairs on the turbine. The most significant contributor to down-

time is the generator, followed by the gearbox, then transformer.

Figure 4.9: Mean intervention rate (number per turbine per year) and downtime
(hours) for work procedures with long downtimes in the dataset. Each bar is color
coded according to maintenance type. Work procedures within each maintenance type
are ordered (from top to bottom) by their total contribution to downtime. Dashed
segments of the graph represents opportunistic jobs.

4.5 Assembly-Level Failures

This section charts the transition from work procedures to assembly-level failure rate

estimates. The definition of assembly-level failures follows the methodology laid out

in section section 3.4.4. The baseline for assembly level failures is altered to reflect the

results of section section 4.3. Namely, the following is added to the baseline definition:

1. Jobs which contain task descriptions in line with retrofits and annual services

are labelled as such.

2. ’No assembly’ jobs are filtered out.
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Note, the baseline is re-defined by the above parameters so that the additional

failures from different scenarios can be made obvious. It is not redefined to capture

the ’best’ failure definition.

4.5.1 Unclear Work Procedures

The majority of corrective work procedures presented in figures 4.7, 4.8, 4.9 can be

categorised straight-forwardly by assembly. However, some work procedures could be

categorised into several of the assembly categories summarised in figure 3.3. These

unclear work procedures are as follows:

• Craning of Equipment;

• Drive Train Inspection and Torqueing;

• Fault Finding;

• Hub and Blade Access;

• Electrical Panels

The results of the methodology to categorise these work procedures into assembly-

level failures is shown in figure 4.10. Craning of equipment and Panel A1 do not

contribute a significant amount to any assembly failure rate - most of those work pro-

cedures will be categorised as ’nan’ in the reliability analysis. Drive train inspection

and torqueing mainly contributes to the gearbox and main bearing categories. Fault

Finding is contributes significantly to multiple components: most prominently the

converter, gearbox, yaw system, cooling system, and hydraulic group. Hub and blade

access contributes mostly to blades, hub and hydraulic group, as one might expect.

However, it also contributes a significant amount to the gearbox and other compo-

nents in the drive train. This might be used as another argument for better data

collection practices - it seems there is a contradiction here and the true reason for the

downtime is ambiguous. Electrical Panels is spread out across multiple components.
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Figure 4.10: Breakdown of unclear work procedures by assembly, as estimated using
the methodology defined in section section 3.4.4.

4.5.2 Assembly Failure Rate Estimates

Figure 4.12 shows the baseline estimates of assembly-level failures. Most failures arise

from the various wind turbine cooling systems and converter, followed by the hydraulic

group, gearbox, blades and yaw system. Note that, assemblies are defined by function.

This means that assemblies like (e.g.) the cooling system, hydraulic group and drive

train bearings might otherwise be categorised under different assemblies.

There is a significant proportion of repairs where multiple components could be

identified in almost all categorise. This presents another source of uncertainty at

the assembly-level. Compared to the figures presented by Carroll et al. [82], the

proportion of MR and Mr repairs is high for several categories.
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Figure 4.11: Assembly-level failure rates for when the repaired component is clearly identifiable (solid bars) and when multiple
components could be identified during the one downtime (hathced bars).
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4.5.3 Uncertainty in Assembly Failure Rate Estimates

Opportunistic jobs are shown by the non-blue bars. For most categories of failure,

they do not have a very significant effect on the failure rate of the given assembly.

The cooling system. frequency converter, service crane and lift present exceptions.

BoP jobs, as shown by the purple bars, are srestricted to the service crane and

lift. Retrofits are shown by orange bars - they have the most evident effect on the

converters and cooling system, assemblies which are retrofitted regularly. The switch

gear sees a lot of failures categorised under annual services - likely due to regular high

voltage maintenance carried out as part of those campagins.

Figure 4.12: Assembly-level failure rates under different data selection criteria, shown
in units of failures per turbine per year.
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4.6 Discussion

This chapter presents frequentist statistics that could be calculated as a result of the

data mining methodology presented in chapter chapter 3. The utility of the method

is first demonstrated in section section 4.2, where the effect of tidal access restrictions

were scrutinised. All of these statistics point to a reduced maintainability for tidally

restricted turbines. This is important for wind farms which may be deployed in

regions characterised by shallow water depths. For instance, currently operational

offshore wind farms in Vietnam, Japan, Finland and Sweden, have an average water

depth of just 2m, 6m, 8.5m and 8.5m respectively [237]. The implication for potential

future sites situated in shallow water depths is that energy production may be less

efficient than would be expected otherwise. For this particular site, it amounts to a

0.89% reduction in median technical availability. As shown in figure 4.2. It would

be interesting to scrutinise the progression of these turbines’ reliability over time, i.e.

whether the comparative lack of opportunity for preventative works has a greater

impact towards the end of their lifetime.

Sections section 4.3, section 4.4, section 4.5 are unusual as they effectively present

the messy data pre-processing stage of a wind turbine reliability analysis. Aan anal-

ysis of this sort is valuable to the research community as it exposes the uncertainty

surrounding reliability analysis of wind turbines. From this one dataset, results in

section section 4.3 show derived failure rates ranging from below 1 failure per turbine

per year to over 10 failures per turbine per year using failure definitions which have

previously been used in the literature. Main sources of uncertainty for the failure

rate estimate come from (1) data-preprocessing and (2) any limits placed on poten-

tial failures, evidence for which is presented in section section 4.3. Figure 4.4 explores

the range of uncertainty in point (1); failure rate estimates range from 7.07 to 12.15

depending on which tasks are included/excluded. Figure 4.3 shows the range of un-

certainty in point (2); the downtime limit reduces the baseline failure rate estimate

by approximately 0.5 failures per turbine per year with every hour added to the limit,

up until around 10 hours. The active repair time limit reduces the baseline failure
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rate approximately 1 failure per turbine per year with every hour added to the limit,

up until around 8 hours. The most significant reduction in the grouping limit is in

the first 24 hours, where the baseline estimate is reduced to 6.54 failures per turbine

per year.

A lack of any standard failure definition presents a significant epistemic uncer-

tainty to any wind turbine reliability analysis as this chapter has shown that different

failure definitions can lead to very different failure rate estimates. Not only failure

definitions, but different methodologies for data processing can lead to different fail-

ure rate estimates. The uncertainty revealed via the above results indicate a standard

failure definition would be insufficient, and that there is a need for a recommended

practice on data collection.

As reliability analyses are rare and valuable in the wind industry, one has been

undertaken on the available dataset. The process of deriving assembly-level failures

from turbine-level failures starts starts with an analysis of the work procedures in

section section 4.4, then to the various means of assigning downtimes to a specific

taxonomy outlined in section section 4.5. There are additional uncertainties which

affect the results and have not been addressed here and are worth addressing. Firstly,

there is uncertainty around data interpretation. Another (hypothetical) group of

researchers may have produced different results for assembly-level failures, as many

of them depend on alarm codes to ascribe them to a specific assembly. Given the

dataset does not record the complete history of alarm codes, but simply the most

likely culprit for the fault, this is something of a risky tactic. Secondly, there is no

standard taxonomy in the wind industry. The taxonomy therefore becomes a sort of

hyper-parameter which effects how the data is interpreted. A similar study could be

undertaken to map the work procedures to other taxonomies used in the literature,

most notably the RDS-PP taxonomy [41].

Secondly, the dataset upon which this study is based is from a single offshore

wind farm. As a consequence: (a) failure rates are from one manufacturer and turbine

model, and therefore represent a small subsection of turbines available on the market;
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(b) the dataset only covers a small portion of the farm’s lifetime, and may mis-

represent the average failure rates of assemblies over the turbine’s lifetime.

Thirdly, the scenario ’Filtered out annual service and retrofit’ is largely a data

quality issue. According to the operator, most tasks which are recorded as corrective,

but whose work procedure imply a retrofit or annual service, are corrective in nature.

This is why they were included in the ’baseline’ calculation. Often when a turbine

fails, and the solution is to retrofit it. With increasing take-up of better data standards

on the industry, these kind of interpretation issues will be obsolete. As it stands, at

least for this data set, this is another instance which requires manual interpretation,

and could be taken either way depending on the mindset of the analyst.

4.7 Chapter Conclusion

This chapter presented a solution to the objective:

“Use the available dataset to calculate relevant KPIs describing wind turbine main-

tenance intervention. Use those KPIs to explore the maintenance requirements of

offshore wind turbines.”

In addressing this goal, this chapter relied upon the data mining methodology

developed in chapter chapter 3. The utility of the data mining methodology was

first demonstrated by comparing tidally-restricted to non-tidally restricted turbines.

Tidally restricted turbines are characterised by generally shorter visits, resulting in

differences in maintainability. This disparity was evident by a higher MTTR, and

higher number of visits for tidally restricted turbines compared to non-tidally re-

stricted.

This chapter then presents a reliability analysis of wind turbines at the turbine

level and the assembly level. Its aim is to present failure data which is rarely pre-

sented and therefore valuable within the research community. However, it also aims

to lay bare the considerable uncertainty associated with data-preprocessing of relia-

bility data. It does so by exploring the sensitivity of failure rate estimates to different
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failure definitions and data selection criteria. The baseline failure definition used is

’A turbine downtime event accompanied by an unscheduled visit to that turbine’.

Different interpretations of downtime event were explored by imposing a lower limit

on the downtime of an event for it to be considered a failure; a similar lower limit on

repair time; and a limit on the amount of time allowed to elapse between sequential

downtime events at the same turbine to be grouped into one failure. The baseline

failure rate estimate of 8.94 failures per turbine per year showed a considerable sensi-

tivity to all of these factors. Including opportunistic jobs (where corrective tasks are

included in scheduled works) in the estimate increases the baseline to 10.17; including

corrective balance of plant jobs to 9.78. Filtering the corrective maintenance actions

to exclude those which could also be interpreted as retrofitting or annual service ac-

tivities reduces the baseline to 7.54. Filtering out jobs which couldn’t be fit into the

assembly taxonomy reduced the baseline to 7.25 and filtering ’fault finding’ missions

reduced the baseline to 7.07.

The chapter then presented an analysis at the assembly level, and likewise ex-

plored the uncertainty in assembly level estimates. Assembly failure rates showed

high values for the frequency converter and cooling system, which both increased by

including retrofitting jobs. The analysis also showed that many of the failures could

be attributed to multiple assemblies, due either to multiple work procedures present

in the downtime or multliple task descriptions/alarm codes.



5
A Bayesian Framework for Data

Analysis

5.1 Chapter Overview

This chapter presents the methodologies developed within a Bayesian framework to

address objective number 3 defined in section 1.3:

“Explore the utility of Bayesian data models in their application to operational

maintenance data mining, and in leveraging value from operational maintenance data

in general.”

A significant motivator for the use of Bayesian methods is in their ability to

quentify uncertainty [38], which has been a theme for O&M analysts in recent years

[45, 43, 44]. The rationale behind Bayesian models as a solution to the areas for

improvement identified in section section 2.4.5 are outlined in section section 2.5.

To reiterate, Bayesian methods map well to the areas for improvement identified in

chapter chapter 2. Their suitability for small and incomplete datasets [38] maps to

characteristic of generally poor data quality of reliability and maintenance data [25].

They provide inherent uncertainty quantification [39] and can incorporate multiple

sources of data [40].

Two Bayesian methods are developed. The first, presented in section section 5.2.1

relates to short-to-medium term Bayesian updating of prior estimates of relavent

KPIs based on limited data-points. A Bayesian hierarchical modelling approach is

developed for this purpose. The second, presented in section section 5.3 relates to

a longer time-horizon reliability model which incorporates time-dependent variables.

119
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The utility of the developed methodologies is demonstrated by the case studies of

chapter chapter 6.

5.2 Bayesian Hierarchical Modelling Framework

5.2.1 The Fundamentals of Bayesian Inference

Bayesian inference presents as a powerful framework for making decisions and drawing

conclusions in the face of uncertainty [38]. Unlike frequentist statistics, where prob-

abilities are associated with the long-run behavior of random processes, Bayesian

statistics treats probability as a measure of belief or uncertainty. This paradigm shift

allows practitioners to incorporate both prior information and observed data in a

systematic manner to arrive at posterior probabilities, which represent the updated

beliefs after accounting for new evidence [38]. See Gelman [38] for a detailed overview

of Bayesian data analysis. The following subsection relies heavily on their work.

Bayesian Data Analysis consists of three main steps:

1. Constructing a full probability model. Knowledge of the problem at hand is

incorporated into a joint probability distribution for all quantities (both ob-

servable and non-observable) with which the model is concerned. A model

providing a joint probability density function for some observed variable y and

some parameter θ can be written as a product of two density functions as fol-

lows:

p(θ, y) = p(θ)p(y|θ), (5.1)

where p(θ) and p(y|θ) are referred to as the prior distribution and likelihood

function respectively.

2. Conditioning on observed data. This second stage is the key principle of

Bayesian inference, and is neatly encapsulated within Bayes’ theorem:

p(θ|y) = p(θ)p(y|θ)
p(y)

, (5.2)
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where the conditional probability distribution of the unobserved quantities of

interest, p(θ|y), is estimated. This is commonly referred to as the posterior

distribution. p(y) is the non-zero probability of observation y, which is given

by a sum over all possible values of θ:

p(y) =
∑
θ

p(θ)p(y|θ) or p(y) =

∫
θ

p(θ)p(y|θ)dθ, (5.3)

i.e. depending on whether θ represents a discrete or continuous variable respec-

tively. Since this acts as a normalising constant within the model, Bayes rule

can also be seen in its alternative form:

p(θ|y) ∝ p(θ)p(y|θ). (5.4)

3. Evaluating the fit of the model and interpretation the consequences of the pos-

terior distribution. Asking questions such as: do inferences from the model

make sense in light of the substantive knowledge?, how sensitive are results to

modelling assumptions? and what aspects of reality are (inevitably) not cap-

tured by the model? are important for statistical analyses in general. They are

especially important for anything under the broad heading of machine learning,

and specifically for Bayesian analysis for the reason that not everything can be

encapsulated in a set of probability distributions.

5.2.2 Bayesian Networks

A Bayesian Network (BN) is a model of causal influence [165]. It models causal in-

fluence via a qualitative part known as a Directed Acyclical Graph (DAG), and a

quantitative (or probabilistic [238]) part based on a collection of conditional prob-

ability functions [239]. The DAG is a series of links and nodes which encode the

relationships between a set of random variables. Nodes represent variables within

the model, while links represent conditional dependencies of a descendant to a parent

[240]. Figure fig. 5.1 is an example of this, with X1 being a parent to both X2 and

X3; X3 being a parent to both X4 and X5. Crucially, a lack of a link between nodes

implies conditional independence between variables.
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Figure 5.1: Example of a Directed Acyclic Graph.

The quantitative part of the model is therefore described by the set of conditional

probability functions describing each node’s relationship with their parents:

p(Xk|pa(Xk))
n
k=1, (5.5)

where Xk represents some variable, pa(Xk) represents the parents of that vari-

able and n represents the number of nodes. In the scenario that the links represent

discrete variables, these relationships are encoded by conditional probability tables

(CPTs) [241] rather than conditional probability distributions (CPDs) [242]. The

joint probability function can be given by the chain rule of probability:

p(Xk, . . . , XK) =
K∏
k=1

p(Xk|pa(Xk)) (5.6)

The term Bayesian network can in of itself be misleading, as it does not necessarily

guarantee a commitment to Bayesian statistics. In many instances, their construction

relies on frequentest statistics to create CPDs or CDPs, and it is only in in their role

as a basis for probabilistic inference that they become Bayesian. They are, however,

extremely useful for representing Hierarchical models, which are widely applicable to

a wide range of problems [243, 244, 245].

5.2.3 Bayesian Hierarchical Modelling

Hierarchical modelling is a generalisation of the typical Bayesian Network (BN) [184].

It differs from BNs in that they directly characterise the relationships manifest in

structured data types. This is represented by figure 5.2, where a simple BN consisting

of variables A, B and C takes on 3 different structural forms in an attempt to capture
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dependence between the subcategories BI and BII. The relationship between ’sub-

nodes’ BI and BII is referred to as a ’part-of’ relationship by Gyftodimos and Flach

[238]. The left-most diagram characterises this particular part-of relationship via a

’nested node’. The middle diagram represents a "tree structure" where the variables

of the model are descendants of a top-level composite node t. The right-most diagram

shows how the structure can be flattened back into a regular BN.

Figure 5.2: Various visualisations of related variables within a BN. Taken from [238].

This step from the non-hierarchical BN to the hierarchical model introduces some

key differences which allow us to approach many multi-parameter problems in a much

more natural and intuitive way [38]. In particular, the concept of "partial pooling"

becomes useful in many applications [246, 247], as an alternative to pooled or un-

pooled models. This relates to phenomena which may be assumed to have a "global"

effect, the influence of which varies under different conditions or between different

subgroups [38]. To give a more explicit definition [38]:

1. A pooled model assumes that all data points, regardless of their group or cat-

egory, are generated from a single common distribution, with no consideration

for group-specific variations.

2. An unpooled model treats each group or category of data as if it has its own

separate distribution or set of parameters, without sharing information across

groups.



5.2. Bayesian Hierarchical Modelling Framework 124

3. A partially pooled model simultaneously models both individual-level and group-

level effects, allowing for the sharing of information across groups while accom-

modating group-specific variations.

To take an example from the wind industry: all wind turbines share a similar

set of failure mechanisms, however the frequency or consequence of those failures are

assumed to vary with wind speed/turbulence [217], maintenance strategy [248], WT

type [78] and access conditions [14]. In the absence of hierarchical modelling, there

are two options to account for these variations:

1. Estimate a global average from the broad pool of all wind turbines.

2. Consider failure rates and downtimes separately for (e.g.) each category of WT

type.

Taken more generally, approach (1) is an example of a pooled model, and approach

(2) an unpooled model [249]. Both will lead to inaccuracies in prediction. The first is

insufficient for large datasets because it discards information relating to the inherent

relationships in the data, and the second is in danger of over-fitting, meaning that

it fits existing data very well but lacks any predictive power. A Bayesian hierarchi-

cal model finds a compromise such that information can be shared between groups

whilst also maintaining the benefit of the global averages [250]. The 3 approaches are

summarised in figure 5.3, which represents some modelling of parameters θi based on

observations yi. The options 5.3 (a) and (b) can be achieved by complete pooling

and no pooling respectively. In Bayesian modelling, option 5.3 (c) is achieved not by

specifying probabilistic distributions for θi in themselves but via so called hyperprior

distributions for the parameters µ, σ. In this way the conditional probability distri-

butions of separate groups (θi)’s are viewed as a sample from a common population

distribution, and share information via their common hyperpriors [38]. This results

in shrinkage of group means away from their individual sample towards the mean

of the collective, an effect which is particularly useful for groups with small sample

sizes [38]. In specifying our priors, the researcher therefore has influence over the
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mean and variance of posterior estimates for the hyperpriors µ, σ; influence over the

mean and variance of parameters θi, and influence over the shrinkage effect of those

θi parameters from the global mean.

(a) (b) (c)

Figure 5.3: An example of (a) pooled (b) unpooled and (c) partial pooled models for
some parameters θi, observations yi and hyperpriors µ and σ2.

5.2.4 Hyperpriors

In hierarchical models, prior information is introduced via so-called hyperpriors which

regularise global averages and variances [38]. Broadly speaking, there are a two

categories of prior to consider:

1. Non-informative or weakly informative priors [251]. Non-informative or weakly

informative priors are used when there is no or little existing data or firm expert

judgement available which relates to the problem in question. In this case

it might seem convenient to assign equal probabilities to all possibilities (a

uniform prior [252]), or to use (e.g.) a very diffuse normal distribution [251].

Non-informative or weakly informative priors are discouraged when using with

small datasets [253]. To let the data dominate the posterior may lead to poor

inferences, in the same way that frequentest approaches with small sample lack

statistical significance. However, if there are enough samples such that allowing

the data to dominate the posterior is statistically sound, they may be used [251].

2. Informative priors are at the other end of the scale - they convey precise in-

formation about a variable [254]. This is achieved either by expert elicitation

or by some empirical Bayesian method [254]. The latter category encompasses
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methods by which to estimate priors from the dataset itself, before undertak-

ing a formal Bayesian analysis. This is something of a compromise between

frequentist and Bayesian approaches which negates some of the benefits of the

proposed methodology, so it is deemed unsuitable for this study. Of the former

category, a metadata analysis of other studies may be hindered by common

confidentiality practices of the industry, and surveyed expert opinions are out-

with the scope of the project. In this case, it was judged that the most robust

treatment of prior knowledge can be provided by a O&M cost modelling tool,

of which there are many examples in the literature [14].

Deriving hyperpriors for the model can be acheived via a two-stage Bayesian

updating approach as described by Yu et al.[254]. The process is summarised in figure

5.4. First, historical data for the parameters of interest are derived from the O&M

cost model. The results of that modelling are used to perform Bayesian inference

with weakly-informative priors for all parameters of the data-model. The means and

variances of the posterior distributions of that initial Bayesian inference stage act as

informative priors incorporated in the later inference procedure, which is where priors

are condition on observed data.

5.2.5 Sampling Method

Since researchers cannot typically rely on exact posterior inference via an analytical

solution of Bayes’s rule (equation 5.2), they turn to numerical integration techniques,

of which there are two categories: deterministic and stochastic [38]. Within the

family of stochastic techniques, a general class of algorithms named Markov Chain

Monte Carlo (MCMC) has been particularly important in making Bayesian inference

practical for generic hierarchical models [38]. MCMC allows the Bayesian researcher

to draw a series of correlated samples that will converge in distribution to the specified

target distribution of the model [255].

Among this family of algorithms, Hamiltonian Monte Carlo (HMC) is often con-

sidered effective [256]. HMC works by treating probabilistic systems as if they are
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Figure 5.4: Summary of two-stage Bayesian uodating approach defined by Yu et
al.[254].

physical systems, shifting the problem from that of sampling from a target distri-

bution to the simulation of Hamiltonian dynamics [257]. This allows for for much

more efficient sampling, as it avoids for the computationally inefficient random walk

behaviour characteristic of algorithms such as Metropolis [258] or Gibbs [259] sam-

pling to be done away with. A particular advantage of using PYMC3 software is

the application of the No-U-Turn Sampler (NUTS), a variation on the typical HMC

algorithm [256] which eliminates the need to hand-tune HMC via a parameter which

defines the number of steps in the simulation. This provides a certain accessibility

to practitioners, as tuning of the model usually requires some prior experience or

expertise, and can be time-consuming.
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5.2.6 Defining a Bayesian Hierarchical Model

Referring the the points outlined in section section 5.2.1, the first step of a Bayesian

analysis consists of constructing a full probability model. In doing so, we can draw

from the works of Gelman and Hill [260] and [254]. The model is summarised in figure

5.6. Layer A represents informative input from an O&M model. This is not discussed

in the following subsections but is discussed in section section 6.2.2.1, where the case

studies are presented. Layer B represents the hyperpriors for the covariance matrix,

as described in section section 5.2.6.2. Layer C presents the inputs to the regression

model, also described in section section 5.2.6.2. Layer D represents the regression

framework itself, as decribed in section section 5.2.6.1. Finally, layer E represents the

posterior specification.
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Figure 5.5: Diagram showing the relationships between model parameters and hyper-parameters in the Bayesian hierarchical
model as described in sections section 5.2.6.1 and section 5.2.6.2.
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5.2.6.1 Regression Framework

In the following, consider a dataset consisting of y data points describing the de-

pendent variable of interest θ with a set of corresponding points x describing the

independent variable. The size of the effect of the independent variable on y is given

by a coefficient β and there is an intercept α which represents the value of y in the

absence of x. Also consider that y can be grouped in a hierarchical nature into

j groups. There are two conventional approaches to modelling y. The first is an

unpooled model:

θ = α + βx+ ϵi, (5.7)

where ϵ is the model error. The second is a pooled model:

θ = αj + βx+ ϵi. (5.8)

The simplest hierarchical model we could create to model θ ignores the effect of

β and imposes partial pooling on α, such that a partially-pooled α (denoted α̂) is

approximately a weighted average between groups:

α̂ ≈
(nj/σ

2
y)yj + (1/σ2

α)y

(nj/σ2
y) + (1/σ2

α)
, (5.9)

where nj is the number of data points in group j, yj is the mean observed value of

each group (the unpooled estimate), y is the mean observed value for all data points

(the pooled estimate), σ2
y is the within-group variance in values and σ2

α is the variance

among group-level estimates. This represents both the relative information available

about individual groups and the average of all groups. This means that:

1. Estimates for groups with smaller sample sizes will shrink towards the overall

average;

2. Estimates for groups with larger sample sizes will be closer to the unpooled

estimates and will influence the the group-wide average.
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This is done in the hierarchical Bayesian framework by defining a hyperparameter

on the αj’s, for example:

θ = αj;

αj ∼ N (µα, σα),
(5.10)

where their mean µα and standard deviation σα are estimated from the data (via

Bayes rule). The common distribution N (µα, µβ) has the effect of pulling the es-

timates of αj towards the common mean in such a way that statistical strength is

shared between groups. Note that the distributional assumption of a normal distri-

bution (N ) can change based on the nature of the model. Also note that the normal

distribution is defined in section section 5.2.6.2.

Equation 5.10 can now be expanded to also include a varying effect parameter,

which behaves in the same way as the common hyper-parameter on αj, e.g.;

θ = αj + βjxi;

αj ∼ N (µα, σα);

βj ∼ N (µβ, σβ),

(5.11)

where again their mean µβ and standard deviation σβ are estimated from the data.

We can see that now both the intercept and the effect vary by group. However, the

model can be further expanded to include covariation between intercepts and effects.

This can be done by specifying a multivariate Normal distribution over αj and βj,

such that:

(
αj

βj

)
= N

((
µα

µβ

)
,Σ

)
, (5.12)

where:

Σ =

(
σ2
α ρσασβ

ρσβσα σ2
β

)
(5.13)

and where ρ is a between-group correlation parameter.
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5.2.6.2 Probability Model

In the Bayesian model, we have to make assumptions as to the probability distribu-

tions of the hyper-priors α, β, and the covariance matrix Σ. In this thesis, µα, µβ are

defined by the two-stage Bayesian updating procedure described by [254]. They are

represented by a normal distribution:

α =

√
1

2πσ2
α

exp

(
− 1

2σ2
α

(xi − µα)
2

)

β =

√
1

2πσ2
β

exp

(
− 1

2σ2
β

(xi − µβ)
2

) (5.14)

In the first stage of the two-stage Bayesian updating procedure, the parameters

µα, µβ, σα and σβ are selected to define a defuse distribution. In the second stage

µα, µβ, σα and σβ are defined by running the values of the cost model as if they were

historical data to obtain informative values.

Covariation between the groups is modelled by a multivariate Normal distribution:

(
αj

βj

)
∼
√

1

2πΣ
exp

(
−1

2
(xi − µ)TΣ−1(xi − µ)

)
, (5.15)

where:

µ =

(
µα

µβ

)
(5.16)

In order to induce a prior on Σ, we need to define a prior on the correlation matrix

of αj and βj and a prior for the standard deviations on σα and σβ [261]. Again, these

parameters are defined using the two-stage updating procedure as described above.

In this thesis, σα and σβ are defined by exponential distributions:

σα = κα exp(−καxi)

σβ = κβ exp(−κβxi)
(5.17)
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Lewandowski-Kurowicka-Joe (LKJ) distribution [262] is used to set a prior on the

correlation matrix of Σ. Σ can be written as [263, p. 442]:

Σ =

(
σα 0
0 σβ

)
C

(
σα 0
0 σβ

)
, (5.18)

Where C is the correlation matrix. We can then induce a prior for Σ by setting a

prior for the correlation matrix C and the standard deviations. The LKJ distribution

is governed by a hyperparameter η such that:

C ∼ LKJ(η);

p(C|η) ∝ |C|η−1
(5.19)

This means that η = 1 leads to a uniform distribution on correlation matrices and

the magnitude of correlations between components decreases as η → ∞.

Finally, a sampling distribution (ysamp) must be specified for the data for every

group j. This is defined such that:

ysamp ∼ N (θj, σy);

ysamp ∈ (lu, ll);

σ ∼ exp(κy),

(5.20)

where, lu, ll represent upper and lower limits imposed by restrictions on the data

(e.g. availability cannot be lower than 0 or greater than 1).

5.3 Reliability Analysis of Wind Turbines

While the above methodology is able to account for variability across multiple levels

or groups in the dataset, the functionality of modelling is altered when considering

time-to-event datasets. While the goal of the hierarchical models developed above

is to describe the relationships and variability at each level of a hierarchy while also

accounting for uncertainty [38], here the goal is to understand the time it takes for

an event to occur and how various factors influence this time.
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5.3.1 Hazard Scale Models

Modelling time between failures facilitates the use of hazard scale models [224].

Within a hazard scale formulation, the hazard function for a given event l at time t

from our designated point of origin can be represented via a regression model:

hl(t) = h0(t) exp (ϕl(t)), (5.21)

where h0(t) is the baseline hazard rate and ϕl(t) is some linear predictor describing

the effect of the chosen covariates on event l at time t. The baseline hazard is therefore

the estimated hazard rate in the absence of covariate effects. Typically wind turbine

reliability modelling relies on exponential models:

hl(t) = λl(t); λl(t) = a exp (ϕl(t)). (5.22)

Here, when covariate effects are assumed to be time-invariant a constant hazard

rate is defined by a. Note the similarity to the formulation used by Slimacek and

Lindqvist [137] to define their Homogeneous Poisson Process (HPP). In some instances

[159, 264] researchers opt for Weibull distributed failures. In this case:

hl(t) = γtγ−1 exp (ϕl(t)) (5.23)

where γ > 0 is a shape parameter.

The above model formulations are akin to the popular Cox model. The model

presented here, however, differs by three means - via time-dependent covariate effects,

frailty (random) effects and Bayesian estimation, which are elaborated on in the

following subsections.

5.3.2 Covariate Effects

Covariate effects are wrapped up in the linear predictor

phil(t):

ϕl(t) = βT (t)X l(t), (5.24)
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where X l(t) = [1, xl,1(t), ..., xl,P (t)] is a vector of covariates with xl,p(t) being the

observed value of the pth covariate for the lth event at time t. β(t) = [β0, β1(t), ..., βP (t)]

is a vector of coefficient values in which β0 is an intercept term and βp(t) is the co-

efficient for the pth variable. Individual covariates contribute an effect via the term

exp (βp(t)) from the exponential term in equation 5.23, otherwise known as the haz-

ard ratio. This represents a relative increase or decrease in the baseline hazard due

to the inclusion of a specific parameter. A unit increase in the covariate corresponds

to a unit increase in the hazard, proportional to the hazard ratio.

Typically within WT reliability analyses, βp(t) is time-invariant, i.e.:

βp(t) = ζp0, (5.25)

such that ζp0 is a constant effect. This is commonly referred to as the propor-

tional hazards assumption, and is key in formulating the Cox-model. Note that this

assumption is implicitly held by Slimacek and Lindqvist [137] and any previous stud-

ies which employ covariate effects [159]. Some covariates may violate this assumption,

however, by having a time-dependence. Such variables will be referred to as having

a time-varying effect, since their hazard ratio is a function of time. In this thesis

the time-dependence is modelled via a B-spline, or basis spline, so called because it

combines a number of weighted basis functions to represent the given relationship.

Thus, the covariate effect is modelled as:

βp(t) = ζp0 +
M∑

m=1

ζpmBm(t;k, δ) (5.26)

where ζp0 is a constant, Bm(t;k, δ) is the mth basis term of a degree δ B-spline

function subject to a vector of knot locations k, and ζpm the corresponding mth

B-spline coefficient. Such a formulation utilising B-splines has been shown to be

effective for modelling time varying effects, as shown by (e.g.) Perperoglou [265],

Andrinopoulou et al. [266] and Gao et al [267]. Their effectiveness, however, depends

on two hyperparameters; namely δ and the knot vector k. Regarding the choice of δ,

cubic basis functions (i.e. δ = 3) are most popular in the literature [268]. Given the
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property of continuous first and second derivatives, they provide smooth interpolation

when compared to linear and quadratic basis functions [269]. They also avoid some

of the issues associated with higher order polynomials, for example Runge’s problem.

Knot locations present a more complex problem. Improper selection of knot loca-

tions can lead to poor predictions via either overfitting (in the case where there are too

many splines) or underfitting (in the case where too few knot locations) [270]. The lit-

erature presents two main ways of handling this issue. The first employs some form of

penalty against over-fitting, as is common to many machine learning methodologies.

This involves the selection of another smoothing parameter or penalty weight, which

is optimised to achieve the best ’smoothness’ between adjacent splines [265, 271]. The

alternative approach is opted for, whereby several configurations of knot locations are

considered and compared via a model selection criteria [272], such that a model is

selected parsimoniously. More information on model comparison is given in section

3.3.3.

5.3.3 Frailty Models

Wind turbine reliability is difficult to properly quantify. There are myriad different

covariates that have an influence. On top of this, the complete set of influential

environmental, operational or design parameters that might be considered to improve

the accuracy of any reliability model is rarely available to researchers - or indeed

even operators. Often there is an additional heterogeneity between systems which is

unexplained by model covariates. In survival or reliability analysis this hierarchical

nature is commonly accounted for by including frailties in the model [273]. In effect

this clusters observations into groups sharing a common characteristic; here, it takes

the form a turbine-by-turbine frailty. This means that any ith event belonging to any

jth given turbine are correlated, which can be modelled via a random effects term in

the linear predictor:

ϕlq(t) = βTXlq(t) + bTq Zlq, (5.27)
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where Xlq has been given a subscript to denote events belonging to the turbine

q, Zlq is a vector of covariates for the ith event for the qth turbine and bq is the

associated vector of turbine-specific random effect parameters with covariance matrix

Cov(bq) = Σb and expected value E{bq} = 0.

Including frailty effects not only has the potential to improve the accuracy of the

model, but addresses how to alter the traditional Cox-like parameterisation to include

recurrent events for individual turbines. As explained by Amorim & Cai [274], there

are two options for datasets of this type. The first is to employ a Markov process,

where future events depend only on the immediate past. The other is via shared

random effects or frailties, as is the base here. This is a natural choice for wind

turbines: failure rates may differ significantly even among fleets of the same model

and it is often difficult to attribute any discrepancies to observable covariates.

5.3.4 Priors

As with the hierarchical model specified in section section 5.2.6.2, a full-probability

model must be constructed by specifying priors for model parameters. In contrast to

the Bayesian hierarchical modelling framework, it is assumed that there are enough

failures at the turbine level to allow for weakly informative priors. Additionally, in

the absence of structured expert opinion it is difficult to define informative priors

for many parameters. The time-varying effect of maintenance works on failure rate,

for instance, is a novel covariate for which no data points exist. Neither is the ef-

fect accounted for by state-of-the-art decision tools. The covariance matrices which

characterise the frailties of individual turbines would vary from farm-to-farm.

Having determined that priors will be weakly-informative, this thesis makes the

following assumptions:

1. Intercept value β0. Models contain an intercept term in the linear predictor

which partly characterises the baseline hazard. It takes the form of a diffuse

normal distribution such that β0 ∼ N(µ, σ), where µ = 0 and σ = 5. This

specification implies little known effect by centering the prior mean coefficient
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values on 0 and allowing them enough scope to deviate from that value via a

relatively large standard deviation.

2. Time-Invariant Regression Coefficients ζp0. As above, a normal distri-

bution is assumed such that θp0 ∼ N(µ, σ), where µ = 0 and σ = 5. This

specification implies little known effect by centering the prior mean coefficient

values on 0 and allowing them enough scope to deviate from that value via a

relatively large standard deviation

3. Time-Varying B-Spline Coefficients θpl. The B-spline coefficients are de-

cribed via a random walk where ζp,1 ∼ N(0, 1) and ζp,m ∼ N(ζp,m−1, τp) for

m = 2, ...,M , where M is the total number of basis terms. Using this specifi-

cation also requires a prior for τp, which is defined as an exponential such that

τp ∼ exp (λτ ), where λτ ] = 5. τp acts as a smoothing parameter for the B-Spline

which can be used as a form of regularisation. Thus, the exponential form of

prior is used to encourage low values and prevent over-fitting.

4. Wiebull Scale Parameter γ. Where a Weibull model is employed a Weibull

model, the scale parameter is assumed to follow a half normal distribution, such

that γ ∼ N(µ, σ), where µ = 0, σ = 1 and γ > 0.

5. Covariance Matrix. The covariance matrix is made up of a series of decompo-

sitions. First the covariance matrix Σb is decomposed into a correlation matrix

Ω and a vector of variances D, such that:

Σb = D1/2ΩD1/2 (5.28)

The variances are in turn decomposed into the product of a simplex vector π

and the trace of the matrix, such that:

V ar(xi) = πiTr(Σb) (5.29)
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where V ar(xi) is the variance of some variable xi and πi is the ith element of

the vector π. The trace is the product of the order of the matrix and the square

of a scale parameter ξ. Again, the LKJ distribution [262] is used as a prior for

Ω. The regularisation parameter is set to 1, meaning that the prior distribution

is jointly uniform over all possible correlation matrices. A symmetric Dirichlet

prior is used for π, which has a single concentration parameter ω > 0. Again

the default ω = 1 is used, meaning jointly uniform probability for all simplexes.

A Gamma distribution is specified for ξ, such that:

ξ =
βαxα−1 exp(−βx)

Γ(α)
, (5.30)

where α = 1 is a shape parameter β = 1 is a rate parameter and Γ(α) is a

Gamma function.

Figure 5.6 summarises the relationships between model variables for the Weibull

model. Layer A is the outermost layer representing the random walk hyperparameter

for time-dependent variables, as specified in point 3 of section section 5.3.4. Layer B

represents covariate hyperparameters for time-dependent variables, also specified in

point 3 of section section 5.3.4. Layer C represents the range of variables that make

up the covariate effects and covariance matrix, as described in sections section 5.3.4

and section 5.3.4 respectively. Label D represents those two components. Layer

E represents the regression framework described in section section 5.3.3. Layer F

represents the hazard rate specified in section section 5.3.1.
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Figure 5.6: Diagram showing the relationships between model parameters & hyper-parameters as described in section section 5.3,
along with their associated prior specifications.
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5.3.5 Model Comparison

This analysis uses leave-one-out cross-validation (LOO-CV) to undertake model com-

parison [275]. LOO-CV was developed specifically for estimating out-of-sample pre-

dictive accuracy from the posterior sample of fitted Bayesian models. Consider a

dataset y = (y1, y2, ..., yn), which has been generated by some theoretical true gen-

erating mechanism for y, pt(y). Also consider a new dataset ỹ = (ỹ1, ỹ2, ..., ỹn). ỹi

which is independent from y, but is also assumed to be generated by pt(y). In the

Bayesian setting we arrive at a posterior predictive distribution for the new dataset

ỹ fitted on the orginal dataset y:

p(ỹ|y) =
∫

p(ỹ|θ)p(θ|y)dθ (5.31)

Evaluating a given set of models Mr ∈ {M1,M2, ...,MR} involves estimating

the expected log point-wise predictive density (ELPD), which acts as a measure of

predictive accuracy for the dataset ỹ. The ELDP is given by [276]:

elpd(Mk|y) =
n∑

i=1

∫
pt(ỹi) log pk(ỹi|y)dỹi, (5.32)

where pk(ỹi|yi) is the posterior predictive density for the model Mk. In practice.

however, what one refers to as the true data generating process is unknown. Some

means of approximation for equation 5.32 is therefore necessary. In many machine

learning methodologies, out-of-sample test data is used for a similar purpose. In the

Bayesian framework, cross-validation (CV) [277] has become popular. CV involves

splitting the data into K parts which are respectively used as out-of-sample validation

sets for the model fit with the remaining data. In LOO-CV the analysts estimates

the predictive accuracy of the n data points taken one at a time, such that K = n.

This is given by:

elpdLOO(Mk|y) =
n∑

i=1

log pMk
(i|yi−1), (5.33)

where
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log pMk
(yi|yi−1) = log

∫
pMk

(yi|θ)pMk
(θ|yi−1)dθ (5.34)

is the leave-one-out predictive log density for the ith data point of the model Mk.

In practice we are only concerned with the comparison of two models, so it is sufficient

to estimate the difference in their expected predictive power. For two models M1 and

M2 (e.g. representing models with different knot vectors k), the difference in their

expected predictive accuracy is estimated as:

êlpdLOO(M1,M2|y) = êlpdLOO(M1|y)− êlpdLOO(M2|y)

=
n∑

i=1

(log pM1(yi|yi−1)− log pM2(yi|yi−1))

=
n∑

i=1

êlpdLOO,i(M1,M2|y).

(5.35)

Now that there is a model comparison criterion in place, I employ a two stage

step-wise procedure for model building as developed by Hofner et al. [278]. This

consists of the following steps:

1. Starting Model definition. The starting model consists simply of the base-

line hazard rate with turbine frailties. There are two choices for baseline haz-

ard rate; namely exponential and Weibull. This is the initial model selection

problem. Note that frailties must be included from the outset to account for

recurrent events among the same turbine.

2. Initial Choice Set. Define a set of variables to be respectively added to the

model. These are defined in section section 6.3.1.1. The primary problem is in

selecting the number of knots for time-varying effects. This is done by increasing

the number of knots to the point where the increase in model accuracy is in-

significant. If any respective variable improves the model’s predictive accuracy

it is included.
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Figure 5.7: Flow chart summarising the model selection criteria

3. Backwards Selection. Perform a backward deletion step on the current

model, i.e., estimate all hazard regression models obtained from the current

model by dropping one covariate at a time. If an improvement of the model

comparison criterion can be achieved, make the reduced model with optimal

model comparison criterion the working model.

The process is summarised by figure 5.7.

5.4 Chapter Conclusion

This chapter presents two Bayesian methodologies which have been developed to

extract value from the operational dataset. Bayesian methodologies were selected

for their ability to handle small and incomplete datasets, their inherent uncertainty

quantification capabilities, their white-box nature and their ability to incorporate

different sources of knowledge.

Within the Bayesian regime, two modelling techniques were developed. The

unique features of these techniques are summarised in table 5.1. The first, a Bayesian
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hierarchical modelling technique, utilises a two-stage Bayesian updating approach to

derive informative priors and then update those priors based on relevant data. The

second extends traditional reliability models into the Bayesian regime (for robust

uncertainty quantification) using time-dependent variables.

Table 5.1: Summary of the key features of the Bayesian methodologies presented in
this chapter

Bayesian Hierarchical
Model

Bayesian Reliability
Analysis

Useful application Modelling the relationships
and variability of hierarchi-
cal data-types

Understaning the time it
takes for an event to occur
and how various factors in-
fluence this time

Data Type Hierarchical (Multi-level)
data

Time-to-event data

Key Components Informative hyperparame-
ters, hierarchical variables

Weakly-informative priors,
Baseline hazard function,
time-dependent variables,
constant variables, frailty
effects

Intended Use Case Bayesian updating to assess
maintenance strategy

Accurate representation of
turbine time-to-failure

Intended time-frame Short-to-mid term Mid-to-long term



6 Bayesian Case Studies

6.1 Chapter Overview

This chapter presents a series of case studies based on the methodologies presented

in chapter chapter 3. A version of the results that are presented here are published

in [279] and [280]. Namely:

1. Section section 6.2 presents an application of the Bayesian hierarchical mod-

elling methodology developed in section section 5.2.1 to the question of night

shifts. This section therefore addresses the objective: “Explore the effectiveness

of night shifts in increasing power production and availability based on up-to-

date, real-world operational data,” the rationale for which is laid out in section

section 2.6.2.

2. Section section 6.3 presents an application of the Bayesian reliability modelling

methodology developed in section section 5.3 to the question of annual services

and their effect on WT reliability. This section therefore addresses the objective:

“Explore the effect that annual services have on proceeding corrective works and

in turn the reliability of wind turbines based on up-to-date, real-world operational

data,” the rationale for which is laid out in section section 2.6.3.

6.2 Bayesian Hierarchical Assessment of Night Shifts

This section presents a Bayesian hierarchical model to assess the effectiveness of night

shifts in increasing power production and technical availability. The rationale for the

145
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analysis is presented in section section 2.6.2. To re-iterate, the question of night shifts

was of interest to the industrial partner of this project as they were in operation at the

WF from November to February inclusive. While previous studies [219, 150, 169] have

investigated night shifts before (and found various advantages of using the strategy),

no cost benefit analysis is provided on real-world, up-to-date data. Providing that

cost benefit analysis is the aim of the following analysis.

6.2.1 Synthetic Data Creation

Two final steps of data manipulation on from Downtime Catalogue defined in section

section 3.4.1 was required for the night shift analysis. This consisted of combin-

ing Downtime Catalogue and Turbine Regressors, and splitting the data into either

monthly or weekly time periods to create Monthly Performance Records and Weekly

Performance Records respectively. While it is typical for operators to track monthly

Key Performance Indicators (KPIs) for offshore wind farms, Weekly Performance

Records was created so that there would be more samples to inform the following

Bayesian analysis. Weekly Performance records is therefore used as the input to the

Bayesian model.

The impact of night shifts on lost production due to repairs was analysed using

two pieces of logic which act on Weekly Performance Records.

The first addressed the period of November through February (inclusive), where

night shifts were in operation at the site. This involved estimating the reduction

of downtime achieved by the work which was undertaken at night, which involved

reusing CTVs for a shift starting at 10pm. This time of year is characterised by a

higher wind energy content, so the opportunity cost from any given failure is expected

to be greater. Also, the industry tends to regard the winter months as a time of high

failure rates. Research work has corroborated this notion [135, 136]. Algorithm 1

provides the psuedocode used for estimating a hypothetical lost production for each

event, which was used to update Weekly Performance Records. Effectively the work

undertaken at night is displaced to the next available shift, then assume a knock-on

effect of subsequent works. There is a clause in the algorithm which estimates the
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effect of having different numbers of technicians in the night team, which is evaluated

at 12, 9 and 6. These numbers were selected to represent fractions of the maximum

number of technicians that could fit on one CTV. For technician teams of 6 or 9,

Night Shift Lookup Table was used to estimate which maintenance actions could still

go ahead with less technicians available, and would therefore lead to reduced lost

production.

The second piece of logic addressed the period between March and October (in-

clusive), where night shifts were not in operation. This switches the question from

how much ’lost production’ was avoided by employing night shifts? to how much ’lost

production’ could be avoided by employing night shifts over the entire year? Ilook at

all corrective events which had overnight downtime. It is assumed that one vessel

would be repurposed to address corrective works at night, and that there is suitable

resources in terms of technicians to do so. The algorithm employed (algorithm 2) in-

corporates the Weather data table, seeks out weather windows during the night where

the significant wave height does not exceed 1.3m, and ’re-orders’ the timeline of repair

works such that turbine downtime is reduced. 1.3m was used as it is the threshold

used by the site. There is an obvious shortcoming with this approach: namely that it

is unable to capture all of the operational factors which are inherent in deciding which

turbines to visit during a given shift. This will differ given availability of spare parts,

severity of fault and/or availability of appropriately qualified technicians. Since it

is assumed that one vessel is in use during any given night shift, faults are selected

simply by their proximity to the O&M service base. Again, we evaluate the strategy

with a team of 12 technicians, 9 technicians and with a team of 6.

6.2.2 Bayesian Hierarchical Model Specification

Here, two models are built to explore KPIs of interest, namely:

1. Opportunity cost, presented in units of £/MW installed capacity. Calculated

by estimating lost production due to corrective maintenance per week via the

model, applying a constant price of energy (see section section 6.2.2.4) to each
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Algorithm 1 Pseudocode for estimating avoided lost production during winter
for each row in Downtime Catalogue do

Cut Operations down to between start & end of downtime event
Cut Operations again to jobs that occurred during night shift
Re-sample resulting Dataframe by night shift
Group by turbine and shift
if no. techs available = 12 then

Calculate number of night-tasks completed & total hours completed
else no. techs available < 12

Use Night Shift Lookup Table to estimate how many tasks would have been com-
pleted

Calculate number of night-tasks completed & total hours completed
end if

end for
if no. night shifts > 0 then

Cut Weather down to above end of downtime event
Label subsequent day-shift hours as work hours or non-work hours
Count out the requisite number of extra day work hours required to complete the task

in question
Store hypothetical task end time

else return 0
Employ turbine regressors to calculate lost production and hypothetical lost produc-

tion

posterior density point and dividing by the capacity of the farm. Lost produc-

tion data points are denoted yLP
i

2. Time-based technical availability. Defined as the ratio of downtime due solely

to corrective maintenance time as defined in section section 3.2.1. Availability

data points are denoted yav
i .

Since both models have the same formulation with different priors. The super-

script index is dropped and define generic variables for both. The model specification

follows the Bayesian hierarchical methodology developed in section section 5.2.6. The

covariate of interest is whether night shifts are in operation or not. This is labelled

xNS and takes a value of 0 or 1. The hierarchical groups are the months of the year

such that αj = αseas represents seasonality as a hierarchical construct. The model

can therefore be summarised as:

y = αseas + βseasxNS + ϵi; (6.1)
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Algorithm 2 Pseudocode for estimating the potential for avoided lost production
for the months March through October

for each row in Downtime Catalogue do
Cut Operations down to between start & end of downtime event
Create daily lookup table with shift starting time and amount of time spent under-

taking works for each downtime event
Cross-reference look up table with Weather to determine hourly wave-height readings

throughout duration of downtime
Update lookup table to include fictitious night shifts
Determine whether fictitious night shifts are weather-appropriate for undertaking

maintenance works
Lookup entries of fictitious night shift already recorded to assess whether there are

enough technicians to perform work
for each row in Lookup Table do

if there exists available night shifts then
if there are day shifts where weather conditions are fine but no work has been

carried out then
Assume insufficient resources and return 0 change in lost production

else
Reshuffle lookup table so that most immediate shifts are utilised in mainte-

nance work
Employ turbine regressors to calculate lost production and hypothetical lost

production

(
αj

βj

)
= N

((
µα

µβ

)
,Σ

)
, (6.2)

As part of the sensitivity analysis, the data is also categorised via failure rate.

The influence of failure rate is explored by altering the hierarchical model to include

it as another feature. In order to do so, turbines are discretised into ’high’, ’medium’

and ’low’ failure rates. This is based on the sample quantiles, such that there are

an approximately equal number of turbines in each bin. The priors shown in figure

6.1 are altered to accommodate the change in the model. This followed the same

process as before, but with fewer turbines in the simulation. Where failure rates are

introduced, the hierarchical structure is extended to accommodate two levels. In this

case, the model shifts from modelling a farm-wide lost production/availability towards

modelling sub-groups of turbines. This introduces another level in the hierarchy which

must be represented in the data model. Equation 6.1 must be altered to reflect another

level of hierarchy:
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y = αseas,fr + βseas,frxNS, (6.3)

where the index fr denotes failure rate quantiles.

6.2.2.1 Hyperprior Elicitation

Hierarchical models can overcome some of the issues associated with small data sample

sizes by employing informative hyperpriors. In this case, the hyperpriors are the α

and β parameters.

6.2.2.2 Hyperprior Elicitation

As summarised in section section 5.2.4, this thesis relies on an O&M cost model for

hyperprior elicitation. This analysis relies on the use of the StrathOW-OM tool [17]

to derive hyperpriors. The model is described in section section 3.5. Prior estimates

for α and β, σα, σβ and λ are obtained via a two-stage Bayesian updating approach as

described in section section 5.2.4, where the output of the StrathOW-OM is considered

as historical data. First, weakly informative pre-priors are specified, in the form of

normal distributions for α and β, σα and σβ with large variances in comparison

to the means, and exponential distribution for σy with a weakly informative rate

parameter. The StrathOW-OM was run with the input assumptions described in

table 6.1. Outputs were adjusted so that the lost production and availability per week

could be retrieved. More informative priors could then be estimated by retrieving

posterior inferences for model parameters from the Bayesian hierarchical model, using

the StrathOW-OM model output as the likelihood. The refinement of the parameters

α and β for the lost production model, from the weakly informative pre-priors to the

priors, and eventually to the posterior estimates is shown in figures 6.1 (a) & (b).

6.2.2.3 Sampling

As described in section ??, the NUTS sampler is readily applicable to the model.

However, there are a few parameters which need to be specified before samples can

be drawn from the posterior. 1,000 tuning steps are used, which effectively act as
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Table 6.1: Input assumptions for the StrathOW-OM tool used for prior elicitation.

Variable Description & Source

Failure Rates,
Repair Times

The assumption of zero prior knowledge of failure rates at the cur-
rent site before the implementation of the Bayesian model is made.
Failure rates and repair times therefore come from Carroll et al.
[82].

Vessels It is assumed there are 6 CTVs operating at the site via a long-term
charter, which is closest to the average of 6.33 vessel used per day,
each having a 12-person capacity.

Weather Weather readings from the on-site met and wave measurement
equipment are fed into the tool, which in turn simulates weather
conditions with similar characteristics.

Power Curve The power curve was estimated using the SCADA readings from the
site, by binning data by wind speed and averaging power output
within each bin.

Governing
Weather Crite-
ria

CTV: wave height - 1.3m, SOV: wave height - 1.3m, Heavy-Lift
vessel: wind speed - 10m/s.

an initial training period for the sampler to converge to the target distribution by

optimising the step size parameter of the HMC. the number 1,000 was selected by

experimentation - for computational efficiency it is best to minimise this while main-

taining a robust model. Once this initial tuning has taken place, these samples are

discarded as there is no guarantee that they have asymptotically come from the target

distribution. The program goes on to sample 4,000 draws from the target posterior

distribution using 4 chains (pymc3 uses 1 CPU core per chain - 4 chains reflects a 4

core computer). Again 4,000 draws is something of a compromise between compu-

tational efficiency and having enough posterior samples to draw from to reflect the

target distribution. The number of chains specifies the number of Markov chains to

run, and is useful for checking that the model has converged to a stationary target

distribution.

Figure 6.2 explores the convergence of the NUTS algorithm given the above pa-

rameters. As described by Betancourt [281], when the marginal energy and energy

transition distributions of any given Hamiltonian Markov transition are well matched,
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(a) (b)

Figure 6.1: Kernel density estimate plots showing pre-prior, prior and posterior dis-
tributions for the hyperparameters (a) α and (b) β, representing the weekly lost
production average value and the average savings value afforded by night shifts. X-
axis figures are irrelevant - it is only important to see that the two distributions are
well matched.

the Markov chains are likely to be performing robustly and will present small auto-

correlations.

6.2.2.4 Cost Modelling Assumptions

There are additional expenses and savings to be considered in the case of night shifts,

for which assumptions must be made. These relate to cost modelling, and are detailed

below:

1. The number of vessels needed and the cost of their charters. It is assumed

that the effect of night shifts is to ’displace’ a vessel from the day shift to the

night, effectively allowing the opportunity to avoid a vessel charter by re-using

a day-time vessel. Further, It is assumed a daily vessel charter rate of £1,750,

as is assumed by Dinwoodie et al [17].

2. The value of electricity. This will vary from farm to farm depending on the

support mechanism employed in each case. For simplicity a constant value

of 120 £/MWh is considered as the base case, and consider varying values of

constant prices between 40-150 £/MWh within the sensitivity analyses.
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Figure 6.2: Energy plot showing the marginal energy and energy transition distri-
butions of the Markov chains simulating model variables. Similar density functions
imply a well sampled parameter space. The x-axis is irrelevant - what is important
is how much the marginal energy and energy transition overlap [281].

3. Technician and support staff wages. There are three scenarios to select from:

one that supports 6 technicians per night shift, one that supports 9 and one

that supports 12, as well as onshore support staff and vessel skippers. For each

scenario, It is assumed that there are two onshore staff and two vessel operators.

It is assumed that all staff receive £20 an hour (based on the average technician

salaray [282]), and assume a baseline case that staff receive time and a half for

their work. This amounts to a weekly added cost of £13,400 in the case of 12

technicians, £10,920 in the case of 6 technicians and £8,400 in the case of 6

technicians. It is assumed that there are night workers on call for the entirety

of the period that night shifts are in operation.

4. Months per year working 24/7. In the sensitivity analysis below only profitable

months are included in yearly calculations. For example, if night shifts are not

found to be profitable in the Summer months, they are excluded.

These assumptions are summarised in table 6.2 Where cost parameters are con-

sidered in the model, they are added to the posterior predictive distributions as a

deterministic value.
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Assumption Baseline High Value Low Value
Extra Vessel Cost £1,750/day £1,750/Day £0/Day
Electricity Price 120 £/MWh 150 £/Mwh 40 £/Mwh

Staff Wages (12 techs) £13,400/week £13,400/week £0/week
Staff Wages (9 techs) £10,920/week £13,400/week £0/week
Staff Wages (6 techs) £8,400/week £13,400/week £0/week

Months per Year N/A N/A N/A

Table 6.2: Cost modelling assumptions used to quantify a cost benefit to night shifts.

6.2.3 Night Shift Analysis - Results

6.2.3.1 Posterior Predictive Checking

Posterior predictive checking is the Bayesian’s way of evaluating the fit of the model

and interpreting the consequences of the posterior distribution.

Figures 6.3 (a) and (b) provide an immediate sanity check that the model is

behaving as it should. Here, the posterior predicted values for (a) lost production

and (b) availability in each month are plotted according to the operational strategy

actually employed at the site (without any inclusion of ’expert knowledge’) . They

confirm that data generated form the posterior parameters of the model reflects that

observed from the data. There is more lost production in the winter months, where

wind energy content is higher, access conditions least favourable and it is thought

that wind turbine failures are more likely to occur [135]. Winter months (where

night shifts are in operation) are characterised by the highest time-based availability.

The number of repairs carried out per month roughly reflects the trend observed by

the SPARTA initiative [81] - the operator takes advantage of the favourable access

conditions to carry out most minor repairs in the months with higher accessibility.

Interestingly, a significant uptick in costly failures is observed in August, where wind

conditions are still comparably light, and continues throughout the Autumn months.

This might be a peculiarity of this site.

Figures 6.4 (a) and (b) explore the effect of Bayesian updating on the probability

distribution (PDFs) of weekly lost production in the months of July and October re-

spectively. The posterior predictive distribution in both cases is significantly different
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(a) (b)

Figure 6.3: Posterior density functions describing (a) lost production per week . Mean
likelihood values calculated from the data are shown by the blue line, and individual
data points by the blue dots.

to the prior beliefs which were used to derive estimates of priors for variables. This il-

lustrates the usefulness of the Bayesian Hierarchical approach in re-assessing strategy

based on (statistically speaking) limited data-points. Given an operator considering

extending night shifts from winter to other times of the year, a state-of-the-art opera-

tional cost model would estimate quite significant savings of opportunity cost in July.

Likewise, they would have a misleading perception of October, where opportunity

cost has been higher than expected. On the other hand, the data alone would be

an insufficient means upon which to base future operational strategy, as the small

number of samples in each month also provide an incomplete picture. The Bayesian

hierarchical approach is a compromise between the two, such that samples in different

months can be partially pooled to share statistical strength.

The difference in the probability distributions shown in figures 6.4 implies that the

data points provide some detail where the Dinwoodie model is lacking that detail. For

instance, the data points are characterised by certain features that are not captured

in the StrathOW-OM model. Namely:

1. Varying vessel and technician resource. The StrathOW-OM model assumes that

there is a constant number of CTVs in operation throughout the lifetime of the

farm. However, the number of CTVs vary at the site to accommodate extra
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(a) (b)

Figure 6.4: Conditional probability density describing lost production for the months
of (a) July and (b) October. Probability density functions derived via the StrathOW-
OM model are shown via dotted lines, those derived via the hierarchical model by
solid lines. Night shift scenarios are shown in red, non night shifts in blue.

maintenance work in the summer and less maintenance work in the winter.

This leads to there being from 8-10 CTVs in summer at times and from 4-5

CTVs in winter. This goes some way to explain the difference in lost production

probability distribution in July.

2. Seasonal failure rates. The StrathOW-OM model assumes constant failure rates

for components. Additionally, the failure rates used in the initial modelling stage

are taken from the work of Carroll et al. [82]. Failure rates in the data are likely

to be different than those figures. When those failures occur is also important.

This particular site, for instance, sees high autumnal failure rates, which is what

leads to the different probability distributions in figure 6.4.

3. Opportunistic maintenance/multiple work procedures. The StrathOW-OM does

not account for opportunistic maintenance. There is potential in the data for

corrective works to be included as part of annual service campaigns, and there-

fore not get picked up as part of the corrective maintenance work. Annual

services are likely to be undertaken in the summer, which may also lead to

different predictions in those months than the StrathOW-OM model.
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6.2.3.2 Night Shift Cost Savings

Results of the baseline scenario are shown in figure 6.5 and column 1 of table 6.3.

Figure 6.5 shows the mean weekly lost production value throughout the year for 3

of the different scenarios considered: where there are no night shifts in operation,

and where there are night shifts in operation with either 6 or 12 technicians. The

PDFs with and without night shifts show similar shapes. The ’Night Shift’ scenario

PDF shifts the most likely values for each month to lower values of lost produc-

tion. Profits from employing night shifts are predicted to be greater in the winter

than summer months, as expected. However, profits are also substantial during the

months of August, September and October, where the wind energy content tends to

be lower than winter. The benefit of night shifts on corrective works therefore does

not solely vary with wind speed, but also resource organisation throughout the year

and potentially on the non-corrective works being undertaken at the site. Applying

the baseline scenario assumptions lead us to infer a financial yearly saving of £1,625

per MW installed capacity.

Figure 6.5: Seasonal variation of predicted lost production values in the scenarios
where night shift are in operation with 12 technicians (blue), in operation with 6
technicians (orange) and out of operation (green).
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Additional simulations were undertaken so that the impact of cost modelling as-

sumptions on the viability of the night shift regime could be assessed. The first of

these was the price of electricity, which at a constant rate can be assumed to have

a linear effect on the estimated costs during any given month. This is explored in

columns 4-6 of table 6.3. Months characterised by higher lost production values are

more sensitive to the price of electricity variable. The months of June and July, for

instance, are mainly influenced by savings which can be achieved via vessel leasing

costs. The months of September and October vary much more. As do the winter

months of January and February characterised by high energy content. The yearly

costs, as described in the final row of table 6.3, vary significantly. At lower costs

of energy the additional risk of undertaking work at night may not be worthwhile.

However, there are still significant savings to be had at lower costs of energy with

fewer technicians on night shift.

Table 6.3: Table exploring sensitivity of the baseline scenario to modelling assump-
tions.

Weekly mean ∆ Night Shift - no Night Shift (£/MW installed capacity)
Failure Electricity Support Staff Vessel
Rate Price Wages Savings

BaselineLow High £40
/MWh

£80
/MWh

£150
/MWh

(x2) (x1) No Sav-
ings

Jan 27 12 42 11 17 33 15 47 8
Feb 33 20 57 13 21 41 16 54 14
Mar 29 24 37 14 19 37 16 50 10
Apr 22 17 30 14 18 28 12 42 6
May 19 14 21 12 15 20 10 36 4
Jun 18 14 18 13 15 20 9 35 3
Jul 17 11 14 12 14 19 7 33 1
Aug 28 14 32 16 22 37 15 49 9
Sept 30 21 32 15 21 34 15 51 11
Oct 39 20 69 17 27 49 20 60 20
Nov 37 16 84 14 24 49 18 57 17
Dec 37 17 50 13 23 45 17 57 17
Yearly
Total

1,625 930 2,162 745 1,202 2,000 806 2,520 677

Results are similarly sensitive to support staff and vessel leasing costs. In the

scenario where no vessel savings were achieved, there is a significant reduction in the
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yearly savings. At lower prices of energy, employing a night shift where no savings

in vessel leasing costs could be assumed could become completely unfeasible for low

income months such as June and July. Similar conclusions can be drawn in the

more costly case where staff are paid double time for night shifts (the column (x2)).

The effects of higher staff wages are mitigated, however, by optimising for the most

profitable number of technicians per night shift. Where technicians are paid the

same as they would be on day shifts (x1), savings are most significant. Providing no

incentive for night shift work would be bad practice for businesses considering the

disruption to life it causes staff.

The final sensitivity parameter was failure rate, which was explored by extending

the model to include another level in the hierarchy. The ’Low’ and ’High’ categories

are explored in columns 3 and 4 of table 6.3. There is some variability in how this

effects results month-to-month. In the high wind speed months of January and Febru-

ary, the disparity is significant between high and low failure rate turbines. Likewise

in the months October, November and December. For the yearly simulated data, the

difference in the means was substantial. Savings in the summer months are more

consistent. Turbines in the ’low’ failure rate category see just over half the savings as

the high. Figures 6.6 (a) and (b) explore how failure rate categories effect uncertainty.

Introducing night shifts has a more significant effect on higher failures. This is down

not only to a reduction in the mean expected value, but also to a reduction in the like-

lihood of high values of opportunity cost. These plots show how including additional

parameters such as failure rate can lead to a more thorough uncertainty quantifica-

tion. The uncertainty for the ’High’ failure category is far significantly greater than

that observed in figure 6.5.

6.2.3.3 Availability Savings

Results of the baseline scenario for availability are shown in figure 6.7 and columns 1

and 5 of table 6.4. Figure 6.5 shows the weekly availability posterior density through-

out the year for 3 of the different scenarios considered: where there are no night

shifts in operation, and where there are night shifts in operation with either 6 or 12
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(a) (b)

Figure 6.6: Box-plots exploring the effect of night shift baseline scenario in (a) July
and (b) October.

technicians. The ’Night Shift’ scenario PDF shifts the most likely values for each

month to higher availabilities. In contrast to the lost production model, the benefit

of night shifts on availability is more consistent throughout the year. Repairs during

the favourable access conditions of the summer are preferable to repairs in the win-

ter. There is a drop going from June and July into August and September which is

surprising. This may have to do with a closer focus on scheduled maintenance in the

winter months, which puts off any corrective actions. Such a speculation might be

supported by the results of the second Bayesian case study, which show that failures

are general much more likely to occur immediately after annual service campaigns.

The first half of table 6.4 explores mean availability savings further. Differences

in availability due to the number of technicians on night shifts is explored. On top of

this, the percentage of weeks where the availability exceeds 98% is calculated. This

reflects the structure of contracts fer turbines which are still under warranty, where

OEMs must meet a contracted availability. Employing just one team of 6 techni-

cians itself has an appreciable effect on availability, ranging between 0.36 per week

in January to 0.57 in August, and a yearly mean difference of 0.48. The scenario

likewise has a significant effect on yearly percentages of an arranged lower availability

estimate, which are met 93% more of the time than the non-night shift scenario As

expected, more technicians on night shift translates to better availabilities. Employ-
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Figure 6.7: Seasonal variation of predicted availability in the scenarios where night
shift are in operation with 12 technicians (green), in operation with 6 technicians
(orange) and out of operation (blue).

ing 12 technicians means that the farm could expect to surpass a yearly time-based

technical availability of 99 times out of a hundred. Such a guarantee could have a

significant effect on the negotiation of maintenance contracts between operators and

OEMs.

6.2.4 Night Shift Analysis - Discussion

6.2.4.1 Operational Risk

Offshore wind turbine maintenance is a balancing act. On the one hand, operators

try to lower their cost of energy by reducing direct O&M costs and maintaining a

high power output. On the other, they must take care to ensure the safety and

well-being of their staff. The question of introducing night shifts exemplifies this risk-

profit trade-off well, as the potential financial boost comes with it potential safety

implications to consider for technicians.

Consideration of these safety implications for night shifts on OWFs is hindered

by a lack of scrutiny by H&S experts, as it is currently an under researched area.

However, there are a few factors characterising the current state of the offshore wind

industry which may stimulate interest in H&S for 24/7 working. namely:
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Table 6.4: Table exploring night shift scenarios on availability modelling outputs.
Figures in bold represent months where the average weekly technical availability dif-
ference exceeded 0.5%.

Mean Availability
Difference (%)

(All fr Quantiles) 12 techs 9 techs 6 techs
January 0.53 0.36 0.36
February 0.59 0.43 0.43
March 0.61 0.56 0.48
April 0.70 0.64 0.53
May 0.68 0.63 0.51
June 0.64 0.59 0.48
July 0.67 0.61 0.52
August 0.74 0.69 0.57
September 0.74 0.71 0.61
October 0.64 0.57 0.49
November 0.56 0.40 0.39
December 0.60 0.40 0.40
Yearly Average 0.64 0.55 0.48
(fr = High)
January 0.44 0.28 0.27
February 0.76 0.61 0.58
March 0.54 0.47 0.42
April 0.70 0.65 0.56
May 0.74 0.67 0.56
June 0.53 0.48 0.34
July 0.58 0.53 0.44
August 0.88 0.82 0.72
September 0.95 0.86 0.77
October 0.49 0.44 0.42
November 0.70 0.53 0.47
December 0.74 0.59 0.53
Yearly Average 0.68 0.56 0.50
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1. Where safety regulations have typically restricted operational practices to be

conducted in the daylight (as suggested by Dalgic et al. [169]), there is evidence

of at least one large operational OWF moving beyond this regulatory regime.

2. Where early wind farm installations are situated in the most convenient loca-

tions closest to shore, the industry will need to explore further offshore sites if

it is to meet the ambitious targets it has set. This means that operators may

have to look for new ways to improve accessibility.

3. The potential advent and use of so-called flotels, mothership concepts, Service

Operation Vessels (SOVs) and walk-to-work schemes for O&M activities for far-

offshore wind farms can facilitate 24/7 working with shorter distances to travel,

potentially making it more appealing to operators.

4. It can be argued that the competitive nature of CfD-like auctions which are

proliferating many European countries have driven the cost reduction in offshore

wind. This culture might be assumed to continue into the near future and

offshore wind farms will continue to adopt money-saving measures to get a

leg-up on the competition. This argument becomes especially pertinent when

offshore wind farms transition to post-subsidy financing models.

Publications in academia, or indeed industrial technical reports, about the H&S

implications of night shifts for offshore wind are sparse. Garrido et al. [283] come the

closest by examining the effect of shift schedules on sleep patterns of offshore wind

farm workers in Germany via an online questionnaire. Surprisingly, they found no

effect of night shift working on sleep disorders. To the authors’ best knowledge, this

is the only publication to explore the subject for offshore wind, however there are

publications focusing on 24/7 working in the oil & gas industry and offshore working

in general which may provide a more comprehensive frame of reference.

A notable review study [284] of offshore workers in the petroleum industry found

that more sleep problems were consistently reported by night workers compared to day

workers, with workers generally adapting to night shifts within one to two weeks’ work.
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Concerning accidents occurring during night shift, it reported inconsistent findings.

Two studies recorded higher H&S incidents rates during night than day [285, 286],

while another [287] reported no such disparity. Interestingly, effects of reaction times

(a good indicator of job performance) due to night shifts were consistently negligible

across four studies [288, 289, 290, 291]. Reaction times only suffered during the first

day transitioning to night shift in a study by Waage et al. [289], and the first day

transitioning back to day shift by Bjorvatn et al. [288]. A publication from the Health

& Safety Executive in the UK [292] encourages a 14D/14N shift pattern for offshore

oil platforms "unless there are very strong reasons why it cannot be implemented in

particular circumstances", in order to allow for readjustment of circadian rhythm for

workers. While in this case some of the stresses of the night shift pattern will be

mitigated by the fact that technicians will be sleeping on land, these studies might

prove informative for the offshore wind industry.

6.2.4.2 Further Discussion

The new findings of this chapter consist of a real-world case study of night shift work-

ing. The proposed methodology, Bayesian hierarchical modelling, is novel in the sense

that it has not previously been applied to failure, work order and SCADA data to aid

decision making at an OWF. As a result of the methodology, uncertainty quantifi-

cation for various night shift scenarios have been presented, allowing for differences

in the probability distributions of various operational contexts to be explored. This

is what makes the proposed methodology well suited to the analysis of operational

data. Given the input data is collated on a weekly basis, there are too few samples

in each month to build statistically robust inferences. A combination of informative

priors and sharing of statistical strength across categories directly addresses the issue.

Further novelty is provided over previous studies in the field via three means. There

is something to be said of each of these in terms of benefits afforded and limitations

created.

First, a night shift strategy which is employed by a currently operational offshore

wind farm is assessed. It therefore supports a data-driven model, which provides
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real world evidence, over a simulation model. To the authors best knowledge, this

is the first time such real world evidence has been presented in the literature. A

disadvantage of the current methodology is that the case study is restricted to the

data describing this one wind farm - the results cannot be generalised. As a result, it

is difficult to compare results with previous studies, although this would be desirable.

A rudimentary attempt can be made by comparing the baseline results arrived at here

to those of arrived at by Besnard et al. [168]. Subtracting scenario 8 from 5 & dividing

difference by the installed capacity used, we arrive at a figure of £2,000/MW installed

capacity to compare to our £1,625/MW installed capacity. . Their conclusion that

each "the availability increases by almost 1% for each logistic solution by using 24/7

work shifts instead of 12/7 work shifts" is somewhat supported by this analysis, where

the baseline scenario presents 0.64% difference. Due to confidentiality reasons, the

results cannot be compared to the generic figure given by Poulsen et al. [219] of

1.8M€per year. If one considers take hypothetical wind farms of 200MW, 500MW

and 1GW, respective savings of £325,000, £812,500 €, £1,625,000 result.

Second, a sensitivity analysis to explore the impact of modelling assumptions on

results is undertaken. While the baseline scenario shows reasonable savings for the

strategy explored, these are quickly negated by increasing support staff wages and in

the case where savings in vessel charters cannot be assumed. These will grow more

substantial with reduced prices of electricity or in the case of turbines with low failure

rates. Each wind farm will have a unique set of circumstances to contend with, so

these considerations are significant.

Third, evidence is provided of the benefit of Bayesian hierarchical modelling in

retroactive analysis of offshore wind farm operational data. A review of Bayesian

methods in the wind industry [218] has previously suggested that this could be an

advantageous avenue to explore in the wider field of Bayesian analysis. Given there

is some requisite data available to inform the model, the methodology provides a

simple and computationally undemanding approach to draw inferences (and value)

form operational data. For this specific question of night shifts, the approach was
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useful. However, more sophisticated model parameterisations will be needed to ex-

plore complex models with more variables. This dependence on prior information is

another potential limitation of the approach. If that prior information is not accurate,

it means that an inaccurate bias is effectively being introduced into the results which

could make for dubious inferences. In the case where extreme values are derived from

the cost model, for instance, the value to be drawn from the data would be negated.

Fourth, a significant drawback from the data model is that safety implications

are not considered. As is the case with many OWF datasets [70], incident reporting

or HSE data was not available to integrate into the current analysis. This offers a

potential for future work. The current model could be expanded to explicitly capture

the trade-off between lowering costs and increasing safety risk. This could be done by

setting up a Bayesian hierarchical model with a similar structure to the one defined

in this chapter, but with "number of incidents" or something similar as the relevant

KPI.

6.3 Bayesian Reliability Analysis

This section presents a case study based on the methodology developed in section

section 5.3, based on the rationale presented in section section 2.6. The methodology

is used to explore the effect of scheduled maintenance works on wind turbine time-

to-failure.

In contrast to the case study presented above, where the subject of the analysis

was modelling the relationships and variability of hierarchical data-types, here the

subject is to understand the time it takes for an event to occur and how various

factors influence this time. The time varying effect of scheduled maintenance on

time-to-failure is a novel consideration for reliability models of wind turbines.

6.3.1 Model Specification

This case study follows the methodology developed in section section 5.3.
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6.3.1.1 Selected covariates

The key contribution of this chapter in in quantifying the effect of operational covari-

ates on WT reliability. The time-varying effect of scheduled maintenance works on

failure rates is a particularly novel consideration. The full list of covariates considered

is as follows:

1. Seasonality. Simalarly to Slimacek and Lindqvist [137], Seasonality is em-

ployed as a model covariate. This is either coded by month of the year, (i.e.

’Jan’, ’Feb’...) such that each month has a constant covariate effect with respect

to a reference month (which is arbitrarily chosen to be April), or season of the

year under the same assumption (reference month is arbitrarily Autumn).

2. Year of Operation. Year of operation is of interest because WT failure be-

haviour is often assumed to vary over time, most frequently by a power law

process. Failure intensity is often assumed to follow the bathtub curve [293],

which includes a wear-in period and wear-out period. One study by Stiesdal et

al. also included a serial defect period for Siemens turbines [222]. It is assumed

that the data covers the normal operations period in the wind farms life, however

there are few results in the literature to conform that this is actually flat. Also

of interest is the fact that the site deployed their advanced data management

system in 2018, which in itself may have improved operational efficiency.

3. Turbine Location. Turbine location may be assumed to effect reliability pri-

marily due to the effects of turbulence. This effect is included via a frailty

term, either using the turbine row or individual turbine names as categorical

variables.

4. Time Since Annual Services. It is common practice in the industry to

have an annual campaign where a set of scheduled maintenance actions are

carried out on turbines. The exact nature of these actions vary from one service

provider to the next and depend largely on maintenance contract arrangements
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[161]. This generally includes tasks such as lubrication of mechanical parts (e.g.

gear oil, hydraulic oil, greasing), measurement of part temperatures, a torque

tensioning of bolts and basic inspection of parts within the nacelle. Analysis of

the effect of annual services on failure rates was a key motivation for introducing

time-dependent effects, as the data provider for this study reported allegorical

evidence of repeated failures after annual services from technicians.

5. Time Since Inspection. Likewise, it is common to regularly inspect certain

key components - for example a visual inspection of blades for cracks or erosion.

Again there is an assumed time-dependence for this variable; it is conceivable

that a repair is more likely to take place soon after an inspection, but thereafter

the risk of failure might be assumed to decrease.

6.3.1.2 Time-to-event Dataset

The Downtime Catalogue acts as the basis of this study. However, it requires an

additional transformation step in order to convert the information into a data format

that is compatible with the methodology presented in section section 5.3. This is

referred to as the time-to-event data-set, a subset of which is shown in table 6.5. Most

important are the columns tgap and failure, upon which the model fundamentally

depend. tgap represents the time since the last maintenance action, i.e. the difference

between tstart (the time stamp at which the turbine is restored to fully operational

after the previous maintenance action) and tstop (time time stamp at which the

turbine stops producing power due to some maintenance intervention). The rest of

the columns are covariate values. Time is recorded in units of days.

6.3.2 Model Comparison Results

Before the effect of covariates can be explored, the model selection procedure out-

lined in section section 5.3.5 is used to explore the effect of variable inclusion/exclusion

on predictive power. Table 6.6 summarises the results of the step-wise model com-

parison procedure. The table summarises the effect of each covariate as they are
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Table 6.5: First five rows of the time-to-event dataset. Here ID is the event ID,
Turbine is the turbine where the event took place, tstart is the time of when the
last maintenance intervention took place, tstop is the time where the event occured,
AS defines whether the previous intervention was an annual service, Inspection
defines whether the previous intervention was an inspection, failure specifies that
the event was a failure, month is the month the event took place, year is the year
the event took place and season is the season the event took place.

ID Turbine tstart tstop tgap AS inspection failure month year season
1 A1 0 15 15 0 0 1 7 2018 summer
2 A1 29 49 20 0 1 1 8 2018 summer
3 A1 50 87 37 0 0 1 9 2018 autumn
4 A1 99 115 16 1 0 1 10 2018 autumn
5 A1 115 117 2 0 0 1 10 2018 autumn

introduces. Note that, during the backwards selection stage, some of these variables

may change. Immediately from the starting model definition it can be seen that a

Weibull model significantly outperforms the exponential model in representing the

time-to-event dataset. From visual inspection of figure 6.8, it is evident that the

Weibull model also matches more accurately the non-parametric Kaplan-Meier esti-

mate [294]. This is in itself an interesting result. According to Seyr & Muskulus [14],

WT failures are most commonly modelled exponentially via a Poisson Process. The

results in figure 6.8 imply that a Weibull distributed time-to-failure would be more

accurate at the turbine level, since the Wiebull model matches the Kaplan Meier

estimate more accurately than the exponential. This means that that failures are

more likely to occur immediately after a repair is conducted. Scheu et al. [188] con-

clude that the difference in modelled availability between exponential and Weibull

distributed failures is as much as 10%. This distributional assumption can therefore

have a significant impact on the outputs of cost models - it may benefit the research

community to investigate this disparity further.

Seasonality has a lesser, though still significant effect on modelling performance, as

does year of operation. Time since annual service also improves model performance -

the degree to which it does so depends on the knot vector. There is a quite significant

improvement when adding 5 internal knots (compared to 0), but the improvement

quickly tails off as additional knots are added. The peak value is at 7, after which
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Table 6.6: Summary of covariate effects on WT reliability. TVE stands for time-
varying effect. No covariate signifies the previously best performing model.

Modelling
Group

Added
Variable

Modelling Alternative LOO-score
(ELPD)

LOO-score
(SE)

1 Baseline Weibull 0 0
Exponential -588.3 32.8

2 Seasonality Seasons 0 0
Monthly -11.9 6.4
No Covariate -38.5 10.2

3 Year of Yearly (Constant effect) 0 0
Operation Yearly (year-by-year) -2.0 0.9

No Covaiates -47.6 9.3
4 Time Since TVE (7 Internal knots) 0 0

Annual Ser-
vice

TVE (8 Internal knots) -0.4 0.3

TVE (9 internal knots) -0.6 0.4
TVE (10 Internal knots) -1.1 0.5
TVE (6 Internal knots) -4.1 0.7
TVE (5 Internal knots) -4.6 1.1
No Covariate -28.1 5.9

5 Time Since TVE (5 Internal knots) 0 0
Inspection TVE (6 Internal knots) -1.3 0.3

TVE (7 internal knots) -1.4 0.4
TVE (4 Internal knots) -3.4 0.8
TVE (2 Internal knots) -9.2 1.9
No Covariate -18.7 5.1

there is a very small depreciation in model performance. Given that all internal knot

configurations containing greater than seven have a small ELPDLOO (equation 5.32)

score compared to the model error (SE), they have similar predictive power and the

least complex model should be chosen. Modelling both time since annual servicing

and time since inspection provides the most accurate results. Time since inspection

is most accurately modelled with 5 internal knots - perhaps this is fewer than time

since annual service since it is characterised by a less dramatic spike in the first few

weeks after performing the task. The Effects of increasing number of internal knot

locations is shown in figure 6.9.
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Figure 6.8: Survival Curves for both baseline hazard rate distributions. For reference
the non-parametric Kaplan-Meier curve is also shown.

6.3.3 Covariate Values

The effect of seasonality is shown in figure 6.10. This most likely indicative of the

strategy employed at the sight rather than any wind speed effects. The operator

favours the low wind speed months of June and July to perform repairs. This cor-

roborates the seasonality pattern of repair rate presented by the SPARTA initiative

[81]. It does not align with the results presented by Slimacek and Lindqvist [137],

who observe a similar uptick in repairs during summer, but increased failure rates

throughout winter. The disparity may be indicative of improving operational effi-

ciency with growing experience in the industry. The high hazard rate in Autumn

is unexpected given the patterns previously presented in the literature. However,

Fischer et al. [295] present evidence for high failure rates for Scandanavian power

converters in August and in Autumn. The results of section section 4.5.2 show that

a significant proportion of failures in this population is due to the converter. This

high Autumnal failure rate may therefore be attributable to a higher-than-average pro-

portion of converter failures.. It is unclear exactly what causes this - it has been

suggested that there may be a ’fatigue effect’ after the busy summer months, but this

is difficult to verify.
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Figure 6.9: Cubic fitted curve estimations of ELPDLOO values for models of varying
internal knot locations.

The effect of year of operation is shown in figure 6.11. The effect on the hazard rate

is with reference to the first year for which data is available, 2018. There is a consistent

and quite significant reduction of the hazard rate through time. Interestingly, this

coincides with the introduction of an advanced data management system to the site

in 2018. It may therefore present evidence of the value of data management systems

regarding operational efficiency.

Frailty effects are explored in figure 6.12. Figure 6.12 (a) shows how the means of

all monte-carlo simulations for each turbine are distributed - approximately normally

around a median of 1. There are quite significant deviations from the mean. The

most unreliable turbine is predicted to fail 1.65 times more that average, the most

reliable 0.5 times the average. This is quite a significant heterogeneity in failure

intensity that is never taken into account in costs models. Again, further research

into how this effects cost modelling outputs may be useful for researchers in the

field. Figure 6.12 (b) shows how all of the frailty estimates (i.e. from every monte-

carlo simulation) are distributed, which is useful for checking the assumption that

frailties are indeed gamma distributed. Evidently the random effect estimates can be
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Figure 6.10: Effect of year of seasonality on WT hazard rate, relative to Autumn.

accurately approximated by a gamma distribution (5.30), as the fitted gamma curve

fits the histogram very well.

Frailties are also useful for exploring the effect of position in the array. Figure

6.13 explores the effect that turbine row has on frailty values. It does so by fitting a

cubic spline function to the mean frailty values of turbines in each row, as well as the

25th and 75th percentile values for each row. Values towards the left of the plot on

the x-axis represent rows which are towards the front of the array with respect to the

prominent wind direction. The first row is characterised by a relatively low failure

intensity and relatively low uncertainty in the failure intensity. The next foremost

rows are characterised by both an increasing hazard rate and increasing uncertainty in

the hazard rate. This trend continues to a point in the middle of the array. After this,

successive rows retain high uncertainty in hazard rates, with mean values decreasing

towards the back of the array. The observed trend is expected - turbines downwind

of others are subject to higher turbulence, which has been shown to be detrimental to

WT reliability [296]. At the same time downwind turbines operate in lower speeds, a

decreasing median trend is observed from the rows in the middle to the rows at the

back. Interestingly these ’middle’ rows are characterised by the highest heterogeneity

in reliability. This has an interesting potential application in wind farm design for
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Figure 6.11: Effect of year of operation on WT hazard rate, relative to the year 2018.
Since data-collection commenced in 2018, there has been a consistent downward trend.

reliability. If "middle" row failure intensity is higher, it would discourage designs of

wind farms in which turbines are constantly operating in the wake of others. Further

investigation into this phenomenon, and how it varies with varying turbine/farm size

and inter-array spacing, would be an interesting line of further enquiry.

Figure 6.14 shows the time-dependent covariate time since annual service. It is

characterised by a sharp initial upward trend peaking at 2 days. The maximum value

for mean Hazard ratio estimate at this point is 1.57. Turbine failure intensity is higher

for the first 6 days after the service, after which there is a reduced failure intensity

until 156 days after. Beyond this point, failure intensity is estimated to increase, as

might be expected for turbines far away from their annual service. Lower values along

the time axis have lower uncertainty in their estimate as the majority of turbines will

most likely require corrective maintenance again in the next few weeks than in the

next few months. Hence, estimates further along the time-axis are more uncertain.

The results back up the theory of the operational team - initially annual services

can be thought to lead to more failures, after which they prevent failures as they are

supposed to. However, the effect is short-lasting, and the higher failure intensity may

not justify any change in strategy.
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(a) (b)

Figure 6.12: Histograms of (a) the mean frailty effect for each turbine and (b) the
turbine frailty effect over all monte-carlo simulations. The assumption of gamma-
distributed random effects is a reasonable one.

Figure 6.15 shows the time-dependent covariate time since inspection. The shape

is similar to time since annual service: there is an initial peak in failure intensity

(where inspections report a problem leading to a corrective maintenance action), after

which the hazard rate is below 1. Again the initial peak is at 2 days after inspection,

with a slightly smaller hazard ratio of 1.30. 6 days after servicing, the hazard rate

falls below 1. It remains below 1 throughout the entire year, rising gradually as time

goes on.

6.3.4 Discussion

There are two ways to consider the utility of this study. The first has to do with

the context and quality of the input data, the second to do with the methodology

itself. Regarding the input data: the data-table Downtime Catalogue results from

an operational database provided by a currently operational OWF which employs an

advanced data management system. Given the scarcity of reliability data available

for offshore wind turbines (see Reder et al. [26] for details), this is valuable to the

research community. However, the dataset is limited in that it is not broken down

into a component or subcomponent taxonomy. This means that no conclusions can

be made on the time-to-failure of individual components, the effect of seasonality on

individual components or the effect of year of operation on individual components.
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Figure 6.13: Fitted cubic function approximating frailty effects’ relationship to tur-
bine position in the array with respect to the prominent wind direction.

Since some modern cost modelling tools consider reliability at the component level,

such an analysis would be useful to the research community. This is especially perti-

nent for the time varying effect of inspections. Figure 6.15 does not reveal anything

particularly useful - as expected, the inspection reveals the need for corrective ac-

tion and so there are likely to be corrective actions following. However, future work

plotting figure 6.15 on a component by component basis with a view to seeing how

inspections of a given component correlate to that component’s failure rate would

be more valuable. It may also be of value to consider the time varying effect of an-

nual services on specific components, such that operators can consider changes in how

scheduled maintenance is carried out. That being said, the approach used here can be

easily adapted to a subcomponent taxonomy, or indeed can be applied to repairable

systems other than wind turbines. Also, uncovering this relationship at the turbine

level is also valuable, as it has previously not been formally quantified.

Regarding the methodology itself: the alterations proposed to the traditional Non-

Homogeneous Poisson Process (NHPP) are novel in the context of WT reliability.
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Figure 6.14: Time-dependent relationship between annual servicing and wind turbine
failure rate. A hazard ratio < 1 siginifies an increased failure rate, < 1 decreased.

Given the growing recognition in the wind research community that more care must

be taken uncertainty handling, extending the NHPP into the Bayesian regime is a

natural extension. The advantages of implicit uncertainty handling by Bayesian mod-

els are well documented and often cited [37]. Interpreting uncertainty via Bayesian

interval estimates, which are interpreted as the interval containing the true parameter

with some probability, are generally seen as more intuitive than confidence intervals,

which are interpreted as the range of values containing the true parameter a certain

percentage of the time given a large sample approximation.

Inclusion of time dependent variables is the second extension. In this case it

proved to be a useful one, as it allowed us to explore the effect of varying failure

intensity proceeding scheduled maintenance works which was posited by the opera-

tional team. There is one important caveat in employing time-dependent variables,

though. Namely, the selection of knot locations in B-Splines takes care, as different as-

sumptions might lead to quite significantly different results. The parsimonious model

selection methodology used was relatively computationally expensive, considering the
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Figure 6.15: Time-dependent relationship between inspection and wind turbine failure
rate. A hazard ratio < 1 signifies an increased failure rate, < 1 decreased.

usual run-time of survival models.

The final methodological point has to do with failure definition. As noted by

Leahy et al. [25], there is no standard definition of a failure in the wind industry.

The choice of failure definition often depends on the data available to the researcher.

Here, downtime is used as a qualifier for a failure, when that downtime coincided

with a maintenance action recorded as corrective in the database. In the absence of

a standard failure definition in the industry, this choice of failure definition becomes

a model hyper-parameter in itself which may significantly affect the results. Of par-

ticular importance is the timing of failure onset, which is not necessarily the onset of

downtime recorded here (especially for minor repairs). However, for many operational

datasets it would be difficult to decipher any failure on-set time beyond the onset of

downtime.
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6.4 Case Study Applicability

The above case studies presents an application of the Bayesian models developed in

section chapter 5. The rationale for a Bayesian framework is presented in section

section 2.5. The goal of applying those Bayesian methodologies was to explore 2

aspects of operations that were of import to the operators of the OWF, as presented

in sections section 2.6.2 and section 2.6.3. Given that these analyses are dedicated

to analysing the operations at one OWF, it begs the question of the results: what is

specific to this wind farm and what can be extrapolated to the wider O&M research

community?

Regarding the Bayesian hierarchical exploration of night shifts for offshore wind

farms, there are several important considerations. First, there results presented in

section section 6.2 are specific to this wind farm. As noted by Poulson et al, [297],

the set of factors likely to vary the effectiveness of night shifts include:

1. Number of vessels needed for working daytime and night;

2. Night-shift add-on salary for technicians;

3. Night shift add-on to cover on-shore support for monitoring purposes;

4. Months per year working 24/7;

5. Capacity Factor;

6. Time for production stop per WTG as a result of faults/repair time;

7. Number of errors/faults/stoppages per wind turbine per month;

8. Price of electricity during and after subsidy period.

Since it is the combination of these factors that matters, each wind farm would

have to consider night shifts on a case-by-case basis. However, table 6.3 at least

gives an indication of the impact of factors 2, 3, 4, 7 and 8. For instance it may

prove informative to wind farms who are considering implementing night shifts that a
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combination of low electricity price, high support staff wages, low failure rates and no

savings from vessel hiring logistics would make night shifts unfeasible - at least for the

summer months. The results might therefore be extrapolated to the O&M research

space as a whole. Also, the distributions derived in section section 6.2 could be used

in future analyses as prior information which could be updated based on observations

from the new wind farm. In this sense, the methodology can also be extrapolated to

the wider research community. The notion that prior estimates from O&M models can

be dynamically updated as new data become available in a computationally effective

way presents an opportunity to improve upon those existing tools [33].

There are also several key points of consideration for the Bayesian reliability anal-

ysis presented in section section 6.3. Again, since the data that goes into the model

is taken from one wind farm, the results should be regarded with caution. Factors

likely to alter the results include:

1. The set of tasks completed during annual servicing:

2. Turbine power rating;

3. Climatic conditions (humidity, wind speed, rain, temperature);

4. Turbine manufacturer;

5. Effectiveness of inspections;

6. Maintenance strategy.

Again, since it is the combination of these factors that matters, each wind farm

would need to update these results with their own observations. However, the results

exploring the time-dependence of scheduled maintenance works are novel. As such,

they can be extrapolated to the wider community as an indicative relationship. Like-

wise, the methodology which incorporates time-dependent variables for wind turbine

reliability analysis might be extrapolated to the wider community.

To summarise, both case studies have similar characteristics in terms of their ap-

plicability to the wider research community. The actual results presented in sections
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section 6.3 and section 6.2. The results should be viewed with caution by other opera-

tors, as there are several factors in each case study which might alter the conclusions.

However, the results could extrapolate to the wider research community if they were

to feed into future analyses via prior distributions. At least, the methodologies and

their rationale could be extrapolated to the wider community. Namely, the rationale

of dynamically updating prior estimates with new information. Using the Bayesian

framework does so with robust uncertainty quantification included. In the case of the

Bayesian hierarchical modelling framework, this has the potential to share statisti-

cal strength among different operational contexts. In the case of Bayesian reliability

analysis, it means incorporation of time-dependent covariates.

6.5 Chapter Conclusion

This work presents an application of the Bayesian methodologies developed in chapter

chapter 5. The first method, a Bayesian hierarchical modelling approach was used

to assess the cost-benefit of night shifts. The second method, a Bayesian reliability

modelling approach, was used to assess the effect of scheduled works on WT reliability.

Section section 6.2 presents an assessment of night shifts for offshore wind farms.

A particular strategy is considered where one CTV was re-purposed to carry out

corrective maintenance work during a night shift. A hierarchical model was used

to model the two operational metrics: opportunity cost and technical time-based

availability. The hierarchical nature of the model allowed me to explore the variation

of these values throughout the year, and to introduce estimates of lost production

and availability from hypothetical alterations in strategy. The Bayesian nature of the

model allowed me to make inferences from a relatively small sample size via the use of

informative priors derived from the StrathOM-OW tool. The more generic advantage

that Bayesian models provide inherent uncertainty handling was also evident in the

results. There is something to be said of this feature in itself, as statistical uncertainty

in maintainability has been identified in recent studies as both significant and under-

investigated for offshore wind turbines. These hypothetical scenarios were in the
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form of retroactive algorithms applied to the data to assess the benefit of night shifts

undertaken at the site. Samples from the posterior of this model provided financial

implications of the lost production. Assumptions were made as to the cost of extra

staff wages and avoided vessel costs to retrieve estimates for a baseline case when

night shifts were in operation and out of operation. Comparing the mean values of

yearly simulated data it was found that £1,625 per MW installed capacity could be

saved. There are a number of factors which influence this figure, which are explored

via a sensitivity analysis. Altering the price of energy reduced the difference in means

to £745/MW capacity at £40/MWh. It increased the difference in means to £2,000

at £150/MWh. Support staff wages and assumed savings in vessel charters also had

a significant impact. The assumptions made for these variables were rudimentary,

and could be explored further. Extending the hierarchical model to include failure

rates also proved informative. Those turbines in the lowest failure rate category saw

roughly half the savings from those in the high failure rate category, at £745/MW and

£2,162/MW installed capacity respectively. Availability savings were more consistent.

Maintenance service providers would see a significant improvement in the number of

times they would exceed a time-based technical availability of 98%.

Section section 6.3 presents a Bayesian reliability analysis of wind turbines. A

model is proposed which incorporates time-dependent variables in response to the

operational team’s reasoning that turbine failures are more frequent following an-

nual services. This was indeed the observed behaviour, with a higher turbine failure

intensity for 6 days after annual service works take place. There is a peak failure in-

tensity reaching 1.57 times the average 2 days after servicing. A similar, though less

significant effect was observed with the covariate representing time since inspection.

The higher failure rate lasted for 6 days after the maintenance work was carried out,

reaching a peak of 1.302 days after. Seasonality effects similar to those presented by

the SPARTA initiative were also observed, and a consistent year-on-year reduction of

failure intensity. Significant turbine frailties were observed. Plotting these by turbine

row, a dependence of reliability on turbine position with respect to the prominent

wind direction is observed.



7 Conclusion

7.1 General Conclusions

Based on the problem statement that “the potential of operational maintenance data

is not yet fully leveraged in decision making”, the objective of this thesis was to answer

the following research question:

“How can operational maintenance data be better leveraged to support decision

making and therefore reduce O&M costs in the industry? ”

To answer this primary research question several research objectives were consid-

ered. This chapter summarises how each of these research questions was addressed

in each of the chapters in this thesis.

Chapter chapter 2 presented a literature review. The purpose of the literature

review is twofold. First, it presents a review of the wind data ecosystem to identify

areas for improvement. Second, it provides a rationale for the objectives of the anal-

yses presented in this thesis. Four themes of improvement were identified to improve

data-assisted decision making from the first part of the review:

1. Improved data quality. Improved data quality in reliability data has frequently

been suggested as an areas much in need of improvement in the industry [27, 25,

33, 41, 68]. Prominent issues include strict confidentiality practices on reliability

data, the lack of standard failure definition or taxonomy, and the generally poor

quality of failure data.

2. Uncertainty quantification. Uncertainty quantification is becoming something

of a trend in the more recent literature surrounding O&M [46, 45, 43]. In Seyr

183
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et al.’s review of O&M modelling, for instance, a key conclusion is that more

effort needs to be put into quantifying uncertainty in O&M modelling inputs.

3. Data Fusion. As mentioned by [29], generally poor data management tools at

offshore wind farms means that integrating data-streams often takes significant

manual effort from practitioners [29]. Condition monitoring is the area of the

literature where there has been the most suggestions for combining various data-

streams [15, 32]. However, there is also scope outwith condition monitoring for

data fusion, which has not seen much scrutiny so far in the literature.

4. Usability for decision makers. Decision making tools are more likely to be of

use to the industry if they are (i) presented in an easily understandable format

to decision makers [123] and (ii) relevant to their particular set of requirements.

In the second part of the review, Bayesian models are proposed as a solution to

those areas for improvement. They map well to the areas for improvement due to

several characteristics:

1. Suitability for small and incomplete datasets. In contrast to almost all ML

methodologies, Bayesian models have an inherent suitability for small datasets

[260]. This means that robust inferences are possible with datasets for which

frequentest approaches are inadequate. In this case that means the generally

low-velocity, low-volume reliability and maintenance data.

2. Their inherent uncertainty quantification capabilities. Bayesian models have

in-built uncertainty quantification [39], making them a natural solution to the

need for uncertainty quantification identified in the literature review.

3. Their ability to incorporate multiple data sources. Bayesian models are able

to incorporate knowledge of different accuracies and from different sources in

a mathematically coherent way [202], making them a natural solution for the

need for data fusion in decision making for OWFs.
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Chapter chapter 3 presents a data mining methodology used to calculate mainte-

nance KPIs. Since reliability and maintenance data is so sparse in the literature, this

was the most immediate opportunity to address the research question. Gonzalez et

al. [53] present a list of KPIs which are suitable for the purpose. The performance

and reliability maintenance KPIs used in this thesis are defined in section section 3.2.

Since operational maintenance data is understudied in the literature, it was made

the focus of this thesis. The data mining methodology therefore used the operational

maintenance data as a base for data analysis. As presented in section section 3.3,

the operational maintenance data pertinent to this thesis comes from the data-tables

Work Procedures, Tasks/Task Types, Operations Planned Movements, Vessel Stops,

Operations Shift Tasks. Taken together, these data tables provide information on

when maintenance interventions were carried out, and what kind of work was under-

taken when it was. Section section 3.4 describes the process of supplementing this

maintenance data with SCADA and turbine property data to create Downtime Cat-

alogue. From Downtime Catalogue, the failure rates of wind turbine assemblies were

calculated, along with the associated downtimes, repair times, number of technicians,

number of visits and visit duration. A methodology was also presented to calculate

opportunity cost for those downtimes based on a regression of active power between

neighbouring turbines. From the surrounding literature [126, 25] it was evident that

multiple failure definitions could be defined from downtime catalogue. These were

listed in this chapter, so that they could provide the basis of a sensitivity analysis in

the subsequent chapter. By defining a data mining methodology which incorporated

multiple data-streams, data fusion was exploited as an opportunity to improve data

assisted decision making.

Chapter chapter 4 presents a case study of frequentist statistics based on the

methodology presented in chapter chapter 3. First, the utility of the Downtime Cata-

logue is demonstrated by comparing tidally-restricted and non-tidally restricted tur-

bines. As shown in section section 4.2, Tidally-restricted turbines are characterised by

longer times-to-repair and shorter visit durations for all maintenance categories. This

reduction in maintainability leads to a lower availability of tidally-restricted turbines.
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These findings imply that any offshore wind site located in shallow water depths may

have to adjust their maintenance strategy accordingly.

The rest of the chapter is dedicated to quantifying "intervention" for the offshore

wind farms. First, the sensitivity of turbine-level failure rates to the different failure

definitions defined in chapter chapter 3 is investigated. Results showed that calcu-

lated failure rate figures show a lot of variation (from 7.07 to 12.15 failures per turbine

per year) depending on the definition used. This range in values shows that there

is potential for significant uncertainty in failure rate figures. Work procedures are

then categorised by work type (corrective vs. schedules) and mean downtimes and

number of interventions per year are presented per work procedure. This initial work

procedure analysis showed that the majority of corrective works are due to ’Fault

Finding’ missions. Fault finding missions, along with other unclear work procedures

(hub and blade access, electrical panels, craning of equipment and drive train inspec-

tion and torqueing) are examined in more detail such that the work procedures could

be attributed to assembly.

Then, the work procedure analysis was mapped to a failure taxonomy as defined by

[68]. By considering the different definitions of failure and methodologies for deriving

failure rates, the uncertainty in the failure rate figures is explored at the assembly-

level. The results show some variation in the derived failure rates. The least reliable

systems are the cooling system, frequency converter and hydraulic group. However,

reliability of wind turbines may change radically between different manufacturers and

with different climate conditions [127].

Chapter chapter 5 presents two Bayesian methodologies which tie in with the ob-

jective to explore the utility of Bayesian models for extracting value from the data-set

described in section chapter 3. The first method is based on Bayesian hierarchical

modelling. Informative priors are provided by an O&M cost model and the parame-

ters of the model are conditioned on a limited dataset via Bayes’ rule. The second is a

Bayesian reliability analysis developed to capture time-to-failure behaviour for wind

turbines by incorporating time-dependent variables. The developed Bayesian method-

ologies provide the primary advantage of robust uncertainty quantification. Beyond



7.1. General Conclusions 187

that, the methodologies are intended for different use cases. The first (Bayesian hi-

erarchical modelling) can be utilised to update prior beliefs about strategy changes

as new information becomes available. The variability between different operational

scenarios can be assessed in this way. The second (Bayesian reliability modelling) is

intended for time-to-event dataset, and is useful for reliability modelling.

In chapter chapter 6, the utility of the developed methodologies are demonstrated

via two case studies. The first used Bayesian hierarchical analysis to explore the ques-

tion of night shifts, the second used Bayesian reliability analysis to explore the effect

of annual services on wind turbine reliability. In section section 6.2, baseline results

show that night shifts could increase technical availability by 0.64% and potentially

increase revenue by £1,625/MW installed capacity. These numbers were shown to

vary substantially depending on the modelling assumptions, and whether or not to

employ night shifts is a question that needs considered on a site-to-site basis. Never-

theless, there are several novel points that can be extrapolated from the case study to

the wider research community. First, the methodology is useful in the low-velocity,

low-volume context that characterises offshore wind maintenance analysis. The case

study shows how prior estimates from O&M models can be dynamically updated as

new data becomes available to aid decision making. Second (and as an extension to

the first point), the distributions derived in section section 6.2 can be used as prior

estimates for other wind farms. Third and finally, the results show how the benefit

of night shifts contract or expand with factors such as number of technicians work-

ing night shifts, electricity price, support staff wages, failure rates and vessel hiring

logistics.

In section section 6.2.4, the Bayesian reliability analysis with time-dependent vari-

ables showed that WT failure intensity reaches 1.57 times the baseline in the six days

directly proceeding annual servicing. WT failure intensity is lower than the base-

line from 6 days to 137 days after annual servicing. Also observed were a significant

year-on-year reduction of failure intensity since the introduction of the site’s data

management system in 2018, a clear preference for modelling time-to-failure via a

Weibull distribution and a dependence on location in the array with respect to the
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prominent wind direction. While these results would likely vary on a farm-by-farm

(or indeed operator-by-operator) basis, they might extrapolated to the wider com-

munity as an indicative relationship. Likewise, the methodology which incorporates

time-dependent variables for wind turbine reliability analysis is novel, and might be

adopted by future wind farms with more advanced data management systems.

7.2 Limitations & Future Work

There are limitations to all of the analyses presented in this thesis. Consequently,

they might be improved upon by future works. To elaborate:

• Generally, there is one immediate limitation which affects all analyses. Namely,

the data is all from one wind farm. Several potentially important features are

therefore left out of the analyses. The failure rates presented in chapter chap-

ter 4 are derived from a single farm and a single manufacturer. However, failure

rates are likely to change depending on manufacturer [298] and meteorological

conditions [217]. The night shift analysis presented in section chapter 6 would

likely have different results depending on accessibility, maintenance strategy and

power rating. The results of section section 6.3 are also likely to change depend-

ing on wind turbine concept and maintenance provider. A useful extension to all

of the analyses presented in this thesis would therefore be to include data from

multiple sites and WT technologies. If this were the case the methodologies

developed in chapter chapter 5 could be expanded to include more covariates

and more complex Bayesian network models. This would enhance the benefits

of the Bayesian methodologies proposed. If, for example, a new wind farm were

to start operating based on a strategy of the group-level reliability statistics of

multiple farms, it could then update these estimates with its own data within

a Bayesian framework. This would imply increased transferability of old data

to new farms. The implication for this study are largely outlined in section
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section 6.4. Results could be taken as indicative and are useful as prior infor-

mation. However, updated information from the wind farm in question would

improve the accuracy of inferences.

• Chapter chapter 4 is largely an exploration of the uncertainty surrounding fail-

ure rate estimates. There are several future works which could provide value

to the research community. Most immediately, value could also be extracted

by replicating Carrol et al.’s reliability study for offshore turbines [80]. Since

SCADA data is available, downtime and lost production could also be included.

While the chapter explored the uncertainty in the calculated failure statistics, it

did nothing to address those uncertainties. A methodology could be employed

to assess uncertainty both inherent in the data itself and in the calculated met-

rics. While this thesis presents Bayesian models which account for uncertainty

once the metrics have already been calculated, they do not address the underly-

ing uncertainty in the failure rate calculation itself. Novel Bayesian techniques

could be used to address uncertainty in the data collection process itself. For

instance, Bayesian Measurement Error Models could be used together with ex-

pert elicitation [299]. Bayesian model averaging could be used combine results

from multiple models, each representing a different aspect of data collection

uncertainty [300]. This would provide more robust means for accounting for

uncertainty, given the issues with data collection itself as recorded in the litera-

ture. The implication for this study is that the results of chapter chapter 6 are

limited in their quantification of uncertainty up to the point where data collec-

tion is concerned. They could therefore be improved by more robust uncertainty

quantification beyond this point.

• The Bayesian hierarchical model is limited in that the cost modelling is rudi-

mentary. While the cost modelling assumptions are illustrative of potential of

the methodology (and indeed, are in line with common O&M modelling as-

sumptions [33]), there is a lot of room for modelling assumptions to be more
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thoroughly explored, especially in modelling staff wages and vessel leasing costs.

Such figures can be difficult to come by in the public domain. Uncertainty in

their values might still be elicited by expert judgement - a method used almost

routinely in Bayesian modelling in other fields like the social sciences. Another

step forward would be to more accurately capture price of energy fluctuations

by some form of price modelling. This would more accurately represent the na-

ture of CfDs, or indeed post subsidy financing. A more comprehensive Bayesian

network model could also provide an estimate for LCoE. This would require the

estimation of a number of additional cost parameters which were not available

during the current analysis. The focus of the study was to extract value from the

data that is available, and showcase the benefit of the proposed methodology in

doing so. In opting to explore opportunity cost, the lost production as measured

from the data was utilised. Likewise, measurements of technical availability can

be used to update prior estimates directly. Via these means, one could explore

the KPIs which are most pertinent to the Operator and OEM. An exploration

of LCoE in the Bayesian framework, on the other hand, would require a more

detailed dataset. The implication for this study is that the results are both

limited and facilitated by the dataset. Future studies could therefore build on

the approach used in this thesis by padding out these relatively uncomplicated

Bayesian network models.

• There are three ways to gain further insight from the results presented results

presented in section section 6.3. The first is by the use of a cost modelling

tool, for instance the one developed by Dinwoodie et al. [17]. To begin with, a

comparison of the different baseline distributional assumptions could be infor-

mative. This would build on the work of Scheu et al. [188], which investigated

different baseline hazard rate assumption. Two factors would provide novelty:

the fact that the results presented here are based on real world data from a

currently operational wind farm, and an investigation into not only availability

but the impact on Levelised Cost of Energy (LCoE) or some other financial
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metric. The results of such a study would further highlight the importance of

modelling statistical uncertainty accurately.

There could also be value in a similar study where the impact of heterogeneity

in turbine reliability is investigated. Given that mean values of turbine-by-

turbine frailty are approximately normally distributed, this may not have such

a significant impact as if there were gamma distributed random effects with

a long tail. For instance, it would be interesting to see whether inclusion of

random effects in cost models would significantly effect the financial outputs,

especially for a large OWF.

The second avenue for further research is in optimising the timing of scheduled

maintenance campaigns and the resources dedicated to them. Figure 6.14 has

three stages to consider. First, there is the initial spike in failure intensity which

occurs during the first few weeks after a scheduled maintenance work. This

may not inspire any drastic changes to when services are performed, as typically

annual service campaigns are carried out in Summer where lost production is low

and access favourable. However, if operators could quantify the additional risk

in terms of corrective maintenance, they could make a more informed decision

about how many technicians and vessels they require.

The third avenue is in including more detailed data about exactly what work

was carried out on the turbine. By doing so, the proposed methodology would

be able to uncover dependencies between the selected covariates and specific

failure modes. This data was not available for research presented in chapter

chapter 6.

7.3 Recommendations to Operators

While the analyses presented in this thesis are limited by the fact that they represent

one wind farm, there are several conclusions which might translate to other operators.

These are summarised as follows.
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1. The first step to more insight from operational maintenance data is better data

quality [25]. Beyond this, the literature review presented in section chapter 2

identifies uncertainty quantification a key area for improvement for decision

making tools [45, 43]. Data fusion also offers a route for better decision making

tools, however its implementation is dependent on better data management

tools and better data architectures. [15].

2. Operational data mining is potentially insightful, but data processing can be

messy. This is demonstrated in chapter chapter 4, where failure rate estimates

range from under 1 failures per turbine per year to over 10 failures per turbine

per year. Point two of Hahn et al’s Recommended practices for wind farm

data collection [27] is especially pertinent to this point. Namely: Identify your

use-case and be aware of the resulting data needs.

3. Bayesian methods provide a framework to update prior beliefs with new in-

formation in the form of operational data specific to the site in question. As

shown in chapter chapter 5, Bayesian hierarchical models provide a framework

to build conditional probability distributions from limited data points, given

some prior knowledge of the problem. This facilitates the potential to scru-

tinise decisions relating to maintenance strategy dynamically (i.e as new data

becomes available) while considering uncertainty.

4. Night shifts have the potential to increase availability. Whether this translates

to significant savings in O&M cost depends on the electricity price, wages of

technicians and potential for redundancy avoidance. Moreover, the H&S conse-

quences of night shift working has not seen sufficient scrutiny in the literature

to quantify additional operational risk. So, while night shifts have the potential

to boost profitability, it very much depends on the individual circumstances of

the wind farm in question. Since H&S is an under-scrutinised area for offshore

wind and since the H&S statistics do present poor H&S performance for the
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industry [70], increasing operational risk for technicians should not be taken

lightly.

5. Since it is (to my best knowledge) the first result of its type, relationship es-

tablished in section section 6.3 between annual servicing could be used to more

accurately capture failure behaviour in decision making tools such as O&M

cost models. While the relationship is very likely to change for any given wind

farm, again the parameters of the model could be updated using a Bayesian

regime. Outwith modelling, operators could be aware that annual servicing has

the potential to lead to increased failure rates in the short term.
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