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Summary

Of all types of renewable energy sources, wind power has experienced
the greatest growth, contributing with more new power generation than any
other renewable source in the last year. A global cumulative wind capacity of
nearly 540 GW was achieved by the end of 2017, of which, over 18 GW was
located o�shore. Under this scenario, Wind Turbine (WT) power continues
to evolve, with larger machines and new o�shore developments increasingly
being installed. Such growth comes along with important challenges to be
addressed. First, accessing o�shore machines is more expensive than onshore
ones and may require long periods of work. Second, larger WTs exhibit more
faults when compared to smaller ones. These arguments, together with the
ageing of the European WT �eet, mean the development of new maintenance
strategies have become the focus of attention in recent years.

Operation and Maintenance (O&M) activities are key to improving re-
liability and availability of WTs, but the costs these entail account for up
to 25% of the total costs of a wind farm project. This percentage can rise
up to 35% in the case of o�shore developments. Access and repair activities
are the leading categories of overall O&M costs. Onshore availability has
been found to be over 97%, achieved through appropriate O&M activities.
Di�erent numbers are obtained for o�shore sites, of about 85% availability,
due to inaccessibility issues and the current uncertainty surrounding o�shore
failure characteristics. Three main types of maintenance strategies are com-
monly implemented, based on preventive, corrective or predictive actions.
Preventive maintenance consists of a series of periodic actions independent
of the WT health; while downtime is avoided, resources are used unnecessa-
rily and heavy expenses are incurred. Corrective maintenance is applied once
a failure has occurred, and hence only the required resources are used. Ho-
wever, this can result in excessive downtime periods. Conventional onshore
O&M activities consist of a combination of preventive and corrective main-
tenance actions, but this approach has room for improvement and is unwise
o�shore. Under this scenario, the trend is moving from corrective and preven-
tive actions towards predictive ones, where the condition of a component is
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xii Summary

continuously monitored and maintenance activities are planned accordingly,
referred to in the literature as Condition Monitoring (CM).

The principle behind CM draws on the fact that faults develop from an
early (or incipient) stage to a critical condition, and, consequently, critical
faults and downtime can be reduced by premature detection of anomalies.
Nevertheless, the secrecy present in the wind energy sector makes it di�cult
to understand which components are critical for CM. Based on this premise,
the �rst objective of the present Doctoral Thesis was to carry out a review of
wind turbine reliability studies. Thirteen reliability studies were identi�ed in
the scienti�c literature, highlighting the lack of public reliability data. The
di�erences across the studies were investigated, with great e�ort being made
to unify the various studies to obtain comparable results. To this end, a
wind turbine taxonomy common across the di�erent studies was developed,
formed by thirteen WT assemblies, and the failure rates and downtimes from
each study were normalised. The results established di�erences between the
least reliable assemblies, categorised as critical, and the most reliable ones.

The drive train is among the top three contributors to failure rates and
downtime of WTs, together with induction generators. Early detection of
gear, bearing and generator faults is therefore crucial if predictive main-
tenance is to be implemented in order to reduce corrective and preventi-
ve actions. Early development of Condition Monitoring System (CMS) fo-
cused on vibration techniques applied on the drive train, including gear-
box and bearings. More recently, Supervisory Control And Data Acquisi-
tion (SCADA)-based methods have been implemented on real-time CMSs
of WTs, with further fault detection capabilities (such as pitch, yaw, and
hydraulic faults). However, none of these methods provides accurate infor-
mation on generator health. Current Signature Analysis (CSA) has been
identi�ed as a cost-e�ective and non-intrusive technique that can monitor
both mechanical and electrical faults within the induction generator, as well
as bearing and gearbox related faults. It can be applied to Doubly Fed In-
duction Generator (DFIG), which are the dominant technology employed in
variable-speed WTs. Failure data analyses applied speci�cally to in-service
WT DFIGs are scarce in the scienti�c literature. Moreover, unlike studies
based on computer simulations or laboratory benches with known and in-
duced faults where the authors know which fault frequencies to target, a
whole set of potential frequencies had to be calculated in order to diagnose
operating WT DFIGs under unknown health status. Under this framework,
the second objective of this Doctoral Thesis was to validate CSA on actual
in-service WT DFIGs. Up to three di�erent WT DFIGs were analysed, and
their diagnoses successfully achieved. This outcome will therefore contribute
to the development of advanced CMSs, and therefore to improving reliability
and availability of WT generators.



Resumen

De entre todas las fuentes de energía renovable, la energía eólica es la
que ha experimentado el crecimiento más signi�cativo, contribuyendo con
más energía generada que ninguna otra fuente de origen renovable en el
último año. A �nales de 2017 se contaba con 540 GW de potencia eólica
total acumulada en el mundo, de los cuales 18 GW correspondían a eólica
marina. Además, cabe señalar que la potencia unitaria de los aerogeneradores
continúa creciendo, con máquinas cada vez más grandes. Tal crecimiento
viene acompañado de desafíos importantes que deben abordarse, a lo cual
se suma el desarrollo de parques eólicos marinos. En primer lugar, el acceso
a las máquinas ubicadas en el mar es más costoso que las instaladas en
tierra y puede requerir largos periodos de trabajo. En segundo lugar, los
aerogeneradores más grandes exhiben más fallos comparados con otros más
pequeños. Estos argumentos, junto con el envejecimiento de la �ota europea
de aerogeneradores, han hecho que el desarrollo de nuevas estrategias de
mantenimiento se haya convertido en el foco de atención en los últimos años.

Las actividades de Operación y Mantenimiento (O&M) son clave para
mejorar la �abilidad y disponibilidad de los aerogeneradores, pero los costes
que estas suponen constituyen alrededor del 25% de los costes totales de
operación de un parque eólico en tierra, y hasta el 35% en emplazamientos
marinos. La disponibilidad de los aerogeneraodres en tierra supera el 97%,
gracias a las mencionadas actividades de O&M, y es del orden de 85% en
mar, debido a los problemas de accesibilidad y a la falta de conocimiento de
las características de los fallos de las máquinas ubicadas en dichos emplaza-
mientos. Las estrategias de mantenimiento se dividen en tres categorías prin-
cipales: actividades preventivas, correctivas o predictivas. El mantenimiento
preventivo consiste en una serie de acciones periódicas que son independien-
tes del estado del aerogenerador, en este caso se reducen periodos de paradas
inesperadas pero se incurren gastos posiblemente innecesarios. El manteni-
miento correctivo, por otro lado, se lleva a cabo una vez ha tenido lugar una
avería, por lo que el uso de los recursos es el estrictamente necesario, sin
embargo, se ocasionan mayores periodos de parada. Así pues, las actividades
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de O&M convencionales en parques en tierra consisten en una combinación
de tareas preventivas y correctivas, pero este planteamiento es, en general,
mejorable y, en el caso de los parques marinos, muy desaconsejable. Por todo
ello, la nueva tendencia en el sector eólico consiste en implementar acciones
predictivas, donde se monitoriza la condición de los componentes de mane-
ra continua (Condition Monitoring, CM) y las tareas de mantenimiento se
plani�can de acuerdo a la misma.

El principio de CM se basa en el hecho de que los defectos evolucio-
nan desde una etapa temprana (o incipiente) hasta una condición crítica
y, en consecuencia, los fallos críticos y tiempos de parada pueden reducirse
mediante la detección prematura de anomalías. Sin embargo, el secretismo
presente en el sector eólico di�culta el análisis y evaluación de cuáles son los
componentes críticos para CM. Bajo esta premisa, el primer objetivo de la
presente Tesis Doctoral ha sido llevar a cabo una revisión de la literatura de
los estudios publicados sobre �abilidad de aerogeneradores. Se identi�caron
trece estudios en la literatura cientí�ca y se investigaron las diferencias entre
ellos, uni�cando los diversos estudios para obtener resultados comparables.
En este sentido, se desarrolló una taxonomía común de entre los diferentes
estudios, formada por trece categorías, y se normalizaron las tasas de fallo y
los tiempos de parada de cada estudio. Los resultados establecieron diferen-
cias entre las categorías menos �ables, categorizadas como críticas, y las más
�ables. Dicha revisión establece que el tren de potencia se encuentra entre
los tres principales contribuyentes a las tasas de fallo y tiempos de parada,
junto con el generador eléctrico.

La detección temprana de fallos en engranajes, rodamientos y generado-
res es, por lo tanto, crucial si se quieren implementar técnicas de manteni-
miento predictivo con el �n de reducir las tareas correctivas y preventivas.
Los primeros sistemas de monitorizacióon se centraron en el análisis de vi-
braciones del tren de potencia, incluyendo multiplicadora y rodamientos.
Más recientemente, los métodos basados en datos de SCADA (Supervisory
Control And Data Acquisition) se están implementando en sistemas de mo-
nitorización en tiempo real, con capacidad de detección de fallos más allá
del tren de potencia. Sin embargo, ninguno de estos métodos proporciona
información precisa sobre el estado del generador eléctrico. La técnica co-
nocida como Análisis de la Firma de Corriente (Current Signature Analysis,
CSA) ha sido identi�cada como una técnica rentable y no intrusiva que
puede monitorizar problemas mecánicos y eléctricos del generador de induc-
ción, así como defectos en rodamientos y multiplicadora. Se puede aplicar
a generadores de inducción doblemente alimentados (Doubly-fed Induction
Generators, DFIG), que es una de las tecnologías dominantes empleadas en
aerogeneradores de velocidad variable. Sin embargo, los análisis de DFIG en
operación mediante esta técnica son escasos en la literatura cientí�ca. Ade-
más, a diferencia de los estudios basados en simulaciones por ordenador o
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bancos de laboratorio con fallos conocidos e inducidos arti�cialmente don-
de los autores saben de antemano a qué frecuencias dirigirse, el conjunto
completo de posibles frecuencias indicativas de fallo ha tenido que calcularse
para lograr el diagnóstico de las máquinas analizadas. Bajo este marco, el
segundo objetivo de la presente Tesis Doctoral ha sido validar la técnica de
CSA de DFIG en operación. Para ello, se ha llevado a cabo el análisis de tres
DFIG diferentes, logrando sus respectivos diagnósticos. Estos resultados, por
lo tanto, contribuirán al desarrollo de sistemas avanzados de monitorización
de generadores y, por lo tanto, a la mejora de la �abilidad y disponibilidad
de aerogeneradores.
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Chapter 1

Introduction

This �rst Chapter introduces the �eld of study of the present Doctoral
Thesis, developed in the framework of the Project: Advanced Wind Energy
Systems Operation and Maintenance Expertise (AWESOME), funded by the
European Union's Horizon 2020 research and innovation programme under
the Marie Sklodowska-Curie actions. It includes motivation, justi�cation and
objectives. The Thesis outline is also described, with a brief description for
each Chapter of the Doctoral Thesis.

1.1. Motivation

Of all types of renewable energy sources, wind power has experienced the
greatest growth [1�3] and is one of the most economic sources of electricity [4,
5], contributing with more new power generation than any other renewable
source in the last year, with a global installed capacity of 539 GW by the
end of 2017 [6]. The evolution of the global installed wind capacity is shown
in Figure 1.1 [6].

WT technology continues to evolve [7�9], with sophisticated multi-MW
machinery under constant development, both for onshore and o�shore ap-
plications [10]. Such growth comes along with important challenges to be
addressed [11]. Larger WTs have proven to develop more failures than small
ones [12�14] and o�shore wind farms can be inaccessible for several months [15,
16]. Furthermore, a signi�cant share of the existing technology has already
achieved its 20-year estimated lifetime [17�19]. Under this framework, WT
availability and hence reliability must be developed in parallel, so that wind
energy continues to be �nancially viable [20, 21].

O&M activities are a key aspect with regards to availability [22�24]. In
fact, the global market for O&M is expected to grow to 27400 million dollars
by 2025 [25]. In this scenario, identi�cation of critical components is vital,
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Figure 1.1: Evolution of global installed wind capacity.

so that they can be monitored �as cost-e�ectively, reliably and e�ciently as
possible� [26].

Typical onshore availability has been found to be over 97% [14, 15, 27],
achieved through appropriate O&M activities. Di�erent numbers are obtai-
ned for o�shore sites, of about 85% availability [28, 29], due to inaccessibility
issues and the current uncertainty surrounding o�shore failure characteris-
tics. Although o�shore wind energy is in its early years, it is a rapidly growing
�eld, with promising results [30, 31].

O&M activities have been identi�ed as one of the leading costs in the
total expenditure of a wind farm project [32]. They represent 25% of the
lifetime costs for onshore wind farms, and 35% for o�shore plants [33�35].
Access and repair (both major and minor) are the main contributors towards
O&M costs [36]. Furthermore, there is �a lack of operating experience in
the �eld of o�shore wind energy� [37] which increases the complexity of the
current problem. The imperative need to reduce O&M costs while improving
availability and reliability is therefore patent.

Three maintenance strategies are commonly implemented [33, 38]: Time
Based Maintenance (TBM), which is preventive, Failure Based Maintenance
(FBM), corrective, and Condition Based Maintenance (CBM), predictive,
see Figure 1.2 [23]. TBM refers to scheduled actions that take place whether
there is a fault or not, hence unnecessary resources might be employed. FBM,
instead, is carried out once a critical failure has developed, causing further
downtime. Conventional onshore O&M activities consist of a combination of
TBM and FBM actions [28], but this approach has room for improvement and
is unwise o�shore. The new trends are moving from TBM and FBM towards
CBM [23, 32]. In the latter strategy, CM determines the optimum point
between preventive and corrective maintenance, which reduces unnecessary
repair actions and saves unplanned downtime [22, 39]. In this framework, CM
has been identi�ed as the key to achieving higher availabilities [15, 40, 41]
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Figure 1.2: Wind turbine maintenance strategies.

while reducing O&M costs [42, 43].

1.2. Justi�cation

CM involves data gathering of various signals (such as electrical signals)
whose analysis is intended to reveal the health of the assembly under mo-
nitoring [38] and ultimately the Remaining Useful Life (RUL) of a speci�c
component or components [44]. However, neither the data gathering nor its
analysis is straightforward. Many signal processing techniques and feature
extraction methods can be found in the scienti�c literature but the vast
majority have only been tested at laboratory scale and are healthy-state
knowledge dependent. The current need for data gathering and analysis is
stated in [45] towards �new conceptual expert systems that automate data
processing and provide analysis to enhance decision-making�.

Another factor that motivates the importance of CM is in the �eld of
Lifetime Extension (LTE) of wind turbines, since the European wind �eet is
ageing [45]. Current LTE is mainly performed onWTs rating less than 1 MW.
However, in the next few years, 20-year-old WTs will increase in power rating,
which will enhance LTE appealing based on monitored data [46]. In this
regard, several approaches for LTE can be undertaken, based on analytical
simulations, practical inspections, or gathered data. Data-driven approaches
have been identi�ed as the most cost e�ective as the number of assets increase
per wind farm [47].

Failure data analyses of real operating WTs are rarely presented. Based
on the literature review and to the best of our knowledge, at the present time,
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there is a lack of CSA applied speci�cally to in-service WT DFIGs. Many
e�orts have been made through computer simulations and at laboratory test
benches, but very few on in-serviceWT generators. Furthermore, the faults
are commonly known to the authors before the analysis is carried out, and
sometimes a baseline of the healthy-stage is available so that the di�erences
after a fault has occurred are easily identi�ed. Hence, it is clear that further
research to validate the models developed in the lab or simulated is required,
especially for machines under unknown health status. In the present Doctoral
Thesis, three databases of three in-service WT DFIGs were analysed through
CSA, and their diagnoses were achieved.

Moreover, the secrecy present in the wind energy sector makes it di�cult
to understand which components are critical for CM. On the basis that
identifying the most critical components maintenance can be optimised, a
literature review of WT reliability analyses was carried out, with the goal
of contributing towards O&M cost reduction by establishing the basis for
e�ective CMS's design and development.

1.3. Objectives

Further to the background in the �eld of wind turbines O&M described
above, and the motivation and justi�cation of the present work, the speci-
�c objectives of this Doctoral Thesis are enumerated as follows, with the
ultimate goal of enhancing O&M activities:

To identify critical components of WTs across all technologies, sizes
and locations in order to decide where the main e�orts should be made
with regards to CM design and development.

To identify, from the scienti�c literature, which diagnosing technique(s)
are more suitable for the induction generator.

To gather the available information from previous studies based on the
selected technique used on WT induction generator theoretical appli-
cations.

To apply previous knowledge to in-service WT DFIGs.

To achieve diagnoses of operating WT DFIGs and evaluate their sui-
tability towards CM.
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1.4. Thesis Outline

The present Doctoral Thesis is divided into �ve Chapters. In this �rst
Chapter, the current situation of the wind energy sector is brie�y descri-
bed with a particular focus on the �eld of O&M of WTs. The motivation,
justi�cation and objectives are also detailed.

Following this introduction, in Chapter 2, the state of the art on CM
techniques applied to induction generators is presented. Various techniques
are investigated, including their signal processing methods and the most
common faults found in this type of machines. Although these are common
for induction machines of any industry, special attention has been given to
previous studies applied in the �eld of WTs, which is the object of study of
the present Doctoral Thesis.

In Chapter 3, the methodology applied is developed. CSA was chosen to
perform the study. The formulae used to achieve the various diagnoses are
presented, including a discussion on certain fault frequency components that
overlap for di�erent types of faults. This Chapter includes a description of
the available raw data used for the analyses. It is formed by three databases
of three in service WT DFIGs (DFIG1, DFIG2 and DFIG3 (A�B)). The
procedure followed to process the raw data to obtain the various diagnoses
is also described in this Chapter.

The results are then presented in Chapter 4. The present Doctoral Thesis
is submitted as a thesis dissertation by Compendium of Publications, there-
fore, this Chapter is formed by three published papers in indexed journals.
An additional analysis is included, whose results have also been submitted
to another indexed journal, still in the review process.

Finally, Chapter 5, presents the conclusions obtained from this Doctoral
Thesis. The contributions to the knowledge that have emerged from this re-
search are highlighted, and the next steps in the �eld of condition monitoring
of induction generators are outlined.





Chapter 2

State of the art

The state of the art on CM of WTs is presented in this Chapter. The
di�erent kinds of faults in induction generators and their occurrence are
then discussed, followed by existing monitoring methods based on electrical
measurements, including their signal processing techniques.

2.1. Existing condition monitoring techniques

CMSs provide accurate information on the status of a component or as-
sembly so that maintenance can be planned accordingly [48, 49], diagnosis
and prognosis is achieved and critical failures and downtime avoided [44, 50].
Many reviews on WT CM and fault diagnosis have been published in the
last �fteen years. These typically present the latest techniques and me-
thods [51, 52] according to WT subsystems [53, 54], di�erentiating between
structural [55], mechanical [56] and electrical parts [57�59], power electronics
and control systems [60].

Speci�c reviews on one particular assembly or sub-assembly can also be
found in the literature, such as structural CM reviews [61, 62], on the drive
train [63, 64], gearboxes [65, 66] and bearings [67], induction machines [68�
71] or power converters [72, 73]. Some reviews focus on the diagnostic [74, 75]
or prognosis [76] methods rather than the monitoring process. Furthermore,
recent developments show that SCADA-based CMS can be used to monitor
several independent parts of the WT [77�80]. A review on SCADA for CM
is presented in [81].

Other CM reviews have been found in the scienti�c literature, with di�e-
rent speci�c goals, such as maintenance optimisation [82, 83], the economics
behind CM [84�86], practical aspects of CM [87], or the technical issues
surrounding them [88].

In the particular case of CM for induction machines, techniques inclu-
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de temperature, chemical and wear, mechanical vibration, electrical current,
�ux and power, electrical discharge and arti�cial intelligence [68, 89]. A re-
view focusing on electrical signature analysis is presented in [69]. Another
review is conducted in [71], where stator fault condition monitoring tech-
niques are discussed. Several CSA techniques are described in [90]. In par-
ticular, of the WT review studies mentioned above, [61] and [54] include
speci�c summary tables for the generator. It can be deduced from all the
above-mentioned studies that the most common CM techniques applied on
generators are vibration, temperature and current analyses.

2.2. Induction generators

2.2.1. Faults in induction generators

Failure statistics have reported that the induction generator is one of the
major contributors to WT failures [13, 91, 92]. Di�erent classi�cations for
induction generator faults have been found in the literature: mechanical and
electrical, rotor and stator, per component, etc. In [93] it is stated that 40%
of the generator faults are related to bearings, 38% to the stator, 10% to
the rotor and the rest are categorised as �others�. According to [92], 31% of
generator faults are slip rings issues, 12% bearing related, 8% grease and
pipes, 7% rotor faults and 4% fan problems; the remaining 38% are not
speci�ed. Stator faults are identi�ed as critical by [89] and [71]. According
to [94], around 80% of mechanical faults eventually lead to eccentricity, with
DFIGs being more prone to eccentricity for a number of reasons: bearings
su�er bearing current (causing bearing wear which leads to eccentricity),
torque unbalance is probable (because of blades and wind e�ect), and the
e�ect of voltage unbalance (voltage asymmetry from the grid). The failures
and failure mechanisms in power electronic converters and generators in the
context of their use in wind turbines is well analysed in [95].

For variable-speed induction machines, studies claim that 45% of the
failures are related to the stator and rotor parts [96]. Any fault that occurs
in either the stator or rotor side of the machine, such as resistance variations
or short circuits, will produce a phase asymmetry caused by a change in the
phase impedances [73]. Normally, faults evolve from an incipient stage to a
more severe condition, thus, early detection of any anomaly, such as resis-
tance changes and winding unbalances, can avoid critical faults and reduce
downtime periods [97]. A comprehensive survey of failure data, root causes
and failure modes is presented in [68].

2.2.2. Electrically-based Techniques

As previously mentioned, CM based on electrical measurements seems to
be the trend towards e�cient O&M for induction generators; it is cheaper
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than other common techniques and can monitor both electrical and mecha-
nical faults [94].

Stator CSA is the most common of these techniques [94, 98, 99]. Voltage
and current analysis yield promising results in [100]. In [101] instantaneous
power analysis is applied on an operating wind turbine. Flux analysis is ca-
rried out in [102]. In [103] a full study using rotor, stator, power spectra as
well as Current Park's Vector (CPV) is developed. Extended Park's Vector
is described and validated in [104]. Diagnosis of stator short-circuit by moni-
toring only the amplitude of the phase currents using fuzzy logic is presented
in [105].

Since the present Doctoral Thesis focusses on CSA of DFIGs, the most
recent and relevant studies found for this type of WT generators are discussed
below, aiming to cover a wide range of common faults and methods based
on electrical measurements. [106] presents stator current spectra to identify
DFIG signature frequency towards CM. In [107] the analysis of a generator
with rotor electrical asymmetry is carried out through the stator current.
Same electrical measurements are used in [108] and [109] to detect incipient
electrical and mechanical faults and in [110] to detect bearing faults.

In [111] CSA of rotor signals is performed. Besides rotor and stator cu-
rrents, in [112] rotor modulating signals are shown to be the most e�ective
method for fault detection. In [113] stator inter-turn fault detection is carried
out through both rotor current and search coil voltage signature analysis. Ro-
tor voltage signature analysis is also used for fault detection by [114]. Power
has also been employed to detect faults; speci�cally, eccentricity faults are
diagnosed using this technique in [98] and [115].

A table with the latest real-time diagnosis techniques through current
signature and vibration analyses, either alone or in combination, is provided
by [116]. Generator bearing and eccentricity as well as pinion gear faults
can automatically be detected through stator current analysis using infor-
mation entropy [117], through adaptive neuro-fuzzy inference system and
particle �ltering [118] or computing the energy from the fault-related fre-
quencies [119, 120]. The results are validated at laboratory benches for the
studies in [117�120] and using simulated data in [121, 122]. The main draw-
back of these approaches is the need for a healthy current baseline. A method
that improves the signal-to-noise ratio in the electrical signature enhancing
fault detection of pinion-gear and bearing related fault frequency components
is proposed in [123], which the authors validated with actual wind turbine
data later in [124]. Once again, a baseline of healthy data is required.

The most common approach for CSA is to analyse the frequency-domain
of the current signal through the content spectra, which relies on the sig-
nal being stationary [125]. Several e�orts have been made to overcome this
limitation, like the novel developments in [126] where non-stationary measu-
rements are used to detect rotor eccentricity, gearbox faults in [127], in [128]
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where harmonic wavelet transform is applied on transient signals, or in [97,
101, 129] by applying wavelets. In [130] an adaptive signal re-sampling algo-
rithm is proposed to use current signals under speed-varying conditions to
detect gear related faults. Fault frequency tracking during transient opera-
tion of the generator is presented in [131]. Laboratory validation of DFIG
fault diagnosis under time-varying conditions can be found in [132]. In [133]
winding monitoring is achieved under �uctuating load conditions. Other fac-
tors that may in�uence electrically-based analysis are wind turbulence and
converter switching of wind turbine DFIGs. A novel electromechanical model
is proposed in [134] to analyse how these may mask mechanical defects.

2.2.3. Signal Processing

Once the monitoring technique is chosen, the signal processing metho-
dology plays a key role. Various signal processing techniques can be applied
to electrical measurements towards fault identi�cation. These are classi�ed
into time-domain, frequency-domain and time-frequency [63].

Time-domain analysis consists of analysing the time waveform itself by
extracting characteristic features from descriptive statistics such as mean,
root mean square (rms), peak, peak- to-peak interval, standard deviation,
shape factor, crest factor, skewness, kurtosis, etc. [38]. More sophisticated
approaches to time-domain analysis, like the Autoregressive (AR) model
and the Autoregressive Moving Average (ARMA) model [44], apply time
series models to waveform data. Hilbert transform and envelope analysis are
included as classical time-domain analysis methods in [51], in addition to
those already mentioned.

Frequency-domain analysis transforms the waveform signal from the ti-
me domain to the frequency domain [38]. The advantage of this last method
over time-domain analysis is its ability to identify frequency components of
interest [44]. The most common method is spectrum analysis via the Fast
Fourier Transform (FFT), which is widely used for fault diagnosis because
the variations of certain harmonic components in the frequency spectrum
of a signal can be related to a speci�c fault type [51]. Another common
frequency-domain technique is cepstrum analysis, de�ned as the inverse Fou-
rier Transform of the logarithmic power spectrum. It has the potential to
detect harmonics and sideband patterns [44]. Modi�ed cepstrum analyses
are high-order spectra, such as bispectrum or trispectrum. Spectral and bis-
pectral analyses are used in [135] to detect real rotor inter-turn short-circuit
faults in a wound rotor induction machine working as a generator.

Frequency-domain analysis is limited to stationary waveform signals but,
due to both the variable-speed nature of WT operation and the unsteady
load condition involved, time-frequency analyses have been developed and
are widely accepted as key signal processing tools [40]. Short Time Fourier
Transform (STFT) and Wigner-Ville distribution are the most popular time-
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frequency distributions [44]. STFT is used in [136] to diagnose winding faults
in DFIG wind turbines and Winger-Ville transform is applied to current sig-
nals in [137]. Another common frequency-domain technique is the wavelet
transform, consisting of the time-scale representation of a signal. A survey of
wavelet fault diagnoses applied to induction machines of any type is presented
in [138]. Wavelet transform can mainly be applied in two ways: Discrete Wa-
velet Transform (DWT) and Continuous Wavelet Transform (CWT). Wind
turbine gearbox faults are diagnosed through CWT in [139] and through
DWT in [139].

Other less common time-frequency techniques applied to wind generator
fault detection are Hilbert transform [140], Gabor transform [141], Chirplet
transform [142, 143] or amplitude-demodulation [110]. A table summarising
all the di�erent signal-processing methods for WT CM, fault diagnosis and
prognostics was presented in [51].

2.2.4. Summary of the state of the art and discussion

All of the above-mentioned studies (Section 2.2.2) and novel signal pro-
cessing methods (Section 2.2.3) were carried out either through computer
simulations or at laboratory test benches, except for one work carried out
by [124] and another work by [127]. This evidences the fact that, regarding
CM of WT generators, many e�orts have been made using simulations or
at experimental test rigs, but very few on actual operating machines. In the
present Doctoral Thesis, three databases of three in-service WT DFIGs are
analysed through CSA. Detailed results are given in Chapter 4 and the main
conclusions extracted from the various analyses are summarised in Chapter 5.





Chapter 3

Methodology

The present Chapter describes the methodology applied in this Doctoral
Thesis and the available data used to perform the various studies. Firstly,
the working principle of the chosen technique is explained, and its formulae
are given. Subsequently, the available raw data is presented, consisting of
three di�erent WT DFIGs. The manner in which the data were processed
and used to achieve the diagnoses is explained.

3.1. Current Signature Analysis

CSA is based on the principle that each fault has its own e�ect on the
current spectra. Fault frequency components related to the faults described
in the previous Chapter, Section 2.2.1, have been known for long time. Their
formulae have been identi�ed and demonstrated for di�erent kinds of induc-
tion machine con�gurations (motor, generator) and architectures (squirrel
cage, wound rotor), and for di�erent industries, including a few speci�c ca-
ses in wind turbines quite recently, as described in Section 2.2.2. From the
signal processing techniques presented in Section 2.2.3, FFT was chosen for
the present Doctoral Thesis.

The above-mentioned formulae are presented in the following sub-sections.

3.1.1. Broken rotor bars, fBRB

Fault frequencies associated to broken rotor bars are calculated as [104,
144, 145]:

fBRB = fs ± 2sfs (3.1)

where fs is the supply frequency and s is the slip.

13
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Broken rotor bars result in electric and magnetic asymmetry in the ro-
tor of induction machines, producing a frequency component in the stator
current (left side band, fs − 2sfs) which causes a torque component of fre-
quency 2sfs, thus generating a speed �uctuation that interacts with the
supply frequency to produce the right side band (fs + 2sfs), [144].

Since a minimal degree of asymmetry will always be introduced during
manufacturing, the mere presence of these frequency components might not
imply a fault. Many authors have reported the minimum di�erence nee-
ded between the amplitudes of the supply frequency and the frequency
components obtained with Eq. (3.1) to be able to diagnose broken rotor
bars [89, 145, 146]. A severity factor is presented in [104] and [147].

As frequency components given by Eq. (3.1) overlap with other types of
faults and fall too close to the supply frequency, other spectral components
have been proposed in the literature, aimed at facilitating their identi�cation.
These are given by [93, 147, 148]:

fBRB = fs

[
κ

(
1− s
p

)
± s
]

(3.2)

where k is the harmonic index (κ = 1, 2, 3, ...) and p is the number of po-
le pairs. The authors in [90, 149] established the relation κ/p = 1, 5, 7, ...
because of the normal winding con�gurations.

3.1.2. Stator winding, fSW

Stator winding faults start as inter-turn short circuits [147, 150]. A ne-
gative magnetomotive force is initiated when the short-circuit current �ows
in the inter-turn short-circuit windings. This reduces the net magnetomotive
force, changing the air-gap �ux, which induces harmonic frequencies in the
stator current given by [129, 147, 150]:

fSW = fs

[
κ

(
1− s
p

)
± n

]
(3.3)

where n = 1, 3, 5, ....

3.1.3. Bearing faults, fBE

Bearings are a major contributor to generator component failures [93,
95]. The fact that the rotor shaft is supported by bearings will cause a
radial movement between rotor and stator when the bearings are defective.
This mechanical displacement produces stator currents at frequencies given
by [69, 151]:

fBE = |fs ± κfo,i| (3.4)



3.1. Current Signature Analysis 15

where fo,i refers to bearing outer and inner race faults respectively. In order
to calculate those frequency components, detailed information about the
bearing type and dimension is required. As an alternative, the following
simpli�cations have been proposed in the literature [90, 152, 153]:

fo = 0,4Nb
fs(1− s)

p
(3.5)

fi = 0,6Nb
fs(1− s)

p
(3.6)

Such simpli�cations are valid for most bearings between eight and twelve
balls, which falls within the established range for the wind turbine analysed
in the present Doctoral Thesis.

3.1.4. Gearbox faults, fGBX

There are other fault types, such as gearbox-related faults, whose fre-
quency components will only be seen in the presence of a fault. Gearbox
faults can originate from a gearbox shaft, bearing, gear, pinion, or a combi-
nation of these, generating characteristic rotor eccentricity components [154].
For this reason, several frequencies related to a faulty gearbox can appear in
the current spectrum. According to [155] frequency components related to
damaged teeth, scoring and debris can be calculated by:

fGBX = fs

(
1± κ

Grp

)
(3.7)

where Gr is the gearbox ratio.
Nevertheless, the most common approach for diagnosing a faulty gearbox

is to calculate the frequency components that each shaft and gear would
produce in the presence of a fault [118, 119, 123, 139, 154, 156], which is
given by (3.8) for shaft-related faults and (3.9) for gear-mesh-related faults.

f iFShaft = fs ± κf iShaft (3.8)

f jFMesh = fs ± κf jMesh (3.9)

where f iShaft are the rotating frequencies (in Hz) of each gearbox shaft (de-
noted with i = 1, 2, 3...), and f iMesh refer to each gear-mesh frequency (in Hz,
denoted with j = 1, 2, 3, ..., i− 1). Mesh frequencies, however, are not easily
measured due to their weak in�uence on the current spectra [119]. Previous
studies show that a faulty gear may have no in�uence on the amplitude of
the gear mesh [119].
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3.1.5. Eccentricity, fECC

Spectrum components a�ected by eccentricity fault have been divided
into two main groups in [157]: High Frequency (HF) and Low Frequency
(LF) components. HF components arise around the Principal Slot Harmonic
(PSH) and can be calculated as [149].

fECC,HF = fs

[
±ν + (κR± nd)

1− s
p

]
(3.10)

where R is the number of rotor slots, nd is the eccentricity order (nd = 0
for static eccentricity and nd = 1, 2, 3, ... for dynamic eccentricity), and ν
is the order of stator time harmonics (ν = 1, 3, 5, 7, ...). HF components are
less in�uenced by load torque oscillations and load variations [157]. Another
advantage is their ability to separate the spectral components of air-gap
eccentricity from those of broken rotor bars. However, detailed information
on the machine's assembly is required [149].

LF components arise around the supply frequency and are intensi�ed
when mixed eccentricity occurs. The main disadvantage is their coincidence
with oscillating torque e�ects [157]. They are calculated as [149]:

fECC,LF = fs ± κfs
1− s
p

(3.11)

3.1.6. Rotor Asymmetry, fRFS

When rotor mechanical asymmetries arise (such as faulty end-rings, bro-
ken rotor bars, etc.), new frequency components appear in the stator current
spectra [73, 97, 132], given by:

fRFS = fs (1± 2κs) (3.12)

3.1.7. Rotor Unbalance, fRU

The analytical expressions for the origins of stator harmonic content cau-
sed by rotor winding or brush gear unbalance asymmetries are discussed
in [106, 158]. They di�erentiate between healthy and faulty related frequency
components, which are given by (3.13) and (3.14) respectively:

fHRU = fs|6κ(1− s)± l| (3.13)

fFRU = fs

∣∣∣∣
κ

p
(1− s)± l

∣∣∣∣ (3.14)

where κ is an air-gap �eld space harmonic constant (κ = 1, 2, 3, ...), and l is
the supply time harmonic one (l = ±1). In [98, 106, 158], the authors clarify
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that it might not be possible to identify all these frequency components since
they can be in�uenced by machine con�gurations or in-service conditions.

3.1.8. Summary of fault-related frequencies and discussion

A summary of all fault-related frequency components is provided in Ta-
ble 3.1 below:

Table 3.1: CSA Formulae.

Fault Formula Eq. label Constants

Broken Rotor Bar
fBRB = fs ± 2sfs 3.1

κ
p = 1, 5, 7

fBRB = fs

[
κ
(
1−s
p

)
± s
]

3.2

Stator Winding fSW = fs

[
κ
(
1−s
p

)
± n

] 3.3 κ = 1, 2, 3

n = 1, 3, 5

Bearing Damage
fBE,o =

∣∣∣fs ± κ
(
0,4Nb

fs(1−s)
p

)∣∣∣ 3.5
κ = 1, 2, 3

fBE,i =
∣∣∣fs ± κ

(
0,6Nb

fs(1−s)
p

)∣∣∣ 3.6

Gearbox Damage

fGBX = fs ± κ
[
fs
Grp

]
3.7

κ = 1, 2, 3f iFShaft = fs ± κf iShaft 3.8

f jFMesh = fs ± κf jMesh 3.9

Air Gap Eccentricity
fECC,HF = fs

[
±ν + (κR± nd)1−sp

]
3.10

nd = 0, 1, 2, 3

ν = 1, 3, 5, 7

fECC,LF = fs

(
1± κ1−s

p

)
3.11 κ = 1, 2, 3

Rotor Asymmetry fRFS = fs ± κsfs 3.12 κ = 1, 2, 3

Rotor Unbalance
fHRU = fs|6κ(1− s)± l| 3.13 κ = 1, 2, 3

fFRU = fs

∣∣∣κp (1− s)± l
∣∣∣ 3.14 l = 1, 2, 3

After presenting the main types of faults and their potential root causes,
it can be deduced that certain defects will give rise to others with the same
e�ect on the current spectra. I.e. the change in the air-gap �ux produced by
a fault in the stator winding (given by equation (3.3)) will result in air gap
eccentricity (given by equation (3.11)).
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Deriving from equation (3.3) with n = 1:

fs

[
κ

(
1− s
p

)
± 1

]
= κfs

1− s
p
± fs (3.15)

which corresponds to the formulae given by equation (3.11).
Similarly, any asymmetry present in the stator winding impedances will

cause a resultant backward rotating �eld that will a�ect the rotor currents
[152]; i.e. any fault coming from the stator will a�ect the rotor, and vice-
versa. Deriving from (3.15) the same components are obtained than those
given by equation (3.14) with l = 1:

fs

∣∣∣∣
κ

p
(1− s)± l

∣∣∣∣ = fs

∣∣∣∣
κ

p
(1− s)± 1

∣∣∣∣ = κfs
1− s
p
± fs (3.16)

The same occurs regarding frequency components introduced by rotor
bars. It has been mentioned that a minimal degree of asymmetry will al-
ways be introduced during manufacturing or assembly, generating frequency
components given by equations (3.1) and (3.2) which might not be faulty in-
dicators by themselves. In fact, two components from equation (3.2) overlap
with two from (3.13) referring to a healthy state of the induction machine.

For the left component of (3.2) with κ/p = 5:

fs [5(1− s)− s] = 5fs − 6sfs (3.17)

and the right one with κ/p = 7:

fs [7(1− s) + s] = 7fs − 6sfs (3.18)

Considering the left and right components given by equation (3.13) with
κ = 1:

fs|6(1− s)− 1| = 5fs − 6sfs (3.19)

fs|6(1− s) + 1| = 7fs − 6sfs (3.20)

It can be deduced from the present Section that spectral interpretation
of the stator currents is not straightforward, in�uenced by the fact that fault
frequency components depend on the rotational speed (i.e. the operating
condition), which is highly variable due to both the variable-speed perfor-
mance of WT and the unsteady loading induced. Hence, careful selection of
steady-state measurements must be carried out, and the potential frequency
components need to be calculated for each particular measurement. This
highlights the fact that further research is required on in-service WT DFIGs
under operation to validate laboratory- and simulation-based studies.
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3.2. Description of available data used in this The-
sis

The data used for the present analysis were extracted from various da-
tabases developed and maintained by the Spanish company Ingeteam Power
Technology S.A. UP Service (located in Albacete, Spain). Ingeteam, part of
the consortium of the AWESOME Project, specialises in power converters,
generators, turbine controllers, Condition Monitoring Systems and SCADA
Systems. They also provide O&M services and installation services. They ha-
ve equipped 40 GW of wind power worldwide, 12 GW of which correspond
to O&M activities (covering more than 5,600 wind turbines). The gathered
data comprise currents from six sensors located in di�erent parts of the in-
duction generator, as shown in Figure 3.1. The current measurements used
for the present Doctoral Thesis are summarised in Table 3.2.
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Figure 3.1: DFIG Diagram with location of sensors.

Table 3.2: Type of signals used for the analysis.

Label Sensor Location

stator current phase a
Iest stator current phase b

stator current phase c
rotor-side converter current phase a

Iinv rotor-side converter current phase b
rotor-side converter current phase c

Table 3.3: Main characteristics of the three databases used for the analysis.

DFIG1 DFIG2 DFIG3 (A�B)

Rated power [kW] 850 1,500 1,500
Monitoring period [months] 8 17 1

Sampling parameters
1.5 kHz 12 kHz
5.4 s 10.9 s

Table 3.3 shows the rated power (in kW), the monitoring period (in
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months) and the sampling parameters (sampling rate, in Hertz, and sampling
time, in seconds) for each WT DFIG used in this Doctoral Thesis. As shown
in Table 3.3, the monitoring campaigns had di�erent durations for each WT
DFIG. DFIG1 and DFIG2 were programmed as long term campaigns, and
thus, various triggers were set to start an acquisition, described below:

Rise in load over 75% of the rated power.

Rise in load over 60% of the rated power.

Connected, i.e. when the load reaches about 40% of the rated power.

Periodically, i.e. when none of the previous conditions are met for more
than one hour, a new acquisition is triggered.

DFIG3 was planned as a short term monitoring campaign, where the
acquisitions were triggered periodically every �ve minutes.

As a result, three di�erent databases were obtained, detailed in the fo-
llowing Sections. The total number of �les per month is given, listed per
loading condition. Files classi�ed as High refer to the measurements obtai-
ned for loads over 75% of the rated power, Med for loads between 25% and
75%, and Low for loads below 25%. Certain �les were either not complete
(e.g. one of the current phases missing) or taken when the wind turbine was
not under operation (and hence the currents are zero) which are included in
the N/A category.

It has been stated during the theoretical Chapters of the present Doctoral
Thesis (Chapters 2 and 3) that in order to undertake FFT accurately, the
acquisitions must meet steady-state conditions. Therefore, a procedure to
classify each acquisition has been developed, further explained later in this
Chapter, in Section 3.3. The number of �les considered stationary according
to this procedure are also speci�ed for each loading condition, per month,
for each database.
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3.2.1. DFIG1

The available data for DFIG1 is described in the present Section. It
comprises eight months of measurements. As previously explained, the to-
tal number of �les, number of �les per loading condition and number of
stationary �les per loading condition are summarised in Table 3.4 below.

Table 3.4: Available data used for DFIG1.

Month No. of Loading No. of �les No. of which
measurements condition at condition stationary

November 2015 747

High 138 6
Med 137 26
Low 125 32
N/A 347 -

December 2015 371

High 38 3
Med 127 25
Low 61 33
N/A 145 -

January 2016 940

High 222 14
Med 161 9
Low 113 28
N/A 444 -

February 2016 763

High 128 7
Med 113 16
Low 108 19
N/A 414 -

March 2016 954

High 147 9
Med 177 25
Low 145 34
N/A 485 -

April 2016 629

High 47 3
Med 109 26
Low 109 27
N/A 364 -

May 2016 778

High 46 2
Med 100 16
Low 150 48
N/A 482 -

June 2016 652

High 72 1
Med 79 14
Low 120 36
N/A 381 -

TOTAL 5834

High 838 45
Med 1003 157
Low 931 36
N/A 3062 -
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3.2.2. DFIG2

The database for DFIG2 is described in the present Section. It comprises
seventeen (not consecutive) months of measurements . Following the same
methodology, the total number of �les, number of �les per loading condition
and number of stationary �les per loading condition are summarised below
in Tables 3.5 and 3.6.

Table 3.5: Available data used for DFIG2.

Month No. of Loading No. of �les No. of which
measurements condition at condition stationary

September 2015 528

High 137 45
Med 257 185
Low 19 3
N/A 115 -

October 2015 502

High 145 65
Med 255 171
Low 9 1
N/A 93 -

November 2015 447

High 177 77
Med 198 154
Low 4 3
N/A 68 -

December 2015 265

High 37 18
Med 109 94
Low 12 4
N/A 107 -

January 2016 449

High 116 56
Med 198 139
Low 8 1
N/A 127 -

February 2016 530

High 172 63
Med 219 162
Low 18 3
N/A 121 -

March 2016 590

High 253 104
Med 250 159
Low 3 0
N/A 84 -

April 2016 650

High 250 106
Med 273 191
Low 10 2
N/A 117 -

May 2016 512

High 143 60
Med 148 96
Low 9 2
N/A 212 -
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Table 3.6: Available data used for DFIG2 (cont).

Month No. of Loading No. of �les No. of which
measurements condition at condition stationary

June 2016 252

High 58 15
Med 135 91
Low 7 1
N/A 52 -

July 2016 511

High 203 94
Med 221 143
Low 14 1
N/A 73 -

August 2016 660

High 265 100
Med 281 184
Low 16 1
N/A 98 -

September 2016 751

High 126 41
Med 451 297
Low 9 1
N/A 165 -

October 2016 94

High 18 3
Med 62 40
Low 1 1
N/A 13 -

January 2017 420

High 154 62
Med 182 124
Low 7 1
N/A 77 -

February 2017 696

High 242 92
Med 314 216
Low 14 3
N/A 126 -

August 2017 248

High 32 11
Med 134 93
Low 10 1
N/A 72 -

TOTAL 8105

High 2528 1012
Med 3687 2539
Low 170 29
N/A 1720 -

3.2.3. DFIG3 (A�B)

The available data for DFIG3 are not as extensive as those for DFIG1
and DFIG2, since it was conceived for short term monitoring. However, in
this case, data from two WT DFIGs from the same wind farm were available.
One of them had been reported with excessive temperature on the rotor
windings, referred to hereafter as DFIG3�A, and the other, named DFIG3�
B, had not, which facilitated the study and served to validate it.
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3.3. Description of the database development

All the available data were processed using the software package MATLAB R©.
The raw measurements were imported into the software, and one .mat struc-
ture �le was created for each month, itself containing certain number of
�elds, one per measurement. Each measurement receives a unique name,
coded �adq� followed by the time stamp in the format �ddmmyyyy� and
�hhmmss�. Then each measurement is formed by seven sub-�elds: time, th-
ree stator currents (Iest for phases a, b, c) and three rotor currents (Iinv for
phases a, b, c). This is depicted in Figure 3.2 below.

Nov_2015.mat
Dec_2015.mat
Jan_2016.mat
Feb_2016.mat

…

adq_01112015_224605
adq_02112015_103123
adq_02112015_122838
adq_02112015_143015
adq_02112015_015649
adq_02112015_020952
adq_02112015_024859

…

time
Iest_a
Iest_b
Iest_c
Iinv_a
Iinv_b
Iinv_c

Figure 3.2: Flow diagram depicting raw data skeleton.

The raw data is then processed. For each measurement the following
�elds are obtained:

Rms current.

Apparent power.

FFTs for stator currents (a, b, c).

Carrier frequency for stator currents (a, b, c).

FFTs for rotor currents (a, b, c).

Carrier frequency for rotor currents (a, b, c).

Per unit slip.

Operating regime (sub-synchronous or super-synchronous).

Rotor speed in rpm.

As a result, each measurement is then formed by 24 sub-�elds. Once this
information is known, all potential fault frequencies can be calculated, as
per the formula described previously in Section 3.1 of the present Chapter.
Thus, a table is then added as an extra sub-�eld including the whole set
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Nov_2015.mat
Dec_2015.mat
Jan_2016.mat
Feb_2016.mat

…

adq_01112015_224605
adq_02112015_103123
adq_02112015_122838
adq_02112015_143015
adq_02112015_015649
adq_02112015_020952
adq_02112015_024859

…

time
Iest_a
Iest_b
Iest_c
Iinv_a
Iinv_b
Iinv_c
Current rms
Apparent power
FFTest_a
FFTest_b
FFTest_c

freqstator_a
freqstator_b
freqstator_c
FFTrot_a
FFTrot_b
FFTrot_c
freqrotor_a
freqrotor_b
freqrotor_c
Slip
Operating regime
Speed IG
Cal_fault_freqs

Figure 3.3: Flow diagram depicting the processed data.

of potential fault frequencies for each measurement (totalling 25 sub-�elds).
The available data after processing is depicted in Figure 3.3.

This procedure was performed for all measurements, however, as pre-
viously stated, FFT can only be accurately undertaken when the measure-
ments meet steady-state conditions. With that objective, the following pro-
cedure is carried out. Each current acquisition is divided into eight pieces.
For each piece, the rms current and the carrier frequency are calculated,
for each phase. One piece is compared against its consecutive one, and the
deviation is calculated as a percentage. Then, an average for the seven per-
centages obtained (8 − 1) is calculated for each rms current and for each
carrier frequency. As a result, twelve average percentage values are obtained,
corresponding to the three stator plus the three rotor currents, and the three
carrier frequencies again for both rotor and stator. When these percentages
are lower than 5% for the rms currents (both stator and rotor), 0% for the
stator carrier frequencies and below 2% for the rotor carrier frequencies, the
measurement is considered stationary.





Chapter 4

Results

This Chapter includes the results obtained through the work carried out
during the present Doctoral Thesis. It complies with the requirements of a
thesis dissertation by Compendium of Publications according to the Manage-
ment Committee of the International Doctoral School (EID) of the University
of Castilla � La Mancha (UCLM). Therefore, the reported results are pre-
sented as three journal papers, which have been published in Institute for
Scienti�c Information (ISI) indexed journals. An additional result is inclu-
ded in Section 4.2, which was submitted (but not yet published) to another
indexed journal.

4.1. Published results

As discussed in Chapters 1 and 2, WT O&M costs can be optimised
through predictive maintenance based on CM. It is therefore vital to iden-
tify which components are more critical, and hence, further attention should
be given with regards to their performance. Based on this premise, a re-
view paper of wind turbine reliability studies was developed, described in
Section 4.1.1 as Paper I.

The induction generator was identi�ed among the top three contributors
to failure rates and downtime of WTs, and selected as the object of study
of the present work. CSA, described in Chapter 3.1, was used to diagnose
the DFIGs of in-service WTs described in 3.2.1,DFIG1, and 3.2.2, DFIG2,
belonging to Paper II (Section 4.1.2) and Paper III (Section 4.1.3) respec-
tively. An additional analysis is presented in Section 4.2, for DFIG3 (A�B)
described in 3.2.3.

27
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4.1.1. Paper I - Review Paper

Paper I presents a review of WT reliability studies with the aim of eluci-
dating the right direction towards CM development. For that, a comprehen-
sive search was performed within the scienti�c literature. Thirteen reliability
studies were found, highlighting the lack of public reliability data. The dif-
ferent studies were uni�ed in order to obtain comparable results. The least
reliable assemblies were identi�ed, classi�ed as critical. Signi�cant di�eren-
ces arose between these and the most reliable assemblies. The di�erences
between onshore and o�shore developments, and European wind farms and
others in the U.S. and China were also analysed. The most recent studies
were also compared against older ones.

The objective of this paper is to identify critical assemblies for CM, with
the ultimate goal of reducing O&M costs of WTs. In this line, the induction
generator was identi�ed among the top �ve critical assemblies, being among
the top three contributors to the total downtime of WTs.

The journal metrics are summarised in Table 4.1, and the full paper as
published is included below.

Table 4.1: Journal Metrics � Paper I.

Journal Name Applied Energy

Impact Factor (2017) 7.900
Category Energy & Fuels
Quartile in category Q1
Position in category 8
ISSN 0306-2619



Contents lists available at ScienceDirect

Applied Energy

journal homepage: www.elsevier.com/locate/apenergy

Wind turbine reliability: A comprehensive review towards effective
condition monitoring development

Estefania Artigaoa, Sergio Martín-Martíneza,b, Andrés Honrubia-Escribanoa,b,
Emilio Gómez-Lázaroa,b,⁎

a Renewable Energy Research Institute (IIER), Spain
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H I G H L I G H T S

• A review of thirteen wind turbine reliability studies is performed.

• The impact of failure rates and downtime is analysed across the studies.

• The goal is to elucidate the right direction for condition monitoring development.

• Remarkable differences are found between the least and the most reliable assemblies.

• The same critical components are found for both onshore and offshore applications.

A R T I C L E I N F O

Keywords:
Wind turbines
Condition monitoring
Reliability
Failure rates
Downtime

A B S T R A C T

The current work presents a review of wind turbine reliability studies. Thirteen reliability studies were identified
in the scientific literature, highlighting the lack of public reliability data. We present the differences across the
studies, with great effort being made to unify the various studies to obtain comparable results. To this end, we
have endeavoured to develop a wind turbine taxonomy that is common across the different studies, formed by
thirteen assemblies, and the failure rates and downtimes from each study have been normalised. The results
establish differences between the least reliable assemblies, categorised as critical, and the most reliable ones.
Small differences emerge between onshore and offshore locations, and between studies on European wind farms
and others in the U.S. and China. The influence on the total failures and downtime of the most recent studies is
evaluated against older studies. These results will contribute to elucidate the right direction for condition
monitoring design and development, and therefore to improve reliability and availability of wind turbines.

1. Introduction

Of all types of renewable energy sources, wind has experienced the
greatest growth [1–3] and is one of the most economic sources of
electricity [4,5], contributing with more new power generation than
any other renewable source in the last year, with a global installed
capacity of 539 GW by the end of 2017 [6].

Wind turbine technology continues to evolve [7–9], with sophisti-
cated multi-MW machinery under constant development, both for on-
shore and offshore applications [10]. Such growth comes along with
important challenges to be addressed [11]. Larger wind turbines have
proven to develop more failures than small ones [12–14] and offshore
wind farms can be inaccessible for several months [15,16]. Further-
more, a significant share of the existing technology has already

achieved its 20-year estimated lifetime [17,18]. Under this framework,
wind turbine availability and hence reliability must be developed in
parallel, so that wind energy continues to be financially viable [19,20].

Operation and Maintenance (O&M) activities are a key aspect with
regards to availability [21–23]. In fact, the global market for O&M is
expected to grow to 27400 million dollars by 2025 [24]. In this sce-
nario, identification of critical components is vital, so that they can be
monitored “as cost-effectively, reliably and efficiently as possible” [25].

1.1. Problem statement: the need for condition monitoring

Typical onshore availability has been found to be over 97%
[14,15,26], achieved through appropriate O&M activities. Different
numbers are obtained for offshore sites, of about 85% availability
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[27,28], due to inaccessibility issues and the current uncertainty sur-
rounding offshore failure characteristics. Although offshore wind en-
ergy is in its early years, it is a rapidly growing field, with promising
results [29,30].

O&M activities have been identified as one of the leading costs in
the total expenditure of a wind farm project [31]. They represent 25%
of their lifetime costs for onshore wind farms, and 35% for offshore
plants [32–34]. Access and repair (both major and minor) are the main
contributors towards O&M costs [35]. Furthermore, there is “a lack of
operating experience in the field of offshore wind energy” [36] which
increases the complexity of the current problem. The imperative of
reducing O&M costs while improving availability and reliability is
therefore patent.

Three maintenance strategies are commonly implemented [32,37]:
time-based (TBM, which is preventive), failure-based (FBM, corrective),
and condition-based (CBM, predictive). Conventional onshore O&M
activities consist of a combination of preventive and corrective main-
tenance operations [27], but this approach has room for improvement
and is unwise offshore. The new trends are moving from TBM and FBM
towards CBM [22,31]. In the latter strategy, condition monitoring (CM)
determines the optimum point between preventive and corrective
maintenance, which reduces unnecessary repair actions and saves un-
planned downtime [21,38]. In this framework, condition monitoring
has been identified as the key to achieving higher availabilities [15,39]
while reducing O&M costs [40,41]. Nevertheless, the secrecy present in
the wind energy sector makes it difficult to understand which compo-
nents are critical for condition monitoring.

1.2. Existing literature reviews

We have conducted a comprehensive search of previously published
literature reviews. Only those where various reliability studies had been
included, compared and conclusions extracted, were taken into con-
sideration for the present section. These include seven independent
reliability studies:

– Technical Research Centre of Finland (Valtion teknillinen tutki-
muskeskus, VTT) [42].

– Survey in Schleswig Holstein, Germany (LandWirtschaftsKammer,
LWK) [13].

– Windstats in Denmark (WSDK) and in Germany (WSD) [43].
– Survey by Fraunhofer in Germany (Wissenschaftliches Mess- und
Evaluierungsprogramm, WMEP) [14].

– Swedish survey (referred to as “SW” by the authors from now on)
[12].

– Results from the European Project Reliawind (“RELI” onwards)
[44].

A master’s thesis from 2006 [45] includes a comparison of the
Swedish, Finnish and German studies. A table is used to present the
results and the conclusions show similarities among the studies where
the drive train is the assembly requiring the longest downtime per
failure. The comparison between the WSD, WSDK and LWK studies
seems to be the most popular collation, performed by three different
authors [43,46,47] in 2007, 2009 and 2010 respectively, which the
authors from [43] extended a year later by including the WMEP study
in [48]. Next, Ref. [49] presented a comparison between WSD, WSDK
and WMEP results. The general findings of all these studies indicate that
the electric and electronic components, as well as the wind turbine
rotor (blades and hub), are the most critical ones.

The comparative analysis that seems to have the widest scope is
presented as a technical report in [50] summarising the outcome of the
67nd International Energy Agency Topical Expert Meeting, held in
2011. It combines the results obtained from WSD, WSDK, WMEP, LWK,
VTT and Swedish reliability analyses by comparing the top three as-
semblies with the highest failure rates and downtimes. Here, the

gearbox and drive train are the common factor in the top three as-
semblies with the longest downtime per failure. Another technical re-
port conducted in 2013 by [51] collected in one highly explicit graph
the studies from WSD, WSDK, LWK, VTT and Reliawind Project. It also
included (but not in the joint graph) the WMEP and CREW reliability
analyses. The present paper compares all studies jointly.

The latest review paper publication belongs to [52], 2013. Here, a
comprehensive survey of reliability studies by countries, manufacturers
and different technologies is presented. The results from the previously
mentioned Swedish, VTT, LWK, WSD and WSDK studies are analysed
independently. Moreover, the results of two European Projects named
DOWEC and CONMOW, which are the result of simulations and esti-
mations based on previous experiences, are considered. The reliability
results from VTT, LWK and Swedish studies are combined in one plot
which highlights the gears and blades as the most critical assemblies.
Finally in 2014, a new technical report was published by [53] showing
the comparison between WMEP, LWK and Swedish studies where the
most critical assemblies appear to be the gearbox and drive train.

1.3. Motivation

All the mentioned reliability studies carried out in Europe (Swedish,
LWK, VTT, WSD, WSDK, WMEP, Reliawind) and the U.S. (CREW) have
been included in this work, and will be presented in detail and refer-
enced in the following sections. Furthermore, the present paper in-
cludes six new reliability studies, published in and after 2012, that were
not included in previous reviews. These include wind farms located in
Europe (one in the Netherlands, one in UK, and two more in different
European countries, one onshore and one offshore), the U.S. and China.
It should be noted that the current study is the first to take offshore
developments into consideration in a wind turbine reliability review.

Analysing reliability studies will help to identify the most critical
components of a wind turbine. On the basis that identifying the most
critical components maintenance can be optimised, the motivation
behind the present work is to contribute towards O&M cost reduction
by establishing the basis for effective condition monitoring system’s
design and development.

In addition to this introduction, the paper is structured as follows:
Section 2 provides an overview of current condition monitoring systems
and past efforts. Section 3 presents the reliability studies used for the
current analysis. It includes a description of each individual study
(Section 3.1), the limitations of the research (Section 3.2) and the in-
dividual result from each study in normalised plots (Section 3.3). Then,
in Section 4, a detailed comparison of the various studies is presented
(Section 4.1), including different collations to analyse the influence of
the study’s origin, location, the date when it was carried out and a few
selected assemblies (Sections 4.2,4.3,4.4,4.5). Finally, the conclusions
and the main ideas extracted from the current work are summarised in
Section 5.

2. Overview of condition monitoring systems

Condition monitoring systems provide accurate information on the
status of a component or assembly so that maintenance can be planned
accordingly (CBM) [54,55], diagnosis and prognosis is achieved and
critical failures and downtime avoided [56,57]. Many reviews for wind
turbine condition monitoring and fault diagnosis have been published
in the last fifteen years. These typically present the latest techniques
and methods [58,59] according to wind turbine subsystems [60,61],
differentiating between structural [62], mechanical [63] and electrical
parts [64–66], power electronics and control systems [67].

Specific reviews for one particular assembly or sub-assembly can
also be found in the literature, such as structural CM reviews [68,69],
on the drive train [70,71], gearboxes [72,73] and bearings [74], in-
duction machines [75–78] or power converters [79,80]. Some reviews
focus on the diagnostic [81,82] or prognostics [83] methods rather than
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the monitoring process. Furthermore, recent developments show that
SCADA-based CMS can be used to monitor several independent parts of
the wind turbine [84–86]. A review on SCADA for CM is presented in
[87].

Other literature reviews on condition monitoring have been located,
with different specific goals, such as maintenance optimisation [88,89],
the economics behind CM [90–92], practical aspects of condition
monitoring [93], or the technical issues surrounding them [94].

Implementing condition monitoring systems allows the detection of
faults at an early stage, which will eliminate or significantly reduce
unplanned and unscheduled repair costs. The savings achieved through
condition monitoring must obviously be higher than the investment in
such systems [95]. To date, there is no agreement on the CMS to be used
for each assembly or sub-assembly of a wind turbine that is valid across
all technologies and sizes. It becomes clear then that further research is
needed in this field and that identifying the most critical components
[25] is the key to efficient CM design and development.

3. Research methods

Reliability analyses are typically carried out to improve design
[47,96], predict wind turbine availability, life, wind energy harvest,
etc. [43,19] or to compare different technologies [52]. Reliability
analyses of small onshore wind turbines have also been used to predict
that of larger offshore ones [15,43,97].

The aim of the present paper is to identify critical components of
wind turbines across all technologies, sizes and locations in order to
decide where the main efforts should be made with regards to CM de-
sign and development. Under this framework, we will compare thirteen
reliability studies covering locations of various sizes and technologies in
Europe, the U.S. and China. Unlike previous reviews, offshore sites and
non-European studies have been considered here for the first time.

The main characteristics of the thirteen studies included in the
present review are described in the following section, and have been
summarised in Table 1. They are ordered from the most recently pub-
lished study to the oldest one.

3.1. Reliability studies

The first study from Table 1, AWE, is part of the European Project
AWESOME, published by [31]. It is divided in three parts: geared wind
turbines with less than 1MW of rated power, geared with over 1MW,
and direct drive turbines (with power capacities between 0.6 and
2MW). Three normalised plots with failure rates against downtime, in
percentages, are included. For the present paper, only the results cor-
responding to geared WTs with power capacities higher than 1MW
have been considered, which include 2270 WTs on average (denoted
(av) in the mentioned table).

The Chinese Wind Energy Association (CWEA) carried out a relia-
bility study [98] based on an investigation from 47 Chinese wind tur-
bine manufacturers, component suppliers and developers, using 111
wind farms in 2010, 560 wind farms in 2011 and 640 wind farms in
2012. The failure distribution provided by the study is given in failure
frequency per year for three years, for only seven components/sub-as-
semblies, and the downtime is not included. The exact number of WTs,
their power range and their location (offshore or onshore) is not spe-
cified. For this study, the wind turbines are classified in three types:
doubly-fed, permanent magnet and multi hybrid, and the comparison of
the availabilities for these three types is included for the years 2011 and
2012.

The analysis carried out by [99], referred to as CARR, is based on
approximately 350 offshore geared induction wind turbines between 3
and 10 years old. The authors carried out a detailed reliability analysis
including costs analysis, differentiating by type of failure (major re-
placement, major and minor repair, and no cost data). The generator
and gearbox failures are the most costly ones. The failure per year of
operation is also taken into consideration, with further analysis for the
pitch and hydraulic system on one hand, and converter and electrical
assemblies on the other hand. Finally, failure modes are analysed for
the top three contributors to failure rates, these being the pitch/hy-
draulics, others and generator categories.

The Blacklaw & Whitelee (B&W) reliability data presented in [97]
comes from two onshore wind farms, with the same wind turbine
model, between 3 and 6 years old, throughout 381.7 wind turbine years
of operation. They are pitch regulated and variable speed, with 2.3MW
generation capacity. The authors develop a model to predict wind
speed-related failures. Graphs showing the relation between wind speed
and control system, drive train and yaw are included both for failure
rates and downtime. Nevertheless, this study does not include down-
time per component for all components.

Little data has been found from U.S. databases with regards to re-
liability. The National Renewable Energy Laboratory (NREL) has a
failure database for the drive train components with a focus on the
gearbox [101], which collaborated with Sandia National Laboratories
resulting in a reliability study they called CREW, Continuous Reliability
Enhancement for Wind [100]. The results presented include statistics on
wind turbines availability, capacity factor, mean time between events,
mean downtime, etc.

The failure data corresponding to the Egmond aan Zee (EZ) wind
farm in the Netherlands was analysed by [27]. The wind farm consisted
of 36 Vestas V90 3.0MW wind turbines installed offshore. A serial
defect required an overhaul of the drive train on all machines in the
wind farm. The data is used to develop “a time-domain autoregressive
model to represent meteo-ocean site conditions” [102].

RELI includes the results from the European FP7 Project RELIAW-
IND, which carried out a quantitative study of around 350 modern wind

Table 1
Main characteristics of the studies found in the literature.

Survey Year Location Year span WT age WT number WT capacity on/offshore
Acronym Published (years) (MW)

AWE [31] 2016 Europe 2013–2015 6 2270(av) 1–3 onshore
CWEA [98] 2016 China 2010–2012 <3 – – –
CARR [99] 2015 Europe 5 years 5 350 2–4 offshore
B&W [97] 2014 UK – 3–6 – 2.3 onshore
CREW [100] 2013 U.S. <1 year – 800–900 1.3–1.4 –
EZ [27] 2012 Netherlands 3 years 5 36 3 offshore
RELI [44] 2011 Europe 2008–2011 >2 350 >0.8 onshore
VTT [42] 2010 Finland 1996–2008 1–17 72 0.2–2.3 onshore
LWK [13] 2008 Germany 1994–2004 15 158–643 0.2–2 onshore
WSDK [43] 2007 Denmark 1994–2004 14 851–2345 0.1–2.5 onshore
WSD [43] 2007 Germany 1994–2004 <3 1295–4285 0.1–2.5 onshore
SW [12] 2007 Sweden 2000–2004 1–19 624(av) 0.5–1.5 onshore
WMEP [14] 2006 Germany 15 years >10 >1500 - onshore
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turbines [44]. The WTs used for the study had been running for at least
two years and were variable speed and pitch regulated with rated
power over 850 kW. This study is the most detailed, including over 60
sub-assemblies or components. The aim of the authors was to develop a
standardised wind turbine taxonomy with the ultimate goal of creating
a database pattern to be used across the wind industry.

VTT study data comes from 72 Finnish wind turbines collected be-
tween 1996 and 2008. Failure data is presented both in number of
faults per component as well as in percentages. Similarly for downtime,
values are reported in hours of downtime and percentages for each
assembly. For the present paper, percentages are used. The study in-
cludes detailed analysis of the downtime for the following categories:
gearbox, generator, pitch, electrical, braking, hydraulic and yaw sys-
tems, sensors and grid connection [42].

In LWK, the average age of the wind turbines used is 15 years, and
they are with either fixed or variable speed configuration, and geared or
with the direct drive concept [13]. The study includes a graph of failure
rates per turbine per year for different wind turbine sizes divided in
three main groups. Other graphs compare the results of several wind
turbine models, with and without gearbox, pitch or stall, etc. Further-
more, three sub-assemblies are analysed in more detail, generator,
gearbox and converter, the conclusions being that wind turbine gear-
boxes show reliabilities similar to other industries, which is not the case
for the generator and converter where the reliabilities achieved are
below those of other industries.

Both the WSDK and WSD studies [43] use data extracted from
Windstats, which is a reliability survey that collects, organises and
groups failure data from wind turbines in many countries. The WSDK
study covers wind turbines in Denmark whereas WSD covers those in
Germany. Within the survey, the differences between the populations
used include: sizes from 100 kW to 2.5MW, turbine blade aerodynamic
and structural design, mechanical architecture (direct drive and
geared), yaw control, and speed control (stall and pitch). A comparison
between reliability results of LWK, WSD and WSDK studies is included
in the same study.

Statistical data from wind power systems in Sweden comes from two
databases: Driftuppfljning av vindkraftverk, annually published by
Elforsk, and Felanalys, collected by Vattenfall Power Consultant. The
second database is part of the first one but contains further failure in-
formation. The study presents an overview of failures and downtimes
for the period 2000–2004, with an average number of turbines of 624.5
(the number of turbines increased over the years) [12]. A further ana-
lysis of the gearbox failures is included.

The ISET (Institut fur Solare Energieversorgungstechnik) Programme
carried out the WMEP study [14] comprising more than 1500 wind
turbines in operation over a period of 15 years. The wind turbines used
for the study included a variety of technical configurations, most of

them with rated power below 1MW, and from different regions in
Germany. This study includes a graph with the frequency of failure rate
per operational year (from 1 to 15) for three WT capacities: <500 kW,
500–999 kW and ⩾ 1000 kW. In a further publication by [49], a relia-
bility study differentiating per wind turbine configuration (fixed or
variable speed), per location within Germany, and per fault type (minor
or major) was carried out. Later, the same authors published in [103]
more exhaustive breakdowns of downtime comparison between dif-
ferent wind turbines configurations, nominal power and locations.

3.2. Limitations of the research

The reliability studies presented is this paper are different in
number of wind turbines used in each study, type of technology (con-
figuration), power capacity, age at which the study was carried out,
time span for the analysis, etc. Furthermore, the details provided are
also different for each study. Some studies provide a breakdown with
more components per assembly and/or different sub-assemblies than
others.

The WT capacity for all thirteen studies ranges from 100 kW to
4MW. The number of wind turbines per study varies from a few tens to
thousands of machines. However, the main differences identified are in
WT configuration and WT component breakdown.

The categories found for WT configuration are: speed operation,
gearbox solution and power control. The different WT configurations
included for each study are summarised in Table 2.

Nearly half of the studies include both variable and fixed speed WT
and geared and gearless drive trains. Two do not specify this in their
analyses. When only one type of technology is considered for the ana-
lysis, it is usually variable speed with gearbox WT types. Less in-
formation has been found with regards to power control. Four studies
do not mention whether the turbines used in their studies are pitch or
stall regulated. The rest of the studies all include pitch control, with
four of these (the oldest ones) mixing pitch and stall.

With regards to the different WT component breakdowns found for
each study, the authors have all endeavoured to make them uniform
and hence comparable for the present work. Table 3 provides the ori-
ginal taxonomy of each study.

Once the different taxonomies were analysed for all the studies, and
compared to one-another, thirteen categories were chosen in the pre-
sent paper to perform the analysis and various comparisons, defined by
the first column of Table 3. Those studies in which a further component
breakdown was provided have been easily re-arranged in the new ca-
tegories by aggregating the sub-assemblies into the main assembly.
There are, however, studies with information on certain categories
missing. In those cases, such assemblies have had to be left blank. The
CWEA study is the most limited one, with information missing in the

Table 2
Wind turbine technology by study.

Speed operation Gearbox solution Power control

Survey Variable Fixed N/A Geared Gearless N/A Pitch Stall N/A

AWE [31] ✓ ✓ ✓
CWEA [98] ✓ ✓ ✓ ✓ ✓
CARR [99] ✓ ✓ ✓
B&W [97] ✓ ✓ ✓

CREW [100] ✓ ✓ ✓
EZ [27] ✓ ✓ ✓
RELI [44] ✓ ✓ ✓
VTT [42] ✓ ✓ ✓
LWK [13] ✓ ✓ ✓ ✓ ✓ ✓
WSDK [43] ✓ ✓ ✓ ✓ ✓ ✓
WSD [43] ✓ ✓ ✓ ✓ ✓ ✓
SW [12] ✓ ✓ ✓ ✓

WMEP [14] ✓ ✓ ✓ ✓ ✓ ✓
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categories of hydraulics, sensors and control systems, structure and
others.

It can be appreciated that the most complete taxonomies are from
AWE and RELI, followed closely by CARR. Ref. [31] explains the effort
they made to define an updated wind turbine taxonomy, based on that
from the RELIAWIND Project [44], but more extensive and taking into
consideration more modern machines.

Another limitation is the way the failure and downtime data are
presented. Some studies provide failure rates in failures turbine−1

year−1 and the downtime in hours lost per failure, whereas others give
normalized percentages. It is simple in this case to uniform the data into
normalised percentages for all the studies, both for failure rates and
downtimes. The failure rate normalisation was carried out by con-
sidering the total number of failure rates 100% and calculating each
assembly’s contribution proportionally. For example, in CWEA the total
number of failures reported across all assemblies is 5854, where 1894
belong to the electric system, i.e. 32% of the failure rates were caused
by the mentioned category. Similarly for the downtime analysis, the
total number of hours lost is considered 100% and then each assembly’s
contribution to the total amount of downtime is obtained proportion-
ally. For example, in CARR the total number of hours lost across all
categories is 1864 where 268 belong to the gearbox, i.e. 14% of the

downtime is caused by the gearbox. By normalising, it is not possible to
compare absolute failure rates or hours lost between different wind
turbine configurations, size or even location, but rather which com-
ponents are generally and typically more critical in terms of main-
tenance. Hence, more effort should be made when developing condition
monitoring systems, which is the ultimate goal of the present review.

3.3. Content analysis

In this section, the normalised plots for each individual study are
presented, both for failure rates and downtime. With regards to the
reporting methodology, when a failure occurs, it is assigned to one
specific component, falling into one particular category. The downtime
attributed to a failure is defined as the time caused to repair it outside
scheduled maintenance, i.e. the reported downtime is only caused by
unexpected faults.

For failure rates, originally in the AWE, RELI, VTT and SW studies,
the results were already given in percentages. The rest of the studies
have been normalised as previously explained. The thirteen pie charts
obtained are shown in Fig. 1.

Most of the failure rate studies present distributed percentages ex-
cept for B&W, CREW and EZ studies, where one specific category stands

Table 3
Wind turbine taxonomy breakdown by study.

Assembly Component AWE CWEA CARR B&W CREW EZ RELI VTT LWK WSDK WSD SWED WMEP

Hub & Blades
Hub ✓ ✓ ✓ ✓ ✓ ✓
Blades ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Bearings ✓ ✓
Rotor ✓ ✓ ✓ ✓ ✓ ✓ ✓

Pitch Sys ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Hydraulic Sys ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Drive Train ✓ ✓ ✓ ✓
Main Shaft ✓ ✓ ✓ ✓ ✓
Bearings ✓

High Speed Sh ✓ ✓

Gearbox ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Grease/oil ✓

Braking Sys
Mechanical Brake ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Air Brake ✓ ✓ ✓

Yaw Sys ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Generator ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Electric Sys ✓ ✓ ✓ ✓ ✓ ✓ ✓

Grid ✓ ✓
Elec Components ✓ ✓ ✓ ✓ ✓
Transformer ✓ ✓ ✓
Converter ✓ ✓ ✓ ✓ ✓ ✓
Contactor ✓
Protection Unit ✓ ✓

Sensors ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Control Sys ✓ ✓ ✓ ✓ ✓ ✓ ✓
Controllers ✓ ✓
Communication ✓ ✓

Structure ✓ ✓ ✓ ✓ ✓ ✓
Tower ✓ ✓ ✓
Foundation ✓ ✓

Other ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Safety ✓ ✓ ✓
Service ✓ ✓
Heaters/Coolers ✓ ✓ ✓ ✓
Aux System ✓ ✓
Lift ✓ ✓ ✓
Entire Unit ✓
Unknown ✓ ✓
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out above the others due to presenting a strikingly higher percentage:
the control system for B&W and EZ, and the others category for CREW.

The others category is among the top-three contributors to failure
rates for almost half of the studies, which may lead one to think that
further investigation is needed to find out where the faults originate.
Several factors may influence this, such as the difficulty in acquiring
reliability data, poor analysis when performing data treatment,

inaccurate definition of sub-assemblies prior to data acquisition, etc.
The general understanding is that the others category is the sum of
many not-significant and not-consistent parts across different technol-
ogies. Hence, although it is significant for many of the studies, a further
breakdown would not provide insight into new critical components.

Disregarding the others category, and considering the top-three
contributors to failure rates for each study, the most common are hub &

Fig. 1. Failure rates.
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blades, electric, control and yaw systems. Nine of the thirteen studies
include the electric system among the top three, six the control system,
and four the yaw system and hub & blades assemblies.

With regards to downtime, the studies from CARR, CREW, EZ, LWK,
WSDK, WSD and WMEP were not given in percentages and therefore
they have been normalised following the procedure explained above
(see Fig. 2). The CWEA and B&W studies do not show downtimes and
hence it has not been possible to include them in this section.

The others category is among the top-three contributors to down-
time in only one of the studies (CREW), unlike in the failure rates
analysis. In this case, the most recurrent assembly is the gearbox, which
is among the top-three contributors for seven out of eleven studies. It
exceeds 50% for the EZ study, due to the mentioned serial defect in the
gearbox. Following in terms of recurrence are the generator, mechan-
ical brake and electric system assemblies, among the top-three in four of
the studies, where the braking system represents over 30% of the
downtime for the WSDK and WSD studies.

In order to draw conclusions about which components are to be
considered in condition monitoring design and development, both
failure rates and downtime must be taken into account jointly since it is

their combined result that affects the wind turbine’s availability. In fact,
although a component may fail more regularly, it might be the case that
it results in a minimal amount of downtime whereas a different com-
ponent may fail once per year but keeps the turbine down for extended
periods of time. A bubble plot has been created for this purpose (Fig. 3),
where each assembly is represented on the horizontal axis. Their nor-
malised downtime is represented by the bubble size and their normal-
ised failure rates on the vertical axis (indicated by the centre of the
bubble). The impact of failure rates and downtime can therefore be
analysed at a glance for all studies in conjunction.

The electric and control systems show the highest levels of failure
rates, ranging from 5–30% and 5–36% respectively, whereas the hub &
blades and gearbox categories show the highest downtimes, between
2–38% and 4–56%. The generator, pitch and hydraulic systems fall
within medium levels, obtaining failure rates between 3–17%, 2–21%
and 1–20%, and downtime ranges from 6–19%, 4–23% and 1–15%
respectively. The yaw system, despite being among the top three con-
tributors to failure rates in four studies, shows lower failure rates than
the pitch and hydraulic systems, and nearly the same as hub & blades,
gearbox and generator categories, with these last three presenting

Fig. 1. (continued)
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significantly higher downtimes. Medium-high downtime levels are ob-
tained for the braking system (up to 32%), showing, however, low
failure rates (between 1–6%). Similar results are found for the drive
train, with very low failure rates but up to 28% of downtime levels. The
sensors and structure assemblies are in the low ranges, for both failure
rates (between 4–14% and 1–4%) and downtime (1–7% and 1–9% re-
spectively).

Considering the recurrence within the top-three contributors both to
failure rates and downtime, as well as the ranges obtained across all
studies again for failure rates and downtime, the following assemblies
have been pre-selected as critical: control system, gearbox, electric
system, generator and hub & blades. Special attention will be given to
these categories in Section 4.5.

Fig. 2. Downtimes.
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4. Findings and discussion

In addition to the individual plots presented in the previous section,
several comparisons between the studies are performed using box plots
and stacked bar graphs. A box plot is a graphical method where the
main statistical data are identified, these being: median (Q50), twenty-
fifth quartile (Q25), seventy-fifth quartile (Q75), upper limit, lower limit
and outliers. Q Q,25 50 and Q75 are calculated as 25%, 50% and 75% of
the ascending sorted dataset, respectively. When these quartiles do not
fit an integer, the quartile is calculated as the mean of the two adjacent
values. The values below Q25 and above Q75 at a distance 1.5 times
higher than the interquartile ratio (IQR) are considered outliers, where
it is calculated as = −IQR Q Q75 25. The upper and lower limits are the
maximum and minimum values found, excluding the outliers.

Firstly, the failure rates and downtime are analysed for all studies at
the same time. Later, the following scenarios are considered: European
studies versus the study from China and versus the study from the U.S.;
onshore farms versus offshore ones; the most recent studies (AWE and
CARR) are compared against older studies; and finally, a stacked bar
graph is used to analyse the failure rates and downtime for the pre-
selected critical assemblies.

4.1. All-in-one comparison

With the aim of understanding the convergence or divergence be-
tween the different studies, all of them are now compared in two se-
parate box plots, one for failure rates and the other one for downtime.
The results are shown in Fig. 4.

For the failure rates box plot (Fig. 4(a)), low dispersion ranges are
obtained for the drive train, braking system and structure assemblies,
meaning they are alike across all studies. They are also the most reliable
ones, representing less than 6% of the total contribution towards failure
rates. Conversely, the biggest ranges are found for the control system,
others and electric system assemblies (in that order), which are also the
least reliable ones. The gearbox and generator are well determined,

except for the two outliers obtained for the generator, belonging to the
CWEA and CREW studies. This fact will be further analysed in Section
4.2.

The hydraulic system of the VTT study appears as an outlier both for
failure rates and downtime, with higher percentages when compared to
the rest of the studies, with these being around 20% in both cases. This
study includes old machines, most of which have been in operation for
15 years. This in combination with the harsh climate of the Nordic re-
gions may lead to the abnormal values found for failure rates and
downtime on the hydraulic system when compared to the rest of the
studies.

The failure rates box plot shows a lower amount of outliers than the
downtime box plot (Fig. 4(b)). Here, the mentioned outliers aside, the
various assemblies show lower dispersion ranges in general. The as-
sembly causing the highest amount of downtime is the gearbox, fol-
lowed by the electric system, generator, drive train, and hub & blades
assemblies. The outliers obtained for the gearbox and hub & blades
categories belong to the offshore studies, from EZ and CARR respec-
tively. Later in Section 4.3, onshore studies will be analysed against
offshore ones. Further significant outliers are found for the braking
system on the WSDK and WSD studies, with over a 20% increment
when compared to the median obtained for the rest of the studies. Both
studies include a wide range of WT capacities as well as mixed WT
models or different WT operating years (WT age), and hence it is dif-
ficult to reach a conclusion as to why the braking system shows high
downtime for both studies. One reason might be the lack of spare parts
and/or technicians.

Looking at the differences between mechanical and electrical/con-
trol assemblies, it can be observed that most of the mechanical failure
rates oscillate between 40–45%, while electrical/control failure rates
fall between 33–55%. In contrast, downtime rates are much higher for
mechanical components, between 60–90% in most of the cases,
whereas electrical/control ones have reduced percentages, below 35%.
In summary, when comparing mechanical and electrical/control com-
ponents, failure rates are similar, but mechanical components cause a

Fig. 2. (continued)
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larger amount of downtime, reaching over 75% in some cases. In this
regard, the assemblies showing the lowest downtimes are the structure
and sensors categories, which also present low dispersion ranges.

With regards to the others category, its impact on availability is in
the lower range (around 19–20% for failure rates and 4–7% for

downtime), which is in accordance with the explanation given earlier in
Section 3.3. In fact, the impact of the others category is higher for the
failure rates analysis than for the downtime one.

Fig. 3. Failure rates against downtime for all assemblies.
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4.2. European studies vs the study from China and vs the study from the
United States

This section analyses the differences between European studies as a
whole compared with studies from China and the U.S. separately. The
aim is to verify whether important discrepancies exist and, hence,
whether work on condition monitoring design and development should
follow separate paths. A box plot is used again, but in this case the
CWEA and CREW studies are represented by outer stars and squares
(respectively) instead, see Fig. 5.

The first conclusion drafted is that, after extracting the Chinese and
U.S. studies from the analysis, the European studies limit their bound-
aries further for most of the assemblies.

Overall, the CWEA and CREW studies differ significantly from each
other, except for the generator and braking system assemblies. For the
generator, both Chinese (22.8%) and USA (17.2%) studies differ from
the European ones (2.5–12.8%), showing significantly higher failure
rates. In contrast, with regards to the braking system, similar failure
rates (between 4.5–13.6%) are obtained across all studies.

Looking at the drive train, sensors and structure assemblies (which
were classified as non-critical), similar results are obtained for
European and U.S. studies. Except for the hub & blades and others ca-
tegories, the rest of the assemblies are in the lower range for the U.S.
studies when compared to the European ones. For the Chinese study
however, the results are practically the opposite. The pitch, gearbox
and electric system categories (and generator already mentioned) show
higher failure rates when compared to European studies. The most

probable reasons, as suggested in the study from China, are their lack of
core technologies, their inferior quality standards and their lack of
quality certification.

4.3. Onshore vs offshore

Important differences exist between offshore and onshore develop-
ments with regards to operation and maintenance strategies, accessi-
bility issues and all associated costs. Furthermore, the downtime in-
creases significantly for particular assemblies from onshore to offshore
wind farms, as seen in Fig. 4(b) in Section 4.1. In the present section, a
further analysis is carried out to find out whether additional aspects are
to be taken into consideration for condition monitoring design and
development of offshore wind turbines. The box plot includes all on-
shore studies, the offshore ones being represented by outer triangles
and circles, see Fig. 6.

With regards to reliability (Fig. 6(a)), the main differences between
onshore and offshore studies are found for the yaw and control systems,
with these being higher offshore than onshore for the EZ study and
lower offshore than onshore for CARR’s one. It must be taken into ac-
count that the EZ study includes only one wind farm, with the same WT
model, and hence, a less reliable category causes a bigger impact on the
overall study. Looking at CARR’s yaw and control system reliability,
although they fall in the lower range, they are within the limits ob-
tained for onshore WTs. The rest of the assemblies do not seem to differ
significantly.

The main differences are expected to be found in the downtime
analysis, Fig. 6(b). Apart from the two outliers previously obtained in
Fig. 4(b) for hub & blades (CARR 37.7%) and gearbox (EZ 55.5%) ca-
tegories, a minimal discrepancy is obtained in the control system,
where the offshore values fall in the lower 5% limit. The rest of the
assemblies fall within the limits obtained for the onshore studies.

As a result of the onshore vs offshore comparison performed, it may
be deduced that condition monitoring systems can prioritise and target
the same components for both onshore and offshore applications.

4.4. Recent vs older studies

In order to verify whether the trend is changing in a particular di-
rection, the most recently published studies with low WT age (AWE and
CARR) are analysed against the older ones with older WT age (VTT,
LWK, WSDK, SW and WMEP), see Fig. 7. The older studies are grouped
in the box plot, and the AWE and CARR studies are represented by outer
stars and diamonds (respectively). Only the studies with a large number
of WTs have been included in this analysis.(See Fig. 8)

Considering the failure rates on the first place (Fig. 7(a)), and

Fig. 4. All-in-one comparison.

Fig. 5. Failure rates in European studies compared with Chinese and U.S. stu-
dies.
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comparing the two newer studies with the older ones, similar results
can be observed for all assemblies except for the control system, the
generator and the gearbox. For the control system, both recent studies
fall near the dispersion ranges obtained for the older studies. With re-
gards to the generator, CARR’s study shows slightly higher failure rates
compared to the rest of the studies. Both recent studies show higher
failure rates for the gearbox compared to the old studies. The tendency
seems to be that the reliability of the categories of hydraulic, main
shaft, braking, yaw and sensors is improving while that of the gearbox
and generator is worsening slightly.

With regards to the impact on availability (Fig. 7(b)), the main
difference is obtained for the hub & blades category, which is sig-
nificantly higher for CARR’s study than that obtained for the rest of the
studies. The tendency for downtime shows similar results to that for
reliability: the hydraulic, main shaft, braking, yaw and sensors assem-
blies seem to cause lower downtimes when compared to the older
studies. It appears that these categories may have reached acceptable
levels of maturity, whereas other components such as the gearbox and
generator continue to evolve. Therefore, attention should be paid to
these components and the hub & blades when designing modern con-
dition monitoring systems.

4.5. Critical assemblies

Five assemblies had been pre-selected as critical: electric and con-
trol systems, gearbox, generator and hub & blades, under the criteria of
being among the top-three failure rates/downtime contributors and/or

showing high levels of failure rates and downtime. These five categories
represent 38% of the total wind turbine’s assemblies.

Up to this point, certain differences have been outlined between the
mentioned critical and non-critical sets for the various collations pre-
viously presented. The goal of this section is to analyse the impact of the
pre-selected critical components on the overall wind turbine reliability
and availability.

The selected critical components contribute between 41% and 73%
to the overall WT failure rates. Only three studies show less than a 50%
contribution towards failure rates, these being VTT, WSDK and SW
which include old wind turbines with increased failure rates in the
hydraulic, pitch, sensors and others categories. For ten out of thirteen
studies, the critical components make up 50% or more of the total
failure rates.

The contribution of the critical components towards downtime is
more disperse, showing percentages between 20% and 85%. In this
case, seven out of eleven studies exceed 50%. The four studies that
show a lower percentage attributed to the critical components are
CREW, VTT, WSDK and WSD. The reason is similar to before, in that
there is a significant contribution of the hydraulic, pitch, braking and/
or drive train systems to the overall WT downtime. However, for the
rest of the studies, the critical components contribute to nearly 70% on
average to the total downtime.

In conclusion, 38% of the assemblies cause more than 50% of the
wind turbine’s failure rates and 60% of the downtime, reaching, in
some cases, up to 70% of the total failures and 85% of the total

Fig. 6. Failure rates and downtime comparisons onshore vs offshore. Fig. 7. Failure rates and downtime for the most recent studies with low WT age
compared with older studies with older WT age.
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downtime. Furthermore, considering the breakdown cost per compo-
nent given in [99], 90% of the repair and replacement costs originate
from the critical components.

Condition monitoring systems should therefore target these five
categories, thereby reducing the wind turbine’s failure rates and
downtime and hence improving the wind turbine’s overall reliability
and availability.

5. Conclusions

Identifying the critical assemblies of a wind turbine would con-
tribute significantly to the advancement of condition monitoring sys-
tems, and hence reduce O&M costs through condition-based main-
tenance. The lack of reliability and availability data of wind turbines
has been verified during the development of the present work, espe-
cially offshore. In this scenario, the development of public databases is
gaining importance, with special attention being given to the wind
turbine taxonomy.

Thirteen reliability studies have been analysed and compared in the
present paper to understand where work should be focused with re-
gards to condition monitoring design and development. Six of them are
new with respect to previous analyses, new countries are included (UK,
Netherlands, China and the U.S.) as well as offshore sites. To this end,
the data has been normalised and a common taxonomy for all studies
defined. Different analyses have been performed, the main conclusions
are summarised as follows:

(1) The study reveals that the control system, gearbox, electric system,
generator and hub & blades are the most critical assemblies with
regards to wind turbine condition monitoring.

(2) The most reliable assemblies appear to be structure and sensors,
with the lowest failure rates and downtimes.

(3) Critical components show higher dispersion ranges than the non-
critical ones, both for failure rates and downtime.

(4) Taking into account the top-three contributors to failure rates for

each study, the most recurrent ones across all studies are the elec-
tric, control and yaw systems, and hub & blades categories; for
downtime these are the gearbox, generator, and braking and elec-
tric systems.

(5) The assemblies showing the highest failure rates are the electric and
control systems, whereas those with the highest downtimes belong
to hub & blades and gearbox.

(6) Mechanical and electrical/control components show similar failure
rates. However, mechanical components cause higher amount of
downtime when compared to electrical/control ones, reaching
more than 75% of the total downtime.

(7) Failure rates in Chinese and U.S. reliability studies show remark-
able discrepancies between each other, falling outside the lower
and upper limits of the European studies for most of the assemblies.

(8) Reliability of hydraulic, main shaft, braking, yaw and sensors as-
semblies has improved in the most recent studies, while that of the
gearbox and generator has not.

The present study reveals that, on average, 38% of the assemblies
cause more than 50% of the wind turbine’s failure rates and 60% of the
downtime. Based on the literature review, gearboxes are a major cause
of failure. According to the present review, apart from the gearbox,
further attention should be given to the electric and control systems,
generator and hub & blades assemblies.

In brief, the lack of reliability data has been identified during the
development of the present review. Furthermore, only one study has
been found that includes actual repair and replacement costs of the
various components of a WT. The creation of public databases, in-
cluding O&M costs, would give greater insights into different failures
with regards to wind turbine availability, associated costs, etc. towards
effective design and development of condition monitoring systems.
Thereby, condition based maintenance can be implemented instead of
traditional corrective and preventive actions, improving wind turbine
availability while reducing costs.
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44 Chapter 4. Results

4.1.2. Paper II - Analysis DFIG1

Paper II presents the analysis of in-service DFIG1 described in Sec-
tion 3.2.1. CSA is used to diagnose the induction machine. Three test cases
representing di�erent WT operating conditions are presented to illustrate the
results. All the peaks found in the spectra are identi�ed, and the frequency
components related to electrical rotor unbalance are found. The results show
which components are more suitable for e�ective CM.

In Table 4.2 the metrics of the journal in which the paper was published
are summarised. The full paper as published is included below.

Table 4.2: Journal Metrics � Paper II.

Journal Name Renewable Energy

Impact Factor (2017) 4.900
Category Energy & Fuels
Quartile in category Q1
Position in category 20
ISSN 0960-1481
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a b s t r a c t

As wind energy continues to develop with increasing wind turbine power capacities often deployed
offshore, reducing operation and maintenance costs have become a critical aspect. Condition monitoring
has been found to be the key to achieve this goal. Under this framework, the induction generator of a
wind turbine is a major contributor to failure rates and downtime where doubly-fed induction gener-
ators are the dominant technology employed. This paper presents a spectral analysis of a real doubly-fed
induction generator of an in-service wind turbine. A one-year measurement campaign on an operating
wind turbine has been used to perform the study. Three test cases representing different wind turbine
operating conditions are presented to illustrate the results. All the peaks found in the spectra have been
identified, and the frequency components related to electrical rotor unbalance have been found. The
results show which components are more suitable for effective condition monitoring.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Predictive maintenance based on condition monitoring is
currently recognised as the most efficient maintenance strategy for
wind turbines [1] where condition monitoring is the key to reduce
operation and maintenance (O&M) costs [2], leading to increased
reliability and availability of wind turbines [3].

The induction generator contributes significantly to the overall
failure rates and downtime of a wind turbine and therefore to
operation and maintenance costs [4]. Doubly-fed induction gener-
ators (DFIGs) have been identified as the dominant energy con-
version systems for variable speed wind turbines [5e8].

The different condition monitoring techniques available for in-
duction generators of wind turbines are introduced in Section 2
where current signature analysis has been acknowledged as the
best option [5,9]. The interpretation of the current spectra is of
major importance since spectral components can arise from both
normal operating conditions as well as faulty ones [10,11].

Failure data analyses of real operating wind turbines are rarely
presented. Based on the literature review presented below and to
the best of our knowledge, there is a lack of current signature

analyses applied specifically to in-service wind turbine DFIGs.
Furthermore, unlike common studies where faults are known
before the analysis is carried out and hence the authors know
which faulty frequencies to target, a whole set of faulty frequencies
is calculated in the present work in order to diagnose a real oper-
ating wind turbine. The present case study will also serve to
identify which fault frequency components are most suitable to
monitor the health of a DFIG.

In addition to this introduction, the paper is structured as fol-
lows: Section 2 provides the literature review on condition moni-
toring of induction machines with particular focus on doubly-fed
induction generators and their applications to wind turbines.
Section 3 describes the methodology used in the present work,
which is based on current signature analysis. A detailed
description of the formulae involved is presented. Section 4 de-
scribes the data available and used for the present analysis. In
Section 5 the results obtained for three test cases are presented,
while the results are discussed in Section 6. Finally, the conclusions
extracted from the study and the main ideas for future work are
summarised in Section 7.

2. Literature review

The state of the art on condition monitoring of induction ma-
chines is presented in this section, first in general, and then focused
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on wind turbine DFIGs. It includes common faults, monitoring
methods based on electrical measurements and signal processing
techniques.

Condition monitoring is used to provide “continuous informa-
tion on a component condition” [12] in order to detect incipient
faults while components are still operational and appropriate ac-
tions can be planned to prevent major failure components [13]. In
this scenario, appropriate data acquisition and advanced signal
processing is crucial [14].

Recent surveys on the state of the art on condition monitoring
and fault diagnostic technologies for the whole wind turbine are
well described in Refs. [15,16,1] for offshore wind turbines. The
relationship between condition monitoring, diagnosis and main-
tenance is presented in Ref. [3] and, similarly in Ref. [12] with focus
on wind farm maintenance strategies. A review focusing on faults
that can be monitored using the wind turbine DFIG generator was
published by Ref. [17].

From a more general point of view, induction machine's con-
dition monitoring techniques include temperature, chemical and
wear, mechanical vibration, electrical current, flux and power,
electrical discharge and artificial intelligence [9,18], where elec-
trical signature analysis is the most common [19e21].

In addition to signal-based methods, there are other types of
diagnosis techniques, which are model-based and knowledge-
based. Recent model-based work has been published by
Refs. [22,23], applied to stochastic non-linear systems under
different types of disturbances. Regarding knowledge-based diag-
nosis, analysis based on SCADA is the current trend [24,25].

The present paper discusses electrically-based condition moni-
toring techniques in induction generators with special focus on the
doubly-fed architecture (DFIGs). The most common and critical
faults found in induction generators are briefly introduced (see
Section 2.1), the relevant current-based monitoring techniques
discussed (see Section 2.2) and the available signal processing
techniques identified (see Section 2.3).

2.1. Faults in induction generators

Failure statistics have reported that the induction generator is
one of the major contributors to wind turbine failures [26e28].
Different classifications for induction generator faults have been
found in the literature: mechanical and electrical, rotor and stator,
per component, etc. In Ref. [10] it is stated that 40% of the generator
faults are related to bearings, 38% to the stator, 10% to the rotor and
the rest are categorised as “others”. According to [27], 31% of
generator faults are slip rings issues, 12% bearing related, 8% grease
and pipes, 7% rotor faults and 4% fan problems; the remaining 38%
are not specified. Stator faults are identified as critical by
Refs. [18,20].

Any fault that occurs in either the stator or rotor side of the
machine, such as resistance variations or short circuits, will pro-
duce a phase asymmetry caused by a change in the phase im-
pedances [29]. Normally, faults evolve from an incipient stage to a
more severe condition, thus, early detection of any anomaly, such
as resistance changes and winding unbalances, can avoid critical
faults and reduce downtime periods [30]. A comprehensive survey
of failure data, root causes and failure modes is presented in
Ref. [9].

For variable-speed induction machines, studies claim that 45%
of the failures are related to the stator and rotor parts [31]. Ac-
cording to [5], around 80% of mechanical faults eventually lead to
eccentricity and DFIGs are more prone to eccentricity for a number
of reasons. The failures and failure mechanisms in power electronic
converters and generators in the context of their use in wind tur-
bines is well analysed in Ref. [4].

2.2. Electrically-based condition monitoring techniques

It has already been mentioned that condition monitoring based
on electrical measurements seems to be the trend towards efficient
O&M for induction generators; it is cheaper than other common
techniques and can monitor both electrical and mechanical faults
[5]. Such techniques include: current, voltage, instantaneous power
and flux analysis [32,33]. Stator current analysis is the most com-
mon of these techniques [5,6].

Current signature analysis based on stator current has been
studied for doubly-fed induction generator based wind turbines
but only validated using mathematical models and test rigs
[8,34,35] to detect rotor and stator asymmetries or bearing faults.
Other signals, such as rotor currents, voltage or power signals
have been used by Refs. [6,36,37] on DFIG-based simulations
and laboratory test rigs. In these studies, eccentricity is the target
fault. Further modelling approaches have been proposed by
Refs. [7,38,39] capable of representing inter-turn short circuit, rotor
and stator asymmetries or winding faults.

It can be highlighted that further research is required by the
wind power industry not only to validate the models previously
commented but also to complement the laboratory tests with real
operating wind turbines. A lack of field measurement campaigns
for current signature analysis has been detected. Under this
framework, the present paper provides a thorough analysis on an
in-service 850 kW DFIG wind turbine.

2.3. Signal processing

Once the monitoring technique is chosen, the signal processing
methodology plays a key role. Various signal processing techniques
can be applied to electrical measurements towards fault identifi-
cation. These are classified into time-domain, frequency domain
and time-frequency [40].

Time-domain analysis consists of analysing the time waveform
itself by extracting characteristic features from descriptive statistics
such as mean, root mean square (rms), peak, peak-to-peak interval,
standard deviation, shape factor, crest factor, skewness, kurtosis,
etc. [12].

Frequency-domain analysis transforms the waveform signal
from the time domain to the frequency domain. The advantage of
this last method over time-domain analysis is its ability to identify
frequency components of interest [41]. The most common method
is spectrum analysis via the Fast Fourier Transform (FFT), which is
widely used for fault diagnosis because the variations of certain
harmonic components in the frequency spectrum of a signal can be
related to a specific fault type [14].

Frequency-domain analysis is limited to stationary waveform
signals but, due to both the variable-speed nature of wind turbine
operation and the unsteady load condition involved, time-
frequency analyses have been developed and are widely accepted
as key signal processing tools [42]. Short-Time Fourier Transform
(STFT) and Wigner-Ville distribution are the most popular time-
frequency distributions [41].

Other less common time-frequency techniques applied to wind
generator fault detection are Hilbert transform [43], Gabor trans-
form [44], Chirplet transform [45,46] or amplitude-demodulation
[35].

3. Methods

Current signature analysis is based on the principle that each
fault has its own effect on the current spectra. Fault frequency
components related to the faults described in Section 2.1 have been
known for long time. Their formulae have been identified and
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demonstrated for different kinds of induction machine configura-
tions (motor, generator) and architectures (squirrel cage, wound
rotor), and for different industries, including a few specific cases in
wind turbines quite recently, as described in Section 2.2. From the
signal processing techniques presented in Section 2.3, FFT has been
chosen for the case study presented in this paper (Section 4).

The above-mentioned formulae are presented below. They have
been applied to the wind turbine under study in order to identify
the different peaks found in the spectra for the test cases presented
in Section 5.

Certain parameters (in terms of architecture and nominal
values) of the induction machine must be identified in order to be
able to apply the formulae presented in this section. These are the
supply frequency (referred to as fs), the number of pole pairs (p), the
number of rotor slots (R) and the slip (s). In this line, there are some
frequency components inherent to the induction machine that
usually modulate its current, together with other factors; these are
the slip frequency (f2), the mechanical rotor speed in hertz (fr), and
the rotor slot passing frequency (Se), defined as:

f2 ¼ sfs (1)

fr ¼ fs
1� s
p

(2)

Se ¼ Rfr (3)

3.1. Broken rotor bars, fbrb

Broken rotor bars can be caused by heavy duty cycles, pulsating
mechanical loads or imperfections during fabrication or machine's
assembly [47]. These result in electric and magnetic asymmetry in
the rotor of induction machines, producing frequency components
in the stator current given by Ref. [48]:

fbrb ¼ fs±2sfs (4)

Since a minimal degree of asymmetry will always be introduced
during manufacturing, the mere presence of these frequency
components might not imply a fault. Many authors have reported
the amplitude level needed for the frequency components obtained
with Eq. (4) to be able to diagnose broken rotor bars [18,49], it must
show less than 25 dB difference with the supply frequency ampli-
tude. A severity factor is presented in Refs. [48,50].

As frequency components given by Eq. (4) overlap with other
type of faults and fall too close to the supply frequency, other
spectral components have been proposed in the literature, aimed at
facilitating their identification. These are given by Refs. [10,50]:

fbrb ¼ fs

�
k

�
1� s
p

�
±s

�
(5)

where k is the harmonic index (k ¼ 1;2;3;…). The authors in
Refs. [11,21] established the relation k=p ¼ 1;5;7;… because of the
normal winding configurations.

3.2. Bearing damage, fbe

Bearings are a major contributor to generator component fail-
ures [4,10], themain reason being its incorrect installation or that of
the shafts they hold [50]. The fact that the rotor shaft is supported
by bearings will cause a radial movement between rotor and stator
when the bearings are defective. This mechanical displacement
produces stator currents at frequencies given by Ref. [19]:

fbe ¼
��fs±mfo;i

�� (6)

where fo;i refers to bearing outer and inner race faults respectively.
In order to calculate those frequency components, detailed infor-
mation about the bearing type and dimension is required. As an
alternative, the following simplifications have been proposed in the
literature [21,47]:

fo ¼ 0:4Nb
fsð1� sÞ

p
(7)

fi ¼ 0:6Nb
fsð1� sÞ

p
(8)

Such simplifications are valid for most bearings between eight
and twelve balls, which falls within the established range for the
wind turbine analysed in the present work.

3.3. Stator winding, fst

Stator winding faults start as inter-turn short circuits [50,51] as a
result of the insulation's wear between the individual coils, which
is in practice a stator phase winding's short circuit [52]. A negative
magnetomotive force is thus initiated when the short-circuit cur-
rent flows in the inter-turn short-circuit windings. This reduces the
net magnetomotive force, changing the air-gap flux, which induces
harmonic frequencies in the stator current given by Eq. (9), [50,51]:

fst ¼ fs

�
k

�
1� s
p

�
±n

�
(9)

where k ¼ 1;2;3;…, and n ¼ 1;3;5;….

3.4. Air gap eccentricity, fecc

Eccentricity faults are classified into three groups: static, dy-
namic andmixed eccentricity [53]. In static eccentricity the rotating
axis moves away from the stator axis but it matches with the rotor
axis. It is mainly caused by miss circularity of the stator core,
improper installation of the shaft (rotor position) or inaccurate
manufacturing. Dynamic eccentricity takes place when the rotating
axis does not coincide with rotor but it does with stator's axis,
typically caused by wrong positioning of shaft or bearings and
bearingwear. Mixed eccentricity is the co-existence of both types of
eccentricities.

Spectrum components affected by eccentricity fault have been
divided in two main groups in: high and low frequency compo-
nents (HF and LF respectively). HF components arise around the
principal slot harmonic (PSH) and can be calculated as [11,53].

fecc;HF ¼ fs

�
±nþ ðkR±ndÞ

1� s
p

�
(10)

where k is an integer (k ¼ 1;2;3;…), nd is the eccentricity order
(nd ¼ 0 for static eccentricity and nd ¼ 1;2;3;… for dynamic ec-
centricity), and n is the order of stator time harmonics
(n ¼ 1;3;5;7;…). HF components are less influenced by load torque
oscillations and load variations [53]. Another advantage is their
ability to separate the spectral components of air-gap eccentricity
from those of broken rotor bars. However, detailed information of
the machine's assembly is required [11].

LF components arise around the supply frequency and are
intensified whenmixed eccentricity occurs. The main disadvantage
is their coincidence with oscillating torque effects [53]. They are
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calculated as [11]:

fecc;LF ¼ fs±kfs
1� s
p

(11)

3.5. Rotor unbalance, fRU

The analytical expressions for the origins of stator harmonic
content caused by rotor winding or brush gear unbalance asym-
metries are discussed in Refs. [7,8]. They differentiate between
healthy and faulty related frequency components, which are given
by Eqs. (12) and (13) respectively:

fHRU ¼ fsj6kð1� sÞ±lj (12)

fFRU ¼ fs

����kp ð1� sÞ±l
���� (13)

where k is an air-gap field space harmonic constant (k ¼ 1;2;3;…),
and l is the supply time harmonic one (l ¼ ±1). In Refs. [6e8], the
authors clarify that it might not be possible to identify all these
frequency components since they can be influenced by machine
configurations or in-service conditions.

3.6. Summary

The most common faults and their main root causes have been
introduced, these being specific component's wear and imperfec-
tions during manufacturing and assembly.

It can therefore be deduced that certain defects will give rise to
other component faults. I.e. the change in the air-gap flux produced
by a fault in the stator winding (given by Eq. (9)) will result in air
gap eccentricity (given by Eq. (11)).

Deriving from Eq. (9) with n ¼ 1:

fs

�
k

�
1� s
p

�
±1

�
¼ kfs

1� s
p

±fs (14)

Which corresponds to the formulae given by Eq. (11).
Similarly, any asymmetry present in the stator winding im-

pedances will cause a resultant backward rotating field that will
affect the rotor currents [47]. I.e. any fault coming from the stator
will affect the rotor, and vice-versa. Deriving from (14) the same
components are obtained than those given by Eq. (13) with l ¼ 1:

fs

����kp ð1� sÞ±l
���� ¼ fs

����kp ð1� sÞ±1
���� ¼ kfs

1� s
p

±fs (15)

The same occurs regarding frequency components introduced
by rotor bars. It has been mentioned that a minimal degree of
asymmetry will always be introduced during manufacturing or
assembly, generating frequency components given by Eqs (4) and
(5) which might not be faulty indicators by themselves. In fact
two components from equation (5) overlap with two from (12)
referring to a healthy state of the induction machine.

For the left component of (5) with k=p ¼ 5:

fs½5ð1� sÞ � s� ¼ 5fs � 6sfs (16)

and the right one with k=p ¼ 7:

fs½7ð1� sÞ þ s� ¼ 7fs � 6sfs (17)

Considering the left and right components given by Eq. (12)
with k ¼ 1:

fsj6ð1� sÞ � 1j ¼ 5fs � 6sfs (18)

fsj6ð1� sÞ þ 1j ¼ 7fs � 6sfs (19)

4. Case study

The data used for the present analysis have been extracted from
a database developed and maintained by the Spanish company
Ingeteam. It consists of data collected during one year of wind
turbine operation, from September 2015 to September 2016. Inge-
team specialises in power converters, generators, turbine control-
lers, Condition Monitoring Systems and SCADA Systems. They also
provide O&M services and installation services. They have equip-
ped 30 GWof wind power worldwide, 5 GWof which correspond to
O&M activities (covering more than 3500 wind turbines).

The gathered data comprises vibration, humidity, temperature,
currents and voltages from various sensors located in different
parts of the wind turbine. Several acquisitions were programmed
with different sampling parameters (sampling rate, in Hertz, and
sampling time, in seconds), with the aim of covering a wide range
of frequencies without compromising the data transfer by
acquiring lengthy signals. Table 1 summarises the types of files
available for each acquisition.

The triggers set to start an acquisition are described as follows:

(1) Rise in load over 75%, i.e. when the rms current exceeds 630
A in the three phases of the stator.

(2) Rise in load over 60%, i.e. when the rms current exceeds 500
A in the three phases of the stator.

(3) Connected, i.e. when the rms current for one of the phases
reaches 300 A (this is 45% of the generator load,
approximately).

(4) Periodically, i.e. every 15 h of no-acquisition (where none of
the conditions previously described are met).

When any of the conditions from 1 to 3 are met for more than
one hour, a new acquisition is triggered.

The aim of the present study is to analyse the doubly fed in-
duction generator through stator current signature analysis via Fast
Fourier Transform, i.e. spectrum peak search according to the
formulae presented in Section 3. Rotor-side and grid-side converter
currents, as well as voltages, have been considered for the study,
and their parameters extracted for calculations. Fig. 1 shows the
diagram for the doubly fed induction generator, indicating the
location of current sensors.

5. Results

The reported wind turbine is an 850 kW nominal power, 2 pole
pair DFIG, Vstator 690 Vac, Vrotor 690 Vac. Three test cases have
been selected to illustrate the analysis carried out, corresponding to
the following wind turbine operating conditions:

- Test case 1. High load and super-synchronous speed.
- Test case 2. Low load and sub-synchronous speed.
- Test case 3. Lower load and lower sub-synchronous speed.

These test cases cover not only different states of load and
rotational speed but also a wide slip range, from �9% to 18%.

The plots presented have been processed from the current sig-
nals with 1.5 kHz and 5.4 s sampling parameters (see Table 1). The
three test cases meet steady-state conditions in order to be able to
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undertake FFT analysis accurately. For the purpose of the study, a
difference lower than 10% in the current's amplitude is considered
as constant amplitude, i.e. steady-state condition.

All possible faulty frequencies presented in Section 3 have been
calculated for each test case in order to identify which peaks might
correspond to which fault (or faults) in the spectrum. It has been
possible to identify all peaks of the three test cases as presented
below.

5.1. Test case 1. High load & super-synchronous speed

The raw data for stator and rotor currents are shown in Fig. 2,
with a two-second zoom for a better appreciation of the waveform.

The signal reference number indicates the date and time the
signal was registered, i.e. 20/01/2016 at 09:03:05. It can be appre-
ciated from the waveforms that steady-state conditions are met.
Calculations show less than 5% difference in the total current
amplitude during the whole acquisition. Table 2 presents the main
parameters extracted from the current waveforms.

A difference of less than 2% in the rms amplitudes can be
observed from one phase to the next in the stator and 1.5% in the
rotor. Note that the highest rms amplitude is registered in phase
b for the stator whereas for the rotor, the highest one corre-
sponds to phase a. Despite these differences, the main fre-
quencies are identical for the three phases both in stator and
rotor.

The generator slip can be calculated dividing the supply fre-
quency (main frequency of the stator) by the main frequency of the
rotor, obtaining 0.0915 for this particular case. The negative sign is
the convention for super-synchronous speed.

Then, FFT is applied to the stator current, and peak search and
identification are carried out, as shown in Fig. 3.

The supply frequency (50 Hz) and its harmonics (both odd and
even) are clearly seen in the spectrum. The odd harmonics present
higher amplitudes than the even ones, which indicates a certain
level of supply unbalance [6]. When a phase-to-phase comparison
is conducted, a difference is found for harmonic 150 Hz, where the
amplitude in phases a and c is around 10 dB smaller than in phase b,

Table 1
Summary of the signals acquired from the wind turbine under study.

Label Signal Sensor Location Sampling Parameters

1.5 kHz 750 Hz 1.5 kHz 24 kHz 48 kHz 1 kHz

11.9s 21.8s 5.4s 0.3s 0.1s 0.1s

ELOAR vibration gearbox planetary stage radial x x x x x
EPAX vibration main shaft axial x x x x x
EPR vibration main shaft radial x x x x x
ERAR vibration gearbox high speed shaft drive end radial x x x x x
ERAX vibration gearbox high speed shaft non drive end axial x x x x x
GAR vibration generator drive end radial x x x x x
GAX vibration generator drive end axial x x x x x
GOAR vibration generator non drive end radial x x x x x
IestR current stator current phase a x x x
IestS current stator current phase b x x x
IestT current stator current phase c x x x
IinvR current rotor-side converter current phase a x x x
IinvS current rotor-side converter current phase b x x x
IinvT current rotor-side converter current phase c x x x
IrecR current grid-side converter current phase a x x x
IrecS current grid-side converter current phase b x x x
IrecT current grid-side converter current phase c x x x
VBus voltage voltage DC bus x x x
VGenS voltage voltage stator phase b x x x
VGenT voltage voltage stator phase c x x x
TBars temperature cabinet converter bars x
TCCU temperature cabinet CCU converter x
TIGBTs temperature cabinet IGBTs converter x
HumConv humidity cabinet converter x
HumIGBTs humidity cabinet IGBTs converter x

Fig. 1. DFIG diagram with current sensors.
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suggesting that the presence of an asymmetry impacts differently
on each phase.

Another peak naturally present in the spectrum is that corre-
sponding to the sum of the main frequency of the stator and the
main frequency of the rotor: 54.56 Hz (oscillating torque effect [5]).
For this test case, an amplitude of around 7 dB is obtained.

In order to find out to which faults the rest of the peaks belong
to, all potential fault frequencies have been calculated and sum-
marised in Table 3, as per the formulae described in Section 3.

As explained in Section 3.6, fault frequency components corre-
sponding to stator winding faults (fst), low frequency air gap ec-
centricity (fecc;LF ) and faulty rotor unbalance (fFRU) overlap. It can be
observed that thesementioned peaks do appear in the spectrum, as
well as those corresponding to fHRU components.

Analysing the amplitudes of the peaks related to faulty com-
ponents, it is possible to observe higher amplitudes for the odd sub-
harmonics than for the even ones, sub-harmonic k ¼ 1 (both left
and right side-bands l ¼ �1 and l ¼ 1) being the highest of them all.
It can also be appreciated that all frequencies are present in the
three phases with the same amplitude per phase except for sub-
harmonic k ¼ 4 and l ¼ �1, where the amplitude is higher in
phases b and c than in phase a.

For the healthy related components (fHRU), only the first pair of
harmonics (k ¼ 1 with l ¼ �1 and l ¼ 1) can be seen, since the rest
fall at frequencies higher than half of the signal's sampling fre-
quency (hence not detectable), with an amplitude around 0 dB. For
this first pair of harmonics, several peaks close to one another
suggesting a crest form are obtained due to the presence of peaks
corresponding to fFRU of higher order sub-harmonics (k ¼ 12;14
and k ¼ 16;18) around fHRU . Similar results were reported in
Ref. [6].

5.2. Test case 2. Low load & sub-synchronous speed

Test case 2 files were registered on 24/11/2015 at 12:57:54. Its
stator and rotor currents are shown in Fig. 4 again with a two-
second zoom. Steady-state conditions are met with less than 5%
difference in the total current amplitude for the whole waveform.

Fig. 2. Stator and rotor currents for high load and super-synchronous speed (2 s
zoom).

Table 2
Stator and rotor current parameters for signal 20012016-090305.

rms stator [A] rms rotor [A] f stator [Hz] f rotor [Hz] Slip

Phase a 700.57 284.07 49.98 4.58 �0.0915
Phase b 705.93 280.02
Phase c 692.47 283.53

Fig. 3. Frequency spectrum of stator current for signal 20012016-090305.

Table 3
Calculated fault frequencies for Signal 20012016-090305.

Fault Frequencies (Hz)

fbrb (Eq. (4)) 40.83
59.13

fbrb (Eq. (5)) 49.98 269.19 377.30
59.13 277.34 386.45

fbe;o (Eq. (7)) 37.31 124.59 211.88
137.27 224.55 311.84

fbe;i (Eq. (8)) 80.95 211.88 342.80
180.91 311.84 442.76

fst (Eq. (9)) 22.70 4.57 31.85
77.26 104.53 131.81

fecc;HF (Eq. (10)) 1932.06 2032.02 2131.98
1986.62 2086.58 2186.54

fecc;LF (Eq. (11)) 22.70 4.57 31.85
77.26 104.53 131.81

fHRU (Eq. (12)) 277.34 604.66 931.98 1259.30
377.30 704.62 1031.94 1359.26

fFRU (Eq. (13)) 22.07 4.57 31.85 59.13
77.26 104.53 131.81 159.09
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Table 4 shows their main parameters.
For this state, the difference in the rms amplitude is less than

1.7% for the stator and 1% for the rotor, where the highest values are
found in phase a for both stator and rotor, although the amplitude
values in a and c phases are nearly the same for the rotor. The main
frequencies obtained are again identical for the three phases, in
both stator and rotor, giving a slip of 0.0842 (note the positive sign
indicating sub-synchronous speed).

Stator current spectrum is then calculated (Fig. 5), and peak
search and identification is carried out.

A decrease in the supply frequency amplitude was expected,
considering the decrease in active power delivery from 825 kW
to 235 kW. However, the effect on its harmonics is different. In
this test case, even harmonics show higher values than in test
case 1, whereas odd harmonics are smaller. Despite this,
odd harmonics present higher amplitudes than the even ones in
this test case, as in test case 1. A phase-to-phase comparison
shows disparity in the amplitudes for harmonics 150 Hz and
300 Hz, being higher in phases b and c than in phase a. The same
occurs for harmonic 200 Hz where the disparity observed is ever
larger.

Another observation is that the total sum of the main fre-
quencies os the stator and rotor is now a subtraction (due to the
sub-synchronous speed), falling now to the left of the supply fre-
quency: 45.78 Hz. Its amplitude level is similar to the previous one
(around 7 dB).

All potential fault frequencies have been calculated for signal
24112015-125754, and summarized in Table 5.

Once again, fault frequencies related to fst , fecc;LF and fFRU , and
fHRU components can be identified. Considering the fault-related
components, conclusions similar to test case 1 can be extracted:
higher amplitudes are observed for the odd sub-harmonics
than for the even ones. The amplitude levels of each sub-
harmonic are similar when compared individually to those in
test 1. For this test case, however, the difference in the amplitude
per phase for peak k ¼ 4 and l ¼ �1 is not noticeable, unlike the
previous case.

For fHRU first pair of harmonics, a crest form is obtained as
before, although it appears narrower. In this case, the left and right
sub-harmonics do not present the same amplitude, the left-side
one being smaller.

5.3. Test case 3. Lower load & sub-synchronous speed

Test case 3 is similar to test case 2 (being low load and sub-
synchronous speed). However the slip for this state differs signifi-
cantly, rising to 18%. The raw current data for stator and rotor are
shown in Fig. 6, measured on 22/05/2016 at 03:27:01. The limits for
the axes are kept constant for comparison purposes (i.e. same two-
second zoom). It can be appreciated once again that steady-state
conditions are met, giving around 8% the total current amplitude
difference during the acquisition.

Table 6 presents the main parameters extracted from the
waveforms. The differences found in the stator and rotor current
rms amplitudes are less than 1.2% for the stator and practically
negligible for the rotor. The highest amplitude of the rms stator
current is found for phase a. The slip calculated for this state is
0.1794, the highest among all cases presented.

FFT is then applied to the stator current (Fig. 7), and peak search
and identification performed.

The amplitudes found for the supply frequency and the odd and
even harmonics are similar to those found in test case 2, which is
again as expected, considering the loads are alike. Once again, the
odd harmonics present higher amplitudes than the even ones,
which is consistent throughout the three test cases.

Regarding the total sum of the main frequencies of the stator
and rotor, which is 41.02 Hz, the same amplitude is obtained
(around 7 dB), again falling to the left of the supply frequency (sub-
synchronous speed).

All potential fault frequencies have been calculated for signal
22052016-032701, and summarized in Table 7.

The peaks found in the spectrum match again with the fst , fecc;LF
and fFRU , and fHRU formulae, the same as for test cases 2 and 3.
Table 7 shows the calculations. Note that in this test case, the peaks
falling to the left of the supply frequency are shifted to the right and
those falling to the right of the supply frequency move to the left
when compared with test case 2. This is due to the increase in the
slip's value. With regards to the fault-related components, it can be
observed from Fig. 7 that for k ¼ 1 and k ¼ 4, the peak amplitudes
are similar, whereas the amplitude for sub-harmonic k ¼ 2 is higher
for test case 3 than for test case 2, and the opposite for sub-
harmonic k ¼ 3.

For this test case, there is a slight difference in the amplitudes
for sub-harmonic k ¼ 4 and l ¼ �1 per phase, being slightly higher
in phases a and b than in phase c.

As per fHRU first pair of harmonics, several peaks together as in a
crest form are obtained once again. In this case, there is a 10 dB
increment from the left-side peak to the right-side one, comparable
with the amplitude levels found for fFRU k ¼ 2;3;4 sub-harmonics.

6. Discussion

Three test cases under different wind turbine operating condi-
tions have been considered to illustrate the in-servicewind turbine.
The results show evidence that the rotor generator is unbalanced
due to a fault in the stator winding.

Examining the currents, a phase-to-phase difference of around
1.5% can be found in the rms amplitudes, which is not consistentFig. 4. Stator and rotor currents at low load and sub-synchronous speed (2s zoom).

Table 4
Stator and rotor current parameters for signal 24112015-125754.

rms stator [A] rms rotor [A] f stator [Hz] f rotor [Hz] Slip

Phase a 198.41 122.69 49.99 4.21 0.0842
Phase b 195.01 121.70
Phase c 197.43 122.64
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across different load levels.
Odd and even supply frequency harmonics are present in the

spectrumwith different amplitudes across the test cases presented.
These are due to unbalanced voltage supply or magnetic saturation
in thewind turbine under study, which have been intensified by the
generator's unbalance.

The amplitude of the supply frequency decreases with load, as
expected, whereas the odd and even harmonics behaves differ-
ently. For all test cases however, the odd harmonics show higher
amplitudes than the even ones.

Furthermore, load does not seem to have any influence on the
total sum of the main stator and rotor frequencies, which is con-
stant for all three cases (around 7 dB).

As per the rest of the peaks, the same fault-related frequencies
are obtained across all test cases. Analysing the amplitudes of the
peaks, several events are observed:

- The fault-related first sub-harmonic's amplitude (corresponding
to k ¼ 1) is the highest one for the three test cases.

- Odd fault-related sub-harmonics present higher amplitudes
than even ones across all tests.

- Fault-related sub-harmonics’ amplitudes do not vary signifi-
cantly with load.

- For low loads, the left-side of the healthy related components
shows lower amplitude than the right-side one.

The fact that a crest form is obtained around fHRU supports the
diagnosis of rotor unbalance, since further faulty rotor frequency
components arise around it in the presence of the mentioned fault.

7. Conclusions and future work

A comprehensive review of the techniques available to monitor
the induction generator of wind turbines has been carried out. The
most suitable technique has been identified and used to perform
the study presented in this paper. Unlike previous studies that
show results on current signature analysis based on laboratory

Fig. 5. Frequency spectrum of stator current for signal 24112015-125754.

Table 5
Calculated fault frequencies for Signal 24112015-125754.

Fault Frequencies (Hz)

fbrb (Eq. (4)) 41.57
58.41

fbrb (Eq. (5)) 49.99 233.11 324.68
58.41 224.70 316.26

fbe;o (Eq. (7)) 23.26 96.51 169.76
123.24 196.49 269.74

fbe;i (Eq. (8)) 59.89 169.76 279.63
159.86 269.74 379.61

fst (Eq. (9)) 27.10 4.21 18.68
72.88 95.77 118.66

fecc;HF (Eq. (10)) 1606.54 1706.52 1806.50
1698.1 1798.08 1898.06

fecc;LF (Eq. (11)) 27.10 4.21 18.68
72.88 95.77 118.66

fHRU (Eq. (12)) 224.70 499.38 774.07 1048.75
324.68 599.36 874.04 1148.73

fFRU (Eq. (13)) 27.10 4.21 18.68 41.57
72.88 95.77 118.66 141.55

Fig. 6. Stator and rotor currents at lower load and lower sub-synchronous speed (2s
zoom).

Table 6
Stator and rotor current parameters for signal 22052016-032701.

rms stator [A] rms rotor [A] f stator [Hz] f rotor [Hz] Slip

Phase a 159.63 114.91 49.98 8.97 0.1794
Phase b 157.73 114.23
Phase c 159.00 114.73
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benches or model-based simulated data, the doubly-fed induction
generator of an actual in-service wind turbine has been analysed
through stator current signature analysis via Fast Fourier Transform
during steady-state periods.

After calculating the potential fault-related frequency compo-
nents as per the formulae presented in Section 3, it has been
possible to identify the full spectral components obtained for the
three test cases under different wind turbine operating conditions.

The supply frequency harmonics as well as the oscillating torque
effect component are clearly present on the spectrum. These
components, however, are not necessarily fault indicators since
they can be due to inherent machine design and/or load conditions.
It is the increase in the amplitude of these components that will
indicate the presence of a fault. The rest of the peaks observed in
the spectrum indicate rotor electrical unbalance due to stator
winding faults. They appear across different conditions of rated
power and rotational speed, although the amplitudes of the
different sub-harmonics is case-dependent. Summarising, potential
fault frequencies have been detected and monitored in an opera-
tional wind turbine although further work is required to validate
the monitoring technique against a final diagnose.

Current signature analysis can therefore be implemented on
condition monitoring systems for DFIG wind turbines. In this way,
incipient faults can be identified before the generator becomes

non-operational, following the trend to move away from corrective
maintenance towards predictive actions.

Future work appoints towards advanced signal processing
techniques suitable for transient periods, common in DFIG-wind
turbines, in combination with novel fault diagnosis methods. In
this scenario, wavelets seem to be the trend for non-stationary
signals' processing [30,32,54]. Other approaches presented
recently by Ref. [55] show STFT and SFTT as effective methods. In
Ref. [56] a new technique consisting in Harmonic Order Tracking
Analysis (HOTA) is presented, which is valid both for stationary and
non-stationary regimes. All these possibilities are being investi-
gated, together with novel diagnosis techniques, in order to
develop advanced condition monitoring systems for the induction
generator of wind turbines.
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4.1.3. Paper III - Analysis DFIG2

In paper III, current signature and vibration analyses were undertaken
to diagnose the WT drive train of the machine described in 3.2.2. The WT
under study was originally misdiagnosed by the operator, where a healthy
component was replaced and the actual failure continued progressing. The
analysis presents both current and vibration spectra, and their evolution
over a year. The diagnosis is achieved through spectral analysis of the sta-
tor currents, where fault frequency components related to rotor mechanical
unbalance are identi�ed. This is con�rmed by the vibration analysis, which
provides insightful information on the health of the drive train.

The journal metrics are summarised in Table 4.3, and the full paper as
published is included below.

Table 4.3: Journal Metrics � Paper III.
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Impact Factor (2017) 2.676
Category Energy & Fuels
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Abstract: The goal of the present paper is to achieve the diagnosis of an in-service 1.5 MW wind
turbine equipped with a doubly-fed induction generator through current signature and vibration
analyses. Real data from operating machines have rarely been analysed in the scientific literature
through current signature analysis supported by vibrations. The wind turbine under study was
originally misdiagnosed by the operator, where a healthy component was replaced and the actual
failure continued progressing. The chronological evolution of both the electrical current and vibration
spectra is presented to conduct an in-depth tracking of the fault. The diagnosis is achieved through
spectral analysis of the stator currents, where fault frequency components related to rotor mechanical
unbalance are identified. This is confirmed by the vibration analysis, which provides insightful
information on the health of the drive train. These results can be implemented in condition monitoring
strategies, which is of great interest to optimise operation and maintenance costs of wind farms.

Keywords: condition monitoring; current signature analysis; doubly-fed induction generator;
gearbox; vibration analysis

1. Introduction

The increment in size of modern wind turbines (WT) and the new growth in offshore
developments represent a challenge with regards to the economic viability of wind energy in terms
of reliability and availability and, hence, the operation and maintenance (O&M) activities they
involve [1,2]. Traditionally, a combination of preventive and corrective maintenance strategies has been
implemented [3]. Preventive maintenance refers to scheduled actions that are implemented whether
or not there is a fault, and hence unnecessary resources might be employed. Corrective maintenance,
in contrast, is carried out once a critical failure has occurred, causing further downtime periods.
The new trends are moving towards predictive actions [4], where the optimum downtime and use
of the resources can be achieved through condition monitoring. As well as reducing O&M costs,
condition monitoring improves reliability and availability of WTs [5].

Condition monitoring involves data gathering of various signals (such as vibrations or electrical
signals), the analysis of which is intended to reveal the health of the assembly being monitored [6] and
ultimately the remaining useful life (RUL) of a specific component or components [7]. However, neither
the data gathering nor its analysis is straightforward. Many signal processing techniques and feature
extraction methods can be found in the literature, but the vast majority have only been proven at
laboratory scale and are health-state knowledge dependent. The current need for data gathering
and analysis is highlighted in [8] proposing “new conceptual expert systems that automate data

Energies 2018, 11, 960; doi:10.3390/en11040960 www.mdpi.com/journal/energies
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processing and provide analysis to enhance decision-making”. Efforts have been made with such
goal by implementing SCADA-data-driven methods [9] that also look into optimizing the number of
sensors while reducing the detection time [10,11].

Another factor motivating the importance of condition monitoring is in the field of lifetime
extension of WTs, since the European wind fleet is aging [8]. Currently, lifetime extension is mainly
performed on WTs with a power rating of less than 1 MW. However, in the next few years, 20-year-old
WTs will increase in power rating, which will enhance lifetime extension appeal based on monitored
data [12]. In this regard, several approaches for lifetime extension can be undertaken, based on
analytical simulations, practical inspections, or gathered data. Data-driven approaches have been
identified as the most cost effective as the number of assets increases per wind farm [13]. In this
scenario, the use of SCADA data is gaining importance [14]. SCADA-data based methods can also be
implemented in real-time condition monitoring of WTs [15,16].

At the present time, there is a lack of publicly available in-service WT data-based analysis.
The literature includes very few current signature analyses from operating doubly-fed induction
generators, and none that combine both current and vibration data allowing the validation of the
diagnosis. Furthermore, it is common practice for the faults to be known to the authors before the
analysis is carried out, or even for a baseline of the healthy-stage to be available so that the differences
after a fault has occurred are easily identified. Further research to validate the models developed in
the lab is therefore required, especially for machines with unknown health status. In the present paper,
current signature analysis is combined with vibrations in order to diagnose an operating WT drive
train that was misdiagnosed by the operator. The work herein presented uses data from an in-service
1.5 MW WT equipped with a doubly-fed induction generator (DFIG). The variables used for feature
extraction and analysis show their effectiveness for condition monitoring.

Further to this introduction, the paper is structured as follows: Section 2 provides the
state-of-the-art on condition-based diagnosis techniques of wind turbine drive trains. Section 3 describes
the methodology used in the present work, which is based on current signature and vibrations analyses.
The signal processing and the formulae involved are presented. Section 4 describes the database
available and the case study development over time. In Section 5, the current and vibration analyses
are presented (Sections 5.1 and 5.2 respectively) and the results discussed (Section 5.3). The conclusions
drawn from the study and the main ideas for future work are finally summarised in Section 6.

2. Fault Diagnosis Techniques for Drive Trains and Induction Generators

The drive train, including gearbox and bearings, is among the top three contributors to failure
rates and downtime of WTs, together with induction generators [17]. Early detection of gear, bearing
and generator faults is therefore crucial if predictive maintenance is to be implemented in order to
lower corrective and preventive actions [18]. The main challenge in implementing condition-based
maintenance and calculating the remaining useful life (RUL) of critical components is to establish
the threshold between healthy and faulty states, for every fault mode for each critical component,
especially if the lack of available historical data is taken into account.

A table with the latest real-time diagnosis techniques through current signature and vibration
analyses, either alone or in combination, is provided by [19]. Generator bearing and eccentricity, as well
as pinion gear faults, can automatically be detected through stator current analysis using information
entropy [20], through an adaptive neuro-fuzzy inference system and particle filtering [21] or computing
the energy from the fault-related frequencies [22,23]. The results are validated at laboratory benches
for the studies in [20–23] and using simulated data in [24,25]. The main drawback of these approaches
is the need for a healthy current baseline. A method improving the signal-to-noise ratio in the electrical
signature enhancing fault detection of pinion-gear and bearing related fault frequency components is
proposed in [26], which the authors subsequently validated with actual WT data in [27]. Once again,
a baseline of healthy data is required.
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Spectral line analysis methods in the frequency or order domain are most commonly used in
vibration diagnostics. Different vibration analysis methods for WT gearboxes are evaluated and
presented in [28]. A comparative study extending these results is given in [29]. Apart from classical
frequency domain analysis, other methods used in gear diagnostics are cepstrum analysis [30] and
time synchronous averaging [31]. Regarding bearing diagnostics, envelope analysis is widely used in
the literature and a comprehensive tutorial is given in [32].

The most common approach for current signature analysis is to analyse the frequency-domain
of the current signal through the content spectra, which relies on the signal being stationary [33].
Several efforts have been made to overcome this limitation, such as the novel developments in [34]
where non-stationary measurements are used to detect rotor eccentricity, or in [35] where harmonic
wavelet transform is applied on transient signals. In [36], an adaptive signal re-sampling algorithm
is proposed to use current signals under speed-varying conditions to detect gear related faults.
Other factors that may influence the electrically-based analysis are wind turbulence and converter
switching of WT DFIGs. A novel electromechanical model is proposed in [37] to analyse how these
may mask mechanical defects.

The vast majority of the publications in the field of current-based condition monitoring
for gearboxes and generators have been implemented on laboratory test rigs or using
computer-simulations only, with known and/or artificially induced faults in controlled environments.
In fact, only one work published by [27] and another by the authors of the present paper [38] have
been performed on in-service WT DFIGs. This highlights the lack of historical electrical signals to
be able to compare healthy and faulty states for actual operating induction generators and, hence,
the need for further research in this field. Furthermore, the information provided by different types of
sensors—such as current and vibrations—can provide useful insight into the detection of incipient
faults and provide a greater certainty for maintenance decisions. This information fusion has yet to be
explored and is discussed in the present paper.

3. Methods

Both current signature and vibration analyses are used to perform this experimental study.
The stator currents are processed and the spectral components are identified using the formulae
presented in Section 3.1. The vibrations gathered in the generator and gearbox drive-end bearings are
used for the vibration analysis, Section 3.2.

3.1. Current Signature Analysis

The diagnosis of induction machines through current signature analysis is based on the frequency
signature of each type of fault. By analysing the current spectra, several types of faults can be identified
and a diagnosis can be achieved. Fault frequency components are machine and grid dependent,
and hence they must be recalculated for each rotational speed and loading condition. The formulae
used in the present work to calculate the mentioned frequency components are described below.

In the presence of rotor mechanical asymmetries (such as broken rotor bars, defected end
rings, etc.), a set of new components at frequencies given by Equation (1) appear in the stator
current spectrum [39–41]:

fRFS = fs (1± 2κs) , (1)

where fs is the supply frequency, s is the slip of the machine and κ is the harmonic order of the faulty
component (κ = 1, 2, 3).

Rotor electrical unbalance can be identified through the fault harmonics given by
Equation (2) [42–44]:

fFRU = fs

∣∣∣∣
κ

p
(1− s)± j

∣∣∣∣ , (2)
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where p is the number of pole pairs and j is the order of the grid supply induced current harmonic
component [45].

However, since a minimal degree of asymmetry always exists in an induction machine,
the presence of the first pair of fRFS and/or fFRU is not sufficient to diagnose such fault(s). It is
the increment in the visible number of these faults’ harmonics (κ > 1) that will determine the presence
of such fault(s).

There are other fault types, such as gearbox-related faults, whose frequency components will only
be seen in the presence of a fault. Gearbox faults can originate from a gearbox shaft, bearing, gear,
pinion, or a combination of these, generating characteristic rotor eccentricity components [46]. For this
reason, several frequencies related to a faulty gearbox can appear in the current spectrum. According
to [47], frequency components related to damaged teeth, scoring and debris can be calculated by
Equation (3):

fGBX = fs

(
1± κ

Gr p

)
, (3)

where Gr is the gearbox ratio.
Nevertheless, the most common approach for diagnosing a faulty gearbox is to calculate

the frequency components that each shaft and gear would produce in the presence of a
fault [21,22,26,46,48,49], which is given by Equation (4a) for shaft-related faults and Equation (4b)
for gear-mesh-related faults:

f i
FSha f t = fs ± κ f i

Sha f t, (4a)

f j
FMesh = fs ± κ f j

Mesh, (4b)

where f i
Sha f t are the rotating frequencies (in Hz) of each gearbox shaft (denoted with i = 1, 2, 3 . . .),

and f i
Mesh refer to each gear-mesh frequency (in Hz, denoted with j = 1, 2, 3, . . . , i− 1). Mesh frequencies,

however, are not easily measured due to their weak influence on the current spectra [22]. Previous studies
show that a faulty gear may not have an influence on the amplitude of the gear mesh [22].

Furthermore, bearing faults cause mechanical displacement that induces stator currents at
frequencies given by [50]:

fbe = | fs ± κ fo,i|, (5)

where fo,i refers to bearing outer and inner race faults, respectively. In order to calculate fo,i, details
about the dimensions of the bearing must be available. However, the following simplifications have
been proposed by several authors [51,52], suitable for bearings between eight and twelve balls, which is
the case for the WT under analysis:

fo = 0.4Nb
fs(1− s)

p
, (6a)

fi = 0.6Nb
fs(1− s)

p
, (6b)

where Nb is the number of bearing balls.

3.2. Vibration Analysis

With regards to vibration analysis of gearboxes, three main components are taken into account:
gears, bearings and shafts. Vibration analysis in mainly conducted in the frequency domain.

When gears go in and out of mesh, they create some cyclic vibrations, which occur at the
gear-mesh frequency:

f j
Mesh = N j

teeth f i
Sha f t, (7)
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where N j
teeth is the number of teeth of the gears in gear-mesh j and f i

Sha f t is the rotational speed of
the shaft i.

When a local gear tooth is present, sidebands appear around f j
Mesh as a result of modulation,

which occurs at spacings of the f i
Sha f t [53].

During the spin of a bearing, any irregularity in the surface of the raceway or the rolling elements
will excite periodic frequencies. These characteristic bearing fault frequencies are determined according
to Equations (8a)–(8d):

fBPFI = f i
Sha f t

Nb
2

(
1 +

B
P

cos(θ)
)

, (8a)

fBPFO = f i
Sha f t

(
1− B

P
cos(θ)

)
, (8b)

fFTF =
f i
Sha f t

2

(
1− B

P
cos(θ)

)
, (8c)

fBSF = f i
Sha f t

P
2B

(
1−

(
B
P

cos(θ)
)2
)

, (8d)

where fBPFI and fBPFO are the inner and outer ball passing frequencies, respectively, fFTF is the
fundamental train frequency (cage speed) and fBSF is the ball spin frequency (the frequency with which
the fault strikes the same race—inner or outer). These frequencies depend on the shaft frequency f i

Sha f t
and certain parameters regarding the bearing dimensions. These are Nb the number of balls, B the ball
diameter, P the pitch diameter and θ the contact angle.

It should be taken into account that in reality the above-mentioned frequencies have some slip,
due to the variation of the angle θ with the position of each rolling element in the bearing, because the
ratio of local radial to axial load changes. This slip is considered to be around 1–2% [32].

Shaft unbalance or misalignment shows up at the rotational speed of the shaft and its
harmonics. Phase measurements are commonly used in order to distinguish between various types
of misalignment or unbalance. As a rule of thumb, when the vibration amplitude of the second
harmonic of the rotational speed is more than 50% of the first harmonic, coupling damage has probably
occurred [54]. For pure unbalance, a higher than normal amplitude at the frequency of the rotational
speed appears in the frequency domain.

4. Data Base Description of In-Service Wind Turbine

The data used for the present study come from an in-service 1.5 MW WT equipped with a DFIG,
operating in an European wind farm. It presented anomalous RMS (root mean square) vibration levels
in the drive-end generator bearing. Based on this information only, it was replaced by the wind farm
operator. Immediately after replacement, the RMS vibrations decreased. However, only ten days
later, the RMS vibrations rose to values similar to those prior to the replacement. Visual inspection
of the apparently defective bearing showed no fault in the replaced component, i.e., the generator
bearing had been misdiagnosed. In fact, no improvement after bearing replacement compared to
before replacement could be observed either in the current or the vibration spectra. The chronological
development of these events is presented in Figure 1. The hypothesis that there was a potential defect
external to the generator bearing arose, and it was mistaken for a generator bearing fault.

JANUARYb2716

•Early Stage

APRILb2716

•Increased
RMSbvibration

MAYb2716

•Bearing
Replacement

AUGUSTb2716

•Faulty
spectra

OCTOBERb2716

•3hmonthb
followhup

JANUARYb2717

•6hmonthb
followhup

Figure 1. Chronological diagram of the case study.
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The database provided to analyse this case study contained between 300 and 900 acquisitions per
month, with each acquisition comprising six generator current measurements and eight gearbox and
generator bearing vibration measurements, from various sensors located in different parts of the WT.
The measurements shown in Table 1 are used for the present study. In Figure 2, the location of the
current sensors and accelerometers is depicted using the terminology as per Table 1.

Table 1. Measurements used for the analysis.

Label Sensor Location Sensor Type Sampling Parameters

ELOAR gearbox planetary stage radial
EPAX main shaft axial Accelerometers
EPR main shaft radial IEPE 1.5 kHz
ERAR gearbox high speed shaft drive end radial 5.4 s
ERAX gearbox high speed shaft non drive end axial ±50 g
GAR generator drive end radial 0.5 Hz–10 kHz 48 kHz
GAX generator drive end axial 0.17 s
GOAR generator non drive end radial

IestR stator current phase a Current
IestS stator current phase b Transducers
IestT stator current phase c 1.5 kHz
IinvR rotor-side converter current phase a HOP 2000-SB/SP1 5.4 s
IinvS rotor-side converter current phase b ±3000 A
IinvT rotor-side converter current phase c

IinvS GridIinvT

IinvR

ERAX
ERAR

ELOAR

GOARGAR
GAX

EPAX
EPR

Converter

IestT

IestRIestS

Rotor

Stator

Gearbox

WT Rotor

DFIG

Figure 2. Location of sensors on in-service wind turbine drive trains.

These data have been provided by Ingeteam Power Technology S.A. UP Service (Albacete, Spain),
a Spanish company specialising in WT power converters, controllers and generators, as well as
Condition Monitoring and SCADA Systems. They have equipped 30 GW of wind power worldwide,
providing both O&M and installation services.

5. Spectral Analysis through Currents and Vibrations

Unlike previous studies where the fault is known or even artificially induced in laboratory test
rigs or through computer simulations, as mentioned in Section 2, in the present work, a generator
bearing fault had been misdiagnosed on an in-service WT. Hence, the actual health status of the drive
train under study was to be determined. For this purpose, the spectral analysis of both vibration and
current signals was performed on a monthly basis from January 2016 to January 2017. The signals
used for the present work meet steady-state conditions, and thus the spectral analysis is undertaken
accurately (both for currents and vibrations). In this sense, two parameters are used to classify the
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measurements as stationary for the analysis: a difference lower than 5% in the current’s amplitude and
constant speed of the high-speed shaft.

All potential frequency-related faults were calculated in order to identify the peaks found in the
spectrum, both for current and vibration signals. Below, a selection of six months (as per Figure 1) with
one measurement per month is presented to illustrate the study. The results are shown in two loading
conditions for each month, these being nominal load (DFIG operating at super-synchronous speed)
and low load (DFIG operating at sub-synchronous speed), referred to here on in as Loading Condition
A and Loading Condition B, respectively. Table 2 summarises the main operating conditions for each
measurement used for the analysis.

Table 2. WT operating conditions for each measurement of the spectral analysis.

Loading Condition A

January 2016 April 2016 May 2016 August 2016 October 2016 January 2017

Power (kW) 1061 1326 1300 1066 1012 1046
Speed shaft (rpm) 1098 1102 1098 1102 1098 1098
Slip −10% −10% −10% −10% −10% −10%

Loading Condition B

January 2016 April 2016 May 2016 August 2016 October 2016 January 2017

Power (kW) 280 278 276 148 259 294
Speed shaft (rpm) 769 769 769 769 769 769
Slip 23% 23% 23% 23% 23% 23%

5.1. Current Signature Analysis

Following the methodology described in Section 3.1, a set of potential fault frequencies was
calculated for each selected measurement and a peak search was carried out in order to either
discriminate or associate such a fault with the DFIG under analysis.

5.1.1. Loading Condition A

In Figure 3, six test cases are shown for nominal load, i.e., super-synchronous speed operation of
the DFIG. The harmonics present in the spectra are shown in Table 3 for each type of fault.

Table 3. Fault-related frequency harmonics found on the current spectra from January 2016 to January
2017 with DFIG at super-synchronous speed.

Month January 2016 April 2016 May 2016 August 2016 October 2016 January 17

fGBX ±4,±6,±10 ±7,±10 ±4,±6,±10 ±4,±6,±10,±12 ±6,±10 ±6,±10,±12
fRFS ±1,+3 ±1,±3 ±1,±3 ±1,±3 ±1,+3 ±1,±3
fFRU ±1 ±1 ±1 ±1 ±1 ±1

The supply frequency ( fs) corresponds to the highest peak amplitude (at 50 Hz), as expected.
Its odd harmonics are also found (150 Hz, 250 Hz, 350 Hz, . . . although not shown in Figure 3).
Another peak naturally present in the spectrum (not a fault indicator) is frotor, which corresponds to
the sum of the main frequency of the stator and the main frequency of the rotor. It appears to the right
side of the supply frequency under super-synchronous operation (Loading Condition A) and to the
left side under sub-synchronous operation (Loading Condition B).

With regards to fault-frequency-related components:

• No peaks related to gear-shaft or gear-mesh components were found in the current spectra ( f i
Sha f t,

Equation (4a) and f j
Mesh, Equation (4b) respectively), nor bearing-related faults ( fbe, Equation (5)).
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• Certain harmonics that might be related to damaged teeth, scoring or debris ( fGBX , Equation (3)),
appear around the supply frequency. These seem to increase until August 2016, both in number
of harmonic pairs found as well as in their amplitude levels, which then improve (the number of
harmonic pairs decreases) but not completely in September and October 2016, increasing again
up to January 2017. Gearbox lubrication during scheduled maintenance would explain this.

• With regards to rotor electrical unbalance ( fFRU , Equation (2)), only the first pair can be identified
in the spectrum. Since no more harmonics (k = 2, 3, . . .) can be identified, as previously explained,
rotor electrical unbalance cannot be diagnosed.

• For rotor mechanical asymmetries ( fRFS, Equation (1)) more than one (the first) pair is present
in the spectra. In January 2016, apart from the first harmonic pair (κ = ±1), the right side of
the third harmonic pair (κ = +3) can be seen in the spectra. Later, from April 2016 to August
2016, the full third pair is seen (κ = ±1 and κ = ±3). In September and October 2016, again
only the right side of the third harmonic pair (κ = +3) is found besides the first pair (κ = ±1).
Later, in January 2017, again κ = ±1 and κ = ±3 harmonics are identified. According to
the literature [21,55], the presence of this third harmonic pair confirms rotor unbalance of
mechanical nature.
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Figure 3. January 2016–January 2017. Evolution of current spectra at super-synchronous speed.
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It can be appreciated that the number of fRFS and fGBX peaks evolves in parallel, which might be
due to the fact that fRFS peaks appear in the case of mechanical asymmetries and scoring or debris
(related to fGBX components), are purely mechanical faults. However, since fs/Gr p component in
Equation (3) is of the order of 0.25 Hz and the spectrum precision is 0.18 Hz, it is hard to confirm this
diagnosis and, hence, the presence of fRFS could arise from mechanical unbalance introduced through
the high-speed shaft coupling. Vibration analysis is performed in Section 5.2 to clarify this diagnosis.

5.1.2. Loading Condition B

Figure 4 shows test cases for the six months selected under low loading condition, with the DFIG
operating at sub-synchronous speed. Similarly, Table 4 collects the harmonic pairs found in the spectra.
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Figure 4. January 2016–January 2017. Evolution of current spectra at sub-synchronous speed.



Energies 2018, 11, 960 10 of 18

Table 4. Fault-related frequency harmonics found on the current spectra from January 2016 to January
2017 with DFIG at sub-synchronous speed.

Month January 2016 April 2016 May 2016 August 2016 October 2016 January 2017

fGBX - - - ±6,±10 - -
fRFS −1,−3 −1,−3 ±1,−2,−3 ±1,−2,−3 ±1,−3 ±1,−2,−3
fFRU −1 ±1 ±1,−3 ±1,±3 ±1,−3 ±1,±3

As in the previous case (Section 5.1.1), the supply frequency ( fs) presents the highest amplitude
followed by frotor, now located to its left as previously explained. Once again, no f i

Sha f t, f j
Mesh or fbe

components are observed. For the rest of the fault-related frequency components, different harmonics
are found compared to the previous WT loading condition:

• Around the supply frequency, only two harmonic pairs are found for fGBX in August 2016.
This month is therefore the most affected according to both loading conditions.

• The presence of rotor electrical unbalance components ( fFRU) is also different. In this case, more
than the first pair is seen from May 2016 onwards. However, this further pair (κ = ±3, or the left
side of this pair in some cases) does not appear in each of the three current phases, being present
in only one or two of them. This is explained by the fact that mechanical unbalances induce
differences in the magnetic field, and hence also in the electrical currents through each phase,
but not evenly, with these being more evident at lower loads [22,46]. Therefore, rotor electrical
unbalance cannot be determined.

• With regards to rotor mechanical asymmetries ( fRFS), although the pairs found, apart from the
first one (κ = ±1), differ from those found at full load, their evolution is alike: they seem to
evolve until August 2016, then improve (less harmonic pairs found) immediately afterwards,
and then worsen (again more harmonics) until January 2017.

5.2. Vibration Analysis

Vibration analysis is performed at several moments in time for the two loading conditions.
The analysis is performed in the frequency domain, using Fast Fourier Transforms (FFT) or envelope
analysis for bearings. The vibration signals provided have a fixed number of data points so they are
available in either high sampling frequency and low period of data acquisition or vice versa. For the
FFT, the combination of a sampling frequency at 1500 Hz and time window at 5.4 s is chosen. For the
envelope spectra, the highest sampling frequency provided at 48 kHz is chosen because bearings
are expected to excite resonances at high frequency bands. The 1500 Hz would not be sufficient
and would not provide useful results for bearing envelope analysis, since, at these frequencies,
the influence of gears would still be present. However, the time window is less than 1 s, which makes
diagnosis—especially at low speed stages—highly challenging. Both axial and radial sensors are
available in various gearbox stages, as shown in Figure 2. All sensors in proximity to the components
and potential sources of fault are analysed and a selection of explanatory graphs are provided in the
following paragraphs. The signals are examined for potential gear, bearing or shaft related faults for
two loading conditions.

5.2.1. Loading Condition A

The gear-mesh frequencies ( f j
Mesh) corresponding to the intermediate and high speed parallel

stages are shown in Figure 5, for different time periods. No indications of sideband modulation are
shown around the centre mesh frequencies, as discussed further in Section 3.2. This confirms the
current signature analysis of no gear-related fault.

Bearings are usually more challenging to diagnose than gears because their signals are stochastic
and because their signatures are often masked by other components in the gearbox. The generator
bearing was replaced because there were high RMS values noticed in the drive-end of the generator
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bearing. The validation of the bearing replacement showed that the bearing did not actually have a
fault. This coincides with the envelope analysis shown in Figure 6, where no bearing fault frequencies
can be distinguished. Nevertheless, it should be taken into account that the resonances excited by
bearings are usually located at high frequency bands and that is where the envelope analysis helps in
band-pass filtering and amplitude demodulating the signal to reveal fault frequencies. The resolution
in low frequencies is quite poor, since the signal is sampled at high frequency for a short period of
time. In addition, there are no acceleration sensors in the parallel stages of the gearbox, as shown in
Figure 2, which makes it even harder to diagnose incipient bearing faults.
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Figure 5. January 2016–January 2017. Evolution of gear-mesh frequencies at super-synchronous speed.

Shaft unbalance or misalignment shows up at the rotational speed of the shaft and its harmonics.
Phase measurements are usually used in order to distinguish between various types of misalignment
or unbalance. As explained in Section 3.2, the vibration amplitude of the second harmonic of the
rotational speed must be higher than 50% of the first harmonic in order to diagnose coupling damage.

For pure unbalance, a higher than normal amplitude at the frequency of the rotational speed
appears in the frequency domain.

The high-speed shaft frequency harmonics can be observed in the radial direction in Figure 7.
Some of these present an amplitude higher than 50% of the first harmonic. This could be an indication
that there is a some parallel shaft misalignment that can be attributed to the coupling on the high
speed shaft (Figure 2).
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Figure 6. January 2016–January 2017. Evolution of envelope spectra at super-synchronous speed.
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5.2.2. Loading Condition B

The same graphs on Loading Condition B are shown in Figures 8–10. As expected, the vibration
amplitudes are lower.

According to the vibration analysis of both loading conditions, the state of the gears seems healthy,
since all gear mesh frequencies and their harmonics seem clear of sidebands. As far as the input and
output gearbox bearings are concerned, no faults seem to be present in the spectra. There is potentially
some parallel shaft misalignment that might be due to the coupling on the high speed shaft, which can
be diagnosed due to high amplitudes of the harmonics of the shaft frequency on the radial direction.
Alignment of flexible couplings does not always have defined standards within companies and relies
on technician’s expertise. Even if a realignment occurred with the replacement of the bearing, it is
possible that the coupling is still not properly aligned.
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Figure 9. January 2016–January 2017. Evolution of envelope spectra at sub-synchronous speed.
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5.3. Results and Discussion

The spectral analysis of the stator currents indicated rotor asymmetry of a mechanical nature (not
electrical). Frequency components related to gearbox damage were studied, however, the small order of
the calculated components (0.25 Hz) and the accuracy of the available data (0.18 Hz) around the supply
frequency makes it challenging to confirm gearbox damage, and no gear-mesh- or gear-shaft-related
frequencies appear. Furthermore, the gearbox vibration analysis is consistent with this diagnosis.
Another source of mechanical rotor asymmetry found in the current spectra might arise from the
high-speed shaft (coupling misalignment or unbalance). Vibration analysis further confirmed this
hypothesis due to high observed harmonics of the high-speed shaft rotational speed. No faulty
bearing-related components have been found before (or after) bearing replacement in either the current
or vibration spectra. The replacement of the misdiagnosed bearing and the fact that the suspected
underlying coupling misalignment existed before and after the replacement make it more challenging
to establish a healthy baseline.

6. Conclusions

The state-of-the-art on condition monitoring on WT drive trains is presented in this work, with a
focus on current signature and vibration analyses, motivated by the increasing need to reduce O&M
costs in the Wind Energy sector.

Very rarely has WT analysis on in-field operating machines been presented in the literature,
and, to the best of the authors’ knowledge, no studies include both current signature and vibration
analyses. Furthermore, it is usually the case that the faults are known and/or artificially introduced by
the authors on test benches or through computer simulations. In most of the cases, both the fault-free
and faulty conditions are available and hence the diagnosis is achieved by comparison. Taking into
account the lack of public field-data in the wind energy sector, being able to obtain a diagnosis in the
absence of historic data is of great interest.

In the present paper, current signature and vibration analyses are implemented to diagnose
an in-service WT drive train that was previously misdiagnosed with a generator bearing fault.
All potential fault-related frequency components described in Sections 3.1 and 3.2 were calculated in
order to identify the peaks found on both the current and vibration spectra, respectively. The presence
of frequency components related to mechanical asymmetries in the current spectra points towards
unbalance of the high-speed shaft, which is confirmed by the vibration analysis, with a probable origin
in the coupling of the high-speed shaft. Such fault-related frequency components evolve smoothly over
months and are detected early enough to allow for predictive maintenance actions to be implemented,
which is the ultimate goal of condition monitoring.

Future work will include analysis of further case studies and comparison of current and vibration
signals. A framework for information fusion of these two different sensors will be created, which will
enhance the condition monitoring actions of operating WTs.
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Abbreviations

θ Bearing ball contact angle
B Bearing ball diameter
fbe Bearing fault frequency
fBPFO Outer-ball passing frequency
fBSF Bearing ball spin frequency
f j
FMesh Gearbox mesh j fault frequency

fFRU Rotor electrical unbalance fault frequency
f i
FSha f t Gearbox shaft i fault frequency

fFTF Fundamental train frequency
fGBX Gearbox fault frequency
fi Bearing inner-race fault frequency
f j
Mesh Gearbox mesh j rotating frequency

fo Bearing outer-race fault frequency
fRFS Rotor mechanical asymmetry fault frequency
f i
Sha f t Gearbox shaft i rotating frequency

fs Supply frequency
Gr Gearbox ratio
NBPFI Inner-ball passing frequency
Nb Number of bearing balls
N j

teeth Number of teeth in mesh j
P Bearing ball pitch diameter
p Number of pole pairs
s Slip
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4.2. Additional Analysis - Analysis DFIG3 (A�B)

Further to the CSA of DFIG1 and DFIG2 discussed in Papers II and III,
an additional analysis is presented for DFIG3 (A�B) described in 3.2.3. The
DFIG under study is a 1.5 MW rated power WT reported with excessive
temperature on the rotor windings, referred to hereafter as DFIG3�A. In
order to facilitate and verify the diagnosis, data were also collected from a
di�erent WT within the same wind farm without such reported problems,
hereafter referred to as DFIG3�B. The results of this analysis were submitted
to another ISI journal, still in the review process.

4.2.1. Case study

Three measurements were selected to illustrate the present study, two
from the faulty DFIG (DFIG3�A), under di�erent operating conditions, and
one from the healthy DFIG (DFIG3�B), operating at nominal power. Becau-
se frequency-domain analysis is limited to stationary waveform signals, the
selection of the mentioned measurements was carefully undertaken. These are
summarised in Table 4.4, including the main parameters for each acquisition
under each operating condition.

Table 4.4: DFIG3: Operating conditions for the selected measurements.

Test case 1 Test case 2 Test case 3

WT DFIG3�A DFIG3�A DFIG3�B
Operating Regime Super-synchronous Sub-synchronous Super-synchronous
Speed [rpm] 1,791 1,346 1,788
Power [kW] 1,245 384 1,323
Stator Freq. [Hz] 50 50 50
Rotor Freq. [Hz] 9.71 5.13 10.16
Slip (per unit) -0.1941 0.1026 -0.2032

The spectral analyses are presented below. A detailed analysis is per-
formed on DFIG3�A, including super and sub-synchronous regimes for low-
and medium-frequency ranges. The spectral analysis ofDFIG3�B is then pre-
sented at super-synchronous condition, also for low- and medium-frequency
ranges.

4.2.1.1. DFIG3�A at super-synchronous operation

After calculating all the potential fault frequencies described in Sec-
tion 3.1, peak search and identi�cation is carried out in the current spec-
tra. Figure 4.1 and Figure 4.2 show the low- and medium-frequency ranges
(respectively) of DFIG3�A operating at super-synchronous speed.
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Figure 4.1: DFIG3�A. Stator spectra at low-frequency range � Super-
synchronous Operation.
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Figure 4.2: DFIG3�A. Stator spectra at medium-frequency range � Super-
synchronous Operation.

From Figure 4.1, odd and even supply frequency harmonics can be ob-
served. For the second and third harmonics (2fs and 3fs respectively), a
di�erence per phase can be appreciated, with the amplitude being higher
for phase b than for phases a and c. Odd harmonics are normally present in
the spectrum, and do not represent fault indicators. However, the presence
of even harmonics is usually attributed to some kind of unbalance. Another
peak always present in the spectra is the di�erence between the stator carrier
frequency (fs) and the rotor carrier frequency (frotor), indicated as fs−r in
Figure 4.1. At super-synchronous speed (with negative slip) this frequency
falls to the right of fs. In this case, its re�ection (noted as f ′s−r) can also be
seen to the left of fs. A minimal amplitude for f ′s−r can sometimes be seen.
However, the amplitude observed in Figure 4.1 for f ′s−r in phase b is slightly
higher than expected.

One pair noted as fRF in Figure 4.1, was also found. This pair does not
belong to any of the formulae presented in Section 3.1. However, when analy-
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sing the rotor current spectra, side-bands around the rotor carrier frequency
are present (see Figure 4.3). These side-bands, found at ±4.57 Hz of the
rotor carrier frequency, also appear in the stator spectra (Figure 4.1), also
at ±4.57 Hz of the supply frequency.

With regards to fault-related frequency components, up to three pairs we-
re identi�ed for fFRU . It has been discussed in the scienti�c literature that
the �rst pair of fFRU is usually present in the current spectra and is not
necessarily representative of a fault, since a minimal degree of asymmetry is
always produced during the manufacturing or assembly of the machine (see
Section 3.1). However, the presence of further pairs (f2−FRU and f3−FRU )
does indicate a mixed eccentricity fault. Finally, two odd pairs of fRFS ,
f1−RFS and f3−RFS , appear in the current spectra, indicating a fault origi-
nating in the rotor. Unlike fFRU , no fRFS pairs are expected to appear in a
healthy machine. Hence, it is possible to conclude that DFIG3�A has a rotor
fault which has led to mixed eccentricity.
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Figure 4.3: DFIG3�A. Rotor Spectra, detail of rotor side-bands � Super-
synchronous Operation.

Analysing the medium-frequency range, Figure 4.2, only non-fault-related
frequency components were found, these being fHRU components and further
odd harmonics of fs.

4.2.1.2. DFIG3�A at sub-synchronous operation

In order to understand the behaviour of the current spectra under di�e-
rent loading conditions, another analysis was performed at sub-synchronous
speed. Re-calculating the formulae described in Section 3.1 at the new ro-
tational speed, peak search and identi�cation were carried out, shown in
Figure 4.4 and Figure 4.5, for low- and medium-frequency ranges respecti-
vely.

When the machine is operating at sub-synchronous speed (positive slip),
the di�erence between fs and frotor (noted as fs−r) falls to the left of fs.
For this operating condition, its re�ection (f ′s−r) can also be seen, with no
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di�erence per phase in this test case. Once again, odd and even frequency
supply harmonics are present.

The pair around fs noted as fRF was identi�ed, corresponding to the
side-bands around the rotor carrier frequency, as per Figure 4.6. In this test
case, the side-bands appear at ±2.01 Hz of the carrier frequency.

As in the analysis at super-synchronous speed, up to three pairs can also
be identi�ed for fFRU in the stator current spectra, now shifted to the left
due to the change in the slip as compared to super-synchronous operation.
For this test case, the right-side components of f2−FRU and f3−FRU show
rather low amplitudes. With regards to fRFS components, two odd pairs
were again found.
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Figure 4.4: DFIG3�A. Stator spectra at low-frequency range � Sub-
synchronous Operation.
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Figure 4.5: DFIG3�A. Stator spectra at medium-frequency range � Sub-
synchronous Operation.

Medium-frequency range analysis was conducted, Figure 4.5. As before,
only non-fault-related frequency components were found, corresponding to
fHRU components and fs odd harmonics.
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Figure 4.6: DFIG3�A. Rotor Spectra, detail of rotor side-bands � Sub-
synchronous Operation.

It is possible to conclude from the analysis carried out at sub-synchronous
operation that: i) DFIG3�A has a rotor fault causing mixed eccentricity; ii)
a diagnosis can be achieved at non-nominal operating conditions.

4.2.1.3. DFIG3�B at super-synchronous operation

The analysis of the healthy machine (DFIG3�B) is presented in this
Section, both for low- and medium-frequency ranges (Figures 4.7 and 4.8
respectively), following the same methodology as for DFIG3�A. It is clear
from Figure 4.7 that fewer peaks appear in the current spectra. However,
potential fault-related components were found, indicating that DFIG3�B
might not be completely healthy.

Starting with non-fault-related frequency components, the di�erence bet-
ween fs and frotor (noted as fs−r) can be seen to the right of fs, correspon-
ding to super-synchronous operation. In this case, its re�ection does not
appear. Even and odd supply frequency components are also present, noted
as 2fs and 3fs respectively. Visible di�erences per phase arise for both fre-
quency components, increasing from phase c to a for 2fs and the opposite,
increasing from phase a to c, for 3fs.

Up to two pairs of fFRU can be seen in the spectrum, as well as the
right-side component of fRFS with κ = 1. In this case, fRF side-bands do not
appear around the supply frequency. As previously stated, only one pair of
fFRU and no fRFS components are expected to be seen in a healthy machine.
However, the fact that only the second pair of fFRU and only one side of
one pair of fRFS are present indicates that, if DFIG3�B is not completely
healthy, the rotor unbalance is very limited, possibly incipient.

Medium-frequency range analysis was also conducted, shown in Figu-
re 4.8. In this case a similar result compared to DFIG3�A operating at
super-synchronous speed is observed. Further odd fs harmonics appear, as
well as non-fault-related components (fHRU ).
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Figure 4.7: DFIG3�B. Stator spectra at low-frequency range � Super-
synchronous Operation.
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Figure 4.8: DFIG3�B. Stator spectra at medium-frequency range � Super-
synchronous Operation.

4.2.2. Results and discussion

In this Section, the faulty spectra (DFIG3�A) are compared against the
healthy ones (DFIG3�B) under similar operating conditions of rotational
speed and power, i.e., Test Case 1 versus Test Case 3 according to Table 4.4.
The low-frequency range comparison is shown in Figure 4.9 and that of
medium-frequency range in Figure 4.10.

From Figure 4.9, it is clear that DFIG3�A is less healthy than DFIG3�
B, since further fault-related frequency components are found for the former
compared to the latter. The same number of supply frequency harmonics are
found for both DFIGs, with certain di�erences in their amplitudes per phase,
as previously explained. Regarding fault-related frequency components, a
di�erence of up to 8 components (3 full pairs and 2 left-sides) is obtained on
DFIG3�A (faulty) when compared to DFIG3�B (healthy).

Analysing the medium-frequency range (Figure 4.10), very few di�eren-
ces arise, which is reasonable considering that these frequency components
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Figure 4.10: DFIG3�A vs DFIG3�B. Stator spectra at medium-frequency
range �Super-synchronous Operation.

are non-fault-related. All frequencies identi�ed in the stator spectra are sum-
marised in Table 4.5. It can be concluded from this analysis that DFIG3�A
shows mixed eccentricity originating in the rotor, whereas very few fault-
related frequency components arise in DFIG3�B, meaning it is far from being
faulty.
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Table 4.5: DFIG3�A vs DFIG3�B. All frequencies identi�ed in the stator
spectra � Super-synchronous Operation.

Fault Label κ l Frequencies [Hz]
DFIG3�A DFIG3�B

fs

2 100 100
3 150 150
5 250 250
7 350 350
11 550 550
13 650 650

fs−r 40.28 59.69 - 60.13
fRF 45.41 54.57 - -

fRFS
1 30.58 69.49 - 70.29
3 8.24 108.3 - -
1 20.14 79.83 19.91 80.04

fFRU 2 9.71 109.6 10.16 110.5
3 39.74 139.6 - -

fHRU

1 +1 308.4 408.3 310.6 410.8
1 +2 608.5 708.4 610.9 -
2 +1 666.7 766.7 671 771
2 -2 466.6 - - -





Chapter 5

Conclusions, summary of

contributions and future work

The last Chapter of this Doctoral Thesis includes the main conclusions
drawn from the various scienti�c contributions, these being the review paper
(Paper I), the current signature analyses of DFIG1 and DFIG2 (Paper II
and Paper III, respectively) and the additional analysis of DFIG3 (A-B). Fo-
llowing these conclusions, all the contributions carried out during this Docto-
ral Thesis are listed, divided into three categories: journal papers, conference
papers and seminar contributions. Finally, future work lines are proposed.

5.1. Conclusions

The ultimate goal of the present Doctoral Thesis was to contribute to-
wards O&M cost reduction by establishing the basis for the design and deve-
lopment of an e�ective CMS. It has been developed in the framework of the
AWESOME Project, funded by the European Union's Horizon 2020 research
and innovation programme under the Marie Sklodowska-Curie actions.

Two main work lines were developed: i) identifying the most critical
assemblies within the WT, and ii) contributing to the development of CM
techniques for induction generators of WTs.

The lack of reliability and availability data of WTs has been veri�ed,
especially o�shore, during the development of the �rst part of the present
work. In this scenario, the creation of public databases has been found to be
growing in importance, with special attention being given to the WT taxo-
nomy. Thirteen reliability studies were analysed and compared to understand
where work should be focused with regards to CM design and development.
To this end, the data was normalised and a common taxonomy for all stu-
dies de�ned. Di�erent analyses were performed, and the main conclusions
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are summarised as follows:

The control system, gearbox, electric system, generator and hub &
blades are the most critical assemblies with regards to WT CM.

The most reliable assemblies appear to be structure and sensors, with
the lowest failure rates and downtimes.

Critical components show higher dispersion ranges than the non-critical
ones, both for failure rates and downtime.

Taking into account the top three contributors to failure rates for each
study, the most recurrent ones across all studies are the electric, control
and yaw systems, and hub & blades categories; for downtime, these are
the gearbox, generator, and braking and electric systems.

The assemblies showing the highest failure rates are the electric and
control systems, whereas those with the highest downtimes belong to
hub & blades and gearbox.

Mechanical and electrical/control components show similar failure ra-
tes. However, mechanical components cause higher amounts of downti-
me when compared to electrical/control ones, reaching more than 75%
of the total downtime.

Failure rates in Chinese and U.S. reliability studies show remarkable
discrepancies, falling outside the lower and upper limits of the Euro-
pean studies for most of the assemblies.

Reliability of hydraulic, main shaft, braking, yaw and sensors assem-
blies has improved in the most recent studies, while that of the gearbox
and generator has not.

On average, 38% of the assemblies cause more than 50% of a wind tur-
bine's failure rates and 60% of the downtime. As an outcome, gearboxes are
a major cause of failure, and further attention should be given to the electric
and control systems, generator and hub & blades assemblies.

With regards to the second work line of the present Doctoral Thesis, the
induction generator was chosen as the object of study, and contributions on
CM of this component were achieved. Under this framework, a comprehensive
review of the techniques available to monitor the induction generator of WTs
was carried out. The most suitable technique was identi�ed and used to
perform the various studies. Unlike previous studies that show results on
CSA based on laboratory benches or model-based simulated data, DFIGs of
actual in-service WTs were analysed through stator CSA via FFT during
steady-state periods.
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Three databases of three operating WT DFIGs were analysed. The full
spectral components obtained for the three DFIGs under di�erent WT ope-
rating conditions were identi�ed after calculating the potential fault-related
frequency components as per the formulae presented in Section 3.

The analysis of DFIG1 showed supply frequency harmonics as well as
the oscillating torque e�ect component on the spectrum. These components,
however, are not necessarily fault indicators since they can be due to inherent
machine design and/or load conditions. It is the increase in the amplitude of
these components that will indicate the presence of a fault. The rest of the
peaks observed in the spectrum do, however, indicate rotor electrical unba-
lance due to stator winding faults. They appear across di�erent conditions of
rated power and rotational speed, although the amplitudes of the di�erent
sub-harmonics is case-dependent. Summarising, potential fault frequencies
were detected and monitored in an operational WT DFIG.

CSA was implemented to diagnose the WT drive train of DFIG2 that
had been misdiagnosed with a generator bearing fault. All potential fault-
related frequency components were calculated in order to identify the peaks
found on the current spectra. The presence of frequency components rela-
ted to mechanical asymmetries pointed towards unbalance of the high-speed
shaft, with a probable origin in the coupling of the high-speed shaft. This
diagnosis was con�rmed by vibration analysis, the outcome of a fruitful co-
llaboration with Strathclyde University. Such fault-related frequency com-
ponents evolved smoothly over months and were detected early enough to
allow for predictive maintenance actions to be implemented, which is the
ultimate goal of CM.

For the �nal analysis of DFIG3, two sets of data from two operating
DFIGs were available, with and without reported excessive temperature on
the rotor windings (DFIG3�A and DFIG3�B, respectively). Following the
same methodology, a whole set of potential fault frequency components was
calculated for di�erent operating conditions, and peak search and identi�ca-
tion were performed on the current spectra. Eccentricity-related frequency
components and rotor mechanical asymmetry components were identi�ed in
the faulty DFIG (DFIG3�A). The data from the healthy DFIG (DFIG3�B)
were used to validate the study. For the �rst time in the scienti�c literature,
healthy and faulty DFIGs of operating WTs are analysed and compared.

Overall, the results show that CSA can successfully be implemented on
CMSs for WT DFIGs, where a healthy baseline is not strictly mandatory
although it is desirable. In this way, incipient faults can be identi�ed before
the generator becomes non-operational, following the trend of moving away
from corrective maintenance towards predictive actions.
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5.2. Summary of contributions

This Chapter comprises the various contributions carried out during the
present Doctoral Thesis. The journal paper publications are as follows:

Estefanía Artigao, Andrés Honrubia-Escribano, Emilio Gómez-Lázaro,
�In-Service Wind Turbine DFIG Diagnosed through Current Signature
Analysis�. Under review, submitted July 2018.

Estefanía Artigao, Sergio Martín-Martínez, Andrés Honrubia-Escribano,
Emilio Gómez-Lázaro, �Wind turbine reliability: A comprehensive re-
view towards e�ective condition monitoring development�. Applied Energy,
Vol. 228, pp. 1569�1583, 2018.

Estefanía Artigao, So�a Koukoura, Andrés Honrubia-Escribano, James
Carroll, Alasdair McDonald, Emilio Gómez-Lázaro, �Current Signature
and Vibration Analyses to Diagnose an In-Service Wind Turbine Drive
Train�. Energies, Vol., 11 No. 4, pp.960, 2018.

Estefanía Artigao, Andrés Honrubia-Escribano, Emilio Gómez-Lázaro,
�Current signature analysis to monitor DFIG wind turbine generators:
A case study�. Renewable Energy, Vol. 116, pp. 5�14, 2018.

The conference contributions are:

III Encuentro de Experiencias Docentes en Educación Superior, Uni-
versity Vocational Training Network UCLM, 28th June 2016, Cuen-
ca, Spain. Contribution: Miguel Cañas-Carretón, Andrés Honrubia-
Escribano, Emilio Gómez-Lázaro, Estefanía Artigao, Sergio Martín-
Martínez, �Application of electric power system modelling tools into
an educational environment�.

Wind Energy Science Conference, WESC 26th�29th June 2017, Copen-
hagen, Denmark. Contribution: Estefanía Artigao, Andrés Honrubia-
Escribano, Emilio Gómez-Lázaro, �Advanced Diagnosis of Doubly Fed
Induction Generators for Wind Turbines�.

16th International Workshop on Large-Scale Integration of Wind Po-
wer into Power Systems as well as on Transmission Networks for O�s-
hore Wind Power Plants, 25th�27th October 2017, Berlin, Germany.
Contribution: Estefanía Artigao, Andrés Honrubia-Escribano, Emilio
Gómez-Lázaro, �Implementation of Current Signature Analysis to Mo-
nitor DFIG Wind Turbines�.

Wind Europe Conference, 28th�30th November 2017, Amsterdam, Net-
herlands. Contribution: Estefanía Artigao, Andrés Honrubia-Escribano,
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Emilio Gómez-Lázaro, �Condition monitoring of a wind turbine doubly-
fed induction generator through current signature analysis�.

III Jornadas de Extensión de Vida, AEE, 9th October 2018, Madrid,
Spain. Contribution: Estefanía Artigao, Andrés Honrubia-Escribano,
Emilio Gómez-Lázaro, �Análisis de la �rma de corriente para diagnós-
tico de DFIGs�.

XXI International Congress EDUTEC 24th�26th October 2018, Llei-
da, Spain. Contribution: Estefanía Artigao, Sergio Martín-Martínez,
Andrés Honrubia-Escribano, Emilio Gómez-Lázaro, �PhD student co-
llaboration in Electrical Engineering Degree�Motivation towards re-
search�.

The seminar contributions are:

VI Jornadas Doctorales UCLM, Toledo, Spain, 18th October 2016. Pre-
sentation, poster contribution, round tables and debates with other
PhD students and the industry.

Retos y nuevas oportunidades para el fomento de las energías reno-
vables en España, Summer Course, UCLM, Albacete, Spain, 4th�5th
July 2017. Contribution: �Métodos de optimización del mantenimiento
de parques eólicos: aplicación a un caso real�.

13th EAWE PhD Seminar, Cran�eld, UK, 20th�22nd September 2017.
Contribution �Condition monitoring of wind turbine doubly-fed induc-
tion generators�.

VII Jornadas Doctorales UCLM, Albacete, Spain, 7th November 2017.
Poster contribution, round tables and debates with other PhD students
and the industry.

14th EAWE PhD Seminar, Brussels, Belgium, 18th�20th September
2018. Contribution: �Diagnosis of in-service wind turbine DFIGs th-
rough current signature analysis�.

VIII Jornadas Doctorales UCLM, Cuenca, Spain, 16th October 2018.
Poster contribution, round tables and debates with other PhD students
and the industry.
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5.3. Future work

CSA carried out on operating WTs are scarce in the scienti�c literature.
In fact, based on our literature search and to the best of our knowledge, only
two studies carried out in this �eld by the author of the present Doctoral
Thesis [159, 160] and another two by [124] and [127] have been published. Mo-
reover, unlike studies based on computer simulations or laboratory benches
with known and induced faults, all potential fault frequencies were calculated
in order to achieve the various diagnoses of the in-service machines. Under
this scenario, the need to continue validating CSA on further operating WT
generators is made patent.

In this Doctoral Thesis, CSA was applied to DFIGs, which is the most
common technology employed for variable-speed WTs. However, as described
in Chapter 2, CSA can be implemented on both asynchronous as well as
synchronous machines, with certain variations for the latter technology. This
highlights the potential to apply CSA on o�shore wind farm developments,
which are likely to have synchronous generators.

With regards to advanced signal processing techniques, future work points
towards suitable methods for transient periods, common in WT generators,
in combination with novel fault diagnosis methods. In this scenario, wavelets
seem to be the trend for processing non-stationary signals [97, 101, 138].
Other approaches presented recently by [161] show STFT as an e�ective
method. In [162] a new technique consisting in Harmonic Order Tracking
Analysis (HOTA) is presented, which is valid both for stationary and non-
stationary regimes.

All these possibilities, together with novel diagnosing techniques, will
contribute to develop advanced CMS to improve reliability and availability
of WT generators.
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Acronyms

AR Autoregressive

ARMA Autoregressive Moving Average

AWESOME Advanced Wind Energy Systems Operation and Maintenance
Expertise

CBM Condition Based Maintenance

CM Condition Monitoring

CMS Condition Monitoring System

CPV Current Park's Vector

CSA Current Signature Analysis

CWT Continuous Wavelet Transform

DFIG Doubly Fed Induction Generator

DWT Discrete Wavelet Transform

EID International Doctoral School

FBM Failure Based Maintenance

FFT Fast Fourier Transform

HF High Frequency

HOTA Harmonic Order Tracking Analysis

ISI Institute for Scienti�c Information

LF Low Frequency

LTE Lifetime Extension

O&M Operation and Maintenance

PSH Principal Slot Harmonic

RUL Remaining Useful Life

SCADA Supervisory Control And Data Acquisition

STFT Short Time Fourier Transform

TBM Time Based Maintenance

UCLM University of Castilla � La Mancha

WT Wind Turbine
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Nomenclature

fs Supply frequency
p Number of pole pairs
s Slip
κ Harmonic index
fBRB Broken rotor bars fault frequency
fSW Stator winding fault frequency
fBE Bearing fault frequency
fo Bearing outer-race fault frequency
fi Bearing inner-race fault frequency
Nb Number of bearing balls
fGBX Gearbox fault frequency
Gr Gearbox ratio
fShafti Gearbox shaft i rotating frequency
fFShafti Gearbox shaft i fault frequency
fMeshj Gearbox mesh j rotating frequency
fFMeshj Gearbox mesh j fault frequency
Nteethj Number of teeth in mesh j
fECC,HF Eccentricity fault frequency, high frequency
fECC,LF Eccentricity fault frequency, low frequency
fRFS Rotor mechanical asymmetry fault frequency
fHRU Healthy rotor electrical unbalance frequency
fFRU Faulty rotor electrical unbalance frequency
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