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Abstract

As the demand for wind energy grows worldwide, so is the need to minimise the Levelized Cost of Elec-
tricity of wind energy. Rotor imbalances like Pitch Misalignment, Mass Imbalance and Yaw Misalign-
ment commonly occur in the rotor and are often not detected on time, leading to increased component
wear and possible component failure, therefore increasing the running costs of the wind turbine and
downtime. The aim of this thesis is to investigate approaches to remotely detect and characterise rotor
imbalances based on the system’s dynamic responses to faulty operating conditions.

The methodology, derived from literature, involves modelling three cases of rotor imbalance — Pitch
Misalignment, Mass Imbalance and Yaw Misalignment — in a wind turbine simulation tool OpenFAST.
The models are simulated under different environmental conditions at three levels of fault severity and
healthy conditions. The environmental conditions vary across six wind speeds, three of which are
below rated and three are above rated. In addition, the simulated turbines are tested under steady and
turbulent wind conditions. A series of simulations is conducted for every combination of rotor imbalance
type, wind speed and fault level, under both steady and turbulent wind conditions. The output signals,
low speed shaft moments and forces in x, y and z directions, are later analysed in the frequency domain
by dividing the signals into 60 one-minute windows and performing a Fast Fourier Transform on each
window separately. The windows in the frequency domain are then averaged, and peak amplitudes
are extracted at 1P, 2P and 3P frequency. Finally, the peak amplitudes in cases with rotor imbalance
are compared to those of a turbine with a healthy rotor.

The results show different dynamic responses for each case of rotor imbalance, represented by an
absolute difference between healthy and faulty cases. For the case of pitch misalignment, significant
excitations of the 1P moment harmonics in y and z directions are observed, with peak amplitudes rang-
ing between 103 and 10* kNm, increasing with both wind speed and fault level. For the case of mass
imbalance, excitations at 1P force harmonics in y and z directions are observed, with peak amplitudes
ranging between 10° and 10! kN, increasing with fault level. Lastly, for the case of yaw misalignment,
excitations at 3P moment harmonics in y and z directions are observed, with peak amplitudes ranging
between 10° and 102 kNm, increasing with wind speed and fault level. Based on the results, a decision
tree is proposed which can be used to detect and characterise rotor imbalances present in the rotor,
based on the system’s dynamic responses.

The findings presented in this work show that remote fault detection and characterisation could be
feasible for the three cases of rotor imbalance investigated in this work. Further research can be done
to build upon the findings of this work to develop a more robust fault detection and characterisation
method, by investigating of other types and combinations of rotor faults for wind turbines of all sizes.
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Introduction

1.1. Overview

Climate change has been a rising issue in recent history, as greenhouse gas emissions have been
increasing due to human activity [1]. To tackle the problem, scientists are considering various methods
to reduce greenhouse emissions, one of which is renewable energy generation. Wind turbines (WTs)
have shown to be one of the most promising renewable energy generation methods, with its capacity
more than doubling since 2016, increasing to 1017 GW installed capacity worldwide in 2023 [2], as
shown in Figure 1.1.

Performance of a WT or a wind park can be measured by calculating the Levelized Cost of Electricity
(LCoE), which calculates the price of energy output as a function of investment cost (CAPEX), operation
and maintenance cost (O&M) and the WT'’s lifetime, where lower LCoE is desirable. The LCoE is
minimised by lowering CAPEX and O&M costs as much as possible, while trying to maximise the
turbine’s lifespan. WTs consist of many components that require large upfront investment, of which
blades are by far the most expensive, as they take up around 20% of the WT cost [3]. While investors
are prepared to spend large amounts on WTs and O&M, as both are accounted for in the calculation of
LCoE, component failure is not accounted for in this calculation and may significantly impact both the
risk and running costs of the WT [4]. As the blades are the most expensive component of a WT, blade
failure should be considered in this calculation.

1,000 GW World
800 GW

600 GW

Asia

400 GW

Europe
200 GW
North America

South America
Oceania

0GW . = :
2000 2005 2010 2015 2020 2023  Africa

Figure 1.1: Cumulative Installed Capacity of Wind Energy Worldwide [2]
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In general, rotor faults are serious issues for WTs, and it is quite difficult to detect and characterise the
exact type of fault present in the rotor and its location [3, 5]. The most common types of rotor faults
are, but not limited to: leading edge erosion, surface cracks, delamination, ice accumulation, mass
imbalance and installation or controller defects like pitch and yaw misalignment [3, 5, 6]. Different
types of faults require different types of maintenance, and therefore it is important to be able to char-
acterise faults to distinguish one fault type from another. Today, rotor fault detection techniques are
rather simplistic, which most commonly involves trained professionals inspecting the turbine manually
in person, while they harness themselves to the blade using cables [7, 8]. Not only is this method dan-
gerous for the workers, it is also time-consuming and not very effective at detecting internal damage to
the blade and rotor imbalances, such as internal micro-cracks, rotor mass imbalances and blade pitch
misalignment, since they are not visible to the naked eye [7-9].

Other methods involving inspection using cameras or drones are faster and safer alternative methods
of blade inspection. However, they also experience difficulty with detecting issues with the blades’
internal structure and rotor imbalances, as they can only inspect the blade on the surface level. In
addition, using cameras and drones may also come with losing accuracy in detecting damage, as it
depends on various factors, such as: lighting, camera resolution, camera focus and more [8]. Detecting
faults in the blades and the rotor is rather important, since such faults may result in dynamic and/or
aerodynamic discrepancies, causing undesirable fatigue loading and wear, due to force and moment
fluctuations in the rotor, which could cause other components of the drive train to suffer, too [6, 9].
Therefore, it is crucial to derive a more accurate method of rotor fault detection and characterisation,
that could be achieved remotely and cost effectively, without putting WT technicians into hazardous
environments.

1.2. Objectives

This research aims to find a way to correctly detect and characterise common rotor fault conditions
based on the dynamic responses of a WT, operating under faulty conditions. A rotor fault can be
detected if the dynamic response profile does not match with the profile of a healthy rotor. While it
can be characterised if the faulty rotor’'s dynamic response profile can be distinguished from that of
a different rotor fault, allowing dynamic responses to be linked to specific rotor faults. Different types
of faults will be investigated and modelled by either altering blade structure or rotor properties based
on methods found in literature. The dynamic system responses will be used to analyse a WT under
healthy and faulty rotor conditions, using the techniques and methodologies found in literature. In order
to accomplish the objectives of this research, the following research question and sub-questions need
to be addressed:

Can common wind turbine rotor faults be detected and characterised, based on the dynamic
system responses, under faulty operating conditions?

| L

Sub-Questions

» Which output signals can be used to detect faults present in the rotor, and what signal
characteristics should be considered in the process?

» To what extent can rotor fault conditions be differentiated from another, based on the dy-
namic responses of a wind turbine?

» How are wind turbine’s dynamic system responses influence by a change in the wind
speed, under healthy and faulty conditions?

» What effects do turbulent environmental conditions have on a wind turbine’s dynamic sys-
tem responses?

J

Subsequently, the report will have the following structure. Chapter 2 will provide all the necessary
background information involved in this research, such as background physics and related literature
review. Chapter 3 will present the methodology that was used to simulate healthy and faulty cases,
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as well as the way the data was handled. Chapter 4 will present analysis of the results obtained from
simulations, and discuss the meaning and potential implications of the results. Chapter 5 will lay out
the key takeaways and conclusions of this research and provide answers to the research questions.
Lastly, Chapter 6 will highlight the limitations of this work and provide recommendations for potential
future research.



Background and Literature

This chapter aims to familiarise the reader with concepts related to wind turbine rotor faults. Section
2.1 contains necessary background physics of a WT, and provides key operation principles. Section
2.2 depicts the dynamic system response of a WT and provides insights into signal processing and
periodic frequencies typical in a WT. Section 2.3 gives an overview of most common ways WT faults are
detected in literature, including data collection and analysis methods. Section 2.4 gives an overview of
three common rotor imbalance types, which are investigated in this thesis. Lastly, section 2.5 discusses
the socioeconomic impact of integrating new technology, going into detail about which stakeholders are
involved and how it may impact the costs of maintenance.

2.1. Wind Turbine Physics

The first step of understanding WT blade damage modelling is delving into the related physics behind
the turbines, as it will help understand causes and effects of different blade damage types and help
draw conclusions on what is observed. To begin with, it is important to touch upon the core principles
of how the rotor of the wind turbine interacts with the wind, which in turn causes the rotor to revolve.
In rotor design, Blade Element Momentum Theory (BEMT) is used to determine the performance of
the rotor based on its geometrical and mechanical parameters, as well as the way these parameters
interact with the flow of the incoming wind [10]. The theory consists of two main parts: momentum
conservation theory and blade element theory. However, to explain blade element theory, the concept
of momentum conservation needs to be explained fist.

2.1.1. Momentum Conservation

Momentum conservation theory for WTs is based on the law of mass conservation and Bernoulli's
principle. The theory assumes that the rotor is stationary, has a shape of an infinitesimally thin disk,
and exerts an even thrust force on the flow. With these assumptions in mind, Figure 2.1 depicts the
interaction between the flow and the actuator disk in a simple diagram [10, 11].
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Figure 2.1: Streamtube around an actuator disk [11]

In this diagram, a set of streamlines form a streamtube of inviscid flow of velocity, U, around the ac-
tuator disk of area A. As the flow reaches the actuator disk, thrust force, T, exerted by the disk on
the flow, slows the flow down to velocity U, at the outlet, causing the flow to reduce in pressure and
expand in volume, by Bernoulli’'s principle. By the law of mass conservation, mass flow rate, 7, up-
stream and downstream of the actuator disk must be equal, thus, implying that momentum of the flow
downstream of the actuator disk is smaller than upstream. However, the momentum in the streamtube
must be conserved, therefore, the momentum did not disappear, but rather is transferred into the thrust
force, making it equal to the difference between the upstream and downstream momentum, shown in
Equation 2.1.

T = iU - U,) 2.1)

As it was deduced earlier, the thrust induced by the rotor slows down the upstream flow of the wind.
The amount that the upstream flow slows down by can be described the non-dimensional parameter
a, which is known as the induction factor and is defined as a ratio between the difference of upstream
velocity and velocity at the rotor, and the upstream velocity. The induction factor can be characterised
by the Equation 2.2. Subsequently, velocity at the rotor can be defined by rearranging Equation 2.2,
to obtain an expression for velocity at the rotor, which is expressed by Equation 2.3. Now that these
quantities have been defined, blade element theory can now be explained in the next section.

a:U—UUr:% (2.2)
U.=U(l—a) (2.3)

2.1.2. Blade Element Theory

Blade Element Theory (BET) considers the blade to be divided into multiple smaller sections, each
representing a cross-section of an airfoil. Figure 2.2 represents such a blade element in a velocity
triangle diagram, which represents all the necessary information to determine the forces that act on the
blade element.



2.1. Wind Turbine Physics 6

Figure 2.2: The Velocity Triangle on a blade element [11]

As the rotor rotates with velocity Qr, and the inflow wind flows with velocity U (1—a), the airfoil essentially
interacts with the air at the resultant velocity vector, V,..s, which can be defined by Equation 2.4. The
resultant wind, in turn, creates a lift force, L, and a drag force, D, as it flows around the airfoil, creating
the resultant force, R, which drives the rotation of the rotor. The lift and drag forces can be represented
with Equation 2.5 and Equation 2.6, respectively, where p is air density, ¢, and cp are lift and drag
coefficients, c is the cord length and [ is the blade section length.

Vies = /(90 + (U(1 - 0))® (2.4)
1 2

L= §chV;esCl (25)

D= %cherscl (2.6)

Furthermore, by having a closer look at the diagram, it is apparent that V,.., meets the airfoil at an angle.
This angle is known as the inflow angle, denoted by ¢, and it is composed of two angles: the angle of
attack, «, and the pitch angle, 0. The lift and drag coefficients are functions of a, which represents the
angle between V,..; vector and the chord line of the airfoil. As a design parameter, o must be chosen
in a way that maximizes c¢;, and minimizes the ¢p to utilize the energy of the wind to the fullest and
optimize power production. However, that is only the case for winds of speeds below rated conditions.
Above rated wind speed, « is increased beyond it's optimal value in order to limit the amount of lift the
blades produce. This is done to protect the blades and drive-train components from high loads and
natural frequencies caused by the rotor, keeping power production constant by doing so. To achieve
this, the blades are pitched using motors located at the root of each blade, which essentially varies the
angle 6 to vary the angle «, shown in Equation 2.7.

a=p—1~0 (2.7)

The effect of blade pitching is demonstrated in Figure 2.3. It can be seen on the LHS plot that at
below rated wind speed of around 11 m/s, the pitch of the blade does not change, as it is the most
optimal blade orientation for power generation. By keeping pitch angle constant, the power generation
increases cubically with wind speed, as seen on the RHS plot. However, at above rated wind speeds,
the pitch angle begins to increase with wind speed. This causes power generation curve to flatten,
since blades are aerodynamically stalling WT’s rotation, generating constant power.



2.2. Wind Turbine System Dynamic Response 7

Pitch angle vs Wind speed x10° Turbine Power vs Wind speed
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Figure 2.3: Relationship Between Pitch Angle, Power Generation and Wind Speed [12]

Therefore, the orientation of the airfoil with respect to the inflow wind is a crucial design parameter,
bearing the responsibility of optimizing the power production and dynamic load conditions for WT com-
ponents. Faults related to blade orientation may have a significant impact on the O&M costs and this
will be discussed later in section 2.5.

2.2. Wind Turbine System Dynamic Response

WTs constantly experience both static and dynamic loads. Constant loads refer to loads that do not
vary with time, resulting in stress, deformation, displacement and acceleration in the structure. On the
other hand, dynamic loads refer to loads that vary with time, causing vibrations and oscillations of the
structure. In general, any structure has dynamic responses to applied loads. Dynamic Amplification
Factor (DAF) is a measure of how a structure responds to dynamic loading compared to how it responds
to static loading [11]. By definition, DAF is measured as a ratio of dynamic and static amplitude, x4
and z, respectively, which can be written in terms of excitation frequency w and natural frequency w,,,
seen in Equation 2.8, where k and c are static and dynamic coefficients, respectively, and m is the
mass. The equation can be further simplified to Equation 2.9, assuming damping is negligible.

DAF = Y4 _ k 2.8)
s \/(k; — mw?)? + (cw)?
where:
k
wp =4/ — (2.10)
m

The natural frequency of a structure is a frequency at which a structure vibrates in response to being
displaced from its equilibrium position and allowed to vibrate freely [11]. For instance, a simple mass
spring system is displaced from its equilibrium position and let go, it will start oscillating at its natural
frequency. In reference to Equation 2.9, if w approaches w,,, the DAF begins approaching infinity, as-
suming no damping is present. Figure 2.4 graphically represents the dynamic responses of a structure
as w approaches w,, at different values of c. It can be seen that as frequency ratio approaches 1, the
dynamic response is the largest, and its suppressed by the system’s damping. When this happens, the
structure is said to be in resonance.
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Figure 2.4: Dynamic Amplification Factor at Various Damping Coefficients

In general, complex structures like WTs have multiple degrees of freedom to consider, due to the large
number of components present in the structure. Each component has their own mass, stiffness and
damping coefficients, resulting in the WT having multiple natural frequencies. WTs operate at a wide
range of wind speeds, resulting in a wide range of aerodynamic forces and rotor speeds. This means

that by design, the natural frequency of components should not interfere with the rotational frequency
of the rotor.

2.2.1. Periodic Frequencies

The periodic frequency of the rotor represents how many times the period of the load oscillates per
rotor revolution. In literature, periodic frequencies are commonly denoted by 1P, 2P, 3P, meaning once,
twice and three times per rotor revolution, respectively. Periodic frequencies are not fixed, since WT
rotors operate at variable speeds, thus they increase linearly with rotor speed. The operational range of
the rotor refers to the rotor speed between cut-in and cut-out wind speed [11]. The objective of the WT
designers is to design components in a way that does not interfere with periodic frequencies ascociated

with the operational frequeincies of the rotor. While higher order periodic frequencies may occur in the
WTs, this thesis focuses primarily on 1P, 2P and 3P rotor frequencies.

Periodic frequencies in the rotor may stem from a varierty of origins. Most commonly, the cause is
either gravitational or aerodynamic in origin [11][13]. Graviational sources of periodic frequencies can
arise from mass imbalance in the rotor, where mass is not evenly distributed throughout the rotor. This
in turn changes the centre of mass of the rotor, causing periodic load oscilations. Periodic frequiences
aerodynamic in origin usually stem from aerodynamic imbalances. Aerodynamic imbalance is often
caused by blade pitch misalignment or rotor yaw misalignment, which causes the rotor to interact with
the wind unevenly. Moreover, uneven flow itself may induce uneven aerudoynamic loading onto the
rotor. For instance, the tower shadow is a region near the tower, where the wind field in front and behind
of the tower changes, resulting in slower wind in that region [11]. As the blades pass this region, they

experience a change in aerodynamic load, as well as a change of angle of attack, due to a smaller free
stream velocity vector, which can be visualised in Figure 2.2.
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1P harmonic

The 1P harmonic is commonly caused by aerodynamic or gravitational imbalances in the rotor [6] [11].
These rotor imbalances are usually caused by pitch missalignment or mass imbalance in one of the
blades, respectively. For example, in a healthy three-bladed rotor, each blade experiences an even
load variation with a 1/3 shift of the period in the force variation harmonic. Therefore, when all three
blade harmonics at 1P harmonic are added together, the 1P harmonics cancel out. This can be seen
in Figure 2.5, where force harmonics produced by each of the three blades are shown, as the rotor
completes 1 revolution per second.
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Figure 2.5: 1P Force Harmonics Produced by Each Blade Due to Tower Shadow Effect [11]

However, in a rotor where the first blade has a fault, the resulting 1P force harmonic of the first blade may
be produced with a higher amplitude than the second and third blades, which are healthy. Subsequently,
when the three 1P blade harmonics are added, they do not cancel out anymore, resulting in detectable
1P force signals.

2P Harmonic

The origin of the 2P harmonic could potentially be explained with similar reasoning to the origin of
the 1P harmonic. The load fluctuation occurs twice per rotation when the blades experience uneven
loading, due to aerodynamic or gravitational effects. The same principle holds, where the second and
third blades are shifted 1/3 and 2/3 of rotor revolution later than the first blade, respectively. This is
shown in Figure 2.6. In a healthy rotor, the three blade harmonics are out of phase, so the total force
at the hub would equate to zero, after the three harmonics are added. However, if one blade is faulty,
similar to the 1P harmonic example, the total force at the hub would not cancel out anymore, resulting
in 2P force signals.
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Figure 2.6: 2P Force Harmonics Produced by Each Blade Due to Tower Shadow Effect [11]

Another possible origin of 2P harmonics could from a pitch misaligned blade, which causes low speed
shaft (LSS) displacements [14]. A. Heege and J. Hemmelmann argue that when one of the blades
is incorrectly pitched, then that blade would meet the wind at a skewed angle of attack, resulting in a
higher lift-to-drag ratio, following the explanation from subsection 2.1.2. Figure 2.7a shows a visual
representation of a pitch misaligned blade at four different time instances, quarter of a revolution apart:
A, B, C and D, where the misaligned blade is numbered 1 and the two healthy blades are numbered
with 2 and 3. Figure 2.7b shows the rotor azimuth over time at rated rotation speed of 9.6 RPM, over
two full rotor revolutions in the clockwise direction.

Rotor Azimuth over time at rated speed (9.6 RPM)
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Figure 2.7: Pitch Misaligned Blade Position Over One Rotational Period

The thrust force generated by the misaligned blade, acting in the x direction in reference to Figure 2.73a,
is transferred onto the LSS, resulting in displacement. In Equation 2.11, Fy, F» and F3 denote the
thrust produced by blades 1, 2 and 3, respectively. The extra thrust produced by the misaligned blade is
denoted by A f, resulting in a higher force in blade number 1 than in blades 2 and 3. Peak displacement
occurs four times in one revolution of the rotor, twice in the z axis in rotor positions A and C, as well
as twice in the y axis in rotor positions B and D. Therefore, this could result in 2P harmonic peaks in
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moment in the y and z directions, as the maximum displacement occurs twice in each direction.

|Fi|=F+Af and |Fy|=|F3]=F (2.11)

In reference to rotor position A from Figure 2.7a, Equation 2.12 shows the moment balance in a faulty
rotor, where M;, Ms and M3 denote the moments produced by blades 1, 2 and 3, respectively, while L
denotes the distance from centre of rotor and 20 denotes the angle between two blades. Since thrust
is a distributed load, multiplying it by the distance from centre of rotor would result in a moment at the
root of the blade, which will be translated onto the LSS due to the coupling in the hub.

In position A, blade 1 produces a moment about the y-axis, since the blade is at a right angle to the
fixed reference y-z axis in the figure. Blades 2 and 3, however, produce a moment at an angle with
respect to the fixed y-z axis, resulting in a partial moment about the z-axis. Since the blades are equally
spaced between each other, 6 is equal to 60°, equating the cosine term to 0.5. This ultimately results
in a moment imbalance in the LSS of AfL, or AM,, which also occurs in position C with a negative
sign, due to symmetry. Subsequently, a moment peak about the z-axis occurs in rotor positions B and
D, following a similar derivation as in Equation 2.12. Furthermore, it is worth noting that the sum of all
moments would equate to 0 in a healthy rotor, since the A f term would be equal to 0, resulting in no
2P peaks in the output.

M, =M, +AM, = (F+Af)L

My = —M,cost) — M, cosf = —FLcost — FLcos0

Mz =—M,cosf+ M,cosf =—FLcosf + FLcosd (2.12)
SM =M, +My+M;=(F+Af)L—2FLcos¥

XM =AfL =AM,

where 6 = 60°

3P Harmonic

Unlike 1P and 2P harmonics, 3P harmonics produced by each blade are all in phase. This is because
the harmonics have period that is three times shorter than 1P harmonics, so when the harmonic is
shifted by 1/3 of blade revolution for subsequent blades, it results in the exact same harmonic, as seen
in Figure 2.8. As a results, the total force sum at the hub would not cancel out, like in the previous
examples. This means that healthy rotors also produce 3P harmonics. Furthermore, if one of the
blades is imbalanced and produces a higher amplitude harmonic, the total force at the hub would also
be larger.
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Figure 2.8: 3P Force Harmonics Produced by Each Blade Due to Tower Shadow Effect [11]

2.3. Current Fault Detection Techniques

Detecting faults in WTs requires information about the turbine in some form. After which, this information
needs to be thoroughly analysed to see whether there are any deviations from a healthy turbine. Lastly,
if a problem is detected, the problem type needs to be characterised, in order to fix it. This chapter will
present different fault detection techniques found in literature, including the way WT data is gathered,
how the data is analysed and how data analysis can be used to diagnose what type of fault is present.

2.3.1. Data Collection

Data collection is logically the first step in detecting a fault in a WT. There are many ways data can
be collected from a wind turbine. For instance, readings from sensors located in different parts of the
turbine: strain gauges, accelerometers, anemometers (mechanical or ultrasonic), thermometers and
more [15]. Sensor readings provide a rich set of information about performance of different parts of the
WT, providing WT operators remote access to status of specific components remotely and giving them
the ability to analyse the data using various techniques.

One of the most common data collection methods found in literature is using the Supervisory Control
and Data Acquisition (SCADA) system. SCADA is used for remotely controlling, real-time monitoring
and analysing different parts of systems, both in and outside of the wind industry. SCADA architecture
is build around sensors and other hardware components installed on site, and software that allows the
collected data to be transferred to the system operator [16, 17]. A key advantages of using SCADA
architecture for WT monitoring, is the fact that data is collected in real-time and remotely, with the ability
to send control commands back to the WT by the operator.

Another way WT data is collected is visually and accoustically. Visual data can be collected through
various methods, such as in-person inspections, drones, or fixed cameras [7-9]. While the biggest
advantage of visual data is that some issues like surface cracks or blade delamination are immediately
apparent, there are types of faults that are challenging to identify visually, such as rotor imbalances.
On the other hand, acoustic detection methods use sound data collected from microphones to detect
issues not visible to the naked eye. For example, the sound produced by a faulty component, such as
blade fibre breakage or a faulty bearing, could differ in frequency from a healthy component [18, 19].

Overall, various collection methods can be used to detect issues present in the WT. After collecting
the data, however, it still needs to be processed and analysed, in order to determine whether a fault is
present or not.
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2.3.2. Data Analysis and Fault Diagnosis

Data analysis is an important step in detecting faults in WTs, since in many cases data cannot show
problems on its own, without proper manipulation and analysis. There are many different methods
to analyse SCADA sensor data in literature. One popular method found in recent literature is using
Machine Learning (ML) to analyse trends in data. ML utilizes characterised historic WT data and finds
patterns and trends related to faults. ML models are then able to cross-examine uncharacterised data
with historic data, and determine whether a fault is present or not [17]. Additionally, patterns leading to
faults could potentially be identified using early warning systems, resulting in faults being detected as
early as possible, before they can cause more damage or component failure [20].

Another common method is vibration analysis, which is used both in and outside the wind industry
[21]. Vibration signals obtained from sensors can be analysed both in time and frequency domains,
to obtain useful information about the health and performance of components, as well as be used for
modal analysis of the structure [6, 9, 11, 22]. Low frequency load fluctuations in the LSS are commonly
caused by rotor imbalances, and is the main data analysis method used in this thesis, therefore this is
further discussed in section 2.2.

On the other hand, qualitative data analysis is inherently difficult to analyse mathematically, unlike
signals. In person inspections, drone and camera footage require a specialist to visually identify and
determine whether there is a visible problem that could potentially cause damage to the WT [8]. Alter-
natively, recent literature shows trends in analysing image data using ML image processing techniques,
specifically for blade surface damage detection, such as cracks and delamination [23-26].

Lastly, fault diagnosis is the final step in characterising WT faults. The most common way of diagnosing
WT faults found in literature is cross-examining analysed data with historic data [27, 28]. For instance,
if a fault has been producing a certain system response historically, and if the same system response
shows up in the data of the WT in question, then the chances are high that the same fault is present.
Historic data is especially useful for training of many ML based fault diagnosis methods, many of which
rely on this approach.

2.4. Most Common Rotor Imbalances

WTs are large dynamic structures that experience heavy variable loads and harsh operating conditions.
Operating under such extreme conditions, WTs may experience certain degrees of wear, damage faults,
especially in the rotor and the drivetrain. These faults carry various risks for the WT and may result in
additional component wear, damage or failure. This chapter focuses on identifying the most common
types of faults that can occur in the rotor. Additionally, the effects and risks of these faults on the
turbine’s operation are described, and statistics on occurrence rates are presented.

2.4.1. Pitch Misalignment

As was mentioned in section 2.1, the orientation of the blade with the respect to the resultant wind vector
is crucial, as both the lift and drag coefficients are a function of the angle of attack. Pitch Misalignment
(PM) is a type of rotor fault, where one or more blades are not orientated as intended by the design
[6, 29]. PM may be caused by defects during manufacturing, incorrect installation of the blade, or
incorrectly tuned or faulty pitch controller. Regardless of the cause, PM may result in a variety of
issues for the WT, such as: lower power generation, fluctuating dynamic and aerodynamic loading,
excessive drivetrain component wear and more. Ultimately, problems with PM of the blades could lead
to component damage or in some cases failure, as well as introduce additional O&M costs, performance
issues and potentially reduce the turbine’s lifetime.

In a study on rotor imbalance detection methods by Kusnick et. al. [22], researchers have modelled
PM in one of the blades, where PM severity was varied by increasing the pitch angle from 0°, all the
way up to 25°. The results showed a significant increase in low speed shaft (LSS) bending moments
and shear forces. The trends of the results have also shown an increase in LSS loads along with PM
severity, which can clearly be seen in Figure 2.9. In another study, following the work of Kusnick et.
al.,, F. C. Mehlan and A. R. Nejad [6] have modelled PM in a similar way, to see the effect different
wind speed conditions would have on the turbine, at different degrees of PM severity. The results have
shown a similar tendency of increased shear forces and bending moments in the LSS, both at higher
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wind speeds and degrees of PM severity.
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Figure 2.9: Effects of pitch misalignment on LSS loads [22]

According to Germanischer Lloyd (GL) guidelines for the certification of wind turbines, a PM of +0.3° is
considered an acceptable range of deviation and should be considered in the design [30]. An empirical
study on effect of PM on WT lifetime showed that 38% of turbines that have been measured were
outside of this range [31], and have concluded that PM may cause reduced turbine lifetime and reduced
annual energy production (AEP). This implies that PM is a rather common issue in WTs and has largely
went undetected before measurements were taken for this study.

2.4.2. Mass Imbalance

Another common type of rotor fault is blade mass imbalance (MI). Ml is caused by uneven mass distri-
bution along the blades of the rotor, which can occur for a variety of reasons, such as: manufacturing
defects, dirt, ice or moisture build-up on the surface, cracking or moisture build-up in the cracks [22, 32].
A perfectly balanced rotor would have its centre of rotation exactly at the centre of the rotor, exerting
an even amount of thrust directly at the centre. However, and mass imbalanced rotor would have its
centre of mass shifted towards the blade with higher mass. This shift in the centre of mass essentially
causes additional gravitational and centrifugal forces at the new centre of mass. This in turn results in
constant 1P harmonic loads in the LSS in rotating frame of reference and periodic 1P harmonic loads
in the LSS in fixed frame [6, 11, 33]. Figure 2.10 shows an example model of MI, where it was repre-
sented by a point mass in one of the blades. Here, gravitational force F; and centrifugal force F, are
caused by the point mass m.
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Figure 2.10: Rotor mass imbalance forces caused by a point mass in one of the blades, in rotating
(x,y,z) and fixed coordinate frame (X,Y,Z) [6]

F,, is proportional to the square of angular velocity of the rotor, w, as per Equation 2.13. This means
that below rated wind speeds, F. increases with wind speed, since the rotor revolves faster at higher
wind speeds. Above rated, on the other hand, the controller pitches the blades to stall to protect the
rotor from overloading, resulting in constant rotation speed regardless of wind speed, given the wind
speed is above rated. This means that the loads produced in the LSS due to centrifugal force above
rated wind speeds will be larger than at below rated speeds, but remain constant until cut-off.

2
muv 2

F,=—=mw?’r=F,xw
r

(2.13)

According to a study [34], only 27% of 383 WTs were balanced within the IEC 61400-1 standards, with
29% of all turbines containing MI. This shows that Ml is also a significant rotor balancing issue, similarly
to PM which was discussed previously. Considering constant and periodic loads caused by Ml on the
LSS, as well as the issue being rather common, MI may result in component wear, damage or in some
cases failure, if not detected in due time.

2.4.3. Yaw Misalignment

As mentioned in subsection 2.1.2, the angle at which wind interacts with the blade has a significant
impact on the health of the rotor, drivetrain components and AEP of the WT. If the inflow wind in Fig-
ure 2.2 would come from a different direction, the angle of attack would change, which would directly
impact lift and drag generated by the blade. To account for wind direction change, a yaw mechanism
is present in all WTs, the purpose of which lies in rotating the rotor about its Z-axis, in reference to Fig-
ure 2.10, to meet the inflow wind at an optimal angle [6, 35, 36]. In literature, this type of misalignment
is commonly referred to as yaw misalignment (YM) or yaw error, since the rotor and the wind are not
properly aligned.

YM can be caused by a variety of factors, ranging from improperly tuned controller to frequent wind
direction changes due to turbulence and wind direction reading errors from the sensor [35]. Further-
more, most wind turbines are designed to have a certain degree of tolerance of YM, in order to protect
the yaw system from excessive wear. This is done to account for frequent changes in wind direction,
sacrificing turbine efficiency to extend yaw system service life [6, 35].

The main effect of YM is a change in aerodynamic forces at the rotor. This change, in turn, may
cause significant problems in the rotor and further down the drivetrain, including blade and drivetrain
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component fatigue and variations in power generation. Moreover, it has been shown that at larger
degrees of YM, the output power curve fluctuates more, while also causing the average power output
to suffer. Similarly, higher degrees of YM have also induced oscillations into the mechanical torque
output curve [36]. Not only is this an issue for the LCOE, since power production is lower, but can
also add unforeseeable costs towards O&M of turbine components. Similarly to other types of rotor
imbalance mentioned previously, YM may also cause WT components to fail prematurely, resulting in
further down-times and expensive component replacements.

2.5. System Integration and Socioeconomic Impact

This section aims to identify the socioeconomic impact of new WT fault detection techniques being
developed and utilised in real wind parks. First, the most important stakeholders are analysed and
ranked based on their power-interest levels. Next, financial aspects such as LCOE, component failure
and time to repair are analysed, based on results found in literature.

2.5.1. Stakeholder Analysis

Every new technology aims to enter the market, there are a number of different stakeholders who have
a certain degree of interest in said technology. New methods of detecting and charactering faults in the
rotor of a WT concern many various groups of people in the energy industry, both directly and indirectly.
Each stakeholder has a certain degree of interest in the new technology, while also having a certain
degree of power and influence over it entering the market. Based on stakeholders’ relative interest and
power levels, they can be categorised into one of the four groups:

» Context setters are high power, low interest group of stakeholders. These stakeholders are
very influential on new technology integration, but are not interested in all the details. These
stakeholders need to be satisfied at all times, as well as being informed to some extent.

» Players are high power, high interest stakeholders. These stakeholders’ interests coincide with
what the new technology is trying to achieve, while also having influence on whether this technol-
ogy is successful or not. The players should be satisfied and communicated with at all times, as
they are the most important stakeholders.

» Subjects are low power, high interest stakeholders. There stakeholders do not have much power
over whether or not the technology succeeds, however they may still hold interest towards this
technology, as it may impact them in one way or another. The subjects should be well informed
on the topic.

» Crowd are low power, low interest stakeholders. These stakeholders are neither very interested,
nor very influential in relation to the new technology. Communication with these stakeholders is
not crucial, but still desirable to a some extent.

Below, a list of seven most relevant stakeholders, related to remote rotor fault identification and char-
acterisation methods, can be seen. Additionally, Figure 2.11 maps each stakeholder onto a Power-
Interest grid, to represent to group each stakeholder falls into.

» Transmission System Operator (TSO) are responsible for keeping the electricity grid balanced
to prevent power outages and grid failures [37]. Due to inconsistent energy generation of WT,
the grid may experience fluctuations. TSO may have moderate amounts of interest in making
WTs more reliable and having shorter repair times to reduce grid fluctuations[17]. However, TSO
does not have power over which source the energy comes from, as their tasks are limited to
transmitting energy from any source to the consumer, making them a crowd type stakeholder.

Standard Development Organisations (SDOs) are independent regulatory bodies that are re-
sponsible over developing standards on technology, to ensure that the end result is efficient, of
high quality and safe to use. Unlike the government, SDOs have power over deciding whether a
technology follows the regulations, such as IEC-61400 [30, 38]. SDOs have high interest in new
WT monitoring technologies to, since standards and regulations need to be updated constantly,
to ensure safety and high performance. SDOs have the most power over which technology will
be the next standard for WT design, making them a player type stakeholder.
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* Wind Farm Operators ensure the wind farm runs optimally by monitoring WT operation and pro-
viding maintenance to the WTs [39]. Having more advanced WT monitoring tools could benefit
farm operators by increasing work efficiency and improving WT downtimes. Additionally, having
shorter and less frequent maintenance cycles would reduce the time WT technicians spend har-
nessed to the turbine, reducing the risk of injury for the technicians. This makes them moderately
interested in this technology, but overall they have little decision making power when it comes to
new technologies entering the market, putting them into the crowd category.

+ WT Engineers and Companies are responsible for design and manufacturing of WTs. With new
monitoring tools and techniques, WT engineers will be abele to account for such tools during
the design phase. Furthermore, the companies could benefit from having latest technologies
in their WTs, making the market more competitive. The companies and engineers have high
interest in having a larger renewable energy market share by making their WTs more reliable and
serviceable. Moreover, they have moderately high power of freedom when it comes to technology
implementation in their design, which is limited by regulations and costs, making them a player
type stakeholder.

* WT Technicians provide on-site service to WTs, such as inspection and maintenance. The abil-
ity to detect and characterise rotor faults rotor remotely could save time and improve accuracy,
simplifying the task. Additionally, spending less time on-site would increase the safety of the
working environment and potentially increasing demand in this field of work [40]. This shows that
WT technicians have high amounts of interest in increasing their work environment safety, but
have low amounts of power in making this technology becoming a standard, putting them into the
subject stakeholder bracket.

* Investors are an important stakeholder in the wind energy industry. Large wind park projects re-
quire millions of dollars in upfront costs, therefore investors are required. Since WTs are infamous
for having reliability issues and having high maintenance cost [41], making them a high risk invest-
ment. Improving reliability of turbines with new fault detection and characterisation techniques
could increase the willingness of investors to finance these projects. Ultimately, investors are the
most interested stakeholder in reliability improving technologies, while also having the highest
power due to their financial leverage role in the market, making them a player type stakeholder.
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Figure 2.11: Stakeholder Power-Interest Grid
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2.5.2. Financial Aspects of Maintenance

WTs and wind parks are complex and expensive structures to design, install and operate. Over their
lifetime, WT require regular maintenance for different components, in order to reduce the risk of compo-
nent failure. Given that WT site locations are often remote and difficult to access - such as mountainous
areas, fields and offshore - providing inspections, maintenance and repairs to the turbine is logistically
difficult and time consuming. This chapter will provide insights on the financial aspects of maintenance
in terms of LCOE statistics, time to failure (TTF) and time to repair (TTR).

Levelized Cost of Electricity

As previously mentioned, LCOE is a metric used to quantify the average cost of electricity produced
over the energy source’s lifetime. The aim of the wind industry as a whole is to minimize the LCOE
of wind energy, which could be done by reducing the CAPEX and O&M, as well as increasing WTs’
efficiency and lifetime. From NREL'’s cost of wind energy review in 2021, it can be seen how the LCOE
of wind energy is distributed [41]. In their study, NREL analyse real world wind industry data to provide
the cost breakdown of onshore and offshore WTs, as well as compare their findings to historic data.

Figure 2.12 and Figure 2.13 represent levelized cost breakdown for onshore and offshore wind plants
respectively. Immediately, it can be seen that the LCOE of an offshore plant is 2.3 times larger than
the LCOE of onshore plant. The increase in LCOE comes from a myriad of factors, which mostly come
from structural, electrical and installation difficulties in the sea, as well as other financial CAPEX factors.
Additionally, the O&M costs more than double for offshore plant, primarily due to logistical reasons, like
the requirement of a sea vessel and specialized equipment. Overall, it can be seen that regardless of
the site, around 30% of the LCOE of wind energy comes from O&M costs.
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Figure 2.12: Levelized Cost Breakdown for Reference Land-based Wind Plant [41]
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Figure 2.13: Levelized Cost Breakdown for Reference Offshore-based Wind Plant [41]

Furthermore, the US department of energy, in consensus with the Government Performance and Re-
sults Act (GPRA), aims to gradually decrease the LCOE of wind energy over the years [42, 43]. Fig-
ure 2.14a and Figure 2.15a show the historic reduction in LCOE of wind energy in comparison to goals
set by GPRA, for onshore and offshore wind energy, respectively. It can be seen that between years
2016 and 2022, the LCOE of wind energy has significantly decreased for both on and offshore wind
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Figure 2.14: GPRA Cost Reduction Pathway From 2016 to 2030 for Onshore Wind Energy [41]



2.5. System Integration and Socioeconomic Impact 20

200 -

& 191 :
180 - s -
; 180 | FY 2019 rebaseline analysis === GPRA Trajectory
160 \ ] for GPRA reporting —4=Actual Reported Data |———
- L]
= 140 \ : /
E 120 127,
oy \| |
© 100 ¥ 89
o
LR 0]
8 i 83 76
S 60 ; 73 51
40 4| Historical
20 | data for . GPRA Projection from
reference —“ rebaseline analysis
0 !

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Fiscal Year

(a) GPRA Pathway vs Historic Data

100 Net 54% OpEx reduction
89 from advanced O&M
90 ies, i
strategies, improved
80 - vessel accessibility, and
remote maintenance
-13 trategi
3 -9
g 60 Net 22% CapEx
2 reduction through wind Net 19% increase in AEP
] 50 plant economies of through turbine scaling, -16
S scale, turbine scaling, enhanced control
w 40 export/array cables strategies, reduced wind
o with less material use, plant losses, and higher
= 30 and optimi ilability due to
20 foundation design improved vessel access
10
0
2018 Baseline Plant CapEx AEP OpEx 2030 Conceptual Plant

(b) LCOE Reduction by Source

Figure 2.15: GPRA Cost Reduction Pathway From 2016 to 2030 for Offshore Wind Energy [41]

Overall, it can be seen that O&M comprises a large part of the total LCOE of the WT of about 30%.
The goals to reduce O&M costs by 41% and 54% for on and offshore wind, respectively, by utilising
more advanced WT service and monitoring techniques, shows the importance of researching new ways
to improve O&M procedures as a whole. Remote fault characterisation could potentially improve the
logistics involved in servicing WTs and help reduce O&M costs both on and offshore.

Component Failure and Time to Repair

Component failure in WTs are rather common occurrences, which can lead to prolonged downtimes and
reduced AEP, further component failure and additional variable costs for O&M. Detecting a problem as
quickly as possible can reduce component failure rate and decrease service time and overall downtime
of a WT [44—46].

In a study by S. Oztunk and V. Fthenakis [44], real world WT data was analysed to predict the frequency,
TTR and costs of WT failures, using ML. Their study looked at various factors that could affect failure
rates, TTR and time to failure (TTF), such as environmental conditions and previous failures in the
WT. Additionally, WTs with gearbox drive were compared to direct drive WTs. Figure 2.16 shows the
probability of failure over operation time in WTs with the total number of previous failures between 0
and 20, and WTs with more than 21 previous failures. Here, G denotes gearbox type and D denotes
direct drive type of WT. It can be seen that for all cases, the longer the WT operates, the higher the
probability of failure is, which supports the idea of having regular maintenance.

Moreover, it shows that WTs with higher number of previous failures tend to have a higher probability of
failure, regardless of drivetrain type, which shows the importance of detecting issues in the rotor before
they cause a failure. It is worth noting that the type of failure was not specified in this study, meaning it
is unknown whether the previous failures refer to failures of the same type or any type of failure.
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Figure 2.16: TTF Probability based on number of previous faults [44]

Higher TTR directly impacts the LCOE of the WT in two ways. First, is higher TTR means higher
downtime, resulting in lower AEP. Second, Higher TTR means WT technicians would need to be com-
pensated for longer working hours, making maintenance more expensive. Based on the results of
this study, it is clear that preventing failures before they occur can save money on maintenance and
produce a higher AEP .



Methodology

In this chapter, the methodology used in this thesis is presented. Section 3.1 describes the modelling
setup used to simulate rotor imbalances, at different environmental conditions, as well as explains
how the simulation software works. Section 3.2 explains how the data obtained from simulations is
processed, analysed and presented.

3.1. Modelling Setup

In this section, the modelling setup is discussed. Background information about the WT used in the
model and simulation software used is given. Moreover, fault cases are presented, along side environ-
mental cases, output parameters and other parameters varied in the simulation software. Lastly, the
simulation initialisation process is described and explained.

3.1.1. DTU 10 MW Reference Wind Turbine

Today, the wind energy sector shows growth tendencies not only in terms of installed capacity, but also
in WT size. In response to the increase in global demand for larger turbines [47, 48], the DTU 10 MW
horizontal axis wind turbine was modelled in this research, since this reference turbine is very well
documented and is extensively used in literature. Design parameters of the turbine are summarised in
Table 3.1.

Table 3.1: Design parameters of DTU 10 MW reference turbine [49]

Parameter Value Units
Name DTU 10 MW RWT —
Rated Power 10 MW
Rotor Diameter 178.3 m
Hub Height 119 m
Number of blades 3 —
Cut-in, Rated, Cut-out Wind Speed | 4.0, 11.4, 25.0 m/s
Cut-in, Rated rotor speed 6.9,9.6 RPM
Drivetrain Medium speed gearbox —
Control Pitch regulated, variable speed | —

3.1.2. OpenFAST Modules and Fault Cases

Modelling of rotor faults has been carried out in OpenFAST, an open-source WT simulation tool [50, 51].
OpenFAST combines computational modules for aerodynamics, hydrodynamics, control and electrical
servo-dynamics, and structural dynamics to simulate the dynamic response of a WT in response to
user-defined initial conditions. The 10 MW DTU reference WT model was imported into OpenFAST
simulation tool. Modelling of PM, MI and YM rotor imbalances, which are discussed in section 2.4, is

22
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done based on methodology seen in the paper by F.C. Mehlan and A.R. Nejad [6], where certain design
parameters are varied to simulate healthy and faulty cases in OpenFAST. For this, three OpenFAST
modules need to be considered, namely: AeroDyn, ElasoDyn and ServoDyn. This chapter will provide
an overview of each of the three modules and how they are used to simulate rotor imbalances.

AeroDyn

The AeroDyn module is responsible for calculating aerodynamic loading on the turbine’s blades and
tower. It operates based on the principles of steady BEMT, discussed in 2.1, as well as dynamic BEMT
[51]. AeroDyn performs the calculations by dividing each blade into smaller elements, while taking into
account environmental conditions, such as wind speed and direction, as well as turbine’s properties, like
geometry, blade velocity and position at each time-step of the simulation. This results in high resolution
and high accuracy calculations of lift, drag and pitching moments of each blade element [52].

In this thesis, the AerDyn module is used to alter the pitch angle of one of the blades, in order to model
pitch misalignment, based on [6]. Since there is no direct way of changing the pitch angle of a blade,
PM is modelled by uniformly changing the twist angle of one of the blades along its entire length, which
is geometrically similar to changing the pitch of the blade. Blade twist is changed in one blade only,
by increasing the value of the twist by 1, 2 or 3 degrees, respective to three levels of PM severity,
PM1-PM3.

ElastoDyn

The ElastoDyn module is responsible for calculating system’s kinematic properties, such as linear and
angular positions, velocities and accelerations of key structural points of the WT, while also providing
these properties in different frames of reference [51]. The calculations are computed based on user
defined turbine geometry, component masses and inertias, degrees of freedom and initial conditions.
In addition, system dynamics are calculated based on a linear spring-damper model.

In this thesis, ElastoDyn is used to model two cases. Firstly, it is used to model the M| case. MI
is modelled by considering one of the blades to have a uniformly higher mass than the other two
blades. This could, for instance, represent a blade with a uniform layer of ice. The mass density of
one blade is therefore increased by a factor of 0.58%, 0.88%, and 1.17%, respective to three levels
of MI severity, MI1-MI3. Secondly, ElastoDyn is also used to model YM. YM is simply modelled by
changing the nacelle-yaw angle initial condition by 5, 10 and 15 degrees, respective to three levels
of YM severity, YM1-YM3. Additionally, yaw degree of freedom has to be enabled, for ElastoDyn to
consider the change.

ServoDyn

The ServoDyn module is essentially a virtual controller responsible for controlling various parts of the
turbine, such as blade pitch, generator torque, high speed shaft brake and nacelle yaw [51, 53]. This
module allows communication between other modules by analysing inputs from them and returning
control outputs necessary for realistic simulation of WT operation. In this thesis, ServoDyn input settings
are only altered when modelling YM.

InflowWind

InflowWing is a module responsible for processing input wind field data[50]. With each time-step, the
module receives coordinates calculated by different modules in the FAST glue code, and returns the
undisturbed wind-inflow velocities at these positions [54]. The velocity is calculated as a function of
input coordinate positions and internal time varying parameters, set by the user. For this experiment,
the InflowWind file is modified every time wind speed and turbulence seed is changed.

Overall, three OpenFAST module input settings are altered in order to simulate the three cases of rotor
imbalance, namely: PM, Ml and YM. Each case of rotor imbalance is modelled with three degrees of
imbalance severity, that is pitch angle increase for PM, blade mass density for Ml and yaw angle for
YM. The imbalanced rotor cases are compared to a healthy rotor case, where parameters are set to
factory settings. Table 3.2 provides a summary of fault cases simulated in this experiment.
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Table 3.2: Fault cases for each type of rotor imbalance.

Imbalance Type Case
Healthy | MI1 | MI2 | MI3 | PM1 | PM2 | PM3 | YM1 | YM2 | YM3
Mass Imbalance [%] 0 0.58 10.881.17 |0 0 0 0 0 0
Pitch Misalignment [deg] | O 0 0 0 1 2 3 0 0 0
Yam Misalignment [deg] | 0 0 0 0 0 0 0 5 10 15

3.1.3. Environmental Cases

In this experiment, environmental conditions are also varied. In the real world, environmental conditions
are rarely consistent on larger time scales. Therefore, in order simulate more realistic and meaningful
results, each fault case is run at six different wind speeds. Moreover, two types of wind conditions are
considered - steady and turbulent wind.

Steady Wind

Steady wind is uniform by nature. In steady wind, both flow speed and direction remain constant
over long periods of time, but still varies with height due to wind shear. Steady wind is a simplified
wind model and is not a realistic representation of real world wind conditions. However, not including
wind speed and direction fluctuations in the simulation will allow for a clearer look of what effect rotor
imbalances have on the rotor. Additionally, steady wind simulations require less computational power
for aerodynamic calculations, resulting in quicker but less accurate simulations [55]. Steady wind is
simply simulated by selecting steady wind option in the inflow wind file in OpenFAST.

Turbulent Wind

Turbulent wind, on the other hand, is far more complex than steady wind, and is a closer representa-
tion of wind found in the real world environment. Unlike steady wind, turbulent wind is stochastic in
nature, with both speed and direction continuously changing in a random manner. There are two main
contributors to turbulence, one being friction caused by the Earth’s surface. And the second being the
thermal gradients, causing movement from hot to cold [56].

Normal turbulence model (NTM) is used to calculate turbulence intensity factor for each wind speed.
NTM is a standardised approach in WT design to represent typical atmospheric conditions a WT may
experience, which is defined by IEC 61400-1 wind turbine design standard [57]. For calculations of
turbulence intensity factor, I, Equation 3.1 was used, where I,..; is the expected value of the turbulence
intensity at 15 m/s, V},,; is the 10-min averaged wind velocity at hub height and ¢ is the standard
deviation of longitudinal wind velocity.

o Les(0.75Viu + 5.6)

I = =
Viub Vhub

(3.1)

The value for I,.; can be found in Table 3.3. The table shows three different wind turbine classes,
where each class represents a different levels of turbulence intensity, where class A is high turbulence,
class B is medium turbulence and class C is low turbulence. Turbulence intensity depends on the local
terrain and surface roughness. Locations further inland usually have higher turbulence intensity due to
trees, buildings and uneven terrain creating a rough surface, while locations offshore have a smoother
ocean surface.

For example, F.C. Mehlan and A.R. Nejad [6] have investigated the effects of rotor imbalances on a
floating offshore WT, therefore they used I,..; value for a class C WT. In general, simulating a WT in an
offshore environment, let alone a floating one, is more complex, time consuming and computationally
intensive, since the wave profile and wave interactions with the floater would have to be accounted forin
the model. Therefore, for simplicity reasons and time constraints of this thesis, it was decided to model
an onshore turbine, thus, I,..; value for class A turbines was used. However, a beneficial outcome of
conducting the simulations at higher turbulence intensity, is that it can put a higher emphasis on the
effect turbulence has when comparing results from steady and turbulent wind conditions.
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Table 3.3: Basic Parameters for Wind Turbine Classes [57].

Wind turbine class | 1l i

Vet (m/s) 50 42,5 37,5
Iret () 0,16

B Iref (-) 0,14

C Liet () 0,12

Turbulent wind files were generated by using a software called "TurbSim’. TurbSim is a stochastic,
full-field, turbulence simulator. It uses statistical models, rather than physical ones, to simulate time
varied wind vector field in three dimensions [58]. Table 3.4 shows the I,.; values calculated using
Equation 3.1 and the corresponding wind speed values used to generate the turbulent wind files. For
each wind speed case, six different turbulent seeds were generated to have a larger sample size and
therefore precision. For instance, if a certain dynamic response is observed in all six seeds, then the
result will have a higher statistical significance than if a certain response is observed in only one of the
seed. Therefore, the data obtained from six turbulent seeds is averaged to account for randomness.

Wind Speeds

To simulate a wide range of aerodynamic loads, six wind speeds were considered, three of which are
below rated wind speed, 4, 7 and 10 m/s, denoted by U;-Us, respectively. While the rest are above
rated wind speed, 12, 14 and 20 m/s, denoted by U,-Us, respectively. The same wind speed values
are used for both steady and turbulent wind conditions. The above mentioned values were taken from
the paper by F.C. Mehlan and A.R. Nejad [6].

Simulating wind speeds below and above rated is important because the pitch controller begins to pitch
the blades to stall at above rated speeds, changing aerodynamic behaviour of the rotor. Additionally,
the wind speeds are intentionally spread out to cover speeds close to cut-in, below and above rated
threshold and cut-off threshold to see how the turbine behaves in scenarios close to change of state of
operation. This is especially important for turbulent wind conditions, since wind speeds close to those
thresholds could cross them due to speed fluctuations.

Table 3.4: Environmental Parameter Settings

Case
Wi iti Envi 1P
ind Condition nvironmental Parameter U0, U, U, U Us
Steady Wind Wind speed, U [m/s] 40 |70 |10.0|12.0|14.0| 20.0
Wind speed, U [m/s] 40 |70 |10.0|12.0|14.0| 20.0
Turbulent Wind | Turbulence intensity, I [-] 0.34 |1 0.25|0.21|019|0.18 | 0.16
Number of seeds 6 6 6 6 6 6

Signals of Interest

The effects of the aforementioned fault cases and environmental conditions is assessed by measuring
moment and force in the LSS, from OpenFAST simulation output. In total, six signals are measured:
moment in x, y and z direction, and force in x, y and z direction - in the shaft’'s non-rotating frame of
reference, as previously depicted in Figure 2.10. Moreover, each signal is outputted in the time domain.
This is done for each fault case - environmental condition combination. The list of signals, as they are
named in OpenFAST, can be found in Table 3.5.
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Table 3.5: List of Output Parameters

Output Parameter Description Axis
LSShftFxa Low-speed shaft thrust force [kN] weaxis
(constant along the shaft)

Low-speed shaft shear force [kN] .
LSShitFys (constant along the shaft) y-axis
LSShftFzs Low-speed shaft shear force [kKN] S-axis
(constant along the shaft)
Low-speed shaft torque [KNm] i
LSShitMxs (constant along the shaft) x-axis
) Low-speed shaft bending moment .
LSSTipMys at the shaft tip [kNm] y-axis
) Low-speed shaft bending moment .
LSSTipMzs at the shaft tip [kNm] Z-axis

Periodic Frequencies

Since the WT is simulated at different wind speeds, it means that the rotor revolves at different RPMs,
at below rated wind speeds U; — Us. Whereas above rated wind speeds, U, — U, the rotation speed of
the rotor is constant. Subsequently, the periodic frequencies also change with wind speed. Table 3.6
shows a list of periodic frequency values at different wind speeds.

Table 3.6: Periodic Frequency Values at Each Wind Speed

Wind Speed
Periodic Frequency [Hz] Ui Us Us Us-Us
1P 0.1164 | 0.1165 | 0.1338 | 0.1600
2P 0.2328 | 0.2330 | 0.2676 | 0.3200
3P 0.3492 | 0.3495 | 0.4014 | 0.4800

3.1.4. OpenFAST Initialisation

With all the fault cases and environmental settings determined, it is now possible to run simulations.
The final initialisation step is specifying simulation duration and time-step. The duration needs to be
long enough to ensure two things. Firstly, the simulation has transient start-up time, which needs some
time to settle [6]. Secondly, is to have a rich source of data for analysis, since analysing large data sets
is more statistically significant, and makes the results more accurate. Moreover, this is especially true
for cases running in turbulent wind conditions, since the random variability of wind speed and direction
would average out over long periods of time.

The time-step determines how often each simulation parameters are updated, similar to sampling fre-
quency. For example, for a time-step of 0.5 seconds, the simulation parameters are updated two times
per second, while for a time-step of 0.25 they are updated four times per second. Lower time-step
means the output data is calculated to a higher degree of accuracy, but require more computational
power. NREL recommend the time-step to be around ten times of the highest frequency modelled,
based on Equation 3.2 [51]. In this experiment, the highest frequency of interest is 3P rotor harmonic.
Above rated speed, the rotor speed reaches 9.6 RPM, or 0.16 Hz, meaning 3P frequency would equal
to 0.48 Hz. This results in a time-step of 0.208 seconds or lower.

T = !
]-Ofmax

(3.2)

Therefore, it was decided to follow F.C. Mehlan and A.R. Nejad’s [6] methodology and use a simulation
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duration of 4000 seconds with a time-step of 0.025 seconds. Having a lower than recommended time
step will ensure a rich and high resolution data set for a more accurate analysis. The first 400 seconds
are discarded to let the transient time of the simulation to settle, resulting in 3600 seconds or 1 hour of
real time simulated.

3.2. Data Processing

After setting up and running the simulations, OpenFAST outputs a large file, containing a large matrix
of data, for each output parameter specified in the settings. As mentioned previously, it was decided to
simulate 4000 seconds of real time at a sampling frequency of 40Hz, resulting in a total of 160 000 data
points per output parameter. Working with large data sets like this can be quite challenging; therefore,
appropriate data processing techniques need to be utilised in order to analyse the signals properly.

3.2.1. Processing Strategy

In this study, it was decided to use MATLAB to process the output data. The data processing strategy,
summarised in Figure 3.1, has the following format. First, the data output from OpenFAST simulations
needs to imported into MATLAB, and formatted into the correct *.mat’ format, which will allow for data
manipulation.

Second, the data need to be processed using MATLAB code. As mentioned in section 2.2 and sec-
tion 2.3, output data is in the time domain. However, in order to analyse the periodic harmonics pro-
duced by the rotor, the data needs to be transformed into the frequency domain. This is done using
a Fast Fourier Transformation (FFT) [59]. FFT is a signal processing algorithm used across various
industries to discompose complex output signals into multiple simpler signals in the frequency domain.

Third, the code needs to be automated. The total number of cases simulated is 420, of which 60
of the cases are from steady wind simulations and 360 of which are from turbulent wind simulations.
Processing such a large number of output files one by one would be unreasonably time-consuming,
therefore a processing algorithm needed to be created, with the ability to handle multiple cases at
the same time. Additionally, the algorithm needs to be able to output the data in a user-friendly format
without irrelevant signals, to allow faster extraction of peaks for data analysis. A more detailed overview
of this algorithm can be found in subsection 3.2.2

Lastly, the processed data need to be analysed. The data is plotted on a bar plot with respect to
periodic rotor frequency, environmental conditions, fault type, and fault level. Finally, the plots are
analysed using the methods discussed later in subsection 3.2.3, and a decision tree is proposed.

Process the data using
| Modelrotor | | Run simulations and the processing Plot the extracted ;gz‘;f‘;;;gg:
| imbalancesin —» exportthe datato — algorithm and exiract — peaks and analyse _’Decision e — -
OpenFAST | MATLAB LSS force and moment them .
{ ; the findings
J harmonic peaks

Figure 3.1: Data Processing Strategy

3.2.2. Processing Algorithm

The data processing algorithm was devised based on the signal processing methodology found in
literature [6]. The strategy is as follows: extract the output signals listed in Table 3.5, disregard the first
400 seconds, divide it into 60 one-minute intervals, calculate the FFT of each window and calculate
the mean of all the FFTs. The purpose of the algorithm is to execute this strategy for multiple cases at
once. In addition, the output must be formatted in a way that is easy to extract for plotting and analysis.
The full version of the MATLAB code can be found in Appendix A.

Segmenting

After removing the first 400 seconds of the signals listed in Table 3.5, the algorithm segments the data
into 60 one-minute time windows, or 2400 data points per window. The algorithm then analyses the
segments one-by-one, repeating itself for the next 2400 data points 60 times, using a for loop. Each
loop iteration is stored and averaged after the final iteration.



o h W N =

3.2. Data Processing 28

Frequency Peak Calculation

Each segment undergoes an FFT, with 0.0167Hz frequency resolution. The FFT converts the time-
domain data into frequency domain. Now that the data is in the frequency domain, the peak frequencies
can be extracted. This is done using Matlab commands below. The commands essentially normalize
the signal by dividing the FFT by its length, L. The FFT output has an imaginary component in it,
therefore the absolute value is taken to obtain the magnitude spectrum. Moreover, the spectrum is
two-sided, meaning the spectrum contains frequencies that are positive and negative, where positive
frequencies are a complex conjugate of the negative. This results in peak magnitudes in the frequency
domain to be equal to half of peak magnitudes in the time domain. The first and last values are the
0 and Nyquist frequencies, respectively, which do not have a complex conjugate and therefore do not
need to be multiplied by 2.

= fft(x); %where x is the 1-minute data segment

= 2400; %Length of the signal
2 = abs(Y/L); %Normalized magnitude spectrum, where L is signal length
1 =

= P2(1:L/2+1); %Two-sided spectrum
P1(2:end-1) = 2xP1(2:end-1); ’ single-sided spectrum

Filtering and Sorting

The next step is to filter the single-sided spectrum. The spectrum contains noise in the form of small
amplitudes at different frequencies. This causes an issue when storing the data, resulting in large data
sets of unwanted data. The filter ensures values smaller than 10% of maximum peak magnitude are
stored and the rest are equated to 0.

By default, the data are stored in a two-column matrix, where column 1 is dedicated to the peak magni-
tude and column 2 for that peak’s frequency. This is problematic, since the algorithm needs to be able
to analyse multiple output parameters at once to speed up data processing. Therefore, peak-frequency
pairs are allocated into seperate column pairs, one for each output parameter. For example, Figure 3.2
shows how the LSShftFzs pair is sorted into a separate column pair from LSShftFys.

8.38 1P LSShftFys LSShftFzs
LSShftFys y |
24.54 2P . 8.38 ‘ 1P ‘ 24.19 ‘ 1P
24.19 1P " 2454 2P 55.33 2P
LSShftFzs ‘ 5533 ‘ 2p

Figure 3.2: Sorting peak-frequency pairs into separate columns

Summation and Averaging

Finally, the 60 stored and sorted matrices are added together and averaged. Each matrix has the
same number of columns, equal to double the number of output paramers. However, a problem arises
if matrix M+1 has more rows of peak-frequency pairs than matrix M, because Matlab will not be able
to perform matrix addition, resulting in an error. This issue is resolved by first finding the matrix with
the largest number of rows and placing that matrix first on the list. Next, the algorithm calculates the
number of rows in other 59 matrices. If the number of rows in a matrix does not equal to the number
of rows of the largest matrix, then the algorithm adds a row of zeros to it at the bottom. The size is
checked again in a loop, until the sizes match. This is repeated until all matrices are of the same size.

An important step when adding the matrices together is ensuring that the correct peaks are added
together. For example, 1P peak needs to be added to the 1P peak. However, in many cases, 1P
magnitude can be added with a 2P or a 3P magnitude, which is incorrect. Therefore, after making the
matrices the same size, the summation loop can take place. The algorithm compares the frequency
value of the first row column pair with the first row column pair of a subsequent matrix. If the frequencies
match, the magnitude and frequency in that position are added together. If they are not equal, the
algorithm checks the peak-frequency pair in the next row, until a match is found. If no match is found,
zeroes are added, and the next row column pair of the first matrix is checked. This process is repeated
until all matrices have been added, resulting in one matrix with summed up values.
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After each successful addition, the addition count is stored. If no addition took place, for example, in
the case where zeroes are added, the addition count does not change. The final summed up matrix
is then divided by the addition count, resulting in a sorted and averaged matrix, which is later used
for data analysis. This algorithm works for both steady-state and turbulence environmental conditions.
However, the algorithm has an additional step of averaging the six turbulent seeds for turbulent data
sets. This algorithm is repeated for every environmental condition and fault case combination.

3.2.3. Data Analysis and Presentation

After force and moment FFTs have been extracted and averaged, they can be analysed. The data con-
tains three fault cases at three different fault levels for each case, each of which refers to six different
wind speeds in steady and turbulent conditions. For each case and environmental condition combina-
tion, three force and three moment signals are analysed, which are listed in Table 3.5. In total, this
results in 720 signals to be analysed.

Bar Plots

Bar plots are formatted in the following way. The vertical axis shows the absolute difference between
the faulty peak magnitude and the healthy peak magnitude at a particular periodic frequency, while the
horizontal axis shows the fault level F;-F3. Each plot contains the peak magnitudes for all fault cases
at one wind speed and one periodic frequency. The force and moment signals are plotted separately.
Figure 3.3 shows an example of a bar plot, which looks at absolute difference between faulty and
healthy 1P LSS moment peaks about the X, y and z axis, for each fault case and three fault levels.
Fault levels 1-3 are denoted by F-F3, respectively. Each fault case PM, /., Ml,,,,. and YM,,, /.
denotes the moment difference about x, y and z axis. The same principles apply for force bar plots.
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Figure 3.3: Example bar plot: Absolute Change in LSS Moment at U; and 1P

The purpose of plotting data signals this way is to show the relationship between fault cases and fault
levels in the same environmental conditions, as well as measure the numerical difference in magnitude
between a healthy and an imbalanced rotor. The absolute change is measured for the ability to plot the
data on alogarithmic scale, in order to level the size of bars due to large differences in peak magnitudes
in many cases, making the bar plots more readable. Some information regarding the dynamic response
is lost when the absolute value is taken, since some faulty signals have a decreased magnitude in
comparison to the healthy signals. That being said, the majority of cases have a positive increase in
magnitude, so that is only an issue for some of the cases.
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Summary Tables

While the bar plots show a good amount of numerical detail about trends between fault cases and fault
levels at a particular wind speed and periodic frequency, the total number of bar plots is too high to
analyse the trends between wind speeds and periodic frequencies. For this reasons, the data is also
presented in the form of summary tables.

The difference between healthy and faulty peaks is summarised by first dividing the data into below (U,
U, and U3) and above rated (U, Us and Ug) wind speeds. Next, the data is further divided by fault case
and frequency. Finally, the categorised peaks are added together and averaged. For example, for the
below rated case of PM,, at 1P frequency, the peak differences in moment at U;-Uj; for fault levels F;-
F3 are added together and the mean value is calculated. This process is repeated for each fault case
and frequency below and above rated wind speeds. This is expressed mathematically in Equation 3.3
and Equation 3.4, used for below rated and above rated wind speeds, respectively. There, APy and
AP,r are the average differences in peak magnitude, below and above rated, respectively. C is the
specific fault case force or moment magnitude, i represents the fault level subscript as in F;, and j
represents the wind speed subscript as in U;.

3 3
_ 1
APBR:§ZZC”- | for i={1,2,3} j={1,2,3} (3.3)
i=1 j=1
3 3
_ 1
APAR:§ZZCU | for i=1{1,2,3} j={4,56} (3.4)
i=1 j=3

The tables are also colour-coded based on how large the change is from healthy to faulty, with a
different scale for force and moment signals. To determine the scale for the moment, the difference in
the moment peaks for each case, wind speed and frequency is distributed into five equally sized bins.
This is shown in Figure 3.4-3.5, for steady and turbulent windm respectively. In this figure, each bin
represents a level of how sensitive the signal is to a fault in the rotor. Figure 3.4a shows the five bins
obtained from distributing all absolute moment peak differences above 0, M1-M5, each with its own
colour. Bins M1-M4 each have ranges of 50 kNm, while the M5 includes all peaks above 200 kNm.
The same approach was taken for the force peak difference. Figure 3.4b shows the five bins obtained
from distributing all force peak differences above 0, F1-F5, with the same colour coding as M1-M5 bins.
Bins F1-F4 each have ranges of 6 kN, while the F5 bin includes all the peaks above 24 kN.
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Figure 3.4: Difference in Moment and Force Peaks in LSS Between Healthy and Faulty Conditions,
Steady Wind
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Figure 3.5: Difference in Moment and Force Peaks between Healthy and Faulty Conditions,
Turbulent Wind

Using bar plots and summary tables described in this section, the most sensitive signals for each fault
case are determined. Signal sensitivity is determined based on three factors.

» The difference in magnitude between healthy and faulty signals, where the larger the magnitude
change, the more sensitive the system is to fault being present

» The magnitude difference increase with fault level. That is, if magnitude difference in a fault case
increases from fault levels F; to F», and from F3 to Fj, then it is more likely that similar behaviour
will be seen in a different simulation setup with the same fault case present. The increasing trend
with fault level is represented by underlining M1-M5 or F1-F5 in the summary tables

» The magnitude difference increase with wind speed. That is, if magnitude increases from U; to
U, and from U, to Us, the a "+” is added next to the bin value for below rated wind speed range
in the summary table. The same is done for above rated wind speeds.

Table 3.7: Summary tables legend for moment and force

Moment Range [kNm] Force Range [kN]
M1 0<M<50 F1 O0<F<£6
M2 50<M <100 F2 6<F<12
M3 100< M <£150 F3 12<F<18
- 150 < M < 200 18<F<24
200< M 24 < F
N/A unclear/zero N/A unclear/zero
Underlined Increases with fault Underlined Increases with fault
+ Increases with wind speed + Increases with wind speed
C Constant with wind speed C Constant with wind speed

3.2.4. Rotor Imbalance Characterisation

Based on the analysed data, rotor imbalances are characterised. The most sensitive signal based
on magnitude, speed, and fault trends is chosen to represent the type of rotor imbalance present in
the rotor. In the case where the same signal could represent two different rotor fault types, a less
sensitive signal, that is not present in another rotor fault case, is chosen. The representative signals
are then used to form a decision tree flowchart, to simulate how a fault detection and characterisation
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algorithm would identify rotor imbalance type based on sensor data, assuming a scenario where the
data is obtained from a real WT.

It was previously mentioned in section 3.1 that this simulation is designed based on methodology pro-
posed by [6]. Therefore, the findings of this work are compared to theirs, in order to assess validity
of the data obtained from simulations. That being said, [6] have only looked at 1P rotor harmonic in
turbulent wind conditions, thus only 1P turbulent results can be compared.



Results and Discussion

4.1. Steady Wind Simulation Results

As mentioned previously in Chapter 3, three different fault conditions were modelled in steady and
turbulent wind conditions, at six different wind speeds and three levels of fault severity. The LSS
moments and forces were analysed in the harmonic domain and the peaks were extracted. The data
were sorted and averaged using the data processing algorithm, described in subsection 3.2.2. In this
section, steady-state simulation results are presented in the form of bar plots and summary tables,
as explained in subsection 3.2.3. In this chapter, only a subset of results is presented for clarity and
brevity. Specifically, two representative cases: one below and one above rated wind speed. The full
set of results can be found in the Appendix B.1.

4.1.1. Low Speed Shaft Moment

1P Harmonic

In this section, the absolute change in the 1P peaks in the LSS moment is discussed at two different
wind speeds: at below rated U3 and at above rated Ug. Figure 4.1 shows the change at 1P harmonic,
while Figure B.1 shows the results for all wind speeds tested. Overall, it can be seen that PM and Ml
fault cases show significant change in 1P peak magnitude in all three directions, with PMy and PMz
having the largest magnitude difference. On the other hand, YM fault case shows little to no change
from healthy conditions at the 1P harmonic, therefore it was omitted from Figure 4.1 to enhance clarity.
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Figure 4.1: Absolute Change in LSS Moment Below and Above Rated Wind Speeds at 1P Harmonic
in Steady Wind Conditions

For PM, such a large difference in magnitude could be caused by the large blade length, making the
system sensitive to small changes in pitch angle. Additionally, an increasing trend with both wind speed

33
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and fault level is observed for all PM cases, both below and above rated speeds. This was an expected
outcome following the explanation on the origin of 1P rotor harmonics in subsection 2.2.1. For the case
of MI, the results show an increasing trend with fault level. However, the system appears to be less
seinsitive to Ml than it is to PM in terms of magnitude difference

When comparing the results between Us and Ug, the magnitude decreases for PMx, Mix, Mly and
Miz, while it increases for PMy and PMz. The decrease in PMx and MIx can be explained by the pitch
controller pitching the blades to stall above rated wind speed, aerodynamically limiting toque generation
[6, 11]. Looking at results for all wind speeds in AppendixB.1, PMx torque progressively increases
between U; — U, — Us, then significantly drops from U; to U, and starts progressively increasing again
between U, — Us, at all fault levels.

The same decrease from Us; to U, can be seen for MIx, but unlike the PMx case, no progressive increase
can be seen between wind speeds below or above rated. A possible explanation for this could be the
fact that 1P torque harmonic in the Ml case is caused by gravitational forces and shifted centre of
gravity, which in theory should be independent of wind speed [11]. Whereas in the case of PM, the
1P torque harmonic is aerodynamic in nature, which in theory should be affected by a change in wind
speed.

In the case of PMy and PMz, the magnitude difference progressively increases between all wind speeds
U, —Ug. This complies with the theory, since PM is aerodynamic in nature , therefore it is natural for it to
increase at higher wind speeds. Mly and Mlz show a decreasing trend with wind speed between U; —Us,
but the trends for these two signals differ above rated. For Mly, the magnitude drops significantly from
Us to U, and starts progressively increasing from U, — Us. Whereas for Miz, the trend is reversed:
magnitude increases from Uj to Uy, but starts decreasing between Uy — Ug. These trends were not
expected, since in theory the bending moments should be caused by centrifugal force and gravity from
the mass imbalanced blade, as was explained back in section 2.4. Therefore, the bending moments
should follow the same trends as the shear force shown in Figure B.4, which it does not.

For the case of YM, no response at the 1P moment harmonic was an expected outcome. This is
because all three blades are affected equally at once by the change in yaw angle. Therefore, unlike
PM and MI cases which affect only one blade, insignificant 1P harmonic response can be seen for YM.

2P Harmonic

Similarly, Figure 4.2 and Figure B.2 show the absolute change at 2P harmonic. Overall, it can be seen
that the system is sensitive to the cases of PM and MI, with PMy and PMz signals showing a larger
change than the other fault cases. The peaks increase with fault level both below and above rated wind
speeds, while also progressively increasing with wind speed from U; — Ug. Similartly to the 1P moment
results, YM case has been omitted from Figure 4.2 to enhance clarity.
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Figure 4.2: Absolute Change in LSS Moment Below and Above Rated Wind Speeds at 2P Harmonic
in Steady Wind Conditions
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PMx also shows an increasing trend with fault level for all wind speed cases. Below rated, the mag-
nitude drops from U; to U,, but increases at Us, to values higher than both U; and U,. During the
transition to above rated wind speed, the magnitude drops from Us to Uy, which is probably caused by
the blades pitching. However, it begins to progressively increase between U, — Us. Although the data
show that the magnitude trends with both fault level and wind speed for the PMx signal, the magnitude
itself is relatively small, especially when comparing to PMy and PMz signals.

Similarly, Mly and MIz also show an increasing trend with fault level below and above rated, with a
slightly larger magnitude above rated. On the contrary, the difference in peak magnitude one to two or-
ders of magnitude smaller than PMy and PMz signals, showing a much less sensitive system response
at this harmonic. The remaining YM and Mix signals show small peaks without a consistent trend with
fault level or wind speed.

3P Harmonic

Figure 4.3 and Figure B.3 show the moment peaks at 3P harmonic. Unlike at 1P and 2P harmonics, the
3P harmonic is also present in a healthy rotor. PMy and PMz peaks can also be seen below and above
rated, having a significantly larger magnitude above rated. Below rated, no trend with wind speed or
fault level can be seen. However, above rated, the magnitude difference tends to increase with both
fault level and wind speed consistently. This result was not expected, since 3P harmonics are rarely
mentioned in the context of PM in literature.

YMy and YMz peaks show an increasing trend with fault level and wind speed below and above rated.
Additionally, the magnitude drops slightly from U; to Uy, due to pitch control activation. This result
complies with theory discussed in subsection 2.2.1, since all blades are affected equally by the change
in yaw angle, thus the moment fluctuation is detected three times per rotation. Other signals show no
significant response at this harmonic, as the magnitude change is small and no wind speed or fault
trends are present.
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Figure 4.3: Absolute Change in LSS Moment Below and Above Rated Wind Speeds at 2P Harmonic
in Steady Wind Conditions

4.1.2. Low Speed Shaft Force

1P Harmonic

In this section, the absolute change in force peaks in the LSS is shown at two different wind speeds:
at below rated U; and above rated Ug, shown in Figure 4.4. The full set of results can be found in
Figure B.4. Overall, it can be seen that PM in all three directions shows in a increasing magnitude
trend with both wind speed and fault level, below and above rated wind speed, while also having a
significant increase in magnitude above rated wind speed. Additionally, force response is similar to the
moment response discussed previously, and follows the theory from section 2.1.

All three MI force signals show an increasing trend with wind speed and fault level at below rated
conditions. However, above rated these trends change. Mix keeps the tendency to increase with fault
level for all wind speeds, but begins to progressively decrease from U, — Us. Mly and MIz also keep
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their increasing trend with fault level, however, show very little change in magnitude between U, — Us,
with changes being in the 10~ magnitude range. This result was expected following the explanation
on centrifugal force from section 2.4. Similar to the moment response, YM show little to no response
at the 1P harmonic.
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Figure 4.4: Absolute Change in LSS Force Below and Above Rated Wind Speeds at 1P Harmonic in
Steady Wind Conditions

2P Harmonic

Figure 4.5 and Figure B.5 show the force peak differences at the 2P harmonic. In general, all cases
show a relatively small difference in magnitude at this harmonic, ranging from 10=2 — 10° kN. All three
PM cases show an increasing trend with fault level at all wind speeds, below and above rated wind
speed. However, only PMx below and above rated, and PMz above rated show a consistent increasing
trend with wind speed. The trends in force at this harmonic are very similar to the trends in the moment
shown earlier, in terms of the increase with fault level and wind speed. That being said, the difference in
force magnitude is much less significant than what is observed for the difference in moment magnitude.

Although some of the Ml and YM cases showed fault level trends at the 2P moment harmonic, these
trends are not seen for the change in the 2P force harmonic. All three cases show no significant
changes in magnitude, or have any consistent trends with either fault level or wind speed. The loss of
trends present in the 2P moment harmonic was not expected, since a change in shear force should
result in a proportional change in bending moment.
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Figure 4.5: Absolute Change in LSS Force Below and Above Rated Wind Speeds at 2P Harmonic in
Steady Wind Conditions
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3P Harmonic

Figure 4.6 and Figure B.6 show the force peak differences at the 3P harmonic. Overall, it can be seen
that the magnitude change at this harmonic is rather small for the majority of signals. The majority of
cases do not show a consistent trend of a magnitude increase with the level of the fault or wind speed,
whereas the magnitudes remain small at all speeds and fault levels. All three PM cases show an
increasing trend with wind speed above rated speeds. Other than that, only YMx shows an increasing
trend with wind speed at below and above rated speeds.

Similarly to the 2P force harmonic, some of the signals that previously had trends at the 3P moment
harmonic have lost them at the 3P force harmonic. Namely, PMz has lost their increasing trend with fault
level at above rated speeds, while YMy and YMz have lost their trends with fault level and wind speed
at below and above rated speeds. After double checking the data, both with and without averaging
it, the possibility of trends being lost due to averaging can be ruled out, since steady wind conditions
produce a rather uniform signal which does not vary between time windows.

Another potential reason for this outcome could be the peak extraction algorithm was picking up noise.
To test this, the FFTs of the moment and force signals were plotted to see whether noise was being
extracted, shown in Appendix C.1. These figures show FFTs at two wind speeds, U, and Us, and two
fault levels, PM1 and PM3, of the PM case in the y-direction. It can be seen that distinct peaks appear
at U, for all moment and force cases. However, this changes for Us. For the moment, the 3P peak
flattens, meaning the peak being picked up by the algorithm was indeed noise. For the force, both 2P
and 3P peaks flatten, meaning it was noise for these cases, too. A similar situation is observed for
PMz, YMy and YMz.
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Figure 4.6: Absolute Change in LSS Force Below and Above Rated Wind Speeds at 3P Harmonic in
Steady Wind Conditions
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4.1.3. Discussion

To help analyse the results and trends present within, the data needs to be further processed and anal-
ysed from a different perspective. This chapter contains the results from the steady wind simulations
that have been summarised with an intent to highlight the trends and system responses to the three
fault cases.

Pitch Misalignment

Table 4.1 shows the averaged results below and above rated wind speeds for the case of PM, the
colour code for which can be found in Table 3.7. The moment in x-direction (the torque) shows to be
more sensitive to PM at 1P harmonic, with an average magnitude change of 50.2 kNm. However, at
above rated, the peak difference in PMx becomes much smaller at 10.3 kNm. At 2P and 3P harmonic,
the difference in torque peaks decreases further, both below and above rated. The force in x-direction
(thrust), on the other hand, shows a large increase from below to above rated speeds at 1P harmonic.
Whereas, at 2P and 3P the change becomes less significant.

The moment and force in the y and z directions show similar trends to each other in terms of average
peak difference, with both moments and forces in the z-direction showing slightly larger magnitude
changes for all harmonics than in the y directions, with an exception of below rated moment in y-
direction. Moment changes at 1P harmonic are very large compared to other signals below rated,
increasing even further above rated. Moments at 2P harmonic appear to be less sensitive to PM below
rated, displaying values between M2-M3 levels (in reference to the scale provided in Table 3.7), while
above rated, the sensitivity increases drastically to M5 level in both directions. Forces, on the other
hand, show a different response to PM. 1P force changes show lower sensitivity below rated speeds,
being at level F2 on average. However, the changes become much larger above rated, going above the
F5 level threshold. As for 2P and 3P harmonics, both directions are shown to be much less sensitive
to PM, resulting in F1 level peaks below and above rated.

In terms of magnitude change, 1P harmonic has shown to be the most sensitive to PM in all three
directions, both for moment and force signals. Additionally, the 2P harmonic has consistently appeared
in the moment FFTs for all directions below and above rated wind speeds, while only appearing below
rated for all force cases, as is shown in Figure C.1 — C.6. The 3P harmonic, on the other hand, lacked
the same consistency demonstrated by the 1P and 2P harmonics, having small peaks in comparison
to the noise.

From this, it can be concluded that the 1P moment and force harmonics can be considered as PM
identification factors with a high degree of confidence, due to their consistently high peak compared to
the surrounding noise, both below and above rated wind speeds, as well as trends present. Moreover,
the below and above rated 2P moment harmonics can also be considered as potential PM identification
factors, despite being less sensitive than the 1P harmonic. The 3P harmonics, however, should not
be considered as potential identification factors for this type of imbalance, due to the relatively small
peaks compared to the noise, despite having a relatively large magnitude difference. That being said,
it is still not fully clear as to why exactly the 2P and 3P moment harmonics are far more sensitive than
the force harmonics.
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Table 4.1: Average Moment and Force Peak Difference in LSS Between a Healthy Rotor and a Rotor
with PM, Steady Wind

PM Moment in LSS [kNm] PM Force in LSS [kN]
Frequency | Axis | Below Rated | Above Rated | Below Rated | Above Rated
X 50.2 10.3
1P Y
z
X
2p Y
z
X
3P Y
z

Summary

Table 4.2 summarises the results for the steady case of PM. The table was constructed by utilizing
the average peak differences in Table 4.1, while using the same colour scheme and sensitivity level
derived in Figure 3.4. One key difference between Table 4.1 and Table 4.2 is that the latter also provides
information on the trends related to wind speed and fault level. Table ?? and Table ?? provide the
legend for the moment and force summary table, respectively. The legends contain the moment and
force ranges for levels M;-My and Fi-F5, respectively.

From Table 4.2 it can be seen that the most sensitive sets of resuls are 1P moment and force harmonics,
due to the high magnitude difference, and wind speed and fault level trends present. The 2P moment
harmonic shows and increased sensitivity at above rated speeds in y and z-directions, while the force
harmonic shows to be much less sensitive. Similarly to the 2P moment harmonic, the 3P moment
hamronic shows increased sensitivity above rated, while the 3P force harmonic appears to be less
sensitive.

Table 4.2: Summary table for the case of PM at steady wind conditions

PM Moment in LSS PM Force in LSS
Frequency Axis Below Rated|Above Rated|Below Rated|Above Rated

X M2+ Mi+ F2+
1P y

z

X F1+
2Py F1

z F1+

X F1+
3P y F1+

z F1+

Mass Imbalance

Table 4.3 shows the averaged results below and above rated wind speeds for the case of MI. The 1P
torque shows to be more sensitive to M| at below rated speeds, with an average magnitude change of
125.2 kNm, while it goes down significantly above rated to 6.2 kNm. The opposite is observed for the
1P thrust, with the magnitude increasing on average above rated speeds.

The 1P Mly and Mlz moment harmonics show a substantial increase in magnitude both below and
above rated wind speeds, with magnitudes being within the M1 region. In comparison, the 1P force
harmonic demonstrates a higher degree of sensitivity to MI, with peaks ranging from F3 to F4 on the
scale. Similarly, the 2P Mly and Miz moment harmonics show, on average, a peak magnitude difference
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of about 10° kNm, with peaks displaying a significantly large peaks compared to the noise. On the
contrary, the 2P force signals could most likely be noise, in all directions.

Overall, the 1P harmonic seems to have the highest sensitivity to Ml in all three directions, both for the
force and the moment. All cases produce distinct 1P peaks, standing out from the surrounding noise,
in addition to having consistent wind speed and fault level trends that could be used to characterise this
fault case based on the signal data. The 1P Mly and MIz force signals have displayed the most con-
sistent trends with theory [6][11] and can therefore be considered as primary signals for characterising
the fault. On the other hand, 2P and 3P force and moment in all three directions show no significant
change in magnitude or trends, with peaks extracted having a high noise ratio, shown in Figure C.7 —
C.12. This therefore gives low confidence in using these signals as identification factors for the case
of Ml.

Table 4.3: Average Moment and Force Peak Difference in LSS Between a Healthy Rotor and a Rotor
with MI, Steady Wind

MI Moment in LSS [kNm] MI Force in LSS [kN]

Frequency | Axis | Below Rated| Above Rated | Below Rated Above Rated
X 125.2 6.2 1.D| 8.8

1P Y 33.0 13.2 14.8
z 31.9 38.2 12.2 16.4
X 0.3 0.3 0.0 0.1
2P Y 0.8 2.0 0.8 0.6
z 2.0 2.7 0.1 0.8
X 0.1 0.4 0.1 0.5
3p Y 0.1 0.1 0.1 0.3
z 0.0 0.4 0.4 0.5

Summary

Table 4.4 summarises the results for the steady case of MI. Immediately, it is apparent that the 1P
harmonics show the most significant change based on magnitude, as well as wind speed and fault
level trends. Additinally, it can be seen that the resonse at 1P force harmonic is the most sensitive in
terms of magnitude difference and trends with wind speed and fault level. 2P and 3P harmonics on the
other hand, show far less sensitive responses in comparison.

Table 4.4: Summary table for the case of Ml at steady wind conditions

MI Moment in LSS MI Force in LSS
Frequency Axis Below Rated|Above Rated|Below Rated|Above Rated
X M3 M1 Fl+ F2
vy M1 M1+ E3+ Fac |
z Ml M1 F3+ F3c
X M1 M1 F1 N/A
2P y M1 M1 F1 F1
z M1 M1 F1 F1
X M1 M1 F1 F1
3P y M1 M1 F1 F1
z M1 M1 F1 F1

Yaw Misalignment

Table 4.5 shows the averaged results below and above rated wind speeds for the case of YM. From
the table, it can be seen that primarily the 3P moment harmonics in y and z directions have the largest
change in response to YM, with moment peaks reaching up to M2 level on average. While there are
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some peaks that appear at 1P and 2P harmonic, it is difficult to draw any conclusions from them, since
they do not show any trends related to increasing with wind speed or fault level. Furthermore, 1P and
2P peaks are not very pronounced when plotted in comparison to the surrounding noise, shown in
Figure C.13—C.18. With this, it can be concluded that the 3P moment harmonic in y and z can be used
to characterise YM.

Table 4.5: Average Moment and Force Peak Difference in LSS Between a Healthy Rotor and a Rotor
with YM, Steady Wind

YM Moment LSS [kNm] YM Force in LSS [kN]

Frequency | Axis | Below Rated| Above Rated || Below Rated Above Rated
X 0.0 0.0 0.0 0.0

1P Y 0.0 0.1 0.0 0.0
z 0.1 0.1 0.0 0.0

X 0.4 0.1 0.0 0.2

2P Y 0.2 0.8 0.5 0.3
z 1.7 1.4 0.0 0.0

X 0.3 0.7 0.6 0.8

3P \ 52.9 51.9 0.2 0.1
z 62.1 60.9 0.6 0.7

Summary

Table 4.6 summarises the results for the steady case of MYM. Immediately, it is apparent that the 1P
and 2P harmonics show no significant changes based on magnitude, as well as wind speed and fault
level trends. On the other hand, the 3P moment harmonics are much more sensitive to YM, with YMy
and YMz harmonics showing the highest sensitivity in terms of wind speed and fault level trends and
magnitude difference.

Table 4.6: Summary table for the case of YM at steady wind conditions

YM Moment in LSS YM Force in LSS
Frequency Axis Below Rated|Above Rated|Below Rated|Above Rated

X N/A N/A N/A N/A
1P y N/A N/A N/A N/A

z N/A N/A N/A N/A

X M1 M1 F1 F1
2Py M1 M1 F1 F1

z N/A M1 N/A F1

X M1 M1 F1+ F1+
3Py M2+ M2+ F1 F1

z M2+ M2+ F1 F1

4.2. Turbulent Wind Simulation Results

In this section, the turbulent wind simulation results are discussed. The turbulent wind simulations were
conducted in a similar way to steady wind simulations, with the exception of using six turbulent wind
seed files for each fault case, as was discussed in chapter 3. The results provided in this chapter are of
the same format as in section 4.1, presenting moment and force peak change, between a healthy and
a faulty rotor, in the x, y and z direction for each fault case, below and above rated speeds, averaged
over the six seeds. The aim of this section is to highlight the differences in trends and magnitudes
between steady and turbulent wind conditions. All relevant figures can be found in section B.2
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4.2.1. Low Speed Shaft Moment

Figures B.7 — B.9 show the changes in moment peaks at 1P, 2P and 3P harmonics, respectively. For
the 1P harmonic, it can be seen that the differences in trends and magnitude changes are minimal
for all cases, in comparison to the steady results. The most significant change at this harmonic can
be seen in PMy and PMz magnitude difference being slightly smaller than in the steady wind results.
Similarly, for the 2P hamronic the differences between steady and turbulent results are minimal. The
magnitude differences are largely the same. The trends are no longer seen for the cases of PMx, Mly,
Miz and all directions of YM. Other cases see no significant changes. For the 3P harmonic, the PMy
and PMz magnitude difference at above rated has decreased and the trends are no longer seen, when
compared to the steady case. For Mly and Miz, the increasing trends with fault level have become
slightly clearer. For YM, the magnitude difference remained similar, with wind speed trends being lost
at above rated speeds for YMy and YMz directions. No significant change is observed for the remaining
cases.

4.2.2. Low Speed Shaft Force

Figures B.10 — B.12 show the change in force peaks at 1P, 2P and 3P harmonics, respectively. For the
1P harmonic, the turbulent results appear to be similar to steady-state results in terms of magnitude
difference. In terms of trends, the only difference is ovserved for below rated PMy and PMz gaining a
more conistent positive trend with wind speed. For The 2P harmonic results show loss of wind speed
trends for the case of PM, while the peaks for Ml and YM disappear entirely. As for the 3P harmonic, the
most apparent change is the loss of trends seen in the steady results, for all cases. The only exception
to this is the above rated PMy keeping its increasing trend with wind speed.

4.2.3. Discussion and Comparison

This section contains the results from the turbulent wind simulations that have been summarised with
an intent to highlight the trends and system responses to the three fault cases. This was done using
the same procedure as for the steady wind results. After distributing the results into five bins, seen in
Figure 3.5. As a result, a distribution similar to Figure 3.4 was obtained, with bins having the same
thresholds for both moment and force. The color scheme and naming of the bins was kept the same,
therefore Table 3.7 can be referred to this chapter, too. Additionally, the turbulent results are compared
to the steady results.

Healthy

Table 4.7 shows the difference between average moments and forces in a healthy rotor at turbulent
and steady wind conditions. The signals which increased in the turbulent results are highlighted in
green, while the ones that decreased are highlighted in red. This was calculated by subtracting healthy
steady peaks from healthy turbulent peaks. Then the mean below and above rated is calculated in
each direction. From the table it can be seen that overall there is no change at 1P harmonic between
turbulent and steady results. This difference is presented to highlight what effect turbulence brings,
without the effect of rotor imbalances present. Small decrease in peak magnitude can be observed at
2P moment and force peaks in the y direction, as well as a small decrease in moment peaks in the z
direction. On the other hand, the magnitude increases substantially for both moment an force at 3P, in
all three directions. A very large increase in peak magnitude is seen at 3P moment about the y and z
axis, which increases with wind speed.
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Table 4.7: Average Moment and Force Peak Change in LSS Between Healthy Rotors in Turbulent
and Steady Wind Conditions

Healthy Moment LSS [kNm]|| Healthy Force in LSS [kN]

Frequency Axis Below Rated| Above Rated |Below Rated Above Rated
X 0.0 0.0 0.0 0.0

1P ¥ -0.1] 0.0 0.0 0.0
z 0.0 0.0 0.0] 0.0]

X -0.8 0.0 0.0 0.0

2P ¥ -1.2] -0.7 -1.9] -0.1]
z -4.7 -0.4 0.0] 0.0]

X 1.1 3.1 7.4 14.6]

3P ¥ 659.4 1528.5 2.0 4.6
z 633.1 1455.9 1.6 8.0

The increase in 3P harmonic could be explained by the way turbulence is modelled. In a steady wind
profile, the wind velocity remains constant and is only present in the x direction, with velocity in the y
and z direction equating to zero. However, in the turbulent wind profile, variance is added to the velocity
to induce a degree of randomness. This results in a wind profile that has variable wind velocity in the
X, y and z directions. The small velocity variability in the y and z directions results in the wind meeting
the rotor at a skewed angle of attack. As mentioned in the previous chapter, a healthy rotor should only
output peaks at 3P harmonic, since 1P and 2P harmonics cancel out. Therefore, an increase in 3P
peaks could be caused by the variation in angle of attack.

Pitch Misalignment

Table 4.8 shows the averaged results below and above rated wind speeds for the case of PM, at
turbulent wind conditions. Overall, little difference can be observed in comparison with steady results
in Table 4.1, in terms of harmonic response. Similar trends can be observed, with the same harmonics
being excited in all three directions. However, Table 4.9 gives a closer look what role turbulence plays
on dynamic responses, in terms of peak magnitude. The difference was calculated by subtracting
steady wind results from turbulent wind results, after which the mean peak differences between the
two wind conditions were calculated using Equation 3.3 and Equation 3.4.

Table 4.8: Average Moment and Force Peak Change in LSS Between a Healthy Rotor and a Rotor
with PM, Turbulent Conditions

PM Moment in LSS [kNm] PM Force in LSS [kN]
Frequency Axis Below Rated | Above Rated || Below Rated | Above Rated
X 11.0
1P Y
z
X
2P Y
z
X
3P "
z

From, Table 4.9 it can be seen that mostly there are small changes in peak magnitude, with most
peaks showing a small increase. However, 1P and 3P moment peaks PMy and PMz, both below and
above rated, show a much larger change. As mentioned previously, the effect of PM is aerodynamic
by nature, meaning that the aerodynamic effect of turbulence could be acting in tandem with the aero-
dynamic effect of PM. Despite the fact that the 1P peak magnitude increases with fault level and wind
speed both in steady and turbulent wind conditions, the magnitude is smaller overall in turbulent wind
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conditions. One possible reason for this decrease in 1P peak magnitude in the turbulent case could be
the interaction between the angle change due to PM in the faulty blade and change in the inflow angle
caused by the turbulence, resulting in a smaller moment produced by the faulty blade, in reference to
Equation 2.12.

A significant increase in the 3P moment peaks, PMy and PMz, is observed. On average, these peaks
are smaller in turbulent wind conditions than in steady wind conditions, as shown in Table 4.8 and
Table 4.1. However, Table 4.7 indicates that turbulence generally leads to larger 3P peaks compared
to steady wind. This suggests that turbulence increases the LSS 3P moment. Meanwhile, the presence
of PM slightly reduces the 3P moment, meaning the moment from all three blades are slightly smaller
under turbulent conditions when PM is present.

Table 4.9: Average Moment and Force Peak Change in LSS Between Turbulent and Steady Wind
Conditions in a Rotor with PM

PM Moment in LSS [kNm] PM Force in LSS [kN]

Frequency Axis Below Rated| Above Rated|Below Rated|Above Rated
X -0.1 0.7 4.2 3.4

1P ¥ -100.9 -48.0 -0.4 -1.1
z -79.1 -123.7| -0.4 -1.2

X 1.5 -1.1 0.4 -2.9

2P ¥ -1.1 1.0 0.0 3.9
z 0.8 1.3 0.6 2.0

X 0.0 2.9 6.9 13.9

3P ¥ 629.0] 1406.0] 1.2 7.3
z 592.2 1275.0] 1.7 7.6

Summary

Table 4.10 summarises the results for the turbulent case of PM. Immediately, it can be see that all 1P
moment and force cases show an increase in magnitude change with both fault level and wind speed,
which is expected given the aerodynamic origin of 1P moment and force. Similar trends to the steady
wind simulations can be seen in the 2P moment and force peaks, with minimal changes in magnitude,
meaning that turbulence plays a small role in this fault case. The 3P moment peaks show smaller peak
difference from healthy, which was mentioned previously.

Lastly, it is worth noting that some signals no longer increase with wind speed and/or fault level, com-
paring to the steady wind results. The signals are: PMx moment at 2P, PMy and PMz moments at 3P,
PMx force at 2P and 3P, PMy force at 1P and 3P and PMz force at 1P, 2P and 3P One possible reason
could be that the trends were lost during averaging of the 6 seeds, since different seeds produce slightly
different results, due to variance in wind speed magnitude and direction. This was not the case for the
steady wind data, since the variation between time windows is negligible. In addition, the small peak
being mixed in with the noise could have averaged out, and with it, the trends seen in the steady case.
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Table 4.10: Summary table for the case of PM in turbulent wind conditions

PM Moment in LSS PM Force in LSS
Frequency Axis Below Rated | Above Rated|Below Rated | Above Rated
X M2+ M1+
1P y
z
X
2P y
z
X
3P y
z

Mass Imbalance

Table 4.11 shows the averaged results below and above rated wind speeds for the case of MI, at turbu-
lent wind conditions. Overall, little changes are observed in comparison to the steady conditions.The
key signals of 1P Mix torque and 1P Mly and Miz forces experience minor increases in magnitude, as
seen in in Table 4.12. Larger increases can be seen in 1P and 3P Mly and Mz moments.

An increase in 2P MIY and MIz moments can be seen. One possible explanation for this could be an
increase variation of rotor speed, caused by turbulence. It was established in the previous chapter that
the origin of 2P moment could be centripetal force, which is proportional to the square of rotor speed.
Therefore, the variation in rotor speed could lead to slightly larger 2P moment peaks seen in the results.
Lastly, an increase in 3P moment is caused by an increase in aerodynamic loading due to turbulence,
which is also seen in the healthy and PM cases.

Table 4.11: Average Moment and Force Peak Change in LSS Between a Healthy Rotor and a Rotor
with MI, Turbulent Conditions

M1 Moment in LSS [kNm] MI Force in LSS [kN]

Frequency Axis Below Rated | Above Rated | Below Rated Above Rated
X 125.4 6.2 D.D| 9.6

1P ' 31.7 23.2 13.5
z 36.9 32.9 12.7 17.4
X 2.2 0.0 0.1 0.0
2p 1% 6.1 6.3 2.1 0.0
z 14.6 14.3 0.0 0.0
X 0.0 0.0 0.1 0.2
3p ' 16.0 31.7 0.4 0.0
z 20.4 13.8 0.0 0.0
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Table 4.12: Average Moment and Force Peak Change in LSS Between Turbulent and Steady Wind
Conditions in a Rotor with Ml

MI Moment in LSS [kNm] MI Force in LS5 [kN]

Frequency Axis Below Rated| Above Rated|Below Rated Above Rated
X 0.2 0.0 -1.0 0.8

1P ¥ -1.3 10.0) 0.0 0.7
z 5.0 -5.3 0.5 1.0

X -3.1 -0.3 -0.1 -0.1

2P ¥ A3 3.6 0.2 -0.7
z 9.9 11.1 -0.1 -0.8

X 1.4 2.7 7.3 13.9

3P ¥ 655.0] 1524.6 1.1 4.5
z 628.6 1452.6 1.9 7.9

Summary

Table 4.13 summarises the results for the turbulent case of MI. Overall, in comparison to the results from
the steady wind condition simulation, seen in Table 4.13, there is little change in terms of difference
in magnitude between healthy and Ml results. However, some signals no longer increase with wind
speed and/or fault level. These signals are: MIx moment at 2P and 3P, Mly moment and 1P, 2P and 3P,
MIz moment at 2P and 3P, MIx force at 1P and 2P, Mly force at 2P and 3P and MIz force at 2P. Again,
the probable cause of losing this trend is averaging the results of six turbulence seeds in tandem with
peaks being surrounded by noise. That being said, the key signals like 1P Mly and Miz force peaks,
as well as 1P MIx torque, still show similar trends to the steady case below and above rated speeds.
This increases the confidence in using these signals to identify Ml in the rotor.

Table 4.13: Summary table for the case of Ml in turbulent wind conditions

MI Moment in LSS MI Force in LSS
Frequency Axis Below Rated | Above Rated | Below Rated Above Rated
X M3 M1 N/A F2
Py M1 M1 F3+ h
z M1 Ml F3+ F3c
X N/A N/A N/A N/A
2P y M1 M1 N/A N/A
z M1 M1 N/A N/A
X N/A N/A F1 F1
3Py M1 M1 N/A N/A
z M1+ M1 F1 F1

Yaw Misalignment

Table 4.14 shows the averaged results below and above rated wind speeds for the case of YM, at
turbulent wind conditions. Overall, little changes are observed in comparison to the steady conditions.
The small variations in 2P harmonic are mostly gone, similarly to other cases where noise was averaged
out over multiple turbulence seeds. Lastly, slight increases in 3P YMy and YMz moments are observed.

From Table 4.15 it can be seen that there is an increase in 3P moment and force peak magnitudes, in
all three directions, with 3P YMy and YMz moments experiencing the largest change. This is caused
by an increased load due to turbulence, similar to other fault cases. Other than that, the differences
are minor.
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Table 4.14: Average Moment and Force Peak Change in LSS Between a Healthy Rotor and a Rotor

with YM, Turbulent Conditions

YM Moment LSS [kNm] YM Force in LSS [kN]

Frequency Axis Below Rated | Above Rated | Below Rated Above Rated
X 0.7 0.0 0.0 0.0

1P ' 0.0 0.0 0.0 0.0
z 0.0 0.0 0.0 0.0

X 0.6 0.0 0.6 0.0

2p 1% 0.0 0.0 0.0 0.0
z 0.0 0.0 0.0 0.0

X 0.7 0.9 1.4 1.9

3P ' 76.3 89.3 0.5 1.4
z 101.1 113.0 0.6 0.7

Table 4.15: Average Moment and Force Peak Change in LSS Between Turbulent and Steady Wind

Conditions in a Rotor with YM

¥YM Moment LSS [kNm] ¥YM Force in LSS [kN]

Frequency Axis Below Rated|Above Rated|Below Rated Above Rated
X 0.7 0.0 0.0 0.0

1P ¥ -0.1 -0.1 0.0 0.0
z -0.1 -0.1 0.0 0.0

X -1.4 -0.1 0.6 -0.2|

2P ¥ -1.4 -1.5 -2.4 -0.5|
z -5.3 -1.7 0.0 0.0

X 21 3.3 6.7 12.6

3P ¥ 684.5 1568.0 1.4 6.0
z 680.7 1503.8 1.2 7.6

Summary

Table 4.16 summarises the results for the turbulent case of YM. Overall, only a few changes are seen
in comparison to steady case results, seen in Table 4.6. Above rated 3P YMy and YMz moment peaks
lost their increasing trend with wind speed, which is again probably caused by averaging of the six
seed. Similarly, the increasing trend in wind speed for 3P YMx force is gone, too. Additionally, all 2P
force and moment peaks observed in the steady case are now gone and do not appear in the FFT of
the signal in any of the seeds.

Table 4.16: Summary table for the case of YM in turbulent wind conditions

YM Moment LSS YM Force in LSS
Frequency Axis Below Rated | Above Rated | Below Rated Above Rated

X N/A N/A N/A N/A
1Py N/A N/A N/A N/A

z N/A N/A N/A N/A

X N/A N/A N/A N/A
2P y N/A N/A N/A N/A

z N/A N/A N/A N/A

X M1 M1 F1 F1
3P y M2+ M2 F1 F1

z M2+ M3 F1 F1
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4.3. Fault Detection and Characterisation

Given the results presented and analysed in section 4.1 and section 4.2, it is now possible to determine
how the three rotor faults can be detected and distinguished from each other. To determine the most
suitable signal to identify each fault, the following signal characteristics need to be considered: peak
magnitude, trends with wind speed increase and trends with fault level increase. Additionally, the peak
amplitude relative to noise should be considered. Signals with clearly pronounced high amplitude peaks
would be easier to detect in a real-world scenario, as signals with smaller peaks mixed in with the noise
can be misidentified. Furthermore, the results from both steady and turbulent cases need to be used
to determine the most suitable signal for each rotor fault case. Lastly, it is also important to compare
the results obtained in this work with the results obtained by [6]. Finding similarities in the results would
improve their reliability.

To begin with, the difference between steady and turbulent wind conditions needs to be analysed. The
key differences found in section 4.2 have shown that many signals have lost their trends with wind speed
and/or fault level, with some signals even not showing up on the FFT. It was also seen in section 4.1
that these signals in particular have also had less pronounced peaks than those that maintained similar
tendencies in the turbulent wind cases. This means that the peaks extracted by the algorithm have
most likely been picked up from the noise surrounding that harmonic and averaged out over the six
turbulence seeds. Therefore, it is safe to assume that these signals can be omitted from the signal
selection process. Moreover, signals that maintained a trend between steady and turbulent results are
more likely to accurately identify a specific rotor fault.

Now that majority of the signals have been discarded, it becomes much easier to match each remaining
signal to each rotor fault case. To further narrow the list of potential candidate signals, signal magni-
tude should now be considered. Higher peak amplitudes of the FFT could imply that the system is
more sensitive to a fault at that particular frequency. Therefore, signals with higher amplitude should
be prioritised over signals with lower amplitude. For instance, PMx 1P moment displays consistent
increasing trends with fault level and wind speed, both below and above rated speed, while having a
clear FFT peak with high amplitude. However, it would make more sense to use 1P PMy and PMz mo-
ment signals instead, since they have all of the above-mentioned trends, but a much higher amplitude.
That being said, replying on magnitude alone will not show the full picture. For example, 2P PMy and
PMz moment at above rated speed both have an M5 level magnitude, but only PMz has a consistent
increasing trend with wind speed, making PMz a better signal to use.

Lastly, similarities and differences with [6] need to be established. First of all, their results show a very
clear increase in magnitude for PMy and PMz force and moment signals, increasing with wind speed
and fault level, which is very similar to the results obtained in this work. Second, in their results, 1P
Mix torque at below rated, and 1P Mly and Miz shear forces have experienced significant excitation,
similar to what was observed in this work. The 1P MIx torque at below rated speed matches this
work’s results in particular, based on their description. The 1P Mly and Miz force trends, based on the
plots provided, experience similar increasing wind speed and fault level trends at below rated speeds.
However, at above rated speeds, they show an increasing trend with wind speed, while results in this
work show a more constant wind speed trend, with only minor changes in magnitude. Third, 1P YM
results similarly show insignificant changes in magnitude for most cases. The only exception being the
1P YMy force, which appeared to consistently increase for all wind speeds, whereas in this work no
significant changes were observed.

One major difference is that the research in [6] does not look at harmonics other than 1P. Some signals
have shown to have some degree of sensitivity at 2P (PM moment) or 3P harmonic (YM moment) in
this work, with YM cases particularly showing significant magnitude changes at 3P moment harmonic.
That being said, many 2P and 3P harmonics in PM and MI cases resulted in FFT peaks having a rather
small amplitudes compared to the noise, meaning it would be difficult to justify choosing them over their
1P counterparts.

Decision Tree

Based on the above reasoning, the most sensitive signals have been identified for each case and the
decision tree in Figure 4.7 has been produced. The decision determines which signals are the best
identifier of a fault present in the rotor. Based on the results, it was noticed that many signals display
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different trends at above rated speeds. Therefore, the decision tree contains two paths at the beginning,
one for below rated and one for above rated data.

The decision tree is designed to be used in a real-world scenario. For example, in a scenario where an
operational WT’s LSS moment (M) and force (F) data is collected to check whether any rotor imbalances
are present. The data is analysed in the frequency domain and compared to the data of a reference
turbine that is known to be healthy. The data is compared at the same wind speed, U. If an increase in
magntiude is detected and it can be matched to one or more characteristic signals of a rotor imbalance
derived in this work, then the fault can be characterised. Additionally, the characteristic trends with
wind speed are also taken into account to increase fault characterisation accuracy. The characteristic
trends with fault level are not taken into account in the decision tree, since it would be difficult to measure
accurately the exact fault level in a real world scenario.

The decision tree is constructed in a way which eliminates the possibility of misidentifying the fault,
by characterising the faults in the order: PM-MI-YM. For instance, both PM and MI cases have 1P
force harmonics present in the output, which can be used to identify either of the faults in the rotor.
To eliminate the possibility of mischaracterisation, the presence of PM needs to be checked first by
checking whether PMy or PMz 1P moment harmonic increases with wind speed. While 1P Mly and
MIz moment harmonics are also present, their magnitude is much smaller than that of 1P PM moments,
and they do not have a clear increasing trend with wind speed, unlike PMy and PMz harmonics. This
therefore lowers the probability of misidentifying Ml as PM, and vice versa.

For PM, the signals were narrowed down to two: PMy and PMz 1P moment harmonics. Either one of
them can be used to identify PM in the rotor, since both signals produce very similar response, namely
large magnitude change which increases with wind speed. These signals can be used both below and
above rated wind speeds, since the trends remain the same and the magnitude keeps increasing. 1P
PMx torque and thrust could also be used, but since these harmonics also appear in 1P Mix torque
and thrust it could lead to misidentification. 2P and 3P harmonics were not considered due to higher
amount of noise surrounding the extracted peaks and a lack of consistent wind speed trends.

For MI, the signals were also narrowed down to two: Mly and Mlz 1P force harmonics. Similarly to
the signals chosen for PM identification, either of the two could be used below and above rated. 1P
Mix torque and thrust signals were not considered to not confuse them with PM. 2P and 3P harmonics
have not shown consistent trends or high enough peak amplitudes to be considered.

Lastly, for YM the signals were also narrowed down to two: YMy and YMz moment harmonics, where
either of which could be used below and above rated. Other signals have not shown any wind speed
trends, so they were not considered. This completes the decision tree and it is now possible to identify
whether either of the three rotor faults, PM, Ml or YM, are present.
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Figure 4.7: Rotor Fault Characterization Decision Tree



Conclusions

With the wind industry growing rapidly to meet the world’s demand for clean energy, it is more important
than ever to address underlying costs posed by O&M of WTs. Detecting rotor faults in time through
remote techniques may reduce O&M costs of a WT, as well as reduce the risk of turbine failure. This
work investigated ways to remotely characterise and identify WT rotor imbalances based on dynamic
loads produced by the rotor. This chapter provides answers to the questions posed in chapter 1.

Main Research Question: Can common wind turbine rotor faults be detected and characterised,
based on the dynamic system responses, under faulty operating conditions?

Based on the findings of this research, it can be concluded that it is possible to detect and characterise
three different rotor imbalances from one another. This was achieved by simulating the WT under
healthy and faulty conditions at different combinations of environmental conditions and fault levels. The
output signals were later analysed in the frequency domain, clearly showing the difference in dynamic
responses of the rotor to each type of rotor imbalance. The decision tree proposed in the results section
characterises each rotor imbalance based on signals’ magnitudes and wind speed trends, while taking
into account scenarios where similar behaviour is observed in multiple imbalance cases. The findings
therefore show that it is feasible to detect a faulty rotor remotely following the steps proposed by the
decision tree, whilst also being able to characterise what type of fault it is before arriving on site to
provide maintenance, saving time and reducing costs.

In turn, the sub-questions can also be answered:

* Which output signals can be used to detect faults present in the rotor, and what signal
characteristics should be considered in the process?

This work focused primarily on analysing quantitative data sets, including moment and force out-
put signals in the LSS. It was found that LSS moment and force signals can be used to detect
the presence of rotor imbalance and can be used to differentiate one imbalance type from an-
other, when analysed in the frequency domain. Moreover, it was found that it is not sufficient to
solely rely on FFT peak magnitudes because imbalances had some moment and/or force har-
monic peaks in common, making it difficult to distinguish one imbalance from another. Therefore,
analysing trends, such as wind speed and fault level trends, can help distinguish between differ-
ent rotor imbalances. Overall, it was found that LSS moment signals have shown the clearest
and most consistent trends that could be used to characterise pitch and yaw misalignments, while
LSS force signals were more reliable at characterising mass imbalance.

Moreover, it was also found that it is important to consider a wide range of harmonics to more
accurately characterise each imbalance type. For PM and MlI, relying solely on the 1P harmonic
would be sufficient to detect and differentiate one from another. However, for the YM case, the 3P
moment harmonic showed to be a much better identifier than both 1P and 2P harmonics. Thus,
considering harmonics other than 1P, the most common harmonic found in literature, can improve
rotor imbalance characterisation accuracy.
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+ To what extent can rotor fault conditions be differentiated from another, based on the dy-
namic responses of a wind turbine?

As it was seen in the results, each type of rotor imbalance produced a distinct set of outputs
with unique characteristics specific to that imbalance type. The difference between the outputs of
each imbalance case was primarily seen in the signals that were excited, the excitation magnitude,
and the wind speed and fault level trends present in the data. PM and MI fault cases had some
signals in common with similar trends, making it possible to mislabel one imbalance for another.
That being said, the differences in the output signals were sufficient to correctly characterise each
signal and differentiate one from the other, which is also true for the case of YM.

* How are wind turbine’s dynamic system responses influenced by a change in the wind
speed, under healthy and faulty conditions?

In this work’s approach, healthy and faulty WT rotors have been modelled under six different
wind speeds, three below rated and three above rated, to see what effect wind speed has on
the system’s dynamic responses. From the results, it was seen that higher wind speeds posed a
higher aerodynamic load on the rotor. The higher loads, in turn, enhanced the system responses
to the imbalance, seen in the larger FFT peak amplitudes in harmonics respective to each type
of imbalance tested. The clearest positive wind speed trends were observed in 1P moments, 1P
forces and 3P moments in y and z directions for PM, Ml and YM, respectively. In a healthy rotor,
an increase in wind speed results in higher 3P force and moment harmonic amplitudes in all three
directions, while the 1P and 2P harmonics remain unchanged.

What effects do turbulent environmental conditions have on a wind turbine’s dynamic sys-
tem responses? In comparison to steady wind, turbulent wind added noise into the output, mak-
ing it easier to distinguish peaks from noise in the FFTs, since the majority of the noise averaged
out over multiple turbulence seeds. In addition, turbulent wind resulted in higher 3P harmonic
peak loads in all healthy and faulty cases, and smaller 1P loads in the PM case. Other cases
show little to change in magnitude. Additionally, some wind speed and fault level trends have
been lost due to averaging. However, the signals used for imbalance characterisation kept the
same trends observed in the cases with steady wind.

Overall, this work successfully demonstrated that common wind turbine rotor imbalances can be de-
tected and characterised based on the dynamic system response. This is achieved by simulating
various rotor imbalances with different combinations of environmental conditions and fault levels, and
analysing the output in the frequency domain.



Recommendations

While the results in this thesis have been promising, there are areas where this work can be further
improved on. This chapter aims to highlight the limitations of this work and provide recommendations
on how future works could build upon the findings of this thesis.

To begin with, the first big limitation of this work is that it only considered three cases of rotor imbalance:
PM, MI and YM. While these rotor faults are common in WTs, they by far not the only issues that could
be present, such as: surface cracking, delamination, surface erosion and more. Unlike PM, YM and
some cases of Ml (e.g.icing), faults like surface cracking may grow and worsen over time. All of this
together leads to questioning whether it is possible to detect and characterise other types of rotor faults
using the methodology presented in this thesis. In addition, it is also important to find an accurate way
to model other types of rotor faults, that can properly represent the dynamic and aerodynamic effects
they pose on the system [60].

Furthermore, another important factor to consider when modelling and analysing other rotor faults is
what type of dynamic responses can be expected from them. While this work has shown that frequency
analysis in the 1P-3P harmonic range is enough to distinguish between PM, MI and YM, other types
of rotor faults have not been explored, and higher order harmonics have not been considered. There-
fore, this result is limited by the fact that other rotor faults, like blade cracking or delamination, could
give dynamic responses too similar to PM, MI or YM, making it difficult to distinguish between them,
compromising the robustness and accuracy of this method. With this, it is therefore recommended to
explore the dynamic effects of other types of rotor faults and imbalances to build a more robust method
of remote rotor fault detection and characterisation. In addition, it is also recommended to review a
wider range of harmonics in order to build a more complete model.

Another limitation of this thesis is that rotor imbalances were only modelled one at a time and one
blade at a time. In a real world scenario, nothing prevents a WT rotor from having multiple blades
being affected by one or multiple imbalances at the same time. In cases with multiple imbalances could
potentially result in a different dynamic response, compared to the cases addressed in this thesis, which
again makes this method of fault detection and characterisation less robust. Therefore, in addition to
exploring other types of rotor faults and imbalances, it is also recommended to model multiple different
combinations of faults and imbalances acting at the same time, to further increase the robustness of
the fault characterisation method, or develop a better method entirely.

The method discussed in this thesis has been tested on the DTU RWT 10MW model in OpenFAST.
While both the model and the software are extensively used in research, it is important to check whether
similar results can be achieved on different WT models and/or software. In addition, collecting data from
a real world model could provide further insights on the matter.

Lastly, the data analysed in this thesis only included x-y-z moments and forces in the LSS. While the
faults have been successfully characterised based on these signals, it is still difficult to say whether
the LSS is the best location to collect the data. Moreover, it still remains unclear which type of sensor
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would have to be used to collect LSS force and moment data. Furthermore, would it be possible to install
such a sensor on WTs that are already operating, or does a turbine need to account for a monitoring
system during the design phase instead? It also raises the question on how large and expensive the
sensor/monitoring system would have to be, since these types of sensors are not used in the industry.
All of the above are important questions that need to be answered to determine the most accurate,
feasible and cost-effective way to implement remote fault characterisation methods into a WT.
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MATLAB Code: Peak Extraction
Algorithm

%#This function extracts FFT peaks from WT output data, sorts them and
averages the values peaks over 60 one-minute time windows
function [Average_Peak] = auto_peaks(signal,T,data,prominance,columns)

%input parameters

load(data)

cols = columns; %analyse select columns to save compute time
input = eval(signal); %input .mat file, first 400s discarded
prom = prominance; %disregard small peaks

%loop for 60 one-minute windows
for jj = 1:60

Fs = 1/T; % Sampling frequency 40Hz
L = 60/T; %length of signal 1 minute

start = jj; % starting time of peak extraction
finish =jj+1; % ending time of peak extraction) (+1 minute)
time_window = [start*L:finish*L]; % 1 minute time interval

order = mean (input(time_window,1))./(60); JRPM/60 -> normilze frequency (
Hz -> 1P,2P,3P...)

bl
hli = fft(input(time_segment,cols)); %FFT of input.

%Source: MATLAB FFT command documentation (Single-Sided Amplitude Spectrum
)

f = (Fsx(0:(L/60))/L) ./order ;%normalize frequency Hz-> 1P,2P,3P etc

P2_h = 2*abs(hl./L);

Pi_h = P2_h(1l:length(f),:);

P1_h(2:end-1) = 2*P1_h(2:end-1);

peaks = [];

for i = 1:length(cols)

prominence = prom*max(P1_h(:, i)); % filter out peaks smaller than
prom*max value (e.g. 10%)
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Amplitude [1;

Frequency = [];

[Amplitude, Frequency] = findpeaks(P1_h(:, i),f,'MinPeakProminence',
prominence) ;

%fill matrix with extracted FFT peaks and frequencies
peaks (1:numel (Amplitude), 2*i-1) = Amplitude;
peaks (1:numel (Frequency), 2*i) = Frequency;

end

%filters out repeated values
for ii = 1:2:7
for k 2:length(peaks(:,1))
if peaks(k,ii)== peaks(k-1,ii) Yprevents duplicates of peaks 2
rows in a row
peaks(k,ii) = O0;
peaks(k,ii+1) = 0;
elseif peaks(k-1,ii+1)== peaks(k,ii+l1) 7 same as above
peaks(k,ii+1)= 0
peaks(k,ii) = 0;

)

end
end
% Filter which removes all rows with zeros.
zero_rows = all(peaks == 0, 2);
idx = find(~zero_rows, 1, 'last');

% If there are no non-zero rows, keep the original matrix
if isempty(idx)

peaks = peaks;
else

% Keep rows until the last group of zero rows

peaks = peaks(1l:idx, :);

end

Peaks{jj} = peaks; ’/save peak-frequency pairs of each time window into a
cell (repeated for each time window)

end

end

%% make matrices in the cell the same size
%Find the maximum size among all matrices

maxSize = [0, 0];
for i = 1:length(Peaks)
sizeMatrix = size(Peaks{il});
maxSize = max(maxSize, sizeMatrix);
end

%adds a row a zeros to a matrix if the size of the matrix is smaller than

%the largest matrix (e.g. converts 3by8 matrix to a 4by8 matrix by adding
row of 0s)

for i = 1:length(Peaks)

Peaks{i}=paddata(Peaks{i},maxSize) ;

end

sorted_Peaks = cell(l, length(Peaks));

for i = 1:length(Peaks)
matrix = Peaks{i};
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1)
2);

size(matrix,
size(matrix,

num_rows =
num_cols

% Sort even columns

for j = 1:2:num_cols
[~, idx] = sort(matrix(:, j+1))
matrix(:, j:j+1) = matrix(idx,
end
sorted _Peaks{i} = matrix;

end

%this for loop is responsible for making sure the matrix with least zeros
Helps the summation for loop below to work and no go above

%is first.
array limits.
for i = 1:length(jj)

’

it

if length(find(~sorted_Peaks{1,1})) > length(find(~sorted_Peaks{1,i}))

temp = sorted_Peaks{1l,1};
sorted_Peaks{1,1} =
sorted_Peaks{1,i} = temp;
break;
end
end

%% summation
added = sorted_Peaks{1};
addition_count = ones(size(added)); %

sorted_Peaks{1l,il};

counts number of times each

corresponding pair was added with one another

% Add peaks-frequency pairs of all time

windows. Ensures addition of

% correct peak-frequency pairs (e.g 1P adds with 1P and not with 2P or 3P)

for i = 2:length(sorted_Peaks)

for j = 1l:height(sorted_Peaks{1})

for k = 2:2:width(sorted_Peaks{

if sorted_Peaks{1}(j,k) ==

added (j,k-1) =

added (j,k) = added(j,k)

addition_count (j,k-1) =

addition_count (j,k) =

elseif sorted_Peaks{1}(j,k)

height (sorted_Peaks{1})
sorted_Peaks{i}(j+1,k)

added (j,k-1) =

added (j,k) = added(j,k)

addition_count (j,k-1) =

addition_count (j,k) =

elseif sorted_Peaks{1}(j,k)

height (sorted_Peaks{1})
sorted_Peaks{i}(j-1,k)

1P
sorted_Peaks{i}(j,k)

added(j,k-1) + sorted_Peaks{il}(j,k-1);

+ sorted_Peaks{i}(j,k);
addition_count (j,k-1) + 1;

addition_count (j,k) + 1;

~= sorted_Peaks{il}(j,k) && j <
&& sorted_Peaks{1}(j,k) ==

added (j,k-1) + sorted_Peaks{i}(j+1,k-1);

+ sorted_Peaks{i}(j+1,k);
addition_count (j,k-1) + 1;

addition_count (j,k) + 1;

~= sorted_Peaks{il}(j,k) && j >
&& sorted_Peaks{1}(j,k) ~=

% add 0 if conditions are not met

added (j,k-1) =

added (j,k) = added(j,k)

addition_count (j,k-1) =
else

added (j,k-1) = added(j,k

added (j,k-1) + 0;

+ 0;
addition_count (j,k-1) + 1;

-1) + 0;
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added (j,k) = added(j,k) + 0;
end
end
end
end
Average_Peak = added ./ addition_count

end
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Figure B.1: Absolute Change in LSS Moment Below and Above Rated Wind Speeds at 1P
Frequency in Steady Wind Conditions
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