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Abstract

To meet the latest strike price, the cost of energy from wind turbines needs to decrease.

One of the biggest cost contributors to wind energy is the operation and maintenance

cost. If this cost is driven down, the cost of energy of wind will substantially decrease

and the reliability of the wind turbine assets need to increase. For that reason, condition

monitoring systems are installed in modern wind turbines. These systems collect data

and in abnormal conditions trigger alarms that are an indication of a fault. Maintenance

actions can be scheduled accordingly that way, and faulty components can be replaced

before catastrophic failures and large downtimes occur.

Therefore, the aim of this thesis is to utilise vibration and performance data col-

lected from wind turbine gearboxes, in order to perform fault detection and diagnosis.

The data is collected at various times prior to gearbox component failures and advanced

signal processing techniques are applied to reveal fault signatures. Machine learning

models are trained based on features extracted from vibration spectra and operational

data separately, but also a combination of these two types of data is investigated. The

output is fault detection and isolation on gearbox component level. Both unit-specific

and fleet-based methods are examines. The models are trained on specific turbines,

but the generalization to other turbines is also examined.

The above will provide a flexible but robust framework for the early detection

of emerging wind turbine faults. This will lead to minimisation of the wind turbine

downtime and increase of the wind turbines reliability and income through operational

enhancement.
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Chapter 1

Introduction

1.1 Thesis Background

Renewable energy generation capacity must be increased if the ambitious targets of

climate protection and energy security are to be achieved. The EU has committed

to meeting 32% of its total energy demand from renewable sources by 2030. Wind

energy harvesting has become a strong and fast growing renewable energy technology

worldwide due to recent technological advances and commercial growth (Figure 1.1).

For the �rst time renewable source generation is expected to come online below market

prices and without additional subsidy on bills [9]. To ensure wind energy meets the

latest strike price, ways of reducing the cost of energy cost must be investigated.

A large proportion of the total cost of energy from wind in large wind farms is

Figure 1.1: Installed wind capacity over the years
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Figure 1.2: Cost breakdown wind farms. Source [1]

composed of Operation and Maintenance (O&M) costs. An indicative breakdown of

the costs is shown in Figure 1.2 [1]. The purpose of maintenance actions is to achieve a

desired level of performance from a component or a system. Conventional onshore O&M

activities consist of a combination of preventive and corrective maintenance operations,

but this approach has room for improvement [2]. In case of failure, a maintenance action

is carried out which aims to restore an asset to a condition in which it can perform

its intended function. This means initialising an expedition for repairs and essentially

having an additional visit to the wind turbine over any planned maintenance visits. This

type of maintenance practice can be impractical especially for locations that are di�cult

to access, such as o�shore wind farms. Also, faults require a wide range of responses;

it could either be from an inspection to a manual restart of a wind turbine which could

take several days or even weeks. Therefore, unexpected failures of components directly

translates to wind turbine downtime, loss of reliability and revenue reduction.

O&M costs and wind turbine downtime can be reduced if incipient machinery faults

are successfully detected before they become catastrophic failures. This can be achieved

through Condition Based Maintenance (CBM) preventative practice which monitors

the actual condition of the wind turbine components. A CBM strategy constitutes

maintenance tasks being carried out in response to the deterioration in the condition

or performance of an asset or component as indicated by a Condition Monitoring (CM)
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process [10]. In wind turbines, this process can be through Supervisory Control and

Data Acquisition (SCADA) systems and Condition Monitoring Systems (CMS).

In recent years, condition monitoring techniques have been incorporated in wind

turbines and their e�ciency has been improved. The main condition monitoring tech-

niques along with the signal processing methods used for diagnosis and their applica-

tions in wind power are presented in [11], [12], [13]. The most popular technologies

are vibration analysis and oil analysis, while other techniques include thermography,

accoustic monitoring and electrical signals.

Wind turbine SCADA system collects information extensively from key wind tur-

bine subassemblies. The data are low frequency (usually 10 min average data) recorded

from a range of instrumentation (anemometers, thermocouples vibration transducers

etc). The challenges with SCADA data is that the values of SCADA data (e.g. vi-

bration and temperature) vary over wide ranges under varying operational conditions,

making it hard to detect incipient faults [14]. Also the large volume of data poses a

barrier in the accurate interpretation. Therefore, advanced data mining techniques and

physics of failure models are used in order to improve the reliability of SCADA systems.

Examples can be found in [15], [16].

Wind turbines also have CMSs installed, with their state of the art review found

in [17]. According to this survey, the majority of CMSs include high frequency vibration

monitoring of the drive-train. In recent years, CMSs have been increasingly installed in

wind farms, but their application is not yet completely understood as well as in other

industries. In contrast to other types of machines, wind turbines operate under variable

speed conditions and are subject to aerodynamic loads with stochastic characteristics.

Due to the non stationary signals, traditional frequency domain signal processing tech-

niques and consequently prognostic algorithms are not easily implemented [12]. A large

amount of the available CMSs in wind power systems rely on the experience of opera-

tors. This can become impractical in large wind farms. Thus, there is de�nitely bene�t

from automating the diagnostic and prognostic process and incorporating data mining

techniques.

Reliability is an important factor regarding wind farm economic sustainability. Ac-
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cording to initial failure statistics datasets for onshore wind turbines [18], [19], [20],

electrical and electronic subassemblies fail more frequently than mechanical ones, but

the mechanical subassemblies experience longer downtimes. It should be noted that

these datasets where collected during 1993-2006 and most wind turbines examined

have lower power rating than modern ones. The �ndings of this survey are comparable

to the most recent study which also showed that that onshore downtime is dominated

by gearbox and generator failures [21]. When it comes to o�shore, the largest downtime

reason is a gearbox failure and a typical downtime period can be 41 days [22]. The o�-

shore downtime is usually larger due to lead time for needed equipment (such as crane

vessels), logistics as well as wind and wave conditions. Data from 350 o�shore wind

turbines collected over a 5 year period shows that the gearbox is a component with

one of the highest downtime, demand for required technicians and by far the highest

repair cost [3], as shown in Figure 1.4. A similar reliability analysis [23] of 3 years of

available data from an o�shore wind farm of 36 3MW wind turbines suggests that the

gearbox has the highest downtime. A comprehensive reliability review was carried out

in [2], where all wind turbine failure statistics datasets are compared and analysed, to

give meaningful conclusions for all types of wind turbines. According to the �ndings

of this study, the gearbox shows the highest downtime, up to 56%, as shown in Figure

1.3.
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Figure 1.3: Failure rates against downtime for wind turbine assemblies. [2]

Figure 1.4: Pareto chart of average repair cost and average number of technicians
for each sub-assembly/component, regarding major replacements in o�shore wind.
Adapted from [3].

It is therefore imperative that condition monitoring strategies for wind turbine

gearboxes are improved. As the installed wind capacity grows, so does the volume

of condition monitoring data. In the era of Big Data and Internet of Things, there
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are plenty of Arti�cial Intelligence (AI) techniques that can be utilised by the wind

industry to improve asset management.

1.2 Research Question

Based on the problem statement that the repair cost and downtime of the wind turbine

gearbox is too high, the objective of this thesis is to answer the following research

question:

\How can incipient wind turbine gearbox faults be detected based on a combination

of condition monitoring data and the use of AI before catastrophic failure occurs?"

To answer the primary research question a number of other smaller secondary re-

search questions must �rst be answered. These secondary research questions are an-

swered throughout the chapters of this thesis. The beginning of each chapter will set

out the secondary research question to be answered in that chapter. The conclusion of

each chapter will answer the secondary research questions.

1.2.1 Approach Taken

To answer the primary research question outlined in the previous Section 1.2, the steps

as shown in Figure 1.5 must be taken.

The methodology is component failure speci�c. Initially, a speci�c turbine type

and component failure are chosen. The next step is data-processing, on data that

could potentially be related to this failure. In this context, operational SCADA and

high frequency vibration data from the gearbox are analysed. A signal processing step is

often necessary in order to remove noise and further reveal fault signatures. Afterwards,

feature extraction of health indicators progressively before failure is performed. These

indicators are used as inputs in machine learning models that learn the behaviour

characteristics of failure trends. The output and �nal step of these models is anomaly

detection and diagnosis.

The novelty in this research mainly lies in the framework provided, but more detail

is given in Section 1.3. Each of the steps are analysed in the chapters throughout the
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thesis and the respective novelties are highlighted.

The programming language used is MATLAB 2019a, with the signal processing and

statistics and machine learning toolboxes. For the data extraction process, SQL and

Python were used.

Figure 1.5: PhD methodology approach.

1.2.2 De�nitions

Some de�nitions that are used throughout the thesis are further clari�ed. \Fault de-

tection" is used to describe the detection of an incipient fault (fault that has already

started developing but is not catastrophic yet and therefore the wind turbine continues

to operate). This detection is performed by using sensor readings. \Failure prediction"

is also used in this thesis to describe early fault detection, before it becomes a catas-

trophic failure and the system (wind turbine gearbox) ceases to perform its required

action. It should not be confused with prediction of future states. \Diagnostics" goes

beyond detection and provides insight into possible causes for the problem, aiding in

course of action decision making.
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1.2.3 Structure

Each of the chapters consists of a small introduction to the work carried out in the

chapter, along with the methodology followed, the results obtained and conclusions

drawn. There is a separate chapter for the literature review of the whole thesis but

there are also some research gaps and literature elaborated speci�cally in each chapter.

The end of each chapter will have a conclusion sub-section but there is also an overall

conclusion at the end of the thesis. The references are all provide at the end of the

thesis.

1.3 Novelty of Research

From the initial literature review carried out for de�ning this work, it was determined

that this research would be novel because little or no past work was carried out (or at

least published on) in the following areas:

� Failure rates and reliability of o�shore wind turbine drivetrain components

� Failure rates of modern multi MW both geared and direct drive wind turbines

� Study on the fault development of su�cient real gearbox wind turbine data pro-

gressively before a real failure occurred

� Diagnostics of operating double planetary stage wind turbine gearboxes

� Comparison of the state-of-the-art signal processing techniques for wind turbine

gearbox signals on the same failure examples

� Development of a full pattern recognition diagnostic framework for wind turbine

gearboxes using machine learning techniques

� Case studies on generalization from one wind turbine machine learning model to

another
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1.4 Research Output

Peer reviewed journals and conferences published or submitted:

1. A comparison of wind turbine gearbox vibration analysis algorithms

based on feature extraction and classi�cation So�a Koukoura, James Car-

roll, Alasdair McDonald, Stephan Weiss, IET Renewable Power Generation, DOI:

10.1049/iet-rpg.2018.5313

2. Wind turbine gearbox failure and remaining useful life prediction us-

ing machine learning techniques. James Carroll, So�a Koukoura, Alasdair

McDonald, Anastasis Charalambous, Stephan Weiss, Stephen McArthur, Wind

Energy 11/2018;, DOI:10.1002/we.2290

3. Wind turbine gearbox planet bearing failure prediction using vibra-

tion data. So�a Koukoura, James Carroll, Alasdair McDonald, Stephan Weiss,

Journal of Physics Conference Series 10/2018; 1104:012016., DOI:10.1088/1742-

6596/1104/1/012016

4. Wind turbine gearbox temperature monitoring using SCADA data

So�a Koukoura, Lindy Williams, James Carroll, Alasdair McDonald, Applied

Energy (Submitted)

5. Prediction of wind turbine generator failure using 2-stage cluster-classi�cation

methodology Alan Turnbull, James Carroll, Alasdair McDonald, So�a Kouk-

oura, Wind Energy (Published)

6. Wind turbine intelligent gear fault identi�cation. So�a Koukoura, James

Carroll, Alasdair McDonald, Annual Conference of the Prognostics and Health

Management Society, St Petersburg, Florida; 10/2017

7. Wind turbine gearbox vibration signal signature and fault develop-

ment through time. So�a Koukoura, James Carroll, Alasdair McDonald,

Stephan Weiss, 25th European Signal Processing Conference, EUSIPCO 2017.

N.J.: IEEE, p. 1380-1384 5 p.
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8. An insight into planet bearing fault prediction using SCADA Data.

So�a Koukoura, James Carroll, Alasdair McDonald, European Conference of the

Prognostics and Health Management Society, Utrecht, Netherlands; 07/2018

9. On the use of AI based vibration condition monitoring of wind turbine

gearboxes

So�a Koukoura, James Carroll, Alasdair McDonald, Journal of Physics Confer-

ence Series (Accepted)

10. The e�ect of operational parameters on vibration signals of wind tur-

bine gearboxes So�a Koukoura, Eric Bechoefer, James Carroll, Alasdair Mc-

Donald, Proceedings of the 38th International Conference on Ocean, O�shore

Arctic Engineering

11. A diagnostic framework for wind turbine gearboxes using machine

learning. So�a Koukoura, James Carroll, Alasdair McDonald, Annual Con-

ference of the Prognostics and Health Management Society, Scottsdale, Arizona;

09/2019

Invited Presentations:

1. Diagnostics and prognostics of wind turbine gearboxes using high fre-

quency vibration data , So�a Koukoura, ETP Annual Conference 2017

2. Failure and RUL prediction of wind turbine gearboxes using condition

monitoring data and machine learning So�a Koukoura, NREL Drivetrain

Reliability Collaborative 2018

3. Working on SCADA data So�a Koukoura, Elena Gonzalez, EAWE PhD Sem-

inar 2018, Vrije Universiteit Brussel

4. On the use of SCADA and vibration data for wind turbine gearbox

failure prediction , So�a Koukoura, ETP Annual Conference 2018

5. Using high frequency currents and instantaneous speed signals for
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Wind turbine drivetrain diagnostics So�a Koukoura, NREL Drivetrain Re-

liability Collaborative 2019

6. Wind turbine drivetrain monitoring using 
eet vibration data So�a

Koukoura, Wind Energy Science Conference, Cork, Ireland 2019
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Chapter 2

Literature Review

2.1 Wind Turbine Drivetrains

Utility-scale wind turbines are designed to operate in remote locations, where strong

winds are available. The turbine nacelle is placed on top of a tower which is normally

more than 60 meters in height. The drivetrain of a wind turbine is a set of components

that transmits the kinetic energy captured by the rotor blades to the electric generator.

The con�guration of this set of components is closely linked to the type of electrical

generator and control system, so it is common to include in the description of the driv-

etrain arrangement, the information about the electrical generator (i.e., synchronous or

asynchronous) and converter (partial or total power) [4]. Regarding drivetrain con�gu-

ration, in 2017, geared wind turbines with DFIGs (Doubly Fed Induction Generators)

continue to be the preferred solution in the global market [5]. This con�guration re-

quires a gearbox between the electric generator and the wind turbine rotor in order to

adapt the slowly rotating high torque power from the wind turbine rotor to high speed

low torque power of the asynchronous generator. That way the mechanical energy from

the blades is converted into electrical energy in the generator. In such a con�guration,

some of the loads transmitted from the rotor to the generator will go through the

gearbox [24]. Nevertheless, this arrangement is increasingly losing share in favour of

arrangements with full-power converters (both direct drive and hybrid arrangements),

as nominal power of new wind turbines increases. This trend is especially prominent
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in the European market.

An alternative arrangement with increasing market impact is the direct drive con-

�guration, which consists of a synchronous electric generator directly coupled to the

rotor blades and a full power converter to adapt the frequency to the typical operating

conditions of the main electric grid (i.e., 50 or 60 Hz).

References [25], [26] have classi�ed wind turbine drivetrain con�gurations in six

types;

� Type A (Type 1). Fixed-speed generator. No power converter or other speed

regulation techniques are used in this con�guration. The operating speed of

an asynchronous electric generator (i.e., high-speed generator, which in wind

technology operates usually at around 1500 rpm) is constrained by the rotational

speed of the rotor blades (according to a certain multiplication factor �xed by

the gearbox ratio and the number of poles of the generator).

� Type B (Type 2). The speed of the asynchronous generator is controlled by a

variable resistance that enables modifying the circulating current in the rotor

of the electrical generator. This solution provides higher control 
exibility than

Type A. However, the electrical losses are relatively high and the response to grid

requirements is limited.

� Type C (Type 3). This con�guration is known as doubly-fed induction generator

(DFIG). The current in the electric generators rotor is controlled by a power

converter. Thus, electrical losses are lower and the response to grid requirements

is enhanced. Since the power converter is only connected to the rotor of the

generator, the rated power of the converter is around 30% of the rated power of

the wind turbine.

� Type D (Type 4). A full power converter enables the decoupling of the generator

from the grid frequency so that the frequency on the generator side can be fully

controlled and the use of a gearbox can be avoided. Additionally, the full power

converter provides enhanced grid services. A synchronous electrical generator

(which can be either an electrically excited synchronous generator (EESG) or

14
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Figure 2.1: Wind turbine drivetrain con�gurations [4]

a permanent magnet synchronous generator (PMSG)) is directly coupled to the

main shaft of the rotor (which operates at a rotational speed around 540 rpm,

depending on the wind turbine size).

� Type E (Type 5). Gearbox-equipped wind turbine with a full power converter and

medium/high-speed synchronous generator, which can be EESG or PMSG. This

con�guration enables reducing the size of the generator (compared to Type D),

while maintaining the advantage of using a total power converter (with greater

grid capabilities). In this arrangement, it is possible to choose between a relatively

small gearbox (with moderate gear ratios) at the expense of using a large medium-

speed (about 500 rpm) synchronous generator. On the other hand, it is possible

to assemble a gearbox with a higher gear ratio in order to reduce the size of the

generator, being a high-speed con�guration with synchronous generator.

� Type F (Type 6). Gearbox-equipped wind turbine with a full power converter and

high-speed asynchronous generator. As the full power converter enables the speed

to be controlled by modifying the operating frequency, a squirrel cage induction

generator (SCIG) is generally employed in this con�guration.

In summary, types A, B and C correspond to geared high-speed wind turbines, type

D is direct drive con�guration and types E and F represent hybrid arrangements.

15



Chapter 2. Literature Review

(a) Onshore (b) O�shore

Figure 2.2: Evolution of the share of installed capacity by drive train con�guration in
onshore and o�shore wind turbines by geographical zone Source: JRC Wind Energy
Database [5]

The evolution of both onshore and o�shore markets in terms of drivetrain types are

shown in Figures 2.2a, 2.2b.

The onshore wind market is mainly dominated by type C con�guration and to a

lesser extent type D, especially in Europe and Asia . Hybrid arrangements have progres-

sively gained ground in the last years although in a di�erent way among geographical

zones. We can observe more type E con�gurations in Europe and type F con�gurations

in North America. Con�gurations of types A and B have steadily decreased and they

currently represent a marginal market share. Most of type D and type E con�gurations

in the Asian market use PMSGs while EESGs are more common in Europe.

The o�shore wind market has evolved from a dominant type C con�guration (geared

high-speed DFIG) towards both direct drive (type D) and hybrid arrangements (types
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Figure 2.3: Wind turbine drivetrain con�gurations [1]

E and F)

In terms of ratio, a simple drivetrain classi�cation found in wind industry is shown in

Figure 2.3. Some modern multi-MW wind turbines, especially o�shore, have eliminated

the gearbox to reduce gearbox downtime and increase reliability. However, this has

come with the expense of higher electrical sub-assembly failures. This type of drivetrain

con�guration hasn't been operational for as many years as the geared one, therefore

industry experience is still immature.

A gearbox consists of several (usually three) planetary or helical stages. A wind tur-

bine gearbox typically contains one low-speed planetary stage with two parallel stages

or two planetary stages with one highs-peed parallel stage. In general, a planetary

stage is designed for gear ratio up to seven and a parallel stage usually up to �ve [27].

Gearboxes are seen as the least reliable part of high-speed wind turbine con�gura-

tions, although most often it is the third stage (the high speed one) that is problematic.

Several studies, including the European project Reliawind, concluded that the electrical

systems (including the power converter) and the pitch system cause more failures. It

was also found that electrical system failures are not necessarily the highest cost, nor

do they cause more downtime that any other turbine sub-assembly [28]. In addition,

research shows that gearbox failures are most often due to unexpected loads originating

somewhere else, e.g. in the turbine rotor or in its control system as a consequence of

forcing the generator to maintain grid frequency [29]. More detailed data, models and
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Figure 2.4: Drive train features classi�ed according to wind turbine rated power. Data
corresponding to installations in EU MS during 2012. Source: JRC Database [5]

experience are needed to close the loop between design and operation reliability.

Figure 2.4 shows the type of drive train employed in wind turbines installed in Eu-

ropean Union Member States during 2012, classi�ed according to wind turbine rated

power. Onshore installations were mainly dominated by wind turbines in the range 1-3

MW, whereas turbines with higher rated power (in the range 3-7 MW) are employed

for o�shore installations as well. As regards drive train con�guration, a 3-stage gearbox

coupled with an asynchronous generator (Type C) is the most common arrangement for

wind turbines under 3 MW. However, Type D (either direct drive or hybrid con�gura-

tion) is the prevailing arrangement for wind turbines speci�cally in the 2-3 MW range.

Looking at the o�shore market, most wind turbines installed during 2012 were Type F

with a three-stage gearbox and a full converter, the Siemens machines. Nevertheless,

this scenario is expected to change as most wind turbines addressed to the o�shore

market introduced in recent years are based on permanent magnets either direct drive

(Type D) or hybrid drive train (Type E). Incidentally, Figure 2.4 shows a clear seg-

mentation in terms of rated power of wind turbines aimed at the onshore and o�shore

market.

As discussed in this section, a common gearbox choice in wind turbines is a planetary

gearbox, due to its large power transmission capacity and compact design. Owing to
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harsh operating conditions of wind turbines, gearboxes are prone to damage. Also,

due to the complexity of the gearbox, fault identi�cation and isolation is a complex

task and the information provided by the condition monitoring systems is challenging

to analyse. It is therefore vital to develop models for e�ective planetary gearbox fault

diagnosis and this is going to be addressed throughout the thesis.

2.2 Reliability of Wind Turbines

Reliability has always been a vital aspect in the assessment of industrial products.

One can see reliability theory as a tool for analyzing and improving the availability

of the system. In the study of reliability, Weibull distribution and Bathtub-Curve are

well known methods which are concisely describing failure rates. The failure rate of a

component is often high in the initial phase of its lifetime. This can be explained by the

fact that there may be undiscovered defects in the components. When the component

has survived the initial period, the failure rate stabilizes at a level where it remains

for a certain time until it starts to increase again as the component begin to wear

out. There are other types of curves as well but the bathtub curve is a good choice

for mechanical components such as gearboxes [30]. According to the bathtub curve,

monitoring of machinery can be important in all stages of its lifetime [31]. Reliability

studies can be aided by information on mean time between failures available from

surveys, including [32]. Information about the life of electrical machines has also been

published from experience in the wind industry [33].

In terms of wind energy, reliability describes the ability of a wind turbine to function

as it should over its design life. A turbine is reliable if it is available to produce energy

whenever the wind speed is higher than the wind turbines cut in speed throughout its

design life. If a wind turbine experiences a failure within its design life, the turbine reli-

ability is reduced. Reliability studies can focus on wind farm level or wind turbine level.

A wind turbine is composed of many subsystems that include electrical, mechanical,

structural and software. The procedure to determine the wind turbine reliability design

can be performed on both the overall system level as well as on sub-system levels. Some

primary studies or reliability analysis of wind turbines can be found in [34], [35]. Most
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Figure 2.5: Gearbox failures based on 257 damage records released in 2014 [6]

wind turbine reliability models are based on either the homogeneous Poisson process

or power law process. A recent review of reliability analysis methods in wind energy is

given in [36] and a focus on risk analysis is presented in [37].

According to the latest reliability reviews, the gearbox is a major contributor to

wind turbine downtime [2]. There exist a few gearbox failure databases which indicate

that di�erent gearboxes can fail in di�erent ways, but bearings seem to be the largest

contributor [6], [38] (Figure 2.5). Many factors, such as friction, lead to increased tem-

perature. Further, mechanical stresses cause shaft cracks, tooth breakage, shattering,

and in the worst-case scenario, damage to the tower (collateral damage). Major gearbox

failures require a crane for handling, replacement, and greasing. Therefore, the cost is

increased because of costs associated with crane rental and labor, as well as economic

losses that are incurred. The gearbox has to work in random loading conditions and

the reliability of its components is compromised compared to lab tests, were loading

conditions are more controlled. Gearbox reliability has a direct e�ect on future liability

for the Original Equipment Manufacturer (OEM) (warranty costs) and for the operator

(O&M costs).

There has been some reliability literature focusing on individual components [39],

[40], [41]. Reference [39] focuses on gearboxes and the failure rates of 3 stage, 2 stage

and individual components of gearboxes. These failure rates are based on an expert

failure mode and e�ects analysis (FMEA) rather than empirical data. The results
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of this FMEA provide a failure rate for di�erent gearbox types in a per turbine per

year format. Empirical data from operating turbines show gearbox failure rates are

low in comparison to other wind turbine subsystem failure rates, however this lower

failure rate doesnt transfer to higher availability because of the high downtime related

to gearboxes.

Reliability of any design is therefore an important feature and this can be estab-

lished by gathering information from past faults that occurred in the design and then

formulating novel strategies and techniques to minimize these shortcomings. By do-

ing so, the availability and robustness of that design can be enhanced. One method

of achieving this level is to implement e�cient maintenance strategies. These will be

analysed in the following sections.

2.3 Condition Monitoring

2.3.1 Condition Monitoring in Machinery

The main two categories of maintenance are either corrective or preventive mainte-

nance. Corrective maintenance is a run-to-failure approach and is only performed once

a component fails completely, whereas preventive maintenance is performed before the

occurrence of a potential failure [42]. Preventive maintenance can be further classi�ed

into scheduled maintenance and condition-based maintenance. Scheduled maintenance

refers to maintenance that happens at a �xed frequency whereas condition-based main-

tenance involves continuous health monitoring of wind turbine components. This type

of maintenance utilises an estimation of the current and future condition of a compo-

nent in order to provide an optimised maintenance scheduling that prevents failures

without resorting to over-maintenance [43]. This optimised maintenance scheduling

o�ers extended machine lifetime, as well as reduced maintenance costs and downtime.

According to [44], \CBM is a form of preventive maintenance which includes as-

sessment of physical conditions, analysis and the possible ensuing maintenance actions.

CBM strategies allow for failure prevention by understanding the physics of failure and,

subsequently, the corresponding initiation of targeted maintenance activities. CBM is
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a maintenance program that recommends maintenance actions based on the informa-

tion collected through condition monitoring. It attempts to avoid unnecessary main-

tenance tasks by taking maintenance actions only when there is evidence of abnormal

behaviours of a physical asset. A CBM program, if properly established and e�ec-

tively implemented, can signi�cantly reduce maintenance cost by reducing the number

of unnecessary scheduled preventive maintenance operations [45].

Diagnostics and prognostics are two key aspects in a CBM program. Diagnostics

deals with fault detection, isolation, and identi�cation. Fault detection is a task to

indicate whether the observed behaviour of a system is di�erent than the expected

one; fault isolation is a task to locate the system component that is faulty; and fault

identi�cation is a task to limit the scope of fault and determine the root cause of failure.

Prognostics deals with condition assessment which includes predicting and determining

the performance life remaining, by modeling fault progression. The current thesis

focuses on diagnostics in the sense of fault prediction. Fault prediction is a task to

determine an impeding fault and estimate the probability of its occurrence.

A CBM program can be used to do both diagnostics and prognostics. CMSs are

applied to various engineering �elds. In civil, railways, aerospace, and mechanical

structures, CMSs has been implemented for decades successfully. A comprehensive

works that presents projects implementing CMSs in di�erent engineering �elds and in

several regions of the world can be found in [46].

It is worthwhile pointing out that if a failure sequence is rapid, e�ective condition

monitoring is impossible. This is for example the case for electrical faults detected

by protection, where the period of action may be only seconds. However, if the failure

sequence is days or even months, then condition monitoring has the potential to provide

early warning of impending failure [47].

The health condition prediction methods can be divided into model-based methods

and data-driven methods [48]. The model-based methods, also known as the physics-of

failure methods, perform reliability estimation using equipment physical models and

damage propagation models. Model-based methods have been reported for analyzing

component reliability such as bearings [49] and gearboxes [50], [51].
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However, physics-of-failure models pose some limitations in building models and

calculating dynamic responses in complex systems, such as wind turbines. On the

other hand, data-driven methods directly utilize the collected condition monitoring

data for health condition prediction, and do not require physics-of-failure models. It

is not necessary to understand the mechanics and propagation of a damage, which is

a limitation in physics-based methods. Examples of the data-driven methods include

the proportional hazards model [10], the Bayesian prognostics methods [52], and the

Arti�cial Neural Network (ANN) based prognostics methods [53], [54].

2.3.2 Condition Monitoring in Wind Industry

Current practice in the wind turbine industry involves preventive maintenance and its

value in terms of cost savings is discussed in [55]. To monitor general operation and

performance of wind turbines, SCADA systems were initially installed. As turbines in-

creased in size and complexity and owing to recent developments in the �eld of sensing

and signal processing, modern wind turbines started being equipped with CMS systems

for the active remote monitoring of their components [56]. CM systems provide sig-

nals (e.g. vibration,electrical) whose information is used to take suitable maintenance

actions and improve protection of costly assets.

The question to be posed when installing those systems is whether their cost is justi-

�ed. The answer is not straightforward and can be system speci�c, but the information

obtained through them can provide useful insight into the machine working condition

and help handling future faults. The installation of CMS can be paid back by the

reduction in O&M costs. This can be achieved through decreased downtime, decreased

mean time between failure and thus increased production rates. Moreover, upcom-

ing faults can be foreseen through condition monitoring systems, so proper planning,

maintenance actions and shipping of components. A study analysing the pro�tability

of condition monitoring both in onshore and o�shore wind through life cycle cost anal-

ysis is presented in [57]. CMS can o�er cost saving potential even for onshore wind

turbines, but commercial bene�ts strongly depend on the ability of these systems to

reliably predict a developing fault [38], [58]. A case study on the value of CMS systems
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with an application on wind turbine gearboxes is presented in [38]. A reliability-based

fault path investigation framework using both quantitative and qualitative methods is

given in [37] and it can give valuable information to CMS systems. A thorough failure

mode e�ects and criticality analysis for o�shore wind turbine systems with the aim of

improving condition based maintenance strategies is given in [59]. In this study, sys-

tems for which condition monitoring would generate highest value in wind are analysed

and parameters that need to be monitored by a speci�c system from failure cause to

failure mode are understood. The prioritized failure modes of the gearbox include both

raceway wear and gear cracks.

UK Supergen Wind Technologies Consortium carried out a survey which shows

that 14 out of 20 commercially available wind turbine CMSs include gearbox vibration

monitoring. This has led to successful incipient gearbox fault detection and prevention

of complete damage [17].

From the CM perspective, a wind turbine gearbox consists of three major com-

ponents: gears, bearings, and lubricant. CM aims to detect failures at such an early

stage that no disassembly of the gearbox is needed. The main condition monitoring

techniques in the wind industry are presented in [11], [12], [13]. Monitoring techniques

include vibration analysis, oil analysis, thermography, accoustic monitoring, ultrasonic

testing, electrical e�ects, process parameters. Among these di�erent techniques, vi-

bration analysis and oil monitoring are the most predominantly used for wind turbine

gearbox applications. The possible reason for this might be their established successes

in other industries. A review of wind turbine gearbox condition monitoring methods is

given in [60].

Monitoring can either be done on-line or o�-line. On-line observation is usually

preferred because it can provide a deeper insight into the system performance under

loads, as well as both long and short term trends. Both vibration and oil analysis can

be applied on-line and o�-line [61]. On-line monitoring is also often incorporated into

SCADA systems, so that alarms can be triggered in case of an upcoming failure in the

system, something particularly useful for inaccessible locations. On-line systems can

also potentially reduce the labour cost for o�-line inspection.
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This PhD focuses on data driven methods for condition monitoring of wind tur-

bine gearboxes using SCADA and vibration data, since they are the most established

methods in the industry.

2.4 Data Driven Methods for Condition Monitoring

Conventional reliability analysis mostly provides population-based assessment. On the

contrary, individualized failure prediction results take into account signals that can

show degradation of the system. This section provides an overview of failure prediction

methods using data-driven approaches.

In fault diagnosis, three important aspects are important: time of fault appearance,

location of fault and severity of fault. Thus, anomaly detection is �rst performed, to

identify deviation when deviation from normal operation occurs. Then fault localiza-

tion, narrows the problem source to the speci�c component or subsystem. Finally, fault

classi�cation, discriminates known and unknown faults and identi�es the type of the

fault if it is previously known [62].

A typical Prognostics and Health Management (PHM) work
ow can be conceptu-

ally illustrated, as shown in Figure 2.6. This includes data collection, data processing,

feature selection from processed data and application of some kind of statistical model-

ing, which often involves a training phase to establish baseline condition and data driven

methods to detect anomalies (these will be discussed in the following paragraphs). The

next step is at the actual fault detection and if a degradation is observed, then diag-

nostics, prognostics and maintenance are the next actions depending on the decision

support.

A decision support system aims to analyse various amounts of data, compile com-

prehensive information and use this information in problem solving and decision mak-

ing. Given the large amounts of condition monitoring data, statistical methods have

been utilised for health management decision support systems and fault diagnostics.

Automation is an important part of this process. Various topics in fault diagnosis em-

phasising on model-based and data-driven approaches were covered in [63]. A recent

review on the PHM �eld is given in [48]. Recent advancements of PHM methodologies,
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Figure 2.6: Typical 
ow of PHM systems

with a focus on data-driven approaches, are analysed in [64]. AI and machine learning

techniques are increasingly being applied in machine diagnostics. An extensive review

of AI approaches for fault diagnostics are given in [65].

AI and machine learning are two terms that are often used interchangeably. AI is

the science of training machines to perform human tasks. Machine learning is a subset

of AI that trains the machine on how to learn. Machine learning is the process of

building an inductive model that learns from a limited amount of data without special-

ist intervention. This learning implies �nding an underlying set of structures that are

useful to understand relationships in data that might not be exactly similar to that on

which learning occurred. In the machine learning model taxonomy, supervised learn-

ing predicts an output variable using labeled input data, while unsupervised learning

draws inferences from data without labeled inputs (clustering). For supervised learning

there is a distinction between models that predict a numeric variable (regression) or a

categorical variable (classi�ers) [66].

Many popular methods from machine learning and arti�cial intelligence are applied

in the PHM context, such as Support Vector Machines (SVMs) [67] [68], k-nearest

neighbors [69] [70] [71], and decision trees [72]. ANNs have attracted a lot of research

interest and are applied widely in many engineering applications for fault detection [73].
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Deep learning approaches have recently began to be applied in the �eld of fault diagnosis

[74]. Deep belief networks have also become quite popular in the machine learning �eld

and a multi-sensor health diagnosis method using them is elaborated in [75]. It is

worth mentioning that the sensitivity to a given fault is often a function of operating

conditions and the nature of the anomaly, therefore environmental parameters need to

be taken into account. For example, self-organizing maps are used to categorise and

recognise the respective operating conditions [62]. The interested reader can �nd more

about the fundamentals of these methods in [76], although some will be elaborated

further in the following sections.

On wind turbines, various data driven methods using machine learning have been

applied [66]. There are many dataset types coming from wind turbines and most mon-

itoring models discussed in the literature are based on operational and event datasets.

Most models in the literature use SCADA, simulated or experimental vibration data;

Both classi�cation methods and regression have been utilised with ANNs, SVMs and

decision trees being most popular.

2.4.1 Supervised Models

Supervised learning assigns a label to a vector of input data according to some cer-

tain similarity assessment criteria. During the supervised model training, samples

of di�erent labels are fed into the model to learn the discrimination criteria between

classes. The criteria can be developed based on distance, membership functions, kennel

mapping functions etc. Supervised learning is further categorised into regression and

classi�cation.

Classi�cation models learn from the data input and labels and then uses this su-

pervised learning process to classify new observations. This data set may simply be

bi-class or multi-class. Some examples of classi�cation problems are: speech recogni-

tion, handwriting recognition, bio metric identi�cation, document classi�cation etc.

Regression models use independent variables as inputs in order to predict the nu-

meric output of dependent variables. In the context of reliability and condition mon-

itoring, the component modeled is assumed to be performing at its optimum state.
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This optimum (healthy) state is often a function of time, with failure rates having a

low steady phase in the second part of the bathtub curve, as explained in Chapter 3.

Ideally, normal behaviour data about the component should be recorded during the

period when likelihood of failures is low. Having this optimum state, a baseline can

be established. At every new time step, the output is predicted based on the derived

model. The di�erence between the measured and predicted output value then consti-

tute the time series of residuals which can be analyzed to determine the presence of a

fault.

Decision Trees

A decision tree is one of the most easily interpreted supervised learning methods.

It's a hierarchically organized structure, with each node splitting the data space into

pieces based on value of a feature. As shown in Figure 2.7a [77], the sample population

is divided into sub-regions, through nodes (circles). Leaf nodes (squares) do not split

any further and each leaf node usually maps every point in its input region to the same

output.

A very deep tree can lead to over�tting and this can be avoided by controlling

the depth of the tree. The three parameters that a�ect the depth of the tree are the

maximum number of splits, the minimum leaf size and minimum parent size.

Random Forests

Bootstrap-aggregated decision trees have proven to be a robust classi�er [78]. They

combine the results of many decision trees, thus reducing the e�ects of over�tting and

improving generalization. Similarly to the decision trees, the hyperparameters often

need to be tuned are the maximum number of trees, the depth of the trees and the

maximum number of features considered for splitting a node.

kNN

Given a positive integer k, an unseen observationxobs and a similarity metric (dis-

tance) d, kNN classi�er performs the following steps:

1. The distance d between xobs and each training observation is calculated for the

whole dataset. Thek points closest toxobs are the subsetAk . An odd number of

k is commonly used to prevent ties.
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2. The conditional probability of each class is computed, which is the fraction ofAk

points with a given class label.

3. xobs is �nally assigned to the class with the largest probability.

The choice of k is really important. A small value for k provides the most 
ex-

ible �t, which will have low bias but high variance. Larger values of k will have

smoother decision boundaries which means lower variance but increased bias. The

value of k can be tuned for example using grid search in the log-scaled range of

[1 max(2; NObservations=2)], where NObservations is the number of observations.

The similarity distance metric is euclidean.

It should be noted that kNN is one of the simplest and non-parametric machine

learning algorithms but it requires the entire training data set to be stored, leading to

expensive computation if the data set is large.

SVMs

In classi�cation problems, SVMs aim at �nding the decision boundary to separate

di�erent classes and maximize the margin. SVMs construct an optimal separating hy-

perplane between classes in a high dimensional feature space. Hyperplane is an (n

minus 1)-dimensional subspace for an n-dimensional space. In a 2-dimension space,

its hyperplane will be 1-dimension, which is just a line. This hyperplane creates the

biggest margin between the training points of the di�erent classes. For linearly sepa-

rable classes, margin is the maximal width of the slab parallel to the hyperplane that

has no interior data points (Figure 2.7c) [79]. A larger margin leads to lower generali-

sation error. The support vectors are the data points that are closest to the separating

hyperplane and are located on the boundary of the slab.

The mathematical formulation follows [79]. Assumingx j is a multi-dimensional set

of training data points and yj are the categories (only 2 categories are introduced �rst).

For a dimension d, x j 2 IRd and yj � 1. The hyperplane equation is given in Eq 2.1.

f (x) = x0� + b = 0 (2.1)

where � 2 IRd and b is a real number.
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All the data points for the class 1 are on one side, and all the data points for class

1 on the other.

The problem of �nding the best hyperplane is de�ned as the problem of �nding �

and b that minimize jj � jj such that for all data points yj f (x j ) � 1. The support vectors

are the points x j on the boundary for which yj f (x j ) = 1.

Minimising jj � jj is a quadratic programming problem and the optimal solution en-

ables the classi�cation of a vectorz based on the sign of the classi�cation score ^f (z),

which represents the distance from the decision boundary.

In the linearly separable case, SVM is trying to �nd the hyperplane that maximizes

the margin, with the condition that both classes are classi�ed correctly. But in reality,

datasets are probably never linearly separable, so the condition of 100% correctly clas-

si�ed by a hyperplane will never be met. SVMs can perform non-linear classi�cation

using soft margins and kernels. Soft margins are hyperplanes that separates many, but

not all data points. Kernels operate as a similarity function. The kernel function o�ers

a map of the originally inseparable data to a higher dimensional space where they can

be linearly separated.

The problem tries to minimise 2.2, such that yj f (x j ) � 1 � � j and � j > 0. Slack

variables are de�ned in the context of optimisation problems, to transform an inequality

expression into an equality expression (with an added slack variable). � j are slack

variables and C is a penalty parameter.

(
1
2

� 0� + C
X

j

� j ) (2.2)

The penalty parameter represents the tolerance (soft) when �nding the decision

boundary and is an important hyperparameter for the SVM. The bigger the C, the

more penalty SVM gets when it makes misclassi�cation. Therefore, the narrower the

margin is the fewer support vectors the decision boundary will depend on.

The problem of �nding the optimal hyper plane is an optimization problem and

can be solved by optimization techniques. Lagrange multipliers can be used to solve it

analytically). C is sometimes called a box constraint and keeps the allowable values of
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the Lagrange multipliers in a \box" bounded region.

The Kernel trick utilizes existing features, applies some transformations, and creates

new features. Those new features are the key for SVM to �nd the nonlinear decision

boundary. A Gaussian kernel is often chosen, because it depends on the relative distance

between elements and it has good approximation capabilities [80]. The Radial Basis

Function Gaussian kernel is a transformer/processor that generates new features by

measuring the distance between points to speci�c centers.

� (x; center) = exp(� 
 kx � centerk2) (2.3)


 controls the in
uence of new features� (x; center) on the decision boundary. The

higher the gamma, the more in
uence the features will have on the decision boundary.

Binary classi�cation was �rst introduced, but multiclass classi�cation can be achieved

by reducing the single multiclass problem into multiple binary classi�cation problems.

Common methods for such reduction include one-vs-all or one-vs-one. Classi�cation of

new instances for the one-versus-all case is done by a winner-takes-all strategy, in which

the classi�er with the highest output function assigns the class (it is important that the

output functions be calibrated to produce comparable scores). For the one-versus-one

approach, classi�cation is done by a max-wins voting strategy, in which every classi�er

assigns the instance to one of the two classes, then the vote for the assigned class is

increased by one vote, and �nally the class with the most votes determines the instance

classi�cation. The interested reader can �nd out more in [81], [82].

For regression problems, letxn is a multivariate set of N observations with observed

response valuesyn . The linear function is given in Eq (2.4) and it should deviate from

yn by a value no greater than � for each training point x and at the same time be as


at as possible.

f (x) = x0� + b (2.4)

This is formulated as a convex optimization problem to minimize Eq (2.5) [83]. The

slack variables � n ; � �
n are introduced for each point to deal with otherwise infeasible
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constraints. This approach is similar to the soft margin in SVM classi�cation, because

the slack variables allow regression errors to exist up to the value of� n ; � �
n , yet still

satisfy the required conditions.

J (� ) =
1
2

� 0� + C
NX

n=1

(� n + � �
n )

8n :yn � (x0
n � + b) � � + � n

8n :(x0
n � + b) � yn � � + � �

n

8n :� n � 0

8n :� �
n � 0

(2.5)

The constant C was introduced in the classi�cation as the box constraint. In re-

gression it's a positive numeric value that controls the penalty imposed on observations

that lie outside the margin � and performs regularization, therefore helping to pre-

vent over�tting. The loss function is the distance between observed valuey and the �

boundary (Eq 2.6).

L =
0 if jy � f (x)j � �

jy � f (x)j � � otherwise
(2.6)

For non-linear problems, kernel functions can be applied similarly to classi�cation.
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(a) Diagrams of a decision tree. The
tee nodes get the inputs and send
them to the child node on the left (0)
or the child node on the right (1).

(b) kNN classi�cation example. The
test sample (green circle) should be
classi�ed either to the class of blue
squares or to the class of red triangles.
If k = 3 (solid line circle) it is assigned
to the class of triangles but if k=5 it
is assigned to the class of squares.

(c) SVM classi�cation example for two
classes. The maximum-margin hyper-
plane and margins are shown.

Figure 2.7: Classi�cation Algorithms

Arti�cial Neural Networks

An ANN has three distinctive part: an input layer consisting of nodes, one or more

hidden layers of neurons and an output layer. They perform computations through

a process of learning which is achieved through the interconnection of neurons. The

inputs and their connectivity with the neurons depends on weight parameters. Each

neuron has a nonlinear transfer function that determines the internal activity of the

neuron and an activation function that provides the threshold for producing the output.

The choice of activation function is determined by the nature of data and assumed

distribution of target variables.

ANNs can be used both for regression and classi�cation problems. Regression tries

to map a set of continuous inputs to another set of continuous outputs, so neural

networks for regression have multiple input neurons and one output neuron. A repre-

sentation is shown in Figure 2.8.
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Figure 2.8: Neural Network Representation for Regression

Self-organizing Maps

Self-organizing Map (SOM) is a type of machine learning techniques for pattern

recognition. It can aggregate the samples into di�erent spatial regimes with kernel

functions to map the topological relationship of the input data. SOM is suitable for

both supervised and unsupervised learning schemes. This algorithm will be elaborated

further in the next section.

Statistical Pattern Recognition

Statistical pattern cognition techniques can be used to detect faults when there is

lack of domain/expert knowledge, but changes in stochastic parameters are indicating

system abnormality. Using historical data and a given con�dence interval, the control

limit for monitored parameters can be set according to statistical signi�cance.

Labeling

During the training phase, each input vector together with the corresponding system

state indicated by a label is fed into the machine learning model. The input vector

can consist of features extracted from pre-processed time series of signals relevant to

the modeled component. For gearbox CM there might be labels such as healthy, high

speed gear failure, planet bearing failure, etc.

The labels specifying the category to which training instances belong are usually

assigned by human/expert judgement. This is time consuming, error prone and likely

to result in a set of labeled vectors with an unbalanced number of classes [84]. The

problem of unbalanced classes can be addressed using under-sampling (remove instances

belonging to the majority class), over-sampling (sample more instances from minority
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class), SMOTE, Tomek-links (which removes points in the majority class that are

considered borderline, noise or redundant) [85], [86], [87].

Semi-Supervised models

Semi-supervised models include one-class classi�ers. These can be anomaly or outlier

detectors. This group uses a semi-supervised mode of training wherein a class/pattern/set

of normal condition operation is learned. This is useful in condition monitoring when

only a large set of normal operating data is available but not enough historic failure

examples with labeled data have been acquired. This is often the case in real word

industrial applications. The premise of one-class classi�ers is that any deviation from

the trained pattern is considered an anomaly, which can indicate a fault event.

One class classi�ers can be statistical, neural network based [88], [89] or use support

vector data description (SVDD) [90]. SVDDs are inspired by support vector classi�ers

but instead of using a separating hyperplane to distinguish two classes, they use a

spherical boundary (enclosing normal condition data samples) de�ned by outermost

data samples, the support vectors. They have been used in pump anomaly detection

in various operating modes [91] as well as bearing fault detection [92] [93].

As it is introduced by, one class SVMs basically separate all the data points from

the origin and maximize the distance from this hyperplane to the origin. The objective

function to be minimised is given in Eq (2.7).

1
2

k� k2 1
�n

nX

j =1

� j � � (2.7)

with respect to �; �; � subject to

�� (x j ) � � � � j

� j � 0

In this formulation, parameter � is very important; it sets an upper bound on the

fraction of outliers (training examples regarded out-of-class) and it is a lower bound on

the number of training examples used as Support Vector.
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Figure 2.9: Overview of clustering

A small value of � leads to fewer support vectors and, therefore, a smooth, crude

decision boundary. A large value of� leads to more support vectors and, therefore, a

curvy, 
exible decision boundary. The optimal value of � should be large enough to

capture the data complexity and small enough to avoid over�tting. Also, 0 < � 1.

2.4.2 Unsupervised models

Unsupervised learning involves the grouping of data points and according to this ap-

proach, a set of data points that have similar properties should be clustered in a speci�c

group.

The fundamental principle of clustering techniques is to calculate a certain distance

�. Let x and y be two units clustered in group Ci and d be any distance measurement

technique such as Euclidean distance, Minkowski, Manhattan [94].

Maximum Distance; � max = x;y 2 Ci max(d(x; y))

Distance from Centroid; � cen =

P
x2 Ci

d(x; �x i )

jCi j

(2.8)

Where �x i is the cluster centroid of group Ci .

The general goal of clustering is to minimize the dispersion within a group as well

as maximize the isolation of groups among each other.

A general overview of the clustering procedure followed in the thesis is given in

Figure 2.9. Each of the steps in explained in more detail in the following paragraphs.

The �rst step is clustering tendency, which basically examines if there is any group-

ing structure to the data- otherwise clustering is meaningless. The grouping structure

can be determined by using some tests for randomness, uniformity or homogeneity.

Those tests are often hypothesis tests where the null hypothesis assumes homogeneous
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data and a statistic is computed to determine the validity of this hypothesis. Some

tests include the Cox-Lewis test [95], the Holgate [96] and T2 [97]. A commonly used

one is the Hopkins statistic H [98] [99].

When the actual clustering procedure starts, an important parameter to be deter-

mined is the number of clusters. This is used as input in many clustering algorithms.

Methods and taxonomy to determine the number of clusters are presented in [100].

These methods are primarily based on the quality of the partition- such as within-cluster

cohesion and between-cluster separation . Some commonly used methods are Aikaike

Information Criterion, Bayes Information Criterion, Minimum Description Length.

There are numerous types of clustering algorithms which mainly di�er in how the

samples are grouped. The basis for grouping depends on the algorithms fundamental

notion of a cluster and how it e�ciently �nds the clusters. The interested reader

can �nd surveys of clustering methods in [101]. The main categories are hierarchical

clustering [102], centroid-based clustering (like k-means), distribution based clustering

(like Gaussian Mixture Models) and spectral clustering. Some of them will be further

discussed in this section.

k-means

This algorithm groups data into clusters by measuring the distance between data

points [103]. The most popular measure is Euclidean distance. The k-means algorithm

in a few steps can be described as following and are shown in Figure 2.10:

1. k points are selected as the initial centroids

2. All points are assigned to the closest centroid

3. k clusters are formed

4. The centroid of each cluster is recomputed

5. The data points are reassigned to the centroid that is closest to them now

6. Steps 2-5 are repeated until cluster doesn't change

Self-Organising Maps
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Figure 2.10: Steps of k-means clustering algorithm

A Self-Organising Map (SOM) is a type of ANN that is trained using unsupervised

learning to produce a low-dimensional, discretized representation of the input space of

the training samples. This low-dimensional space is the map and therefore SOM can be

used for dimensionality reduction. Unlike traditional ANNs which use error correction

learning, SOMs use competitive learning for training. Each neuron is a weight vector

that has the same dimension n as input vectors (health features) and the weight vector

is updated recursively during the training period in a competitive learning scheme.

The algorithm is described by the following steps:

� The node weights are initialized.

� A random vector is chosen from the training dataset.

� Every node is examined to calculate which ones weights are most like the input

vector. Therefore, the distance from each weight to the sample vector is calcu-

lated. The weight with the shortest distance is the winner. A common distance

metric used is the Euclidean distance. The winning node is commonly known as

the Best Matching Unit (BMU).

� Then the neighbourhood of the BMU is calculated. The amount of neighbours

decreases over time.

� The winning weight is rewarded with becoming more like the sample vector. The

neighbours also become more like the sample vector. The closer a node is to the
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Figure 2.11: Self Organising Map Training [7]

BMU, the more its weights get altered and the farther away the neighbor is from

the BMU, the less it learns.

The competitive update procedure is shown in Eq. 2.9:

wj = [ wj 1; wj 2; wj 3:::wjn ]; j = 1 ; 2; :::m

wj (t + 1) = wj (t) + a(t)hj;w c (t)(x � wj (t))
(2.9)

where w are the weights, hj;w c is the Gaussian kernel function around the BMU,

and a(t) denotes step size, which monotonically decreases with step iterations.

This process is illustrated simply in Figure 2.11. The blue area shows the training

data distribution and the small white disc is the current training sample drawn from

that distribution. At �rst (left) the SOM nodes are arbitrarily positioned in the data

space. The node nearest to the training node (highlighted in yellow) is selected, and

is moved towards the training datum, as (to a lesser extent) are its neighbours on the

grid. After many iterations the grid tends to approximate the data distribution (right).

Principal Component Analysis

Principal component analysis (PCA) is a widely used statistical technique for un-

supervised dimension reduction.

Dimension reduction is useful because in general, the number of available training

samples (N) should exceed the number of features (L) as the complexity of a model

cannot exceed the complexity of the training dataset. Depending on the application,

the features nature and speci�c assumptions, di�erent N/L ratio recommendations are

provided in literature [104].

PCA provides the orthogonal transformation of possibly correlated variables into a
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set of linearly uncorrelated ones (principal components). To perform PCA on a given

dataset, the following steps are required [105]:

1. The mean of each data dimension is calculated and subtracted from the original

dataset in order to obtain the adjusted dataset.

2. The datasets covariance matrix is calculated.

3. Eigenvalues and unit eigenvectors of the covariance matrix are calculated.

4. Eigenvectors are sorted by eigenvalue, highest to lowest. A number n of features

is selected based on the explained variance complexity trade-o� and a feature

vector is obtained by combining the �rst n eigenvectors.

5. The post-PCA dataset matrix is obtained by multiplying the transpose of the

feature vector by the transpose of the adjusted dataset matrix.

By only retaining a number of features, the dimensionality of the modelling is

reduced providing a basis for better results given a limited amount of samples. Nev-

ertheless, at the same time there exists the inherent trade- o� of some variance from

the dataset being lost. As such, an optimal number of principal components should be

selected so that most of the datasets variance remains explained while the total number

of features is reduced.

PCA can be used both as a dimensionality reduction technique and as a clustering

technique.

2.4.3 Hyperparameter Tuning

A hyperparameter is a parameter whose value is set before the learning process be-

gins. Hyperparameters are not updated during the learning and are used to con�gure

either the model (e.g. number of decisions trees and their depth, number of layers of

a deep neural network) or the algorithm used to lower the cost function (learning rate

for gradient descent algorithm). Hyperparameters should not be confused with model

parameters and they can't be directly trained from the data. Model parameters are

learned during training when a loss function is optimised using e.g. gradient descent.
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The model parameters specify how to transform the input data into the desired out-

put whereas the hyperparameters de�ne how the model is actually structured. Model

parameters are the properties of the training data that are learnt during training by

the machine learning model. An example of model parameter is the weights and biases

of an ANN, which are learnt during the training process. Model hyperparameters, are

common for similar models and can't be learnt during training but are set beforehand.

Hyperparameters can also be optimised when designing models and that's the reason

why the distinction between parameters and hyperparameters is nuanced.

Hyperparameter tuning is choosing a set of optimal hyperparameters for a learning

algorithm. Tuning strategies include grid search and random search. Grid search works

by searching exhaustively through a speci�ed subset of hyperparameters. This means

it can often be time consuming and computationally expensive but very e�ective in

�nding the optimal parameters. Random search di�ers from grid search mainly in that

it searches the speci�ed subset of hyperparameters randomly instead of exhaustively.

The major bene�t being decreased processing time.

2.4.4 Training,Validation and Testing

For model evaluation and testing purposes, the dataset is split into 3 sets: training,

validation and testing. The training dataset is the actual dataset that we use to train

the model. The model learns and is �tted from this data.

Validation dataset is the sample of data used to provide an unbiased evaluation of

a model �t on the training dataset while tuning model hyperparameters. Finally, the

test dataset is the sample of data used to provide an unbiased evaluation of a �nal

model �t on the training set.

A standard approach in machine learning is to use cross validation techniques ac-

companied by hold-out sets. For model validation, the original dataset is split into

training (typically 70% of the data) and testing (30%). Using the training data, k-fold

cross validation (typically k=10) is performed with di�erent hyperparameters for each

model tested noting the results in terms of validation measures.

Cross validation is often called out-of-sample testing is a model validation technique
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used for assessing generalisation of results of statistical analysis to independent datasets.

One round of cross-validation involves partitioning a sample of data into complementary

subsets, performing the analysis on one subset, and validating the analysis on the other

subset. To reduce variability, in most methods multiple rounds of cross-validation

are performed using di�erent partitions, and the validation results are combined (often

averaged) over the rounds to give an estimate of the model's predictive performance. In

typical cross-validation, results of multiple runs of model-testing are averaged together,

but the holdout method involves a single run, making it the simplest form of cross-

validation. In k-fold cross-validation, the original sample is randomly partitioned into

k equal sized sub-samples. Of the k sub-samples, a single sub-sample is retained as

the validation data for testing the model, and the remaining k 1 sub-samples are used

as training data. The cross-validation process is then repeated k times, with each of

the k sub-samples used exactly once as the validation data. The k results can then be

averaged to produce a single estimation. The advantage of this method over repeated

random sub-sampling (see below) is that all observations are used for both training

and validation, and each observation is used for validation exactly once. Strati�ed

cross validation is often chosen in classi�cation of imbalanced classes, to ensure that

the train and test sets have approximately the same percentage of samples of each

target class as the complete set. In the holdout method, points are randomly assigned

to two sets (a training and test set). More details on these methods can be found

in [106].

There are various metrics to evaluate model performance. These are given in Eq.

2.10.

Accuracy =
TP + TN

TP + TN + FP + FN

Recall =
TP

TP + FN

Precision =
TP

TP + FP

Specif icity =
TN

TN + FP

F 1 = 2
Precision _Recall

P recision + Recall

(2.10)
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Where TP is the number of True Positives (when the component was predicted as

healthy and it was in fact healthy), FN is the False Negatives (when the model predicted

unhealthy and it was in fact healthy), TN is True Negative (predicted as unhealthy and

actually unhealthy) and FP is False Positive (FP, when the model predicted healthy

and the instance was unhealthy).

The validity of the regression-based models can be expressed through various met-

rics. Some of them are the Mean Absolute Error (MAE), Root Mean Squared Error

(RMSE) and the coe�cient of determination R2 which are shown in Eq 2.11.

MAE =
1
N

NX

i =1

jyi � x i j

RMSE =

r
1
N

(yi � x i )2

R2 = 1 �
P N

i =1 (yi � x i )2

P N
i =1 (yi � �y)2

(2.11)

Where N is the number of data points, y is the actual output and x is the predicted

output.

In clustering analysis validation provides a metric to the data partitioning quality.

A comprehensive survey can be found in [107]. A few of them are given in Eq 2.12.

Silhouette =
B i � A i

max(B i ; A i )

Calinski-Harabasz =
SSB

SSw

N � k
k � 1

(2.12)

The silhouette value for each point is a measure of how similar that point is to

points in its own cluster, when compared to points in other clusters,whereA i is the

average distance from the ith point to the other points in the same cluster as i, and

B i is the minimum average distance from the ith point to points in a di�erent cluster,

minimized over clusters.

The silhouette value ranges from 1 to 1. A high silhouette value indicates that

i is well matched to its own cluster, and poorly matched to other clusters. If most

points have a high silhouette value, then the clustering solution is appropriate. If many

points have a low or negative silhouette value, then the clustering solution might have
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too many or too few clusters. Silhouette values can be used as clustering evaluation

criterion with any distance metric.

The Calinski-Harabasz criterion is sometimes called the variance ratio criterion.

where SSB is the overall between-cluster variance,SSW is the overall within-cluster

variance,k is the number of clusters, andN is the number of observations. Well-de�ned

clusters have a large between-cluster variance and a small within-cluster variance. The

larger the ratio, the better the data partition.

2.4.5 Models Used in the Thesis

The previous section presented some of commonly used available methods for training

machine learning models. Most of those are utilised throughout the thesis for both su-

pervised and unsupervised learning. Algorithms used include SVMs, Random Forests,

Neural Networks and Self-Organising Maps.

2.4.6 Analysing SCADA Data

SCADA systems have been widely used in wind turbine condition monitoring applica-

tions, because they are already installed in most machines and therefore o�ers a cost

e�ective diagnostic solution. Due to this, using SCADA data for failure detection has

been extensively researched in the literature using a variety of approaches. A com-

prehensive, recent review on the use of SCADA data in condition monitoring of wind

turbines is given by [108]. The review splits the approaches using SCADA data for

fault detection into three main categories; trending, clustering, and normal behaviour

modelling.

Trending using principal component analysis with an auto-associative neural net-

work can be used to train normal operation data and the principal components produced

are evaluated through statistic model variations [109]. A technique using correlations

among relevant SCADA data is investigated in [14]. The relationship between gearbox

temperature, power output and e�ciency are derived using the �rst law of thermody-

namics in [110], [111]. It is shown that temperature trend rises, while the e�ciency

drops months before a planetary gear failure. Clustering on SCADA data has been
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performed by [112] and [109] using ANN self organising maps, because of their abil-

ity to represent and visualise large datasets. The �rst proposed a method that trains

only normal operational data and calculates the distance between new input data and

the best matching neuron for abnormality detection, whereas the second uses di�erent

failure categories as clusters. Both trending and clustering have limitations in online

monitoring because of the di�culty in interpreting the results and changes in data.

Normal behaviour models have been used in various condition monitoring applica-

tions. Anomalies have been detected from normal operation in gas turbines [113] and

transformers [114]. The main principle of this method is to model a measured parame-

ter using operational examples. Then the residual of the measured minus the modeled

signal may indicate a fault, if the deviation between the modeled and the measured sig-

nal increases. Normal behaviour models have been introduced in SCADA data analysis

using either linear and polynomial approaches or ANNs. ANNs are suitable for SCADA

data because of their ability to capture non-linear relationships between observations,

as shown in [115] and [15] for gearbox bearing and cooling models. The advantages

of ANNss over linear models are demonstrated in [116] through bearing damages in

o�shore wind turbines. A model of the main bearing temperature using ANN is devel-

oped in [117], and it is shown that signi�cant indications of fault are apparent three

months before the turbine stopped due to overheating. [118] tested ANN con�gurations

with di�erent number of neurons and activation functions in order to detect a bearing

fault using high frequency SCADA data. A self evolving ANN has been proposed to

automatically update monitoring and prognostic models in [119], [120].

Other research includes a methodology classifying and predicting turbine faults

using real wind turbine SCADA data in [121].Time-sequence and probability-based

methods are proposed for SCADA alarm analysis in [122]. A non-linear state estima-

tion technique model to model a healthy wind turbine gearbox using historical data

is presented in [123]. This methodology uses a memory matrix and a weigting vector

to model each operational state and a hypothesis test for anomaly detection. SCADA

data used in industry consist of mainly 10 minute average values, however the bene�ts

of high frequency data for performance monitoring are discussed and presented in [124].
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2.4.7 Analysing Vibration Data

Vibration analysis in the context of the present work requires the installation of accel-

eration transducers on the gearbox surface, which o�ers sensitivity in fault discovery.

In order to analyse vibration signals, their nature and fault signature needs to be

understood. A local gear defect, like a crack, can a�ect the gear mesh sti�ness and

the dynamic properties of the whole gearbox (a pitting fault propagation model can

be found in [125]). This changes the vibration signal, which is re
ected in amplitude

and frequency modulation as shown in [126]. A model for fault diagnosis of planetary

gearboxes considering the modulation e�ects and the vibration transfer path is given

in [127]. Sideband patterns in planet gears are explained in [128] and results are

evaluated in a dynamometer test bed. A general model for faulty rolling element

bearing vibration signals can be found in [129]. A dynamic model of the wind turbine

planetary drivetrain is used to determine the vibration signatures of the planet bearing

inner and outer race defects in [130].

Diagnosis of gearboxes through vibration signals can be performed using time, fre-

quency or time-frequency methods [45].

Time domain analysis is based on the time waveform. Time domain analysis meth-

ods include mainly calculation on descriptive statistics broadband analysis methods,

so the monitored parameters are peak, root mean square (RMS), crest factor , peak-

to-peak interval, mean, standard deviation, skewness, and kurtosis. Successful results

for the RMS indicator are presented in [131], but the signals were sampled at constant

position intervals in a lab experiment. Simply monitoring those parameters in the time

domain has not shown that successful results in real wind turbine variable speed sig-

nals that contain noise, that's why another popular time domain method for rotating

machinery called Time Synchronous Averaging (TSA) has been used [132].

Frequency domain analysis is based on the transformed signal in the frequency

domain, which makes it easier for speci�c frequency components of interest to be iden-

ti�ed. The most common practice is spectrum analysis using Fast Fourier Transform.

Spectrum analysis either looks at the whole spectrum or at certain frequency compo-

nents and extracts features. The power spectrum is broadly used in spectrum analysis.
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Traditional frequency domain analysis through Fast Fourier Transform can sometimes

be insu�cient for the analysis of bearing faults. One of the primary studies on bearing

diagnostics found that bearing fault signals are found in the high frequency region of

resonances excited by internal impacts [133]. That is the reason why the analysis of

envelope signals reveals more diagnostic information than the analysis of raw signals,

since the signal is bandpass �ltered in a high frequency band where the fault impulses

are ampli�ed by structural resonances [134]. A comprehensive explanation of envelope

analysis for bearings is given in [135]. Furthermore, other spectra have been developed

like the cepstrum [136], which is capable of detecting harmonics and sideband patterns

in the power spectrum.

Time-frequency domain methods have been proposed in order to handle non-stationary

signals, which are often common in machinery faults. In time-frequency analysis the

signal power or energy is represented in two dimensions of both time and frequency. The

most popular ones are Short-Time Fourier Transform [137] and Wigner-Viller distribu-

tion. Another widely used method, which instead of a time frequency representation is

based on time-scale representation of signal, is wavelet transform [138], [139].

Di�erent vibration analysis methods regarding wind turbine gearboxes are evalu-

ated and presented in [140]. To understand the dynamic responses of wind turbine

gearboxes under di�erent loading conditions, two identical gearboxes are tested. One

was tested on a dynamometer and the other was �rst tested in the dynamometer, and

then �eld tested in a turbine in a nearby wind plant. In the �eld, the test gearbox

experienced two oil loss events that resulted in damage to its internal bearings and

gears. 12 accelerometers are installed close to the various stages of 2 gearboxes. A

single vibration measurement (collection of signal only at 1 timestamp for 10 minutes

at 40kHz) from only 1 operating condition for each sensor of the healthy gearbox is

collected. For the damaged gearbox, single vibration measurements of 3 operating con-

ditions of faulty samples is presented. The faulty samples include damaged gears and

bearings throughout the gearbox. The project involved the analysis of the collected

vibration data by several independent research partners and conclusions were drawn

from the comparison of their analysis results. However, the single measurements of

47



Chapter 2. Literature Review

the signals can be a limitation to generalise those conclusions. Condition indicators

for vibrations are summarised in [141]. TSA is commonly used in gearbox diagnostics

and applications in wind industry can be found in [142], [143]. TSA algorithm was

evaluated on gearbox experiments in [142] but did not show very promising results

when applied to a real wind turbine planetary gear in [143]. Sideband energy ratio is a

simple method that can detect amplitude and frequency modulation in the spectrum,

indicating the gear's health condition and has been successfully demonstrated [144]. A

similar technique is sideband power factor presented in [145]. Cepstrum analysis on

gearbox fault diagnosis, indicating families of sidebands that are caused by modulation

when a fault occurs [146].

Spectral Kurtosis (SK) [147] is a valuable tool for extracting transients buried in

noise and locating the frequency bands with a high amount of impulsiveness, while

at the same time it �lters the signal to maximise that impulsiveness. Applications

of the spectral kurtosis can be found in [148], [149]. A ring gear fault on a wind

turbine planetary gearbox is detected using SK in [143] and the results seem to be

much more promising compared to TSA. A comprehensive tutorial on rolling element

bearing diagnostics using SK is given in [150]. An alternative time frequency method

is multi scale enveloping spectrogram using various scales for wavelet transforms, and

an application of this on roller bearings is given in [151]. The underlying periodicities

in vibration signals can sometimes better be described by cyclostationarity which can

be analysed through spectral correlation [152]. The spectral correlation algorithm has

been made more computationally e�cient in the work presented by Antoni [153]. An

application of cyclostationary process in early gear teeth spalling on a test bench can

be found in [154].

SK has been optimised for rolling element bearings using autoregressive (AR) mod-

els [155], complex Morlet wavelets [155] and the Kurtogram [147]. SK in high speed

machines can be enhanced through minimum entropy deconvolution, which e�ectively

deconvolves the e�ect of the transmission path and clari�es the impulses, even where

they are not separated in the original signal, as presented in [156]. Signal to noise ratio

is improved through linear prediction and self adaptive noise cancellation, while spec-
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tral kurtosis is used to identify the frequency band with the high level of impulsiveness

in [157].

A local mean decomposition method is used to decompose the multi-component

amplitude-modulated and frequency-modulated signal into a number of product func-

tions and extracts the fault information from these functions through multi-scale per-

mutation entropy. Fault diagnosis is then conducted using improved support vector

machines based on binary trees in [158]. Empirical Mode Decomposition (EMD) is

a valuable time-frequency tool, especially for the non-stationary vibration signals of

wind turbines. An application of EMD on a wind turbine gearbox gear pitting fault is

presented in [159]. EMD combined with energy separation can provide a framework for

detecting planetary gearbox faults, as presented in [160]. Ensemble EMD and singular

value decomposition are both used and presented in [161]. Time and frequency features

are combined and a high-dimensional hybrid-domain feature vector is created, so the

state of the bearing is assessed through relative compensation distance.

An initial application of wavelets to gearbox diagnostics is described in [162]. The

use of discrete wavelet transform for noise cancellation and continuous wavelet trans-

form for condition monitoring and fault diagnosis in wind turbines is demonstrated

in [163]. A continuous Morlet wavelet transform is used to �lter out noise in vibra-

tion signals and Wiegner-Ville distribution is used as a time-frequency analysis method

in [164] and its e�ciency is applied and tested on an experimental wind turbine gear.

Adaptive optimal kernel time-frequency analysis is demonstrated on wind turbine lab

experimental non-stationary signals from both local and a distributed faults on gears

in [165].

Multi fault detection using o�ine analysis of vibration signals coming from wind

turbine gearboxes is investigated in [166]. For this purpose, conventional methods such

as Hilbert transform, cepstrum analysis and multi-scale enveloping spectrogram are

used to reveal faults in gears and bearings.
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2.5 Closing the literature gap

There has been plenty of research interest in wind turbine gearbox condition monitoring.

The present thesis will try to close the gap of the lack of an integrated wind turbine

gearbox fault detection and diagnostic framework using arti�cial intelligence and a large

population of real wind turbine operational data.

This thesis initially performs reliability analysis of o�shore wind turbine drivetrains,

giving some valuable information on failure rates of wind turbine drivetrain components,

shown in Chapter 3. Then, in Chapter 4 a planet bearing gearbox fault is analysed

using SCADA data and various temperature monitoring methods that were discussed in

this Chapter, such as normal behaviour modelling. Chapter 5 analyses vibration signals

and compares various signal processing methods for gear and bearing fault detection. A

feature extraction approach is proposed and those features as used as inputs in pattern

recognition models that perform anomaly detection, fault isolation and diagnosis, These

models are applied in wind turbine units and the whole wind turbine 
eet in 6. Machine

learning models that were discussed in this chapter are used, such as SVMs and SOMs.

The proposed methodology will aid in gaining a better insight into various sources

of data coming from wind turbine gearboxes, explore and compare various analysis

methods in terms of signal processing and machine learning. The results can be used

in understanding gearbox failures and how incipient faults can be detected.
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Reliability of Wind Turbine

Drivetrain Components

3.1 Chapter Contribution

The reliability of wind turbines is one of the most critical drivers of the O&M costs

for wind energy, therefore it is important to gain a better understanding of turbine

reliability. A review on reliability and its impact on cost of energy for wind is given

in [167]. Reliability is de�ned in [168] as the probability that a product or a system

will perform its intended functions satisfactorily (i.e., without failure and within spec-

i�ed performance limits) for a speci�ed length of time, when operating under speci�ed

environmental and usage conditions. As described in Chapter 2, in the context of wind

energy, reliability describes the wind turbine's ability to produce energy whenever the

wind speed is higher than the wind turbine's cut-in speed and lower the wind turbine's

cut-out speed throughout its design life.

It is discussed in almost all the literature reviewed in Section 2.2 that there is not

enough data in the public domain for conducting reliability analysis of wind turbines.

Most existing reliability studies have focused on onshore, especially for older turbines

with low power ratings. As multi MW wind turbines are increasingly being installed

o�shore, reliability and failure rate analysis is becoming even more crucial due to lack

of accessibility. When it comes to critical sub-assemblies , such as the gearbox, that
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consist of multiple components it is important to understand failure rates and failure

modes for di�erent turbine con�gurations and drivetrain types. It is discussed in [167]

that the wind turbine sub-assemblies that are more critical in terms of downtime are

gearbox and generator, which can reach up to more than 300 hours per year.

There is thus an opportunity to carry out novel research through the analysis of a

large o�shore population of multi MW turbines with di�erent wind turbine types in

terms of drivetrain failure rates. This chapter aims to answer the following research

question:

\What are the most critical failure rates and failure modes of modern multi MW

wind turbine gearbox components?"

The contributions of the chapter are as follows:

1. Perform failure rate analysis of o�shore wind turbine drivetrain sub-assemblies

2. Present failure rates from multi MW (more than 5MW) wind turbines

3. Present both geared and direct drive machine failure rates

4. Further analyse failure modes from top failure rates

3.2 Failure Rates and Failure Rate Categories

Failure is de�ned in di�erent ways in the literature. [169] and [34] have stated that there

is no standard format for de�ning failure rates. The de�nition is often in
uenced by

the extent of data available to the analyst. For example, some papers can include the

amount of downtime in their failure de�nitions and some cannot, depending on data

availability. In [18] a failure is de�ned as the termination of the ability of an item to

perform a required function. However the de�nition provided in [21] includes downtime

in its de�nition and a failure is de�ned as the stoppage of a turbine for one or more

hours that requires at least a manual restart to return it to operation.

In the analysis carried out in the following sections a failure is de�ned as failure

of an equipment unit that compromises one or several functions, according to ISO

14224 [170]. A failure can be critical or degraded. Critical failures require immediate
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action towards cessation of performing the function, even though actual operation can

continue for a short period of time. A critical failure results in an unscheduled repair.

Degraded failures can be gradual, partial or both. The function can be compromised

by reduced or erratic outputs. An immediate repair can normally be delayed but, in

time, such failures can develop into a critical failure if corrective actions are not taken.

The present study provides failure rates in a per turbine per year format, as it has

been already been widely used in the literature [34], [171]. The formula used is given

in Eq. (3.1).

� =

P I
i =1

P K
k=1

n i;k
N iP I

i =1
Ti

8760

(3.1)

Where � is failure rate per turbine per year, I is the number of intervals for which

data are collected,K is the number of sub-assemblies,ni;l is the number of failuresN i

is the number of turbines and Ti is the total time period in hours.

Reference [172] provides an overview of other terms used in wind turbine reliability

papers. It states that 1=� is the mean time to failure (MTTF). The repair rate is the

transition rate from the failed to operational state and is represented by� . 1=� is the

mean time to repair (MTTR). The mean time between failures (MTBF) is the sum of

the MTTR and MTTF.

The Weibull distribution is widely used in reliability and life data analysis due to its

versatility. Depending on the values of the parameters, the Weibull distribution can be

used to model a variety of life behaviours. The shape parameter� is quite important

in this. Di�erent values of the shape parameter can have e�ects on the behaviour

of the distribution, by causing the distribution equations to reduce to those of other

distributions. For example, when � = 1, the pdf of the three-parameter Weibull reduces

to that of the two-parameter exponential distribution.

f (t) =
�
�

t
�

� � 1
e� t

�
�

(3.2)

Where � is the shape parameter,� is the scale parameter that has the dimensions

of time and t is time.

A wind turbine is considered a repairable system, which means it can usually be
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returned to operation after a failure by some repair process other than complete system

replacement. Minimal repair is often assumed with wind turbines, returning the wind

turbine back to the condition it was in before failure [173].

Most models for repairable systems have the forms of non-homogenous Poisson

processes, like the famous Crow-AMSAA model [174] which uses power law function,

and bounded intensity process model [175] which uses bounded exponential function.

The functional form of Crow-AMSAA model is given in Eq. (3.3).

� (t) =
�
�

t
�

� � 1
(3.3)

Where � is the failure rate, � is the scale parameter,� is the shape parameter and

t is time.

Many mathematical concepts apply to reliability engineering, particularly from the

areas of probability and statistics. The Weibull distribution is considered one of the

most applicable ones for reliability engineering when evaluating the reliability and fail-

ure characteristics of a machine. A mixed Weibull distribution with one sub-population

with � < 1, one sub-population with � = 1 and one sub-population with � > 1 would

have a failure rate plot that is identical to the bathtub curve and describes the reliability

of a repairable system. Figure 3.1 shows the e�ect of shape parameters in failure rate

distributions. Any shape parameter below 1 demonstrates a reliability improvement

with time, above 1 shows a decline in reliability with time and a shape parameter of 1

shows a steady failure rate. These shape parameters are evident in the bathtub curve.

The bathtub curve is a form of hazard function and is a way to model data distribution

in survival analysis, also called instantaneous failure rate.

The �rst part of the curve is a decreasing failure rate, known as early failures, the

second part is a constant failure rate, known as intrinsic failures and third part is an

increasing failure rate, known as deterioration.

As mentioned, it is � that determines which stage of the bathtub curve the failure

trend follows. The early failures and deterioration section are a special case non-

homogenous Poisson process and can be represented by the power law process. When

� < 1, the failure intensity decreases with time and hence the model describes a reli-
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Figure 3.1: Bathtub curve and failure rates [8]

ability improvement situation. When � > 1, the failure intensity increases with time

and so the model can be used to the situations in which a reliability deterioration is

observed. When� = 1 in this equation the process becomes a homogenous poisson

process meaning that the failures are random and can be represented with an average

failure rate.

The two failure rate categories in this analysis are based on whether a component

or a sub-assembly was replaced or not. In case of a replacement, the whole gearbox, a

stage or just a gear/bearing may have been exchanged for a new one. If a replacement

did not occur it is still considered as a failure if the equipment unit's functions are still

compromised, as de�ned previously in this section.

3.3 Population

In the database analysed, there are alarms from the condition monitoring system of

o�shore wind turbine drivetrains. The population analysed in this study consists of ~

1200 o�shore wind turbines from over 20 o�shore wind farms. There are 8 di�erent

turbine models analysed. The number of failures analysed in total is 1044. For con�-

dentiality reasons the exact nominal power, blade size or drive train con�guration of

the turbine type used in this analysis cannot be provided. However it can be stated

that they are all modern multi MW scale turbine, ranging from 2 to 10MW. The drive

train types also vary and include high speed machines, medium speed machines and

direct drive machines (type C, E and D as described in 2.1).
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Figure 3.2: Operating years of analysed population

The years of installation of the analysed population are shown in Figure 3.2. It

can be observed that almost 70% of the turbines is installed for more than 5 years. It

should be noted that all wind farms are operating for at least a year.

Since the population includes di�erent turbine models and sizes, a breakdown of

these is presented in Figure 3.3. Around 25% of the population is rated at more than

5MW.

Finally, the di�erent drivetrain types are shown in Figure 3.4. Almost 80% consists

of geared machines, which is representative of the current state of the market since

manufacturers are just starting to introduce direct drive and low speed generators

o�shore. The geared machines have up to 3 stages, which can be either 1 planetary

and 2 parallel stages or 2 planetary and 1 parallel stage. The generator types include

both asynchronous and synchronous permanent magnet con�gurations.

3.4 Component Failure Rates

The main drivetrain parts are the main bearing, the gearbox and the generator. The

various drivetrain components along with their associated drivetrain parts are shown

in Table 3.1.
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Figure 3.3: Power rating of analysed population

Figure 3.4: Drivetrain con�guration of analysed population
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Drivetrain Component Drivetrain Location
HS bearings

Gearbox

HS pinion-wheel
HS stage/shaft
IMS bearings
IMS pinion-wheel
IMS stage/shaft
Planet bearings
Ring gear
Sun pinion-wheel
Planet stage/shaft
Planet wheel
Idle pump
Generator bearings Generator
Main bearings Main bearing

Table 3.1: List of drievtrain components and corresponding locations

The failure rates of the various drivetrain components for the whole population of

turbines is shown in Figure 3.5. It can be observed that the top fault locations for

the population analysed are gearbox high speed bearings, generator bearings and main

bearings.

Figure 3.5: Failure rates for drivetrain fault locations

The total failure rate of the gearbox is calculated to be around 0.21 failures per

turbine per year. This is close to the mean gearbox failure rate, within the range given
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in [167], where all currently existing wind turbine reliability datasets are compared.

Nevertheless, the weighted average failure rate for o�shore turbines is more than 0.5

in [167]. This indicates that there can be some discrepancy between di�erent reliability

studies, depending on location, wind turbine type and power rating. Wind turbine

gearboxes do not have as high failure rates as other sub-assemblies, such as pitch

system which can reach to more than 1 failure per turbine per year. However, they are

very critical in terms of downtime.

3.5 Failure Rate by Operational Year

The component failure rates with time are examined in [173]. The deterioration phase

dominates the results for the gearbox, which is justi�ed by the fact that the gearbox is a

sub-assembly of mature technology for which no real development can be implemented

once installed. The Power Law Process model could not be implemented on the gearbox

reliability data in [173] due to the rejection of the goodness-of-�t test for any aggregation

of the failure data and the lack of a su�cient number of failures. On the contrary, in

the case of the generator the intensity of failures is either improving or constant. The

di�erence in trend between gearbox and generator is explained due to the di�erence in

maturity of technology. Designers and operators have made evident e�orts to improve

the reliability of the wind turbine generators compared to gearboxes.

Figure 3.6 shows the drivetrain failure rate per operational year of the turbine

population. A high number of failure rates occurs around the 4th year of operation,

which agrees with what is presented in another o�shore wind turbine study [3]. That

spike could be attributed to end fo warranty reasons. However, it should be noted that

that the population of turbines analysed with over 15 years is smaller than the overall

population with turbines only coming from 2 wind farms. By that point the assets have

not reached deterioration state.
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Figure 3.7: Weibull distribution of failures over time

Figure 3.6: Failure rates by operational year

Based on the analysed data, a Weibull distribution is �t, which is shown in Figure

3.7. The scale parameter is 6.73 and the shape parameter is 1.69.

3.6 Failure Modes

A failure mode is de�ned as the e�ect by which a failure is observed on the failed

item [170]. The failure modes of the drive train components that fail the most, gearbox
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high speed bearings and generator bearings, are shown in Figures 3.8, 3.9. Both for

gearbox high speed bearings and for generator bearings, outer race defects is the failure

mode that contributes most to faults. Inner race defects follow, whereas rolling element

defects are not encountered that often. It should be noted that these results are related

to geared wind turbines.

Figure 3.8: High speed bearings failure modes

Figure 3.9: Generator bearings failure modes
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3.7 Failure Rates by Turbine Size

The failure rates based on turbine size are shown in Figures 3.10, 3.11. For turbines

with power rating > 5MW generator bearings are the major failure contributor, followed

by planet wheels and main bearings. Turbines rated lower than 5MW fail mainly due

to gearbox high speed and generator bearings.

Figure 3.10: Failure rates for turbines rates> 5MW

Figure 3.11: Failure rates for turbines rates< =5MW

62



Chapter 3. Reliability of Wind Turbine Drivetrain Components

3.8 Failure Rates by Turbine Con�guration

Failure rates are further analysed in this section based on drivetrain con�guration.

Overall failure rates depending on drivetrain types are shown in Figure 3.12. Geared

turbines have higher failure rates, however it should be highlighted that the analysed

population consists mainly from geared turbines, whereas there are not a lot of opera-

tional data from direct drive turbines.

The geared turbines' failure rates are shown in Figure 3.13 and resemble the overall

failure rates. It should be pointed out that the direct drive failure rates available

consist only from mechanical ones, so only main bearing failure rates are recorded in

this database. This is shown in Figure 3.14.

Figure 3.12: Failure rates based on drivetrain type
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Figure 3.13: Geared turbines failure rates

Figure 3.14: Direct drive turbines failure rates

3.9 Replacement categories

In this section, the various replacement categories are further analysed. The replace-

ment categories are further broken down into full gearbox replacement or just a sub-

assembly replacement. The third category is just an inspection or repair. It can be seen

in Figure 3.15 that the majority of maintenance actions are sub-assembly replacements,
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followed by repairs.

Figure 3.15: Gearbox replacements

Since full gearbox replacements are the most signi�cant in terms of cost, a break-

down of the sub-assemblies that cause the most gearbox replacements are shown in

Figure 3.16. Most gearbox replacements happen due to faults in the planetary stage,

especially in the planet bearings. This is expected, since planet fault replacement

require complete disassembly of the gearbox.

Figure 3.16: Fault locations for replaced gearboxes
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3.10 Conclusions

In the current chapter, the reliability of wind turbine drivetrains is studied through a

large population of o�shore wind turbine failure data. The top fault locations in the

populations analysed are high speed bearings and generator bearings. The top failure

modes for bearings are outer race defects. Also, it is observed that the failure rate is

high in the �rst operational years and with a higher rate around year 4, which does not

strictly follow the bathtub curve.

In terms of turbine size most failures in turbines rated higher than 5MW occur in

generator bearings. Geared and gearless machines also exhibit di�erences, as expected.

The main source of mechanical failures for direct drive machines are main bearings.

High speed bearings seem to be a critical component in wind turbine drivetrains,

which is in accordance with previous studies [6].

It should be emphasized, that as discussed in [167], failure rates between di�erent

datasets can have some discrepancy, depending on the volume of data, location, power

rating and turbine con�guration.

The results of this chapter give strong indication on how integrated CBM strategies

should be designed. However, a systematic failure mode e�ect and criticality analysis

and risk analysis should also be performed in combination in order to generate the

highest value from CBM.
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Chapter 4

On the Use of SCADA Data for

Wind Turbine Gearbox Failure

Prediction

4.1 Chapter Contribution

SCADA systems have proven to be an e�ective way for wind turbine condition moni-

toring. Based on the literature as analysed in Chapter 2, faults can be detected using

SCADA. However, there is not so much information available on the temperature be-

haviour at various stages of the gearbox and how it can develop in di�erent wind

turbines leading up to a component catastrophic failure. Real failure example infor-

mation is rarely available which makes it challenging to compare and validate models.

This chapter aims to answer the following research question:

\Can SCADA systems be used for wind turbine gearbox fault detection and isola-

tion?"

The contributions of the chapter are as follows:

1. Give an insight into the temperatures inside the gearbox, both for normal oper-

ation and operation close to a catastrophic gearbox failure.

2. Demonstrate various data analysis methods for wind turbine gearbox failure pre-
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diction using SCADA

3. Develop both an individual and a global normal behaviour model based on a large

population of turbines.

4. Propose a framework for early incipient fault detection and validate it against

both onshore and o�shore wind turbines.

All models are tested and validated against real wind turbine data from operating wind

turbines with respect to a planet bearing failure. Planet bearings may not have the

highest failure rate out of the whole drivetrain, but they are accounted for the most

gearbox replacements, as shown in Figure 3.16.

4.2 Data Pre-processing

In order to remove outliers, values that are more than three scaled median absolute

deviations away from the median of each sensor are discarded. Furthermore, full cur-

tailment events are not included in the modelling process, so data points that have

wind speed more than cut-in and power equal or less than zero are removed. Curtail-

ment is a reduction in the output of a generator from what it could otherwise produce

given available resources, typically on an involuntary basis [176]. However, there is not

any further curtailment/de-rating strategy information provided, which could a�ect

the modeling results. Data points where maximum wind speed has reached more than

the cut-out wind speed (around 25 m/s) are also �ltered out because beyond this wind

speed the turbine is stopped. These points will not �t any pattern, thus cannot be

taught to the model. Finally, standardisation is perfomed using zscore.

The cluster �lter is applied on the training data and aims to remove outliers de-

pending on the operating conditions of the wind turbine. A simple threshold does not

take into account the nonlinear operational characteristics of the system. A multi-

variate outlier detection approach based on Mahalanobis distance is used in [177]. A

similar approach is extended and used in [178], by dividing the data based on oper-

ating power and temperatures ranges. This paper utilizes agglomerative hierarchical
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clustering [179]. Essentially, the distance between every pair of objects in a data set is

computed. This information is then used in the linkage function which determines how

the objects in the data set should be grouped into clusters that form a binary hierar-

chical cluster tree. The distance in this paper is calculated in the Euclidean space and

the inner squared distance is computed using Ward's algorithm.

The distance is calculated for each data vector in the training data set from its

cluster centre. The Mahalanobis distance values can be estimated by a loglogistic

distribution as elaborated in [178] and data below the probability threshold of 2.5% are

�ltered out. The distribution of the Mahalanobis distance values of the training data

set for an operating wind turbine is shown in Figure 4.1. It can be observed that the

values can be estimated by a loglogistic probability distribution function.

A probability threshold of 2.5% is chosen. The cluster �lter is used only on the

training data set, and therefore false alarms due to curtailment could occur in the

implementation stage. It is suggested that the condition monitoring process is blocked

during power curtailment, which is available in most modern SCADA system logs. This

information was not available in this case study though.

Figure 4.1: The histogram and probability density function �t for Mahalanobis distance
values of data vectors from its cluster centre.

The power curve before and after pre-processing is shown in Figure 4.2.
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Figure 4.2: Power curve of wind turbine 1 before and after data pre-processing.

4.3 Trending

Wind turbines operate under variable conditions and trends are not always easily in-

terpretable, since a change in the value of a SCADA parameter is accordingly not

necessarily evidence for a fault. However, it's still a very straightforward way of moni-

toring the condition of assets, therefore quite a few studies have used trending to detect

early signs of degradation. One simple way is to monitor the change of ratios of SCADA

parameters and how they change over time.

The proposed condition monitoring strategy is based on [14]. The correlation of

SCADA data variables is modeled using a polynomial equation. The coe�ents of

the model for the historic data and the tested data are calculated and a criterion

is established based on the di�erence between the historic model and the calculated

relationship in the new acquired data whose condition is being monitored.

Let x; y be two SCADA variables. Their relationship can be modeled based on Eq

4.1.

yi = a0 + a1x i + a2x2
i + :::akxk

i (4.1)

Where i is the number of samples of SCADA variables andk is the order of the equation.

The coe�cient matrix can be calculated based on least squares
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A = ( X T X ) � 1X T Y (4.2)
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The condition monitoring criterion can therefore be established by Eq 4.3.

c =

Rxmax
xmin

�
�
�
P k

j =0 (aj � bj )x j dx
�
�
�

xmax � xmin
(4.3)

4.4 Clustering

In order to automate the classi�cation between normal and abnormal operations, clus-

tering have been used for CM using SCADA.

This can be achieved using Principal Component Analysis (PCA) and manual inter-

pretation of the reduced dimension of results. Semi-supervised methods like one-class

SVMs can be applied on the data and the outliers are classi�ed as anomalies as de-

scribed in Chapter 2.

Another method commonly applied in the literature is Self Organising Maps, where

a useful visualisation can be achieved and information can be represented. The condi-

tion of the healthy turbine can be represented on the map. When new data points are

acquired, the distance of time series data points from the centers of the Self Organising

Map can indicate the evolution of fault. For example, the Euclidean distance between

the input vector and its cluster center can be used as the health indicator that repre-

sents the extent of similarity between present condition and baseline 4.4. This is called

Minimum Quantisation Error (MQE).

MQE =
q

e2
1 + e2

2 + ::: + e2
n (4.4)

Where n is the number of features ande the Euclidean distance between each feature
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and the centre.

4.5 Normal Behaviour Modelling

It has been discussed in the literature that gearbox fault detection -assuming that a

gearbox fault is re
ected in the SCADA data somehow- is a multivariate problem that

does not depend on clear temperature trends, but on trends with respect to other

variables in the system. Consequently, normal behaviour modeling has been widely

used for SCADA data analysis and failure prediction. This is achieved using regression

based methods.

Models can either be parametric (e.g. polynomial curve) or non-parametric (e.g.

ANNs). ANNs are one of the algorithms that have shown most promising results. ANNs

have the ability to model complex relationships by �nding patterns between inputs and

outputs. That's what makes them so useful for models using SCADA parameters, since

the relationships between the variables can be nonlinear.

4.5.1 Neural Network Model Training

The weights are �rstly set using random initialisation. The input values are propagated

through the network and the error between the calculated output and the desired out-

put is fed back to the network. The weights and biases of the network are tuned to

optimize network performance. The network performance function used is the mean

squared error. The Levenberg-Marquardt back propagation training algorithm is cho-

sen. This optimisation algorithm has the combined advantage of Newtons method,

which converges rapidly and Gradient descent method, which is assured to converge.

Generalisation of the network is improved using regularisation, therefore by adding a

term that consists of the mean of the sum of squares of the network weights and biases.

One of the problems that occur during neural network training is called over�tting.

The error on the training set is driven to a very small value, but when new data is

presented to the network the error is large. Balancing bias and variance helps in avoid-

ing over�tting [180], [181]. Using this regularisation performance function causes the
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network to have smaller weights and biases, and this forces the network response to be

smoother and less likely to over�t.

An ANN of 1 layer is used, which is the most common shallow structures. The

hyperparameters chosen to be optimised are the number of neurons, and the learning

rate. The ranges of the hyperparameters to be used as input in the Bayesian optimiser

are chosen within ranges as suggested in [182]. The optimal regularisation parameters

are found using the Bayesian framework as described in [183], [184]. Holdout cross

validation of training and validation sets with a ratio 1/3 is used inside the objective

function. This method is explained in Section 2.4.4.

The models are trained using only the data furthest in time before the component

failure, which are labeled as \healthy" (for the case study presented periods are given

in Figure 4.4).

The \healthy" data is split randomly into 80% and 20%, with only the �rst subset

being used in the training and optimisation process as described in the previous para-

graph, and the rest is used to assess the model performance on unseen normal data.

Once the training process has been completed, the model is used to predict the rest of

the test subsets of the di�erent periods before the bearing failure. The error between

the modeled and the actual values is used as a metric of abnormality of the gearbox

operation.

4.5.2 Monitoring Framework

An anomaly detection condition monitoring framework that can detect incipient gear-

box failures is proposed in this section. The framework is based on the assumption

that in case of abnormal behaviour, the normal behaviour model prediction output will

di�er quite signi�cantly from the measured signal. Therefore, the errors will increase.

An extensive review of anomaly detection methods is given in [185]. There exist di�er-

ent techniques that can be grouped into classi�cation-based, nearest neighbor-based,

clustering-based and statistical. This study focuses on statistical techniques as sug-

gested in [186], because of the nature of the errors. Assuming that the error is de�ned

as the di�erence between the measured variable from the SCADA system and the pre-
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Figure 4.3: Normal Behaviour Modelling Framework

dicted ANN model, then in a successfully trained model the errors should be normally

distributed around zero.

The prediction error from the training phase is used to estimate the parameters

of the underlying statistical process, using a maximum likelihood estimator. These

parameters are used to set the thresholds for anomaly detection. The thresholds form

the upper and lower bounds of the normal range of the SCADA data. Instances that

have a low probability of being generated from the trained model, based on the applied

test statistic, are classi�ed as anomalies. The probabilistic assumption made is that

prediction errors which have a probability of being generated by the trained model

smaller than 0.01% are considered an anomaly, as suggested in [186]. The choice of

the probability in
uences the sensitivity of the system and can be adjusted if required,

depending on whether false alarms or misdiagnosis is more important to the operator.

In order to reduce variance, the normality thresholds are calculated based on 1 day

averages of the 10 minute resolution data. Figure 4.20b shows an example of the

boundary between normal and abnormal behavior, in terms of the probability density

function.

The process described is shown in Figure 4.3.
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4.6 Case Study

The aim of this case study is to �nd patterns at di�erent time periods prior to a gearbox

failure based on SCADA channels. There are available data from 199 turbines in 24

di�erent wind farms, both onshore and o�shore. They are the same turbine model

that failed from the same gearbox failure mode, which will be analysed in the following

paragraphs.

For 10 turbines there were continuous data from 18 months before failure until

within 1 month of failure occurrence.

For the rest of the 189 turbine the data provided is quite sparse; for every tur-

bine there are 10 min SCADA for 1 week for speci�c time periods with respect to a

component failure. Those speci�c time periods are:

� 18 months

� 1 year

� 6 months

� 3 months

� 2 months

� 1 month

Only about 1/4 of the turbines have data from 2 and 3 months before failure. Also,

for around 1/7 of the turbines there are no available data for more than a year before

failure. All turbines have available data for 1 year, 6 months and 1 month before failure.

The data acquired 18 months before failure will be labeled as \healthy", since this is

the data that is furthest away in time before the failure and based on some vibration

signals for a population of turbines, the gearbox seems to be in a normal operating

state. This subset of \healthy" data will be used in training the normal models in most

of the algorithms presented.

A structure of the data and the time periods used for each trained model are shown

in Figure 4.4.

75



Chapter 4. On the Use of SCADA Data for Wind Turbine Gearbox Failure Prediction

Figure 4.4: Data description for SCADA case studies

The gearbox examined has a structure commonly found in o�shore wind turbines,

where high step-up ratios and compactness are required. It consists of two planetary

stages and one parallel stage. The main shaft (hollow shaft) is connected to the planet

carrier of the second planetary stage and the high speed stage of the gearbox is coupled

to the generator. The ring gears of the planetary stages are �xed. The failure mode

studied occurs on a �rst planetary stage planet bearing. It starts on the inner race

way with debris eventually e�ecting the outer raceway. Experience has shown that this

type of failure mode can have quite a long period of initiation and propagation until

catastrophic failure- in the order of magnitude of months- which depends of course on

the operating and loading conditions of each turbine.

An indicative gearbox drawing is given in Figure 4.5.
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Figure 4.5: Gearbox high level drawing with bearing positions.

The gearbox sensors installed throughout the gearbox are given in Table 4.1. The

exact locations of the sensors has not been validated by the authors, but the sensor

names give an indication of their position in the gearbox. It seems that the temperature

sensors are mostly either measuring the high speed stage, the hollow shaft or the oil.

No sensor is installed in the planetary stage.

Sensor Name Variable Name
Gearbox Oil Temperature Bottom Level Tobl

Gearbox Oil Temperature Higher Level Tohl

High Speed Shaft Temperature Rotor End Thir

High Speed Shaft Temperature Generator End Thig

High Speed Shaft Temperature Middle Thim

Hollow Shaft Temperature Rotor End Thor

Hollow Shaft Temperature Generator End Thog

Nacelle Temperature Tnac

Ambient Temperature Tamb

Generator Speed Ngen

Rotor Speed N rot

Wind Speed Vwin

Electrical Power Pel

Table 4.1: List of gearbox SCADA sensors.
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4.6.1 Data Visualisation

In order to understand the di�erent variables of the system and build more informed

models, an insight to the system is given initially through visualisation. This will be

presented in this section.

Correlations between SCADA variables

In order to model the various variables, their relationships need to be understood.

Figures 4.6a-4.7d shows the correlations for the onshore and o�shore turbines for the

di�erent time periods before failure. The temperatures from the bearings on the same

shaft are highly correlated. The rotor speed has also a higher correlation with the oil

temperature closer to failure, probably due to the correlation of the 
ow rate with heat

extraction. It is interesting to notice that the ambient temperature is not correlated

with most of the temperatures inside the gearbox, probably due to the presence of

a cooling system. The rotor speed is expected to have a positive correlation with

the gearbox temperature, but that correlation seems to generally increase close to the

presence of a fault.

Most of the variables have uniform bell shaped or bimodal distributions. It's worth-

while pointing out that some temperatures seem to change distribution shape towards

failure, especially onshore. These are mainly the oil temperature at the bottom level

and the bearing temperatures closer to the generator end of the shafts.
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(a) Correlation plot (18 months before failure). (b) Correlation plot (1 year before failure).

(c) Correlation plot (6 months before failure). (d) Correlation plot (1 month before failure).

Figure 4.6: Correlation plots for onshore wind turbines
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(a) Correlation plot (18 months before failure). (b) Correlation plot (1 year before failure).

(c) Correlation plot (6 months before failure). (d) Correlation plot (1 month before failure).

Figure 4.7: Correlation plots for o�shore wind turbines
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Temperature Di�erence at Various Stages of the Gearbox

The temperature di�erence between the channels at various stages across the gearbox

are examined for the di�erent time periods before failure. Figures 4.8 and 4.9 show

the gearbox temperatures and their evolution with respect to time before failure for

onshore and o�shore wind turbines respectively. The hollow shaft temperatures seem

to be higher but with a smaller variation than the high speed shaft temperatures. The

oil temperatures are lower than the bearing temperatures for both onshore and o�shore

turbines.
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Figure 4.8: Boxplots of temperature variables, for di�erent time periods before failure
(onshore turbines).
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Figures 4.10a- 4.11d show the evolution of gearbox temperatures over time for

2 onshore and 2 o�shore turbines. A moving average �lter is applied to make the

parameter ranges more interpretable. The evolution is di�erent for each turbine which

means that it is hard to assume a common fault propagation behaviour for all of them.

The high speed shaft middle bearing temperature seems to be a�ected progressively

before failure in a few turbines.

(a) Nacelle temperatures, oil temper-
atures and temperatures in the hollow
shaft bearings (Turbine 1).

(b) Nacelle temperatures, oil temper-
atures and temperatures in the hollow
shaft bearings (Turbine 2).

(c) Nacelle temperatures, oil tempera-
tures and temperatures in the hollow
shaft bearings (Turbine 3).

(d) Nacelle temperatures, oil temper-
atures and temperatures in the hollow
shaft bearings (Turbine 4).

Figure 4.10: Gearbox temperature evolution leading up to a bearing failure for 4 dif-
ferent turbines
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