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Resum

El sector energètic ha experimentat importants canvis i revolucions en les últimes dècades. Les
fonts d’energia renovables han crescut significativament, i ara representen una part important en
el conjunt de generació. L’energia eòlica ha augmentat significativament, convertint-se en una
de les millors alternatives per produir energia verda. La recerca i la innovació ha ajudat a reduir
considerablement els costos de producció i operació de l’energia eòlica, però encara hi ha oberts
reptes importants. Aquesta tesi aborda el manteniment predictiu i el seguiment d’aerogeneradors,
amb l’objectiu de presentar solucions d’algoritmes de predicció dissenyats tenint en compte les
necessitats de la indústria. Més concretament conceptes com, la interpretabilitat, escalabilitat,
modularitat i fiabilitat de les prediccions ho són els objectius, juntament amb els requisits lim-
itats per les de dades disponibles d’aquest projecte. De totes les dades disponibles a disposició
dels operadors d’aerogeneradors, les dades del sistema SCADA són la principal font d’informació
utilitzada en aquest projecte, per la seva àmplia disponibilitat i baix cost. En el present treball,
els models de conjunt tenen un paper important en el desenvolupament dels marcs predictius
presentats gràcies al seu caràcter modular que permet l’ús d’algoritmes i tipus de dades molt di-
versos. Resultats importants obtinguts d’aquests experiments són l’efecte beneficiós de combinar
múltiples i diverses fonts de dades, per exemple, SCADA i dades d’alarmes, la facilitat de combinar
diferents algorismes i indicadors i el notable guany en predir el rendiment que es pot oferir. Final-
ment, donat el paper central que SCADA l’anàlisi de dades juga en aquesta tesi, però també en la
indústria de l’energia eòlica, una anàlisi detallada de la es presenten les limitacions i les mancances
de les dades SCADA. En particular es va estudiar l’efecte de l’agregació de dades —una pràctica
habitual en la indústria eòlica—. Dins d’aquest treball es proposa un marc metodològic que s’ha
utilitzat per estudiar dades SCADAd’alta freqüència. Això va portar a la conclusió que els períodes
d’agregació típics, de 5 a 10 minuts que són l’estàndard a la indústria de l’energia eòlica, no són
capaços de capturar i mantenir el contingut d’informació de senyals que canvien ràpidament, com
ara mesures eòliques i elèctriques.



Abstract

The energy sector has undergone drastic changes and critical revolutions in the last few decades.
Renewable energy sources have grown significantly, now representing a sizeable share of the en-
ergy production mix. Wind energy has seen increasing rate of adoptions, being one of the more
convenient and sustainable mean of producing energy. Research and innovation have helped
greatly in driving down production and operation costs of wind energy, yet important challenges
still remain open. This thesis addresses predictive maintenance and monitoring of wind turbines,
aiming to present predictive frameworks designed with the necessities of the industry in mind.
More concretely: interpretability, scalability, modularity and reliability of the predictions are
the objectives —together with limited data requirements— of this project. Of all the available
data at the disposal of wind turbine operators, SCADA is the principal source of information uti-
lized in this research, due to its wide availability and low cost. Ensemble models played an im-
portant role in the development of the presented predictive frameworks thanks to their modular
naturewhich allows to combine very diverse algorithms and data types. Important insights gained
from these experiments are the beneficial effect of combiningmultiple and diverse sources of data
—for example SCADA and alarms logs—, the easiness of combining different algorithms and in-
dicators, and the noticeable gain in predicting performance that it can provide. Finally, given the
central role that SCADA data plays in this thesis, but also in the wind energy industry, a detailed
analysis of the limitations and shortcomings of SCADA data is presented. In particular, the ef-
fect of data aggregation —a common practice in the wind industry— is determined developing a
methodological framework that has been used to study high–frequency SCADA data. This lead
to the conclusion that typical aggregation periods, i.e. 5–10 minutes that are the standard in wind
energy industry are not able to capture and maintain the information content of fast–changing
signals, such as wind and electrical measurements.

Keywords: Wind Energy; Predictive Maintenance; Machine Learning; Deep Learning; Ensemble
Learning; SCADA data limitations
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1. Introduction

The large amount of greenhouse gasses emission caused by human activities, and their noxious
effect on the Earth climate have reached a point where actions are required. This reflects in a clear
stir in Government policies and people’s sensibility towards more sustainable ways of producing
energy and efforts to decarbonize the system. For example, the European Union with the 2030
Climate Target Plan has set a goal to reduce its carbon emission to at least 55% below 1990 levels
by 2030, and by 2050 to be climate neutral 1. Similar targets are contemplated in international
pledges, such as the historical Paris Agreement, or COP21 in which 190 countries have agreed on
a strategy to limit the effect of climate change and avoid irreversible consequences 2.

The energy sector, inclusive of heat and transport, is estimated to produce around three quarters
of the worldwide carbon emissions 3. Moreover, the majority of productive processes depends on
electricity. Thus, decarbonization of electricity production will lead to beneficial cascade effects
along the whole production chain. To address the need for cleaner electricity, installation of re-
newable energy sources has soared. The International Energy Agency (IEA) reports that in 2020
renewable capacity has grown by 45%, reaching approximately 280GW, and in 2021–2022 it is
estimated to represent around 90% of new power capacity [1].

In response to these policies energy producers are heavily modifying their production mix includ-
ing renewable energy sources, mostly adding solar photo–voltaic and wind. Large investments
have been done in the innovation and improvement of existing technologies leading to rapid ad-
vancements. For instance, the cost of producing one MWh of wind energy has sharply dropped
by 44–78% by their peaks of 2007–2010, reaching for the most competitive onshore windfarm a

1Source: ”Communication from the Commission to the European Parliament, the Council, the European Eco-
nomic and Social Committee and the Committee of the Regions” available at: https://op.europa.eu/en/
publication-detail/-/publication/b828d165-1c22-11ea-8c1f-01aa75ed71a1

2Source: ”UNFCC Paris Agreement 2015” available at: https://unfccc.int/sites/default/files/
english_paris_agreement.pdf

3Source: ”CO2 and Greenhouse Gas Emissions” by Hannah Ritchie and Max Roser, available at: https://
ourworldindata.org/co2-and-other-greenhouse-gas-emissions

https://op.europa.eu/en/publication-detail/-/publication/b828d165-1c22-11ea-8c1f-01aa75ed71a1
https://op.europa.eu/en/publication-detail/-/publication/b828d165-1c22-11ea-8c1f-01aa75ed71a1
https://unfccc.int/sites/default/files/english_paris_agreement.pdf
https://unfccc.int/sites/default/files/english_paris_agreement.pdf
https://ourworldindata.org/co2-and-other-greenhouse-gas-emissions
https://ourworldindata.org/co2-and-other-greenhouse-gas-emissions
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value of 0.030 USD/KWh without receiving subsidies 4. Continuous improvements in the whole
energy value chain are pivotal to maintain strong the growth of renewable energy adoption.

The new frontier in wind energy are offshore installations. While open–sea conditions pose a
significant challenge for what concerns the logistics, they also guarantees higher reliability and
better wind conditions. The energy production of a wind turbine is heavily affected by the quality
of the wind resource. Obstacles such as: trees, houses, and hilltops disturb the airflow, generat-
ing turbulence that decreases energy production. In the open–sea, no such obstacles are present.
Moreover, onshore installations are often restricted by their proximity to human activities. While
widely considered as a safe technology—especially when compared to fossil fuels—wind turbines
still suffer from the so called ”not in my backyard” effect [2]. Some local population have shown
tepid acceptance of these installations, and in some cases they have actively opposed them.

Improvements in the reliability, control, and monitoring of wind turbines are at the base of the
large drop in the price of wind energy. Namely, it was reported that wind energy levelized cost
of energy (LCOE) fell 39% between 2010 and 2019 5. Most energy companies are investing in
monitoring systems that allow to anticipate failures by analyzing sensors data. In recent years
the interest of researchers in the application of data analysis techniques to monitor turbines has
greatly increased, thanks to the vast amount of data available [3].

Life expectancy of wind turbines is commonly estimated around 20 years, and on average one
week of downtime per year is required due to maintenance [4]. This is particularly relevant for
those turbines that have been installed in the 1990s and early 2000s that are approaching the end of
their lifetime. Windfarmoperators have adopted awide range ofmeasures to extend the operative
time of their assets, as mentioned in Ref. [5].

In the past, turbine maintenance adopted a mostly reactive approach, problems in turbine compo-
nents were addressed when they clearly manifested themselves and corrections were unavoidable.
A common practice within windfarm maintainers is to perform inspection based on a regular
schedule. Waiting for failure does not allow to optimize maintenance costs and can create seri-
ous logistic problems in the management of a windfarm. Scheduled maintenance is also not ideal,
as failures in turbines can escalate quickly slipping through periodic maintenance and leading to
unforeseen problems. Continuous monitoring is the pro–active solution to this problem. Moni-
toring can be partially automated thanks to the availability of data and advancements in the fields

4Source: ”The Power to Change: Solar and Wind Cost Reduction Poten-
tial to 2025” available at: https://www.irena.org/publications/2016/Jun/
The-Power-to-Change-Solar-and-Wind-Cost-Reduction-Potential-to-2025

5Source: ”Renewable power generation costs in 2019” available at: https://www.irena.org/publications/
2020/Jun/Renewable-Power-Costs-in-2019

https://www.irena.org/publications/2016/Jun/The-Power-to-Change-Solar-and-Wind-Cost-Reduction-Potential-to-2025
https://www.irena.org/publications/2016/Jun/The-Power-to-Change-Solar-and-Wind-Cost-Reduction-Potential-to-2025
https://www.irena.org/publications/2020/Jun/Renewable-Power-Costs-in-2019
https://www.irena.org/publications/2020/Jun/Renewable-Power-Costs-in-2019
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of signal processing and machine learning, making it a valuable alternative to reactive approaches.

Data sources available to study wind turbines’ behavior include dedicated sensors used to record
vibrations and acoustic emissions in mechanical components, such as the gearbox and bearings of
the turbine transmission [6]–[9]. For electrical components currents signatures can be analyzed
[10]. All these options are particularly expensive as these sensors are not part of the standard
equipment of wind turbines. Moreover, installing additional sensors poses a logistic challenge as
operations need to be halted.

A valuable alternative is the utilizationof theSupervisoryControl andData Acquisition System (SCADA)
that is a network of sensors monitoring the status of the turbine. SCADA was originally designed
to provide operators with a tool to control the correct operation of the turbine. Clearly, it was
not specifically designed to assess and predict the status of the individual components. In fact,
SCADA is characterized by low frequency —typically one record for every 10 minutes— and a
focus on operating parameters such as power, speed, and temperature [11]. Nonetheless, SCADA
is a compelling alternative to costlier monitoring sensors as it does not require installation of ad-
ditional equipment and it is ready–available to windfarm operators. Due to these characteristics
SCADA analysis is becoming popular both in the academia and industrial research.

1.1 Motivation
The objective of this thesis is to analyze and implement predictivemaintenance strategies forwind
turbines. The focus is on the adoptability of the algorithms in the industry. Providing trustworthy
solutions is a priority, as well as improving reliability, and automatize the task of monitoring
turbines. Ultimately, improvements in fault detection are expected to decrease the cost of wind
energy. Thus, boosting the rate of adoption of this technology in the global energy mix.

The literature related to wind turbine maintenance is rich of complex attempts to anticipate fail-
ures, ranging from signal processing analyses, to physical simulations, and machine learning al-
gorithms [12], [13]. Scalability of solutions is often neglected by researchers, likely due to lack
of large scale datasets which include multiple windfarms and different manufacturers. Most re-
searches are developed for individual windfarms or using laboratory simulations. Rarely algo-
rithms are tested on multiple sites characterized by various turbine technologies and different
environment conditions. This is a crucial shortcoming of the literature that this thesis aims to
address.

All the solutions presented in this work are tested on multiple sites, characterized by diverse en-
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vironmental conditions and, when possible, solutions are also evaluated on datasets that include
different turbine manufacturers.

1.2 Scope & Objectives
Explicit physical modelling of turbine components is avoided in this research. While detailed
physical models are useful to determine cause–effect relationships, and understand the ways sub-
components interacts, they are also very challenging to formulate. They require precise informa-
tion, not always available to turbine owners, and adapting an existing physical model to a new
turbine brand or technology is not trivial. Ultimately, in an industrial scenario physical mod-
els do not appear as a feasible, nor cost–effective option. Model–free approaches based on data
driven models provide a simpler solution to implement; when compared to physical models, data
requirements are far less demanding.

The predictive models that are implemented in the wind energy field are designed for an expert
audience, typically composed by engineers and technicians with decades of experience in oper-
ating and maintaining turbines. It is important that the output of these models is interpretable
otherwise corrective actions are not likely to be taken.

Another identified challenge is the heterogeneous nature of wind turbines fleet. It is common
for an energy utility to own multiple windfarm’s sites in which a wide variety of turbines is avail-
able. The different size of turbines and their design can lead to diverse operating conditions and
propensity to specific form of failure. Thus, the optimal predictive strategy should be sufficiently
general to work with various technologies and components.

The following objectives are set for this research with the goal to develop solutions that can be
fruitfully adopted by the industry:

Interpretability

• To be able to explain the decision of the predictive algorithms. Justify the obtained results.
Provide support materials that can convince windfarm operators to turn predictions into
corrective actions.
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Scalability

• To be able to design predictive strategies applicable not only to specific turbines models,
but ideally to a wide variety of brands and manufacturers.

• To design solutions that can be easily scaled from few turbines to entire fleets composed by
multiple windfarms that can be located and operated in diverse environments and climates.

Modularity

• To define a predictive strategy that can be easily extended, including new algorithms that
are able to capture a wide range of failure patterns.

Reliability of predictions

• To achieve good predictive performances; predictions must be trustworthy and should not
lead to a large number of unnecessary check–ups or unforeseen failures.

• To provide timely predictions. The warning time preceding a failure should be sufficient
for a windfarm owner to schedule maintenance minimizing logistics costs.

Limited data requirements

• To develop solutions that do not require large economic efforts by turbine owners.

• Todevelop algorithms favoringutilizationof already existing data—i.e. SCADAdata, alarms
logs, etc.

1.3 Research dissemination
The work presented in this research has resulted in the following scientific contributions:

Articles in peer-reviewed international journals

1. BERETTA, M.; CÁRDENAS, J.J.; KOCH, C.; CUSIDÓ, J. Wind Fleet Generator Fault De-
tection via SCADA Alarms and Autoencoders. Appl. Sci. 2020, 10, 8649. https://doi.
org/10.3390/app10238649

https://doi.org/10.3390/app10238649
https://doi.org/10.3390/app10238649
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2. BERETTA, M.; JULIAN, A.; SEPULVEDA, J.; CUSIDÓ, J.; PORRO, O. An Ensemble
Learning Solution for Predictive Maintenance of Wind Turbines Main Bearing. Sensors
2021, 21, 1512. https://doi.org/10.3390/s21041512

3. BERETTA, M.; VIDAL, Y.; SEPULVEDA, J.; PORRO, O.; CUSIDÓ, J. Improved Ensem-
ble Learning for Wind Turbine Main Bearing Fault Diagnosis. Appl. Sci. 2021, 11, 7523.
https://doi.org/10.3390/app11167523

4. BERETTA, M.; PELKA, K.; CUSIDÓ, J.; LICHTENSTEIN, T.Quantification of the Infor-
mation Loss Resulting from Temporal Aggregation of Wind Turbine Operating Data. Appl.
Sci. 2021, 11, 8065. https://doi.org/10.3390/app11178065

Presentations in international conferences

• BERETTA, M.; PELKA, K.; LICHTENSTEIN, T. Quantification of the Information Loss
Resulting from Temporal Aggregation of WInd Turbine Operating Data, Mini-Symposium:
Data-driven technologies forO&Mcost reduction. Wind Energy Science Conference 2021,
(WESC2021). Hannover, Germany. https://www.wesc2021.org/fileadmin/wesc2021/
themes/7/BoA_-_Theme_07.pdf

Posters in international conferences

• BERETTA, M.; CARDENAS, J.J.; BLANCO, A.; JARAMILLO, B. Health Estimation and
Failure Prediction of Wind Turbines Components Based on Correlation Changes Among
Significant Variables from SCADA data. WindEurope Hamburg 2018.

• CARDENAS, J.J.; BERETTA, M.; CUSIDÒ, J. Your Prediction Algorithm needs the right
Threshold. WindEurope 2019, Bilbao.

• BERETTA, M.; CARDENAS, J.J.; CUSIDÒ, J. How Ensembling can Boost your Classifier
Performances. WindEurope 2019, Bilbao.

• CARDENAS, J.; BERETTA, M.; CUSIDÒ, J.; AUER, G.; IRIARTE, E. Turbine’s Advanced
Life Extension by means of Artificial Intelligence. WindEurope 2019. Awarded first prize in
O&Mcategoryhttps://windeurope.org/confex2019/networking/poster-awards/

https://doi.org/10.3390/s21041512
https://doi.org/10.3390/app11167523
https://doi.org/10.3390/app11178065
https://www.wesc2021.org/fileadmin/wesc2021/themes/7/BoA_-_Theme_07.pdf
https://www.wesc2021.org/fileadmin/wesc2021/themes/7/BoA_-_Theme_07.pdf
https://windeurope.org/confex2019/networking/poster-awards/
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1.4 Outline
This document is articulated in six different chapters containing information on the wind energy
industry, its current status and challenges yet to be solved. The first chapter provided an overall
introduction picturing the state ofwind energy industry, its future prospects and its shortcomings.
Here is provided a brief description of the remaining chapters:

• Chapter 2 depicts the State of the Arts of predictivemaintenance in thewind energy industry.
The available data source are listed, their pros and cons analyzed. Most typical predictive
strategies are explained and a rich selection of articles is provided to the reader.

• Chapter 3 presents the first article that was published within this research project. The
benefits of mixing diverse sources of information, namely SCADA and alarm logs data, are
presented. A reliable predictive strategy, based on deep autoencoders and a ranking system
used to combine the two information sources, is applied on a large dataset composed of
multiple windfarms and different turbine manufacturers.

• Chapter 4 further develops the idea of information fusion by presenting an Ensemble Learn-
ing framework to combine different SCADA–based indicators. Two published works are
included in this chapter. The first one focuses on mixing interpretable indicators; the sec-
ond one puts the emphasis on improving predictive performances partially renouncing to
interpretability of the results and exploring the combination of more complex algorithms.

• Chapter 5 tackles the limitations of SCADA data. More specifically, it aims to shed some
lights on the relation that exists between the acquisition frequency and information con-
tent of SCADA signals. A clear framework to answer questions related to the information
content of SCADA data is provided. Indications on what is the recommended aggregation
frequency of signals are discussed.

• Chapter 6 concludes the document, summarizing the most notable contributions of this
research to the wind energy field. An outlook of future works is proposed.

Finally, posters and abstracts submitted to international scientific and industry conferences are in-
cluded in the Appendix A of this document. The posters encapsulate the preliminary studies that
characterized this research, dealing mostly with supervised learning approaches based on failure
classifiers and their optimization. The abstract presented at WESC conference in Hannover, in-
stead is the proof of concept of the work that is further developed in Chapter 5.



2. State of the Arts

In this chapter the research context and the key concepts to frame predictivemaintenance inwind
turbines are provided. Specifically the different available data sources are analyzed discussing
their advantages, disadvantages, and limitations. Then, the predictive approaches that have been
presented in the literature are studied highlighting pros and cons of each technique.

2.1 Data
When approaching the problem of design predictive maintenance strategies for wind turbines a
wide array of data sources is available. They can be differentiated by the nature of the signal that
are measured (e.g. vibration, currents, acoustic emissions, etc.), but also based on the frequency of
these signals. In the following, various sources of information are described; their strengths and
weaknesses discussed, and the possible use cases presented.

High frequency data

A large portion of turbinemonitoring is based on information–rich data, i.e. data having sampling
frequency in the order of the kHz. Mechanical parts of the drive–train can be instrumented with
vibrations and acoustics sensors. Often, damages in mechanical components such as bearings and
rotating axes can be detected from the insurgence of anomalous vibrations and noise, generated
by the interference between the component’s parts [9]. Signal processing provides a vast array of
tools to analyze vibrations, various kind of signal transformation can be useful to extract infor-
mation. Both time–domain and frequency–domain tools can be used. Hilbert–Huang transform,
for example is useful to isolate information and demodulate noisy signals [14]. Ref. [15] explains
how to extract frequencies related to the gearbox drive–train by combining Hilbert–Huang trans-
form and a finite impulse response (FIR) differentiator, obtaining very expressive failure features.
Another demodulation tool is the Fast Fourier Trasform (FFT) [16]. Bearing monitoring is com-
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monly done through envelope analysis, one of the main challenges of this approach consists in
separating information from noise [17]. Gear monitoring can be based on Cepstrum, which pro-
vide information over entire families of harmonics [18], [19]. Other approaches based on statistical
analysis [20] and machine learning algorithms have been proposed [21], [22]. More recently, the
use of neural networks such as convolutional and recurrent nets have become more popular [23]–
[25]. Artificial neural networks (ANN), for example have been used in Ref. [26] to detect various
damage modes from vibrations’ data of wind turbines. An alternative to vibrations and acoustics
signals are current signatures; the advantage of this solution is the reduced cost and non–intrusive
nature [27]. In the case of electrical components current leakages can be checked, as some typical
failure patterns consists in the partial loss of isolation that leads to parasite currents [10], [28], [29].
Important drawback of high frequency data is the necessity of installing dedicated sensors, which
are not part of the standard instrumentation of wind turbines. These sensors are expensive and
during their installation they often require interruption of operations. Finally, most of this data
sources are considered intrusive, as the installation of additional instrumentation might damage
the component being monitored [13].

Oil Analyses

The health of the drive–train —and more specifically of the gearbox— can be assessed through
the analysis of the lubricating oil circulating in the system. Turbines can be routinely checked,
typically once or twice per year, by taking samples of the lubricant and classify and quantify the
chemical compounds contained in it. The presence of large amount of iron and other metals are
indicative of defects and damages that can affect the correct operation of the transmission [30],
[31]. In this field, data analysis and in particular clustering and other unsupervised learning tools
can be effective to help technicians interpreting the data and detect anomalies. Oil analyses are
useful formovingmechanical components such as bearings and gears. For static electrical compo-
nents such as the converter and various parts of the generator other monitoring strategies must
be utilized. Moreover, the low frequency of the sample collections can lead to missed diagnosis
of defective components.

Alarms

Typically, turbine operations aremonitoredwith the assistance of automated alarm systems. These
are implemented comparing the status of some key sensors with respect to predetermined thresh-
old values. Whenever critical values are trespassed a record in the alarm log is entered, complete
with the timestamp and the status code of the event. While not as popular as sensors data, alarms
have been successfully utilized in the literature. For example, in Ref. [32] alarms data was used to
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estimate the remaining useful life of wind turbine components. A characteristic of alarm data is
that it has no fixed frequency, as its nature is episodic i.e. an entry in the log is recorded only when
the alarm criteria is not respected and not following a regular schedule. Moreover, alarms tends to
create clusters or alarm cascades, as the activation of one alarm often causes others to spawn [33].
In this sense, a crucial step in alarm analysis is to isolate and understand the alarm sequence. The
importance of this step and recommendations on how to approach alarm analysis are provided in
Refs. [34], [35]. While being a somehow underdeveloped source of information, alarms data has
been successfully used to monitor systems in other fields of application, by applying data mining
techniques [36], [37].

Work order logs

Logs of the maintenance intervention, of routines and extraordinary reviews of turbines are often
available to windfarm operators. Common taxonomy frameworks have been proposed by indus-
try and academia joint project, such as Reliawind [38]. Yet, not all windfarm operators adopt the
proposed standards resulting in large inconsistencies between events logs, and obstacles to for-
mulate general processes to extract information. Nonetheless, common characteristics can be en-
countered, as the date and time of themaintenance is always provided aswell as a brief description
of the actions taken during the intervention and the list of materials that were used. Additional de-
tails regarding the subsystem thatwas reviewed can be provided, and sometimes the explication of
the root cause of the event is available. Event logs have been used in the literature to filter and label
data, isolate and learn failure patterns [39]. Events cascade can also be investigated to find com-
mon patterns preceding failures [34]. Finally, general statistics of the most common failures and
critical components can be determined analyzing event logs [40]–[42]. Standards in the format
of this information, the transition to fully machine readable records, and an improvement in the
quality of work order logs are necessary steps to move towards data–centric turbine monitoring.

SCADA

SCADA data was initially designed to provide information to verify the correct operation of tur-
bines, and not as a mean to assess the health status of individual subsystems. The number of sen-
sors monitored by SCADA can vary between turbine manufacturers, though in general the major
components of the turbine are all instrumented. The resolution of SCADA data can vary, but
most commonly is of 5–10 minutes; only in rare occasion high frequency SCADA data —which
can have a reading every few seconds— is available. Physical quantities such as temperatures,
speeds, pressures, and states of the turbine are included in a SCADA dataset. Some valuable char-
acteristics of SCADA data is that it is available and standardized for most turbines, meaning that
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algorithm for its analysis are more easily transferable from one turbine manufacturers to another.
Moreover, being part of the standard instrumentation it does not require additional investments
by the windfarm owner. The importance of SCADA data for predictive maintenance and moni-
toring has greatly increased in the last decade. Refs. [43]–[46] are some of the first attempts to
use SCADA data for turbine condition monitoring. The methods to analyze and extract infor-
mation have greatly improved from the early days. In the literature are available algorithms to
assess the health of all major components using diverse approaches based on statistical analyses,
machine learning, and deep learning [12], [13], [47]. SCADA benefits from very desirable char-
acteristics: the wide availability, a highly standardized format, and its low cost. Nonetheless, its
low frequency has been mentioned as an important limitation that can hinder the capability of
correctly modeling the status of a turbine and detect failures [39], [48]. Considering the scarcity
of researches addressing the topic of information content (and its loss due to data aggregation) in
SCADA data, part of this work is dedicated to tackle this problem and shed some lights on the
shortcomings of SCADA.

High–
frequency
data

Oil samples Alarms Word Orders SCADA

Cost high high low low low

Frequency very high very low episodic episodic low

Standard
Implementation

no no yes yes yes

Methods of
analysis

signal process-
ing; time–
domain;
frequency–
domain

standard chemi-
cal analysis; un-
supervised ML

text mining;
graph analysis

text mining;
simple statistics

ML; DL

Format numerical time
series

chemical
compounds
proportion

categorical data text data numerical time
series

Collection
method

vibrations,
acoustics, cur-
rents sensors

samples taken
from drive train
components

logged by the
SCADA system

logged by the
maintainers

logged by the
SCADA system

Table 2.1: Comparison of advantages and limitations of physical and data–based models

2.2 Models
Turbine modeling can be divided depending on the final objective of the analysis into two cat-
egories: fault prediction, and fault detection [13]. Fault detection aims to assess the status of a
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turbine and report an occurring problem such that it can be addressed by the maintenance team,
as shown in Refs. [49], [50]. Fault prediction has a more ambitious goal, it aims to determine com-
mon patterns that precede faults, and use them to anticipate failures [51], [52]. Another criteria
for classify models is their approach, that can be physical or based on data.

Physical models

This approach requires deep knowledge and high level of expertise ofwind turbine operation prin-
ciples. Monitored components are modeled into systems of physical equations able to describe
their behavior from a thermodynamic, electrical, or mechanical perspective. These are useful to
determine and capture how the various components of turbines work, but they also require a vast
amount of information and details, which are not always available to researchers. Sometimes,
even turbine owners do not have all the required information as manufacturers do not always
share the details of the turbines inner systems. Moreover, adapting a model to a different com-
ponent is not trivial or even possible. Nonetheless, such models have been presented in various
studies in the literature. In Ref. [53] a physical simulation of the loads of a turbine gearbox is
proposed, showing that it can determine the effect that varying loads have on the lifespan of the
component; It required a dynamic study of the gear conditions, aswell as a Finite ElementMethod
analysis. Refs. [54], [55] attempt a different approach by first determining the thermal network
that describes gearbox conditions; then machine learning is used with the output of the physical
model to improve performances. This kind of approach is particularly attractive, it guarantees
the possibility to make use of expert knowledge and provide more interpretable results leverag-
ing the predictive power of machine learning and data. This strategy is mimicked in this research,
by using machine learning algorithms to capture well-known failure patterns that are commonly
monitored by turbine maintainers and automatize their detection. Overall, physical models are
a valid option for better understanding the inner working of turbine components and generat-
ing new knowledge about them. In fact, physical models are far more reliable than data–based
ones, when cause–effects relationships must be determined. The demanding data requirements,
the availability of the necessary design parameters, and the scarce re-usability of the models are
the motives why different and more flexible tools are required by the industry.

Data–based models

The main alternative to physical models are data–based models. These have risen in popularity
thanks to the great advancements achieved in machine learning and statistical modeling. Only
minor assumptions of the systems under analysis are needed, as the physical relations governing
the operation of the various components are inferred from the data. The resultingmodels tends to
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be more transferable; they might need retraining rather than whole redesign when they are used
to model different components. On a first approximation, data–based models can be divided de-
pending on how the predictive problem is framed. The two macro families of machine learning
problems are: Supervised and Unsupervised Learning. The first one requires the availability of la-
beled data that, in the case of predictive maintenance, can be an indication of the health status of
the component under analysis (i.e. faulty or healthy conditions). The second approach does not
requires labels as useful information is directly extracted from the data. The focus is primarily on
the distribution and hidden structures underlying data, rather than a division based on labels.

Supervised learning, in turns can be divided in two major subcategories: classification and regression.
Classification uses data labels to find the characteristics that best differentiate between classes
of categorical data. The learned characteristics can then be used to classify new unlabeled data.
Regression aims to predict a continuous output. In other words, the value of one or more target
variables is predicted from a set of inputs.

Unsupervised learning applications are typically clustering analyses or anomaly detection. Often
data is not equally distributed in the feature space, but rather grouped in various clusters. Ana-
lyzing clusters in which data falls can help to determine non-obvious relations and groups in the
data. It might be found, for example, that anomalous operating conditions separate from the rest
of the data and can thus be isolated via clustering and anomaly detection algorithms.

Both approaches have pros and cons. For example, supervised learning and classification prob-
lems require complex pre-processing pipelines for data preparation. Reliable data labels must
be assigned, then data must be accurately filtered and often enhanced by generating additional
features that can highlight interesting properties of data. Finally, the classification model can be
trained and used to make predictions. All these steps are time consuming, assigning labels is prob-
ably the most critical one, surely the most time consuming. Work orders and alarms logs can be
used to assign labels, but the absence of standard formats, the free-text nature of the data, and in
general inconsistencies of information pose a great challenge in automating the procedure, as well
as guaranteeing reliable labels.

Regression requires a less complex pipeline, labels are used to filter data rather than define groups.
A common challenge in regression task is posed by the choice of the distance metric that is used
to quantify the quality of predictions and asses the difference between the predicted and observed
values when new data is analyzed. Clustering and anomaly detection are far easier to train, and
pre-processing pipelines are simpler, although results analyses, choice of the number of clusters
and their interpretation is crucial and not trivial.
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Advantages Limitations

Physical Models

• provide a clear explanationof the sys-
tem

• can be used to determine cause–
effects relations

• very interpretable results

• require expert knowledge of the
modeled system

• require detailed information of the
system

• necessary data is not always available

• adapting models to different tech-
nologies is not trivial

Data–based Models

• prior knowledge of the modeled sys-
tem is desirable, but not mandatory

• reusable predictive framework

• general and scalable approach

• can lead to new insights from the
data

• require historical data for training

• predictions quality depends on input
data and the processing strategy

• pre–processing data can be time con-
suming

Table 2.2: Comparison of advantages and limitations of physical and data–based models

Having described the general framework of machine learning and its different variants it is now
convenient to dive deeper into the implementation of these predictive frameworks in the research
literature. The main approaches are listed below:

• Power Curve Modeling

• Signal Trending

• Normality Behavior Modeling

• Anomaly Detection

• Fault Classifiers

Power curve modeling

Power curve modeling can be used as a general assessment of turbine status. Monitoring the power
output of turbines greatly helps detecting inefficiencies and under-performances. The power
curve relation, which is one of the governing equation in the operation of a wind turbine is used
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by this method. Due to its central role in wind energy extensive researches have been conducted
both by academia and industry to determine the parameters that might influence the relation, as
well as studying the different methods that can be used to infer it from the data [56]–[59]. For
example, the power curve can be approximated fitting a wide range of polynomial equations and
determine the one that best suits the data [56]. Model–free algorithms, such as neural networks,
are a valid alternative that does not require specific assumptions of the relations within the data
[60]–[62]. From a predictive maintenance perspective, power curves can be a useful tool to de-
termine general problems in turbines. The difference between the expected and measured power
output is used as indicator of the performance of the turbine. Large and repeated differences be-
tween the expected and real power can be a signal of problems in anymajor system [63]–[65]. Data
requirements are limited, as for the easier models only windspeed and output power are needed,
more complex models might require additional information, such as turbine location, environ-
ment temperatures, and topology of the windfarm. It is to be remarked that power curves are not
a complete tool for turbine predictive maintenance strategies. Anomalies, problems, and ineffi-
ciencies can be detected but identifying the root–cause, and plan corrective measures analyzing
only the power curve is not feasible.

Signal trending

A valid strategy to detect failures in turbinemain components is tracking changes and trend in the
most significant signals. This approach will be referred to as ”Signal Trending”, since the objective
is to analyze the signal time series and determine trends over time. Ref. [44] shows that gearbox
temperature can be a reliable predictor of incipient failures as clear trends in the data can be iso-
lated. The relation between the binned active power and the generator bearing temperature can
be compared with respect to the behavior of the windfarm to monitor turbine status, as Ref. [66]
shows. Control chart is a tool that is commonly used in conjunction to signal trending to better
track anomalies, as shown in Refs. [64], [67]. Alternatively, thermodynamics and physical mod-
els can be used to describe the component behavior, then these models can be used to compare
loss of efficiency and increasing temperatures such as in Ref. [68]. This class of methods is very
heterogeneous, different relations and approaches have been tested by researchers. A common
characteristic to these methods is the use of the windfarm as reference for comparisons. The use
of simple relations and statistics makes signal trending a very understandable approach. Results
are often deviations from a reference value, the relations are based on common thermodynamics,
mechanics, and electrical equations which are well known to technicians. Yet, these relations are
not always sufficient to capture all kind of failures, and controlling the influence of external fac-
tors (such as the environment temperature) is not trivial. More complex approaches are needed
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to consider additional effects and improving predictions results.

Normal behavior models

A very popular and effective methodology to assess the status of turbine components are the so-
called Normal Behavior Models (NBM). They attempt to capture the relation between a group of in-
put variables and one ormore target signals, that should be able to determine the status of the com-
ponent under analysis. Important step in NBM is filtering data to determine a subset of records
that can be labeled as ”normal data”. Events and alarms logs are often used for this task. Then, a
group of inputs and a target variable can be chosen and an algorithm is fitted to the data. The goal
is to infer the model that describes normal operating conditions of the monitored component,
and then use it to track deviations between the expected and observed behavior of the tracked
variable. This approach is quite common in the wide predictive maintenance world, not only in
wind turbine monitoring. One of the first, and probably most influential, application of normal-
ity models to wind turbine monitoring is presented in Ref. [43]. Neural networks are a popular
choice thanks to their ability to model complex relations in the data, some examples are provided
in Refs. [69]–[71]. Other authors have compared the performances of neural networks with stan-
dardmachine learning algorithms, and regressionmodels [12], [72] or alternative neural networks
such as Extreme Learning Machines [73]. NBM allows to capture the complex relations that can
exists between turbine operating parameters, such as temperatures, pressures, etc. and external
factors such as windspeed and environment temperature. The improved modeling power comes
with the cost of lower interpretability if compared to signal trendingmethods. Tweaking themod-
els, defining the best hyper-parameters and architecture is not trivial and requires knowledge of
data modeling and machine/deep learning.

Anomaly detection models

A characteristic of turbine failures is their relatively low frequency, some components are more
affected by malfunctions but overall during the course of a year only few occurrences of a given
failure are reported [74]. Multiple turbines failing simultaneously due to the same defect are un-
common, except for failures that affect the whole windfarm such as damages to the substation and
the connection to the grid. This observation allows to frame the problem as anomaly detection.
Clustering, one-class classification, and in general unsupervised learning methods based on point
density are useful to detect anomalies. In the literature Self-Organizing Maps (SOM) have been
proposed to extract information on turbine status [75], [76]. Machine learning algorithms adapted
for anomaly detection or classification of a single class are thoroughly discussed in Refs. [77], [78].
Signal reconstruction is a class of methods that aims to synthesize a generic representation of the
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data that can be used to filter out unnecessary information, noise, and reconstruct signals. This
approach stands at a middle-point between NBM and density-based clustering techniques. In
facts, as for NBM a selection of normal data must be available to construct a model of normal
data. In contrast to normality models, no single or multiple target variable is defined, instead the
whole data distribution ismodelled. Algorithms that can serve this purpose areAutoencoders (AE),
Generative Adversarial Networks (GAN) or Restricted Boltzmann Machines (RBM) [79]–[81]. A
general pattern to thesemethods is the goal to represent the data distribution, and then track a sim-
ilarity metric defined by the distance between the original and reconstructed signal, as shown in
Refs. [82]. Clustering can provide useful representations of the data, that can lead to interesting
discoveries on turbine operations and failure patterns. Moreover, anomaly detection and clus-
tering do not require a fine-grained pre-processing of data nor labeling of operating conditions.
Thus, more generic predictive strategies that can be easily adapted to different components can
be developed. Signal reconstruction requires pre-processing similar to normality models. The
interpretation of the results of anomaly detection and clustering algorithms is critical and it is not
always straightforward.

Fault classifiers

Labeled failure data can be used to train a fault classifier which models failures’ patterns and out-
puts predictions, rather than deviations from a normal behavior or anomaly indicators. This is an
advantage over NBM and anomaly detection algorithms whose output often requires threshold
that must be checked to raise alarms. Assigning labels can be a very time consuming task, work
orders and alarm logs must be analyzed and used. A common standard in the industry for the
organization and formatting of this information is not available yet, thus different manufactur-
ers may produce very diverse logs. Data labeling can be hardly generalized, re-utilizing the work
done for a certain turbine technology on a new one is not easy. Ref. [51] presented a fault diagno-
sis and prediction solution that is tailored to generator failures; machine learning algorithms such
as support vector machine and artificial neural networks are compared . Similarly fault diagnosis
and predictions for feeder, generator, and other components using support vectormachines is dis-
cussed in Ref. [83]. Classifiers have also proven effective with vibration data, as presented in Ref.
[84]. The design of preprocessing pipelines of fault classifiers is a difficult task. Two important
steps are outliers filtering and feature selection. Having a clean datasets and poignant features
is crucial to achieve good performances. Refs. [85], [86] are two valuable contributions dealing
both with outlier filtering and feature selection. First, it is highlighted the risk of filtering valu-
able failure patterns by blindingly using common statistical filters. Second, a complete overview
of common feature selection algorithms is presented and their performances are compared to a
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manual selection performed by an expert maintainer. Another contribution in the field of feature
extraction and data augmentation is presented by Ref. [87] in which a discriminative dictionary
learning strategy to improve failure predictions in turbines’ bearings is implemented. An impor-
tant challenge for fault classifiers is data imbalance. Faulty conditions are relatively scarce when
compared to normal operations. This poses a problem for classifiers. In facts, data imbalance
can lead to sub-optimal definition of the boundary that separates classes of data. Refs. [50], [51],
[88] faced this problem and suggested various approaches to address it. Another challenge is the
wide range of operating conditions that characterize wind turbines. This can lead to errors in
the predictions, a two stage process based on clustering of analogous operating conditions, and
then classify failures, had positive outcomes in Ref. [89]. Interpretability of fault classifier results
is quite limited, predictions are straightforward as typically the outcome of these classifier is a
binary one, i.e. faulty or healthy conditions. The factors that have lead the algorithm to these
conclusions though is less intuitive, and it depends heavily on the quality of data labels. This, the
limited re-usability of trained models, and the time consuming pre-processing procedure are the
major drawbacks of fault classifiers.
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Explainability Complexity Limitations

Power curve high low
• does not identify root-cause

• can only analyze the turbine as a whole

NBM medium medium
• status of the system should be repre-

sentable by key variable

• struggles with yaw and pitch systems

Anomaly detection medium-low high
• typically requires thresholds to raise

alarms

• it can detect undesired anomalies

Fault classifier low high
• preprocessing can be very demanding

• labeling quality is critical

Signal trending high low
• does not work well with small wind-

farms or turbines operating under very
different working conditions

Table 2.3: Comparison of the discussed predicting models



3. Deep Learning and Alarms

Information Fusion

3.1 Information fusion
Combining different information sources is an old and popular approach in data mining [90]. Yet,
inwind turbines’ predictivemaintenance field, SCADAand alarms data are rarely used in the same
model. In the following experiment the combination of SCADA and alarms outperformedmodels
which did not use information fusion.

It is important to remark that information fusion leads to improved performances under the as-
sumption that the different data sources are complementary. As shown in the research paper the
correlation between SCADA and alarmdata is low, thus positive results can be obtained from their
combination. Very correlated indicators would have not lead to vast improvements in the results.

3.2 Wind Fleet Generator Fault Detection via

SCADA Alarms and Autoencoders
The first contribution of this research involves the combination of two very different data sources:
SCADA numerical time series and the alarm logs of the turbines. The generator system has been
analyzed due to its important role in the correct operation of wind turbines and the impact that
unexpected failures may have on lifetime costs of these assets. The generator, together with the
gearbox was found as one of the main downtime causes of wind turbines in Ref. [91]. Being able
to detect failures early is crucial to optimize maintenance, reducing costs, and minimizing down-
times.
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The chosen architecture combines an autoencoder and an algorithm that analyzes alarm data. The
autoencoder is used tomodel normal operating conditions of turbines, and then, detect anomalies
in time series data. Alarms are first filtered, then a selected group of critical events is monitored
and the occurrence of these events is used to create a health ranking for each turbine. Finally, the
two information sources are combined into a unique status indicator of the generator conditions.

The result is an interpretable solution to assess generator health status. Both data insights and
expert knowledge are incorporated in the model, as the selection of the most relevant alarms to
track, highly benefits from the experience of turbines’ maintainers. Moreover, this framework
can be easily extended, including new indicators or sources of data.

Contributions

The main contribution of this chapter are:

• Present an information fusion application which allows to use both SCADA and alarms
data.

• Implement a reliable and interpretable predictive strategy for turbines’ generator health
conditions.

• Provide an industry–ready solution, tested on multiple windfarms located in different lo-
cations and environments.

The results have been obtained from the analysis of a large and diverse sample of turbines. A total
of 115 wind turbines produced by four different manufacturers and located in three countries
were studied. The size and heterogeneity of the training and test sample is uncommon in thewind
predictive maintenance literature, which is often limited to single wind farms and manufacturers.
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Featured Application: Novel approach to wind fleet generator fault detection using Supervisory
Control and Data Acquisition (SCADA) data and alarm logs.

Abstract: A hybrid health monitoring system for wind turbine generators is introduced. The novelty
of this research consists in approaching a 115-wind turbine fleet by using the fusion of multiple
sources of information. Analog SCADA data is analyzed through an autoencoder which allows to
identify anomalous patterns within the input variables. Alarm logs are processed and merged to the
anomaly detection output, creating a reliable health estimator of generator conditions. The proposed
methodology has been tested on a fleet of 115 wind turbines from four different manufacturers
located in various locations around Europe. The solution has been compared with other existing data
modeling techniques offering impressive results on the fleet. An accuracy of 82% and a Kappa of
56% were obtained. The detailed methodology is presented using one of the available windfarms,
composed of 13 onshore wind turbines rated 2 MW power. The rigorous evaluation of the results,
the utilization of real data and the heterogeneity of the dataset prove the validity of the system and
its applicability in an online operating scenario.

Keywords: alarms; anomaly detection; autoencoder; fault detection; SCADA data; generator;
predictive maintenance; wind turbines; renewable energy

1. Introduction

Wind energy is one of the main enablers of the ongoing renewable energy revolution. It was
reported by WindEurope that in 2016, wind energy production overtook coal as the second largest
form of power capacity in Europe, right behind natural gas. The strong increasing trend suggests that
it is just a matter of time for wind energy to take the lead [1].

Many challenges are yet to be solved to increase wind energy profitability, and operation and
maintenance (O&M) in particular has to be improved. It was reported that unexpected breakdowns
typically cause 10–15% of production losses, with extreme peaks of 30% [2]. These losses cripple the
profit of energy companies, thus it is not surprising to find optimization of O&M through big data,
cloud solutions and innovative technologies as one of the top priorities of the industry [3].

Historically, maintenance has been performed via a reactive approach, based on preventive
inspections and corrective interventions once failures were acknowledged. New approaches providing
predictive maintenance solutions have emerged both in the academia and the industrial scene.

Turbines are commonly equipped with a Supervisory Control and Data Acquisition (SCADA)
system, which was initially installed to monitor and operate the system, but lately has been utilized to
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assess and predict the health status of the turbines as well. SCADA data is recorded by a network
of sensors located in the main components of the turbine, the typical sampling frequency is 10 min,
making it relatively cheap to collect, transmit and store in a database. All wind fleet operators collect
data on their centralized control. SCADA data is collected and stored on Structured Query Language
(SQL) databases from SCADA providers or OsiSoft PI system.

Early fault detection can be achieved, as shown by Schlettingen and Santos, by building a model
that captures normal operation of the system and by comparing the difference between predicted
and measured values of a key variable, to detect anomalies [4]. This approach does not fully take
advantage of the high dimensionality of the SCADA dataset and focuses only on the behavior of a
single key variable, while component failures are typically complex and can manifest themselves in
different failure modes.

The literature is rich with examples based on power curve modeling of wind turbines [5–8].
This approach is based on tracking the relation between wind speed and output power, the function
that describes the relation between these two variables can be inferred from operational data and
compared to the one provided by the manufacturer, and significant deviations from the theoretical
power curve can be hints of problems in the turbine. Different algorithms, as well as the introduction
of context variables, have been studied in order to get a reliable picture of the turbine behavior.
The main drawback of this approach is its incapacity to determine which component is causing
underperformance since the turbine is studied as a whole.

Solutions based on control monitoring systems (CMS) are available and have been studied in the
literature [9–11]. These analyses typically use vibration, sound and acceleration measurements to detect
anomalies in the behavior of bearings, gearboxes and other mechanical components. The frequency
of the data used for these analyses is much higher than the typical SCADA data, thus bringing more
information for the detection of failures. That being said, most turbines are not provided with vibration
sensors, the installation of these instruments disrupts the operation of the turbine and can cost a
windfarm owner thousands of euros per turbine. The authors of Reference [12] presented a thorough
analysis of the available monitoring techniques for wind turbine; regarding the CMS, they highlighted
as main challenges: financial cost, difficulty of interpretation of the results and not-trivial integration
with all the existent monitoring systems, as well as its scalability.

For these reasons, solutions based on the usage of SCADA data can be particularly interesting for
owners of old turbines, since no installation of additional sensors or interruption of their operations is
needed. Value can be created from the large quantity of unutilized SCADA data stored in their databases.

The rapid growth of the Deep Learning field led many researchers to apply neural networks
to solve data challenges. Autoencoders in particular appear to be a good fit for anomaly detection.
Autoencoders have been applied in multiple practical applications, such as anomaly detection of
seasonal Key Performance Indicators (KPIs) in web application [13], cyber-security monitoring [14]
and monitoring of gas turbine conditions [15].

In the wind energy sector, Jiang et al. stacked multiple autoencoders to extract new representations
of vibration data in the event of gearbox failures [16]. Successively, they also utilized denoising
autoencoders, enriched with temporal information to assess turbine conditions in a laboratory and
online scenario [17]. Finally, autoencoders have been successfully used for ice-detection on turbines’
blades by Liu et al. [18].

Alarms and events records have been used to determine the remaining useful life of wind
turbines [19]. In Reference [20], the time-sequence of the alarms is analyzed to detect relations between
the different alarms, determining the causal relationship between the different events and helping to
determine the root-cause of failures.

This research aims to explore the capabilities of autoencoders and SCADA alarms as a hybrid
fault detection system for wind turbines’ generators. While in the literature examples of predictive
strategies based only on SCADA data or alarms are present, no holistic approach using both sources of
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information is present. This paper reports a methodology that takes advantage of both SCADA and
alarm logs in the same algorithm.

As a benchmark, other typical anomaly detection algorithms are implemented, and their results
are compared with the autoencoder’s results. Additionally, the overall methodology is compared
to a normality model, one of the most common predictive maintenance approaches available in the
literature. Given the practical nature of the project, SCADA and alarm logs of existing windfarms
are used. Results are validated using maintenance logs and verifying the concordance between the
predictions and the available information.

A key aspect of this investigation is the thorough analysis of real data from a heterogeneous sample
of data. The dataset includes four different turbine brands, from seven different windfarms, located in
different nations and climates (Spain, United Kingdom and Poland). Moreover, the size of the sample
is remarkable, as more than a hundred turbines are studied. These factors are rare in the relevant
literature, as most of the time, a single turbine or windfarm is analyzed. All these considerations
support the applicability of the approach in real-life scenarios and its ability to generalize results to
heterogeneous conditions.

2. Materials and Methods

2.1. Data Description

The source of information used for this research are the SCADA and alarm datasets as inputs to
the model, and the maintenance task logs as ground-truth material to evaluate the effectiveness of
the methodology. Two years of operation data for more than 100 turbines rated 2 MW and different
manufacturers was available. Data has been received directly from the windfarm operator in the form
of comma-separated values (csv) and text archives and uploaded in a SQL database.

The dataset was split into a training and test set, maintaining a train/test split ratio of 70–30%.
The last 9 months of data have been used as the test dataset, and the remaining data was used for training
the algorithms. The utilized data is a real-life dataset of various windfarms operating under common
conditions, it is not the results of a simulation. As a consequence, the data required thorough cleaning
and pre-processing to get rid of inconsistencies due to sensors’ errors and communication malfunctions.

2.1.1. SCADA Dataset

The SCADA dataset contains more than 300 variables as the main systems of the turbine are all
monitored (pitch, main shaft bearing, gearbox, generator, etc.). Sampling frequency is 10 min and
quantities such as the arithmetic mean, minimum, maximum and standard deviation are computed
with the data acquired for this period. The format of the SCADA dataset, as well as the name of
the variables and position of the sensors, may vary according to the manufacturer of the turbine.
An example of the dataset used in this research is provided in Table 1.

Table 1. Sample of the Supervisory Control and Data Acquisition (SCADA) dataset. Average (avg.)
and standard deviation (std.) values are reported.

Timestamp Wind Speed
(avg.) (m/s)

Power
(avg.) (kW)

Power
(std.) (kW)

Generator Stator
Temperature (avg.) (◦C)

2018-10-01 00:10:00 4.945 282.8 28.524 64.653
2018-10-01 00:20:00 5.361 331.433 20.253 64.322
2018-10-01 00:30:00 5.01 289.525 47.297 61.16

2.1.2. Alarm Dataset

Alarms are typically triggered whenever an operating parameter, most typically a temperature,
exceeds its normal operation range. Table 2 is an example of the information contained in the alarm
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dataset. The alarm description field contains standardized text data, generated by the control system
of the turbines.

Table 2. Alarm dataset sample.

Start time End time Turbine Alarm Description

2017-05-24 10:39:29 2017-05-24 10:40:27 WT05 Gen brushWear Warn
2018-07-05 11:47:29 2018-07-05 11:59:57 WT03 GenRot RpmMonitor Stop
2018-04-13 08:00:58 2018-04-13 12:37:04 WT02 Gear OilFilt Warn (75% clogged)

2.1.3. Work Orders Dataset

All the maintenance tasks that have been carried on in the windfarm, including inspections, regular
checks as well as extraordinary interventions, are registered in the work order logs. An example of the
available work order logs is provided in Table 3. This information has been used for labeling turbines’
SCADA data. Records preceding critical interventions to the turbines have been removed from the
training dataset. Work orders have also been used for the prediction evaluation. The information
of the work orders is not provided in any form to the predicting algorithm, it is uniquely utilized to
process data, assigning labels, and finally, evaluate the predictions, thus being the ground truth for
the algorithm.

Table 3. Work order sample.

Start Time End Time Turbine Component Work Description

2017-02-18 07:52:00 2017-02-19 13:30:00 WT06 Generator bearing Generator bearings replacement
2017-06-30 10:46:00 2019-06-30 14:03:00 WT08 Blade Scheduled inspection
2017-08-27 08:50:00 2018-09-03 15:28:00 WT07 Gearbox Gearbox replacement due to fractured gear tooth

2.2. Autoencoder Anomaly Detection

Anomaly detection via autoencoder is performed providing the network a training dataset
composed of normal data, that can be represented as {x(1), x(2), ..., x(m)}. Autoencoders can be divided
into two parts: an encoder and a decoder.

The encoder’s goal is to reduce the dimension of the data, mapping data into lower dimensional
spaces, reducing the number of neurons in each successive layer, until the bottleneck is reached.
The number of layers and neurons in the network is determined by a tradeoff between the compression
of the input information and the ability to reconstruct the input sufficiently well. Neurons are activated
by an activation function such as the one presented by the following equation [21]:

a(l)i = f

 n∑
j=1

W(l−1)
i j a(l−1)

j + b(1)i

 (1)

where W and b are the weight and bias of the model, and the indexes i and j denote the unit and
the layer, respectively. Non-linear activation functions are typically utilized to allow the network
to represent non-linear characteristics of the data. In this research, the rectified linear unit (ReLU)
function has been used, and is defined as follows:

f (x) = max(0, x) (2)

The decoder’s function is to reconstruct the encoded data at the best of its possibilities. The entire
structure, encoder and decoder, is in fact optimized, minimizing the following cost function, presented
in Reference [21]:
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in which nl is the number of layers, sl is the number of units in layer Ll and λ is the regularization
parameters that keep a balance between the memorization and generalization capabilities of the
network. As the equation shows, a larger and more complex network would be penalized by the factor
λ. The first part of the equation defines the difference between the input and output vectors, and thus
a priority of the network will be to minimize this difference.

As explained in Reference [22], anomaly detection using autoencoders can be seen as a
semi-supervised learning problem. The autoencoder is trained with normal data and learns its
representation in a reduced dimensional space. The reconstruction error is utilized as a metric to
determine abnormal data. Data that does not fit the representation learned in the training phase results
in higher reconstruction error and can be marked as anomalous.

2.3. Methodology

Fusion of multiple sources of information, namely SCADA data anomaly detection and alarm
registers, is the core of this research. First, the initial processing of the SCADA data is presented,
then the processing of the alarms and the final step of merging the autoencoder and alarms’ predictions
in unique indicators are discussed separately.

2.3.1. SCADA Data Processing

Of the entire dataset, a subset of six variables is used to model the generator: active and reactive
power, temperature of nacelle and generator stator, as well as wind and generator speed. While the
dataset was composed of more than 300 variables, just a small selection was kept. Processing all
the variables would result in very large computation time and likely lead to overfitting of the data,
interpretability of the predictions would also be not trivial since the number of inputs would be very
large. The selection of the variables has been done choosing measurements related to the system under
evaluation (generator speed, generator stator temperature) as well as context signals that determine
the operating status of the turbine (active and reactive power, nacelle temperature and wind speed).

The dataset is split into a training and a test set, the first 70% of the data was used for training
and the remaining 30% for test. Data shuffling has been avoided, since the dataset is composed of
timeseries and random selection of data could result in information leakage.

Analysis of the maintenance and alarm logs allows to filter out abnormal operating conditions
from the training set, as well as remove outliers caused by sensor malfunctions, thus creating a training
set composed only by normal operation records. No imputation of missing data was performed.
To filter data, pre-processing algorithms [23] are applied. In practice, a range of acceptable values for
the input variable of the model is defined and all the data not conforming with this range has been
filtered, considered as communication errors.

A crucial part of pre-processing is normalization of data, the training set is used to determine the
minimum and maximum value for each input variable, and these values are then stored to be used
later on in the test set.

2.3.2. Autoencoder Architecture Selection and Training Process

To determine the optimal architecture (number of layers and neurons, activation function, etc.)
of the autoencoder, a grid search approach is used, multiple configurations are tested and the one
obtaining the lowest reconstruction error is chosen. Training time and complexity of the network have
been considered. A process of trial and error of different configurations is necessary to determine the
best structure for the available data; thus, a different dataset could result in a different network structure.
The best network layout is a fully connected network composed of six layers, having respectively
7–12–4–12–7 neurons activated by the rectified linear unit (ReLU) function and mean squared error was
used to measure the distance between the input and output, and the optimization algorithm is “adam”.

Having found the best network layout, its predictions on the training data are created to obtain the
distribution of the reconstruction error, which is the difference between the original and the processed
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data. The assumption that the reconstruction error does not contain systematic errors is verified,
analyzing its distribution that resembles a normal distribution. Using this information, it is possible
to determine a critical value to identify anomalies. Three standard deviations from the central value
are utilized.

2.3.3. Alarms’ Processing

Alarms’ data is processed by selecting, from all the alarms available in the dataset, the ones that
are more relevant for the generator assembly, such as high temperature, overspeed and overload
of the generator or its auxiliaries, such as cooling fans. The alarm description field of the dataset
was analyzed by keywords, terms such as: “high-temperature”, “error”, “warning”, “over speed”,
“overload”, etc., were searched. In this step, expert knowledge played an important role in excluding
from the initial selection those alarms that do not represent truly critical conditions and not simple
communication errors.

Once the list of alarms has been defined, it is possible to count how many times any of the selected
alarms has occurred during the period under evaluation. In this research, the authors decided not
to assign a different weight to the various alarms and simply counted the occurrences. More refined
strategies involving rankings of the alarms, as well as detection of patterns or study of the time
separating two consecutive alarms, could be implemented in future studies. According to this indicator,
turbines having a higher number of alarms should be prioritized for maintenance.

2.3.4. Indicators’ Merging Process

The health predictions are made for the entire period of time comprised in the test set and
information is aggregated to construct a generator health indicator. Anomalies are summarized to a
weekly resolution, by comparing the number of anomalies detected in each turbine with respect to the
windfarm. The distribution of anomalies within the windfarm is calculated and turbines lying at a
distance superior to two standard deviations from the central value are considered anomalous. This is
done because particular external conditions lead the entire windfarm to behave anomalously while not
undergoing a real fault in the generator system.

The generator’s health indicator is a vector defined in a two-dimensional space. The components
of the vector are the processed output of the autoencoder and the counter of key alarms per turbine
during the period of the analysis, the module of the vector is calculated as the Euclidean Sum of the two
components. A threshold is defined to determine and prioritize the turbines that require maintenance.
Alarms’ data is used directly in the model, hybridizing and complementing the results of the numerical
analysis performed with the autoencoder. The generated status vector considers anomalies in the
numerical data and information from the alarm system.

Figure 1 summarizes all the steps of the proposed methodology showing data reception, its storage
and preprocessing and the predicting algorithm.
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3. Results

The methodology has been proven on a fleet of more than 100 wind turbines, from four different
manufacturers, located in very different geographical locations ranging from hot climates, such as
south of Spain, to colder ones such as Poland and the United Kingdom. While adjustments were
required due to the different variables and characteristics of the turbines, the overall methodology was
not modified.

3.1. KPIs Definition

A brief explanation of the indicators utilized for the presentation of the results is provided in
this subsection.

In order to assess the prediction power of the predictive models, we have used the confusion
matrix (CM) as a basic unit of evaluation. The CM consists of four labels given to each prediction
according to its veracity. In summary, these labels are true positives (TP, a failure occurs when a
failure was predicted), false positives (FP, no failure when a failure was predicted), true negatives
(TN, no failure when no failure was predicted) and false negative (FN, failure when no failure was
predicted). Using the count of these basic evaluation units, the main KPIs are calculated.

The main KPIs used in this project are sensitivity, specificity, accuracy, Kappa, precision and F1
score. Sensitivity, Recall is the ratio of predicted events over the total of events:

Sensitivity, Recall =
TP

TP + FN
(4)

Specificity is the ratio of well-predicted negative events over the total of negative events:

Speci f icity =
TN

TN + FP
(5)

Accuracy is the ratio of the total well-predicted observations over the total number of observations:

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

Cohen’s Kappa is defined as follows:

K =
p0 − pe

1− pe
(7)

where p0 is the relative observed agreement among raters, which is analogous to accuracy, and pe is the
hypothetical probability of chance agreement, using the observed data to calculate the probabilities
of each observer randomly seeing each category. For categories, k, number of items, N, and nki,
the numbers of times the rater i predicted category k, pe can be calculated as follows:

pe =
1

N2

∑
k

nk1nk2 (8)

A low value of K means that there is no agreement among the raters other than what would be expected
by chance. A K value close to one is an indication of good performance of the classifier.

Precision is the ratio of predicted events over the total of positive predictions:

Precision =
TP

TP + FP
(9)

F1 score is defined as the harmonic mean of precision and recall and it is typically used to measure the
accuracy of a test:

F1 = 2
precision ∗ recall
precision + recall

=
TP

TP + 1
2 (FN + FP)

(10)
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3.2. Autoencoder and Alarms Results

As one of the main goal of this research is to demonstrate the advantages of merging different
sources of information, the results of the autoencoder and an alarm-based predictive system are
presented and compared to the numbers obtained using a unique predictor made by the fusion of the
two individual methods.

Table 4 presents the results obtained using the autoencoder as a unique predictor of the generator
status. It can be seen that various failures are anticipated, but the rate of FPs is quite high, as well as
the FNs.

Table 4. Results obtained using the autoencoder. WF stands for Windfarm, TP True Positive, FN False
Negative, FP False Positive and TN True Negative.

Brand Location TP FN FP TN Accuracy Kappa Sensitivity Specificity Precision F1

WF1 Vestas Spain 3 1 4 3 55% 15% 75% 43% 43% 55%
WF2 Vestas Spain 1 3 2 3 44% −15% 25% 60% 33% 29%
WF3 Siemens Poland 1 0 6 11 67% 17% 100% 65% 14% 25%
WF4 Siemens Poland 3 3 1 8 73% 41% 50% 89% 75% 60%
WF5 Senvion Poland 4 1 4 4 62% 27% 80% 50% 50% 62%
WF6 Senvion Poland 3 1 6 12 68% 28% 75% 67% 33% 46%
WF7 Nordex UK 2 4 7 13 58% −1% 33% 65% 22% 27%

TOTAL 17 13 30 54 62% 18% 57% 64% 36% 44%

Table 5 shows the results obtained using an alarm-based predictor. The results are not so different
from the autoencoder’s ones, a slightly higher Kappa is achieved by this method, and one more TP
was found, while the FPs rate is almost equal. It is clear that neither of the two techniques, on its own,
would be sufficiently reliable in a real-life scenario.

Table 5. Results obtained using an alarm-based predictor. WF stands for Windfarm, TP True Positive,
FN False Negative, FP False Positive and TN True Negative.

Brand Location TP FN FP TN Accuracy Kappa Sensitivity Specificity Precision F1

WF1 Vestas Spain 2 2 1 6 73% 38% 50% 86% 67% 57%
WF2 Vestas Spain 2 2 1 4 67% 31% 50% 80% 67% 57%
WF3 Siemens Poland 1 0 17 0 6% 0% 100% 0% 6% 11%
WF4 Siemens Poland 2 4 2 7 60% 12% 33% 78% 50% 40%
WF5 Senvion Poland 4 1 0 8 92% 83% 80% 100% 100% 89%
WF6 Senvion Poland 4 0 6 12 73% 42% 100% 67% 40% 57%
WF7 Nordex UK 3 3 4 16 73% 28% 50% 80% 43% 46%

TOTAL 18 12 31 53 62% 19% 60% 63% 37% 46%

3.3. Overall Results

As the results of the individual predictors are not sufficiently good, the authors present a hybrid
technique that merges the two systems in a more complete predictor, as detailed in Section 2.3.
Table 6 presents a summary of the results. The turbines that were obtaining higher values for the health
KPIs were reported. Examining the reported turbines and the maintenance log, the results table was
done. During the test period, problems such as broken generators, consumed generator brushes or
generators bearing damages were encountered.

It can be seen that most of the reported turbines were found to have some problems; moreover,
the results across the various windfarms are consistent. The accuracy never gets lower than 70%
and the overall Kappa is 56%. The advantages of using a hybrid predictor are clear when its results
are compared to the ones of the autoencoder and alarm predictors. The number of TPs increased
substantially, and remarkably, the number of FPs was halved. The two components of the composed
predictors are complementary, allowing for more accurate and reliable predictions.
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Table 6. Key Performance Indicators (KPIs) results summary for all the available windfarms (WF),
sorted by turbine manufacturer (Brand) and location. TP stands for True Positive, FN False Negative,
FP False Positive and TN True Negative.

Brand Location TP FN FP TN Accuracy Kappa Sensitivity Specificity Precision F1

WF1 Vestas Spain 4 0 0 7 100% 100% 100% 100% 100% 100%
WF2 Vestas Spain 3 1 1 4 78% 55% 75% 80% 75% 75%
WF3 Siemens Poland 1 0 3 14 83% 34% 100% 82% 25% 40%
WF4 Siemens Poland 4 2 0 9 87% 71% 67% 100% 100% 80%
WF5 Senvion Poland 5 0 2 6 85% 70% 100% 75% 71% 83%
WF6 Senvion Poland 3 1 4 14 77% 41% 75% 78% 43% 55%
WF7 Nordex UK 3 3 4 16 73% 28% 50% 80% 43% 46%

TOTAL 23 7 14 70 82% 56% 77% 83% 62% 69%

The Receiving Operator Curve (ROC) is calculated to represent the predictive power of the
proposed methodology and its response to adjustments in the cutoff value to apply to the health status
vector. In Figure 2, the ROC curves of the different windfarms are presented. The cutoff values are
adjusted for each wind farm to obtain optimal results.
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Figure 3 represents the dataset as a whole, without distinction between the different windfarms
and simulating the effect of a unique cutoff value. The two dashed line defines the values of the
false positive rate and true positive rate that can be obtained by selecting the optimal cutoff value for
each windfarm. It can be seen that fixing a unique threshold value yields good results while being a
simpler decision strategy, but in applications where the reliability of the prediction is the key objective,
the additional complexity provides better outputs.
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3.4. Normality Model Comparison

An additional validation of the results is presented. A normality model using the same input
data is trained and utilized to make health predictions of the generators. Details on how to build
a normality model are available in Reference [4]. The value of the generator stator temperature is
predicted by a ridge regression model and the prediction error is used as a metric for the generator
status. Details on the algorithm can be found in Reference [24], the decision of using this algorithm is
dictated by its capacity to deal with multicollinearity in the inputs. The results of the normality model
are presented in Table 7.

Table 7. Normality model results. WF stands for Windfarm, TP True Positive, FN False Negative,
FP False Positive and TN True Negative.

Brand Location TP FN FP TN Accuracy Kappa Sensitivity Specificity Precision F1

WF1 Vestas Spain 4 0 2 5 82% 65% 100% 71% 67% 80%
WF2 Vestas Spain 1 3 0 5 67% 27% 25% 100% 100% 40%
WF3 Siemens Poland 1 0 12 5 33% 4% 100% 29% 8% 14%
WF4 Siemens Poland 4 2 6 3 47% 0% 67% 33% 40% 50%
WF5 Senvion Poland 0 5 2 6 46% −28% 0% 75% 0% NA
WF6 Senvion Poland 2 2 5 13 68% 17% 50% 72% 29% 36%
WF7 Nordex UK 5 1 6 14 73% 41% 83% 70% 45% 59%

TOTAL 17 13 33 51 60% 14% 57% 61% 34% 43%

One can see that while the normality model yields reasonable results, it scores lower overall
values for the tracked indicator when compared to the presented methodology. In particular, it should
be noted that the number of FPs is more than double the proposed solution and the total number of TPs
is lower. The only case in which the normality model performed better is WF7, where two additional
TPs are found.

The presented results were obtained using a large sample of real data. The sample is extremely
heterogeneous since it represents four different turbine brands, and the windfarms are located in
different geographical locations (Poland, Spain and United Kingdom), characterized by very different
climates and wind conditions. Such results are rare in the literature, as many algorithms have been
tested either in laboratories or in a reduced sample of turbines.

In Section 4, the detailed analysis of windfarm 5 is proposed. This one was chosen since it has a
high prevalence of failures of the generator and two predictions were classified as FN, so it is useful to
analyze them in detail to determine the reason why the alarms were raised.
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4. Discussion

The last 9 months of data available were used as a test set. The performance of the autoencoder
as an anomaly detector was compared to other algorithms that have been widely used for anomaly
detection tasks. Isolation forest and one-class support vector machine were tested. Details on these
algorithms can be found in References [25,26].

The same post-processing methodology was applied to all algorithms. Results are presented in
Figure 4. Three risk-areas were identified based on the generator’s health indicator value distribution.
Table 8 provides the information to assess the accuracy of the predictions, and major component
replacements that took place during the testing phase are reported.
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Figure 4. Comparison of the results obtained by the three implemented algorithms hybridized with
alarms information. The higher the distance from the origin, the worse the conditions of the generator.
Three areas are identified according to the health status: healthy (green), warning (yellow) and danger
(red). The shape determines the presence and type of fault occurred.

Table 8. Principal maintenance intervention occurred during the testing phase.

Turbine Maintenance Description Component

WT13 Bearing High Speed Shaft replacement Gearbox-Generator
WT11 Generator brushes replaced Generator
WT11 Generator bearing Non-Drive End replaced Generator
WT10 Generator bearing Non-Drive Endreplaced Generator
WT08 Generator bearing Non-Drive Endreplaced Generator
WT07 Generator brushes replaced Generator

All three algorithms, when merged with alarm information, are able to satisfactorily isolate
faulty turbines from the rest. Autoencoder is selected as the algorithm of choice to analyze SCADA
data, since it is able to better diagnose faulty turbines even in the absence of alarms data, as in the
case of turbine WT13. Moreover, the autoencoder better identifies the high-speed shaft-bearing fault,
where isolation forest could not separate it sufficiently and one class Support Vector Machine (SVM)
positioned it on the frontier between the warning and safe areas, the ability to identify various failure
modes holds large relevance in the selection of the algorithm. Analyzing the results of the autoencoder,
it can be noticed that most of the turbines in the critical (red) and dangerous (yellow) areas required
replacement of the bearings or brushes of the generator. None of the windmills located in the safe
(green) area required maintenance.

A detailed study of the data of WT09 and WT12 was done due to their high anomaly count and
absence of maintenance intervention. The input variable distributions of all the signals and some
other key variables of the generator have been reviewed thoroughly to understand the reason why the
autoencoder has found these turbines to be anomalous. The most relevant relationships related with
generator failure are presented here and discussed.

In Figure 5, the distribution of the probability density of the temperature difference across the two
sides of the generator bearing of turbine WT09 are represented, compared with the mean value of the
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windfarm and the characteristic curve of this temperature difference with respect to nominal power.
It can be observed that the behavior of turbine WT09 is widely different from the rest of the windfarm.
These considerations lead us to categorizing this prediction as early fault alert of the generator bearing
conditions, rather than a false alarm.
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Figure 6 shows that turbine WT12 is characterized by an anomalous distribution of the generator
stator temperature, in fact the standard deviation of its recorded values is larger than the value of the
windfarm, meaning that the generator of this turbine is subjected to less stable operating conditions.
This case can also be considered anomalous and worthy of a technical review of the generator.
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Figure 6. Relation between active power and standard deviation of the generator stator temperature
(left) and the distribution of the probability density function of generator stator standard deviation
(right). In red, values of turbine WT12, and in black are the mean values for the entire windfarm.

Merging the information of alarms with anomalies provides a more comprehensive health status
of the generator. Looking at the plots, it can be seen that alarms are able to isolate most of the
faulty turbines, that being said, there are also cases in which a low number, or no alarms are raised,
but nonetheless, the turbine was found to be faulty. WT08 problems are detected mainly by the alarm
counter, whereas WT13 is purely diagnosed by the anomaly count, the rest of the faults are found by a
mix of the two information sources. Ultimately, merging the information from alarms and SCADA
data proved a rewarding strategy able to better separate turbines according to their health status,
making use of available and easily accessible data.
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5. Conclusions

A hybrid fault detection system based on SCADA alarm logs and an anomaly detection
autoencoder were presented and validated on a fleet of more than 100 wind turbines, from four
different manufacturers, located in different parts of Europe. Real operating data has been used
and most of the raised alarms corresponded to problems related to the generator that required the
substitution of the component or some parts of it (bearings, brushes).

A detailed explanation of the most critical windfarm was presented to show how the methodology
can be applied in practice and the kind of analyses that were carried out to corroborate the results.

It has been observed that the alarm counter is a valid tool to distinguish faulty turbines from
healthy ones. That being said, the alarm counter alone cannot anticipate all failures. The fusion
of anomalies and alarms information complements the individual approaches, providing a more
reliable system.

All five failures that occurred during the test phase were correctly detected. Of the two “false
positive” predictions that were obtained, detailed analyses suggested that they are likely early fault
detections, rather than errors. Ultimately, this methodology provides windfarm operators a reliable
tool to assess the health of generators and improve operation and maintenance of the turbines.

The results of the autoencoder as an anomaly detector were compared with other common
algorithms in the literature, such as isolation forest and one-class support vector machine. The results
showed that while the other two algorithms provide acceptable results, autoencoders are more
confident in their predictions in cases where alarm information cannot help so much with separating
faulty from healthy turbines. Autoencoders, having more tunable parameters and allowing for more
elaborated structures, are capable to better interpret non-linear data, such as that of a turbines generator.
Additionally, the overall methodology was tested against a normality model, and the results clearly
showed that the proposed solution ranks better for all the tracked statistics.

This research contributes to present a novel methodology that makes use of data analysis
techniques for anomaly detection and consolidates the results, merging the anomaly predictions with
information from the alarm system. The large size of the datasets and its diversity contribute to prove
the approach as a general solution that can work well in real-life conditions and is not only applicable
to a niche of turbines.

Different network architecture, including temporal information and denoising autoencoders,
should be explored in future research to boost the accuracy of the system. Interpretability of results is a
key aspect that requires further improvements to ensure acceptance of this methodology in the market.
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4. Ensemble Learning

Frameworks for SCADA Data

4.1 Ensemble Learning
The second topic tackled by this thesis is the application of ensemble learning to wind energy
predictive maintenance. Two research papers —implementing ensemble models to predict main
bearing failures— are presented. The data used is SCADA time series of multiple windfarms, and
both machine learning and deep learning models were implemented.

Ensemble learning is a popular sub–domain of machine learning. Ensembles are made of the
aggregation and combination of weak learners —simpler algorithms that not always fit perfectly
the data— the objective is to reduce predictions variance while maintaining a low bias [92], [93].
This can be obtained using techniques based on simple voting schemes, or even more complex
approaches based on meta–learners.

Meta–learning structures are algorithms that process the output of other algorithms to build a
higher level model [94]. Data–science contests, such as the ones hosted on Kaggle 1, are contexts
where ensemble learning shines and enjoys large popularity. In this competitions a very successful
strategy is the combination of different algorithms to form an aggregated prediction. Under some
conditions —namely low degree of correlation between the predictions— improved performance
are often achieved. While this technique has been proven useful and successful in the resolution
of a large array of problems in the data–science literature, it is not applied in this research.

The main limitation is the absence of a sufficiently reliable and high quality labelled dataset that
makes challenging to train a robust meta–classifier. Instead, simpler solution based on ranking

1https://www.kaggle.com/
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and combining predictions of base algorithms are preferred. This solution not only allows to deal
with the scarce quality of labels, but it also leads to more intuitive results. The contribution of the
different algorithms can be determined and the type of anomaly encountered in the turbine ex-
plained. This last characteristic is vital to gain the trust of turbines’maintainers and drive concrete
corrective actions.

4.2 An Ensemble Learning Solution for

Predictive Maintenance of Wind Turbines

Main Bearing
This paper presents a predictive maintenance strategy for wind turbines’ main bearing. The main
bearing is a crucial component of a turbine’s drive–train. The large dimensionmakesmaintenance
particularly troublesome; Cranes and specialized equipment is often needed for reparations and
substitution. Early fault warnings are attractive to turbines’ owners as they allow to optimize
logistics, minimize downtime, and improve scheduling of corrective measures.

The chosen modelling framework is based on ensemble models which are able, not only of achiev-
ing good results, but also provide a very valid solutions for combining different data sources and
heterogeneous inputs. In the predictive maintenance field using alarms and textual data in con-
junction to time series can be challenging as the format and frequency of the data differ greatly.
Time series are commonly stored using different flavors of numerical data types —most often
comma separated values— alarm and work order logs are commonly provided as text data.

The previous chapter showed the advantages of mixing different data sources, now the focus is on
the utilization of specialized algorithms that are able to capture particular traits of the same set
of data. Ensemble learning allows to mix the output of the various specialized algorithms into a
single, more reliable prediction.

The following indicators have been combined to assess main bearing conditions:

• weekly mean indicator

• weekly normality indicator

• weekly anomaly indicator
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These are popular predictive strategies encountered in the literature. Algorithmshave been adapted
to capture patterns typical to data prior the occurrence ofmain bearing failures, such as increasing
trends in the bearing temperature.

The results have been obtained monitoring data of two windfarms, and a total of 84 turbines
for a period of approximately two years. Performance metrics, i.e. accuracy, precision and F1
score have clearly benefited from the combination of indicators. Predictions have been served to
windfarm owners; The practical and pragmatic nature of the indicators were appreciated features
which helped removing the aura of mystery that predictive algorithms often have.

Contributions

The main novelties and contributions of this paper include:

• Design of an unsupervised process which makes limited assumptions on data. SCADA data
can be used for predictions and labels are not required, thus greatly simplifying the prepro-
cessing pipeline.

• The algorithm can be easily scaled, single ormultiple windfarms can bemonitoredwithout
the need to redesign the entire predictive framework.

• Demonstrate that ensemble learning is an effective strategy to combine predictions of var-
ious interpretable indicators, capturing diverse characteristics of the signal.
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Abstract: A novel and innovative solution addressing wind turbines’ main bearing failure predictions
using SCADA data is presented. This methodology enables to cut setup times and has more flexible
requirements when compared to the current predictive algorithms. The proposed solution is entirely
unsupervised as it does not require the labeling of data through work orders logs. Results of
interpretable algorithms, which are tailored to capture specific aspects of main bearing failures,
are merged into a combined health status indicator making use of Ensemble Learning principles.
Based on multiple specialized indicators, the interpretability of the results is greater compared to
black-box solutions that try to address the problem with a single complex algorithm. The proposed
methodology has been tested on a dataset covering more than two year of operations from two
onshore wind farms, counting a total of 84 turbines. All four main bearing failures are anticipated at
least one month of time in advance. Combining individual indicators into a composed one proved
effective with regard to all the tracked metrics. Accuracy of 95.1%, precision of 24.5% and F1 score
of 38.5% are obtained averaging the values across the two windfarms. The encouraging results,
the unsupervised nature and the flexibility and scalability of the proposed solution are appealing,
making it particularly attractive for any online monitoring system used on single wind farms as well
as entire wind turbine fleets.

Keywords: main bearing; wind turbine; failures; predictive maintenance; ensemble learning; unsu-
pervised; interpretable; scalable; SCADA

1. Introduction

The future is bright for wind energy. New turbines are being installed, technologies
are improving and costs are decreasing. IRENA estimates a tumultuous growth for the
industry, expecting a global installed capacity of 1000 GW by 2050, and new installations
rate of 200 GW/yr, including replacement of old turbines [1]. By the end of 2019 Europe
alone boasted 205 GW of installed wind power capacity [2].

A number of challenges have to be faced in order to reach such ambitious goals, reduc-
ing costs of operation and maintenance (O&M) is paramount. In large wind farms O&M
costs can account up to 30% of the total cost of energy, the influence of physical maintenance
is estimated around 20% of the levelized cost of electricity (LCOE) [3]. Turbines are often
situated in remote locations, the components are bulky and difficult to transport, logistics
costs are significant. The growth of offshore installation, which accounted for 22 GW of
power capacity in Europe in 2019 [2], exacerbates the problem as logistics becomes even
more challenging.

Of all the components in a turbine: the main bearing, which provides support to
the ma axis connecting blades and gearbox, is one of the most problematic in terms of

Sensors 2021, 21, 1512. https://doi.org/10.3390/s21041512 https://www.mdpi.com/journal/sensors

4.2 Ensemble Learning for Wind Turbines Main Bearing 40



Sensors 2021, 21, 1512 2 of 20

maintenance and logistics. Failure rates reaching 30% for single main-bearing and of 15%
for double main-bearing turbines, over 20 year lifetime are reported by Hart et al. [4].
Replacing a main bearing is no trivial task, unlike other systems that can be repaired
in on-tower interventions, a crane is needed and the faulty turbine has to be put out of
production for a long period of time.

Most turbines are equipped with a Supervisory Control and Data Acquisition (SCADA)
system. This is a network of sensors monitoring various physical quantities: such as
temperature, speed and pressure of the principal components of a turbine. International
Standards, such as IEC 61400-25 simplify the representation of turbines and guarantee the
uniformity of information exchange and control design [5]. While initially designed for
control purposes only, SCADA data have also predictive capabilities and it has been used
widely in the literature [6,7].

This articles presents a solution built on SCADA data to address main bearing failures,
predicting the occurrence of future faults, and thus, helping wind farm operators to improve
maintenance and reduce costs related to unexpected failures. Predictions from a set of
understandable indicators, designed to capture different characteristics of the signal, are
combined into a composed health status indicator. Data from two onshore wind farms, for
a total of 84 monitored turbines, is used to evaluate the performances of this solution.

The main contributions of this research can be summarized in three key-points:

1. Present an unsupervised system, requiring minimum setup and limited prerequisites,
capable to monitor entire wind farms.

2. Provide interpretable and understandable predictions, in contrast to black-box solu-
tions.

3. Implement an Ensemble Learning strategy that produces reliable predictions from a
set of understandable indicators, improving their individual performances.

1.1. Main-Bearing Failure Discussion

The rolling elements of wind turbines’ main-bearing are subjected to severe working
conditions, far different from the typical stress that are known in other industrial applica-
tions such as power plants. Windspeed, turbulence index and in general variations of the
wind field conditions have a significant effect on main bearing deterioration [4].

The principal damage and wear mechanisms are reported by Hart et al. [8], defects
in the assembly, design and manufacturing of main bearings lead to premature wear of
the main bearing. Phenomenons such as micro-pitting, spalling, smearing etc. can be
observed [8]. Progressive wear of material leads to sub-optimal operating conditions,
higher localized loads where defects arise and in general overheating of the main bearing.

An incipient main-bearing failure is expected to be preceded by anomalous vibrations
and increases in temperature of the component. In this study, vibration measurements
are not available, thus the attention is given to anomalous patterns in temperature read-
ings. Moreover, temperature signals are easy to interpret and they are part of the typical
recordings of a SCADA system, unlike vibration signals that rarely are available. The use
of temperature data thus make this solution applicable for a wider range of wind-farms.

Different authors have successfully studied temperature behaviors to predict failures
in various turbines’ components. Guo et al. devised a monitoring strategy for turbines’
generators based on tracking of the generator temperature via change detection of a mem-
ory matrix of the component behavior [9]. Qiu et al. presented a thermophysics approach
to assess drive train conditions from which various diagnostic rules are defined [10]. Tonks
and Wang showed experimentally that monitoring temperature can reveal misalignments
and problems of shaft couplings, as these defects increase friction therefore temperature
of the component [11]. Cambron et al. developed a method to monitor main bearing
condition comparing the measured and expected temperture of the component, predictions
were obtained using a physical model of the bearing [12]. Sun et al. describe an anomaly
identification method using mainly temperature readings and other standard SCADA
signals to monitor the behavior of the major components [13].

4.2 Ensemble Learning for Wind Turbines Main Bearing 41
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One of the main bearing failure event is presented. Figure 1 shows the temperature
profile of the faulty turbine and the average of the wind farm. The damaged main bearing
is evidently warmer than the average. In Figure 2, other evidences of the failure are visible,
the relation between main bearing temperature and wind speed is steeper for the defective
turbine. Moreover, the density distribution of the faulty main bearing is shifted to higher
values than the wind-farm average.

Figure 1. Timeseries profiles of the main bearing temperature of a faulty turbine and the average of
the wind-farm.

Figure 2. (A) Relation between main bearing temperature and wind speed. (B) Probability density
plot of the main bearing temperature of a faulty turbine and the average of the wind-farm.

The paper is organized as follows. Section 2 is a review of previous works available
in the literature. Section 3 provides an explanation of the data used and the applied
pre-processing techniques. Section 4 details how the solution is built, showing the base
components and how they are combined into a single health status indicator. In Section 5,
results are presented and analyzed, followed by Section 6, where a discussion is provided.
Finally, Section 7 contains the final remarks and recommendations for future work directions.

2. Previous Works

Various solutions are available to assess the status of wind turbine components and
predict failures. Methods can be classified by the type of data utilized. Vibrations, currents
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and acoustics measurements are particularly effective to diagnose drive-train failures, as
documented in [14–18]. These solutions require the installation of additional sensors or
in-situ measurements campaigns to collect the data. On the contrary, SCADA system is
available as standard equipment for most turbines and its recordings registered in the
databases of wind farm owners, such that operators who did not think in advance of
data-based predictive maintenance strategy can implement one, using SCADA data, at
minimal additional costs.

SCADA predictive maintenance algorithms can be sorted in multiple categories as
proposed by Tautz and Watson [6]. In this paper, the following are analyzed:

1. Signal Trending;
2. Normality models;
3. Anomaly detection and Clustering methods.

These three methods are reviewed in the following Sections 2.1–2.3. Then, a review
of Ensemble Learning is provided in Section 2.4 since this is an essential component of the
methodology. Relevant applications in predictive modeling and data analysis are discussed.
Gradient Boosting and Isolation Forest are also presented in Sections 2.5 and 2.6, respectively,
as they are used in our solution.

2.1. Signal Trending

The signal trending approach is based on the study of changes and trends in a long
period of time. The underlying hypothesis of this approach is that failures have a sort of
signature that can be detected observing variables such as temperatures.

Astolfi et al. proposed a simple, but effective methodology to monitor turbine compo-
nents. The relation between binned active power and key sensor’s readings such as rotor
and generator bearing temperature are tracked within the wind-farm and through time
obtaining useful visualization of the state of the turbines and an effective failure detection
tool [19]. Cambron et al. proposed a control chart monitoring algorithm based on the
comparison of turbines against wind-farm average to detect problems in the generator [20].
Yang et al. presented a technique to track incipient failures through the analysis of the
relation between some key variables and contextual parameters such as the wind speed,
as shown in the two case-studies the progression of failures is gradual through time and
trends towards anomalous conditions can be observed [21]. Feng et al. devised a failure
detection strategy for gearboxes based on the thermodynamics and physical behavior of
this component, a relation between the loss of efficiency and increase in temperature is
derived and utilized to analyze a known failure [22]. Li and Yu formulated a method based
on the difference of the median of each turbine with the rest of the wind-farm and used
it to build a condition vector. The authors use monitoring charts to generate alarms and
discuss several strategies to deal with autocorrelation of operation data [23].

Main advantages of these methods are: ease of implementation, straightforward
interpretation of the results and limited data requirements. Being based on simple statistics
they can be replicated with minimal knowledge of advanced algorithms and data-analysis
techniques. Moreover, the underlying hypotheses of these methods are rooted in the
thermodynamics and physical principles governing operations of the components. Wind-
farm maintainers often track the same deviations and trends that are automatized by these
algorithms, thus results will sound familiar and understandable.

That being said, many of these methods are univariate and are not capable of capturing
the interactions between multiple variables. Being wind turbines complex systems, based
on the interconnection of mechanical, electrical and electronic components this limitation
can be significant. Moreover, incorporating the influence of external variables, such as
wind speed and external temperature is not trivial for these methods.

2.2. Normality Models

Normal Behavior Modeling (NBM) is a class of predictive algorithms attempting to
infer the relation between a set of inputs and a target variable under normal operation

4.2 Ensemble Learning for Wind Turbines Main Bearing 43



Sensors 2021, 21, 1512 5 of 20

of a turbine component. Deviations between predictions and measurements of the target
sensor are used to detect failures.

Schlechtingen and Santos compared simple regression models to more sophisticated
implementations based on neural networks; details on the training and utilization of
normality models are also provided [24]. Puig et al. presented a normality model for
turbine generator and gearbox based on Extreme Learning Machines that can be deployed
in the cloud, allowing real-time operations [25]. Zhang and Wang proposed an artifi-
cial neural network solution for fault detection in wind turbines main bearings, using
SCADA data and able to anticipate failures, allowing to schedule maintenance avoiding
unexpected breakdowns [26]. A self-evolving maintenance scheduler, based on artificial
neural network tracking gearbox bearings conditions is discussed by Bangalore and Tjerrn-
berg [27]. Normality models are a well established solution in wind turbines’ predictive
maintenance field.

The multivariate nature of this approach is suited to capture complex relations between
turbines’ sensors, advanced algorithms and neural network architectures can be used to
detect non-linearities in the data and model turbine behavior.

Two main criticisms can be addressed to normality models. First, the interpretability
of the predictions is scarce as often sophisticated algorithms are used and the influence of
input parameters on the output prediction is not trivial, the behavior is that of a ‘black-box’.
Second, the selection of the training set to feed to the algorithm is crucial. This task is
time-consuming, the sample of data should include all possible operating and external
conditions, thus training set shorter than one year are not particularly reliable. On top
of that, normal operating conditions only should be selected, this involves a thorough
analysis of the turbines logs and eliminations of alarms and unusual operating instances.

2.3. Anomaly Detection and Clustering Methods

Anomalies in SCADA data can be detected modifying NBMs. Instead of predicting
the value of a target variable using regressive models, the physical model underlying input
variables can be learned and the difference between the original and reconstructed signal
tracked. Autoenconders (AE), Restricted Boltzmann Machines (RBM) and Generative Ad-
versarial Networks (GAN) are suited for this task [28–30]. Signal reconstruction algorithms
are capable of capturing non-linearities and produce refined models of the data. On the
other hand, as for NBMs, a training set composed of normal operation data is needed.
Moreover, complex structures such as AE and GANs often require large volumes of data.

Clustering offers an alternative approach, data is analyzed in search of meaningful
groups that can capture interesting relationships within the input variables. Blanco et al.
presented a methodology based on Self-Organizing Maps (SOM) and clustering to assess
wind turbines’ health status [31]. Du et al. also proposed a SOM based solution to identify
system level anomalies [32]. These methods are able to produce insightful representations
of the data, that can help the analyst to discover unexpected, but interesting relationships.
The purely unsupervised nature though, leads to significant problems in the integration of
these algorithms in automatic predictive pipelines. Rules, thresholds and other solutions
are needed to make these solutions valuable in an online system.

A large selection of Machine Learning algorithms can also be used for anomaly de-
tection. McKinnon et al. have studied the performances in condition monitoring of a
gearbox of three popular algorithms: Isolation Forest (IF), One Class Support Vector Ma-
chine (OCSVM) and Elliptical Envelope (EE) and found that depending on the conditions
OCSVM and IF reach best results [33]. Purarjomandlangrudi et al. used Support Vector
Machine (SVM) to process previously extracted features of the data for early detection of
anomalies [34]. Isolation Forest is a particularly interesting approach as it does not require
a normal operation dataset to characterize data, anomalies are determined analyzing the
density of data in the different regions of the feature space [35]. On top of that, these meth-
ods can deal with multivariate distributions and normally require less data and training
time with respect to more complex Deep Learning solutions.
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2.4. Ensemble Learning

Predictions of base learners, sufficiently independent from each other, can be combined
into a meta-predictor which often achieves better performances than the individual predic-
tors. This approach is typically referred to as Ensemble Learning, some of its declinations
are: boosting, bagging, model averaging and stacking.

This learning paradigm is particularly popular in data-science competitions, a famous
example is the algorithm that won the “Netflix Challenge” [36]. An example of Ensemble
Learning in an industry application is presented by Wu et al. that used ensembling to deal
with imbalanced datasets [37]. A meta-learner trained on a subset of base predictors has
been used to improve wind power production in [38,39]. Liu et al. proposed a solution to
detect wind turbine blades icing combining features extracted by Deep-Autoencoders into
an ensemble model where decision is taken by majority vote [40]. Ensembles can be used
to merge information from different data sources, as Turnbull et al. demonstrated using a
OCSVM to combine NBMs of a temperature SCADA and vibration data for gearbox and
generator bearings of wind turbines [41].

Most of the aforementioned literature make use of a meta-algorithm trained on the
predictions of base learners. To do so, a subset of the data have to be withhold to train the
higher level algorithm and adjust its parameters. Work orders are used to label healthy and
faulty operating conditions of turbines. In this research, an alternative approach is taken,
instead of training a high-order classifier, the predictions of the individual unsupervised
algorithms are combined into a single health status indicator, to avoid the necessity of
labeling data.

2.5. Gradient Boosting

First introduced by Friedman, gradient boosting machine is a popular Ensemble
algorithm applied both in classification and regression problems [42]. This technique
makes use of base-learners, typically decision trees, to learn the relation between input and
output data.

The algorithm is iterative as new base learners are routinely trained on a dataset.
The name gradient boosting encapsulates the key idea of this technique: accelerating
the convergence towards the optimum set of parameters that minimizes the adopted
loss function.

Concretely, at each new iteration residuals between prediction and real values are
calculated and larger weights are assigned to the instances where the error is greater such
that more efforts will be made to fit the model to them. The process is repeated until a
stopping criteria, such as the maximum number of iterations or the minimum error, is
reached. The algorithm from the original paper [42] is reported below.

ALGORITHM: Gradient Boosting
Given input data (x, y)N

i=1, a differentiable loss function L(y, ρ), a base learner h(x, a), a
function F(x) to estimate and a maximum number of iterations M.

These are the steps to follow:

1. F0(x) = arg minρ ∑N
i=1 L(yi, ρ)

2. For m = 1 to M do:

3. ỹi = −
[

∂L(yi ,F(xi))
∂F(xi)

]
F(x)=Fm−1(x)

, i = 1, N

4. am = arg mina,β ∑N
i=1[ỹi − βh(xi; a)]2

5. ρm = arg minρ ∑N
i=1 L(yi, Fm−1(xi) + ρh(xi; am))

6. Fm(x) = Fm−1(x) + ρmh(x; am)
7. endFor

end Algorithm

The algorithm works with a large selection of loss functions and guarantees short
training and predicting times. Variations such as XGBoost and LightGBM exist to ad-
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dress some shortcomings of the original algorithm, granting parallel execution and more
tuneable parameters.

2.6. Isolation Forest

This algorithm was introduced in 2008 by Liu et al. [35]. The founding principle of this
method is that anomalies are usually a minority within the data and can be easily divided
from the rest of the dataset. With this in mind, multiple fully developed randomized trees
are fully trained, meaning that each of their terminal leaf is to be composed of one point
only.Trees splits are made setting a random threshold, instead of the optimal one.

Being an Ensemble method this procedure is repeated multiple times, training an entire
forest of decision trees. The average path length, meaning the number of splits necessary to
isolate a given point, is used to define an anomaly score defined in Equation (1):

s(x, ψ) = 2
−E(h(x))

c(ψ) (1)

where E(h(x)) is the average value of the path length for a given point, c(ψ) is the average
path length of unsuccessful search in Binary Search Trees and ψ number of instances.
Values of s approaching 1 are related to anomalies, scores lower than 0.5 are associated
with normal observations and finally, if the entire dataset has scores close to 0.5 no evident
anomalies are present.

3. Data

SCADA data (10 min time resolution) of two onshore wind farms are used. More than
two years of operation are analyzed for a total of 84 turbines. The first wind farm, located
in North America, is made of 66, 1.5 MW rated power turbines; the second one, situated in
Poland, has 18, 2 MW turbines. SCADA data comes in comma-separated values (csv) format
files. The dataset and pre-processing steps are discussed in the following subsections.

3.1. SCADA Dataset

The original SCADA dataset is composed of hundreds of columns, since turbines are
typically equipped with a multitude of sensors monitoring various components. These
sensors record the state of the system at a high frequency. Then, they are downsampled to
lower resolution, most commonly 10 min. Raw signal is summarized by taking its mean,
standard deviation, minimum and maximum value during the aggregation period. An
example of the SCADA dataset is presented in Table 1. In this research, only the main
bearing temperature sensor, active power output, environment temperature, wind speed
and rotor speed are used, reducing significantly the dimensionality of the dataset. The
choice of these variables is dictated by the necessity to characterize the main-bearing
working conditions and the context in which it is operating. The relevance of the variable
selection has been certified by experts of the wind turbine maintenance field.

Table 1. Sample of SCADA data.

Turbine Timestamp Main-Bearing Temp. C◦ Active Power W External Temp C◦ Wind Speed m/s Rotor Speed rpm

WT01 02/01/18 10.00 am 32 1529 −6 14 17
WT01 02/01/18 10.10 am 32 1532 −6 13 17
WT01 02/01/18 10.20 am 32 1532 −6 13 17

3.2. Data Processing

Real-life data is typically affected by missing records or outliers, caused by miss-
communications or defects of the sensors. A preliminary filter of absurd readings is
necessary to reduce the chances of generating false alarms. In the Literature various
data filtering approaches have been proposed, most of them are based on the application
of statistical filters [43]. In this research a manual threshold values based on technical
knowledge of turbines behaviors are used to filter data, as the number of variables to
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analyze is limited. Values trespassing the imposed thresholds have been removed from the
dataset, no imputation nor interpolation are used to fill the gaps.

4. Methodology

The scheme of the proposed solution is illustrated in Figure 3. The three indicators
used to analyze the data are the following: Mean average temperature of the main bearing;
Normality model; and Anomaly detection algorithm.

Figure 3. Diagram of the predictive maintenance solution.

Each indicator is calculated from raw data at 10 min resolution, using the rest of
the wind farm as meter of comparison, a similar approach is used in [19,23,44]. Turbines
belonging to the same wind farm are typically from the same manufacturer and technology.
Moreover, with regard to external conditions, measurements registered at each turbine such
as wind speed and external temperature behave similarly for a given period of time. Results
are aggregated on a weekly basis to account for timely variation of conditions between
turbines that could skew results excessively. The decision of the weekly aggregation time-
frame is dictated by a compromise between ensuring continuous and precise monitoring of
turbines and avoiding to flood maintainers with updates on the wind-farm status. The final
assessment of the main bearing status is given by the comparison between the averaged
value of the combined indicator over a 4 week period and a decision threshold.

A sliding window, as shown in Figure 4 is used to scan the data. On the left side, the
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normality models rolling scheme, train and test sets are illustrated. On the right side, the
rolling window used for the the other two indicators, whose output is calculated directly
on the analyzed data, without the need of a training phase, is shown.

Figure 4. (A) The rolling window train/test scheme used for normality models. (B) The rolling
window train/test scheme used for mean and anomaly indicators.

4.1. Mean Average Indicator

The first indicator tracks the weekly mean average temperature of turbines’ main
bearing. This indicator is used to determine whether some turbines are operating at
consistently higher temperatures with respect to the wind farm. As presented in Section 1.1,
higher temperatures of the main bearing are a common pattern in faulty turbines. An
example of the temperature distribution of main bearings is presented in Figure 5. Variation
between the turbines is evident.

This indicator is straightforward and easy to interpret, but being the measure of a
univariate series, it cannot account for crossed relations between variables such as different
operating conditions of the turbines. Higher temperatures may be caused simply by higher
production conditions.

Figure 5. Boxplot of the main bearing temperature. The median is represented by the red line and
the mean corresponds to the triangle.

4.2. Normality Model

Normality models are used to infer the relation between some inputs and a target
variable, that can characterize the system under analysis. Normal operating data is needed
to train the algorithm and infer the expected behavior of the system. The trained model
can be used to predict values that are compared to the measurements of the target variable.
Large deviations between predicted and observed values are to be considered suspicious,
as they represent deviations from normal behavior.
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The pre-selection of normal data is a time-intensive task as it requires the analysis of
the work order logs to remove faulty data and abnormal conditions. Automating this task
is not trivial and retrain is needed after repairs and modifications of the component. This
research presents an adaptation of normality models that allows to skip the labeling step,
reducing greatly time overheads in the training phase of the model.

A rolling window, as the one shown in Figure 4 is slid over data, its size being 8 weeks
for the training set and 1 week for the test set. The window is then shifted by intervals of
one week for next predictions. Instead of mapping the normal behavior of the turbine, the
recent relation between the input and target variables is inferred during the training phase.

Deviations in this case, help to detect drifts in the target variable distribution as this is
a pattern observed in main bearing failures. Obviously, difference between prediction and
observed records can be the consequence of external conditions (high winds, heat waves,
etc.) novel to the train set, in this case though a systematic error is expected in all turbines
and alarms are unlikely to be raised, as all turbines will have large deviation.

The inputs used for this algorithm are:

• Active power [W];
• Wind speed [m/s];
• Rotor speed [rpm];
• External temperature [◦C].

The main bearing temperature [◦C] is used as output.
The sklearn implementation of gradient-boosting regressor for Python programming

language is used [45,46]. The number of trees is set to 100 and their depth limited to 2,
all other parameters are left to their default values. These parameters are found running
cross-validation trials on a subset of the data. Deviation between a predicted and an
observed value is measured calculating the root-mean squared error (RMSE), defined by
Equation (2), where ŷi and yi are the predicted and the measured value, respectively, and
N is the number of instances analyzed:

RMSE =

√
∑N

i=1(ŷi − yi)2

N
(2)

An example of the predictions for a given week and the RMSE by turbine is presented
in Figure 6. Error is not uniformly distributed for the different operating conditions, what is
important though is the comparison within the wind farm. Turbines that deviate more are
isolated from the rest.

Figure 6. (A) Normality indicator, RMSE by turbine. (B) Timeseries comparison of predicted versus
measured value.
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4.3. Anomaly Detection

Isolation forest algorithm is used to detect anomalies in the windfarm data. Unlike
other indicators that model turbines independently, the whole windfarm is analyzed at
once with the objective to determine turbines that are behaving differently from the rest.

The feature space is composed by:

• Rotor speed [rpm];
• External temperature [◦C];
• Main bearing temperature [◦C].

Sklearn implementation of isolation forest is used [47], the percentage of anomalies
is set to 10% of the data. This value is chosen after a series of tests on the sample of data.
Choosing a higher percentage of anomalies will result in a larger number of normal points
being considered as anomalies. A low value, instead, would lead to the isolation of very
anomalous working conditions, missing other that can be relevant. A different dataset
might require another value for this parameter, thus test of various values and examination
of the indicator results are warmly recommended.

As for the other indicators, anomalies are calculated on a rolling-fashion, following the
train-predict shown in Figure 4. Once anomalies are found, the percentage of anomalous
records with respect to the total number of records for each turbine is calculated, see
Equation (3), where ASi is the anomaly score of turbine i, x̂i is the number of anomalous
points found for this turbine and xi is the total number of points of the turbine.

ASi =
x̂i
xi

(3)

This value is the anomaly detection indicator shown in Figure 7. Turbines having
high percentage of anomalies are behaving differently with respect to the wind farm, thus
should be more reasonably suspected to have some sort of problem. The right side of
Figure 7 illustrates how isolation forest tends to separate data lying in peripheral regions of
the feature space, where density of points is typically lower. On the left side, the percentage
of anomalous points in each turbines for a given week is shown.

Figure 7. (A) Anomaly Indicator plots: percentage of anomalous versus total number of points.
(B) 3D plot showing normal (blue) versus anomalous (red) points.

4.4. Indicators Merge Processing

The results of the individual algorithms are merged, obtaining a composed score of
the turbine status. For each indicator is created a weekly ranking, assigning the percentile
of the wind-farm distribution in which each turbine falls.

The three algorithms are designed to assign higher values to turbines, that according
to their definition are to be considered faulty. The composition of the three values is
calculated using a rolling average, with a sliding window of size 4 weeks as shown in
Figure 8, using Equation (4). Where xij is the value of indicator j for a given turbine in
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week i.

Hind =
1

Nweek Nind

Nind

∑
j=1

Nweek

∑
i=1

xij (4)

Once the composed score is found, a decision threshold that decides if maintenance is
defined. Setting the threshold is a trade-off between anticipating failures and having to do
more maintenance intervention. A cost-benefit analysis is recommended to set this value to
the value that maximizes economic savings, due to lack of information of the specific costs
it has not been possible to optimize in such a way this parameter. A sensitivity analysis of
the results is proposed instead.

Figure 8. Composed indicator calculation scheme and decision threshold setting.

5. Results

Predictions for roughly two years of data are made and evaluated using the work
orders logs. Windfarm operators commonly keep track of the checks and interventions
required by the turbines. Unlike SCADA datasets, work orders logs do not follow standard
formats. Records are typically organized as free-text. The time of the intervention, as
well as the affected turbine and information regarding the actions taken are reported.
Often, work order logs are used to filter data, removing abnormal operating conditions and
assigning a healthy/faulty status to turbines. This research avoided this step, as the absence
of a common standard makes difficult to automatize the labeling process; unsupervised
algorithms have been favored instead. Work orders have been used only to assess the
veracity of the predictions. The work order logs of the failures occurred during the period
of analysis is presented in Table 2.

Table 2. Main Bearing failures work order logs.

Wind Farm Location Failure Date Turbine Comment

1 US 7 October 2017 WT31 Main Bearing Replacement
1 US 24 March 2018 WT62 Main Bearing Replacement
2 Poland 11 June 2018 WT71 Main Bearing Exchange
2 Poland 15 July 2019 WT72 Main Bearing Exchange

A limit to the anticipation period is defined, as an alarm is useful in practical terms
only if it anticipates failures by a margin of time that allows wind farm operators to
organize the replacement of the main bearing, optimizing the logistics and minimizing
energy losses due to unexpected stops of the turbine. Weekly predictions are grouped in
blocks of 4 months, if one alarm occurred during this period the turbine is reported for a
maintenance check.

Performance of the proposed methodology is assessed by a confusion matrix. Predic-
tions are sorted in the following categories:

• True Positive (TP);
• False Positive (FP);
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• False Negative (FN);
• True Negative (TN).

A TP is assigned whenever an alarm is raised and the work order log reports a problem
with the main bearing, if no problem is detected a FP is marked instead. In case a failure
occurs and no alarm is raised, a FN is assigned. Finally, when no failure occurs and no
prediction is given a TN is assigned.

5.1. KPIs Definition

A selection of performance indicators is used to track results, namely: accuracy, preci-
sion and F1 score. Their definition is defined using Equations (5), (6) and (7), respectively.

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

Precision =
TP

TP + FP
(6)

F1 =
TP

TP + 1
2 (FN + FP)

(7)

5.2. Decision Threshold Sensitivity Analysis

As mentioned in the methodology, the decision threshold is an important parameter.
It has a great influence on the results. A sensitivity analysis is proposed, in which the
dependence of KPIs with respect to the decision threshold value is studied. The results of
this analysis in the two wind-farms are shown in Figure 9.

Figure 9. Relation between KPIs and decision threshold value by wind-farm and indicator.

Firstly, it should be observed that merging the information of the three indicators
generally leads to improved performance, regardless of the decision threshold. Except for
low values of the threshold, that have no practical relevance, since they would lead to an
excessive number of reviews of the turbines.

Secondly, the algorithms are able to separate faulty turbines from healthy ones such
that high decision threshold can be set. A high decision threshold means that only the
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most critical turbines will need checks and most of these reviews lead to the discovery of
relevant problems, rather than false alarms.

That being said, a rigorous evaluation of the benefits and costs of choosing a certain
value for the decision threshold is recommended to wind farm operators interested in
this predictive algorithm. The cost of false alarms and unnecessary checks should be
compared to the savings of early fault detection of a main bearing, and an economic
optimum searched.

5.3. Comparison of Individual and Composed Indicator

The combination of the predictions of multiple algorithms leads to a better overall
performance and this is one of the main claim of this research. This observation has been
utilized in multiple fields of research, but not frequently by the wind energy predictive
maintenance community. Having observed Figure 9, the decision threshold is assigned
a value of 0.95 and a comparison of the available indicators and their composition is
presented in Figure 10 and Table 3.

Figure 10. (A) Performance comparison of individual and composed indicators for Windfarm 1 and
(B) Windfarm 2.

Table 3. Comparison of the results of individual and combined indicator for a threshold value of 0.95.

Windturbine Indicator TP FP FN TN Accuracy Precision F1

WF1 normality 48 600 0 5688 0.905 0.074 0.138
mean 48 600 0 5688 0.905 0.074 0.138

anomaly 48 576 0 5712 0.909 0.077 0.143
merge 48 264 0 6024 0.958 0.154 0.267

WF2 normality 49 120 0 1577 0.931 0.29 0.45
mean 49 146 0 1551 0.916 0.251 0.402

anomaly 49 146 0 1551 0.916 0.251 0.402
merge 49 97 0 1600 0.944 0.336 0.503

Combining predictions of individual indicators into a composed predictor is beneficial
according to all the tracked metrics. Precision and F1 score benefit greatly from the
combination of the indicators. For wind farm 1, precision and F1 scores double with respect
to each single indicator as an effect of decreased number of FP, combining various sources
allows to discard behaviors that are unusual, but not so critical to deserve maintenance
check. Wind farm 2 also manifests an increase of precision and F1, but not as large as wind
farm 1, overall results are better though as a precision of 33.6% and F1 score of 50.3% are
reached. Accuracy is the metric that less benefits from the merging process as the starting
values are already high, but an increase of 3–5 percentage points is recorded.
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The information fusion process increase complexity of the predictive algorithm, but
grants improved performance. Moreover, the design of simpler and specialized algorithms
that focus on the detection of specific patterns in the data helps interpretability of the
predictions. Base algorithms are implemented with the objective of capturing a specific
trend in the data, rather than searching generic relationships within the variables. Once an
alarm is raised the analyst can assess which indicators have greater influence in the alarm
and verify whether the prediction is reasonable and eventually schedule a check of the
turbine.

Information fusion theory and Ensemble learning state that a combined indicator
performs best when its basic components have little correlation between themselves, as
indicators mutually overcome each others shortcomings. The scatter-plot and correlation
matrix of the indicators is presented, respectively in Figures 11 and 12.

Figure 11. Scatter-plot of each pair combination of basic indicator.

Figure 12. Correlation matrix of the base indicators.

The correlation coefficient of the indicators is never greater than 0.4. The amount of
overlapped, redundant information is small, thus making their combination beneficial
for overall predictive performances. Whenever additional indicators are added their
correlation with the existing predictors should be checked. If two indicators are too similar,
then only one should be used and the other may be discarded.
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5.4. Failure Anticipation

Predictions, to be useful, must anticipate a failure by a sufficiently large amount of
time, giving to the wind farm operator the possibility to organize the substitution of the
broken component and adjust turbines production not to incur in fines due to missed
production.

The verification of the anticipation margin is made observing a heatmap representation
of the value of the combined indicator for the two analyzed wind farm. The combined
indicator for wind farm 1 is shown in Figure 13. Two failures occurred and both of them
are preceded by various weeks of high scores of the fault indicator value. A minimum of
one month of anticipation of the main bearing failure is ensured.

Figure 14 presents results for wind farm 2. Both failures are correctly predicted
with a safe margin of time allowing maintenance to be timely organized. Both heatmaps
show turbines with high values of the combined indicator, without recorded maintenance
interventions. This can be caused by concurring failures in other components or different
operating conditions with respect to the rest of the wind farm. That being said, the ratio
between false positives and true positives indicates that the proposed methodology offer a
valid solution to automatize turbine reviews.

Figure 13. Heatmap of the combined main bearing health status indicator for wind farm 1. Failures
are represented by a yellow star.

Figure 14. Heatmap of the combined main bearing health status indicator for wind farm 2. Failures
are repersented by a yellow star.

6. Discussion

The proposed solution is characterized by an increased complexity of the decision
process, when compared to Signal Trending or Normal Behavior Modeling techniques, as
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the information of multiple indicators is considered. Choosing a complete and significant
set of indicators might be challenging, that being said, the presented results prove that it is
a beneficial choice.

This strategy is highly modular, new indicators tailored to capture different behaviors
of the data or utilizing other data streams can be easily incorporated into the decision
process, once their complementarity to the already included indicators is verified. The
use of multiple indicators based on detection of specific patterns in the data provides a
more explainable interpretation of the behavior of the turbine with respect to complicated
solutions processing data in a unique algorithm, often based on black-box structures.

The chosen indicators worked especially well for the detection of main bearing failure.
As presented in Section 5.2, it is possible to set a high value of decision threshold without
undermining failure detection. This means that wind farm operator do not require to
check too many turbines to be sure to anticipate failures, a small number of revisions are
necessary, following this strategy, and most of them will result in the discover of defects.

While more complex, the use of various indicators, proved especially beneficial in
terms of elimination of FPs, as clearly shown in Section 5.3. Precision and F1 score greatly
take advantage of the use of multiple indicators. In the first wind farm precision and F1
score almost doubled their values. The second wind farm benefits in a lower measure of
the merging process, but significant improvements are observed.

Another remarkable characteristic of this approach is the ability to reliably anticipate
failures, as debated in Section 5.4. It is critical to guarantee a margin of anticipation for
main bearing failures, as the logistic is not trivial and a maintenance intervention cannot
be arranged on a short-notice. As it is shown, the predictive methodology anticipated all
four events by at least one month. Wind farm operators are then put in condition to adapt
their production schedule and avoid losses due to unexpected and critical failures of main
bearings.

Ultimately, the decision to avoid supervised learning solutions that require the time-
consuming phase of data labeling helped to decrease greatly setup times of this architecture,
repaying the additional time required to implement a set of multiple indicators and a
merging strategy to aggregate their results.

7. Conclusions

This paper proposes a novel and innovative predictive maintenance solution based on
Ensemble Learning using SCADA data, for wind turbine farms. The main characteristics
of this solution can be summarized in three key-points:

• Unsupervised algorithms;
• Interpretable results;
• Combination of various indicators into a more reliable one via Ensemble Learning.

The time to pre-process and train algorithms is greatly reduced, as labeling of operat-
ing data into healthy and faulty conditions is not required. Incidentally, this techniques
also has more flexible requirements, work orders are not necessary as they are used for
evaluation purposes only. The presented algorithm only requires SCADA data to be put
into production.

The indicators are designed on specific failure patterns, that are easy to interpret (drift
in temperatures, changes in the relation of key variables...). The presented methodology
has been rigorously tested on two year worthy of data from two onshore wind farms, for a
total of 84 turbines.

Results proved that the combination of multiple indicators into a single predictor
grants substantial improvements in performances, reaching an average accuracy of 95.1%,
precision of 24.5% and F1 score of 38.5%. The sensitivity to key parameters as the threshold
that discriminate faulty turbines from normal ones is studied, suggesting that high thresh-
old values leads to good results, as the chosen indicators are able to isolate faulty from
healthy turbines. The anticipation of failure, in all four events analyzed, is no less than one
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month giving wind farm operators time to organize logistics and minimize losses related
to downtime.

Future researches may design additional indicators, as well as define tuning strategies
of the decision threshold, incorporating maintenance costs and savings for early fault
detection and optimize economic benefit of the predictive strategy. If vibration or acoustics
data is available, new indicators could be designed and integrated to improve performances.
It has to be noticed that we have been able to test this methodology on main bearing failures
only, due to the limitations of the dataset at hand. Other turbine systems, such as gearbox
and generator bearings or pitch actuators could have different failure signatures, thus other
indicators might be needed and adjustments to the presented methodology required. The
application of this strategy to monitoring of other components is a line of research that we
warmly recommend to readers.
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csv Comma Separated Value
EE Elliptical Envelope
FN False Negative
FP False Positive
GAN Generative Adversarial Network
IF Isolation Forest
LCOE Levelized Cost Of Electricity
NBM Normal Behavior Modeling
O&M Operation and Maintenance
OCSVM One Class Support Vector Machines
RMSE Root Mean Squared Error
SCADA Supervisory Control Furthermore, Data Acquistion
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Turbine Main Bearing
The second research paper is also based on an ensemble learning architecture but it uses more
complex and less interpretable algorithms. An anomaly detection algorithm —isolation forest—
is combined to a Normal Behavior Model implemented through a neural network. Compared to
the previous contribution, interpretability is reduced favoring predicting performances instead.

The combination of these two indicators led to very positive results, specifically the number of
false alarms was greatly reduced. As discussed in the paper, these results have been obtained due
to the limited correlation of the indicators.

Contributions

The main novelties introduced by the research are:

• Implement an unsupervised approach, no labeled data is needed to train the algorithms.

• Ensemble learning is used to combine two different predicting algorithms capturing dis-
tinct patterns in the data.

• Different training and predictionwindow sizes can be set.

• Fault predictions anticipated the replacement of the component by several months, allow-
ing maintainers to optimize logistics and minimize costs.

• Results are obtained using a large set of real data.

Additionally, it is shownhow the ensemble framework is a verymodular solution that can be easily
extended to accommodate new algorithms. Moreover, the balance between interpretability and
reliability of predictions can be controlled through the choice of the base learners.



applied  
sciences

Article

Improved Ensemble Learning for Wind Turbine Main Bearing
Fault Diagnosis

Mattia Beretta 1,2 , Yolanda Vidal 3,4 , Jose Sepulveda 2, Olga Porro 2 and Jordi Cusidó 2,5,*

����������
�������

Citation: Beretta, M.; Vidal, Y.;

Sepulveda, J.; Porro, O.; Cusidó, J.

Improved Ensemble Learning for

Wind Turbine Main Bearing Fault

Diagnosis. Appl. Sci. 2021, 11, 7523.

https://doi.org/10.3390/

app11167523

Academic Editor: Mohsen Soltani

Received: 6 July 2021

Accepted: 12 August 2021

Published: 17 August 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Unitat Transversal de Gestió de l’Àmbit de Camins (UTGAC), Universitat Politècnica de Catalunya (UPC),
08034 Barcelona, Spain; mattia.beretta@upc.edu

2 SMARTIVE S.L., 08204 Sabadell, Spain; jose.sepulveda@smartive.eu (J.S.); olga.porro@smartive.eu (O.P.)
3 Control, Modeling, Identification and Applications (CoDAlab), Department of Mathematics,

Escola d’Enginyeria de Barcelona Est (EEBE), Campus Diagonal-Besós (CDB),
Universitat Politècnica de Catalunya (UPC), Eduard Maristany, 16, 08019 Barcelona, Spain;
yolanda.vidal@upc.edu

4 Institute of Mathematics (IMTech), Universitat Politècnica de Catalunya (UPC), Pau Gargallo 14,
08028 Barcelona, Spain

5 Enginyeria de Projectes i de la Construcció EPC, Universitat Politècnica de Catalunya, 08028 Barcelona, Spain
* Correspondence: jordi.cusido@smartive.eu; Tel.: +34-620-602-495

Abstract: The goal of this paper is to develop, implement, and validate a methodology for wind
turbines’ main bearing fault prediction based on an ensemble of an artificial neural network (normal-
ity model designed at turbine level) and an isolation forest (anomaly detection model designed at
wind park level) algorithms trained only on SCADA data. The normal behavior and the anomalous
samples of the wind turbines are identified and several interpretable indicators are proposed based
on the predictions of these algorithms, to provide the wind park operators with understandable
information with enough time to plan operations ahead and avoid unexpected costs. The stated
methodology is validated in a real underproduction wind park composed by 18 wind turbines.

Keywords: fault prognosis; WT; main bearing; normality model; real SCADA data

1. Introduction

Global demand for energy has achieved an unprecedented level with the growing
world population and the rising industrialization in developing countries. However,
globally, the largest amount of energy is obtained from fossil fuels, which is closely related
to the rising levels of greenhouse gases emissions. Definitely, energy transition to renewable
sources is the crux of the matter to fight climate change. As stated in [1] only 10% of the
world’s primary energy supply is already from renewable energies, but they are steadily
growing. Among renewable energy sources, wind power has been the fastest growing in
the recent decades, and in 2019 it was the leading source of new capacity in Europe, the US,
and Canada, and the second largest in China [2].

It is noteworthy that wind energy levelized cost of energy (LCOE) fell 39% between
2010 and 2019 [3]. However, from this LCOE, the operation and maintenance (O&M)
accounts for 28.5% in land-based wind projects, and up to 34% in offshore wind projects [4].
Energy production losses due to downtime (caused by O&M of the assets), together with the
costs associated to the replacement of components can scale up to millions of Euros per year
in any industrial size wind park. Thus, it is of paramount importance that the wind industry
moves from corrective (repairing components after they break down) and preventive
maintenance (scheduled at regular intervals) to predictive maintenance (scheduled as
needed based on the asset condition). Predictive, or condition-based maintenance (CBM),
provides operators with an advanced warning before the actual fault occurs, allowing them
to plan ahead and schedule repairs to coincide with weather or production windows to
reduce costs and turbine downtime. CBM is an extensive area of research in a wide variety
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of applications, such as smart manufacturing [5]. However, its application to complex
systems, such as wind turbines (WTs) that work under different and varying operating
and environmental conditions remains an open challenge. Furthermore, the latest CBM
developments tend to use expensive specifically tailored sensors for condition monitoring
(CM), which is not economically viable for turbines already under operation and even less
in case they are close to reach the end of their lifespan.

The life expectancy of wind parks from the late 1990s and early 2000s surge of wind
power is about to be completed. A decision on lifetime extension is complicated, but it is
clear that end-of-life solutions will develop a significant market over the next five years [6].
In particular, CBM data-driven methodologies based on already available supervisory
control and data acquisition (SCADA) data are a promising cost-effective solution. These
SCADA data are highly variable because of the changing operational conditions, they have
a low sampling time (10 min average value), are not standardized, and have not been
initially designed for the particular purpose of CM but for control purposes. Therefore, it
is a hard challenge to contribute CBM strategies based solely on these data [7]. However,
this is an active research area, as shown by recent publications. On the one hand, much of
the references found in the literature work with simulated SCADA (e.g., [8]) that can be
obtained using open source simulation software and, rarely, real data as these are propri-
etary data from the wind park operators and are not easily available. On the other hand,
when dealing with real data, normally, only one or two WTs are tested. For example, [9]
where support vector machines are used to predict WT faults, and [10], where different
machine learning classifiers are compared to predict generator faults. These references use
real WT SCADA data from one and two WTs, respectively, and are based on supervised
approaches that require historical fault data to be constructed. This is an important draw-
back, as obtaining labeled datasets from operational data is typically hard, it is exposed
to errors, and leads to a highly unbalanced dataset. Additionally, the methodology can
not be applied straightforward to wind parks where the fault of interest did not occur in
the past. Thus, despite the promising performance of supervised methods, unsupervised
approaches are preferred for SCADA predictive maintenance [11]. The recent works related
to unsupervised SCADA based predictive maintenance can be mainly grouped in one of
the following three categories: signal trending, normality models, and anomaly detection
models. In the following paragraphs, a brief review of each one of these categories is given.

The approaches in the signal trending category study changes and trends in the
SCADA time series. Some relevant works include [12], where monitoring of WT genera-
tors using the statistical inertia of a wind park average is proposed; and [13], where the
difference between the SCADA data of each turbine with the median of the rest of turbines
in the wind park is used to establish a condition vector to later apply vector autoregression
Hotelling and vector autoregression multivariate exponentially weighted moving aver-
age to locate the faulty turbine. The main advantages of signal trending methods are its
simplicity and interpretability. However, most of these methods can not capture complex
relations among different variables, thus machine and deep learning models are needed to
move beyond signal trending solutions.

Regarding data-based normality models, also called normal behavior models, their
objective is to learn the relation between a set of input variables and a target variable under
normal operation. Then, the difference between predictions and real measurements (for
the target variable) is used to detect abnormal behavior. This normality models are well
established in unsupervised SCADA based predictive maintenance, but the general trend
is to use the power curve (relation between the wind intensity and the extracted power)
as the target variable. It is noteworthy the work of [14] where main working parameters
(e.g., the rotor speed, and the blade pitch) are used as input variables and the power is
employed as the target to construct the normality model. The main advantage of these
methods is their capability to learn complex relations between different sensors. On the
other hand, its major drawback is a lack of interpretability.
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The main bearing is the object of this analysis due to its central role in the drive
train assemble. It connects the rotor to the gearbox, and it has to withstand the large
torque generated by the rotor, making it prone to problems. Failure rates of 30% are
reported for single main bearing and 15% for double main bearing calculated over a 20 year
lifetime [15]. Within the typical wear mechanisms affecting the main bearing, micro-pitting,
spalling, and smearing can be listed [16]. Main bearing failures can be anticipated through
vibration analysis, but also using predictive models based on SCADA data and analysis of
temperature signals, as reported in [17].

In this work, a normality model at WT level is selected, based in [18], where the target
variable is selected to be the closest sensor to the component under study. In particular,
as the main bearing is the component to be monitored, the main shaft temperature is
used as target variable. In this work, the component under study is the main bearing
because, as stated by the European Academy of Wind Energy (EAWE) [16], the wind
industry has identified main bearing failures as a critical issue in terms of increasing WT
reliability and availability, as they lead to major repairs with high replacement costs and
long downtime periods.

The methods in the category of anomaly detection models, also called outlier detection,
seek to identify rare samples which raise suspicion by differing significantly from the
majority of the data. A significant work is [19] where a comparison of three anomaly
detection techniques (one-class support vector machine, isolation forest, and elliptical
envelope) for WT CBM using SCADA data is realized. Isolation forest has some advantages
over other approaches as it does not require a normal operation dataset, and it requires
less training data than other deep learning strategies. In this work, an anomaly detection
model at wind park level is proposed based on the isolation forest methodology.

Considering all the aforementioned references, in this work, a CBM strategy based on
SCADA data is stated with a five-fold contribution: (i) It is an unsupervised approach, thus
there is no need that the specific studied fault happened in the past to train the proposed
models; (ii) It is an ensemble that combines the benefits of a WT normal behavior model
with a wind park anomaly detection model; (iii) It combines different training and prediction
window sizes; (iv) Fault prediction is accomplished months in advance prior to the fault,
giving enough time to operators to plan ahead and schedule repairs; and (v) The validity and
performance of the proposed methodology is demonstrated (tested) on a dataset covering two
years and a half of operation from a real underproduction wind park composed by 18 WTs.

The rest of the article is organized as follows. Section 2 presents the available SCADA
data and work order logs used in this work. Next, Section 3 states the proposed ensemble
methodology for WT main bearing fault diagnosis, including a comprehensive description
of the single models and their indicators. Section 4 presents the results and their discussion
to interpret and describe the significance of the ensemble method in comparison to the
single models by themselves. Finally, in Section 5, conclusions are drawn, and future
work is proposed.

2. Data

Two information sources are used in this research: (i) SCADA operating data and (ii)
work order logs. The first one is used for modeling the behavior of the turbine, whereas
the second one is used uniquely to validate the results of the algorithms. Both SCADA and
work order logs are typically available to wind park owners, without the need of installing
new sensors nor change operating routines. Albeit, the format and content of the work
order logs, being less structured and not standardized, may vary significantly from one
wind park maintainer to another.

2.1. SCADA Operating Data

SCADA is made off a vast net of sensors, monitoring the state of the main components
of a turbine, as well as the environmental conditions. Operating data are recorded at high
frequency and successively down-sampled to reduce network usage and storage costs.
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The resolution of SCADA data is usually of 10 min. To reduce information loss, due to
down-sampling, not only the mean value across the aggregation period is stored, but also
the standard deviation, minimum, and maximum values. An example of a typical SCADA
dataset is provided in Table 1.

Table 1. Sample of SCADA data for a limited selection of turbines and signals. Each signal is stored
completed with its minimum (min), maximum (max), mean (mean), and standard deviation (std)
values. The frequency of the data is 10 min.

Wind Speed [m/s] Main Bearing Temperature [◦C]
min max std mean min max std mean

WT Timestamp

WT01 2018-01-01 00:00:00 3.8 11.8 1.369 8.346 33.0 33.0 0.000 33.000
WT02 2018-01-01 00:00:00 3.8 11.5 1.234 8.065 32.0 33.0 0.221 32.051
WT03 2018-01-01 00:00:00 5.6 11.5 0.976 8.283 29.0 30.0 0.500 29.505
WT01 2018-01-01 00:10:00 3.7 11.1 1.323 7.794 33.0 33.0 0.000 33.000
WT02 2018-01-01 00:10:00 3.5 10.3 1.152 7.178 32.0 33.0 0.386 32.182
WT03 2018-01-01 00:10:00 4.6 10.9 0.984 7.858 29.0 30.0 0.499 29.532

Operating data from a European onshore wind park, situated in Poland, is used in this
research. A total of 18 turbines with nominal power of 2.3 MW is available. Approximately
three and a half years of data are analyzed, starting from the beginning of 2017 to mid-2020.
Data from 2017 are used to train the normality model, and the remaining two and a half
years are used to test predictions. Having more than one year of data allows to control
seasonal variations in environment temperature and wind-speed.

2.2. Work Orders

Wind park owners commonly keep track of the ordinary and extraordinary mainte-
nance interventions required by the turbines. This information is typically stored in text
files, where a description of the intervention is reported with a timestamp of the date in
which it occurred. Sometimes detailed information, such as the material required for the
intervention and other details, is provided. In this research, work order logs are used to
assess the validity of the main-bearing status predictions, and it is not fed as input to the
algorithms. An example of the work order logs is presented in Table 2.

Table 2. Sample of work order data.

WT Timestamp Component Comments

WT11 2017-04-28 11:08:00 Gearbox Bearing Gearbox Bearing repair
WT06 2018-06-11 08:40:00 Main Bearing Replacing Main Bearing and Main Shaft
WT07 2019-07-17 07:40:00 Main Bearing Inspection required, condition-based.
WT03 2020-02-25 09:10:00 Main Bearing Main Bearing inspection, due to rate of worn

3. Methodology
3.1. Normal Behavior Model

In this subsection, the selected normal behavior model based on an artificial neural
network (ANN) is comprehensively described. Note that this model is designed at a
turbine level, thus each WT in the park will have its associated normality model trained
with only its own historical SCADA data. First, the data preprocess is detailed to deal
with out-of-range values, missing data, and sensors with different magnitudes. Second,
a one-year time window is selected to define the training dataset including all operating
conditions of the WT. This will ensure that the detected anomalies are not just a change in
seasonality and will allow the methodology to be used across all regions of operation of the
WT. Third, the ANN set-up is detailed, including a brief explanation of the optimization

4.3 Improved Ensemble Learning for Wind Turbine Main Bearing 64



Appl. Sci. 2021, 11, 7523 5 of 17

and regularization methods, as well as the selection of the ANN structure. Finally, a specific
purposely build indicator for the normal behavior model is stated.

3.1.1. Data Preprocess

First, variable selection to determine a set of variables that will provide the best fit for
the model so that accurate predictions can be made is needed. In this work, the tempera-
tures of the components located close to the main bearing are selected as variables of the
normality model together with the ambient temperature, as it affects the temperatures of all
subsystems. Additionally, the generated power and rotor speed provide information about
the region of operation of the WT and, thus, they are also used as variables. In summary,
the selected variables are shown in Table 3 where also the specific ranges of realistic values
for each sensor are listed.

Table 3. Selected SCADA variables to develop the normal behavior model, its description, range of
possible values, and units. All of them are related to the mean value over a 10-min period.

Variable Description Range Units

Power Generated real power [0, 2000] kW
AmbientTemp Ambient temperature [−5, 40] ◦C
BearingCSTemp Bearing coupling side temperature [0, 120] ◦C
BearingNCSTemp Bearing non-coupling side temperature [0, 120] ◦C
LowSpeedShaftTemp Low-speed shaft temperature [0, 120] ◦C
GeneratorTemp Generator temperature [0, 175] ◦C
GearboxTemp Gearbox temperature [0, 120] ◦C
RotorSpeed Rotor speed [0, 50] rpm

Second, for each variable out-of-range values are deleted as they are associated with
sensor measurement errors. Furthermore, data imputation of missing values (and deleted
values of the prior step) is carried out through piecewise cubic Hermite interpolating
polynomials. As it has a local smoothing property, this strategy produces more stable
estimates compared to other standard approaches used for data imputation [20]. Notice
that the nearest value before or after the missing values is used at the beginning and end of
the dataset, respectively.

Finally, as data from various variables have varying magnitudes, the max–min nor-
malization is used to scale the dataset.

3.1.2. Train and Test Sets

The aim of the normality model is that it is capable to cope with the various operational
and environmental conditions that the WT will face, see [18]. Thus, the train and test
datasets include data from all working conditions: different wind speed regions and their
associated regions of operation of the WT (start up, maximize power, and limit wind
power to avoid exceeding the safe electrical and mechanical loads), different year seasons,
curtailment, etc. Therefore, it is noteworthy that in this work there is no filtering of the
data based on specific regions of operation or seasonality. The available SCADA data,
for the normality model, are divided as follows: data from 2017 are used to train the model
(thus, the training dataset contains a whole year of data), and the remaining two and a half
years are used to test predictions. Note that there is no validation set because Bayesian
regularization is used to train the ANN.

Finally, recall that a customized normality model will be built for each wind turbine in
the park. This could raise some concerns related to its computational cost. However, note
that after the model is trained on one year data, this model is used for two-year predictions
ahead, as will be shown in the results section. Thus, the computational cost is low in
comparison to the use of a training rolling window of observations preceding the target
forecast that must be retrained at each window shift of the data.
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3.1.3. ANN Set Up

The ANN model structure is proposed in this section and is based on the eight selected
variables, shown in Table 3. The output of the ANN is the temperature of the low-speed
shaft (variable of interest) at time t, and the inputs are the following ones:

y1: generated real power at time t− 1,
y2: generated real power at time t,
y3: ambient temperature at time t− 1,
y4: ambient temperature at time t,
y5: bearing coupling side temperature at time t− 1,
y6: bearing coupling side temperature at time t,
y7: bearing non-coupling side temperature at time t− 1,
y8: bearing non-coupling side temperature at time t,
y9: generator temperature at time t− 1,
y10: generator temperature at time t,
y11: gearbox temperature at time t− 1,
y12: gearbox temperature at time t,
y13: rotor speed at time t− 1,
y14: rotor speed at time t.

Thus, referring to the structure of the ANN, there are 14 inputs noted as
yi, i = 1, · · · , 14, there is 1 output noted as ŷ, and a hidden layer comprising 72 neurons.
Figure 1 shows the ANN architecture.

...

...

y1

y2

y3

y14

h1

h72

ŷ

Input
layer

Hidden
layer

Ouput
layer

Figure 1. ANN proposed architecture. There are 14 inputs. The hidden layer is set to 72 nodes.
The output layer is the estimated temperature of the low-speed shaft at time t.

The ANN is trained with the Levenberg–Marquardt optimization method combined
with Bayesian regularization (to enhance the generalization capability of the model) as
they are able to obtain lower mean squared errors than any other algorithms for functional
approximation problems, see [21,22]. Recall that the main purpose of the WT normality
model is to approximate precisely a function, namely the temperature of the low-speed
shaft of that specific WT, under normal (healthy) condition. The Bayesian selection of the
regularization parameters provides an optimal regularized solution, as well as insight into
the effective number of parameters actually used by the ANN which is extremely useful to
design the size of the network. In this work a value of 1058 effective number of parameters
is obtained from a total of 1153 parameters in the proposed network (number of weights
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and biases), thus the complexity of the ANN is appropriate for the used training dataset.
A comprehensive description of the Levenberg–Marquardt with Bayesian regularization
method can be found, for example, in [18,21,23].

Finally, note that the network uses rectified linear unit (ReLU) activation functions,
and weights and biases initialization is performed using the Xavier initializer [24].

3.1.4. Normal Behavior Model Indicator

A fault indicator is needed that activates an alarm when samples not following the
normality model are detected. Initially, such an indicator could be based on establishing
a threshold in the residual between the estimated value (given by the ANN) and the real
SCADA data. However, this will result in an unacceptably high number of false alarms
because of solitary samples trespassing the threshold, rendering the method worthless.
Therefore, it is critical to establish an indicator that takes into account the persistence of
consecutive samples above a certain threshold.

First, a detection threshold is prescribed as threshold = µ + 6σ, based on the mean, µ,
and standard deviation, σ, of the residuals over the training data.

Second, a weekly indicator is implemented as follows:

indicatornormality = min
(

1,
nover

504

)
. (1)

where nover denotes the number of samples that had a residual value greater than the
threshold that week. Note that this indicator has a range between 0 and 1. When all
samples are below the threshold, the indicator value is 0. When half or more of the samples
in a week are above the threshold, the indicator value is 1.

3.2. Isolation Forest

A second method is used to analyze the status of the main bearing, namely an anomaly
detection algorithm: isolation forest. The objective is to complement the prediction of
the neural network normality model, using an algorithm that is able to analyze the wind
park as a whole. First, data pre-processing is discussed, highlighting the differences to the
processing required by the neural network. Second, the testing scheme for the isolation
forest is presented; the main difference with the previous algorithm is the lack of a training
period. Third, a brief explanation of isolation forest is provided together with a discussion
on the selection of the main parameters for the algorithm. Finally, the post-processing
of the anomaly detection results is detailed, showing how to construct an indicator that
captures differences within turbines.

3.2.1. Data Preprocess

In analogy to the neural-network pre-processing, a reduced selection of variables is
used. Main bearing temperature is chosen, as monitoring the status of this component is
the objective of the research. Additionally, ambient temperature and rotating speed of the
main shaft are selected as they determine information on the context and operating status
of the main bearing. A summary table of the inputs is proposed in Table 4, completed with
the ranges used to filter outliers and sensor measurement errors. No data imputation is
performed for missing values, instead data are down-sampled from ten minutes to hourly
resolution, reducing the amount of empty timestamps and cutting computation time. Being
the main bearing a massive component the reduction in data frequency is mitigated by the
large thermal inertia of the bearing, thus limiting information loss.
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Table 4. Selected SCADA variables used to develop the anomaly detection model, its description,
range of possible values, and units. All of them are related to the mean value over a 10-min period.

Variable Description Range Units

AmbientTemp Ambient temperature [−5, 40] ◦C
MainBearingTemp Main bearing temperature [0, 120] ◦C
RotorSpeed Rotor speed [0, 50] rpm

3.2.2. Testing Scheme

The way the isolation forest algorithm is used in this research, requires no selection of
a set of normal conditions to adjust the parameters of the model. Instead, data are analyzed
through a rolling window of 1 month width and instances lying at the border of the data
distribution are marked as anomalies. The rolling window is shifted each time by one
week, effectively sweeping the entire dataset. The choice of the window length is the fruit
of a compromise between computation time and the ability to capture a complete set of
operating conditions of the turbines.

3.2.3. Isolation Forest Setup

Isolation forest has been introduced by Liu et al. [25] as an efficient anomaly detection
algorithm based on widely known decision trees. Unlike most model-based algorithms, no
normal condition training set is required. Points lying at the edges of the data distribution
are to be intended as anomalies. Having this definition of anomalous point, isolation forest
uses binary search trees to recursively split data. Various fully developed trees, i.e., having
single instance terminal nodes, are trained. Isolation of anomalies is promoted by using
random partitions when separating data, as indicated in [25]. The anomaly score used to
determine the likelihood of a point to be anomalous is based on the average path length
required by the trained trees to isolate the cited point from the rest of the data. Equation (2)
is the canonical definition for an isolation forest anomaly score.

s(x, n) = 2−
E(h(x))

c(n) (2)

where E(h(x)) is the average of the path length h(x) required to isolate the given point.
The denominator c(n) is the average path length of unsuccessful search in binary search
tree. Given a distribution d, three cases are typical:

• s →1 =⇒ x is anomalous
• s < 0.5 =⇒ x is normal
• s ≈ 0.5 ∀ x in d =⇒ no anomalies in d

In this research, the implementation of Isolation Forest from Sklearn, for Python program-
ming language is utilized [26]. The following parameters are set to run the algorithm:

• number of estimators = 250
• contamination = 0.1
• max samples = 0.3

The number of estimators determines the quantity of decision trees of which the
isolation forest is composed. More trees lead to more reliable estimations of the path length,
at the cost of higher computational time. The contamination coefficient represents the
expected amount of anomalies in the data. The points in the analyzed distribution are
sorted by their anomaly score and the most anomalous ones, according to the contamination
value, are selected. Finally, the maximum number of samples to use to train each estimator,
i.e., each decision tree, is defined by the homonymous parameter.
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3.2.4. Anomaly Detection Indicator

An anomaly indicator is defined to translate the output of the isolation forest into
concrete information on the WT status. The discovered anomalies are assigned to the
corresponding turbines, to define which turbines have a larger percentage of anomalous
points with respect to the rest of the wind park. The indicator is calculated as the ratio
between the anomalous points (nanomalies) and the total amount of records (ntotal) of a turbine
for a given period of time, see Equation (3). The idea is that if no clear differences between
turbines’ behaviors are present, the anomaly indicator will be similar across the wind
farm. On the other hand, if a turbine is subjected to different operating conditions, its
percentage of anomalies over the total number of records will be higher if compared with
other turbines.

indicatoranomaly =
nanomalies

ntotal
. (3)

3.3. Ensemble

Ensemble strategies have been widely used in the literature both in power output
prediction, as well as fault diagnosis [27–29].

The output of the previous algorithms is merged into a composed indicator, with the
objective to produce better predictions by overcoming the limitations of the two methods.
To build a valuable ensemble, it is important to choose base indicators that are complemen-
tary and not redundant, thus a key step is to verify that the correlation of the indicators
is limited. The correlation of the indicators is addressed in Section 4.3. The normality
indicator provides an individual analysis of the turbines, by comparing a historical model
with current conditions, whereas the anomaly indicator is based on a comparison within
the different turbines of the wind farm.

Ensemble Indicator

The ensemble strategy that is used in this research does not require training of an
additional meta-learner, instead the normality indicator (1) and anomaly indicator (3) are
combined through a rolling windowed sum. The pseudocode to compute the ensemble
indicator is given in Algorithm 1. In particular, the first step is to rank the turbines,
assigning the corresponding percentile in which they fall when compared to the indicator
distribution of the whole wind farm. Possible ties between turbines are managed using
a ranking scheme that assigns to the tying turbines the lowest rank of the group. Being
the single model indicators calculated on a weekly basis, each turbine will be assigned
a percentile rank per each week. The next step consists in the application of a rolling
window sum. More specifically, a window of p = 4 weeks size is chosen. Applying a
rolling window sum allows to highlight long-lasting changes, limiting the influence of
isolated peaks. Finally, a decision threshold is applied to decide whether an alarm must be
or not triggered.
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Algorithm 1: Computation of the ensemble indicator
Result: ie: indicatorensemble.
Given ia, in: indicatoranomaly, indicatornormality respectively;
Set DT: decision threshold (e.g. 0.85);
Set p: rolling window size (e.g. 4);
STEP 1: Rank turbines w.r.t. wind farm;
for w in [w, w+1, ..., w+p-1] do

for wt in turbines do
x[anomaly]wt,w = percentile of ia for turbine wt w.r.t. distribution of the entire windfarm during week w;
x[normality]wt,w = percentile of in for turbine wt w.r.t. distribution of the entire windfarm during week w;

end
end
STEP 2: Calculate the ensemble ranking during the period of observation for each turbine;
for wt in turbines do

x[ensemble],wt = ∑
w+p−1
w=1 x[anomaly],wt,w + x[normality],wt,w;

end
x[max−ensemble] = 2p;
STEP 3: Calculate the ensemble indicator of a turbine;
ie,wt =

x[ensemble]wt
x[max−ensemble]

;

STEP 4: Apply decision threshold;
if ie,wt > DT then

Turbine requires maintenance;
else

No maintenance required;
end

4. Results
4.1. Test Data

The proposed methodology is validated with real SCADA data from an underproduc-
tion wind park composed by 18 wind turbines. Recall that approximately three and a half
years of data are analyzed, starting from the beginning of 2017 to mid-2020. Data from
2017 are used to train the normality model, and the remaining two and a half years are
used to test predictions using the work order logs. Table 5 shows the main bearing failures
during the test period based on the work order logs. Three WTs in the park suffer from the
main bearing failure during the test period. Note that the work order log comments are
different for each case, ranging from lubrication to component replacement.

Table 5. Main bearing failures reported in the work order logs.

WT Timestamp Component Comments

WT03 2020 February 25 9:10:00 Main bearing Main Bearing inspection, due to rate of worn
WT05 2018 June 11 8:40:00 Main bearing Replacing Main Bearing and Main Shaft
WT06 2019 July 17 7:40:00 Main bearing Inspection required, condition-based

4.2. Performance Metrics

To evaluate the performance of the proposed methodology, the results will be analyzed
via a confusion matrix based on the criteria that is described next. When the alarm is
triggered within a six-month window before the failure actually occurs, the result is
reported as a true positive (TP). The method in this case provides sufficient advance notice
of the failure, so that the wind park operators can organize the maintenance operation
while minimizing costs. When the alarm is not triggered and the WT does not have any
work order, the result is documented as a true negative (TN). In this case, the method
is correctly establishing that the WT is under normal operation. When the alarm is not
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triggered, or it is done out of the six-month before failure window, and the WT suffers a
main bearing failure, the result is reported as a false negative (FN). Finally, when the alarm
is triggered but the WT does not have any work order, this result is informed as a false
positive (FP).

Finally, the following performance metrics are used to analyze the results: accuracy,
precision, recall, specificity, and F1 score. Their definitions are briefly recalled hereby,

Accuracy =
TP+TN

TP+TN+FP+FN
,

Precision =
TP

TP+FP
,

Recall =
TP

TP+FN
,

Specificity =
TN

TN+FP
,

F1 =
TP

TP + 1
2 (FN+FP)

.

4.3. Ensemble vs. Single Models

The different models that compound the ensemble should provide complementary
information, see [17]. Thus, it is important to analyze the correlation between the indicators
provided by each of the individual models: the anomaly detection model vs. the normality
model. Figure 2 displays the isolation forest indicator vs. the neural network indicator for
each WT in the park separately. The Pearson correlation coefficient and p-value for testing
non-correlation are reported as r and p, respectively. It is shown that, in general, there is
no correlation between the individual indicators (low values of the Pearson correlation
coefficient are obtained), thus they are complementary in terms of their contained informa-
tion. Note the particular case of WT05 where the Pearson correlation is about 0.78, which
indicates that there is a moderate positive relationship between the variables, as the p-value
in this case is almost zero (which indicates that the correlation coefficient is significant).
The explanation of this special behavior is that WT05 suffers the only main bearing fault
in the park that is correctly predicted by both indicators, thus in this case the indicators
are correlated.

Figures 3–5 show the normal behavior model indicator, the anomaly detection indi-
cator, and the ensemble indicator, respectively. In these figures, the blue stars indicate
the occurrence of a main bearing fault (as recorded in the work order logs). Note that
the normal behavior indicator shows high values in WT01 and WT18, which are healthy
over the whole test set, but the anomaly detection indicator shows low values for these
WTs. On the contrary, the anomaly indicator shows high values for WT16, which is healthy,
but the normality indicator shows low values for this WT. The ensemble indicator ade-
quately combines the information from the single indicators showing low indicator values
for WT01, WT16, and WT18 as desired.
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Figure 2. Scatter plot showing the isolation forest indicator vs. the neural network indicator independently for each WT.
The linear regression model fit, that minimizes the squared error of the data, is plot in red. The shaded area represents the
68% confidence interval of the model. Pearson correlation coefficient and p-value for testing non-correlation are reported as
r and p, respectively.

Figure 3. Main bearing health according to normal behavior model. Faults are marked with a blue star.

Figure 4. Main bearing health according to anomaly detection. Faults are marked with a blue star.
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Figure 5. Main bearing health according to the proposed ensemble method. Faults are marked with a blue star.

To make a decision to trigger or not an alarm, a decision threshold is needed. Values
of the indicator above the threshold will activate an alarm, and values below the threshold
will be considered normal. To better visualize the results, a saturation mask is proposed in
the following manner: all indicator values below the threshold are saturated to 0, and all
indicator values above or equal to the threshold are saturated to 1. Figure 6 shows the
ensemble indicator after applying the saturation mask with a decision threshold value of
0.85. It can be observed that the three main bearing faults in the park (highlighted with
the blue stars) are warned at least 5 months in advance. On the other hand, there are false
alarms at WT01, WT02, and WT09.

Figure 6. Saturation mask, with a decision threshold value of 0.85, used to determine whether a turbine should be reviewed
or not. Faults are marked with a blue star.

The value of the decision threshold (DT) has a great impact on the final results. Figure 7
shows the DT value with respect to the different metrics. It is observed that, in general,
higher values of the DT lead to better performance metrics, and it is noteworthy that for the
same value of the DT the best performance metrics are clearly obtained with the ensemble
method (except for low values of the threshold that have no practical relevance as they
would lead to an excessive number of false alarms).

To further analyze the impact of the DT on the final results, Table 6 shows the confusion
matrix information with respect to the DT value for the ensemble method. It is clear that
low values of the threshold have no practical application since they lead to diagnose always
as faulty the WT, since all results are positive (either TP or FP). Increasing the value of the
DT diminishes the number of FP (false alarms), and consequently increases the number of
TN (correctly classified healthy WTs). When the DT is equal to 0.95 only 28 instances are
wrongly classified as FN (that is, faulty instances wrongly classified as healthy). When the
DT is equal to 0.90 there are 58 instances wrongly classified as FP (false alarm), however, all
faulty instances are correctly detected. In this case, when DT = 0.9, all faults are detected at
the expense of having some false alarms. The wind park operator should compare the cost
of unnecessary checks (due to false alarms) with respect to the savings of early warning of
the main bearing fault to decide the best DT to be used.
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Figure 7. Decision threshold (DT) value vs. the different model indicators for the specificity (top left), accuracy (top
middle), recall (top right), precision (bottom left), and F1 score (bottom right) metrics. The blue line corresponds to the
anomaly indicator, the orange line to the normality indicator, and the green line to the ensemble indicator.

Table 6. Confusion matrix of the ensemble method results with respect to the decision threshold (DT).

DT TP FP FN TN

0.00 85 1967 0 0
0.05 85 1967 0 0
0.10 85 1967 0 0
0.15 85 1967 0 0
0.20 85 1967 0 0
0.25 85 1967 0 0
0.30 85 1967 0 0
0.35 85 1939 0 28
0.40 85 1939 0 28
0.45 85 1854 0 113
0.50 85 1769 0 198
0.55 85 1654 0 313
0.60 85 1427 0 540
0.65 85 1173 0 794
0.70 85 829 0 1138
0.75 85 485 0 1482
0.80 85 315 0 1652
0.85 85 201 0 1766
0.90 85 58 0 1909
0.95 57 0 28 1967

Finally, Figure 8 and Table 7 compare the performance metrics among the different
single models and the ensemble model with respect to different DT values. In particular,
Figure 8 shows a bar plot of the used metrics for three different specific values of DT,
namely 0.6, 0.85, and 0.95. It is clear that the ensemble strategy outperforms in all cases the
single methods, being outstanding the result in precision for DT=0.95 where a value of 1.0
is achieved with the ensemble but values lower than 0.5 are obtained with the normality
and anomaly models by themselves. Table 7 gives a further detailed comparison of the
performance metrics for values of the DT from 0 to 0.95 with increments of 0.05. Note that
for values of the DT equal or bigger than 0.7 the best performance metrics are obtained
with the ensemble method, clearly showing the advantage of this method with respect to
the single models.
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Table 7. Metrics comparison among the single and ensemble methods with respect to the decision threshold (DT).

Recall Specificity Accuracy Precision F1

DT Isolation
Forest

Neural
Network Ensemble Isolation

Forest
Neural

Network Ensemble Isolation
Forest

Neural
Network Ensemble Isolation

Forest
Neural

Network Ensemble Isolation
Forest

Neural
Network Ensemble

0.00 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.05 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.10 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.15 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.20 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.25 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.30 1.0 1.000 1.000 0.000 0.000 0.000 0.041 0.041 0.041 0.041 0.041 0.041 0.080 0.080 0.080
0.35 1.0 1.000 1.000 0.014 0.028 0.014 0.055 0.069 0.055 0.042 0.043 0.042 0.081 0.082 0.081
0.40 1.0 1.000 1.000 0.028 0.043 0.014 0.069 0.082 0.055 0.043 0.043 0.042 0.082 0.083 0.081
0.45 1.0 1.000 1.000 0.101 0.115 0.057 0.138 0.152 0.096 0.046 0.047 0.044 0.088 0.089 0.084
0.50 1.0 1.000 1.000 0.173 0.159 0.101 0.208 0.193 0.138 0.050 0.049 0.046 0.095 0.093 0.088
0.55 1.0 1.000 1.000 0.203 0.201 0.159 0.236 0.234 0.194 0.051 0.051 0.049 0.098 0.098 0.093
0.60 1.0 1.000 1.000 0.275 0.245 0.275 0.305 0.276 0.305 0.056 0.054 0.056 0.107 0.103 0.106
0.65 1.0 1.000 1.000 0.406 0.304 0.404 0.430 0.332 0.428 0.068 0.058 0.068 0.127 0.110 0.127
0.70 1.0 1.000 1.000 0.492 0.419 0.579 0.513 0.443 0.596 0.078 0.069 0.093 0.145 0.129 0.170
0.75 1.0 1.000 1.000 0.608 0.477 0.753 0.624 0.499 0.764 0.099 0.076 0.149 0.180 0.142 0.260
0.80 1.0 1.000 1.000 0.652 0.565 0.840 0.666 0.583 0.846 0.110 0.090 0.212 0.199 0.166 0.351
0.85 1.0 1.000 1.000 0.782 0.623 0.898 0.791 0.639 0.902 0.165 0.103 0.297 0.284 0.187 0.458
0.90 1.0 0.671 1.000 0.884 0.653 0.971 0.889 0.654 0.972 0.272 0.077 0.594 0.427 0.138 0.746
0.95 1.0 0.671 0.671 0.913 0.826 1.000 0.917 0.820 0.986 0.332 0.143 1.000 0.499 0.236 0.803

Figure 8. Performance metrics comparison for three different decision threshold values. The white bar represents the anomaly detection indicator, the orange one is for the normality
indicator, and the red one for the ensemble indicator.
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5. Conclusions

In this work an ensemble method for main bearing fault diagnosis has been proposed,
implemented, and validated on a real under-production wind park composed by 18 WTs.
The ensemble combines a normality model at WT level (i.e., a specific model is trained for
each WT in the park) with an anomaly detection model at wind park level by using only
SCADA data and past work order logs.

The stated ensemble method only requires healthy data to be trained (since it is not a
supervised approach), and thus the methodology can be applied to any WT, even when
there are no past records about the fault under study. The obtained results show that for the
same value of the DT the best performance metrics are clearly obtained with the ensemble
method in comparison to the single methods. Furthermore, the proposed strategy is able
to warn at least 5 months in advance (giving enough time to the wind park operator to
organize logistics and minimize downtime) the three main bearing faults present in the
wind park during the test set, with few false alarms.

The DT has a great influence on the final results, thus it is strongly advised that the
wind park operator analyzes the cost of unnecessary checks (due to false alarms) with
respect to the savings of early warning of the main bearing fault to decide the best DT to
be employed.

Two future work directions are envisioned. First, the extended isolation forest (EIF)
presented in [30] will be incorporated to investigate the possible improvement in the
results. Second, gearbox faults will be studied, as gearboxes tend to fail prematurely in
WTs, and their replacement is very costly (the outage can last between a few days to months,
depending on crane and parts availability). The wind park SCADA data and work order
logs used in this research also contain gearbox faults, thus future work will address this
type of fault, taking as starting point the ensemble method proposed in this work.
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5. Information Loss and SCADA

Limitations

5.1 Limitations of SCADA data
SCADA utilization has greatly grown in the research and industrial field thanks to its wide avail-
ability and low cost. Nonetheless, concerns on the low frequency of SCADA —which can hinder
the capability ofmodelling turbine conditions—have been raised by various researchers [39], [95]–
[97].

Overall, the most evident issue with SCADA its the low time resolution of the data —that is com-
monly of one record every 5–10 minutes. Moreover, not all systems are properly equipped with
dedicated sensors needed to train predictive algorithms. For example, it is common to have tem-
perature signals of the drive-train components, whereas information regarding the torque, accel-
eration and displacements of bearings are uncommon. Pitch and yaw systems fare much worse,
as often only the bare minimum set of control parameters —operating angles, but no pressure nor
temperatures— are recorded making it very difficult to infer their conditions. While previous
works have shown that results from high–frequency SCADA are more precise and the resulting
models more accurate, no attempts have been made to quantify and determine the amount of
information that is lost due to data aggregation.

As detailed in Ref. [11] SCADA data is recorded at a high frequency by a vast network of sen-
sors, then it is aggregated to lower frequencies both at the turbine and windfarm level, and finally
transmitted to a control center. The aggregation process allows to transfer data easily —due to re-
duced volume—andminimize thememory footprint of the databaseswhere information is stored.
While sensible from an operative perspective, this is not desirable from a modeling standpoint as
important bits of information are inevitably lost.
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5.2 Quantification of the Information Loss

Resulting from Temporal Aggregation of

Wind Turbine Operating Data
The proposed article deals with the limitations of SCADA data, more specifically with distortions
introduced by the aggregating process that transform high–frequency SCADA data to the regular
one in use in the industry. Specifically, this research aims to provide a quantitative framework to
address the loss of information during aggregation of data. The objective is to better understand
information loss and improve data storage policies.

High–frequency SCADA —i.e. 1 Hz data— is analyzed simulating the aggregation process and
tracking differences between the original and rescaled signal. Methods based on statistics and an
”ad–hoc” framework are compared to determine the signals that are more affected by the aggrega-
tion. Moreover, the effect of external conditions, i.e. the windspeed is evaluated. Finally, a graph
showing the dependency between information loss and aggregation period is presented.

The results showed that the typical aggregation frequency of SCADA data results in a significant
loss of information for signals describing electrical measurements (i.e. grid frequency, voltages)
and wind. On the other hand, main bearing, ambient temperature or yaw angles retain most of
their information regardless of the signal frequency. Another important insight from the paper
is that for most signals information loss does not follow a linear decay and aggregation periods
around 100–200 s allow to reduce the volume of data without scarifying excessively information
content.

Contributions

The key contribution of this research is in providing a framework to use when analyzing the
effect of signal aggregation and the resulting loss of information. This was an unanswered topic
in the wind–energy literature. This framework has been used to answer three relevant question:

1. How much information is lost with reduced temporal resolution?

2. Do external conditions have an effect on information loss?

3. What is the recommended aggregation frequency?
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The presented framework and the conclusions of this study aim to raise awareness and provide
a methodology to assess limitations of SCADA data. Considering the growing importance of
SCADA in predictive maintenance of wind turbines it could be useful to reconsider storage poli-
cies favoring the quality of the signal.
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Abstract: SCADA operating data are more and more used across the wind energy domain, both as a
basis for power output prediction and turbine health status monitoring. Current industry practice to
work with this data is by aggregating the signals at coarse resolution of typically 10-min averages,
in order to reduce data transmission and storage costs. However, aggregation, i.e., downsampling,
induces an inevitable loss of information and is one of the main causes of skepticism towards the use
of SCADA operating data to model complex systems such as wind turbines. This research aims to
quantify the amount of information that is lost due to this downsampling of SCADA operating data
and characterize it with respect to the external factors that might influence it. The issue of information
loss is framed by three key questions addressing effects on the local and global scale as well as the
influence of external conditions. Moreover, recommendations both for wind farm operators and
researchers are provided with the aim to improve the information content. We present a methodology
to determine the ideal signal resolution that minimized storage footprint, while guaranteeing high
quality of the signal. Data related to the wind, electrical signals, and temperatures of the gearbox
resulted as the critical signals that are largely affected by an information loss upon aggregation and
turned out to be best recorded and stored at high resolutions. All analyses were carried out using
more than one year of 1 Hz SCADA data of onshore wind farm counting 12 turbines located in
the UK.

Keywords: SCADA; wind energy; operating data; high frequency; information loss; data storage;
downsampling; temporal aggregation

1. Introduction

In modern wind turbines, a plethora of operating data are acquired with high temporal
frequency [1,2] by a vast number of sensors [3,4]. However, usually only a selection of
these sensor data is stored. Furthermore, the data are typically aggregated as 10-min
average values, sometimes accompanied by the standard deviations or the maxima and
minima measured in these intervals. This temporal aggregation of a signal, also referred to
as downsampling, saves a lot of space upon storage and reduces the bandwidth needed
when transferring the data, both connected to cost savings. Unfortunately, much of the
information on short timescales that might be valuable to better model and track the
behavior and condition of wind turbines is inevitably lost in this process [4–6].

Aggregating data induces an information loss regardless of the source of data, even
though its impact depends on the downsampling rate with respect to the behavior and the
resolution of the raw signal. Albeit, the consequences arising from this signal conversion
depend strongly on the further use of the data. Understanding these consequences, by
knowing the properties of a signal after its transition to lower resolutions, will therefore
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help to optimize both data storage and costs while at the same time providing the best
possible signal quality for analytic investigations.

In this study we investigate operating data of wind turbines recorded by the super-
visory control and data acquisition system (SCADA). SCADA is a control system which
among other functionalities allows for monitoring of wind turbines and receives input
from a net of sensors that measure various operating variables such as wind speed, active
power, temperatures, pressures, speeds, and environmental conditions through time. As
we only investigate operating data, we will refer to “SCADA operating data” as simply
“SCADA data” throughout the paper. Please note that although we developed the methods
and algorithms to quantify information loss for wind turbine data, they are not necessarily
restricted to our use case. While the considerations regarding specific consequences are
limited to the wind energy field only, the approach can also be extended to other fields
of application.

In many technological sectors data are considered a key asset to foster growth and
innovation—wind energy is no exception. In the need of clean energy, wind power prospers
globally: During the year 2020, 111 GW of new capacity were installed worldwide [7]. In
Europe alone, wind power capacity amounted to 220 GW by the end of 2020. It is desired
to grow between 80 and 105 GW over 2021–2025 out of which 29 GW are planned to
be installed offshore [8]. Therefore, using data for better and more efficient operational
strategies will be pivotal to further reduce the costs and to sustain the competitiveness of
wind production compared to conventional energy sources. On the one hand, a profound
data basis can support methods for accurate power output predictions. An overview
about possible wind energy forecasts was given by Okumus and Dinler [9]. On the other
hand, monitoring the health status of turbines supports the improvement of reliability
by understanding and anticipating failures. The current state of using SCADA data for
condition monitoring was summarized by Tautz-Weinert and Watson [4]. Each prevented
turbine fault will avert a subsequent standstill and an involved loss of revenue. In the end
this also reduces the costs for operation and maintenance (O&M) that currently account
for up to 30% of an onshore wind turbine’s levelized cost of electricity (LCOE) and up to
25% of the much higher LCOE of an offshore turbine [10]. These costs are thus still a major
burden for the wind energy industry.

Research can help to minimize such costs by approaches of early fault detection or
health monitoring methods. One possible solution addresses mechanical components
by monitoring, e.g., the drivetrain or transmission elements through rich high-frequency
data. Typically the sensors used are not part of the standard equipment of a turbine but
of a dedicated condition monitoring system (CMS). Therefore, such a system needs to
be installed explicitly and this is associated with further costs [11]. Occasionally, such
high-resolution operating data are—partly—available from SCADA systems and could be
used for the same purpose.

As stated earlier, data storage and transfer are associated with expenses. Therefore,
for a cost optimization it is necessary to find a trade-off between reducing the amount of
data, i.e., signal scope or resolution, and retaining enough information content to support
O&M strategies. To illustrate the information loss Figure 1 shows the outcome of temporal
aggregations of SCADA data at different time resolutions. Large aggregation intervals in
the order of 300 to 600 s are not able to capture all nuances of the signal as local minima and
maxima are flattened in the mean value curves. Clearly, this is only an example obtained
for the wind speed and one temperature of the transmission shaft bearings, but similar
behaviors can be observed for all signals.

Nevertheless, the figure gives an idea of the possible effects of temporal aggregation.
A thorough study of the phenomena of information loss due to temporal data aggregation
in the context of wind turbine SCADA data will be presented throughout this paper. The
objective is to provide a deep analysis of the crucial points when aggregating SCADA data
and to quantify the span of the information loss phenomenon. We also want to support
turbine operators with a framework that allows them to take better decisions in terms of
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SCADA data storage and aggregation policies. We break the general motivation down into
these three specific research questions:

• Q1: How much information is lost with reduced temporal resolution?
• Q2: Do external conditions have an effect on information loss?
• Q3: What is the recommended aggregation frequency?

Figure 1. Illustration of temporal aggregation of SCADA operating data at various resolutions: On the left, a highly dynamic
signal, the wind speed, loses much of its information even at low resolutions, while the original data of a slowly changing
signal on the right, a temperature of the gearbox shaft bearing, is hidden behind the curve of the aggregation resolution
of 10 s.

This paper is structured as follows: Section 2 provides a review of related work
dealing with wind turbine monitoring and the use of high-frequency data in wind and
other application sectors. Section 3 details the data set used in this study. Then, Section 4
tackles the key questions of this paper. Each subsection guides through our analytical
approaches to answer these question and the corresponding results obtained. A discussion
of the salient points derived from this study is also included for each question. Finally,
Section 5 draws conclusions and discusses limitations of the study, the most relevant
information, and ideas for future work.

2. Previous Work

Studies in the wind energy sector using high-frequency SCADA data are still scarce as
these data sets are rare. Industry practice and state of the art is using aggregated SCADA
operating data as 10-min averages. Nonetheless, a few available publications show the
potential of the utilization of high-frequency SCADA data [1,2,12–15].

Generally SCADA data can be used for a high variety of applications. Two examples
for major tasks in the wind energy sector are the prediction of the power output and the
assessment of the turbine or component health status. Both problems are crucial for wind
power production as they allow wind farm owners to keep their turbines spinning more
and reduce mismatches between promised and delivered energy.

Power production estimation is a very large field of study within wind energy. A wide
array of methods are available to predict power output [16–18]. The approaches vary on
the type of data that is fed to the algorithms as well as the strategy used to detect patterns
in the data. SCADA data was used in Refs. [15,19]. Since there is typically at least both
the wind speed and the generated power within the SCADA data set, power output could
ideally be estimated directly. However, this proved to be a very challenging task. Physical
models focus mostly on the accurate prediction of the wind speed [20,21]. By using the
characteristic power curve of a turbine, it is then translated to a modelled power.

As various models base on SCADA data and the resolution of this data is usually
10 min, i.e., rather low, it is relevant to determine the limitations of such aggregated
data to better understand the possible shortcomings when predicting the power output.
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Gonzalez et al. discussed the advantages of using high-frequency SCADA data in conjunc-
tion with a quantile random forest as predictive maintenance tool based on power curve
modeling. The SCADA data used had a resolution of 4 s and was utilized to compare the
predicted performance with 10-min averaged signals. As the natural variability of turbine
operation was better captured by the high-frequency data, it also resulted in improved
predictions [13]. In a later study, the same authors conducted a sensitivity study on the
performance of high-frequency SCADA data as performance monitoring tool. Various
factors such as terrain complexity, seasonality, choice of input variable, and most relevantly
the sampling rate of data were analyzed. An important conclusion was the observation
that a higher resolution allows to create more reliable models and as a key take-away
they proposed to determine how much of the dynamic behavior of the signal is lost due
to averaging [2]. Furthermore, the frequency of SCADA data is important to correctly
model wake effects in wind farms. An inaccurate evaluation of wakes leads to imprecision
in estimating wind speed and subsequent turbulence, which ultimately results in a poor
prediction of power output [22].

A second important aspect in turbine operation is predictive maintenance. Unexpected
and sudden failures can be very expensive for turbine owners and, therefore, an assessment
of the turbine or component status shows up beneficial. The available data, the monitored
system, and the requirements greatly influence the design and choice of a predictive
maintenance toolbox.

As previously mentioned the drivetrain and other mechanical components, such
as bearings and shafts, can be monitored by measuring acceleration, displacement and
vibration through specific sensors and via acoustics emissions by dedicated CMS [11].
Additionally, for electrical and electronic components it is possible to apply CMS by
analyzing current signatures in search of anomalous patterns [23]. These approaches are
all based on utilization of very rich data, characterized by high sampling rates in the order
of kHz. Here, signal processing techniques such as Fast Fourier transform, Hilbert–Huang
transform, or wavelets analysis can be adopted [24–27].

Nonetheless, alternatives to the implementation of dedicated CMS in a wind turbine
exist. SCADA data, while available at a much lower frequency and far poorer in terms of in-
formation, has also proven as a valid and cheap instrument for turbine monitoring. A short
investigation on the usability of high-frequency SCADA data for predictive maintenance
has been carried out by Roberts et al. [14]. In order to obtain the condition of a turbine, a
quite plain approach is to model the power output and compare it to its measured value. In
this manner, defects can be detected—ybut not localized—when significant discrepancies
are observed [28,29]. So-called normal behavior models are another popular mathematical
approach. These are regression models designed to predict the value of a key variable,
capable of capturing the status of the studied system. A set of input variables is fed to
an algorithm and the difference between the predicted and measured value is tracked.
Large deviations are marked as anomalies and can be inspected further [30]. This goal can,
e.g., be pursued by physical models [31] or neural networks [32]. Alternative approaches
based on anomaly detection and fusion of multiple indicators and alarm logs, addressing
generator and main bearing failures, have been proposed in [33,34]. When located in a
wind farm, also adjacent turbines can serve as a reference value [31].

Further research also investigated simulating load by means of SCADA data from a
single turbine or even the farm [35,36], eventually serving as an input for residual useful
lifetime (RUL) estimations. Using the data of a whole farm can also serve to reconstruct an
optimized flow through the area of this farm [37].

Dealing with the loss of information when temporally aggregating data or reducing
the sampling rate is not an issue that occurs exclusively in wind energy. Nowadays, in
cars even more data is collected by their electronic control units. Processing these data
faces a similar problem: Liu et al. investigated the effects of reducing the sampling rate
of the driving data with a particular focus on so-called micro-driving decisions such as
spontaneous accelerations [38]. One result of this highly dynamic behavior was that the
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amount of information does not decrease linearly when reducing the temporal resolution,
but that there are resolution ranges where no further information is lost whereas it falls
down rapidly for other ranges.

Having considered the state of the art regarding wind turbine monitoring and power
prediction, this paper aims to advance the understanding of information loss and possible
limitations of SCADA data. In particular, the effect of low temporal resolution is analyzed
and a quantitative method to determine the amount of lost information is detailed. Using
this framework it is possible to determine signals that are most affected by downsampling
and identify the influence of seasonal behavior and differences between turbines. An
analysis of the effect of wind speed on information loss is also discussed, determining which
operating conditions are affected the most by information loss. Finally, a methodology
to choose an optimal aggregation frequency for a given signal is presented allowing to
minimize the data storage footprint, while retaining most of the relevant information. In
comparison with other high-frequency investigations this research offers the advantage
of a large dataset consisting of more than one year of 1 Hz operating data that supports
our conclusions.

3. Data

In this research we consider operating data generated by the SCADA system of wind
turbines. The data set is gathered from an onshore wind farm consisting of 12 turbines with
a nominal power of 2 MW commissioned in 2017 and located in the UK. The investigated
period covers 15 months of data collection, hence seasonality effects should be limited.

Various signals that measure and monitor operational and ambient conditions are
available with a temporal resolution of 1 second. Signals that represent counters are ex-
cluded in this analysis. In total, 27 signals are evaluated including temperatures, pressures,
speeds, voltages, currents, and pitch angles. Table 1 provides an overview of the inves-
tigated signals, partitioned into functional groups. Please note that in this study only
operating data is considered.

Table 1. List of SCADA signals analyzed in this study.

Component Control Electrical Environmental Mechanical
Temperatures Variables Characteristics Variables Characteristics

Generator bearing 1 Pitch angle blade 1 Active power Ambient temperature Generator speed
Generator bearing 2 Pitch angle blade 2 Current phase A Nacelle temperature Rotor speed

Generator stator Pitch angle blade 3 Current phase B Wind direction
Gearbox oil Yaw angle Current phase C Wind speed

Gearbox shaft bearing 1 Grid frequency
Gearbox shaft bearing 2 Power factor

Main bearing Voltage phase A
Top box Voltage phase B

Voltage phase C

The time stamps of the original dataset are not always exact to the tick of a second.
Sensors, for various reasons, might record their values slightly early or late. For com-
putational reasons we decided to adjust the timestamp downward to seconds with the
typical floor-functions available. Therefore, in a few cases two different records were
assigned to the same timestamp. In these cases only the earlier one of the two values is
kept. Furthermore, for missing data no replacement, i.e., no imputation, was performed
and generally no treatment for outliers was performed, except for the descriptive statistics
in Section 4.1.1.

In order to examine the effect of temporal aggregation, throughout this paper down-
sampling of high-resolution data to a lower temporal resolution is accomplished by aver-
aging if not stated otherwise. Table 2 depicts an example for the temporal aggregation of
the wind speed.
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Table 2. Illustration of the temporal aggregation scheme: The original data, i.e., t (1 s), is averaged over the lower temporal
range and given a new timestamp at the beginning of this interval, see t (5 s) and t (10s).

t (1 s) Wind Speed (m/s) t (5 s) Wind Speed (m/s) t (10 s) Wind Speed (m/s)
09:00:00 6.26 09:00:00 6.25 09:00:00 6.42
09:00:01 6.11
09:00:02 6.17
09:00:03 6.39
09:00:04 6.32
09:00:05 6.37 09:00:05 6.71
09:00:06 6.66
09:00:07 6.72
09:00:08 6.72
09:00:09 7.07
09:00:10 7.29 09:00:10 ... 09:00:10 ...

4. Analyses

In this section, we present the applied methods addressing each research question
Q1–Q3. Furthermore, the corresponding results are reported, described, and discussed.

4.1. Q1: How Much Information Is Lost with Reduced Temporal Resolution?

Understanding the effect of temporal aggregation, quantifying the induced informa-
tion loss, and identifying the signals which are affected the most are important steps to
find a trade-off between data volume and information content. Hence, storage policies
can be defined and possibly additional space can be allocated for the signals that are not
recommended for aggregation. The methods and approaches in this subsection address the
guiding question, if data when sampled at a higher frequency contains richer information.
In this study simple approaches based on statistics indicators and tests are replicated. Then,
given their limitations a different method based on the analysis of the aggregation error
is devised.

4.1.1. Comparison of Descriptive Statistics

The effect of different levels of aggregation of data is studied by comparing the values
of a set of descriptive statistics. The objective is to identify global changes in the signals
that are reflected in their range, central behavior and overall shape of distribution.

Methodology

In order to evaluate the effects of temporal aggregation, the first approach constituted
the calculation of key descriptive statistics, which captured the central behavior, shape and
dispersion of the data. To examine the effect of temporal aggregation, these statistics were
computed for the non-aggregated, i.e., raw data (1 second of temporal resolution) and for
temporally aggregated data with reduced time resolutions, namely 10 s, 60 s, 300 s, and 600 s.
For each signal listed in Table 1 the following statistics were computed for all resolutions
mentioned above: sample mean, median, maximum, minimum, standard deviation, first
quartile, third quartile, skewness, and kurtosis. For the calculation specification of these
quantifiers we refer to Ref. [39].

In contrast to the subsequent analyses, the calculations of this part were carried out
on the entire dataset. To keep extreme outliers out of the scope for less distorted results,
during this analysis the data for wind speed and generator speed were filtered for only
positive values and temperatures for values <200 °C.

Results

Selected results are shown in Figure 2 for one turbine. The full list of computed statis-
tics based on different temporal resolutions for the entire set of signals is provided in the
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Supplementary Materials. Here, we present an appropriate graphical representation using
a box-and-whisker-plot [40], which includes the mean (denoted by the green triangles),
the median (denoted by a horizontal yellow bar in the box), the first quartile (denoted
by the bottom edge of the box), the third quartile (denoted by the top edge of the box),
the minimum (denoted by the bottom edge of the whisker) and the maximum (denoted
by the top edge of the whisker). Moreover, the green bars in the plot represent the mean
value ± the standard deviation. These are shown for four exemplary signals, namely wind
speed, active power generation, generator speed, one temperature of the gearbox shaft
bearings, and the voltage of phase A. Note that in this version of box-and-whisker-plots
the whiskers represent the minimum and maximum of the underlying data and therefore
include outliers.

To display the results of skewness and kurtosis we chose a simple scatter plot that is
displayed in the second row of Figure 2 for the same signals mentioned above accordingly.
As both measures are normalized to the standard deviation they are both plotted against
the same dimensionless ordinate.

Figure 2. Illustration of the descriptive statistics of wind speed, active power generation, generator speed, temperature
of gearbox shaft bearing 1, and voltage of phase A at different levels of temporal aggregation for wind turbine 5. On the
top: box-and-whisker plots with the median depicted by the yellow bar, and the mean by the green triangles surrounded
by ± the standard deviation as green bars. The black box displays the interquartile range, the black whiskers denote the
maximum and minimum, including outliers. On the bottom: scatter plots of skewness and kurtosis normalized to standard
deviation with interconnecting lines for better visibility.

From the representative statistics of the graphical presentation in Figure 2 and the
additional data in the Supplementary Materials the following results can be obtained:

• Temporal aggregation had a pronounced effect on the maxima: with lower temporal
resolution the maxima decreased. Especially for the wind speed we saw a distinct
decreasing trend of the maxima (for this presented turbine and investigated time
period a reduction of 10 m/s).

• A corresponding effect for the minima, i.e., an increasing trend, could not be seen
for those variables with a defined lower boundary, e.g., 0 m/s for the wind speed.
Here, lower boundaries were preserved. For other variables, a similar but much less
pronounced effect was existent, e.g., for the active power generation. The one exception
was the voltages, as their value only dropped from the reference value in the case
of disturbances.
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• Mean and median faintly declined for most signals with increasing temporal aggrega-
tion, though in the illustration no noticeable visual differences could be obtained.

• The standard deviation and the interquartile range (IQR) behaved similarly, although
both also experienced only small changes: For some values they faintly decreased,
e.g., for the wind speed and the active power, whereas for others like generator speed
and the temperature of the gearbox shaft bearings they made a small increasing step
between 1 s and 10 s.

• The values of skewness were rather close to each other for different levels of temporal
aggregation. Although the base values scattered a lot, the median of their changes
for all turbines and signals lay below 5% with respect to the raw signal. An explicit
decline could only be seen for the wind speed.

• For the kurtosis a clear trend could only be observed for the wind speed and the
voltages where there was a clear decline with increasing temporal aggregation. For
the rest of the signals this was not as clear: for several signals there was almost no
difference, some signal tended to increase for one turbine, but decreased for another.
However, the median of all changes lay below 5% change in standard deviation with
respect to its value at 1 s resolution.

In summary, the statistics of typically fast changing signals such as wind speed, active
power, generator speed, and electrical signal were the most affected by downsampling as
the values of their statistics varied widely with the resolution of the signal. Temperature
signals, on the other hand, were far less affected by downsampling.

Discussion

Most prominent variations in the statistical analysis are the minima and maxima
of the signals, displayed by the whiskers in Figure 2. Mostly, maxima tend to decrease
with the length of the aggregation period, meaning that longer aggregations smooth out
peak values of the signal possibly annihilating anomalous conditions. If peak values are
strongly reduced from the data, it can be assumed that also short negative spikes will
undergo the same behavior. Except for the voltages, this cannot be seen in most plots as
the minima coincide with those periods in which turbines are not operating. Still, this
reduction of peak values might negatively impact the possible performance of early-fault
detection algorithms and more general models attempting to represent the behavior of
turbines under peak load conditions. For these use cases, high frequency SCADA should
be considered.

Mean and median values are almost constant with respect to the aggregation period
length as the total weight of the values cannot be significantly shifted by averaging. The
change of the standard deviation and the IQR behaves differently and can exhibit the
following patterns: An increase means that several sudden outliers on short timescales are
annihilated by the averaging process and, therefore, less data is distributed at the tails. A
decrease is observed when the values move to the tails by the averaging process due to the
majority of data inside an aggregation windows distributed at the tails.

The shape indicators skewness and kurtosis do not provide completely conclusive
information. However, there seems to be a connection between the reduction of the
maximum or minimum and a decrease of the kurtosis, as can be seen for the wind speed,
the generator speed, and the voltage. If due to the aggregation process there are less remote
outliers, the probability distribution of the data becomes less spiked. Consequently, we can
observe a loss of short-time peaks in the data by the reduction of the kurtosis. In contrast,
the interpretation of the skewness is not as simple. However, it should give a hint to the
direction of the majority of outliers or peaks, respectively. For the wind speed the skewness
becomes less negative, telling us, that most of the outliers in the positive direction for the
1 s data will be smoothed out with increasing aggregation time. For the generator speed of
the exemplary turbine in Figure 2 more outliers from the negative direction are smoothed.
Please note again, that these are not generally valid as, except for the wind speed, the
behavior of the skewness of a signal varies from turbine to turbine in the given dataset.
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Observing the behavior of a set of descriptive statistics provides a simple check on
the effect of temporal aggregation. The proposed analysis attempts to capture various
characteristics of the signal distribution, including its shape, dispersion, and central be-
havior. Overall, this observation of descriptive statistics does not answer the question on
how much information is lost due to temporal aggregation. Changes in the range and
standard deviation of the signals provide a general indication of the effects of temporal
aggregation for a set of signals. Although pointing at the temporally critical signals, they
fail to quantify precisely the loss of information. Moreover, this approach does not provide
insights into the dynamic behavior of the signals as all indicators provide only a global
perspective. Providing indications on the optimal frequency of a signal based on the value
of descriptive statistics is particularly challenging.

4.1.2. Kolmogorov–Smirnov Test

Beside comparing descriptive statistics calculated for different levels of aggregation,
inferential methods were applied in order to quantify a change of the distribution of the
aggregated signal. Here, the Kolmogorov–Smirnov (KS) two sample test was used to
ascertain whether the distribution of the temporally aggregated signal differed from the
distribution of the non-aggregated signal.

Methodology

We only briefly introduce the idea and procedure of the test, for a detailed description
please see [41].

In this work, the KS two sample test was applied and no assumption on the distribu-
tion of the underlying data was made. Suppose the data consisted of two independent
samples, a first sample X1, X2, ..., Xn of size n and a second sample Y1, Y2, .., Ym of size m.
F(x) and G(x) denote their respective, unknown distribution functions. We wanted to test
the hypothesis

H0 : F(x) = G(x) vs. H1 : F(x) 6= G(x). (1)

Let Fn(x) be the empirical distribution function based on the random sample X1, X2, ..., Xn
and let Gm(x) be the empirical distribution function based on the random sample Y1, Y2, .., Ym.
Then, the test statistic D measures the maximum difference between the two empirical
distribution functions and is defined as

D = sup
x
|Fn(x)− Gm(x)|. (2)

From the test statistic D the p-value was derived, adjusting for the different sample
sizes n and m. As a level of significance the typical value of α = 0.05 was chosen.

If the p-value was smaller than the level of significance, i.e., p < 0.05, H0 was rejected
and we had sufficient evidence to say the aggregated data had another underlying dis-
tribution. If the p-value was greater than 0.05, then we did not have sufficient evidence
to reject the null hypothesis and we could not draw any further conclusions. Please note
that in our case there was an important difference of the test application when compared
to its standard use. Here, we compared two samples that are known to come from the
same generating process, as the tested signal was the same. Therefore, the test tried to
determine whether the aggregation process changed the distribution of the signal such that
the aggregated and original distribution no longer appeared similar.

Results

The test statistics D and the p-values were calculated for all signals based on incorpo-
rating the raw signal and several aggregated signals on different temporal resolutions of
10 s, 60 s, 300 s, and 600 s, equivalent to Section 4.1.1. The test was conducted with 10,000 h
of randomly chosen samples of operating data. As the quantity of interest we present
the derived p-values for an exemplary turbine, i.e., turbine 5, containing all investigated
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signals on the left side of Figure 3 and the minimum values of all turbines on the right.
Data containing all numerical results are provided in the Supplementary Materials.

Figure 3. Calculated p-values of conducted KS tests for all signals at different levels of temporal aggregation for one
exemplary turbine WT05 on the left and the minimum value of each cell of all turbines on the right. Cells with a red tint are
below the level of significance, the blue ones above.

Regarding all turbines the majority of p-values for all signals were above the signif-
icance level of 0.05. Especially for higher resolutions <60 s the p-values even tended to
keep around 1, making it very unlikely that both the raw and aggregated value came from
two different underlying distributions. There was even a set of signals whose p-values
were always 1. These were the active power generation, grid frequency, generator speed,
all pitch angles, power factor, and rotor speed. The turbine on the left of the figure had
explicitly been chosen because it featured p-values below 0.05 for certain channels for
aggregated data of 600 s resolution. As displayed on the right of Figure 3, regarding the
whole wind farm for the following signals the KS test showed p-values below 0.05 at least
for one turbine: the temperature inside nacelle (1×), both generator bearing temperatures
as well as the generator stator temperature (each 1×), the top box temperature (1×), voltage
phase B (1×), wind direction (2×), wind speed (2×), and yaw angle (1×). Thus, for the
last mentioned group of signals, resampling to 600 s could alter the data in a way such that
the underlying distribution of the data was no longer the same as for the raw data. One
additional signal that also came close to our significance level with a p-value of 0.082 once
within the scope of all turbines was the ambient temperature.

Discussion

From the results of all turbines, we extracted the minimum p-value for each signal and
aggregation value in Figure 3. Of course, this is a rather unconventional approach with
questionable statistical significance. Nevertheless, in this way the results of the KS test
can be divided into three signal subgroups that are shown in Table 3: (1) signals for which
the test yields p-values of 1 or only slightly below. (2) Signals with a resulting p-value
that decreases with increasing aggregation time, but never falls below the chosen level
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of significance of 0.05. (3) Signals that fall below the level of significance at least once for
all turbines.

Table 3. Signals sorted into bins of pmin. Here, pmin is the minimal p-value of a signal for all aggregation resolutions and turbines as
already carried out in Figure 3.

pmin ≥ 0.98 0.98 > pmin ≥ 0.05 pmin ≤ 0.05

Active power Ambient temperature Temperature inside nacelle
Generator speed Current phase A Temperature of generator bearing 1
Grid frequency Current phase B Temperature of generator bearing 2

Pitch angle blade 1 Current phase C Temperature of generator stator
Pitch angle blade 2 Temperature of gearbox oil Top box temperature
Pitch angle blade 3 Temperature of gearbox shaft bearing 1 Voltage phase B

Power factor Temperature of gearbox shaft bearing 2 Wind direction
Rotor speed Temperature of main bearing Wind speed

Voltage phase A Yaw angle
Voltage phase C

For the first group of signals the p-value of the KS test was always much higher than
our level of significance of 0.05, some even stayed permanently at 1. Although, from these
results we can only conclude that the two samples, i.e., the raw data and the aggregated
values, are not from two different underlying distributions, it is also a good sign, because it
gives us an indication that most of the aggregated signals are not strongly disturbed with
respect to the original signal for all resolutions. Other signals showed a decreasing p-value
with increasing aggregation time. Still, most of the p-values were above our significance
threshold. This could mean that, contrary to the first group, the signals deviate more and
more with when decreasing the resolution. In the third group of signals, the KS test resulted
in p-values below the level of significance at least once for all turbines. These low values of
p < 0.05 occurred only for aggregation times of 600 s and only once or twice in the whole
set of turbines. Therefore, they do not tell us that the respective signals are always altered
heavily by the aggregation process. However, those data give us hints to signals that can
show short term deviations in their time series that might be annihilated during mean
value aggregation process. Therefore in return, these short term deviations only occur
very rarely—in our case only for one or two turbines. Regarding the voltages, there was
even only one prominent phase. The observed rarity also makes it hard to tell that the list
of signals with eventual important short term deviations is complete. For example: All
voltages should behave in the same manner.

As a conclusion, the KS test revealed deviations for signals of which some fall into
a group of typically fast changing values, such as the wind speed and direction, and the
measured voltages. The other group consists of some rather lagged signals with several
temperatures as well as the yaw angle. These signals might contain valuable information
on short timescales that is lost during aggregation while it might serve as an important
input for future predictive methods such as early fault detection. Finding these short-time
features will certainly be a task for the learning process of such methods. Here, the KS test
might be helpful to identify the interesting signals and time ranges. However, the KS test
falls short of giving quantifiable indications on which resolution to choose.

4.1.3. Local Error Approach

In this section we will address the information loss directly, conducting an analysis
on the bare differences between the raw signal and the signals aggregated over different
aggregation intervals.

Methodology

We defined the information loss as the difference between the original signal and its
down-sampled signal, i.e., the local error, described by the loss function Λ(t)∆tagg . The
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calculation was carried out by further applying the absolute value on the difference, as
described in Equation (3):

Λ(t)∆tagg = |s(t)∆tagg − s(t)∆torg | (3)

In this equation ∆torg is the original or native resolution of the data before aggregation.
The original signal values are defined as s(t)∆torg , the aggregated values as s(t)∆tagg corre-
spondingly. Note that ∆torg = 1 s for the present dataset. Within a sampling window all
values s(t)∆tagg were equal to the averaged raw signal of this window, also known as “value
hold”. Thus, the information loss Λ(t)∆tagg always has the same resolution as the original
data. A representation of the original and aggregated signal is provided in Figure 4.

Figure 4. Exemplary illustration of the information loss Λ(t)600 s of the gearbox bearing temperature
for a temporal aggregation of 600 s and a raw signal in 1 s resolution.

Due to the diverse nature of physical quantities measured by the SCADA system,
the local errors needed to be normalized to be compared across signals effectively. Nor-
malization also facilitated the interpretation of the results, as it allowed to reason about
information losses in relative terms, bypassing the necessity to know the typical operating
range of a signal. In our analyses, the interquartile range (IQR) of the values of the raw
time series was used as the normalization basis throughout the following parts of the
paper if not declared otherwise. The calculated IQR values are listed in Table 4. We chose
this range over other common approaches, e.g., the minimum to maximum distance, to
deal with the presence of unavoidable outliers. At the same time the IQR normalization
could deal with multi-modal signals that might alternate between two regime states, rarely
taking in-between values. Here, working with the the standard deviation could lead to
obscure results.

The analysis was performed on a set of 1000 hours of operation, i.e., approximately
0.8% of the entire data set, that was randomly sampled from the complete time series of all
wind turbines. For this method the time resolutions varied from 5 to 600 s, the latter being
the typical timescale of SCADA data for commercial wind farms.

Results

The resulting normalized information loss function values Λ(t)∆tagg were grouped
into bins of error size. Then, the percentage of data in each bin was calculated, providing us
an overview about the severity of the information loss for each signal after an aggregation
in various resolutions. In Figure 5 the results are presented: each signal was assigned one
bar lined up on the x-axis, colors represent the aforementioned error bins. The margins
of these bins are defined as fractions of the normalization basis. The height of each bar is
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given by the percentage of data in the corresponding error bin. The signals are sorted in
ascending order from left to right on the horizontal axis according to the percentage of data
in the lowest error bin of [0, 0.025]× IQR at the largest aggregation period of 600 s. Each
signal is assigned a number in the bottom-most axes to allow for better orientation in the
upper plots. This representation allowed us to yield an information loss added up from
the local error, to compare different signals, and to determine the most affected signals.
Moreover, it provided a quantification of the fraction of information that was lost for an
assigned resolution for each signal. Tables with the numerical results are provided in the
Supplementary Materials.

Figure 5. Information loss results for all the available signals and various aggregation ranges. Error values are normalized
and discretized into bins, defined as fractions of the IQR value. Colors represent the error fraction bins. Signals are identified
by a number in the bottom-most row for improving the readability in the upper panes.
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Table 4. List of the available signals and corresponding interquartile range values used to normalize
results for comparability. The IQR is defined as the difference between the third and first quartile of
a distribution.

Signal Name IQR Unit

Active power generation 1052.1 kW
Ambient temperature 6.8 °C

Current phase A 843.0 A
Current phase B 842.0 A
Current phase C 838.2 A
Generator speed 804.5 rpm
Grid frequency 0.098 Hz

Pitch angle blade 1 1.6 deg
Pitch angle blade 2 1.6 deg
Pitch angle blade 3 1.5 deg

Power factor 1.998 -
Rotor speed 7.8 rpm

Temperature inside nacelle 12.0 °C
Temperature of gearbox oil 4.9 °C

Temperature of gearbox shaft bearing 1 6.0 °C
Temperature of gearbox shaft bearing 2 8.2 °C

Temperature of generator bearing 1 11.6 °C
Temperature of generator bearing 2 5.1 °C

Temperature of generator stator 6.0 °C
Temperature of main bearing 5.5 °C

Top box temperature 10.9 °C
Voltage phase A 5.5 V
Voltage phase B 6.4 V
Voltage phase C 6.1 V
Wind direction 151.5 deg

Wind speed 4.4 m/s
Yaw angle 153.4 deg

When inspecting the results displayed in Figure 5, it is possible to obtain behaviors of
the signals, such as critical drops of the information content passing from one resolution to
another. Additionally, signals that are heavily affected by information loss can be identified.
Some key observations are highlighted as follows:

• The information loss severity, i.e., the maximum error occurring, varied greatly be-
tween the signals. Certain signals had roughly more than 1% of data with an error
greater than 0.5 IQR , mainly environmental, electrical and control variables, such as
frequency, currents, power factor, wind speed, and pitch angles. However, for the
temperatures of gearbox shaft bearing 1 and the gearbox oil there was also a small
amount of error above 0.5 IQR.

• Generally, temperatures were not particularly affected. Only a fraction of information
was lost for the largest aggregation period. A noticeable exception was the aforemen-
tioned transmission signals, i.e., gearbox shaft bearing 1 and 2 as well as the gearbox
oil temperature, which had less than 50% of the data included in the lowest error
bin at 600 s aggregation resolution and, therefore, underwent a relatively high loss
of information.

• Wind speed and electric signals underwent a drastic loss of information, even at the
short aggregation periods (5 to 30 s). Wind speed data in particular featured only 40%
of the data in the lowest error bin, i.e., an error ≤2.5% IQR.

• Excluding the wind measurements, the pitch angles, electrical characteristics, and
generator and rotor speed, information loss was limited to ≈18% of data with an error
of >0.025% IQR up to an aggregation interval of 60 s. Above this threshold of 60 s
resolution, most signals began to lose a considerable amount of information, as the
shrinking percentage of data in the lowest error bins indicated.
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• Current and active power signals are strongly affected for resolutions above 5 s.
Changing the aggregation from 5 s to 30 s causes a loss of >20% of the total data in
the lowest error bin of [0, 0.025]× IQR. While the amount of data in this lowest error
bin kept decreasing with a further reduction of the resolution, it was not as drastic as
from 5 s to 30 s.

• The typical SCADA data resolution, i.e., 600 s, was not sufficient to correctly represent
wind measurements, electrical signals, and the temperatures of gearbox and generator
components as more than 20%, even >50% for the wind speed, of the data have losses
greater than 0.1 IQR. On the other hand ambient temperature, main bearing, top box
temperature, and yaw angle were barely affected retaining more than 80% of the data
in error bins lower than 0.1 IQR

• Pitch angle values were occasionally affected by large differences between the aggre-
gated and original signal. Approximately 10% of the data manifested losses superior
to 1 IQR, even at short aggregation periods such as 30 s.

• The transition from 150 to 300 s caused a visible drop from approximately 90 to 70%
of the size of the lowest error bin of the generator bearing temperature.

Behavior of Temperature Signals

Temperature signals constitute a special interest subgroup, as they are typically used as
inputs for predictive maintenance to monitor the status of turbine components. Therefore,
we conduct a separate investigation specifically for temperatures. Here, a normalization of
results was not necessary as all temperatures already shared the same physical unit, i.e.,
degrees Celsius.

The results for selected aggregation times are presented in Figure 6. Except for the
error bins now in °C, it is the same representation as in the previous part. All data are
provided in the Supplementary Materials. The following observations are emphasized:

• Up to an aggregation period of 150 s information losses above 1 °C were almost
nonexistent . More than 97% of the data were contained in the [0, 1 °C] error bin. Only
gearbox shaft bearings and internal temperatures had a negligible amount of data in
the second error bin.

• The typical SCADA resolution, i.e., 600 s, could be problematic for the temperatures
of the gearbox shaft bearings, of the gearbox oil, and inside the nacelle, as only 80% of
the data had an error below 1 °C.

• Gearbox shaft bearings and gearbox oil temperatures could occasionally exhibit in-
formation losses higher than 2 °C and more rarely higher than 3 °C for aggregation
periods of 600 s.

Turbine-Dependency

The results of the previous calculation of Λ(t)∆tagg could also be split between turbines,
obtaining a breakdown of the information loss across the whole wind farm, as shown in
Figure 7. This analysis allowed us to verify whether information loss was a condition
imputable to the behavior of single turbines, or rather a generalized phenomenon affecting
all turbines in the farm. Only a selection of temperature signals and resolutions is presented,
the complete results table can be found in the Supplementary Materials. The following
observations can be drawn:

• Not a single turbine or a set of turbines was responsible for the entire amount of
information loss.

• There were variations in the amount of lost information across turbines. For example,
observing the percentage of data of the gearbox shaft bearing temperature with
an aggregation time of 600 s for which the aggregation error was below 1 ºC, the
differences between turbines could vary within a range greater than 20%. In particular
turbines WT04 and WT06 had slightly more than 60% of the data in the lowest error
bin versus turbine WT02, WT03, and WT11 that had approximately 90% of the data
within the 1 ºC error range.
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• The differences between turbines were principally only visible for transmission re-
lated signals, i.e., gearbox oil and gearbox shaft bearing temperatures. For all other
temperatures differences between turbines were not noticeable, as information losses
were overall very limited.

• Aggregating the signal at a lower, yet still coarse time resolution, i.e., 300 s, reduced
the differences between turbines. The variation range was closer to 10% in this case.

• While shorter aggregation periods reduced the differences between turbines, it did
not change the relative impact of information loss within the wind farm. This means
that the most affected turbines at 300 s aggregation were also the ones showing greater
losses at 600 s.

Figure 6. Information loss of three exemplary temperature signals for selected aggregation resolutions.
Error bins are temperature intervals measured in degrees Celsius.

Figure 7. Information loss results subdivided into all wind turbines for the temperatures of Figure 6.
Two time resolutions are provided: 300 s in the top row, 600 s in the bottom row. Error bins are
temperature intervals measured in degrees Celsius.
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Seasonality-Dependency

Furthermore, the results could be divided into subgroups of the month of the year, as
the information loss behavior may vary along the seasons due to environmental conditions
such as the wind. Figure 8 shows the variation of information loss for temperature signals
throughout the year. Each month was assigned a bar, error bins and aggregation resolutions
were set as in previous figures. Results for signals and resolutions not included in the
figure are provided in the Supplementary Materials. The results show:

• A seasonal variation in the amount of lost information was visible for gearbox oil and
gearbox shaft bearings temperatures. For the 600 s aggregation period, the percentage
of data having an error below 1 °C decreased by approximately 10% between summer
and winter months.

• The highest losses were registered during the months of November, December, and
January when the percentage of data below 1 °C error was around 70% and 80% for
the gearbox shaft bearing 1 and gearbox oil temperature respectively.

• It must be pointed out that the temperature of the gearbox oil and of the gearbox
shaft bearings had a non-negligible error above 2 °C that slightly increased during the
winter months.

• This seasonal dependence was also present for resolutions of 300 s, 150 s and, partly,
60 s. Due to the very low overall error, it was no longer visible for higher resolutions.

• The rest of the temperature signals were much less affected by seasonality and infor-
mation loss in general. No clear differences between summer and winter months were
seen in our analysis.

Figure 8. Information loss results for all turbines partitioned by months. Two time resolutions are
provided: 300 s in the top row, 600 s in the bottom row. Error bins are temperature intervals measured
in degrees Celsius.

Discussion

Within the scope of our local error approximation, wind measurements and electrical
signals are largely affected by a loss of information both at short and long aggregation
periods. A certain cause for this behavior is the high variability of these signals. For
temperatures, on the other hand, much less error is induced by aggregation. For example,
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the temperature of the main bearing has more than 90% of the data with an information
loss between 0 and 0.025 IQR. Thermal inertia most likely play an important role, such that
the data already undergo an intrinsic reduction of the dynamics. Within all investigated
temperature signals, the gearbox and generator sensors are noticeable exceptions, as they
show a substantial loss of information having less than 50% of the data within the smallest
error bins for 10 min aggregation. Figure 5 not only helps to quantify information loss
within different signals, but also determines which measurements are most critical and
thus require shorter aggregation periods.

The information loss phenomenon is relevant since it affects all turbines, as Figure 7
shows. Some turbines are affected more than others (WT04 and WT06 in the example), but
overall all turbines show information loss. Moreover, knowing that some turbines are more
affected than the others can be useful for modeling the behavior of the whole wind farm. In
fact, these differences could indicate an existence of diverse behaviors within the turbines.
However, these strong differences between the turbines within our data might also boil
down to our randomly chosen sample size of 1000 h resulting in merely an average of 84 h
per turbine.

It is further observed that information loss referred to transmission related tempera-
tures is affected by seasonality. Figure 8 shows signs of such effects. For the gearbox oil
and gearbox shaft bearing temperatures, an increase of 10% in the data of the [0–1 °C] error
bins of the winter months with respect to the summer could be related to the variability
of environmental conditions. Lower and stable wind speeds lead to lower variations in
operating conditions and, consequently, less dynamics in the form of steep gradients in the
temperatures of the gearbox. This results in less differences between the original and ag-
gregated signal. Similarly, differences in external temperatures might increase or decrease
the gradients of component temperatures. Figure 9 shows the wind speed and ambient
temperature along the year for an exemplary turbine WT05. Note that almost identical
profiles are observed for the rest of the farm. As expected, summer months are warmer,
but also the range of variation as well as the average value of wind speed is lower when
compared to winter. This supports the assumption of an influence of the environmental
variability on an increase in information loss.

Figure 9. Boxplots representing wind speed (left) and ambient temperature (right) of an exemplary
turbine (WT05) along the year.

In conclusion, the choice of the aggregation period for each signal is subjected to a
benefit-costs analysis in which the ultimate use of the signal as well as data storage and
transmission costs play a contrasting role. However, to detect pre-failure states higher
resolution might be needed as anomalies could manifest themselves on shorter timescales.
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With all these considerations, wind related measurements should be stored at the highest
frequency possible since their dynamics is particularly fast and the lost information are
useful for any fine-grained analyses that takes the wind behavior into consideration. A
similar recommendation can be given for electrical signals that accumulate a visible amount
of information losses for resolutions above 60 seconds. Temperature signals are less affected
by the phenomenon of information loss upon aggregation. Consequently, they can safely
be stored at lower frequencies, even though the standard SCADA resolution of 10 min is
not recommendable. Concluding from the investigations, at least 150 to 300 seconds should
be preferred.

4.2. Q2: Do External Conditions Have an Effect on Information Loss?

Knowing that operating conditions of turbines vary considerably both on short, i.e.,
hours, and long timescales, i.e., months of the year, an analysis of the relation between
information loss and external conditions is presented. As wind speed is one of the most im-
portant parameters governing turbine operations, the analysis focuses specifically on this.

The objective is to characterize the behavior of the information loss with respect to
the wind speed. We answer the questions whether certain wind conditions cause larger
deviations in the aggregated signal and, if so, what the expected range of information loss
is. Then, the behavior of different signals is compared to analyze possible shared patterns—
such as certain wind speed regions—for which most signals show large variations in
information loss.

Methodology

To capture the influence of wind conditions, the information loss results were divided
into bins of wind speed with a size of 0.5 m/s. This value is commonly used to group data
for power curve calculations and analyses of the turbine behavior [42].

Two complementary perspectives on the problem were proposed. The first attempts
to capture the overall behavior of the available signals, with the objective to determine
shared trends. This was accomplished by sorting the results of Equation (3) by wind speed.
For each bin the mean value of information loss was computed. Like throughout the
rest of the paper the IQR was used as the normalization basis. The second perspective
is a detailed representation of the span of information loss per wind speed bin for each
individual signal, providing an estimation of the range of variation. The range defined
by the 5-95th percentile of the distribution was calculated for the different signals and for
each wind speed bin. For this analysis the sign of the deviations from the original signal is
relevant and must be preserved. Thus, Equation (3) was modified to Equation (4), where
the direction of the difference between aggregated and raw signal is no longer omitted,
resulting in a newly defined signed information loss:

Λ±(t)∆tagg = s(t)∆tagg − s(t)∆torg (4)

Results

The normalized results of the mean information loss for each signal are represented in
Figure 10 in the form of a heat map, such that signals can be easily compared to each other.
The horizontal axis shows wind bins with a width of 0.5 m/s, the vertical axis lists the
signals. The magnitude of the mean information loss for a given condition is determined
by the color of the cell. Notice that the color scale is capped to a value of 0.25. Otherwise,
i.e., with a full scale, the grid frequency and wind speed error values would completely
mask variations in the rest of the signals. Additionally, the signals of the pitch angles are
not included as they show a very large variation, augmented by the low value of their
IQR. For analyzing the behavior of these signals please refer to Figure 11. Results for all
temporal resolutions are available in the Supplementary Materials.
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Figure 10. Heat map of the mean average of the aggregation error value per wind speed bin. Signals
are normalized by the IQR and the color scale is capped to avoid grid frequency and wind speed to
hide the behavior of the other signals.

From an overall perspective it can be noticed that active power, all currents, gearbox
oil, and gearbox shaft bearing temperatures were characterized by a quite large mean
information loss of 0.12 to 0.2 IQR for wind speeds ranging from 7 to 12 m/s. This range
corresponds to the upper part load region of the power curve. Other signals follow that
trend but had less pronounced maxima here such as the power factor, the temperature of
the generator stator and the voltages. Albeit, the voltages showed another maximum for
high wind speeds around 25 m/s. Another group of signals with the rotor and generator
speed as well as the temperature within the nacelle were characterized by overall lower
average losses and their maxima were located around wind speeds between 5 and 7 m/s
just above the typical cut-in wind speeds of wind turbines. The frequency value had
the maximum error outside the range of our heat map. However, its red band shows
us that most information was lost in the operating region of the turbine from 2.5 up to
20 m/s. The wind speed itself had most of its information lost for high wind speeds.
The remaining signals had a much lower span of variation of their information content.
Therefore, no critical wind regimes could be easily identified. Overall, Figure 10 clearly
shows that there were shared patterns in information loss between signals, but these were
not unique. Some signals had larger information losses during the transition toward
nominal power conditions, others were more affected at lower wind speeds, others again
for high wind speeds, and finally certain signals were barely affected by changes in the
range of information loss.

A second perspective focuses on the quantification of the the expected range of
variation of information loss. Thus, the 5–95th percentile of the distribution of the signed
local error and the mean value were sorted into the same wind bins of 0.5 m/s already
used above for different levels of signal aggregation. The results for all available signals are
represented in Figure 11. Values of information loss are reported in the native units of the
signals without any normalization, allowing for an easy interpretation of the results. The
plots further allowed us to visualize the typical profile of information loss with respect to
the wind speed. Additionally, it was possible to quantify the extreme range of variation of
the information content that can incur as a consequence of aggregating signals. Figure 11 is
organized into subplots in which each individual signal has its own subfigure. The wind
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speed is assigned to the x-axis measured in m/s, on the y-axis the values of the signals in
their original units are reported. Positive values indicate that the aggregated value is above
the raw data, negative values the inverse, respectively. The dashed lines correspond to the
values of the 5–95th percentile for each aggregation level in different colors.

Figure 11. Line plots of the range of variation of information loss for the available signals over wind bins of 0.5 m/s width.
The lower and upper dash lines represent the 5–95th percentile of the distribution. Solid lines represent mean values. The
different colors denote the various aggregation periods that have been analyzed. All signals are not normalized, the y-axes
are in natural units. For a less overloaded presentation, the axes do not feature any unit labelling. Please refer to Table 4 for
the units of this plot.

5.2 Quantification of the Information Loss in SCADA data 101



Appl. Sci. 2021, 11, 8065 22 of 30

The first observation to Figure 11 is that range of the variations in information loss
always increased with the aggregation time. Some signals, in particular grid frequency,
ambient, and main bearing temperature, showed little variation over the entire range of
wind speed values, the span of the 5–95th range was almost constant for all wind conditions.
All other signals had visible variations in their information loss ranges and their mean
values oscillated around zero. As it can be seen from the dashed lines, there were some
instances for which the difference range between the original and aggregated signal was
particularly large, even pronounced peaks could be obtained: Those peaks can either be
symmetric around 0, e.g., for all temperatures, or asymmetric, as was the case for the active
power, the pitch angles, the currents, and also slightly for the voltages.

The error range was prominently large for the active power for wind speeds between
6 and 12 m/s and aggregations of 300 to 600 s with an information loss between −400 kW
and 400 kW. Currents also varied heavily in that wind speed region with an information
loss span between−400 and 300 A. Additionally, in the same region, temperatures had their
maximal variations, in the case of the gearbox shaft bearings as high as−3 to 3 °C. However,
little to no variation is seen for the main bearing temperature whose range of variation is
between −0.20 and 0.35 °C. For signals such as rotor, generator speed, and the temperature
of the generator bearing the range of variation of information loss was high for lower wind
speeds. It was greatly reduced and constant once at nominal operating conditions with
wind speed above 12 m/s. The highest error range could be observed for very low wind
speeds below 5 m/s. Additionally, for pitch angles the error is extremely high with −15 to
10 deg for these low wind speeds. A similar trend of an almost constant error range for
wind speeds above 12 m/s could be seen in most of the temperatures. Though, especially
for temperatures related to the gearbox the transition to this constant regime was much
smoother and the span of the range approached low values only for very high wind speeds,
i.e., winds above 20 m/s. While most signals showed large variations around the transition
phase towards nominal power, a noticeable exception was the wind direction that varies
greatly between −75 and 75 degrees for wind speeds around 0 m/s and stabilized between
−25 and 25 degrees for wind speeds above 5 m/s. A further prominent observation was
the error of the pitch angles for wind speeds between 5 and 10 m/s where it stayed almost
at 0.

The error of the wind speed itself increased steadily with increasing wind speed.
Furthermore, the mean value of the error decreased, meaning an underestimation of the
wind speed upon aggregation.

As a general additional remark: For aggregations up to 60 s the variation of informa-
tion was low compared to aggregations of 300 to 600 s. As an example, in the case of the
gearbox shaft bearing 1 temperature, information loss spanned well below −1 and 1 °C for
aggregations up to 60 s, whereas for 600 s aggregation this range varied between −3 and
3 °C.

Discussion

The two analyses show that for the wind speed dependence of the information loss
there is no shared pattern between all investigated signals. Nevertheless, we identified
regions where maxima of the error due to aggregation can be located within the signals
investigated: Below the operational regime, i.e., <5 m/s, in the transition state of the turbine
from around 6 m/s to 12 m/s, and in the cut-off region above 25 m/s.

In the first region, the turbine is typically either in idle state, turned off, just starting
up, or right after shutting down. The error in the generator and rotor speed most likely
is caused by this start-up/shut-down transition. The asymmetry of the error in Figure 11
supports this assumption as the error for lower values of <3 m/s is positive, i.e., the
aggregation value is higher than the raw value. This behavior is the consequence of the
rotational speed going down. In this particular case, also the pitch angle might be part of
the transition to an idle state as the asymmetric behavior is the same with the opposite sign.
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The complete shutdown sequence might, however, contain important information about
the health of the system that is lost by aggregation.

The second region, corresponding to the part load region of the power curve is critical
for various signals. As this is a transition phase from idle condition to the full power
regime, the turbine behavior is highly dynamic, leading to short term variations in the
operational data. Therefore, aggregated and original signals diverge considerably. The
asymmetry of roughly 5 m/s in the error span and the mean of the active power, currents,
and also voltages in Figure 11 shows a general overestimation of the raw data values
around 7 m/s and an underestimation for higher values around 12 m/s.

In contrast, for signals like main bearing, top box, and ambient temperature as well as
the yaw angle there are no regions with large information losses. The range of variation is
almost constant along the whole wind speed range. The span curves of Figure 11 might be
misleading here: The error ranges are mainly below 1 °C. For a control parameter like the
yaw angle this might be due to the fact that it is not directly connected to any operational
state. Nevertheless, it is quite surprising that even some temperature signals of bearings
do not exhibit a maximum in this dynamic transition region. One reason is most probably
the thermal inertia of the material, especially for large bearings.

There is a further group of signals with the voltages that have a higher information
loss also for very high wind speeds, i.e., above 25 m/s. Here, the cut-out process of the
turbines could be the main influence. In the same region also the yaw angle has an error
maximum. Information about the cut-out process will, therefore, be lost, when aggregating
the data in low resolutions. Again other signals, such as wind direction, rotor and generator
speed, and the temperature inside the nacelle have their highest errors for low wind speeds,
i.e., below 5 m/s. In this region the wind direction changes more often. The errors in
the generator and rotor speed most likely result from the turbine turning up or down.
However, this might contain important information about the health of the system. The
wind speed itself carries increased error with increasing wind speed. Its simultaneous
increase in underestimation by aggregation is most likely caused by sudden bursts of wind
that barely contribute to an aggregated mean value.

These observations provide useful insights on the behavior of turbine signals un-
der specific wind conditions. In particular, they show that the accuracy of aggregated
measurements is not independent from wind conditions. Gearbox behavior, for example,
can vary visibly within the part load region of the power curve. Higher frequency of the
data would be more appropriate to monitor and characterize these operating conditions.
Figure 11 complements the analysis providing a quantification of the information loss for
the different signals at various time resolutions.

The two complementary perspectives allowed to determine critical conditions during
turbine operations. Various signals show a large fraction of the aggregation error concen-
trated for the part load and upper part load regions of the power curve. Moreover, while
the aggregation error might be negligible for some signals, such as the main bearing and
ambient temperature, for others, in particular active power, currents, and gearbox related
temperatures, this error must not be ignored. Decreasing the length of the aggregation
period to a value between 60 to 150 s greatly helps reducing the maximum extent of infor-
mation loss range, maintaining a limited discrepancy between aggregated and raw signal.
Moreover, knowing the link between wind speed and error provides relevant knowledge
for improving the design of models aiming to describe turbine behavior.

4.3. Q3: What Is the Recommended Aggregation Frequency?

To find the optimal trade-off between minimizing the data footprint and preserving
enough information to model and assess the turbine behavior, it is necessary to study the
relation between information content and aggregation frequency. By knowing the behavior
of an information loss over resolution it is possible to determine the critical aggregation
time for a given signal, after which a great part of the information is inevitably lost. Thus,
these information can be used to chose a suitable data storage solution.
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Methodology

To address this relevant question the following methodology was used, that is also
summarized in Algorithm 1.

Algorithm 1: Determination of the maximum aggregation time allowed for a
prechosen tolerable information loss of a signal.

Data : s(t)—Signal values time series
Input : Λmax—Tolerable information loss

Pmin—Minimum amount of Λmax in data
Tagg—List of possible aggregation times

Result : P[∆t]—Information loss amount per aggregation time ∆t
∆tmax—Maximum aggregation time allowed

begin
for ∆t in Tagg do

Calculate Λ(t)∆t from data s(t);
nall := count all timestamps t in Λ(t)∆t;
ntolerable := count all timestamps t in Λ(t)∆t where Λ(t)∆t ≤ Λmax;
P[∆t] = ntolerable/nall;

end
∆tmax = max ∆t in P[∆t] where P[∆t] ≤ Pmin;

end

First, a maximum tolerable error Λmax and a minimum amount of data points Pmin
with an error lower than this error was defined. As we wanted to compare our results
to each other, we used IQR normalized signal values. Therefore, Λmax must be given
in a percentage of the IQR. Of course, if only one signal was investigated this tolerable
information loss could also be defined in real units.

Then, for each signal s(t) and resolution ∆t out of a list of possible aggregation
resolutions Tagg, the information loss Λ(t)∆t was calculated as defined in Equation (3). This
allowed us to determine the percentage P[∆t] of data having an aggregation error lower
than the chosen threshold. Thereafter, the maximum aggregation time ∆tmax could be
derived by finding the highest resolution possible for P[∆t] ≤ Pmin. Of course, the choice
of the maximum error threshold had to take into consideration the final use of the data as
well as the marginal cost of storing additional information.

Results

For Figure 12 we chose various tolerable error thresholds that define our closed error-
bins [0, Λmax], see legend, and analyzed the available signals for a resolution range varying
from 0 to 600 seconds. The horizontal axis shows the time resolution in seconds. On the
vertical axis the percentage P[∆t] of data having an aggregation error lower than the error
threshold is represented. We further chose a reasonable minimal amount of Pmin = 80% for
further evaluation of the curves, indicated by a dashed line. As the figures do not share
the same scale on the y-axis, it also facilitates a better orientation. Numerical results are
available in the Supplementary Materials. The resulting curves show the information loss
amount over resolution and lead to the following observations:

• There existed different behaviors depending on the nature of the signals. Some
signals followed an “elbow curve” trend, whereas others—these include mainly
temperatures—showed a more linear decay or no decay at all in information loss.

• The steepest drops were associated with wind speed and its direction, such that even
short aggregation periods had less than 50% of the data below the 0.1 and 0.025 IQR
error threshold respectively. Electrical signals, grid frequency in particular, also had
clear drops in accordance with the results obtained in Section 4.1.3.
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• Within the temperature signals, the ones related to the gearbox showed significant
information losses at 600 s resolution. More than 25 to 30% of the data were above the
0.1 IQR error threshold.

• The inflexion point, i.e., the point of the strongest change in the slope, of the elbow
curves indicates the aggregation period above which most of the information in the
signal was lost. It can be seen that for most signals this inflexion point, for this specific
error threshold, lay between 100 and 200 s.

• The higher the tolerable error was, the longer the optimal aggregation periods size
could be, as the inflexion point moved towards larger values. This was explicitly
shown by the rotor speed and grid frequency signals.

Discussion

Figure 12 is a proposed method for choosing the ideal resolution for turbine signals. It
allows to determine the optimal resolution of a signal with the definition of a maximum
error Λmax and the minimum percentage Pmin of data that should not exceed this limit. The
inflexion point that is visible for most curves determines the aggregation period, above
which most of the information and details of the dynamic of the signals are lost. This
allows to determine a sweet spot for SCADA data storage, allowing to reduce memory
footprint of the data without excessive compromises on data quality.

Moreover, the comparison of the profiles of the various curves allows to determine
differences in signal dynamics. Signals with inflexion points at low aggregation periods are
characterized by faster dynamics. Wind speed, wind direction, and grid frequency have
a drop for aggregation periods below 10 to 100 s, after which the rate of information loss
with respect to the length of the aggregation period remains almost constant and greatly
reduced. Accordingly, most short-term information is contained on very short timescales.
Voltage and current measurements have their inflexion point at lower resolutions between
100 and 300 s, depending on the threshold set for the maximum tolerable aggregation error.
Other signals, namely temperatures have a different behavior. Instead of elbow curves
they show a more linear decay or even no decay at all such as for the main bearing, whose
percentage of data below the lowest error threshold, i.e., [0,0.025 IQR] is not lower than
95% even for a 600 s aggregation period.

The choice of the acceptable error Λmax and the percentage Pmin are highly dependent
on the usage of the data as well as the economics of collecting, storing, and processing
high volumes of data. Choosing a more restrictive error threshold moves the inflexion
point towards lower values of the aggregation period size, but increases the amount of
memory necessary to store information. Nevertheless, the proposed methodology allows
to take informed decisions on the strategy to store and aggregate SCADA operating data.
Moreover, insights concerning the dynamics of the different signals can be inferred by
studying the profiles of the signal curves.
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Figure 12. Relation between temporal resolution of the aggregated signal and percentage P[∆t] of data below a given error
thresholds. Multiple error limits Λmax are represented with different colors, see legend. The scale of the y-axis is not fixed
to magnify changes in signals. A black horizontal line is drawn for a value of 80% of the data to improve readability and
comparison of the different plots. Labelling of the axes was omitted for a less overloaded presentation: The x-axes denote
the time resolution ∆t, the y-axes the data percentage P of data inside [0, Λmax] .
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5. Summary and Conclusions

This study has aimed to explore the information contained in high frequency SCADA
data to determine characteristics and limitations of wind turbine SCADA data. The main
goal of this contribution has been to quantify the information lost due to temporal aggrega-
tion of operating data, as this data is usually only available as 10-min averaged values.

Simple methods such as the calculation of a set of descriptive statistics and the
Kolmogorov–Smirnov test of the original and aggregated signal haven been carried out.
Both methods, though, do not provide a clear picture of information loss. Although they
show resolution-critical signals, they fail to provide any quantification of the effect of signal
aggregation or indications that help to choose the optimal resolution for the signal.

To address this limitations a framework for information loss study has been elaborated.
The results of this method highlight wind data and electric signals as heavily affected by
information loss with less than 50% of the data with error below 2.5% of the interquartile
range of the data. Temperature signals are generally less sensitive to aggregation, with
the noticeable exceptions of the temperatures of the gearbox that show similar losses
to the electrical signals. The presented framework allows to rank and determine the
expected information for each signal and a certain aggregation period. A study of seasonal
behavior has revealed that for signals measured at the gearbox, i.e., gearbox oil and gearbox
shaft bearing temperatures, the information loss only varies approximately 10% between
summer and winter months. Information loss is a phenomenon that affects all turbines of
the analyzed wind farm, but variations in the aggregation error are seen between turbines.

Besides these approaches that pool together the whole operating regime, also the
effect of wind speed on information loss has been investigated. Our study reveals that for
various signals, temperatures in particular, ramping up from a stopping to rated power
state causes the largest variations in the extent of information loss. Variations of an error
in a 10 min aggregation interval of up to 400 kW for the active power, up to 400 A for the
currents, and up to 3 ºC for the main bearing temperature are the most noticeable examples
of this investigation.

In addition to these considerations, a methodology to choose the optimal signal
resolution is provided. To comply with stricter conditions in terms of maximum acceptable
error the period of aggregation of the signal should be reduced, requiring larger resources
to handle and store the signal.

In conclusion, this research delves into the limitations of typical 10-min SCADA oper-
ating data, investigates the effect of data aggregation and provides methods to determine
the amount of information that is lost. Wind and electrical signals, and to a less extent
temperatures of the gearbox are heavily affected by information loss and should, therefore,
be stored at high resolutions of 1 to 5 s. The typical SCADA data resolution of 10 min is
not sufficient to capture the dynamic behavior of these signals. The differences between
the original and aggregated signal could negatively impact the performance of predictive
algorithms and models describing normal turbine behaviors. Knowing the limitations of
SCADA is also useful to explain the shortcomings of turbine models. Smarter SCADA
data aggregation policies should be considered taking into account the issue of information
losses on the various signals.

Future works on this topic can attempt to quantify information loss in terms of local
minima or maxima that are lost due to aggregation. This would give further insight into
information loss on the signal dynamics. An approach might be the application of Fourier
transform to the data to study changes in its dynamics. However, fast changing signals,
in particular wind speed, might vary too randomly, eventually making it very difficult
to isolate meaningful frequencies. Still, careful filtering during analysis could lead to
beneficial discoveries. For further investigations on the effects of external conditions, apart
from the wind speed, it might also be important to look at other influences such as the
extent of information loss under wake effects, i.e., turbulent conditions. Moreover, the
case-study nature of this research does not allow to extend our conclusions to the entire
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universe of wind turbines, as the effect of geographical position of the wind farm, different
turbine manufacturer, and technology could not be addressed.

Apart from these theoretical outlooks, it will additionally be necessary to quantify the
impact of an information loss to actual analyses working with aggregated data. Although
an aggregated signal might have 95% of its data with a very low information loss, the
interesting operating state of a turbine could be hidden within the remaining 5% and
might, therefore, be irreversibly lost. Consequently, regarding, e.g., early fault detection,
a focus should be set on the question if and how early a failure is detectable with a
certain resolution.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/app11178065/s1: Data Compilation S1: data for all results of Section 4.1.1 as partially displayed
in Figure 2, results of the KS test of Section 4.1.2 as partly shown in Figure 3, all resulting data of
Section 4.1.3 that is shown in Figure 5 and partly in Figures 6–8, the data of Figures 10 and 11 in
Section 4.2 for multiple temporal resolutions, and the data of the line plots of Figure 12 in Section 4.3.
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6. Conclusions

6.1 Summary
The wind energy industry is living a rapid and growing expansion thanks to the recent improve-
ments in the technology which allowed to drive down LCOE, and the strong resolution of Gov-
ernments and energy companies to move towards a renewable and sustainable energy sector.
Nonetheless, important challenges regarding turbine maintenance and monitoring are still open.
Considering the upward trend of offshore wind installation, optimized maintenance strategies
become even more important, as logistics and organization of maintenance intervention are espe-
cially complicated in the open–sea.

The last decade has seen a growing demand of data–based predictive strategies in the wind energy
field. Both Academia and the industry have realized that scheduled periodic checks of turbines
are not enough. The harsh operating conditions, the innate variability of the wind resource, more
demanding grid codes (and associated fines), and the costs caused by unexpected failures are all
incentives to invest in continuous monitoring and optimization of maintenance logistics.

As presented inChapter 2multiple sources of information are available tomonitor wind turbines.
A noticeable trend in recent years is the rise in the utilization of SCADA data as the basis for mon-
itoring systems. This thesis aims to design predictive maintenance strategies that are good fits for
the necessity of the wind energy industry. The important characteristics of effective maintenance
are captured by the following criteria.

Intepretability is important to ensure that predictions turns into actionable insights thus driv-
ing better maintenance. Scalability is needed due to the wide diversity of technologies available
in the wind energy field. Multiple manufacturers and models are available on the market and it
is common for a windfarm operator to have more than one brand of turbines at their disposal.
Modularity is required due to the complexity of the failure patterns in wind turbines. Being very
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complex electro–mechanical assemble, wind turbines require a flexible and extensible solutions
to capture different failure signatures. Reliability of predictions is needed to minimize mainta-
nence costs, the number of false negatives and false positives must be kept low in order to better
schedulemaintenance andminimize expenses. Finally, the availability of data is a crucial point in
the implementation of predictive maintenance in the industry. Vibration, acoustics and current
signature sensors are hardly justifiable —due to their high costs— for turbines approaching the
end of their lives. SCADA data instead is a much more compelling solutions as it does not require
installation of additional sensors.

The literature review presented in Chapter 2 analyzed the different type of data and models that
have been used in other researches. The following shortcomings have been identified:

1. Incomplete utilization of the data available and rare mix of multiple sources of information.

2. Results are typically obtained on small datasets or using simulated data.

3. Limited availability of results tested on multiple turbine technologies and diverse operating condi-
tions.

4. Lack of materials addressing qualitatively and quantitatively the limitations of SCADA data.

All these problems are addressed in this thesis. The developed predictive frameworks attempts to
make the best use of the available data and provide robust solutions for the industry by validating
results on large and diverse datasets.

InChapter 3 the advantages of using ensemble methods to combine different sources of informa-
tion —SCADA and alarm data— is demonstrated. Information fusion is not a new topic, in fact it
is well known and widely applied in other contexts, but it is rare to find wind turbine application
combining multiple sources of information. Combining alarms and SCADA data is a relatively
easy solution to improve predicting performances of algorithms. It can lead to more interpretable
results, especially when compared to solutions based solely on complicated algorithms focusing
on a single data source.

The potential of ensemble methods is further explored in Chapter 4. Two publications using
ensembles to combine various algorithms —fitted on the same set of data— are presented. The
appeal of ensembles is justified by their flexible and extensible nature, it is easy to include ad-
ditional algorithms capturing different characteristics of the data and balancing interpretability
against predicting performances.
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Moreover, multiple predictive paradigms have been investigated in Chapter 4. Namely, informa-
tion has been extracted by monitoring the behavior of turbines through times, but also making
comparisons within turbines in the same windfarm. The constantly retrained normality model
used in 4.2 is an example of a solutionwhich is able to detect trends in time series data, and gradual
degradation of components’ conditions. Whereas, anomaly detection models and analysis of sta-
tistical indicators are good options for detecting differenceswithin turbines in the samewindfarm.
Thus, spotting those turbines that behaves differently from the rest. These are complementary ap-
proaches to tackle the same problem; Ensemblemethods allow to benefit from the advantages and
limit the shortcomings of each individual approach.

All the mentioned results have been proven on real datasets coming from multiple windfarms
composed of a vast selections of the most common turbine brands on the market (Vestas, Acciona,
Siemens Gamesa, Nordex, Senvion, Enercon). The performance results have been obtained track-
ing and evaluating metrics on multiple years of operation, in order to provide a faithful and re-
liable estimation of prediction performances. Moreover, these solutions have been included in
SMARTIVE offering and tested on pilot and commercial projects with large energy industry com-
panies. Algorithms have been utilized to monitor entire windfarm fleet composed by hundreds
of assets located all around the world.

Another important aspect is the attention towards scalable and automatic predicting solutions.
In particular, unsupervised models and algorithms characterized by limited preprocessing, are
preferred to supervised approaches —such as fault classifiers. This decision was driven by the
burden that data labeling and preprocessing imposes on model scalability. Supervised models
can be a good solution in presence of reliable and standardized events data —which can be used
to assign labels and identify failures. Unfortunately, having good work order logs is rare in the
industry. Events logs, unlike SCADA data rarely follow standardized guidelines. Logs may vary
a lot between different manufacturer, operators, and sometimes even windfarms. The formats
of the data is rarely designed using machine–readable standards. Finally, the predictions of a
classifier are not always easy to interpret.

The last important contribution of this work regards the discussion on the limitations of SCADA
data that is presented inChapter 5. Other authors have discussed and documented the shortcom-
ings of SCADA, but very few quantitative estimations are available. The presented article devel-
oped a quantitative framework to assess the amount of information that is lost due to SCADAdata
aggregation. Moreover, this framework was used to determine the impact of wind speed on the
the information loss, and characterize the relation between aggregating resolution and informa-
tion content. On one hand, the article shows that the typical time resolution of SCADA data (i.e.
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5-10 minutes) is not able to characterize fast changing signals, such as wind–related or electrical
measurements. In these cases logging the minimum or maximum value within the aggregation
period can be useful to characterize relevant aspects of the signal. The framework that has been
developed can be a useful tool forwindfarmoperator to take better decisionswhen it comes to data
storage policies. Considering the growing importance that SCADA data is taking in the predictive
maintenance field, the balance between data footprint and richness of the information should be
reconsidered.

6.2 Suggestions for Future Works
Various lines of investigations can be built upon the results of this thesis, the most significant are
mentioned in the following paragraphs.

• Information from work order logs, oil analyses, etc. can be incorporated to the predictive
framework presented in Chapter 3. This data sources might provide additional comple-
mentary information to assess the status of turbine components.

• Alternative ranking schemes and ensemble methods can be investigated. In this work sim-
ple approaches have been proposed but proportional weights to indicators can be assigned
based on prior expert knowledge. Alternatively, in the presence of reliable labels it could
be useful to train a meta–classifier assigning weights to base indicators based on historical
performances.

• The proposed frameworks can be used to assess the status of other turbine components.
In particular, the study of the transformer and pitch system is recommended giving the
importance of both system in turbines’ operations.

• The information regarding the health status of a turbine can be fed to fault-tolerant con-
trolling algorithms. In this way, the asset may be maintained in operation at lower load
conditions, without further compromising its conditions. This would be particularly in-
teresting considering the amount of time that is often needed to schedule and complete
corrective actions on main components of turbines.

• The investigation regarding limitations of SCADA data can be expanded, taking into ac-
count details that have been neglected in 5.2. The effect of environmental conditions and
different turbine technologies can be studied determining the sensitivity of information
loss to these parameters. Another compelling question might be the impact of information
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loss on the capability to assess turbine conditions. In other words, coarse aggregation of
SCADA data might be limiting the capability of detecting failures early in wind turbines?
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Introduce a methodology to define the root cause of turbine failure. This
objective is achieved:

 Applying statistical analysis on SCADA data to better understand the
operating condition of wind turbines.

 Providing a statistical framework for the investigation of fault causes.

 Improve the explicability of fault detection algorithms.

Many solutions are available to monitor turbines. One of the most promising
is the usage of Supervisory Control and Data Acquisition (SCADA) system data,
because, unlike vibration based systems such as Condition Monitoring Systems
(CMS) or acoustic emission analysis (AE), no additional sensors are required to
be installed. While many researches investigated algorithms for fault
detection, not much has been done for the prognosis of the fault and improve
the explicability of the models used. This study presents an effective
methodology to determine the root cause of wind turbine failure. Statistical
hypothesis testing is applied to changes in the correlation of a group of
variables that model the behavior of key components such as generator or
main bearing.

The output consists in a matrix in which the correlation change for each couple
of variable is evaluated. It can be seen that the couple of variables that are
changing are mainly temperature of components related to the gearbox or to its
refrigeration system.

PO.268
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The results were obtained analyzing three years of SCADA data from more
than thirty turbines from different windfarms, replacements of major
components such as gearboxes and generators were identified.

SCADA readings of wind 

turbine and events 

database

Events database is

analyzed to find the most

critical events

Reduced data set 
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describe the system
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Figure 2: Comparison before and after the replacement of the gearbox, using one month of data 

Figure 3: Comparison of faulty turbine VS the rest of the park, before the replacement of the 
gearbox

 Central hypothesis: certain couples of variables are able to represent the
health status of the key components of a wind turbine.

 The correlation between these variables changes when the machine is
working under anomalous conditions.

 It is possible to observe statistically significant changes before the turbine
undergoes important maintenance.

 This methodology can be expanded and used as feature selection for fault
classifiers and root cause analysis of wind turbine faults.

1 W. Yang, R. Court, and J. Jiang, “Wind turbine condition monitoring by the approach of SCADA data analysis,” Renew. 
Energy, vol. 53, pp. 365–376, 2013
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Figure 1: Schema of the proposed workflow
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• Demonstrate that expert knowledge together with powerful machine 
learning and AI algorithms produce the best results for failure prediction 
using SCADA data.

• Evaluate the hypothesis that fault signatures present in historical data are 
useful to detect current faults and anticipate future failures. 

• Show that taking care of the health of SCADA data as well as forensic 
analyses of main faults and failures are the first steps to build AI algorithms 
and Big-data strategies to get value from data.

ACCIONA has a very ambitious program “Turbines for Life” whose objective is
to improve operations applying procedures coming from the aeronautical
sector to achieve the goal of keeping the turbines spinning for their entire
lifetime.

SMARTIVE is a company specialized into failure prediction by means of
algorithms and data analysis. We support ACCIONA in their ambition. We work
with algorithms to predict failures. The past two years we have worked in
different projects building prediction modules obtaining outstanding results.
Together with ACCIONA we have tested the system in 100 wind turbines.

Test setup:

• Training Data: 204 to 2015

• Test data: 2016

• 3 Wind farms and technologies

• 100 WTs (50 G47 + 16 AW3000 + 34 AW1500)

• Daily predictions with 30 days of anticipation

Results: 10 out of 13 detected events (77%)

• GBOX failure: 5 out of 6 (83%)

• Generator failure: 5 out of 7 (71%)

Abstract
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The obtained results were achieved thanks to the collaboration of people from
two different backgrounds: operation and maintenance and computer scientist.
This synergy was crucial to determine the causes of wind turbines failures and
detect patterns in the data that can be later used for health estimation of the
turbines. The fusion of expert knowledge, data analytics and machine learning
tools to extract the most information from different and complementary
sources of data has been the best strategy to implement a predictive
maintenance system in ACCIONA’s wind farms.
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1. Issues in stacked generalization, Journal of Artificial Intelligence, Kai Ming Tin and Ian H. Witten

2. Combining Estimates in Regression and Classification, Journal of the American Statistical Association, Michael 
Leblanc & Robert Tibshirani

3. Is Combining Classifiers with Stacking Better than Selecting the Best One?, Machine Learning, Saso DžeroskiBernard
Ženko

This research investigated the benefits of “ensembling” multiple
classifiers trying to obtain a better predictive model. This
approach is not new in the data analysis field, it has been
repeatedly implemented in data-science competition achieving
outstanding results. The idea behind ensembling is that different
algorithms are able to capture various aspects of the same
dataset. Aggregating the predictions of various models is possible
to correct biases and obtain a more robust predictive structure.
The typical data modeling pipeline includes fitting a large selection
of algorithms on the same dataset to evaluate which one obtains
the best results. Ensembling is an additional step that takes
advantage of the available predictions, stacks them in an
additional layer and outputs a class prediction. Different strategies
are available for the aggregation of the base algorithms results
such as a majority vote, weighted average or even fitting another
predictive model such as a logistic regression. All these
approaches were investigated in this research to understand the
respective pros and cons.

The different ensembling strategies were compared on the same
test set, made of a selection of healthy and unhealthy turbines
that were not used in the training set.
The tracked classification metrics were Area Under the Curve
(AUC), sensitivity, specificity and accuracy. Using an additional
algorithm layer is the best strategy to improve classification
metrics but it also requires additional computation time and a
reserved dataset to fit the second algorithm structure.
Blending different algorithms helps overcoming the limitations of
the single algorithms, a careful selection of the utilized models
allows to capture various characteristics of the dataset boosting
the overall performances.

Abstract Results
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Algorithms ensembling is a valuable strategy to boost the
performance of classifiers. It should be considered when a
sufficient amount of data is available and the additional training
time does not pose a problem. Stacking models is particularly
interesting because of the possibility to mix predictions of
different predictive structures, specialized in the detection of
different fault patterns. This approach also helps reducing the
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A challenging aspect of fault prediction through SCADA data is
modest prevalence of failure instances compared to the amount
of healthy ones. Several solutions are available to mitigate the
problem: one class classification algorithms,
oversampling/undersampling and threshold tuning. This last
solution has been investigated in this research.
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This research collected evidences that threshold tuning is an important step in the construction of a predictive algorithm that uses heavily
unbalanced datasets. Threshold tuning is often underrated tool to boost the performance of a classifier and it can lead to better results
with minimal effort. This methodology also helps when the “cost” of a false positive and a false negative is not the same. Different weights
can be assigned to the two cases and the threshold is optimized accordingly.
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Obtained results remarked the importance of careful threshold tuning, in fact the chosen algorithm was able to reach high values of AUC,
up to 90% but maintaining the default probability threshold of 0.5 lead to underwhelming performances in terms of sensitivity and
specificity (around 0.4 and 0.6 respectively) while refined threshold values helped to raise those values up to 0.8-0-9 for both metrics.
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In modern wind turbines, a plethora of operating data is acquired with high temporal frequency
by a vast number of sensors. However, usually only a selection of these sensor data are stored and
typically aggregated as 10-minute average values. Sometimes additionally, the standard deviation
is available or/and themaxima andminimameasured in these intervals. This kind of storage saves
a lot of disk space and bandwidth for data transfer. Unfortunately, much of the information on
short timescales is lost, that might otherwise be valuable to better model and track the behavior
and condition of the turbine. Using high-frequency operational data constitutes a very promising
approach to gain further insights about the wind energy system. Pointing out crucial sensors can
therefore help to access the full potential within these high-frequency data. The main objective
of our work is to explore and exploit the information contained in high frequency operating data.
The goal of this contribution is to quantify the information loss resulting from temporal aggrega-
tion of operating data to give recommendations to turbine operators up to which coarseness of
resolution only a fraction of information is lost for a certain sensor. Applying these recommen-
dations supports both an optimization of the storage footprint as well as the possibility to carry
out several scientific analysis methods. Within this case study, analyses have been carried out on
a dataset from a European onshore wind farm containing 12 turbines with a nominal power of 3
MW, for which data of 31 sensors was stored in 1 s resolution. The investigated period covers 15
months of collected data.

In order to assess the effect of aggregating data to a lower temporal resolution, a variable for the
information loss has been defined as the difference of an aggregated signal to the original values
L(t)agg = s(t)agg – s(t)1s, where s(t) is the signal value of the aggregated or original signal in 1 s
resolution, respectively, and t is a timestamp of the original dataset, see Fig. 1. Its aggregated
value for each aggregation timeframe is in our case the mean value. Additionally, for all sensors
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Figure A.1: Illustration of the information loss L for a temporal aggregation of 600 s

the mean information loss per second has been calculated. Calculations have been carried out for
multiple levels of temporal aggregation of the data, varying from 5 s to 10 min. To facilitate a
comparison of different signals, we have also normalized the data to the interquartile distance of
each signal.

The results show only a small loss of information for temperature signals, except the ones related
to the gearbox where no more than 25% of the samples had an information loss lower than a tenth
of the interquartile distance. The signals with a high information loss are, amongst others, the
wind speed and its direction, with more than 50% of the data differing more than a tenth of the
interquartile distance from the raw signal.
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