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improved the quality of this research.
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In addition, | extend my gratitude to Christian Gilick and Cyriana Roelofs from the CARE project for
providing the dataset and patiently answering my questions. Finally, | feel truly blessed to have a great
social network of my family, friends, roommates, and my girlfriend who supported me throughout the
project.

This report is intended for researchers, students, and wind turbine operators interested in prognostics
and health management. | wish you a pleasant reading experience.

Sebastiaan Geerts
Delft, August 2025



Abstract

Wind energy plays a pivotal role in the energy transition, however, a major obstacle for offshore wind
farms remains the high Operations and Maintenance (O&M) costs, which can be up to 35% of the
levelized cost of energy (LCOE). Traditional maintenance strategies often result in excessive downtime,
increased costs, or premature component replacements. To counter these problems, condition-based
maintenance (CBM) uses real-time data to estimate machine health and guide maintenance decisions.
Although most CBM studies address either health assessment or maintenance optimisation in
isolation, this thesis proposes an end-to-end CBM framework that derives health indicators (HIs) and
integrates them into a multiple-threshold CBM framework.

The framework is validated on rotor bearing failures from the CARE data set, which supplies real-world
Supervisory Control and Data Acquisition (SCADA) measurements. Rotor bearings, despite their
relatively low failure frequencies, cause high downtime and exhibit a prolonged degradation pattern.
Hls are extracted with a long- and short-term memory (LSTM) autoencoder (AE) trained solely on
healthy turbines to learn normal behaviour. On avarage, the resulting Hls identify anomalies 195 days
before failure.

These Hlis are fed into a CBM strategy that prioritises timely, minor interventions over costly last-
minute replacements. Compared to a purely corrective replacement policy, the strategy reduces
annual maintenance expenditure on rotor bearings by an average of 62.5%, mainly by prolonging the
useful life of the components and reducing downtime. This thesis therefore demonstrates the value
of rotor-bearing Hls, derived from widely available SCADA data, for wind turbine maintenance.
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Introduction

In order to reduce the pace of global warming, the world needs to transition away from relying on
fossil fuels for energy production. Governments worldwide have committed to ambitious climate
targets, such as the 2015 Paris Agreement’s commitment to limit the increase in the global average
temperature to below 2 degrees Celsius [1], the European Commission’s REPowerEU plan to end
reliance on Russian fossil fuels [2], and the Net Zero Strategy, where the governments worldwide
has committed to achieving net zero carbon emissions by 2050 [3]. Renewable energy sources are
becoming increasingly important not only for decarbonisation but also for energy independence,
especially in Europe, as became evident after the energy crisis following the war in Ukraine [4]. Among
various renewable energy sources, wind power stands out as one of the most significant due to its
relatively high technological readiness level, abundant availability, and low environmental impact [5].
According to the Global Wind Energy Council Global Wind Report for 2023, the total worldwide wind
energy capacity has reached 906 GW, and an additional 680 GW is expected to be installed by 2027
[6]. This capacity corresponds to over 300,000 wind turbines in operation worldwide, both onshore
and offshore [7].

However, recent offshore wind developments have faced financial challenges, including the post-
ponement of two Dutch tenders [8] and the cancellation of a 3 GW tender in Denmark [9]. Operation
and maintenance (O&M) costs represent a significant portion of the total lifecycle expenses in wind
energy, particularly for offshore wind farms. These costs are influenced not only by the frequency
of failures, exacerbated by harsh environmental conditions, but also by the logistical challenges
associated with accessing turbines in remote offshore locations. In some offshore developments,
0&M costs have been reported to account for up to 35% of levelized cost of energy (LCOE) [10]. In
absolute terms, the average O&M cost for fixed-bottom offshore wind projects has been reported at
$30.3 per MWh, whereas those of onshore projects are approximately $12.1 per MWh [11]. In particular,
maintenance costs tend to have a greater influence on controlling the levelised cost of energy than
general operating costs [5]. As a result of the high O&M cost, wind farm operators are under growing
pressure to reduce these expenses [12].

Currently, offshore wind O&M strategies are largely centred around corrective and periodic approaches,
though some predictive tools are starting to see implementation [12], [13]. Corrective maintenance,
which involves replacing components after they fail, can lead to long downtimes and high repair
costs due to consequential damage. Periodic maintenance replaces or inspects parts at set intervals,
potentially wasting useful life or failing to prevent unexpected failures. Condition-based maintenance
(CBM) uses real-time data to estimate current and future machine health and integrates these insights




into maintenance planning to reduce the number of incisions and corrective maintenance actions
needed [14]. Empirical studies confirm that CBM can significantly reduce downtime and costs while
extending component lifetime [15]-[18].

Advancing offshore wind through smarter O&M also has a significant socio-economic impact, touching
upon six UN Sustainable Development Goals (SDGs). The maintenance of offshore turbines exposes
technicians to considerable health and safety risks, with a documented increase in serious injuries
and fatalities in recent years [19]. CBM can significantly improve the health and safety of maintenance
technicians by reducing the need for unplanned or high-risk interventions [20], directly impacting
SDG 3 (Good Health & Well-being). The CBM extends the useful life of the components through
timely interventions and replaces only when their useful life is exhausted [16], supporting SDG 12
(Responsible Consumption & Production). CBM also reduces unplanned downtime [21], which, together
with the extension of the useful life of the component, further reduces the LCOE and therefore aligning
withSDG 7 (Affordable & Clean Energy). Cheaper and more competitive renewable energy accelerates
the climate transition and promotes economic growth through cheap and abundant energy, reinforcing
SDG 8 (Decent Work & Economic Growth) and SDG 13 (Climate Action). CBM is part of the automated,
data-driven future of energy, aligning with SDG 9 (Industry, Innovation & Infrastructure).

1.1. Background and motivation

CBM has been the subject of extensive research, but despite advances in academic research, CBM
is still far from being fully implemented in the wind industry [12]. A possible barrier is the lack of
integrated, practical CBM studies. Most CBM research only considers diagnostics or prognostics and
without linking predictions with maintenance decisions [22]-[30], and does not quantify their findings
or neglect practical difficulties with their prediction. Or, research on maintenance typically assumes
overly simple degradation paths [15], [16], [31]-[33], despite the fact that such precise degradation
profiles are rarely available in practice. Evidence from the aerospace sector shows that fully integrated,
data-driven approaches can unlock substantial cost savings [34]-[37].

However, such integrated CBM approaches remain rare in the wind sector, as discussed in Subsec-
tion 2.4.1. These papers typically rely on synthetic or simulated condition monitoring system (CMS)
data, such as high-frequency vibration signals. In recent years, there has been a notable shift in the
wind energy sector from reliance on vibration data to a increased use of supervisory control and data
acquisition (SCADA) data for condition monitoring [38], [39]. Most large-scale wind turbines already
provide SCADA data as standard [40]. Although SCADA was not specifically designed for condition
monitoring, it records low-frequency operation parameters that can support this analysis [39], [41]. Be-
cause operators can use the existing SCADA infrastructure, extracting relevant information promises
rapid deployment and modest set-up costs [41].

The shift to SCADA is largely driven by the use of machine learning techniques, which enable advanced
fault detection and prognostics [38]. The sheer volume of data from SCADA systems is particularly
useful for machine learning due to its efficiency and practicality in the modelling of complex nonlinear
systems [42]. In particular, deep learning techniques have outperformed traditional techniques in
recent years, mainly due to their superior performance [38]. Advance deep learning models such
as long- and short-term memory (LSTM) are also well suited to process varying-length time series
[43], such as in SCADA data from wind turbines. However, the success of deep learning models
depends on the availability of substantial run-to-failure datasets [11]. Acquiring data sets is a key

1.1 Background and motivation 2



challenge in the wind industry due to the limited public availability of real-world data, especially those
that include detailed information about anomalies or component faults [44]. This scarcity is mainly
due to concerns about data security and privacy in the wind industry [38].

The recently published Coverage, Accuracy, Reliability and Earliness (CARE) to Compare dataset [44]
is a notable attempt to close this gap. This dataset is a comprehensive and anonymised collection
of SCADA time series and failure logs from three offshore wind farms. From this dataset, this
study investigates the rotor bearing failures. Mechanical components are responsible for the highest
downtime in wind turbines, despite representing a relatively small number of failures [45]-[47]. Among
these, bearings are one of the most critical subcomponents [48]. Rotor bearings are part of the low
speed system and are known for their low rotational speed and high loads make them less sensitive
to vibrations caused by defects or damage [49]. As a result, many techniques that perform well in
high-speed and moderately loaded conditions have proven unreliable for rotor bearing fault detection
[49], making them a suited component for research with SCADA data such as shown by [41].

In real-world datasets, such as CARE, run-to-failure instances on the same component are scarce.
Components typically have a long lifetime or are replaced preventively, and although failures can still
occur (both in older and newer turbines), data from these events is often unavailable or inaccessible.
Limited run-to-failure cases make training supervised models requiring labelled data difficult. To
address the lack of available data on failures, researchers apply unsupervised learning methods,
particularly autoencoders (AEs), which are commonly used for condition motoring [27]-[30]. An
AE encodes the original sensor inputs into a compressed latent space and then reconstructs them.
Unsupervised AE typically training exclusively on healthy data, which is data recorded while the system
operates normally. This enables a model to learn normal behaviour. By learning the normal behaviour,
the model can estimate a current state in the form of a health indicator (HI). For example, using the
reconstruction error between the predicted and real value [28] or the latent space [50]. Since the
model relies only on healthy data, no run-to-failure cases are required for training, only for validation.

Unsupervised HI methods have the additional benefit of not assuming degradation patterns. Different
failure modes are expected to show a number of possible degradation patterns [41]. Supervised HI
models often rely on a predefined degradation shape, such as a linear decline [51] or a quadratic curve
[52]. These assumptions oversimplify the problem and do not capture the stochastic nature intrinsic
to most complex degradation processes [27]. In contrast, unsupervised HI models can adapt to the
underlying failure trajectory without requiring any prior assumptions about its form. This allows for
a more realistic and generalisable representation of varying degradation behaviours across asset
condition monitoring. Despite these advantages, unsupervised deep learning approaches are a scarce
domain in bearing HI construction [27], and are rarely included in integrated wind turbine frameworks.

In summary, the literature lacks integrated CBM frameworks that show the impact of advanced
unsupervised rotor bearing HI models from real-world SCADA data. This thesis aims to address
this gap by developing an end-to-end framework for CBM of offshore wind turbine rotor bearings,
where an Hl is developed and integrated into offshore multiple-threshold maintenance. The HI are
made using a sefisticated LSTM AE that learns normal behaviour from healthy SCADA data, and uses
operating conditions informatively in the LSTM. The Hls are fed a multithreshold maintenance model
that favours early, low-impact interventions over costly preventive replacements. Because training is
required only healthy data from standard deployed SCADA systems, the method is inexpensive to
deploy and broadly applicable, even when failure records are sparse.

1.1 Background and motivation 3



1.2. Research questions

The main research question of this thesis is as follows:

How can rotor bearing health indicators for wind turbines be developed from SCADA data and integrated
into a condition-based maintenance strategy?

This question leads to the following subquestions:

1. Which method can effectively derive rotor bearing health indicators and detect anomalies from
SCADA data when run-to-failure cases are scarce?

2. What evaluation metrics are appropriate for the health indicators, and how well do the derived
health indicators perform on the CARE dataset?

3. How can a practical condition-based maintenance framework for offshore wind turbines be
developed based on the health indicators?

4. How does the proposed framework compare to corrective replacement, preventive replacement
and perfectly timed maintenance strategies?

1.3. Report outline

The remainder of the report is structured as follows. First a review of the relevant literature supporting
the development of CBM is presented in Chapter 2. Chapter 3 introduces the theoretical foundations
on deep learning needed to develop the method. The progressed methodology is presented in
Chapter 4. Chapter 5 introduces the CARE dataset used in this thesis. The corresponding results
and discussion of the CARE dataset and the method are presented in Chapter 6. Finally, Chapter 7
concludes the report and provides recommendations for future research.

The roadmap for the CBM framework in this thesis, from raw SCADA data to maintenance scheduling
results, is shown in Figure 1.1. An in-depth flow diagram of the methodology used in this thesis can
be found in Figure 4.1

(]
@
@
SCADA Data and -

preprocessing
Chapter 5

Results
CBM planning maintenance
Chapter4.2 Chapter 6.2

HI Construction Results HI
via LSTM AE Chapter 6.1
Chapter 4.1

Figure 1.1: the roadmap for CBM, from raw SCADA data to maintenance schedule
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2

Literature Review

This chapter presents a review of the relevant literature supporting the development of CBM. CBM is
part of Prognostics and Health Management (PHM), a comprehensive management cycle that aims
to ensure reliable operation and minimise unplanned downtime [53]. PHM consists of three main
steps: observation, analysis, and action [48], [54]. For wind turbines, these steps are equivalent to
condition monitoring, fault detection, or prognostics, and maintenance actions. The purpose of this
review of the literature is to understand how the three axes are addressed in current state-of-the-art
research and, more specifically, what papers provide an end-to-end CBM framework.

Multiple literature reviews have explored CBM in the wind energy sector, focusing either on prognostic
and condition motoring [42], [55]-[58] or on maintenance strategies [5], [12], [59]-[61]. Fox et al. [11]
considers both aspects of CBM in their review, but do not consider studies that integrate both aspects
in one study. The literature review of this thesis is different from the existing literature reviews, as it
focusses on literature that integrates both aspects of CBM into their research.

This chapter is built up as follows. First, condition monitoring is introduced in Section 2.1, along with
the identification of critical subcomponents of wind turbines and a specific focus on the modes of
failure of the rotor bearing. In Section 2.2 the different maintenance strategies are discussed. In
Section 2.3 condition monitoring is considered, in particular the different methods used. Integrated
approaches within the wind industry and the aircraft industry are examined in Section 2.4.

2.1. Condition monitoring and critical components

Condition monitoring provides the data stream that forms the basis for a CBM strategy. Its purpose
is to track the evolving degradation of critical turbine subsystems. This section establishes the
fundamentals of condition monitoring and identifies critical components and failure modes of the rotor
bearing. Subsection 2.1.1 contrasts the two main data sources available in wind energy: dedicated
CMS and SCADA systems. Subsection 2.1.2 then reviews published failure statistics to assess the
criticality of individual subcomponents, and delves into the fialure modes for rotor bearings.




2.1.1. Monitoring systems

Condition monitoring refers to the process of continuously evaluating the operational state of wind
turbine components, starting with the implementation of a monitoring system. Generally, two types of
monitoring systems are used for the diagnosis and prognosis of wind turbines: CMS and Performance
Monitoring Systems, in the form of SCADA systems [48].

CMSs are installed as dedicated accessories designed by a number of manufacturers to record
indicators such as vehicle vibration, oil quality, and component temperatures [40]. These indicators
can be processed and analysed to derive meaningful degradation information. However, these
systems come at a significant cost of typically exceeding €12,000 per turbine, resulting in multimillion
dollar investments for large wind farms [21].

In contrast, SCADA systems are standard in large-scale wind turbines and primarily designed for
operational control. These systems use hundreds of sensors that typically record at 1 Hz, and process
this data into statistical summaries (e.g. mean, standard deviation, minimum, and maximum) at
10-minute intervals [57]. The monitored parameters commonly include wind speed, power output,
rotor speed, and the temperature of critical components.

In recent years, there has been a noticeable shift in the wind energy sector from reliance on vibration
data to increased use of SCADA data for condition monitoring. This shift is largely driven by the
integration of SCADA data with machine learning techniques, which enable advanced fault detection
and prognostics [38].

The strengths and limitations of using CMS and PMS data sources for PHM are summarised in
Table 2.1.

Table 2.1: Advantages and disadvantages of SCADA and CMS [48], [62]

Monitoring system  Strengths Weaknesses

SCADA + Readily accessible data - Usually records 10 minute average data, so
+ Can detect abnormal spectral analysis cannot be applied to inter-
trends preting them

- Not able to identify and isolate specific faults
- Faults are harder to detect and prone to false
alarms due to reliance on (fluctuating) opera-
tional conditions
CMS + Able to identify and isolate - Costly due to instrumentation

specific faults

+ Captures high-frequency

data, allowing for spectral

analysis
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2.1.2. Reliability of critical components

Ensuring that the CMS can reliably detect and identify a failure is a critical prerequisite for developing
a prognostic model [55]. To understand the common types of wind turbine failures, several surveys
[45]-[47], have been carried out. The challenges in comparing databases are due to the lack of
standardised methodologies for data collection on failures within the wind industry [46]. Furthermore,
variations in the characteristics of the data set, such as the volume of data, turbine power ratings,
location, weather conditions, and accessibility, contribute to inconsistencies [45]. However, critical
sub-assemblies remain quite consistent across different data sources [45].

For example, Figure 2.1 compares three key European databases for onshore wind turbines: WMEPR,
LWK, and Elforsk/Vindstat (Swedish Survey). Although these datasets are dated (1993-2006), they
are among the most comprehensive publicly available and align closely with more recent surveys [46].
A common characteristic is that the highest failure rate subassemblies in onshore turbines do not
necessarily result in the most downtime. Specifically, mechanical subassemblies, such as gearboxes,
have relatively low failure rates, but cause significant downtime due to complex logistic and technical
repairs [46]. In contrast, electrical components fail more frequently, but are repaired more quickly.

. [ oWMERP Failure Rate, approx 15400
Electrical System Turbine Years, 1993-2006
BLWK Failure Rate, approx 5800 Turbine
. Years, 1993-2006
Electrical Control ®m Swedish Survey Failure Rate, 3122
Turbine Years, 1997-2005
Other OWMEP Downtime, approx 15400
Turbine Years, 1993-2006
BLWK Downtime, approx 5800 Turbine
Hydraulic System Years, 1993-2006
B Swedish Survey Downtime, 3122
Turbine Years, 1997-2005
Yaw System
Rotor Hub
Mechanical Brake
Rotor Blades
Gearbox
Generator
Drive Train
1 0.75 0.5 0.25 0 2 4 6 8 10 12 14 16
Annual failure frequency Downtime per failure (days)

Figure 2.1: Failure rates and downtime for onshore wind turbines [46]

This trend differs slightly for offshore turbines due to harsher operating conditions and the logistical
challenges of performing even simple repairs. Figure 2.2 compares the failure rates and downtime
distributions of offshore and onshore wind turbine. Onshore turbines experience the highest failure
rates in electrical and control systems, blades and hub, pitch systems, and generators. For offshore
wind turbine this is similar, but the pitch system emerges as the most critical subassembly in terms
of failure rates. Higher failure rates for gearboxes, generators, and drivetrains in offshore turbines
may be due to limited databases (only four), as they include the Round 1 UK database, which reports
unusually high gearbox failure rates and related issues [46]. With regard to downtime, gearboxes,
generators, and blades/hub contribute the most for both onshore and offshore turbines.

In absolute terms, offshore failure rates are higher than onshore, partly explained by harsher offshore
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operating conditions, including stronger winds and corrosive saltwater exposure [45]. Furthermore,
the downtime per stop is approximately double offshore compared to onshore installations [45], most
likely a result of complex offshore maintenance [46]. The average stop rate is slightly higher offshore
[45].

Onshore Offshore

= Blades & hub
= Drivetrain
= Pitch
Gearbox
= Generator
= Control system
= Yaw
= Hydraulic
= Sensors
= Electrical

= Blades & hub

= Drivetrain

= Yaw
Gearbox

= Generator

Figure 2.3: Comparison of onshore and offshore downtime among wind turbine components [45]

Main bearing faults

The main (rotor) bearing supports the low-speed main shaft and is shown in Figure 2.4. Figure 2.4a
locates the bearing within the nacelle and presents a cutaway view of its housing, while Figure 2.4b
schematically identifies the key elements: outer ring, inner ring, cage, and rolling elements [41].
Although the figure shows a spherical roller design, alternative drivetrain configurations also exist,
including single and double bearings, integrated gearbox bearings, and floating arrangements in
geared turbines [49]. The component can be damaged in a variety of ways, which will be discussed
here. The objective of discussing this is to show that there are different patterns to predict a fault in
this component, but rather a large number of possible patterns.

The bearing company SKF classified failure modes according to the ISO 15243 standard into the
following failure modes: (i) fatigue, (ii) wear, (iii) corrosion, (iv) electrical erosion, (v) plastic deforma-
tion and (vi) fracture and cracking [63]. Understanding these failure modes is essential for effective
condition monitoring, as in many cases SCADA-based temperature data provide the earliest signature
of damage, while vibration is more effective for others. Below each of the failure modes are discussed
[41]:
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rolling
element

(a) Main bearing located inside a wind turbine (b) Schematic of main roller bearing, with the different components

Figure 2.4: Spherical main bearing, from the company SKF [41]

Fatigue occurs in two forms: subsurface initiated and surface initiated. Subsurface fatigue
develops beneath the rolling elements as a result of repeated rolling contact stresses, forming
cracks that propagate to the surface. Surface fatigue arises from inadequate lubrication, which
damages surface asperities and initiates micro-pitting.

Wear accelerates the degradation initiated by fatigue. Abrasive wear is caused by hard particles,
such as contaminants or spall debris, scratching the raceway, while adhesive wear results from
metal transfer during transient sliding conditions. Wear is often lubricant-related and typically
accompanied by frictional heat.

Corrosion presents in three forms: moisture corrosion, fretting, and false brinelling. Moisture
corrosion results from water ingress, creating dull patches on the raceway. Fretting occurs when
there is relative micro-motion at the bearing-housing interface, while false brinelling appears as
wear marks during standstill under vibration.

Electrical erosion occurs when current travels through the rolling path. High current densities
arc-weld the contact, leaving molten craters, while low leakage currents create clusters of
shallow pits.

Plastic deformation results from shock loads or debris dents that distort the raceway and
increase local stresses. It can be caused by overleading, shock loads or improper handling. The
debris or overlead can be an affect of wear or damage to an different component, such as a
gearbox.

Fracture or cracking ends service life. Fractures are either forced fracture, fatigue fracture, or
termal cracking. A forced fracture develops when local stresses exceed the material’s ultimate
tensile strength. A fatigue fracture, by contrast, emerges under repeated bending once the
fatigue limit is surpassed. Finally, thermal cracking occurs when sliding contact generates
intense frictional heat.

2.1
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2.2. Maintenance strategies

The short-term maintenance strategy refers to the planning and scheduling of maintenance activities
over a relatively limited horizon, typically from a few days to several months. This time frame aligns
with prediction horizon from prognostics or diagnostics and allows timely interventions. Unlike long-
term strategies that focus on lifecycle management, short-term approaches emphasise operational
efficiency and responsiveness to near-term risks [5].

This section examines various maintenance strategies applicable to short-term operations and
maintenance (O&M) planning. The focus is on how these strategies interact with the prediction
horizons and support the effective scheduling of maintenance actions. An effective short-term
maintenance strategy seeks to improve economic efficiency, extend the lifetime of components,
minimise emergency repairs, reduce overtime labour costs, and mitigate the impact of unexpected
equipment failures [5].

The international standard EN,13306 [64] distinguishes two fundamental forms of maintenance,
namely Preventive Maintenance (PM) and Corrective Maintenane (CM), as is distingists in Figure 2.5.
Preventive strategies are intended to avoid any failure, while corrective measures are the activities
that occur after a component failure [65]. Preventive strategies can be further sub-devided in prede-
termined and condition-based settings, while corrective strategies can be sub-devided in immediate
and delayed maintenance. Concepts such as predictive or opportunistic maintenance [5], are also
briefly explained within the context of the EN,13306 classes. The section starts with explaining CM in
Subsection 2.2.1, and then covers PM in Subsection 2.2.2.

[ Maintenance ]

I
+ I

[ Preventive ] [ Corrective ]

| |
' ! ! '

[Predetermined} [Condition—BasedJ [ Immediate J [ Deferred ]

Figure 2.5: Maintenance strategies classifications. Adapted from: [64]

2.2.1. Corrective maintenance

CM, also called reactive maintenance, is a failure-based approach in which repairs or replacements
are performed only after a component has failed. This reactive strategy is simple, as it relies solely
on failure events without the need for condition monitoring, and maximises component utilisation
[11]. However, it can result in unexpected downtime, high repair costs, and operational disruptions.
It is not the most cost-effective approach, particularly for offshore wind turbines where access is
challenging [12].
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EN,13306 divides CM into two sub-classes [64], according to how quickly the repair is initiated.
Immediate CM is begun without deliberate delay once the need is recognised, usually when the fault
poses safety risks or may lead to severe secondary damage if operation continues. That means that
the turbine cannot operate until the fault is repaired, leading to high production costs. In contrast,
CM deferred replacements are postponed to a more convenient time because the fault has limited
impact on production or safety.

2.2.2. Preventive maintenance

PM comprises actions performed before functional failure occurs, with the goal of reducing the
probability of failure or the rate of degradation [65]. In offshore wind O&M it mitigates the high cost
and weather-related risk of unscheduled access.

Predetermined maintenance, also referred to as periodic maintenance, takes a proactive, time-based
approach, involving scheduled inspections and replacements at regular intervals. By addressing
potential issues before they cause failures, this strategy reduces the likelihood of failures. However,
periodic maintenance often leads to unnecessary waste of useful life of components and can still
lead to failure if a component wears more than anticipated [11].

CBM focusses on real-time monitoring of equipment health to determine maintenance time based on
a threshold. This approach uses measurements from specific sensors (from CMS or SCADA systems)
to estimate the current state [66]. An important distinction in CBM is diagnosis and prognosis.
Diagnosis is an indication of the current (and past) health of a system based, often expressed as Hl,
and prognosis is an assessment of future health, often expressed with an Remaining Useful Life (RUL)
[65]. CBM in which prognostics is included is sometimes also refered to as Predictive Maintenance
(PdM) [11].

The CBM strategy has been the subject of extensive research [12]. For example, Dao et al. [17] propose
a CBM strategy that integrates real-time CM data with a physical degradation model based on Paris’
Law. Maintenance decisions are based on an optimised threshold and a decision tree that determines
whether to perform corrective maintenance, periodic maintenance, or CBM. Despite advances in
academic research, CBM is still far from being fully implemented in the wind industry [12].

Finally, there is opportunistic maintenance, which is not a strategy on its own, but a combination of
two strategies, aiming to use shutdown as an opportunity to perform PM on other subsystems [61],
combining CM and PM. This strategy can also take advantage of favourable weather conditions or
curtailment periods to schedule maintenance tasks during suitable periods or planned downtime. For
example, Yang et al. [21] propose a framework that optimises maintenance by clustering tasks during
such opportunities, or Donnelly en Carrol [67] considers planning maintenance during a curtailment
periods. Studies can focus on opportunistic maintenance components within a single wind turbine
such as Perez et al. [68], or expand the scope to include opportunities in multiple turbines or even
entire wind parks such as in Bakir et al. [69].
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2.3. Modelling condition and prognostics

Condition modelling or prognostics are central parts of CBM. Prognostics refers to the ability to reliably
predict the future state or condition of health of a machine, expressed as an RUL [59]. In contrast,
condition modelling aims to track the cumulative damage, often in the form of an HI. An HI provides
the current condition of the component and helps to detect a pending failure early. Generally, the
modelling methods for both RUL and Hl fall under three main approaches: data-driven, physics-based,
or hybrid models [11]. An overview of these approaches, along with example models, is provided in
Figure 2.6. All three approaches can employ both SCADA systems or CMS.

This section covers the three approaches: first it describes the physics-based models in Subsec-
tion 2.3.1. Then the section examines data-driven techniques in Subsection 2.3.2 and hybrid strategies
that fuse physical insight with operational data are addressed in Subsection 2.3.3. Particular atten-
tion is devoted to deep learning methods in Subsection 2.3.4, with an emphasis on unsupervised
architectures to construct robust Hl and translate them into RUL.

( N
Prognostics Approach
. I J
¥ - ¥ ~ v
Physics-based
*  Miner'srule Data-driven Hybrid
¢ S-Ncurve
*  Paris law \_ I )
Stochastic . .
+ Bayesian filtering (e.g. Particle) MaChlne Lea rnlng
* Regression analysis (e.g. Exponential, linear) ¢ Classical methods
* Stochastic process (e.g. wiener, gamma, « Deep learning (e.g. CNN, AE, ANN)
gaussian, Markov chain) * Ensemble learning (e.g. gradient boosting)

+ Life distribution (e.g. Weibull distribution)

Figure 2.6: Overview of approaches to condition monitoring and prognostics. Adapted from: [42]

2 3.1. Physics-based techniques

Physics-based prognostic techniques rely on a deep understanding of the physical system or process
and use scientifically established relationships to describe its behaviour [11]. These models employ
first-principles approaches, such as materials mechanics, thermodynamics, and fluid dynamics,
to simulate the degradation and failure mechanisms of components. For wind turbine condition
monitoring, most physics-based models are based on fatigue lifetime prediction methodologies
such as the S-N curve [11]. Other common approaches include using Paris’ law to analyse crack
propagation in materials or Palmgren—Miner’s rule to estimate cumulative damage. For example,
Florian et al. [22] developes a fracture mechanics model using Paris’ law to estimate the RUL of wind
turbine blades.
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Physics-based models have the advantage of being grounded in physical laws, making their results
more interpretable and particularly well suited for safety-critical applications [23]. They are effective
for specific failure modes, providing precise predictions with fewer data needed compared to other
techniques [48]. However, their effectiveness relies on high-fidelity modelling of specific defects.
Furthermore, physical degradation processes are typically only well understood for relatively simple
or critical components [23]. Consequently, the widespread use of physics-based models in real-world
applications is limited.

2.3.2. Data-driven techniques

Data-driven methods use large volumes of data to assess the state of the wind turbine. These
methods do not require prior knowledge of the system but rely on large datasets, which should
include enough failure cases to learn from [11]. Data-driven approaches are subdivided into statistical
and machine learning methods and are discussed separately below.

Statistical Models

Statistical models base their predictions on empirical data and statistical techniques. Life distribution,
the simplest technique uses previous failure data to estimate model distributions (such as exponential,
lognormal, Gaussian, and Weibull functions) to predict when failures are expected to occur [11]. In
particular, the Weibull function is widely used to model the reliability of the components [70]. One
of these Weibull models, the classical "bathtub curve", captures reliability over the lifetime of an
component with three different Weibull distributions. Specifically, it assumes trends as decreasing
failure rates during early life (8 < 1), constant rates during normal operation (8 = 1), and increasing
rates as components wear out (8 > 1) with 8 being the shape parameter [11].

Other key techniques include Hidden Markov Models [68], Particle Filters, autoregressive models,
Wiener processes, Bayesian degradation models [69], [71], and Gamma processes [11]. In general, the
advantage of statistical techniques lies in their ability to efficiently analyse historical data to provide
reliable predictions with quantified uncertainty. However, their performance depends on the quality of
the data and is less precise in predicting RUL of complex systems [58].

Machine learning models

Machine learning models can learn the underlying patterns within the data. The models can be
dived into the classical, deep learning and ensemble learning methods [42]. For condition monitoring
in the wind industry, the most widely used machine learning models are Neural networks (NN),
support vector machines, and decision trees [55]. An important distinction in machine learning is
supervised - unsupervised learning. Supervised learning predicts the results using labelled data, while
unsupervised learning does this without labels. In PHM, labels typically indicate the operating state
of the turbine [11].

Man et al. [25] investigate the performance of different machine learning, specificity models Classi-
fication And Regression Tree, support vector machines, NN, Deep NN, and Gradient Boosting. The
study first applies the unsupervised learning technique K-means clustering to classify SCADA data,
this classification is used as labels of the five algorithms. Among these models, Classification And
Regression Tree and deep NNs demonstrated the best predictive performance.
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The advantages of machine learning-based models lie in their efficiency and practicality in modelling
complex nonlinear systems, and their relatively short development time compared to physics-based
and hybrid approaches. However, their limitations include the need for large volumes of representative
data for training (including failures), computational power, and low interpretability [42], [48].

2.3.3. Hybrid techniques

Hybrid models are the leading and most accurate approaches for wind turbine prognostics [48]. In
hybrid models, two methodologies are combined to take advantage of the strengths of each model.
For instance, Wang et al. [72] demonstrate a hybrid approach that integrates the Paris formula with
a Particle Filter within a Bayesian framework for probabilistic RUL estimation of bearings. They
present a combined diagnostic and prognostic approach, their diagnostics is achieved by extracting
vibration characteristics from a wavelet transform-based method, which are then fused into a Hl
to represent the bearing condition. Hybrid models such as these enabled accurate forecasts with
limited representativeness in the data set.

Another recent example is the work by Chao et al. [23], who combine thermodynamics and wear
modelling with sensor data, processed using a deep NNs for RUL estimation of turbofan engines.
Their study demonstrates that their hybrid framework outperformed purely data-driven approaches,
extending the prediction horizon by almost 127 % , meaning it could anticipate failures more than
twice as early and provide much longer lead times for maintenance planning. With this, they claimed
superior performance over the best purely data-driven methods of the CMAPSS dataset. However,
Chao et al.[23] noted that these hybrid models require careful design to avoid the combined drawbacks
of the underlying methods, and they emphasise the need for adequate and accurate physics-based
information to allow the model to function effectively.

2.3.4. Deep learning techniques

DL, a subset of machine learning, uses multiple nonlinear processing layers to automatically extract
complex features from sensor data, making it very usefull for condition monitoring of complex
systems [73]. Deep learning techniques are well suited for handling large volumes of noisy data
extracted from wind farms and operate without requiring prior knowledge of the system [11]. However,
these models require extensive run-to-failure data for training and often lack transparency, which can
make them unsuitable for applications requiring interpretability [11].

Deep learning originated from Artificial Neural Networks (ANNs), which are NNs composed of mul-
tiple interconnected layers (input, hidden, and output) [73]. Different types of ANNs serve different
purposes. Convolutional Neural Networks (CNNs) are a type of multilayer feedforward Artificial Neural
Network (ANN) [73]. CNNs are particularly effective for tasks that involve spatial data and are widely
used in applications such as image recognition and understanding [74]. This is achieved through con-
volutional layers, which capture local patterns and features from the input data by leveraging spatial
hierarchies across multiple layers [74]. As a result, CNNs excel at analysing structured datasets, such
as temperature patterns or other sensor data from wind turbines.

Recurrent Neural Networks (RNNs) are deep learning architectures that include feedback connections
from hidden or output layers back to previous layers, allowing them to process sequential and dynamic
information over time [73]. Among the RNN variants, Long Short-Term Memory (LSTM) networks are
particularly popular due to their ability to retain information over extended time periods. This makes
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them especially effective for capturing trends in system degradation [73].

Jankauskas et al. [24] uses the EDP SCADA dataset to evaluate the effectiveness of RNNs, comparing
LSTM, gated recurrent unit, and biderectional LSTM to predict temperature anomalies for early fault
detection. Their study focused on the gearbox, generator, generator bearing, transformer, and hydraulic
group, with biderectional LSTM showing the best performance. This approach enabled the detection
of faults up to 37 days before failure.

Similarly, Udo et al. [26] study the three models: Extreme Gradient Boosting, LSTM networks, and
Statistical Process Control for fault detection in wind turbines using SCADA data. The study compares
this on two datasets (EDP and ENGIE), with EDP having failure data and ENGIE not. This study focuses
on monitoring gearbox and generator temperatures to identify faults. Among the models tested,
LSTM demonstrates the highest effectiveness. The authors offered limited information on why LSTM
outperformed the other methods. However, the paper presents a thorough methodology for setting
up a deep learning model in wind turbines.

Unsupervised learning

Unsupervised learning methods do not need labelled data. In PHM, this means they can work
without true RUL values. By not relying on labels, they can train on only healthy data to learn the
normal behaviour of a machine. In this way, they are useful when failures are rare, for example when
components are typically replaced before failure. These models can still detect changes in system
behaviour and support health monitoring.

For example De Pater and Mitici [28] applie an AE with LSTM for turbofan engines and derive an RUL
prognostic tool with fewer run-to-fault data compared to supervised method. They showe to make
RUL predictions with as little as 2 run-to-failure cases. Their model is trained only on healthy data.
An Hl is then generated for the run-to-failure cases using reconstruction errors from the AE, based
on the assumption that the reconstruction error increases as the system degrades. HI trends are
evaluated using monotonicity, trendability, and prognosability metrics. RUL is then estimated using a
similarity-based approach, comparing current Hl trends with historical failure cases. They showe
that the method can work with as few as two failure cases, although performance improves with
more failures. Their results showes that this method outperforms traditional supervised approaches,
reducing the prediction root mean squared error of RUL by 19% compared to 1D CNN and LSTM-based
models.

By developing an HI and RUL, more information is provided. Based on the HI, an anomaly can be
detected before failure, whereas the days to failure are given by the RUL. In general, the methods for the
prediction of RUL based on HI can be categorised into three main groups: prognostic methods based
on similarity, statistical methods based on models and data, and intelligent time series prediction
methods [75].

Han et al. [30] also propose an RUL prediction method using HI estimations based on an AE model.
Their method is applied to high-frequency bearing data, which is described using features such
as peaks, energy, and shape factor. Then four of these features are selected on the basis of a
monotonicity equation. Their method first fuses multiple features into a single Hl using an AE. Instead
of using a similarity-based approach for RUL estimation, they train an LSTM model. The RUL is given
on a relative scale from 0 to 1, which means that it lacks a direct time reference. This is not preferable
in maintenance planning.
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Yu et al. [29] applie similarity-based matching for the estimation of the RUL using an HI index similar
as De Pater and Mitici [28]. They use an RNN AE, which does need run-to-failure training data to
automatically fuse high-dimensional sensor data into a one-dimensional HI. The encoder’s latent
space representation served as the HI. The HI curve is stored offline and later matched with test
instances using a similarity-based technique, where similarity is determined by the distance between
the test HI curve and those in the library. The RUL for each match is estimated based on the length of
the matched curve and the final RUL is obtained as a weighted average of the similarity scores and
individual RUL values. To improve matching, a zero-centering rule is introduced, allowing curves to be
shifted up or down for a better fit. However, this sometimes causes incorrect training instances to
be considered similar, especially when many training samples are available. The method is applied
to the C-MAPSS dataset, achieving competitive scores compared to state-of-the-art prognostic
models. However, it require a large amount of run-to-failure data for effective performance, especially
compared to the method of De Pater and Mitici [28].

Encalada-Davila et al. [41] develops a purely SCADA-based HI for rotor bearings of wind turbines.
Their unsupervised approach first trains a feed-forward ANN on one year of healthy data from
twelve identical turbines to estimate the low-speed-shaft temperature. The residual absolute rotor
temperature servs as a point-wise anomaly score, which they aggregat weekly into an HI normalised to
[0, 1] via a persistence criterion that counts samples whose residual exceeds a data-driven threshold,
where the value of 1is given if the threshold is croshed for a week. Only one rotor-bearing failure
occurres in the data, which provides a 3.5-month early warning based on the HI. Importantly, the model
does not require failure labels, no additional sensors, and provided an interpretable HI. However, in
their HI, a value of 1 does not equal a failure as is desired. And their approach is validated on a single
bearing fault, so wider generalisation remains to be demonstrated.

2.4. Integrated condition-based maintenance approaches

Integrated CBM approaches bring together the two essential steps: the prediction of component
degradation and the use of this information in maintenance optimisation models. In the wind industry,
such approaches are scarce and often dated. In Subsection 2.4.1 the literature that combines both
aspects is discussed in the wind industry. Other industries have made significant strides in integrated
CBM, most notably the aircraft maintenance industry, as highlighted by Borsotti et al. [15]. Both
the wind turbine and the aircraft industry share key similarities, including high downtime costs and
the technical complexity of the systems involved [15]. The relevant integrated CBM literature of the
aircraft industry is discussed in Subsection 2.4.2

2.4.1. Application in the wind industry

Many studies in the wind industry focus on developing diagnostic or prognostic models without
considering their practical implementations. Other studies focus on planning approaches that rely
on simplified degradation assumptions, and only a limited number attempt to combine both. This
sections gives an review of the papers that combine both aspects. An overview of the integrated
approaches identified in this review is provided in Table 2.2 and Table 2.3. Table 2.2 summarises
the prognostic and diagnostic aspects of the reviewed literature, while Table 2.3 focuses on the
maintenance-related aspects.
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Tian et al. [18] are among the first to combine prognostics and maintenance for the case of a wind
turbine. They assume Weibull distributions as appropriate to describe the real failure times of the
rotor, gearbox, and generator. This is a significant simplification over real word failure rates. An ANN
is uses to predict the life percentages of these components from CMS data, assuming a standard
deviation over the ANN life prediction. For maintenance planning, two thresholds are established to
guide maintenance actions: one for CM and another lower threshold for PM. This way, when a CM
activity is performed, it can be coupled with a PM activity. These thresholds are simpler than the
dynamic optimisations seen in later research. The study relies on CMS data, as did all but one of the
other articles reviewed.

Perez et al. [68] propose a Markov model based on wind speed data from a wind farm in Texas
(USA) to synthetic model degradation and failure rates and proposed a maintenance model for a 100-
turbine wind farm. Their framework considers gearboxes, generators, blades, and control systems,
incorporating factors such as maintenance capacity, lead times, rescheduling due weather conditions,
and separate costs for CM and PM. However, like Tian et al. [18], opportunistic maintenance activities
are only considered in the same wind turbine, not considering activities between different wind farms.
Additionally, the framework does not use dynamic optimisation but rather employs static CM and
PM thresholds. Furthermore, the synthetically modelled degradation and failures do not represent
real-world conditions.

Yildirim et al. [71] address simplifications by considering dependencies between turbines with a
dynamic optimisation function. Their approach utilises a stochastic Bayesian degradation model
to estimate current states of turbines, based on real-world vibration data. A dynamic cost function
is used, which enables maintenance decisions to be more optimal compared to static thresholds.
Although the method accounts for interdependencies between wind turbines within a wind farm, it
does not explicitly consider the condition of individual components within each turbine.

Bakir et al. [69] uniquely consider the interaction of opportunistic maintenance actions between
turbine components, individual turbines, and the entire wind farm. The paper proposes the self-
named Multicomponent Condition-Based Opportunistic Maintenance framework, which combines
probabilistic lifetime predictions of components with an opportunistic maintenance model applied
across a wind farm. Prognostics have less emphasised in the paper and are achieved using Bayesian
degradation models using real-time sensor data and parametric degradation models. Rather than
field measurements, this study uses a laboratory-derived vibration-based degradation dataset from
rotating machinery, together with KNMI North Sea wind records.

Zhou and Yin [70] leverage ANN to estimate the percentage of life of critical components of the wind
turbine, including the rotor, bearings, gearbox, and generator. The ANN itself provides deterministic
outputs derived from CMS data (e.g., vibration monitoring data, temperature monitoring data, oil quality
monitoring data), and these outputs are assumed to have a normal deviation. Predictive analysis
information is used to guide maintenance decisions for offshore wind turbine components. Their
results demonstrate a significant reduction in costs compared to traditional preventive, corrective, or
combined strategies.

Yang et al. [21] propose a comprehensive intelligent maintenance framework dependent on the age
of the state for wind turbines. The framework employs Bayesian degradation modelling to predict the
RUL of components while accounting for uncertainties, among dynamic wind condition forecasting
using GRA. Although the inclusion of probabilistic degradation modelling and weather forecasting
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is impressive, the optimisation approach is limited to a single turbine. The solution technique can
therefore be a rule-based methodology implemented through a for loop, which evaluates possible
maintenance actions. Furthermore, the framework also assumes robust sensor coverage for CMS
measurements, and simulates this in their work, not based on real-world data.

Unlike the other studies, Bangalore and Patriksson [76] use real-world SCADA data from a Swedish
wind farm to propose a maintenance management framework called the Self-Evolving Maintenance
Scheduler. The framework is designed to integrate data from multiple sources and applies various
maintenance strategies. First, a typical Weibull distribution is used for multiple components to
model failure rates and to propose a time-based framework. For PdM, an ANN is trained to learn
normal gearbox temperature patterns, allowing faults to be anticipated up to two months in advance.
Probabilities are further refined using a gamma distribution. However, the fault detection approach
provides less information for maintenance planning compared to an RUL estimate. In addition, its
effectiveness is limited by the availability of only two recorded gearbox anomaly cases, highlighting a
common challenge with appropriate run-to-failure data.

To summarise, the integrated approaches applied in the wind industry, as shown in Table 2.2 and
Table 2.3, are most commonly based on CMS data, Bangalore and Patrikson [76] being the only
application that uses real-world SCADA data. Despite the advantages of SCADA, such as continuous
availability and wide coverage across turbines, and its growing dominance in current prognostic
research [38], it remains under-represented in the integrated approaches reviewed. The studies
most commonly use stochastic methods, with Bayesian degradation models being particularly, but
also ANN's were popular. Most of them however are not truly integrated approaches as they do not
use real sensor data. When it comes to maintenance planning, previous studies focus on static
optimisation techniques, where opportunities for maintenance activities are treated as fixed. Later
studies are solved under dynamic conditions using Mixed-Integer Linear Programming (MILP). All
reviewed methods optimised for minimal maintenance cost over the lifetime.

2.4.2. Application in aircraft industry

Research on turbofan engines showcases advances in prognostic techniques, rolling horizon planning,
and modelling under uncertainty. The availability of high-quality datasets, such as NASA's simulated jet
engine dataset C-MAPSS, supports the development of PdAM models. Widely used in studies such as
[34]-[37], [56], it enables incremental improvements and facilitates meaningful model comparisons.

De Pater et al. [36] propose a dynamic maintenance framework for a fleet of aircrafts. Their CNN-
based prognostic model demonstrates performance that is generally among the best existing CNN
methods for the C-MAPSS dataset, although the LSTM networks achieved a lower root mean squared
error. The paper employs a rolling maintenance schedule with a daily alarm threshold integrated
with an integer linear programme. The total expected costs using imperfect Remaining of Usefull
Life (RUL) prognostics are 24.3 % higher than those achievable with perfect RUL predictions. As the
prognostics are point RUL, no insight is offered into the uncertainties of the estimations.

Building further on [36], Lee and Mitici [35] use a CNN model with Monte Carlo dropout for probolistic
RUL prediction, which updates over time, and solve maintenance scheduling using a deep reinforce-
ment learning approach. Where [36] uses a common 1D kernel for all features, this paper applies one
1D kernel per column of input, as it is shown to be effective for multivariate time series data, such as
the C-MAPSS data set [35]. The Monte Carlo dropout introduces randomness with each forward pass
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Table 2.2: An overview of the aspects related to prognostics or diagnostics of Integrated Approaches for Wind Turbines

Reference Data Source Components Approach  Model
Tianetal. [18] CMS Rotor (including blades), machine ANN
main bearing, gearbox, gener-  learning
ator
Perez et al. Wind speed Gearbox, generator, blade, Stochastic Markov model
[68] from a real control system
wind farm,
modelled
degradation
Yildirim et al. CMS (vibra- Blades, gearbox Stochastic  Bayesian degradation
[71] tion) model
Bakiretal. [69] CMS (syn- Gearbox, rotor, generator, Stochastic Bayesian degradation
thetic), and bearing model
wind data
Zhou and Yin CMS Gearbox, rotor, generator, machine ANN
[70] bearing learning
Yangetal. [21]] CMS (vibra- Generator, gearbox, bearing, Stochastic Bayesian degradation
tion data) variable pitch modelling
Bangalore and SCADA Gearbox machine ANN
Patriksson learning
[76]

Table 2.3: An overview of the aspects related to maintenance of Integrated Approaches for Wind Turbines

Reference Location Strategy Level Notes

Tianetal. [18]  Not specified  Opportunistic Component, Tur- Static dual-threshold strategy;
CBM bine Opportunistic Maintenance only

within WT

Perez et al. Onshore Opportunistic Component, WT, Opportunistic Maintenance only

[68] CBM WF within WT

Yildirim et al. Not specified  Opportunistic WT, WF Does not consider Opportunistic

[71] CBM Maintenance within WT

Bakiretal. [69] Not specified  Opportunistic Component, WT, Optimizes across all levels, in-
CBM (PdM) WF, Multi-WF cludes wind speeds

Zhou and Yin Offshore Opportunistic Component, WT Considers dynamic lead time ef-

[70] CBM (PdM) fects

Yang etal. [21] Onshore Opportunistic Component, WT Includes dynamic wind velocities
CBM (PdM)

Bangalore and  Onshore CBM Component, WT Considers both age-based

Patriksson (Weibull) and CBM strategies

[76]
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that is used to provide confidence intervals for the RUL predictions, and the Monte Carlo dropout also
prevents overfitting. The deep reinforcement learning framework determines the optimal moment
for scheduling replacements, offering the advantage of a variable replacement threshold instead of
fixed triggers. The method achieves a result close to the ideal maintenance strategy at true RUL. It
is shown to significantly outperform approaches based on mean RUL estimates, though it results
in a higher number of unscheduled replacements. The study focusses on a single component and
simplifies assumptions about logistics and spare part availability.

In the study by Nguyen and Medjaher [37], the authors propose a dynamic PdM methodology that uses
an LSTM algorithm for prognostics. Instead of providing a precise RUL value, the approach predicts
the probability of system failure in three future time windows, resulting in flexibility in maintenance
planning and reducing the risk of incorrect early life decisions. However, this provides less detailed
information. For maintenance planning and prediction cannot be compared with other papers using
common regression evaluation criteria. The paper is also unique for its optimisation of maintenance
decisions based on two cost rates (‘replacement’ and ‘do nothing’), solved using the particle swarm
optimisation method. In addition, they integrate inventory with out-of-stock penalties. The results
demonstrate performance close to the ideal scenario with perfect RUL information, outperforming
traditional methods.

Mitici et al. [34] propose a dynamic PdM framework designed for systems with multiple components,
using CNNs with Monte Carlo dropout to obtain probabilistic RUL predictions, similar to the approach
employed by Lee et al. [35]. Mitici et al. [34] differ from Lee et al. [35] by considering multiple
components and integrating a renewal-reward process. For turbofan engines, the study shows that
optimal replacement times can be aligned with the lower bound of the 99 % confidence interval of
the RUL, achieving a significant (53 % cost reduction) compared to maintenance based on time while
achieving a very low failure rate.

Zhuang et al. [56] attempt to address both epistemic (model) and aleatoric (data) uncertainties in
RUL prediction with a Bayesian framework. Aleatoric uncertainty is modelled through a Bayesian
framework, with the real RUL used to characterise the variance of the Gaussian noise term. Epistemic
uncertainty is addressed by employing a Bayesian method within the biderectional LSTM architecture,
where the model parameters are treated as probability distributions instead of fixed values. Their
prognostic scores outperformed the other models compared in the C-MAPSS dataset.

In summary, the articles reviewed, as shown in Table 2.4, favour CNNs or bidirectional LSTM for
prognostics, as CNNs excel at extracting features from multivariate time series data [74], while
bidirectional LSTMs retain sequential information, making them well suited for capturing temporal
dependencies in degradation signals [73]. Probabilities on the RUL are included using the Monte Carlo
dropout in [34], [35], a Bayesian framework in [56]. With regard to maintenance, the most commonly
used approach is cost optimisation solved by MILP. Except for Nguyen et al. [37], who use Particle
Swarm Optimisation for cost rate optimisation, and Lee et al. [35], who employ Deep Reinforcement
Learning.
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Table 2.4: Integrated Prognostics and Maintenance Approaches in the Aerospace Industry

Reference Prognostics: Maintenance: Attributes

Model Objective Function,

Solution Technique

De Pater and CNN Cost, Integer Linear Uses alarm-based scheduling
Mitici [36] Programming
Lee and Mitici CNNwithMonteCarlo Cost, Deep Reinforce- Adaptively schedules maintenance
[35] dropout ment Learning without fixed thresholds
Nguyen and LSTM Cost rate (for both re-  Unique in its approach regarding RUL

Medjaher [37]

place and do-nothing),

(predicting change of failure in a time

Particle Swarm Opti- period), maintenance cost rate and

misation solving technique
Mitici et al. [34] CNNs with Monte Cost, MILP Provides a comprehensive complete
Carlo dropout framework for multiple components.
Zhuang et al. Bidirectional-LSTM Cost, MILP Addressed both epistemic and

[56] with an

framework

bayesian aleatoric uncertainty

Summary

CBM forms the execution layer of the broader PHM cycle, which progresses from observation through
analysis to action. In wind turbines, observation is provided by monitoring systems. These CMS
can either be dedicated CMS installations or the SCADA infrastructure already present on every
utility-scale machine. CMS delivers high-frequency vibration and oil data that can localise individual
defects, while SCADA supplies continuous, farm-wide coverage at little additional cost. Industry
failure surveys consistently show that mechanical subsystems (e.g. generator, gearboxes, bearings)
account for the bulk of downtime despite exhibiting comparatively low failure rates, underscoring
the value of condition-based interventions focused on these critical components. Most of the rotor
bearing failure mechanisms are expected to show an increase in (SCADA) temperature values, while
others show an anitial response in vibration sensors.

Analysis transforms these CMS sensor streams into actionable health metrics. Condition monitoring
delivers a HI that reflects the current state of the asset, while prognostics gives a forecast of the
RUL forecast. Physics-based fatigue models yield more transparency for well-characterised damage
modes but require detailed modelling and material and load data. Data-driven approaches extract
degradation patterns directly from CMS or SCADA records and now dominate the literature, especially
deep learning techniques. Unsupervised deep learning methods learn normal behaviour from healthy
data alone, a decisive advantage when run-to-failure examples are scarce and do assume trends.
Hybrid schemes fuse physical insight with these data-hungry models to regularise learning and
quantify uncertainty more realistically, but are complex to design. Action is implemented through
maintenance scheduling. The EN 13306 standard divides strategies into corrective and preventive
classes, the latter spanning periodic to condition-based.

Studies that cover a full CBM cycle, integrated CBM frameworks, remain rare in the wind sector. Most
prognostic papers end once a RUL curve is produced, and most scheduling models still insert that
life curve through simplified Weibull or age-based assumptions. Only a small cluster of publications
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links both to address the practical implications of the developed model. These paper typically
use extensive vibration-based data, estimate degradation with Bayesian or other stochastic filters
(sometimes wrapped in a shallow ANN), and then pass the resulting RUL distributions to a mixed-
integer cost model. In aircraft maintenance, public benchmarks such as NASA's (simulated) C-MAPSS
have enabled complex prognostics. CNNs or (bi-)LSTMs learn multivariate time series behaviour
and then feed rolling-horizon or RL planners. With suitable data, the same frameworks could be
transplanted to the wind turbine domain.

The literature highlights a clear research gap: the majority of studies either develop advanced prognos-
tic models without translating the results into maintenance decision-making or formulate scheduling
frameworks that rely on oversimplified lifetime assumptions. The integrated CBM studies for wind
turbines are largely dated and do not take advantage of advanced deep learning techniques capable
of harnessing the widely available SCADA data. This research will try to address this research gap, in
the next chapter (Chapter 3) the theoretical background of developing such a deep learning model
will be discussed.
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Theoretical Background

Deep learning models are a powerful tool in condition monitoring because they can learn complex,
non-linear relations directly from CMS data. The purpose of this chapter is to provide the theoretical
background for the AE method introduced in Chapter 4, and this chapter builds on three concepts.
First, ANNs (Section 3.1) are the foundational architecture of deep learning models as they map
an input vector to an output through layers of weighted, and understanding them is the basis for
understanding AE. Second, RNNs (Section 3.2) and in particular LSTM units add gated feedback
connections that let the model retain information over many time-steps, crucial for tracking the slow
evolution of mechanical fault. Third, an AE (Section 3.3) is a specific ANN architecture composed of
an encoder that compresses each multivariate input window into a low-dimensional latent vector and
a decoder that reconstructs the original signal.

3.1. Artificial neural networks

ANNs are computational models inspired by the structure of the human brain [77]. They are designed
to approximate the relationships between inputs and outputs through one or more interconnected
processing units, known as neurones or nodes [78]. The section explains these ANNs by first explaining
a single perceptrons (Subsection 3.1.1), which is the single-neuron units that underpin all NNs. The
section then shows how stacking these neurons into input, hidden, and output layers forms a multilayer
perceptron (Subsection 3.1.2), extending a simple linear separator into a deep model. Next, the section
examines activation functions (Subsection 3.1.3) and how their non-linearities steer gradient flow and
learning speed, before outlining the training process (Subsection 3.1.4) as iterative weight updates.
Overfitting of an ANN occurs when the model learns noise instead of general patterns. The section
closes with overfitting countermeasures (Subsection 3.1.5), introducing early stopping and dropout.

3.1.1. Single perceptron

The perceptron is the simplest form of an ANN, consisting of a single neuron. The neural maps input
features to an output through a weighted summation and a non-linear activation function, as shown
in Figure 3.1. A single perceptron consists of a set of input nodes {x1, x5, ..., x,}, each connected to
an output node via a corresponding weights {w1, w», ..., w,}. These inputs are aggregated into a
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linear combination, and a bias term b is added:

n
a= Z wix;+b (3.71)
i=1

The inclusion of a bias term b allows the activation function to be shifted, improving the network’s
ability to model data not centred around the origin. The weighted sum a is then passed through an
activation function f (more over f in Subsection 3.1.3) to produce the final output y:

y = fla) (3.2)

Figure 3.1: Single perceptron calculation process

3.1.2. Multi-layer perceptrons

While a single perceptron can only model simple linearly separable relationships, more complex
patterns can be learnt by combining multiple perceptrons into a layered structure. This results in a
feedforward ANNs, where neurones are organised in successive layers and data flows in one direction:
from input to output. There are also variations in feedforward architectures. For example, with skip
connections, branching structures, or residual layers. Such variants are not considered here, but later
in Section 3.2 RNNs are introduced.

A typical multi-layer perceptron ANN architecture is shown in Figure 3.2. In the image three types of
layers are shown [79]:

+ Input layer: The input layer receives the raw data. Each neuron in this layer corresponds to one
characteristic of the input vector x. It does not perform any transformation and simply passes
the values on to the next layer.

+ Hidden layers: These intermediate layers perform the actual calculation. Each neuron in a
hidden layer receives input from all neurones in the previous layer, applies a weighted summation
and a non-linear activation function, and passes the result to the next layer. The number of
hidden layers and neurons per layer are important hyperparameters that influence the model’s
capacity.

+ Output layer: The final layer produces the network’s prediction. It can be a single neuron, for
example for regression tasks. But it is also possible to have multiple neurons, for example when
trying to reconstruct the signal.
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Figure 3.2: General ANNs architecture, shown the input, hidden and output layers [79]

Each neuron in a given layer functions simular to the single perceptron described previously: it
computes a weighted sum of its inputs, adds a bias term, and applies a non-linear activation function
to produce its output. Formally, for a neuron j in layer I, the computation proceeds as follows:

+ Weighted summation with bias:

n

0 _ (I=Dyar () U}

a;’ = El X, Wl.,]. +bj (3.3)
1=

 Activation:
1 1
2 = f(al") (3.4)

Here, xEH) denotes the output from neuron i in the previous layer, Wl.(l].) is the weight connecting

neuron i in layer [ — 1 to neuron j in layer /, and b;.l) is the bias term associated with neuron j.

3.1.3. Activation Functions

The choice of activation function significantly impacts model behaviour. Some common options
include [80]:

* ReLU: f(a) = max(0, a)
- Sigmoid: f(a) = —=

I+e™@

a

- Tanh: f(a) = 475,

el+e™
Each function has specific advantages depending on the data and architecture. For instance, ReLU is

computationally efficient and often leads to faster convergence, while sigmoid and tanh are bounded,
which can help stabilise training during early iterations [78].
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3.1.4. Training

Training the network involves adjusting the weights W() and biases b)) to minimise the discrepancy
between the predicted output y and the true target value ¢. This discrepancy is quantified using a
loss function, which provides a scalar value measuring prediction error. The weights are adjusted via
backwards propagation, where the error gradient is passed backward through the network using the
chain rule to compute how each weight contributes to the loss. These gradients are then used by an
optimisation strategy to update the weights.

Loss function

Several loss functions are commonly used in regression tasks, each with different sensitivity to
outliers and statistical assumptions [81].

+ Mean Absolute Error measures the average magnitude of the absolute differences between
predicted and true values. It corresponds to the L'-norm and is robust to outliers. The mean
absolute error is defined as:

N
1

Mean Absolute Error = N ; lyi — i (3.5)

+ Mean Squared Error (MSE) penalises larger errors more heavily by squaring the deviations. It

corresponds to the L2-norm and assumes normally distributed errors. The MSE is defined as:

2

N
1
Mean Squared Error = ; (vi —ti) (3.6)

+ Root Mean Squared Error is the square root of the MSE and has the same unit as the predicted
variable, which often helps interpretability. It is defined as:

Root Mean Squared Error =

These loss functions are chosen on the basis of the statistical properties of the target data and
the learning objectives. In particular, the mean absolute error is more suitable when robustness to
noise and bounded generalisation are prioritised, while the MSE and the root mean squared error are
preferred in settings where Gaussian noise dominates and larger deviations must be penalised more
severely [82].

Optimisation strategy

The network first initialises its weights and biases randomly. Using these initial parameters, a forward
pass is performed to generate predictions. Once the predictions are obtained, the backpropagation
algorithm is applied [83]. This algorithm computes the gradient of the loss function with respect
to each weight by propagating the error backwards from the output layer through the hidden layers.
These gradients are then used in a gradient-based optimisation method to update the weights and
minimise the loss.

3.1 Artificial neural networks 26



To improve the accuracy and training performance of neural networks, various optimisation strategies
have been developed. Commonly used methods include stochastic gradient descent, its improved
variants with momentum and Nesterov acceleration, and adaptive techniques such as AdaGrad,
RMSProp, Adadelta, and Adam [83]. These are all examples of so-called first-order methods, which
means they use only the gradient (i.e. the slope) of the loss function to update the model’s weights.
Each method adds its own improvements. For example, momentum keeps track of previous weight
updates to help the optimiser move more smoothly and quickly towards the minimum. Adam further
improves on this by adjusting the learning rate for each parameter based on how often it changes
and by correcting for any initial bias in the updates. These enhancements make Adam especially
effective for training deep neural networks with complex data.

3.1.5. Overfitting

Overfitting occurs when a model performs well in training data, but does not generalise to unseen
test data [84]. A common indicator of overfitting is an increasing gap between training and testing
loss. This suggests that the model is memorising patterns in the training data rather than learning
the underlying relationships. Several techniques have been developed to address this problem. For a
broader discussion on overfitting mechanisms and mitigation strategies, readers are referred to the
work of Shaeke Salman and Xiuwen Liu [84]. Two commonly used methods to reduce overfitting are
early stopping and dropout, which are discussed below.

Early stopping

A clear indication of overfitting is when the training error keeps decreasing, while the test error does
not. Early stopping is a technique that addresses this by stopping the training process when the
performance of the model in the validation set no longer improves for a defined number of consecutive
epochs. Once this condition is met, the training stops and the model reverts to the best-performing
state recorded during the training process.

Dropout

Dropout adresses overfitting by randomly deactivating neurons from the neural network during training
[85], as illustrated in Figure 3.3 were the crossed out neurons are due to the dropout and change each
training epoch randomly. This prevents the network from becoming overly reliant on specific nodes
and encourages the development of more robust features that are distributed across the network.
During testing, all neurons are active and their outputs are scaled to account for the dropout applied
during training.

3.2. Recurrent neural networks

Feedforward NNs are typically used for tasks such as classification or regression that rely on single
input vectors [80]. For time series, RNNs offer a more natural way to handle sequential data by
introducing recurrent connections within the architecture. These connections allow the network to
maintain a hidden state that is updated at each time step, enabling the model to capture temporal
dependencies across arbitrary intervals [86]. LSTMs (Subsection 3.2.1) are an advanced type of RNNs,
are explained. To use LSTMs, sliding windows (Subsection 3.2.2) are often applied to segment the
time series into overlapping fixed-length sequences.
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(a) Standard Neural Net (b) After applying dropout.

Figure 3.3: Dropout applied to an neural network model [85]

3.2.1. Long short-term memory

A major limitation of standard RNNs is their difficulty in learning long-term dependencies, particularly
when there is a significant delay between an input and its corresponding output [80]. During training,
the backpropagation of error through time can lead to vanishing or exploding gradients, depending
on the recurrent weights. To overcome this, LSTM networks were introduced. LSTM networks are a
specialised form of RNNs, designed by Hochreiter and Schmidhuber [87] to overcome the vanishing
gradient problem inherent in traditional RNNs. LSTMs are capable of capturing both short- and
long-term dependencies in sequential data.

Each cell in an LSTM network, as illustrated in Figure 3.4, contains three gates: the input gate, forget
gate, and output gate [88]. These gates control the flow of information into and out of the memory cell.
This structure allows LSTM networks to selectively retain or discard past information over multiple
time steps.

Figure 3.4: LSTM cell [88]
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At time step ¢, given the input vector x;, the previous hidden state /;_1, and the previous cell state
s¢_1, the LSTM updates the hidden layer k! as follows [86]:

it =o(Wixt + U'h'™ + bY) (3.8)
it = gWixt + UTh!=! + b)) (3.9)
ft=o(Wfxt + U/ nt=! + b7 (3.10)
st=fles M +ilej! (3.11)
of = c(Wx! + U°h!™1 + b°) (3.12)
ht=o0'® g(s') (3.13)

where:
o(-) is the element-wise sigmoid activation function,
tanh(-) is the hyperbolic tangent activation,
© denotes element-wise multiplication,
& denotes element-wise addition,
fi forget gate vector, controlling memory retention,
i¢ input gate vector, controlling new memory input,
¢; candidate cell state,
¢; updated cell state,
o; output gate vector, controlling hidden state exposure,

h; hidden state at time ¢,

~

W., V., U, trainable weight matrices mapping, respectively, the sensor inputs x/, operating conditions o/,
and previous hidden state ;-1 to each gate,

b. bias vectors specific to each gate.

Each gate equation combines the current sensor input, operating conditions, and past hidden state to
compute its contribution to the memory update and output.

3.2.2. Sliding window

A sliding window, as shown in Figure 3.5, is a method of generating multiple subsequences from a
time series which is particularly useful in LSTM models, as they require fixed-length inputs for training.
The sliding window creates these sequences by taking a fixed length window n,, of consecutive
points, then sliding this window with a stride s along a time series [89]. The stride s controls how much
the window shifts between each segment smaller values lead to more overlap and more samples.
For LSTM models, the sliding window size will be the same as the LSTM sequience length.
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Figure 3.5: Sliding window [89]

3.3. Autoencoder

An AE is a ANN architecture that learns a compact latent representation of its input and then re-
constructs the original signal from this lower-dimensional code [73]. AE are widely used for normal
behaviour modeling of wind turbines. As illustrated in Figure 3.6, the model consists of two main
components: an encoder and a decoder. The encoder maps the high-dimensional input signal ¥ € RF
into a lower-dimensional latent vector zZ € RG,Awhere F >> G [27]. The reconstructed signal is the
same dimension as the input signal, meaning ¥ € Rf. The intermediate representation % forces the
network to compress and prioritize information and is often referred to as the bottleneck.

The decoder then attempts to reconstruct the original signal from this latent representation, pro-
ducing an output ¥. The training objective is to minimise the reconstruction error between ¥ and %,
encouraging the model to preserve essential structure in the data.

&)

~
~

Figure 3.6: General architecture of an autoencoder

With the theoretical foundations for the LSTM-AE now established, the next chapter (Chapter 4)
will describe the implementation of the concrete model and show how its reconstruction error is
transformed into a HI. The chapter also demonstrates how this Hl integrates into a maintenance
decision-making framework.
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Methodology

The methodology framework used to answer the research question consists of two interconnected
parts: (i) the development of a HI (Section 4.1) and (i) its application within a CBM scheme (Sec-
tion 4.2).

For the development of a HI, an unsupervised LSTM AE is used that learns the normal behaviour solely
on healthy data. An unsupervised model can be trained using few run-to-failure data and does not need
any assumption on degradation patterns, which can deviate for different failure modes. By learning
normal behaviour, the network reconstructs healthy signals accurately, whereas its reconstruction
error increases as the components degrade. This error of specific sensors, from the basis for the
reconstruction error HI, and after z-score normalisation, yields the HI. This part of the method will be
covered in Section 4.1.

Section 4.2 provides the second part of the method by translating the Hl into an operational mainte-
nance policy. The Hl is divided by fixed thresholds into degradation zones that trigger minor repair,
major repair, or preventive replacement. These zones will be separated on the basis of an assumed
distribution from a reference turbine. These zone-based decisions are embedded in a life-cycle cost
model that factors in technician hours, vessel class, weather windows, and mobilisation lead times.

In Figure 4.1 a full research flow diagram of the method used in this thesis is provided. Module 1
contains the data preparation (Chapter 5), Module 2 covers the LSTM AE for construction of the Hli
(Section 4.1), and Module 3 describes the CBM logic (Section 4.2). The condition-monitoring scheme
is highlighted in red and comprises Modules 1 and 2, whereas the maintenance scheme is highlighted
in blue and comprises Module 3. The flowchart starts with the acquisition of SCADA data in the top
left and ends with the condition monitoring and maintenance results in the bottom right. All important
individual steps in each module are shown, and the arrows indicate data flow: green arrows represent
healthy cases, orange arrows represent faulty cases, blue arrows correspond to maintenance, and
black arrows indicate general flow.

4.1. Health indicator

The building blocks on deep learning this thesis are introduced in Chapter 3, this section shows
these building blocks are integrated into the LSTM AE used in this thesis. The architecture follows
the framework of de Pater and Mitici [28]. Subsection 4.1.1 outlines the AE architecture and its
key elements. Subsection 4.1.2 describes how the reconstruction-error Hl is extracted from the
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reconstruction error, after which Subsection 4.1.3 applies Z-score normalisation. Fault detection
relies on Chebyshev's inequality, detailed in Subsection 4.1.4. Once the threshold is crossed, the
performance of the Hl is assessed using the metrics given in Subsection 4.1.5.

4.1.1. Autoencoder

The encoder extracts temporal patterns from each input window and compresses them into a low-
dimensional latent vector, the decoder then reconstructs the original sequence from this represen-
tation. For a more detailed background of AEs, see Section 3.3. The remainder of this subsection
describes the specific implementation adopted in this thesis, starting with the operating condition-
informed LSTM cells. Then the decoder and encoder are discussed, followed by the loss function
used.

LSTM cells with informative operating conditions

In Subsection 3.2.1, the structure of a standard LSTM cell is described and illustrated in Figure 3.4. In
this thesis, the LSTM architecture is adapted to include the operating conditions in an informative
manner, as shown in Figure 4.2. In this image the operating conditions for case ¢ ad time t are
indicated by of. € RC. This means that operating conditions are not treated as part of the output to
be reconstructed, as replicating weather patterns is not the objective. Instead, these parameters
are provided as additional input features during both encoding and decoding, alongside the primary
input parameters x.. This approach follows the method proposed by De Pater and Mitici [28], who
demonstrated that integrating operating conditions in this way results in more robust Hls under
varying environmental conditions, which is particularly relevant for wind turbine SCADA data.

Let x. represent the input vector for condition monitoring at time step ¢ during case ¢, and let o.
denote the corresponding operating condition vector. These inputs are processed independently
through their own trainable input weights for each gate in the LSTM. The LSTM equations at time
step t are expressed as follows:

gt =0 (Wex! + Vyo! + Ughi_1 + by) , 4.1
ii=o0 (W,'xct + Viof +Uihi—1 + b,’) ’ (4~2)
¢ = tanh (Wex! + Veo! + Uchi—1 + be) , (4.3)
¢t = (-1 0 1) @ (i © ¢, (4.49)
pr =0 (Wyx! + V0!l + Uphi—1 +b,), (4.5)
h = py © tanh(cy), (4.6)

where
x!, isthe input vector for condition monitoring at time step ¢ during case ¢
o(+) is the element-wise sigmoid function,
tanh(-) is the hyperbolic tangent,
©® denotes element-wise multiplication,

@ denotes element-wise addition,
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In this formula Wyx/ represents the direct contribution of the current sensor measurements, while
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o/ and previous hidden state ;_; to each gate,
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Figure 4.2: LSTM cell with informative operating conditions [28]

Encoder

Each input sample is a multivariate time series window of shape [T, F], where T is the number of time
steps defined by the size of the sliding window, which is designed to be the size of LSTM sequence as
explained in Subsection 3.2.2, and F is the number of features (sensors signals). A complete batch is
structured as [N, T, F], where N is the number of sequences in the batch, T is the sequence length
of the LSTM and F is the number of features per time step. Each input sequence from case ¢ can be
denoted as:

x! e RF

XC :{XS/XCZI"'/X;‘T}/

where each row vector x/ contains the feature values at time step ¢.
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Figure 4.3: Schematic of the operating-condition (OC) informed LSTM AE employed in this thesis, with the tensor shape shown
above the layer.

The encoder processes each input sequence X,, together with the corresponding operating condition
O. ={0},02,...,0]} where each o} € R® which are used informatively in each LSTM module. The
encoder takes the input dimension and projects it onto an hidden layer with a higher-order hidden
dimension H. Then this hidden layer projects the hidden representation into a lower-dimensional latent
space of size G by an linear layer. The result is a sequence of latent vectors, Z. = {z},z2,...,z[},
where each z! € RC represents a compressed encoding of the behaviour of the system at time ¢

during case c.

Dropout introduces Subsection 3.1.5 is applied between the LSTM layers of the encoder and decoder
to reduce overfitting and improve generalisation. The dropout rate is set to 0.4, slightly below the
generic default of 0.5 recommended by Srivastava et al. [85], because it yields good results with
minimal signs of overfitting.

Decoder

The decoder takes the latent sequence Z. = {z},z2,...,z[} and attempts to reconstruct the original
input sequence, denoted as f(c = {x},x2,...,xI'}, where each reconstructed vector x! € Rf. The
decoder mirrors the encoder in structure, maintaining a symmetric AE design including dropout.
Figure 4.3 gives an schematic view of the full auto-encoder: the input and reconstructed sequences
are shown in grey, the OC-informed LSTM is shown in red (encoder) and blue (decoder), the bottleneck
is shown in green.

Loss function

The model is trained using the MSE loss function between the original input x and the reconstructed

sequence Xx:
1 N 1 T F )
L= N Z TF ; ; (xi,t,f - xi,t,f) (4.7)

I
—_

4.1 Health indicator 35



where x;; r and £, ;  represent the true and reconstructed value of feature f at time step ¢ in the i-th
input sequence, respectively.

Early stopping as introduced (Subsection 3.1.5) is employed for the training. The training optimi-
sation terminates if the validation loss has not improved from the MSE error of the test data for
five consecutive epochs (with an overall limit of 100 epochs) and the weights are rolled back to the
best-performing epoch.

4.1.2. Health indicator construction

The model is trained exclusively on healthy data to learn normal behaviour. It does not learn to
represent degraded behaviour and is less able to predict the sensor values accurately. When the
system degrades, the reconstruction error between the predicted and actual values increases for
specific sensors. Therefore, the reconstruction error of these sensors can be used to construct a
reconstruction-error HI. In Subsection 4.1.3 these reconstruction-error HI will be normalised.

This study aggregates the reconstruction error on a daily basis. Sensor selection is guided by domain
knowledge, retaining only those variables whose readings are expected to rise as the component
degrades.

Let L; denote the mean reconstruction error at time ¢ on day d, calculated as:

1 C,S
AR “9)

c,s=1

where x! _ is the true sensor vector and X! ; is the reconstructed vector at time step ¢, and 1, is the
number of time steps recorded on day d for case ¢ and sensor s.

Let A be the HI for case c on day d can be calculated as the average reconstruction error across the
selected rotor bearing sensors:

c _ i c,s
Ad - |S| ;S‘zd (4.9)

where S is the set of selected sensors. Thisresultsinatime series A° = {A{, A5, ..., A;}, the sequence
is the reconstruction-error HI sequence for that case c.

4.1.3. Z-score normalisation applied to the health indicator

The HI should be normalised to improve interpretability and transferability, because the reconstruction-
error HI (A¢) lacks an intuitive scale. In the literature, Hls usually range between 0 and 1, where 0
denotes a healthy state and 1 marks the failure point [27], [36], [41]. Milani et al. [27] achieve this
by deriving the HI from the latent space, bounding it with a sigmoid activation, and constraining it
to start at 0 and end at 1. De Pater et al. [28] obtain a similar effect using min—max normalisation.
Encalada-Davila et al. [41] increment a weekly counter whenever a threshold is crossed, yet this still
fails to identify a clear failure point. These existing approaches are not feasible here, as the Hl is not
drawn from the latent space and has only limited references with varying maxima.
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In this thesis, z-score normalisation is aplied. This normalisation enables meaningful comparison of
HI values across turbines by referencing each turbine’s own statistics. Z-score normalisation centres
the axis at the mean (set to 0) and scales it so that one unit corresponds to one standard deviation,
expressed mathematically as:

p e

26 = 2t (4.10)
Oy

where A¢ is the reconstruction error of case c on day d, and y,, of, are the corresponding mean and

standard deviation of the reconstruction error calculated during the healthy period.

This normalisation ensures that similar degradation trends produce comparable values, regardless
of the baseline of each HI. In threshold-based maintenance, it offers a consistent and interpretable
basis for decision-making. Especially since the change of an HI exceeding a certain value is the same
arccos turbines, which will be discussed in the next section (Subsection 4.1.4)

4.1.4. Anomaly detection using Chebyshev’s inequality

In condition monitoring, Chebyshev's inequality based thresholds are commonly used to detect
anomalies in the literature [28], [90], [91]. ChebysheV's inequality provides an upper bound on the
probability that a random variable deviates more than k standard deviations from its mean. The
Chebyshev’s inequality [90] states:

1

Pr{|AS — u§y| = kofy) < 7

(4.17)
Here, A is the reconstruction error of case c on day d, uf, and oy, are respectively the mean and
standard deviation of that error during the healthy training period, and k is a chosen number of
standard deviations that defines the alarm threshold.

A turbine is diagnosed as unhealthy if the HI crosses this threshold n times in succession [91].
Assuming the successive observations are independent, the probability of witnessing n consecu-
tive crossings is bounded by (1/k?)" [36]. Exceeding this limit signals an anomaly, which means
that the model continues to run, but the turbine is no longer considered healthy. The threshold is
turbine-specific to account for unit-to-unit behavioural differences.

Because the z-score-normalised Hl is expressed in units of standard deviation, centred around the
mean, any threshold on the HI directly defines the corresponding k in Chebyshev’s inequality. For
example, if the normalised HI exceeds 5 ones, it represents a deviation of k = 5 standard deviations
from the mean. From Chebyshev’s inequality (see Equation 4.11), the probability of observing such a
deviation is bounded above by 1/25 = 4%.

Health indicator for the healthy cases

To assess the ability of the model to distinguish between healthy and anomalous behaviour, the AE is
also applied to data from healthy turbines. A rotating approach was used: for each healthy case, the
model was trained on the remaining five healthy datasets and then evaluated on the excluded case.
This ensures that the test data is not seen during training, maintaining the integrity of the evaluation.
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4.1.5. Evaluation matrix for health indicator

Bearing degradation is known to be a highly monotonic process, driven by irreversible and accumulat-
ing damage mechanisms that originate at the microscale and propagate to failure [27]. Therefore, a
good Hl is expected to show a clear upward trend over time, referred to as trendability (7). A good
HI is expected and to follow this trend consistently, captured by the monotonicity (M) metric. Both
are bounded between 0 and 1, with values closer to 1 indicating stronger and more reliable trends.
Monotonicity (M) and trendability (7°) are commonly used to address the quality of a HI [27], and are
computed as follows.

Monotonicity (M)
Monotonicity measures how consistently the HI increases or decreases over time. For a case ¢ with
a sequence of Hl values A¢, the monotonicity M is calculated as follows [28]:

Fe-1

Z I(AS,, = AS) = I(AS = AS,,) (4.12)
d=1

F. -1

where d is the day, F. the number of datapoints, and I(x) is an indicator function defined as:

1 ifx>0
I(x) = .
0 ifx<0

Trendability (7)

Trendability assesses whether the HI follows a clear upward or downward trend across the full time
series. It is calculated using the Spearman correlation coefficient Corr between the ranked HI values
A¢ and the corresponding time vector T¢ for an case c [27]:

T = Corr(A°,T°) (4.13)

The Hl is assessed only once the anomaly threshold has been exceeded. Before degradation begins,
the HI should remain relatively stable. Interest in trendability and monotonicity therefore centres on
ensuring a clear and consistent trajectory after anomaly detection, so that the HI can be trusted for
threshold setting without subsequently falling below the threshold again.

P-F interval

In addition, the P-F interval is used to evaluate performance. The P-F interval is defined as the time
between the first detection of abnormal behaviour (P) and the failure event (F) [31]. The earlier a
potential failure is detected by the monitoring system, the smaller the damage suffered [31], therefore,
it is important for the HI to have a large P-F interval. In this case, P is detected by the Chebyshev's
inequality equation presented in Subsection 4.1.4.
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4.2. Maintenance

This section links the HI to offshore maintenance. The HI trajectory is divided into four mainte-
nance zones (A-D) which are degradation states in which certain maintenance activity is linked.
T Hminor, T Hmajor, T Hrepi are the three fixed thresholds that separate these zones and signal when the
HI crosses from one level of degradation to the next. T Hminor coincides with the earliest detection
point P, whereas functional failure is marked by point F.

Four maintenance strategies build on this framework. Corrective replacement acts only after failure,
preventive replacement installs a new component at the beginning of severe degradation, CBM follows
the thresholds in real time and applies the activity that matches the zone reached, and perfect CBM
mirrors the CBM but defers each task to the last feasible weather window.

The remainder of this section defines the zones (Subsection 4.2.1), expands on the strategies (Subsec-
tion 4.2.3), sets the thresholds and life-extension factors (Subsection 4.2.2), outlines the operational
constraints (Subsection 4.2.4), and develops the cost model (Subsection 4.2.5).

4.2.1. Maintenance zones

In this theses, maintenance activities are structured according to the degradation state observed in
the HI. The zones are based on Horenbeek et al. [31], who segment the deterioration process into
four distinct zones. The Hl is ment to reprecent the degradation process, which give the zones as
illustrated in Figure 4.4. Each of these zones corresponds to a specific maintenance activity. The
separate zones are divided into zones A to D, bounded by three HI thresholds, which mean:

« Zone A: Represents the early stage of degradation, where minor corrective actions can still
extend the component’s lifetime. This zone is entered when the HI exceeds the threshold
T Hpinor, Which the same as the earliest point of detection P [31].

+ Zone B: Indicates significant degradation requiring more substantial maintenance actions,
called major repairs. This zone begins once the Hl crosses the threshold T Hmajor-

+ Zone C: This zone corresponded to severe degradation. Consequential damage, damage to
other components, is possible. Full preventive replacement is necessary. This zone is triggered
once the HI exceeds the threshold TH;gp).

+ Zone D: This zone is defined after the failure point, the point F. Here, the component is no longer
functional and consequential damage might have also accured. This zone corresponds to a
corrective maintenance action.

4.2.2. Determining the thresholds

The maintenance zones described in Subsection 4.2.1 are entered after crossing the static thresholds
T Hminor, THmajor, THiepl, @s depicted in Figure 4.4. Here, we discuss the setting of these thresholds.

In setting T Hminor, it is assumed that the anomaly detection point P occurs within Zone A, which means
THminor = P. The anomaly detection point is based on Chebyshev’s inequality (Subsection 4.1.4),
such that P = k, with k being the threshold derived from the inequality. This k corresponds directly to
the z-score value k .
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Figure 4.4: Maintenance zones based on Hl thresholds

For this thesis, THmajor and THiep, are defined based on a reference turbine. The maximum HlI
value observed in this reference turbine is divided into three equal intervals to establish the main
and replacement thresholds, under the assumption of the same progression of degradation across
these phases. The division starts from zero, as the degradation trend begins here, even though the
degradation is only detected later at point P. These thresholds are visualised in Figure 4.5.

Life extension factors quantify the relative increase in component lifespan achieved through different
maintenance activities. These values are adopted from [16], with factors of 0.3 for minor repairs,
0.5 for major repairs, and 1.0 for full replacements, the latter reflecting the installation of a new
component. An overview of these values is provided in Table 4.1.

These life extensions cannot extend the lifetime indefinitely. According to Deao et al. [17], the life of a
roller bearing can become approximately 200% the original lifetime by maintaining a high lubrication
cleanliness. For this thesis, it is assumed that such an extension can be achieved through well-timed
maintenance activities. Therefore, the maximum possible lifetime extension is set to 1 (Table 4.1),
which would double the lifetime.

Hl,of

Max (Hlyer)

2
THyepi== - Max( Hlpgp) == === === == === === m oo oo

1
THmajur =§ - Max (Hl‘ref) -----------------------------------

P
THpinor =k pogo-mm=-===mmommommme g e
1

Figure 4.5: Thresholds based on the theoretical reference turbine
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Table 4.1: Maintenance thresholds and life extension factors [16], [17]

Maintenance type Relative threshold Life extension factor Maximum extension
Minor repair 3+ 0 - max(HI.y) 0.3 1
Major repair 1 max(HI,f) 0.5 1
Corrective Replacement % max(HI ) 1 -
Preventive Replacement - 1 -

4.2.3. Maintenance strategies

The main CBM strategy is evaluated alongside the corrective, preventive, and perfect CBM strategies
to assess its performance. Maintenance zones, as defined in Subsection 4.2.1, are entered after
crossing the corresponding static thresholds T Hminor, T Hmajor, and T Hyep, as described in Subsec-
tion 4.2.2. Each strategy is triggered by a different threshold and is described below on the basis of
its corresponding degradation zone and response logic.

For all strategies, once a maintenance action is triggered, a lead time L is introduced. The lead time is
defined as the period between the maintenance decision and the scheduled execution, including the
time required to mobilise the maintenance team, purchase spare parts and prepare for repairs [18].
After this lead time, maintenance is executed during the first suitable weather window. The specific
activity carried out depends on the degradation zone in which the turbine resides on the execution
day.

Corrective replacement

In this strategy, corrective replacement is performed after the component has failed and the HI reaches
the failure point F. As a result, maintenance takes place in Zone D. The turbine is non-operational
from failure until the replacement is completed, leading to high downtime and potential secondary
damage. It serves as a baseline for comparing other strategies.

Preventive replacement

This strategy involves only replacement actions, bypassing Zones A and B. Maintenance is activated
when the HI exceeds THjep|, placing the component in Zone C, or in Zone D if a failure occurs before
the activity can be executed. If maintenance is performed before failure, replacement is preventive.
Otherwise, it defaults to a corrective intervention.

Condition-based maintenance

This is the primary strategy proposed in this thesis. Maintenance is initiated as soon as the HIl exceeds
the first threshold, T Hminor. The type of maintenance performed corresponds to the degradation zone
in which the turbine is located on the day of execution, which is the day with the first suitable weather
window after the lead time.
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For minor or major maintenance, it is assumed that each maintenance action restores the component
to a condition equivalent to its state at before the time of intervention. As a result, the same fractional
lifetime extension can be applied again, as the HI will follow the same tradectery. This enabling
multiple consecutive maintenance actions until the maximum permitted extension is reached.

Let £ denote the lifetime of the component at the moment of the first action, life_ext(a) the frac-
tional extension achieved per maintenance and life_extmax be the maximum lifetime extension. The
maximum number of repeated actions is calculated as:

life_ext
Nrepairs = {—maxJ

life_ext(a)

The total lifetime is then given by:

-£ = -£0 . (1 + Nrepairs . Iife_ext({l))

Once the maximum extension has been reached, a full replacement is performed. This ensures a fair
comparison of annual life cycle costs across all strategies, with preventive replacement performed
when further lifetime extension is no longer feasible.

Perfect condition-based maintenance

This strategy mirrors CBM as it preforms maintenance in the same zones, but optimises the timing of
the intervention. Rather than initiating maintenance immediately upon threshold crossing, the action
is scheduled during the last feasible weather window within the respective zone. This approach
represents the theoretical optimum for CBM, with the objective of maximising component utilisation
while minimising lifecycle costs.

4.2.4. Operational constraints

Offshore maintenance operations are strongly influenced by environmental conditions, particularly
wave height and wind speed. In this study, SCADA historical SCADA wind data recorded at each
turbine site is used to simulate operational feasibility, under the assumption of perfect forecasts.
Unfortunately, wave height data are not available in the dataset. However, wave and wind conditions
are known to be correlated, as seen in Gintautas et al. [32]. Consequently, this study assumes
that periods of high wind coincide with high-wave conditions. This assumption likely leads to an
overestimation of maintenance accessibility, and in real-world conditions the wave forecast should
be included in future research.

Furthermore, wind data is only available up to the observed failure point. Beyond this point, wind
conditions are synthetically modelled by repeating the preceding wind profile. Specifically, this means
that after failure, the wind time series is reset to its initial value and loops from the beginning.

Wind data were taken with a resolution of one hour, consistent with the approach of Hu et al.[92].
Since the wind speed is measured with the hub height and the constraints are with a height of 10 m,
the wind speed is adjusted to the height of 10 m using the logarithmic wind profile, as detailed in the
Appendix A.1. The hub height in these calculations is assumed to be 80 meters.
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Accessing window

This thesis adopts the first version model of Hu et al. [92], as illustrated in Figure 4.6. For this model,
the jack-up time is included, but this only applies when a jack-up vessel is used. The technician
transfer phases are integrated into the turbine maintenance period, which means that transfer is
assumed to occur during the maintenance window rather than separately.

Transfer of technician + working

J;
Yo >
/ «~——————— Working window ———— \

Acess window

Figure 4.6: Accessing window, adapted from: [92]

Vessels

The vessels used in this thesis are selected based on the required maintenance intensity and capabili-
ties, as summarised in Table 4.2. Crew Transfer Vessels (CTVs) are the lowest ranked vessels, suitable
for minor maintenance activities. For more complex and resource-intensive tasks, Service Operation
Vessels (SOVs) are used for major maintenance. Jack-up vessels are required for preventive and
corrective replacements because they can lift up the blades and hub, needed for bearing replacements.
Heavy lifting vessels are capable of performing the most extensive offshore operations. Although
they are technically suitable for replacement of main bearings, they are considered excessive and are
not economically justified for this purpose. Therefore, they are not used for main bearing repairs in
this study. How these vessels are modeled is explained bellow.

Crew Transfer Vessel and Service operating vessel

CTVs and SOVs operate in 12-hour shifts, from 07:00 to 19:00 [92]. At the end of each shift, the vessel
returns to the port. The effective working time at the turbine is reduced by the transit duration, and
if maintenance is not completed within one shift, it resumes on the next available weather window.
Weather suitability is required during the departure and return periods. Specifically, wind speeds must
remain below the operational threshold from 07:00 until the vessel leaves the harbour, and again
from the time it leaves the turbine until 19:00. Partial deployment, such as delayed departure or early
retrieval due to weather, is not considered in this study.

Jack-up Vessel

In contrast to CTVs and SOVs, jack-up vessels operate continuously in 24-hour shifts, with technicians
working in three rotations to enable uninterrupted repair activities [93]. A valid weather window is
defined as a continuous period during which all operational phases can be completed sequentially
without interruption. This differs from CTVs and SOVs, where weather constraints apply primarily
during transit and technician transfer.
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Vessel Type Rank Maintenance type

CTV (Crew Transfer Vessel) [ Minor maintenance

SOV (Service Operation Vessel) I Major maintenance

Jack-up Vessel Il Preventive and corrective replacements

Heavy Lift Vessel v Used for the highest capacity maintenance tasks, not aplici-

ble for rotor bearings

Table 4.2: Vessel hierarchy and associated maintenance tasks for main bearings [16]

4.2.5. Cost breakdown

Total costs

The formulation of the total maintenance cost is adapted from Borsotti et al. [16], where the total
cost Cyot associated with a maintenance action a is given by:

Ctot(a, T) = Cmat(a) + Cech(a) + Ct(T) + Cirans(a) (4.14)

This equation defines the total maintenance cost Cit(a, T) for a maintenance activity 2 at time T. It
includes four components: material cost Cmat(a), technician cost Ciecn(a), downtime cost Cg(T), and
vessel transfer cost Cyrans(a). Each is detailed in the following subsections.

Material cost

It is assumed that material costs depend only on the type of maintenance performed. Smaller
maintenance activities require less materials, and failure leads to consequential damage, which
results in a higher cost for corrective maintenance compared to preventive maintenance [31]. For any
maintenance action a, the material cost is defined as:

Crminor, if @ = minor

Cmajor, if a = major

Cmat(a) = (4.15)

Cprev, if 2 = preventive
Ceorr, if 2 = corrective

Here, Cminor, Cmajor, Cprev, and Ceorr represent the fixed material costs associated with minor repair,
major repair, preventive replacement, and corrective replacement, respectively.

Technician cost

Technician costs are proportional to the number of personnel and time required to complete the
maintenance. The total technician cost is computed as:

Ctech(@) = Niech(@) - Rhour - Trepair(ﬂ) (4~16)

where Niech(a) is the number of technicians required for the maintenance type a, Ryo is the hourly
wage per technician and Trepair(a) is the duration of repair in hours for the task.
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Downtime cost

Downtime costs result from lost electricity production during maintenance. In this thesis, no flexible
production are taken into account for this. Therefore, the downtime cost is calculated based on the
average power output of the dataset and the electricity market price:

Cat(T) = Pavg - Cel - Tyt (4.17)

where P,q is the average power of the turbine, Cg is the cost of electricity per MWh, and Ty is the
total downtime in hours.

Vessel transfer cost

The cost of transfer of the vessel includes mobilisation, fuel for travel, and daily operating costs. The
cost structure depends on the type of maintenance activity and the required vessel for this activity.

For replacement activities (both preventive and corrective), which require a jack-up vessel to remain
on-site throughout the repair, the transfer cost is given by:

Trepair(a) + 2 Tyravel(a) + 2 I]ack—up
24

Ctrans(a) = Cmob(a) + 2 - Dyravel - F(a) + : Rday(ﬂ) (4.18)
where Crhop(a) is the mobilisation cost, Dyqvel is the one-way travel distance, F(a) is the fuel con-
sumption per kilometre, Ryay(a) is the daily vessel rate, Tjzck-yp is the time required for jacking up and
down, and Tiepair(a) is the time required to complete maintenance task a. The travel time Tiravel(a) is
calculated as:

D
Tiravel(a) = vtr—a\llzl) (4-19)
vesse

where vyessei(2) is the average speed of the vessel used for task a.

For minor and major maintenance, which are executed using CTVs or SOVs that return to port daily,
the vessel cost accounts for multiple operational days and is calculated as:

Ctrans(a) = Cmob(a) + 2 - Diravel  F(a) - Ndays(a) + Ndays(a) + Raay(a) (4.20)

Here, Nyays(a) is the number of days required to complete the repair, estimated from available shift
time and access duration as:

Trepair(ﬂ) — 2 - Tiravel

Ndays(a) = 12

(4.21)

where Tiravel is the one-way travel time in hours and Trepair(2) is the time required to complete mainte-
nance task a.
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Annualized cost evaluation

To assess the cost-effectiveness of each maintenance strategy, total costs are converted into annu-
alised costs. The annualized maintenance cost is calculated as follows:

Nrapair +1

Crot(a)

Cannual = ; —~£O ~life_ext(a) - 365 (4.22)

where:
* Cannual is the annual maintenance cost in euros.

+ Cot(a) is the total cost of a single maintenance action a, including material, labour, downtime,
and transport costs.

« Ly is the lifetime at the moment of the first maintenance action.
« life_ext(a) is the fractional life extension achieved by maintenance action a.

* Nrepairs is the total number of identical maintenance actions applied before reaching the max-
imum allowed lifetime extension. One preventive replacement activity follows after these
repeated actions.

Summary

This chapter introduces a two—part framework that links data-driven condition monitoring to main-
tenance economics: (i) the construction of a HI and (ii) its use in different offshore maintenance
strategies.

(i) Health indicator: An LSTM AE is used to create the Hl, trained on healthy data to learn normal
turbine behaviour. Each sensor window passes through the encoder, is compressed into a latent
space, and is then reconstructed by the decoder. The LSTM layer captures slow degradation trends
while taking the operating conditions as extra input, so that these operating conditions are used
informatively, but not reconstruction. The weighted reconstruction error of selected sensors, chosen
on the basis of domain knowledge, forms the reconstruction-error HI. Because each turbine has unique
behaviour, the reconstruction-error Hl is z-score normalised with the mean and standard deviation of
the healthy period, supporting consistent threshold selection across turbines. An anomaly is flagged
when the normalised HI exceeds k standard deviations, in accordance with Chebyshev’s inequality.
After detection, the Hl is assessed with three metrics: monotonicity, trendability, and the length of the
P-F interval.

(ii) Maintenance: These HI provide valuable information for maintenance decisions. In order to
quantify the effect of this information on increasing lifetime and reducing cost, the His will be
integrated in maintenance planning. One HI will be taken as a reference to define thresholds that the
degradation curve into four zones (A-D). These thresholds are defined by dividing the maximum HI of
the reference turbine into equal thirds, with the lowest threshold matching the anomaly point P. Each
zone triggers an escalating intervention: minor repair (A), major repair (B), preventive replacement
(C) or corrective replacement (D). Minor or major repairs reset the Hl and can therefore be applied
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repeatedly until the maximum lifetime extension is reached. After this a full replacement is required.
The framework supports four strategies: corrective performs maintenance after failure in Zone D,
preventive replaces the bearing on entry to Zone C, CBM raises a work order in T Hminor and performs
the appropriate action for the zone reached on the service date, and perfect CBM follows the same
zone logic but defers action to the last feasible weather window. A life-cycle cost model sums material,
labour, downtime, vessel cost, and provides schedules dates.

The next chapter introduces the case study used to train and evaluate the LSTM-AE model. The full
methodology is then applied to this case study, with the corresponding results presented in Chapter 6.
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Case Study Dataset

High-quality open-source dataset including failure logs are scarce in the wind industry, the recently
published CARE to Compare dataset [44] is a notable attempt to close this gap. This dataset is a
comprehensive and anonymised collection of SCADA time series and failure logs from three offshore
wind farms. Wind farm B is selected from the three wind farms introduced, as it includes three
documented rotor bearing failures across nine turbines over one year. Three failures may seem
modest, yet a trio of comparable, well-documented rotor-bearing events offers a richer test bed than
most other open-source datasets. These cases have not yet been broadly analysed in the literature.
The chapter further introduces the dataset in Section 5.1 and documents the preprocessing steps
taken for the data from wind farm B in Section 5.2.

5.1. Dataset description

CARE to Compare is a benchmark dataset of real-world SCADA time series and failure logs from three
wind farms (wind farm A, B, C), recently published by Giick et al. in November 2024 [44].Wind farm
A, also known as the EDP dataset, is a high-quality offshore dataset located in Portugal. EDP has
been extensively used in previous research, such as by Jankauskas et al. [24] and Udo et al. [26]. In
contrast, Wind Farms B and C, situated offshore in Germany, are newly introduced and remain largely
unexplored. Table 5.1 provides an overview of the three wind farms and end their key characteristics
such as number of turbines, anomalies, and sensors.

Data have been anonymised by removing location details, turbine specifications, manufacturer
information, and other identifying factors. For example, the rated power is unknown as it is normalised,
and wind turbines are given a generic ID such as 1. Additionally, the timestamps have been shifted so
that all datasets start within the year 2022. Seasonal consistency has been ensured.

The wind farms are made up of cases, each containing approximately one year of SCADA data
recorded at 10-minute intervals. At the end of each case there is an event window which is labelled as
either anomalous or normal, depending on whether a failure occurs. For failure events, the end time
corresponds to the point of failure, while the start time reflects the best estimate by Giick et al. of
the earliest possible point of detection. These timestamps were determined using a combination of
operator feedback, service report documentation, and model-based analysis [44]. Furthermore, it is
possible for cases with the same turbine to overlap, which requires additional care during evaluation.
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Table 5.1: Summary of the three Wind Farms in CARE to Compare [44]

Wind Farm A Wind Farm B Wind Farm C
Turbines 5 9 22
Datasets 22 15 58
Anomaly events 1 6 27
Normal behaviour 11 9 31
Features 86 257 957
Sensors 54 63 238

The selection of the wind farm for this thesis focused on the newly introduced datasets. After
evaluating wind farms B and C, wind farm B is chosen due to the occurrence of documented failures.
Although limited in number, the wind farm includes three failures related to the rotor bearings: two
failures on rotor bearing 2 and one on rotor bearing 1. As confirmed by the authors of the CARE
dataset, all three bearing failures were critical bearing failures. In addition to bearing failures, there
were three reports of high temperatures in the transformer cell. These are not explored in this thesis.

Wind Farm B consists of nine turbines and fifteen cases, as summarised in Table 5.2. For this
wind farm, the anomalous and normal cases from the same turbine show significant overlap. The
anomalous case spans a longer period, including several additional months of data, while the normal
case sometimes contains earlier data. To ensure consistency during model training, these cases are
combined, where applicable. The cases are referred to by the larger dataset to avoid confusion, i.e.
case 7,34,19,27,53,77. Case 27, case 53, and case 77 have a rotor bearing failure and are considered
faulty. The remaining turbines are considered healthy and used for training, including those with high
transformer cell temperatures, as these are not expected to influence rotor bearing performance.

The rotor bearing temperatures for the three failure cases are shown in Figure 5.1. The failure of rotor
bearing 2 from case 77 is the most clearly visible, showing a distinct rise in temperature. Case 53,
also involving the rotor bearing 2, also exhibits a noticeable temperature increase. In case 27, which
concerns rotor bearing 1, the temperature anomaly is less pronounced. However, when comparing
the temperatures of both rotor bearings, a deviation becomes apparent. The event start and end
times shown in Figure 5.1 refer to the CARE authors’ best guess of early detection. For case 27, 53,
77 these lengths are 41, 61 and 60 respectively. Notably, a temperature increase is observable even
before the indicated start time.

The features of the Wind Farm B dataset are derived from 63 sensors, each capturing four statistical
metrics: mean, minimum, maximum, and standard deviation. These sensors can be categorised into
four primary groups according to their function [94]:

1. Condition parameters: These include wind speed (measured by multiple anemometers), wind
direction, and ambient temperature and are useful to assess external conditions influencing
turbine performance and power generation.

2. Health Parameters: These include measurements such as bearing temperatures, gearbox
temperatures, generator temperatures, and vibration levels. Monitoring these parameters helps
assess the physical integrity of the turbine and detect early signs of mechanical wear or failure.
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Table 5.2: Overview of Wind Farm B, its wind turbine assets and their associated cases

Turbine ID Cases Failure

0 21 No

2 13 No

5 82 No

13 7(+2) High transformer cell temperature
14 34 (+52) High transformer cell temperature
1 19 (+ 74) High transformer cell temperature
7 27 (+87) Rotor bearing 1

6 53 (+23) Rotor bearing 2

12 77 (+86) Rotor bearing 2

3. Performance parameters: This group includes parameters that measure operational perfor-
mance such as rotor speed, generator speed, grid voltage and frequency, active and reactive
power, and electrical currents.

4. Controlling parameters: This category includes measurements related to automated control
systems of the turbine, including pitch angle, nacelle direction, and inverter torque.

The power curve for the raw data from Wind Farm B, specifically for turbine 13 (case 7), over the
course of one year, is shown in Figure 5.2. As observed, a significant portion of the turbine’s operation
appears to be curtailed. This is evident from deviations below the expected power curve, where the
turbine generates less power than theoretically possible for the given wind speed. This pattern of
curtailed operation is also observed in other turbines, with a similar portion of data affected, though
not necessarily during the same periods. Additionally, it becomes apparent from the image that some
active power values exceed 1 or fall below 0, even though the power has been normalised by the rated
power to preserve anonymity. This phenomenon is discussed in more detail in Subsection 5.2.5.

5.2. Data preprocessing

Effective data preprocessing is essential to build a model that accurately represents healthy turbine
behaviour. This section outlines the key steps taken to prepare the SCADA dataset for analysis and
modelling, specifically the steps listed below:

1. Feature selection
. Data cleaning
. Resampling

2

3

4. Feature reduction
5. Normalise data
6

. Divide data into train and test sets
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Table 5.3: Selected SCADA variables and corresponding ranges

Sensor Name Description Range Units
sensor_8 Outside temperature [-5, 40] °C
sensor_22 Hub temperature [0, 50] °C
sensor_25 Rotor speed >0 rpm
sensor_5T1 Rotor bearing temperature 1 [33.4,120] °C
sensor_52 Rotor bearing temperature 2 [38.1,120] °C
wind_speed_61 Wind speed >0 m/s
power_62 Active power >0 -

5.2.1. Feature selection

The original SCADA dataset comprises 257 features collected from 63 sensors. This needs to
be reduced to reduce dimensionality and improve model performance. As a first step, only 10-
minute average values were retained, while maximum, minimum, and standard deviation values were
excluded.

The initial narrowing of features is guided by expert knowledge and previous studies, following
Encalada-Davila et al. [41] and Yang et al. [62], who identified key indicators for rotor bearing faults.
For example, Yang et al. [62] emphasised the importance of the miscorrelation between the main
bearing temperature and the rotor speed or the generated power as a potential indicator of bearing
failures. Certain useful signals, such as the low speed shaft temperature, grease level, and external
bearing temperatures, were not available in the SCADA dataset. The hub temperature is included as an
alternative to the external bearing temperatures, as it is closest. Wind speed and outside temperature
are included as condition parameters.

The dataset also included the vibrational signals drive train vibration axis Z, tower vibration axis X,
tower vibration axis Y, with z being the vertical direction. All three signals were plotted in the time
leading up to the failure, and no significant improvement of the peak vibrations were visible. Therefore,
these features were excluded from the model. A full list of the selected features, along with their
descriptions, typical ranges, and units, is provided in Table 5.3.

5.2.2. Data cleaning

Data cleaning is performed to remove non-physical values, outliers, and retain only representative
operating conditions. Anomalies, data points that deviate significantly from typical patterns, can
distort relationships within the data set and introduce bias into predictive models [95]. Such anomalies
may arise from entirely different mechanisms from those that govern normal behaviour, which makes
it essential to recognise and exclude them [95]. However, this process must be carried out with care
to avoid removing significant variations. The next paragraphs describe the data cleaning steps taken
in this thesis.

1: Normal Operating Data

Normal operating data are selected on the basis of predefined labels in the CARE dataset. Only data
recorded under normal operating conditions are retained, specifically status codes 0. Data associated
with status codes 2 (derated operation), 3 (Service), 4 (downtime) and 5 (other) are excluded. In the

5.2 Data preprocessing 52



dataset operating mode 1 (idling) and 3 (service) do not have any data points. The power curves for
normal and abnormal operations are plotted Figure 5.3, only the data points from Figure 5.3a are
retained and all points in Figure 5.3b are excluded.

Some non-representative values still remain in the dataset. Specifically, standstill data is removed
because it causes a drop in bearing temperatures, which is difficult for the model to predict accurately.
In contrast, data corresponding to curtailed operation is retained, as curtailment occurs frequently in
the dataset. Excluding it would result in the loss of a substantial portion of data and disrupt the time
sequences that are essential for training the LSTM model.
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Figure 5.3: Power curves separated by operational mode, for the raw data

2: Missing Values

In the CARE dataset, missing values are recorded as zeros [44], which requires careful handling. It is
observed that in cases where certain values, such as rotor bearing temperature, were zero when they
physically cannot be, other sensor values were also recorded as zero. These values were excluded
from the dataset. Fortunately, these instances are limited to only ten.

3: Physical Inconsistencies and Outliers

Marti-Puig et al. [96] investigated the effects of outlier removal in wind turbine fault diagnostics
by comparing the performance of Extreme Studentised Deviate, quantile-based, and Hampel filters
applied to SCADA data. Their study demonstrates that systematically removing statistical outliers can
negatively impact model generalisation, as failure events often appear as statistical anomalies. They
conclude that a more effective approach is to use manually defined static or dynamic value ranges
for filtering rather than relying solely on automated statistical methods. Additionally, if required, the
Extreme Studentised Deviate filter is found to offer the best results.

For this reason, outliers are identified based on predefined operational ranges. The outside tempera-
ture range is set from -5°C to 40°C, based on Encalada-Davila et al. [41]. They also definned an upper
limit for rotor bearing temperatures of 120°C. Due to the lack of precise operational specifications, no
upper limits were applied to rotor speed or wind speed. Active power is excluded from this filtering
step, as it will be addressed later through renormalisation, as discussed in Subsection 5.2.3. The hub
temperature range is conservatively set between 0°C and 50°C, based on inspection of the dataset.

Finally, rotor bearing temperatures were filtered more strictly since the model has difficulty accurately
predicting low temperature values that result from, for example, start-up after periods of standstill.
Since the reconstruction of these predictions will form the basis of the Hl, this inaccuracy introduced
unwanted noise. Therefore, they were bounded using the Extreme Studentised Deviation method
following the recommendation from Mart-Puig et al. [96]. Specifically, values below the mean minus
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two standard deviations were removed. This corresponds to lower bounds of 33.4°C and 38.1°C for
rotor bearings 1 and 2, respectively. All selected operational ranges are summarised in Table 5.3.

Outliers are flagged as NaN and data columns recorded under abnormal operating conditions are
excluded, as they do not reflect typical turbine behaviour. After filtering for normal operating conditions,
removing missing values and interpolating outliers and physically inconsistent entries, the data set is
reduced from 859,065 to 660,922 data points. This represents a reduction of approximately 23.1 %
from the original dataset, although this figure is further reduced after resampling as is discussed in
Subsection 5.2.3.

5.2.3. Resampling

Rotor bearing temperature is the main health parameter used in this research, which is expected to
gradually increase over time leading to failure. Therefore, preprocessed signals are resampled at
six-hour intervals, as used by Milani et al. [50]. This resampling allowes for significantly faster model
training as a result of the reduced number of data points. In addition, it helpes decrease the ratio of
missing data points, which is important for the temporal aspect of the model. Different resampling
rates are tried, as high sampling rates can negatively impact model output quality [50]. The 6 hours
resampling window resulted in 20,653 data points, corresponding to a data loss of 13. 5 %, compared
to 23. 1% before resampling.

5.2.4. Feature reduction

The selected features from Subsection 5.2.1 are tested for correlation, as the model can have difficulty
with highly correlated inputs. A correlation matrix is computed for the selected features using the
Pearson correlation coefficient, as shown in Figure 5.4. Features with a correlation coefficient greater
than 0.9 are considered too strongly correlated to be included together, as this could reduce the
model’s ability to generalise. Between the outside temperature and the hub temperature, only the
outside temperature is kept.
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Figure 5.4: Correlation matrix after cleaning for all selected features
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5.2.5. Normalise data

Normalisation techniques are applied to scale the data within a predefined range, typically [0,1]. This
transformation ensures that all features contribute proportionally to the model, preventing variables
with larger numerical ranges from dominating those with smaller ranges. In this research a Min-Max
normalisation is performed using the following formula [97]:

X' = X — Xmin

= T 5.1
Xmax - Xmin ( )

where:
+ X is the original feature value,
* Xmin and Xmax are the minimum and maximum values of the feature, respectively,
+ X’ is the normalized value.

The maximum values used for normalisation are taken from the entire dataset, not per turbine. This
ensures that the same absolute values are interpreted consistently across different turbines, both
before and after normalisation. It assumes that all turbines operate under similar conditions, which
means that a specific value represents the same level of performance or stress for each turbine.

Power normalising

Although the dataset is already normalised with respect to the rated power, 24% of the data contained
values outside the expected range of 0 to 1 as can be seen in Figure 5.2. According to the authors
of CARE, the values above one are instances where the power is greater than the rated power, and
the instances below zero are due to standby consumption. Values below 0 are already deleted, as
standstill data is deleted in Subsection 5.2.2. The power values are again normalised to have the
maximum value of 1.

5.2.6. Division into train and test sets

The dataset used in this study consists of six cases of healthy wind turbine operation, each represent-
ing roughly one year of data. This represents a relatively limited amount of data. To maximise the
amount of usable data for model testing, healthy segments of faulty turbine data are also included in
the test set.

For training, the healthy part of the three faulty cases is used. These cases cannot be used for training,
as they are needed to perform z-score normalisation on the corresponding turbine data. Indications
of main bearing faults are consistently found to be faulty 5 to 6 months prior to failure [49]. For that
reason, all data up to six months before failure in the faulty turbines is selected for testing.

This data split allows for an extended test set, which improves model performance. Although the
train set may not be fully representable compared to random splits, it is acceptable for the purpose
of overfitting detection. The test set is mainly used for monitoring generalisation during training,
with early stopping applied to prevent overfitting. A growing performance gap between training and
test data is interpreted as a sign of overfitting. Model performance is evaluated on the basis of the
behaviour of the Hls, and not with the train set.
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Summary

This chapter documents the preparation of the CARE to Compare Wind Farm B dataset for rotor-
bearing fault analysis. CARE to Compare is a benchmark of real-world SCADA time series and failure
logs from three anonymised offshore wind farms. From this benchmark, Wind Farm B which is one
of the two newly released German farms is selected because it contains three confirmed critical
rotor-bearing failures, which remain largely unexplored in the literature. The wind farm consists of
nine turbines. In this wind farm, there are 15 cases, each case supplies about one year of ten-minute
SCADA measurements followed by a labelled event window. The overlab within the same turbines is
merged with a result of nine cases. The cases with a rotor bearing failure and the end are deemed as
faulthy, and the other six are healthy and used for model training.

Of the 257 original SCADA variables (63 sensors each providing four statistics), only the 10-minute
means are retained. Expert judgement then reduced the feature set to seven key signals: ambient and
hub temperatures, rotor speed, wind speed, active power, and the two rotor bearing temperatures. Data
cleaning involved three steps: (i) removal of abnormal operating modes, (i) deletion of missing values
(encoded as zeros) and physically impossible readings, and (iii) exclusion of outliers by applying static
operational ranges together with the Extreme Studentised Deviate test for low bearing temperatures.
These operations reduced the data set from 859 065 to 660 922 rows. To improve data coverage
and reduce the computational load, the cleaned series are resampled at six-hour intervals, limiting
overall data loss to 13.5 % compared with the 23.1 % discarded during the initial cleaning. The coarser
resolution still preserves the gradual temperature rise that is expected with a rotor bearing failure.

To prepare the data for modelling the highly correlated features are removed, keeping outside tem-
perature instead of hub temperature. The outside temperature and wind speed now serve as the
operating conditions variables fed to the LSTM cells informed of the operating conditions introduced
in Subsection 4.1.1. All variables are then min—-max normalised with global minima and maxima, and
active power was normalised again as significant values are above 1. The training set contains every
healthy segment from the six fault-free turbines, while the test set combines their remaining data
with the healthy parts of the three fault cases, each truncated six months before the failure point.
This split maximises the training data, while the test data are still valuable in detecting overfitting of
the model. In the next chapter, this case is integrated into the method presented in Chapter 4 and the
corresponding results are shown and discussed.
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Results and Discussion

This chapter reports the results of the methodology introduced in Chapter 4 when applied to the case
study described in Chapter 5. First, Subsection 6.1.1 evaluates the HI obtained from the LSTM AE.
Next, Section 6.2 integrates Hl into a multi-threshold CBM strategy and compares it against other
strategies. The chapter closes with a discussion of performance, implications and limitations in
Section 6.3, with particular emphasis on Section 6.3.

6.1. Health indicator

This section details how the HI is generated and evaluated. Subsection 6.1.1 begins by revisiting
the case-specific model design. After which the subsection quantifies the AE’s reconstruction per-
formance, which forms the basis for computing the reconstruction-error Hl also discussed in the
same subsection. Finally, Subsection 6.1.2 presents the z-score—normalised Hls for both faulty and
healthy turbines and assesses their performance and suitability for early warning diagnostics and
maintenance planning.

6.1.1. Autoencoder

Case-specific model configuration

The LSTM-AE is tailored to the present case study through the parameters listed in Table 6.1. As
detailed in Chapter 5, four SCADA sensors are selected (rotor-bearing temperature 1, rotor-bearing
temperature 2, active power, and rotational speed), and two operating condition variables ( ambient
temperature and wind speed). For the AE, these can be represented as:

Trotor1
T; _ T, _
Xct _ rotor2 c RF_4, oct — amb c Ro_z.
Pactive Owind
)

The AE employs hidden LSTM layers with an 128 hidden dimension, to process the four input features
(F = 4). Their output is projected onto a latent space of dimension G = 2. G = 2 was chosen because
G < F [27] and because a single latent neuron could not reproduce the full operating behaviour. A
dropout rate of 0.4 between the LSTM layers. The Adam optimiser minimises the MSE loss.
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Table 6.1: Model hyperparameters and training configuration, after being aplied to the Case study

Parameter Value / Description
Input features (F) 4

Operating condition features (O) 2

LSTM sequence length (T) 250

Sliding window size (nsw) 250

Stride (s) 1

Hidden dimension (H) 128

Latent space dimension (G) 2

Dropout rate 04

Batch size 24

Max number of epochs 100

Early stopping patience 5

Loss function MSE

Optimizer Adam

Activation functions Sigmoid, Tanh (used within LSTM)

Each training sequence spans T = 250 time steps, which is about two months of data. This length
enables the LSTM to learn slow degradation trends. To achieve this a sliding window of the same
length (nsw = 250) and a stride of s = 1 is generated.

Model training

With the hyperparameters fixed, the model is trained to minimised the MSE between each input window
x! and its reconstruction £/. Training automatically stopped after 19 epochs due to early stopping,
after 5 epochs of improvement in the validation loss. The progression of MSE loss (Equation 4.7)
throughout the training process is illustrated in Figure 6.1, and the final loss values at the best
performing epoch are summarised in Table 6.2.

At epoch 14, the model achieved a training MSE of 0.00225 and a validation MSE of 0.00229. These
low values indicate effective learning of healthy data patterns, while the consistent, small difference
suggests good generalisation. It is important to note that the validation set contains data from
different turbines, which vary in predictability.

Reconstruction temperatures

The AE model can now predict an reconstructed signal x! from the input signal x!. The underlying
assumption of the model is that as the system begins to degrade, the model’s ability to accurately
reconstruct the input diminishes, resulting in increased reconstruction error. Specificity, rotor bearings
temperature 1 and 2 expected to increase. Figure 6.2 illustrates this principle through reconstructed
temperature signals for two rotor bearing temperature sensors across the three different failure cases.
In each subplot, the actual temperature signal is shown in blue (temperature 1) or grey (temperature
2), while the predicted (reconstructed) signal is shown in red.
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Figure 6.1: MSE loss vs epochs

Metric Epoch Training Set Validation Set
MSE Loss 14 0.00225 0.00229

Table 6.2: Final mean squared error (MSE) loss values at epoch 14.

Case 53 and case 77 both experienced failures in rotor bearing 2, with the resulting increase in the
actual temperature 2 values towards the end of the time series, as can be seen in Figure 6.2d and
Figure 6.2f. The AE performs well during the earlier, healthy phase of operation, accurately recon-
structing both temperature signals. However, as degradation begins, the model struggles to follow
the upward trend in temperature 2. Interestingly, the model significantly overestimates temperature 1
in these instances, as shown in Figure 6.2c and 6.2e. Additionally, the actual temperature 1 signal
also shows a general dip toward the end.

Case 27 involves a failure in rotor bearing 1. As shown in Figure 6.2a, the degradation is more
pronounced in Temperature 1, and again the model fails to fully capture the increasing trend. In
contrast, the model continues to predict Temperature 2 accurately, as depicted in Figure 6.2b.

Reconstruction-error health indicator

The reconstruction-error Hls are computed using Equation 4.9 as the daily average of the reconstruc-
tion errors across the selected temperature sensors 1 and 2 (Figure 6.2). The sensors are combined
to prevent bias towards the failing side, based on the assumption that operators can identify the
degrading bearing using temperature measurements. The reconstruction-error Hls resulting are
shown in Figure 6.3. In all three cases, the Hls start at low values during healthy operation and
gradually increase as the degradation progresses. This upward trend is smooth due to the long LSTM
sequence length. As expected, the timing and shape of the increase vary between cases, reflecting
differences in the failure modes and the affected components.

As discussed earlier in this section, temperature 1 of Cases 53 and 77 decreases towards the end of
the series, while the model continues to predict higher values. Since the Hl is based on the absolute
reconstruction error of both temperature sensors, this divergence amplifies the value of the Hls. Case
77 displays the highest absolute HI, due to a larger increase in temperature 2.
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Figure 6.2: Predicted and actual normalized rotor bearing temperatures for all three cases
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Figure 6.3: Mean reconstruction error of rotor bearing temperature 1 and 2

With the rotor bearing 1 failure, Case 27, the model had no same difficulty in predicting the other rotor
bearing temperature. The upward trend in the reconstruction-error Hl is mainly due to the increase
in the error of the rotor bearing temperature 1, resulting in a lower value of the mean reconstruction
error. Despite differences in absolute levels, all three cases exhibit a similar relative increase over
time, which supports the application of z-score normalisation for consistent degradation detection.

6.1.2. Health indicator normalised

The first 100 days of turbine operation are assumed to represent the healthy baseline. After applying
Z-score normalisation, as described in Subsection 4.1.3, the resulting Hls are shown in Figure 6.4. In
these plots, the vertical axis represents the Z-score: a value of 0 corresponds to the mean of the first
100 days, and each unit indicates one standard deviation from this mean.

Anomalies are defined based on Chebyshev’s inequality ( Subsection 4.1.4), with parameters k = 3 and
n = 1. Setting k = 3 corresponds to detecting anomalies at a threshold of three standard deviations
above the mean, which is common in literature [90], [91]. In all three failure cases, this threshold is
exceeded and not re-entered. For that reason, the value n = 1 is chosen. It is also notable that the
final HI magnitudes are comparable between cases, with maximum Z scores of 24.3, 25.0, and 29.6
for cases 27, 53, and 77, respectively.
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Figure 6.4: Health Indicator Z-score normalised based on the first 100 days

Evaluation health indicator

As discussed in Subsection 4.1.5, the Hl is evaluated using the length of the P-F interval, as well as
the monotonicity (M) and trendability (7°) metrics after the anomaly threshold is crossed. These
results are summarised in Table 6.3 for all three failure cases, along with their averages.

It is crucial for the model to provide early warnings, as this enables wind farm operators to act before
anomalies worsen and become more costly to repair. The P—F intervals, which represent the time
between the first detection and the actual failure, were 179, 125, and 281 days for Case 27, Case 53,
and Case 77, respectively. This results in an average early warning time of 195 days (6.5 months).
These results are high compared to CARE’s event windows, which is their indication for early detection.
These windows were 61, 41, 60 days for Case 27, Case 53, and Case 77, respectively. Notably, Case
53 was the latest detected in both instances. The P-F intervals do align with findings in the literature
using vibration and temperature data, where major bearing failures are often detected 5-6 months in
advance [49]. Encalada-Davila et al. [41] also investigated (a single) main bearing failure using only
healthy SCADA data for training and were able to detect the fault 106 days in advance. This shows
the effectiveness of the model in providing early warnings, even compared to the results reported in
the literature.

Furthermore, HI in this study demonstrates a strong and consistent increase trend over time, as
reflected in a high average trendability score of 0.99. This value remains consistently high across all
three failure cases, showing that the Hl reliably increases over time once degradation begins. The
average monotonicity score is 0.49, which is realistic, as monotonicity is known to be more sensitive
to short-term fluctuations and noise in the signal [27].
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Table 6.3: Monotonicity and trendability of Hlis after Z-score threshold crossing

Case Threshold day P-F interval Monotonicity Trendability
27 172 179 0.36 0.99

53 294 125 0.79 1

77 106 281 0.31 0.97

Mean - 195 0.49 0.99

Mean [28] - - 0.38 0.94

After the anamaly threshold is croshed, Case 53 exhibits a very monotonic progression with a score
of 0.79 and perfect trendability of 1. Case 77 shows slightly lower values, with a monotonicity of
0.31 and trendability of 0.97, as a result of visible fluctuations in the middle of the HI signal. Case
27 presents a near-perfect trendability at 0.99 and a monotonicity of 0.36. The monotonicity could
potentially be improved through post-processing or by evaluating the HI at a lower frequency. For
example, weekly rather than daily would increase the average monotonicity to 0.62 by reducing the
impact of short-term noise. However, the Hl is retained at daily resolution to support maintenance
planning.

De Pater and Mitici [28] reported a mean trendability of 0.94 and monotonicity of 0.38, confirming
that the results of this thesis are good. It is important to note that they investigate different datasets,
which can have a great effect on the results. Therefore, a direct comparison is difficult.

Healthy cases

To assess the ability of the model to distinguish between healthy and degrading behaviour, it was also
evaluated on data from turbines with no known rotor bearing faults. For each healthy case, the model
was trained on the remaining five healthy datasets and then tested on the excluded case to ensure
that the test data were not seen during training. The resulting Hls are presented in Figure 6.5. In this,
In particular, none of the healthy cases exceed the anomaly threshold, indicating that the model does
not raise false alarms under normal operations. In addition, these cases show fluctuating behaviour,
which is expected in the absence of progressive degradation.

As in the faulty cases, Z-score normalisation is applied using statistics from the first 100 days, which
are assumed to represent healthy behaviour. As a result, the threshold can not be crossed in these
early days and can not be detected. In Case 34 (Figure 6.5c), Case 82 (Figure 6.5e), and Case 83
(Figure 6.5f), a gradual upward trend is observed within this initial period. If this upward trend had
occurred beyond the 100-day normalisation window,it could have triggered a false alarm.

Case 7 (Figure 6.5a), the HI approaches the threshold but remains below it. In general, the fact that all
Hls remain below the anomaly threshold confirms both the appropriateness of the chosen threshold
and the performance of the model. Moreover, none of the Hls display a clear upward trend over time,
which is expected for healthy turbines and further supports the model’s reliability in distinguishing
between normal and deteriorating conditions.
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6.2. Maintenance

Given the promising HI results, this section demonstrates their potential in a maintenance context. It
first outlines the parameters and assumptions used in the maintenance method in Section 4.2. Next,
it presents the CBM planning results in Subsection 6.2.2, followed by a comparison with alternative
maintenance strategies in Subsection 6.2.3.

6.2.1. Maintenance parameters

This subsection defines the maintenance parameters and assumptions used in the analysis. These are
grouped into five categories: thresholds, wind farm parameters, lifetime assumptions, maintenance
task parameters, and vessel-specific parameters.

Thresholds

In Subsection 4.2.2, the thresholds were initially defined based on a single reference turbine. With the
inclusion of Case 53 in Subsection 6.1.2, this case was selected as the real reference. It represents
an average scenario in terms of maximum HI values across the three failure cases and was therefore
chosen to set the threshold values. Asillustrated in Figure 6.6, the resulting thresholds are: T Hminor = 3,
THmajor = 8.3, and THep) = 16.7. The value for T Hninor is based on Chebyshev’s inequality, using the
common choice of k = 3, as discussed in Subsection 6.1.2.

25 4[— Z-score
Healthy
20 4 Zone A (Minor)
Zone B (Major)
ZoneC(PrevRep) b —————— (1 __{SEE
15 4 TH minor (3.0)
TH major (8.3)
——- THrepl (16.7)
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: /

0 100 200 300 400
Day

Figure 6.6: Thresholds based on the reference case 53

Wind farm parameters

Since the exact location of the wind farm is unknown, the values are based on the values of Borsotti
et al. [16]. They took a generic offshore Wind Farm in the North Sea, 25km from the onshore base,
with 3MW wind turbines. From the SCADA data, the capacity factor is taken to calculate the average
power of the data. This capacity factor is calculated by the avarage power divided by the rated power,
which is 0.346 for the CARE B wind farm. The wind farm parameters are shown in Table 6.4.
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Table 6.4: Wind Farm Parameters [16]

Description [Unit] Value
Rated power per turbine [MW] 3.00
Average capacity factor [-]: 0.346
Average power output per turbine [MW]  1.04
Hub height [m] 80
Distance from shore [km] 25
Cost of electricity [€/MWHh] 150

lifetime assumptions

In the CARE case study, the exact lifetime of the main bearing is unknown, as the data only captures the
final degradation phase. To estimate the full lifetime required for annualised cost evaluation, a typical
bearing lifetime from literature is used as a baseline. According to Tian et al. [18], bearing failures can
be modelled using a Weibull distribution with a shape parameter of 2 and a scale parameter of 3750
days. This corresponds to an average lifetime of approximately 3323 days.

To align this with the observed data, the average length of the Hls in the case study (386 days) is
subtracted from the assumed full lifetime. This results in an initial degraded lifetime of roughly 2937
days before the data begins. This adjustment ensures that, on average, the bearings in the case study
are assumed to fail at the same point as bearings in the reference distribution, allowing for consistent
and realistic annualised cost comparisons across maintenance strategies.

Maintenance task parameters

The costs per maintenance activity, along with the corresponding repair times and technician re-
quirements, are summarised in Table 6.5. These values are specific to the maintenance of the rotor
bearing and are based on data provided by Borsotti et al. [16].

Table 6.5: Cost components and repair requirements for different rotor-bearing maintenance actions [16]

Maintenance type Crmat [€] Crix [€] Trepair [h] Niech
Minor repair 1350 3982.5 6 2
Major repair 3750 10455 12 4
Preventive replacement 15000 43755 36 8
Corrective replacement 60000 43755 36 8

Vessel-specific parameters: All vessel-related limits and costs used in the planning model are
taken directly from the literature and are listed in Table 6.6.

For SOVs and CTVs, the wind speed limits are taken from Hu et al. [92], with thresholds of 17m/s for
CTVs and 12m/s for SOVs at 10 metres height. In addition, no lead time is needed for CTV and SOV
vessels [67].
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For Jack-up vessels the operational wind speed limits for jack-up vessels vary depending on the
vessel type and the specific activity, ranging from 10 to 16 m/s [98]. For this study, a conservative
wind speed threshold of 10 m/s was adopted and applied uniformly throughout all phases of the
operation: transfer, jacking-up, repair and jacking-down. Each jacking-up or jacking-down operation is
assumed to require 3 hours [93]. As in Tian et al. [18], a lead time of 30 days is assumed for both the
vessel and bearing replacement components.

Table 6.6: Operational parameters for maintenance vessels [16], [18], [67], [92], [93], [98]

Vessel Type Day Rate [€] Mobilization [€] Fuel [L/h] Speed [km/h] Max Wind [m/s] Jack-up Time [h] Lead time [d]

CTV 8,000 0 5 25 12 - 0
sov 18,000 0 20 17.3 17 - 0
Jack-up Vessel 50,000 57,000 100 11.9 10 3 30

6.2.2. Condition-based maintenance planning

Cases 27 and 77 are used for scheduling and Case 53 as a reference. Figure 6.7 illustrates how
the defined thresholds correspond to each of the scheduling Hls and shows the progression of the
maintenance zones. Notably, once any threshold is exceeded, the HI does not revert below it. This
characteristic is important for planning maintenance without introducing doubt ad a later stage about
whether an intervention is still necessary. Table 6.7 summarises the precise calendar days on which
each threshold is first crossed, and the failure days.

Table 6.7 also displays important information for the CBM strategy introduced in Subsection 4.2.3.
Recall that CBM schedules maintenance after the HI crosses T Hminor- Since there is no lead time for
minor maintenance, a weather window is searched immediately. The search for a weather window
is shown in Figure 6.8, where favourable wind speeds are indicated in light green and unfavourable
ones in light red (according to the wind speeds thresholds documented in Table 6.6). This image
starts on the THminor day and ends on the failure day day. Upon T Hmajor and T Hyep) the zones change
as indicated by orange and red. The access day is defined as the first day of the maintenance activity.
For Case 77 the acces day is directly after crossing the threshold, were for Case 27, the first days the
wind speed is above the threshold wind speed, as marked by the red. Consequently, the accessing
day is delayed by 8 days. This results in acess days for Case 27 and 77 occur on day 172 and 106,
respectively.

Both are still well below THpajor, @s becomes clear in Figure 6.8 where T Hy,jor Starts the orange
major repair zone. For this reason, the maintenace activy is minor maintenance. Once the minor
intervention is complete, the remaining life is extended by the life extension factor. This is repeated
until the life is extended to a maximum of 200 %, after which preventive replacement is performed
(as discussed in Subsection 4.2.3).

6.2.3. Strategy comparison

The CBM strategy is compared to corrective replacements, preventive replacements, and perfectly
timed CBM maintenance, as described in Section 4.2. The resulting performance metrics are shown
in Figure 6.9a, which includes three subplots. Subsection 4.2.3 shows the average lifespan of the
two turbines in days, where corrective replacement and preventive replacement are coloured orange
and blue, and the CBM and the perfect CBM are shown in green and purple, respectively. Figure 6.9b
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Figure 6.7: Maintenance thresholds and zones indicated in the His

Table 6.7: Overview of important days per case

Case T Hpinor T Hmajor THyepi Failure day Access day Maintenance type
27 172 215 31 351 180 minor
77 106 246 356 387 106 minor

presents the total downtime per turbine in hours, using the same colour scheme. Figure 6.9c displays
the number and types of interventions per turbine, with colours indicating the type of intervention:
yellow for minor repairs, orange for major repairs, red for preventive replacements and dark red
for corrective replacements. Figure 6.10 shows the annual maintenance cost per turbine for each
strategy. Each bar is divided into cost components: material (red), transfer (purple), technician (blue),
and downtime (yellow). The total cost is indicated at the top of each bar.

All strategies, except corrective replacement, successfully schedule maintenance before failure, as
can be seen in Figure 6.9¢ since no corrective replacements are counted. In corrective and preventive
replacement, the rotor bearing is replaced directly, so only one maintenance intervention occurs. In
contrast, both CBM stratergies implements multiple minor interventions. Specifically, three minor
maintenance activities occur before the component reaches its maximum lifetime, at which point
a preventive replacement takes place. None of the four strategies includes major maintenance
activities. These proactive interventions extend component life substantially (Figure 6.9a): average
turbine lifetimes increase from 3338 days under corrective replacement or 3270 days under preventive

Case 27

Weather favorable
Q’L \90 '19% Weather unfavorable
Day [ Maintenance window
I Failure day
I Major repair zone
Il Replacement zone
° el Y ¥ >

o
]
<

Figure 6.8: CBM planning for minor maintenance for Case 27 and Case 77
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replacement to 5852 days under standard CBM (+ 75%), and 6016 days under perfect CBM (+80%).
Optimally timing maintenance yields an additional 2.8% improvement compared to standard CBM.

In corrective replacement, the turbine remains offline until it fails, resulting in 804 hours (33.5 days)
of unplanned downtime over its useful life (Figure 6.9b). In contrast, preventive replacement limits
downtime to just 46.2, and both CBM strategies incur 82.2 hours of total downtime (Figure 6.9b).

Quantitatively, the annual maintenance cost per turbine (Figure 6.10) falls from €40 073 under cor-
rective replacement to €22 710 with preventive replacement (-43.3%), highlighting the benefit of
scheduling replacements to avoid additional material and downtime costs. Extending the turbine life
by small increments reduces the cost further to €15 017 with CBM (-62.5% versus corrective; —33.8%
versus preventive). Perfectly timed CBM yields a modest additional savings, reducing the cost to
€14 607 (-2.7% versus CBM), consistent with the extended lifetime discussed earlier.
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Figure 6.10: Cost comparison between corrective replacements, preventive maintenance, CBM and perfectly timed CBM

6.3. Discussion

This thesis aims to provide an end-to-end framework for CBM by using an unsupervised LSTM AE
trained on SCADA data from the new CARE to compare dataset [44] to develop HIs. HIs are developed
and evaluated for their performance, and these Hls are integrated into a multi-threshold maintenance
model to demonstrate the potential of such a HI in extending component life and reducing downtime
and costs.

Health Indicator generation and performance

This study develops an unsupervised HI using an LSTM AE trained exclusively on healthy SCADA
data. For the three documented rotor bearing failures, the model raised an anomaly approximately
195 days in advance on average, while no false alarms were triggered in six healthy turbines. This
level of performance is at the upper end of what has been reported in the literature using temperature
and vibration data, where main bearing faults are typically detected 5-6 months prior to failure [49].
Based on only healthy SCADA data, as in this study, Encalada-Davila et al. [41] were able to detect a
single main bearing fault 106 days before failure. Moreover, CARE’s event window, defined as the most
likely early detection region, was on average 54 days, although temperature increases were observed
earlier. These comparisons highlight the effectiveness of the unsupervised AE model presented in
this study in delivering early fault warnings using only SCADA data. In addition, after crossing the
early detection thresholds, the Hls have shown a high average trendability of 0.99 and monoticity of
0.49. This result indicates a clear upward trend after the anomaly is detected, with limited variation
from the trend, and therefore supports the reliability of the HI.
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A key strength of the unsupervised approach proposed in this work is its generalisability across dif-
ferent failure modes. Different failure modes are expected to show a number of possible degradation
patterns [41]. The three failure cases in this study each exhibited distinct temporal profiles, which
shows that the degradation pattern does not have to follow a uniform trend across the turbines.
Supervised HI models often rely on a predefined degradation shape, such as a linear decline [51] or a
quadratic curve [52], which would not have captured the progression observed here. In contrast, the HI
based on the reconstruction error can adapt to the underlying failure trajectory without requiring any
prior assumptions about its form. This allows for a more realistic and generalisable representation of
varying degradation behaviours across assets.

This study used the newly released CARE to Compare dataset [44], which consists of real-world
SCADA data. The data set includes labelled cases that distinguish between healthy and faulty cases,
allowing the model to be trained exclusively on data assumed to reflect healthy operation. However,
the absence of information on operational lifetimes makes it difficult to verify the true condition of
the training data. Temperature levels varied considerably between turbines, with some showing high
values even during presumed healthy periods. This variability is reflected in the loss, which differed
between turbines. Notably, test loss was similar to training loss, despite the expectation that the
model would perform better on familiar data. These inconsistencies are likely due to environmental
differences, particularly location-specific wake effects caused by prevailing wind directions, which
are common in this wind farm and can have a significant influence on average power output [99]
and therefore the bearing temperature. If degradation had been present in the training data, a clear,
monotonic increase in Hl is expected, which is not observed in the healthy cases (Figure 6.5).

Due to varying baseline temperature levels across turbines, reconstruction errors also differed because
higher temperatures tended to produce higher residuals. This makes the trend of reconstruction
errors more important. To ensure that the thresholds had a consistent interpretation, Hl was z score
normalised based on the first 100 healthy days of each turbine. This approach enabled the setting of
thresholds with the same statistical meaning to Chebyshev’s inequality (described in Subsection 4.1.4),
providing a statistical meaning to the thresholds in maintenance planning. Although HI values
bounded between 0 and 1 are more common in the literature for advantages in interpretability and
RUL prediction, such normalisation was unsuitable here due to the small number of failures and
inconsistent end-of-life values.

Maintenance implications

The long P-F interval, combined with high trendability and monotonicity, allowed the use of a mul-
tithreshold maintenance strategy. This strategy categorises the severity of the degradation into
zones for minor repair, major repair, and complete replacement. In all tested cases, maintenance was
successfully scheduled within the zone corresponding to the set thresholds, demonstrating that early
warnings provide sufficient time. Additionally, once any HI crosses a threshold, it does not fall below
it again, due to the high trendability and monotonicity.

This end-to-end framework demonstrates the practical development and deployment of an unsu-
pervised HI, showing that its integration can reduce downtime, reduce costs, and trigger earlier
interventions than conventional approaches. Those earlier interventions allow an extension of the
lifetime of the components by relatively inexpensive actions such as maintaining high lubrication
cleanliness, which can extend the life of a roller bearing by 200% [17]. Such an extension of life
contributes to more responsible use of material and directly reduces the LCOE.
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From an operator’s perspective, the approach requires only low-frequency SCADA temperature data
and can be integrated into existing maintenance workflows as a supplementary indicator. No addi-
tional cost for CMS is needed as most large-scale turbines already provide SCADA data [40], making
the approach attractive to any operator. Although not all types of failure types will manifest as
clearly in the temperature signals (for example plastic deformation or corrosion) and thus may not be
detected by the model, the model can effectively identify those that do, offering substantial potential
for reducing unplanned downtime and associated costs through early detection.

Limitations

Despite promising results, this thesis is subject to several limitations that should be considered
when interpreting the findings. These are discussed in two parts: the first focuses on limitations
related to the data and the construction of the HI, and the second addresses assumptions made in
the maintenance planning framework.

Health Indicator Generation

Z-score normalisation proved useful in this thesis, but it is sensitive to noise, model parameters, and
the choice of the reference window. Changes in training configuration can lead to more fluctuations
in the normalised HI compared to the reconstruction error. In principle, Min-Max Normalisation would
offer a more robust in this sense.

Furthermore, Z-score normalisation is unable to pick up trends in the first part of the data, as the first
100 days are used for the normalisation. In healthy Case 52, Case 82, Case 83 (Figures 6.5c, 6.5¢,
6.5f ), the HI showed a rising trend during the initial reference period. If these same patterns had
occurred later in the time series, they may have triggered false alarms.

The selection of both the reconstruction error of rotor bearings 1 and 2 combined is not ideal. In
de Pater and Mitici [28], sensors were selected based on their Spearman correlation during healthy
operation. However, in the year of available data, the sensors did not show a clear increase over
time. Consequently, the selection of the rotor bearing temperatures in this study is based on domain
knowledge. Both sensors were combined to avoid bias towards impending failure, with the underlying
idea that operators can identify the failing bearing based on temperature values.

However, this choice inflated the reconstruction-error HI for Cases 53 and 77. The predicted values of
temperature 1 increased even though the fault occurred in bearing 2, which raised the reconstruction-
error HI (see Subsection 6.1.1). By contrast, this effect did not arise in Case 27, where the failure
was in bearing 1. This behaviour is difficult to explain; one plausible reason is that temperature 2
influences the prediction of temperature 1 more strongly than the reverse. A more robust approach
would be to first classify the faulty bearing and then base the HI solely on the reconstruction error of
the corresponding sensor.

Finally, the model used arelatively long LSTM sequence length of approximately two months. Although
this helps filter out short-term noise and improves trendability, it also reduces sensitivity to sudden
changes. Therefore, the current approach is best suited for slowly developing failure modes and will
be less suitable for rapidly developing fault modes.
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Maintenance

The maintenance model was designed primarily to explore the potential benefits of integrating a
HI. As such, it remained relatively simple and included several simplifications, such as regarding
assumptions about constant lead times and lifetime extensions and maximum lifetimes. Static
thresholds are used instead of optimised ones. Furthermore, the weather forecast is assumed to be
perfectly known and is based on the SCADA data from the turbine. However, no wave information
was included. This can overestimate weather windows and needs to be included for further research.

The maintenance thresholds are inherently arbitrary, as their values are based on equal divisions of
the HI from a reference turbine without confirmation of the underlying physical degradation state. In
practice, wind turbine operators would need to perform inspections to calibrate these thresholds with
more accuracy.

The CBM model exhibits unrealistic behaviour by prescribing minor repairs in sequence until the
system reaches its maximum life extension. This stems from the model's assumption that each
intervention resets the HI to its previous trajectory. In addition, the model assumes that a preventive
replacement can always be scheduled once every life extension is complete, before any renewed risk
of failure. This assumption relies on the ability to perform preventive maintenance in time based on
HI, as became apparent from the preventive replacement strategy. However, there is no guarantee
that the Hls will perform similarly after multiple maintenance activities have already been carried out.

Additionally, the model assumes that performing minor and major maintenance immediately before
failure can extend the useful life of the components to 200 %. This assumption relies on maintaining
the cleanliness of the lubricant at 200 % of the normal level [17]. Some failure modes are directly
related to the lubricant, such as surface-initiated fatigue or wear. However, with failure modes such
as plastic deformation, electrical erosion, fractures, or subsurface fatigue, the effect of lubricant will
not be so significant. In addition, when degradation becomes detectable, any wear or damage may
already be irreversible. Consequently, even for lubricant-related failure modes, a 200 % life extension
may be overly optimistic. Upon inspection, it is important for the techniques to determine the failure
mode and the suited repair.

Finally, the current model does not include time-based inspections. In practice, operators inspect
offshore wind turbines about every six months [100]. Such scheduled visits enable maintenance
actions similar to those in the CBM strategy. Inspections can also detect failures at an early stage,
although their accuracy is imperfect and their timing must be appropriate [100]. The three critical
failures observed in the dataset show that inspections do not always achieve this goal. Nevertheless,
adding time-based inspections would provide a more realistic baseline than a purely corrective
strategy, so future work should include them to allow a fair comparison. In that comparison, CBM
could reduce the number of routine visits while still lowering the failure rate [101].
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Conclusion and Recommendations

Smart, sensor-based maintenance solutions are essential to reduce the LCOE of offshore wind and
ensure clean, reliable energy. This thesis presents an end-to-end CBM framework to model rotor
bearing degradation via an SCADA-based HI that is integrated into a multi-threshold CBM framework.
Hls are developed using an operating condition-informed LSTM AE that learns normal behaviour by
training on healthy data. The results show that even with limited run-to-failure data, it is feasible to
develop a high-quality HI from SCADA data that detects failures months in advance and use this
information in a practical maintenance strategy. As the method relies solely on SCADA data, it offers
a non-intrusive and cost-efficient alternative to CMS.

This chapter provides an answer to the main research question:

How can rotor bearing health indicators for wind turbines be developed from SCADA data and integrated
into a condition-based maintenance strategy?

This question is answered by answering the following four sub-questions:

1. Which method can effectively derive rotor bearing health indicators and anomalies from SCADA
data when run-to-failure cases are scarce?

SCADA systems provide abundant operational data but typically contain few labelled run-to-
failure records. Data-driven approaches, particularly deep learning methods, excel at extracting
patterns from such large datasets with complex non-linear relationships. Unsupervised deep
learning techniques, such as AEs, suit situations with limited run-to-failure data because they
can train solely on healthy data to model normal behaviour. An AE encodes input signals into
a compact latent space that preserves essential features and then reconstructs the original
signal. As degradation sets in, the model’s predictions for rotor-bearing temperature diverge
from the actual values, and the reconstruction error increases. This error serves as a proxy
for component health. However temperature signals, and thus the reconstruction errors, are
noisy. Employing a LSTM architecture that embeds operating conditions within its cell state
captures long-term trends while filtering short-term variability. Finally, z-score normalisation,
based on the mean and standard deviation from the first 100 healthy days of each turbine. This
yields a standardised HI that supports threshold setting for CBM, as z-score values align with
probability bounds derived from Chebyshev’s inequality.
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2. What evaluation metrics are appropriate for the health indicators, and how well do the derived
health indicators perform on the CARE dataset?

To assess the preformance of the derived Hls, three metrics are used: trendability, monotonicity,
and the duration of the P-F interval. Trendability measures how consistently the Hl increases
over time and is quantified using the Spearman rank correlation. Monotonicity reflects the
proportion of strictly increasing steps, indicating the smoothness of the signal. The P-F interval
captures how early the Hl raises an alarm before failure, determining the available reaction time
for maintenance planning. All three criteria are commonly used in the literature. Applied to
three bearing failure cases, the HI preformed well with an average trendability of 0.99 and a
monotonicity of 0.49 after the anomaly threshold was crossed (on a scale from 0 to 1). High
trendability and monotonicity are essential to ensure that the HI remains above the alarm
threshold once degradation is detected, which is the case for all three Hls. Alarms were raised
179, 125, and 281 days before failure, giving a mean P-F interval of 195 days. Importantly, no
false alarms occurred across six healthy turbines. These results lie at the upper end of values
reported in the literature and demonstrate that the temperature-based HI performs well on the
failures from CARE and provide actionable early warnings.

3. How can a practical condition-based maintenance framework for offshore wind turbines be
developed based on the health indicators?

Because the HI offers a long P-F interval, the CBM strategy can distinguish multiple degradation
zones within it. The proposed framework defines three degradation zones: minor repair, major
repair, and full replacement. Each zone is bounded by a static HI threshold estimated from
one turbine taken as reference turbine. Once the first threshold (the anomaly threshold) is
exceeded, a maintenance task is scheduled in the next suitable weather window, based on the
recorded wind data from the SCADA system. For replacements an extra lead time of 30 day
is assumed before planning the intervention. The zone in which the task occurs determines
the type of action together with the associated cost and life extension. Minor and major zones
allow multiple consecutive repairs. After each repair the component is assumed to return to
its original HI trajectory, whereby it follow the same trajectory. The component lifetime can
be extended by a maximum of 200 %, after which preventive replacement is required. This
structure favours early low-cost interventions over reactive replacements while considering
offshore logistical constraints such as vessel availability and weather downtime.

4. How does the proposed framework compare to corrective replacement, preventive replacement
and perfectly timed maintenance strategies?

Three benchmark strategies are considered. In corrective replacement, maintenance is only
performed after bearing failure. In preventive replacement, the bearing is planned as the re-
placement threshold is met. The perfectly timed CBM strategy mirrors CBM but schedules the
intervention at the latest suitable weather window while the system is still in the same degra-
dation zone. In all cases (except corrective), the long P-F interval allows timely maintenance
planning in the same maintenance zone, without the HI dropping below or rising above the
associated thresholds. Embedding the HI in a multi-threshold CBM stratergy the annual mainte-
nance cost per turbine to €25.1 thousand, which is 62.5% lower than corrective replacement
and 33.9% below preventive replacement. Downtime over the turbine lifetime decreased by 722
hours compared to corrective replacement. The bearing’s operational life is extended by 75%
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compared to corrective replacement. The hypothetical perfectly timed CBM scenario yields a
further 2.2% yearly cost saving due the 2.2% life extension. This demonstrates the theoretical
benefit of implementing His for rotor bearings as relatively inexpensive interventions can be
used to significantly extend component lifetime.

Recommendations for Further Research

To further realise the potential of the proposed framework and address the limitations of this study,
future work is recommended to pursue the following directions:

1. Expand the AE framework to include other failure data within the CARE dataset. Wind farms A
and C in the CARE dataset include additional drivetrain faults. Incorporating these fault types
into the AE framework could allow a broader assessment of its applicability and facilitate
evaluation of its transferability across different components.

2. Develop RUL estimators. The HI now lacks information on a clear failure point, a robust RUL
estimation could provide the wind turbine operator with additional information. In this study,
robust RUL estimation was not feasible due to the limited number and inconsistent progression
of degradation of failure cases, as well as the lack of clearly defined failure points. These are
challenges that limit the applicability of regression-based techniques. With access to larger
datasets, NN or similarity-based methods could work to predict time-to-failure.

3. Incorporate time-based inspections. Time-based inspections are standard practice in the
offshore wind industry but are not yet included in the CBM comparison. Adding them would
offer a more realistic baseline than a purely corrective approach. The resulting comparison
could show how CBM reduces routine visits and potentially lowers failure rates.

4. Enhance the maintenance framework. The model could be improved by implementing dynamic,
rather than static, thresholds. In addition, incorporating wave height forecasts alongside wind
forecasts could improve the accuracy of access modelling. The inclusion of historical power
production from SCADA data and dynamic electricity prices could allow for more precise
estimation of downtime costs and interesting maintenance opportunities.
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A

Appendix

A.l log Law

The mean wind speed at a given height z can be estimated nu using the logarithmic wind profile with
assumed neuteral atmospheric boundary layer stability correction, given by [102]:

U(z) = % [ln (zio)]

where u, is the friction velocity, k ~ 0.4 is the von Karman constant, z, is the surface roughness
length, and ¢ is a stability-dependent correction term (positive for unstable and negative for stable
atmospheric conditions). This formulation accounts for vertical mixing effects and is more physically
grounded than the simpler power law approach, which assumes a fixed exponent and is less accurate
under varying stability conditions.

Zo for open sea is a typlical value 0.0002m

To estimate wind speed at 10 meters from a known value at 80 meters under neutral conditions, we

compute:
U(10) _ In(10/0.0002) _ In(50000) _ 10.82

U(80) ~ In(80/0.0002) ~ In(400000) ~ 12.90

Therefore, the wind speed at 10 meters can be approximated by multiplying the 80-meter wind speed
by a factor of 0.839.

~ 0.839.

The mean wind speed at a given height z can be estimated nu using the logarithmic wind profile. This
logatritmic wind profile with assumed neuteral atmospheric boundary layer stability correction, given

by [102]:
U(z) = %1n(%)

where U(z) is the mean wind speed at height z, u. is the friction velocity, k ~ 0.4 is the von Karman
constant, and z, is the surface roughness length. For offshore environments such as the North Sea,
a typical value of zg is 0.0002 m [103].

To convert wind speeds from 80 meters (assumed hub height) to 10 meters under neutral conditions,
the following ratio is used:

U(10) _ In(10/0.0002) _ 10.82

= ~ ~ (0.839.
U(80) 1In(80/0.0002) 12.90

7



This implies that the wind speed at 10 meters can be estimated by multiplying the 80-meter wind
speed by approximately 0.839.
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