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Summary
For the past decades wind turbine technology has significantly evolved and wind energy
became a mainstream energy resource. However, further optimization and cost reduction
of the wind energy systems is required in order to meet the global demand for sustainable
energy. Expenses related to Operation and Maintenance (O&M) activities of modern wind
farms is one of the main cost drivers. Therefore, more advanced wind farm monitoring
techniques are necessary to optimize O&M strategies, and to move from corrective
towards predictive maintenance. In this context, so-called digital twin technologies are
being developed which aim to combine various data sources from the systems to monitor
their behaviour throughout the whole lifetime and improve their operation based on the
gathered information.
The main purpose of the thesis is to develop analytical methods for supporting digital
twin applications that can be used to analyze and optimize the operation of wind farms.
For this purpose statistical methods and machine learning approaches are used to combine
mathematical models of the physical system with operational data of an offshore wind
farm.
The thesis aims at developing analytical methods for improving wind farm O&M
knowledge and practices by (1) improving surrogate models for load estimations, (2)
suggesting a method for finding connections between loads and failure of turbines in
wind farms, and (3) investigating how physics constraints can be included in data-driven
monitoring models and analysing the implications on the model performance and anomaly
detection.
Firstly, the thesis analyses surrogate models which can be used to replace computationally expensive aeroelastic simulations and to compute simplified load estimations
of turbines. A benchmark is conducted to compare the use of artificial neural networks
(ANNs) against commonly used methods which have proven to be successful in previous
research. It is found that ANNs outperform the other methods in terms of computational time, model accuracy and improved robustness of model accuracy when using less
simulation samples for the model training. Furthermore, the uncertainty propagation
through the ANN based surrogate is analysed and a sensitivity study is carried out to
quantify the influence of the selected inputs on the variance of the load estimations.
Secondly, a methodology for comparing wake-induced fatigue loads with turbine failures is suggested. This can be used to map the variations of fatigue loading, performance
and estimated lifetime within a wind farm including different operational states of the
turbines (i.e. normal operation, start-up, shutdown). For this a surrogate model is
calibrated on a large simulation database considering multiple wake conditions with up
to four upstream turbines as wake sources. The site-specific estimations can be made
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by using the wind field distributions obtained from the wind farms’ SCADA data. This
methodology can help to better define a relationship between loads and reliability of
turbines in a wind farm. It is presented and discussed on an example offshore wind farm
with recorded main bearing failures.
Finally, the benefits of including physical information into data-driven monitoring
models of turbines in a wind farm are investigated. Previous research has shown that
machine learning methods which are based on SCADA data of operating turbines bear
large potential for monitoring their performance and detecting abnormal behaviour that
can indicate a fault or failure. This thesis introduces a transfer learning method where a
normal behaviour model is pre-trained on aeroelastic simulations and recalibrated on
SCADA data. It is demonstrated that when only one month of SCADA data is available,
adding aeroelastic simulations to the training process can improve the model performance
and precision of the anomaly detection.
The developed methods and findings of this work can potentially be used by wind
farm operators to leverage the use of operational data and simulated data for getting
useful insights and moving towards more advanced O&M strategies.

Resumé
I de sidste mange årtier har vindmølle teknologien haft en stor betydelig udvikling og
vindenergi blev til en almindelig energiressource. Derimod er yderligere optimering
og omkostningsreduktion af vindenergi systemerne nødvendig for at imødekomme den
globale efterspørgsel efter bæredygtig energi. Udgifter i forbindelser med driften og
vedligeholdelse (Operation and Maintenance (O&M)) i de moderne vindmølleparker er
en af de omkostningsdrivere der er størst. Derfor er avancerede overvågningsteknikker for
vindmølleparker nødvendige for at optimere O&M strategier og for at bevæge sig væk
fra korrigerende hen imod forudsigende vedligeholdelse. I denne sammenhæng udvikles
såkaldte digitale tvillingteknologier, der sigter mod at kombinere forskellige datakilder
fra systemerne for at overvåge deres opførsel gennem hele levetiden og forbedre deres
drift baseret på den indsamlede information.
Denne afhandlings hovedformål er at udvikle analysemetoder til understøttelse af
digitale tvillinge applikationer, som kan bruges til at optimere driften af vindmølleparker.
Til dette formål anvendes statistiske og maskin indlæringsmetoder til at kombinere
matematiske modeller af det fysiske system med operationelt data fra havvindmølleparker.
Metoderne anvendes til overvågning og modellering af ydeevne, belastninger, levetid og
detektion af anomalier samt dannelse af viden.
Denne afhandling sigter mod udvikling af analysemetoder til forbedring af viden og
praksis af vindmølleparker (1) forbedring af surrogat modeller til belastningsestimater,
(2) antydning af en metode til at finde sammenhængen mellem belastning og svigt af
turbine i vindmølleparker og (3) en undersøgelse af hvordan fysiske begrænsninger kan
medtages i datadrevne overvågnings modeller og analysere implikationerne af modellens
ydeevne og detektion af anomalier.
For det første, studiets analysedel belyser surrogat modeller, som kan bruges til
at erstatte dyre beregningstekniske aeroelastiske simuleringer og beregne forenklede
belastningsestimater af turbine. Der udføres et benchmark for at sammenligne brugen af
kunstige neurale netværker (ANNs) mod almindeligt anvendte metoder, som har vist
sig at være en succes i tidligere forskning. Det konstateres, at ANNs overgår de andre
metoder med hensyn til databehandlet tid, model nøjagtighed og forbedret robusthed
af model nøjagtighed, når der anvendes mindre simulering eksempler til model læring.
Desuden er usikkerheds spredning gennem det ANN-baserede surrogat analyseret og en
sensitiv undersøgelse er understøttet for at kvantificere indflydelsen af de valgte inputs
på variansen af belastningsestimater.
For det andet er en metode til sammenligning af belastniger i en vindmøllepark
med turbine fejler er foreslået. Dette kan bruges til at kortlægge variationerne af
belastninger, ydelse og anslåede levetid inden for en vindmøllepark, der inkluderer
forskellige driftstilstande for vindmøllerne (dvs. normal drift, opstart og nedlukning). Til
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dette er en surrogat model kalibreret på en stor simulerings database, taget i betragtning
af flere adskillige turublensslipstrøm omstændigheder med op til fire opstrømsmøller
som turublensslipstrøm kilder. De side-specifikke estimater kan laves ved hjælp af
brugen af vindfeltfordelinger opnået fra vindmølleparkernes SCADA-data. Denne metode
kan hjælpe til med bedre at definere forholdet mellem strøm og driftsikkerheden af
turbinen i vindmølleparken. Det er præsenteret og diskuteret ud fra et eksempel af en
havvindmøllepark med registrerede hoved orienterede fejl.
Endelig, fordelene ved at indkludere fysisk information af datadrevne overvågnings
modeller af turbiner i en vindmøllepark er undersøgt. Tidligere undersøgelser har vist
at maskin læringsmetoder som er baserede på SCADA-data for drift af møller har stor
potentiale for at overvåge deres ydeevne og detektere unormal adfærd, der kan indikere fejl
eller mangel. Dette speciale introducere en overdragelses læringsmetode hvor en normal
adfærdsmodel er forarbejdet på aeroelastiske simuleringer og genkalibreret på SCADAdata. Det er demonstreret at når kun en måned af SCADA data er tilgængelig, kan
tilføjelse af aeroelastiske simuleringer til træningsprocessen forbedre modellens ydeevne
og præcision af detekteringen af anomalier.
Den udviklede metoder og fund af dette data kan potentielt blive brugt af vindmølleparkers operatører til indflydelse af brugen af operationel data og simulerede data
til at få nyttig indsigt og bevæge sig mod mere avancerede O&M strategier.
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CHAPTER

1
Introduction

The growing development of wind energy plays an important role in meeting the Paris
Agreement target to keep the global temperature rise below 2°C. Around 35% of the
the energy-related carbon emission reduction that is needed to reach the goal can be
achieved solely by wind energy deployment (IRENA, 2019). Therefore, the deployment
of wind energy is expected to continue its growth.
However, the increasing wind turbine size and rated capacity has a large influence
on the Operation and Maintenance (O&M) costs. For example, these O&M costs can
amount to up to 30% of the total Levelized Cost of Energy (LCoE) of a wind farm (Carroll
et al., 2017). Especially for offshore wind farms which can be inaccessible for 4-5 months
per year (Van Bussel and Zaaijer, 2001), failures can lead to increased downtime and
maintenance costs. It is therefore important to monitor and predict the performance and
operational health of turbines in terms of material degradation and remaining lifetime.
In this context, wind farm operation can be optimized by improving its performance and
reliability to ultimately lower the LCoE.
With the development of the wind energy sector, more and more data are collected
due to improved sensor technology, digital infrastructure and data storage capacities.
Getting valuable information from the data that can be used for decision-taking in order
to optimize wind energy systems is an on-going challenge. In this context, there is a
trend towards developing digital twins of wind turbines or even wind farms. The concept
of a digital twin technology is to create a digital copy of the physical system that is
maintained as a virtual equivalent of the original system throughout the whole lifespan
of the turbine. Data analytics, machine learning and internet of things (Wortmann and
Flüchter, 2015) approaches make it possible to combine different available data sources
to model the behaviour of the physical system. The difference between a digital twin
and a traditional computer model is that digital twins are dynamic software platforms
that use sensor and other modeled data of the turbine to analyse its state, respond to
changes and improve operation (Rhodes, 2017). There are various data types collected in
wind energy that can be useful for increasing knowledge around O&M. In the following,
a non-exclusive list of useful data sources is shown:
• Supervisory control and data acquisition (SCADA) data: Sensor measurements of wind speed, wind direction, power production, rotor speed, generator
speed, temperatures, etc. Typically, the statistics over a period of 10 minutes are
stored.
• Alarm/event logs: Information about triggered alarms or events which are
registered by the control system. The logs often include a description, the duration
and its severity.
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• Service records: Information about maintenance and repair activities by technicians.
• Aero-servo-elastic simulations: Simulated time series of the turbine response
(power produced, rotor speed, pitch angle, forces, moments, etc.) created using an
aeroelastic code.
• Condition monitoring system data (if available): Extra installed sensors
for monitoring purposes (e.g. strain gauges, oil particle counters, accelerometers).
Typically, available at higher frequencies (1 Hz-1 kHz).
These data can be used for monitoring purposes using surrogate models, for anomaly
detection to enable predictive maintenance, but also for creating new knowledge about
possible relations (see Figure 1.1). In the following sections, these three mentioned
application fields are introduced including a brief description of the state-of-the art and
the research gaps that are addressed in this thesis.

Figure 1.1: Objectives of thesis.

1.1

State-of-the-art and research gaps

Turbine surrogate modeling
Turbine structures are designed to withstand the site-specific loading conditions that
they will experience during their lifetime of typically 20 to 25 years. However, during the
operation, the wind farm operator needs to ensure the reliability for which the turbine
assets are designed for. O&M of wind farms is an actively researched field, and the
wind energy industry continuously attempts to optimize O&M activities by moving away

1.1 State-of-the-art and research gaps

3

from corrective maintenance and towards predictive maintenance. However, in order
to take the right decisions for O&M strategies, accurate information about the current
state of the turbine structures is needed. This is a challenging task due to the dynamic
behaviour of the turbine and its operation under highly stochastic external conditions.
Therefore, more sophisticated models are needed to monitor the turbines’ loading history
and accumulated wear of its components. In this context, aero-servo-elastic simulation
models of the turbines can be used. However, estimations from these simulations do
not include the specific operating history of a turbine and become computationally
expensive and challenging to handle effectively if they are run in real-time in a digital
twin framework. Operational measurement data from the SCADA system on the other
hand is often limited, can be unavailable for certain periods or might include unknown
measurement uncertainties and faulty observations. Therefore, there is great potential to
infer more accurate information about the operating system by fusing sensor information
with aeroelastic simulations and other available data sources.
This is where surrogate models play an important role in replacing computationally
expensive simulations. Surrogate models are reduced-order models that are trained on
sampled simulation data and can then be applied for quick estimations without the need
of a complex simulation model. Furthermore, since load measurement sensors are often
not installed at a turbine, surrogate models can also be used for creating "virtual sensors".
Surrogate models for replacing aeroelastic turbine simulations can be used for different
purposes, such as for design optimization, site assessments, monitoring, lifetime extension
and finally uncertainty quantification of aeroelastic simulations. To simplify load estimations for a single turbine, different approaches are found in the literature, including
polynomial chaos expansion (Murcia et al., 2018), kriging (Abdallah, Lataniotis, and
Sudret, 2019), (Teixeira et al., 2017), (H. Yang et al., 2015) and artificial neural networks
(ANNs) (Müller, Dazer, and Cheng, 2017) amongst others. A more detailied review can
be found in chapter 3 and article I for single turbine surrogates and in section 4.2 and
article III for wind farm surrogates.
Since the above described studies used relatively limited design spaces and focused
solely on one method, a surrogate model framework where different methods can be
compared and where the turbulent inflow conditions are fully characterized is suggested
in (N. Dimitrov, Kelly, et al., 2018). Based on that framework this study aims at benchmarking the suitability of using ANN-based surrogate models against other commonly
used methods and understanding the uncertainties and sensitivities within the surrogate
model.

Relationship between loads and reliability
Another challenge is to create useful insights from the different available data sources that
will contribute to knowledge around wind farm O&M. A crucial part in O&M knowledge
is to better understand what conditions or events can lead to unexpected failure of the
turbines. Typically, it is assumed that the gradual degradation of a turbine component
during its operational time will finally lead to a fatigue failure. In reality, components
can fail before reaching their designed lifetime. Recent studies have shown the influence
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of environmental and loading conditions on the reliability of a wind turbine (M. Reder
and Melero, 2016), (Tavner et al., 2006), (H. Kim, Singh, and Sprintson, 2012), (Huang
and Chiang, 2006), (Colone, Natarajan, and N. Dimitrov, 2018) (Scott et al., 2012). A
more detailed description on these studies can be found in section 4.2 and article III.
However, a relationship between the load variations within a wind farm and its
observed component reliability has not been defined yet. Turbines that are located in
a wind farm experience different inflow conditions due to the wake effect of disturbing
neighbouring turbines. Building upon the surrogate model framework in (N. Dimitrov,
2019), this study suggests a methodology for mapping wind farm performance, loads
and lifetime variations, which can then be compared against failure statistics from
maintenance observations.

Condition monitoring
Underperformance issues due to turbine faults or failures can cause high losses in
revenue (Stetco et al., 2019). The aim of performance and condition monitoring is to
detect abnormal turbine behaviour that might indicate an emerging fault or component
degradation. This knowledge can be used to implement predictive maintenance strategies
in order to reduce O&M costs. For this purpose, wind farm operators can install condition
monitoring systems (CMS) including extra measurement sensors such as vibration, strain
or acoustics measurements. However, since installing such a CMS is very costly, recent
research has focused increasingly on data-driven techniques for monitoring a turbine
solely based on its SCADA data.
A comprehensive review of different approaches that use SCADA data for condition
monitoring can be found in (Tautz-Weinert and Watson, 2016). The most commonly
used monitoring technique is based on normal behaviour modeling (NBM) where a
regression model is trained using filtered normal behaviour SCADA data to estimate an
output signal that should be monitored. After the training, the model can be applied to
unfiltered SCADA data. The difference between the modeled and the measured output
signal serves as indicator to abnormal turbine behaviour.
However, often such a purely data-driven approach requires large amount of data to
avoid the model from overfitting to the measurement noise and uncertainties. When the
SCADA data is scarce or includes high uncertainties, this might affect the performance
of the anomaly detection model. Therefore, the wind energy research community and
industry have a large interest in building more robust models by the inclusion of physics
knowledge, which is also known as informed machine learning (see section 5.2), theoryguided data science or physics-informed machine learning.
There are only few studies which introduced physical information into the data-driven
monitoring systems. To automatically diagnose the residuals in the NBM process, fuzzy
inference systems have been used to include expert knowledge (Garcia, Sanz-Bobi, and
Del Pico, 2006), (Schlechtingen, Santos, and Achiche, 2013) and (Cross and Ma, 2015).
A physics-informed Gaussian Process approach for fault detection of the power grid can
be found in (Tipireddy and Tartakovsky, 2018). Physics-informed deep learning methods
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have been used for damage modeling in (Nascimento and Viana, 2019) and (Yucesan
and Viana, 2019).
However, the previous approaches mentioned above have not looked at the training of
normal behaviour models. Therefore, this thesis investigates how physics information can
be included in the training process of a normal behaviour model for detecting turbine
anomalies.

1.2

Research objectives

The thesis will focus on narrowing the identified research gaps in turbine surrogate
modeling, loads and reliability correlation, and anomaly detection (see Figure 1.1). The
ultimate goal of the thesis is to develop analytical methods for supporting digital twin
applications that can be used to analyze and optimize the operation of wind farms. For
this purpose, statistical methods and ML approaches are used to combine mathematical
models of the physical system with operational data of an offshore wind farm. The
research questions for each of the three objectives are presented below.
Objective 1 - Turbine load estimations
The loads that a turbine experiences during its operation are often unknown, as installing
load measurement sensors is expensive. In the framework of a digital twin for O&M, the
operational SCADA data can be used together with aeroelastic simulations to estimate
the fatigue loading conditions of the operating turbine, even when load measurements
are not available. This can be used for a more realistic estimation of the remaining useful
lifetime. In this context, the thesis aims to answer following questions:
• What is the potential of using artificial neural networks (ANNs) for fast and efficient
load assessments compared to other commonly used ML techniques?
• How can we better understand the uncertainty propagation and sensitivities of an
ANN used as a load surrogate model?
Objective 2 - Relationship between wind farm loads and failures
Wind farm analytical methods can be used together with historical operational data
in order to get a deeper understanding of how modeled loading conditions correlate
with observed failures that occurred in a wind farm. Similar to Objective 1, the power
performance, loading conditions and lifetime can be estimated by means of statistical
methods used to combine operational data with aeroelastic simulations. The thesis aims
to answer following question:
• How can we get a better understanding of possible relationships between loading
conditions and component reliability of turbines in a wind farm?
• How can the power performance, fatigue loads and lifetime variations be modeled
within a wind farm, taking into account different operational turbine states that
can cause premature failures (i.e. normal operation, start up events, shutdown
events, etc.)?
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Objective 3 - Physics-informed ML for improved monitoring systems
Machine learning methods that are based on SCADA data of operating turbines have
shown large potential for monitoring the turbines’ performance and detecting abnormal
behaviour that could indicate a fault or failure. However, the measurement data can be
scarce or noisy, resulting in biased monitoring models. Therefore, this thesis investigates
how physics constraints can be added to the training phase of a data-driven monitoring
system by considering the following questions:
• How can aeroelastic simulations help improve a data-driven monitoring system of
turbines in wind farms?
• Under which conditions is it beneficial to include aeroelastic simulations to the
training process of a SCADA data-driven monitoring system? Does it improve its
model accuracy, robustness and/or detection ability?

1.3

Structure of the thesis

The thesis structure is based on the collection of scientific articles that were published
during the Ph.D. project.
Chapter 1 presents the motivation for the Ph.D. topic, the research problem, the
thesis structure and an overview of publications.
Chapter 2 introduces the reader to the theoretical background on the ML methods and the surrogate modeling methods which are used in the thesis, followed by a
brief description of the theory of hydro-aero-servo-elastic simulations and fatigue load
calculations.
Chapter 3 addresses the research questions from Objective 1 and deals with the
implementation of the load surrogate model for a single turbine. A literature review
indicating the research gap is given in the beginning. The procedure of the applied
surrogate method is presented, followed by a brief discussion and summary of the results.
Finally, article I and article II are attached at the end.
Chapter 4 addresses the research questions from Objective 2 and suggests a methodology for finding a connection between load variations in a wind farm and its reliability.
The literature review and a background on the reliability of main bearings is given, since
the study focuses on main bearings. The wind farm surrogate methodology is briefly
described, and a sensitivity analysis of the implemented model is presented. At the end,
a brief summary an discussion is given, followed by article III which covers this study.
Chapter 5 addresses the research questions from Objective 3 and suggests a physicsinformed ML approach for detecting underperformance of a turbine in a wind farm. First,
an introduction to the research objectives of the study is given. A review of data-driven
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and physics-informed machine learning methods for condition monitoring is presented.
Thereafter follows a brief introduction to the informed machine learning method and
summary of the findings. Article IV is presented at the end.
Chapter 6 concludes the thesis with a summary of the main contributions which
answer the research questions and the limitations and suggested future work.

1.4

Publications

This list presents the scientific publications which are part of this thesis.
Article I Schröder, L., Dimitrov, N. K., Verelst, D. R., Sørensen, J. A. (2018). Wind
turbine site-specific load estimation using artificial neural networks calibrated by means
of high-fidelity load simulations, In: Journal of Physics: Conference Series (Vol. 1037,
No. 6, p. 062027). IOP Publishing. doi: 10.1088/1742-6596/1037/6/062027
Article II Schröder, L., Dimitrov, N. K., Sørensen, J. A., (2020) Uncertainty propagation and sensitivity analysis of an artificial neural network used as wind turbine
load surrogate model”. In: Journal of Physics: Conference Series (Vol. 1618, No. 4, p.
042040). IOP Publishing. doi: 10.1088/1742-6596/1618/4/042040
Article III Schröder, L., Dimitrov, N. K., Verelst, D. R., (2020). A surrogate model
approach for associating wind farm load variations with turbine failures. In: Wind
Energy Science (Vol. 5.3, pp. 1007–1022). doi: 10.5194/wes-5-1007-2020
Article IV Schröder, L., Dimitrov, N. K., Verelst, D. R., Sørensen, J. A. (2020). Using
transfer learning to build physics-informed Machine Learning models for improved wind
farm monitoring. In: Engineering Applications of Artificial Intelligence. (Under review)
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2

Theoretical background
This chapter presents the theoretical background of the Machine Learning methods and
the surrogate modeling method that are utilized in the present work. Furthermore, a
brief introduction to the aeroelastic model and fatigue load calculations that are used to
create the aeroelastic simulations is given.

2.1

Machine Learning

Although Machine Learning is a rather new word that is nowadays often found in
discussions in science and industry, it relies on statistical methods that have been
developed over the past several decades. In 1950, Alan Turing discussed the question
of how we can build intelligent machines in his famous essay "Computing machinery
and intelligence" (Turing, 1950). As answering this question first requires a definition of
what intelligence means - which results in a long philosophical discussion - he suggests to
rephrase the question to how we can construct a machine that can do the same things a
human can do. Similar to how a child learns to speak a language, the idea is to develop
a computer program that initially cannot perform a certain task but learns from past
experience. The aim of the learning process is to improve at the task in the future based
on past observations.
The learning problems in machine learning can be categorized into supervised and
unsupervised learning. In supervised learning, the output (dependent variables) is
predicted based on a number of inputs (independent variables). In unsupervised learning,
the outcome is unknown and the aim is to find patterns and associations in the input.
A supervised learning problem is called a regression if continuous output is used, and
classification if discrete output (i.e., labels) is used. Finally, in reinforcement learning,
the task is to take actions in a given environment in order to maximize a reward (Sutton,
Barto, et al., 1998). As opposed to supervised learning, the outputs are not given and
instead have to be learned based on the reward.
Figure 2.1 presents the machine learning workflow. When given a certain data set and
a problem, in the first data preparation step it is important to ensure the data quality
and identify potential issues. This also involves visualisations in order to get a better
understanding of possible underlying phenomena. The next step is to select a method
which is suitable for the given problem and to calibrate the model. Finally, the trained
model should be evaluated, i.e., it should be tested on how well it is able to generalize
on a new given data set. This also involves investigating the conditions where the model
does not perform well and trying to identify why it did not perform well there. The
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following sections serve as a brief introduction to the methods that were used in this
thesis.

Figure 2.1: Machine learning workflow. Image reproduced from (Herlau, Schmidt, and
Mørup, 2016) with the author’s permission.

2.1.1

Data modeling

A general definition of a mathematical model g(x) that defines the functional relation
between a set of input variables x and a set of output variables y can be formulated as
follows:
y = g(x, θ) + 
(2.1)
with the model parameters θ and the model uncertainty . The uncertainty of the model
depends on the uncertainty in the data, spatial resolution of data maps, uncertainty in the
estimated parameters and the model assumptions. However, often the uncertainties are
not explicitly considered as in Equation 2.1 due to lacking information. In the following
different model approaches are presented:
• In a deterministic model the output is fully determined by the parameters and
input conditions, i.e., if run multiple times with the same parameters and input
conditions, it will estimate the same output. The model error is the difference
between measured output and predicted output. During the training phase, the
model parameters are estimated based on the model error using a cost function
(e.g., least-squares).
• A probabilistic model includes some randomness such that there is no unique
output for a given input. They are based on probability distributions and typically
are trained by maximizing a likelihood function.
Furthermore, model approaches can be differentiated by how much physical knowledge
is included:
• A physics-based model applies knowledge based on physical laws. It is also
called a white-box model due to their transparency of explicitly declared model
information and therefore provides good understanding. Often training is not
required.
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• In a black-box model, on the other hand, the output is modeled output is purely
trained on data without including any physics-based information. Such a model
often is able to better fit the data as compared to physics-based approaches, however,
it is more challenging to generalize them outside the training domain.
• A grey-box model is a hybrid model that combines both physics-based and
data-driven approaches.

Artificial neural networks
The model approaches that are developed in this thesis are mainly based on artificial
neural networks (ANNs). ANNs are mathematical models that were originally invented
to model the biological information processing by neurons in brains (McCulloch and Pitts,
1943). With improvements in computing power and more efficient training algorithms
developed in the 2010s they became more feasible for common use and gained large
popularity. ANNs can be used for both regression and classification tasks. The networks
consist of various information processing units, so-called neurons, that are organized in
layers.

Figure 2.2: Example of an ANN architecture for regression with two hidden layers, each
consisting of seven neurons.
The most simple form is the feed-forward neural network. Figure 2.2 presents an
example architecture with two hidden layers, the input vector x as the input layer and
the output vector y as the output layer. A network with one hidden layer is called a
shallow network, whereas networks with more than one hidden layer are called deep
neural networks. In a feed-forward ANN, the input vector is fed into the layers and
passed forward through the output vector. At each hidden layer, two transformations are
made. Firstly, the linear transfer function z = W x + b is applied to the input x with
the weight matrix W and the bias vector b. Secondly, the result is passed through a
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nonlinear activation function h(z), and its output then is used as input to the next layer
x(i+1) = h(z (i) ) = h(W (i) x(i) +b(i) ). ANN training involves estimating the weight W and
bias parameters b such that the model residual between estimated output g(xn , W , b)
and observed output yn is minimized. Using a least squares approach the cost function
will be:
L(W , b) =

N
1X
||g(x, W , b) − yn ||2
2 n=1

(2.2)

Different optimization algorithms can be used to iteratively find the ANN parameters that
minimize the cost function. However, typically the global minimizer of L(W , b) is not
wanted, as it would result in an overfitted model (Hastie, Tibshirani, and Friedman, 2009).
Therefore, often regularization is added by including a penalty term to the cost function
or early stopping. The training involves a so-called backpropagation using two steps.
First, the derivative of the cost function with respect to the weights is calculated. These
derivatives are then used to update the model parameters. The number of iterations
needed for reaching stopping pre-defined criteria are also called "epochs". For evaluating
the model performance a cross-validation (CV) can be used to estimate the generalization
error with using different training/testing splits. It can be seen that there are several
hyperparameters that need to be selected with respect to the network structure (number
of layers, number of neurons in layer) and the training process (e.g., weight initialisation,
learning rate, regularization factor, optimizer, etc.). The hyper parameter tuning can be
included inside the CV.
In chapter 3 a feed-forward neural network is used to investigate the suitability of
ANNs for the purpose of simplified turbine load estimations by means of surrogate
models. In section 4.2 a feed-forward neural network is applied to build a surrogate
model for estimating wind farm loads, performance and lifetime and in chapter 5 to build
a monitoring model for detecting anomalies.

Autoencoders
Another form of ANNs include autoencoders where the output vector is equal to the
input vector x. It consists of an encoder function that maps the input to the code
layer h = f (x), and a decoder function that maps the code back to the reconstructed
input x̂ = g(h). When building an autoencoder it is important to find the right balance
between reaching high accuracy of the reconstructed input, while not overfitting the
model. In order to avoid that the autoencoder maps a perfect reconstruction of the
input, restrictions can be included in different ways. The simplest architecture is an
undercomplete autoencoder where the code layer has fewer neurons than the input layer.
The network is then forced to learn a lower-dimensional compressed space with the most
important features. Another way of adding restrictions is to slightly corrupt the inputs
by adding a noise. The so-called denoising autoencoder learns to filter out the noise
which can help to generalize the model. This method is applied chapter 5 to build an
anomaly detection model as well.
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Uncertainty quantification and sensitivity analysis

As mentioned in section 2.1.1, there are several uncertainties present in a modeling
process due to various reasons. Especially in wind energy applications with stochastic
wind field conditions it is a challenging, but important task to analyse and interpret the
output uncertainties with respect to uncertainties in its inputs and parameter uncertainty.
Furthermore, a sensitivity analysis helps to understand how much the model outputs
are affected by the variations in the model inputs. It can be either carried out locally,
where the sensitivity is analysed in a specific point of the input space or globally, where
it is measured how much the input variance contribute to the output variance. When
having a non-linear model a global sensitivity analysis is required, a review of methods
can be found in (Iooss and Lemaître, 2015).
The methods presented in the following sections are applied in chapter 3 to investigate
the uncertainty propagation and sensitivities of an ANN-based load surrogate model.

Linear error propagation for nonlinear models
In a Frequentist approach of the model formulation g(x, θ) from Equation 2.1, the
parameters θ are treated as true fixed values. However, the estimated parameters θ̂
inhibit an estimation error which propagates to the output uncertainty. For assessing
the quality of these parameter estimates its covariance matrix Cov(θ̂) can be estimated.
This can be either done by linear approximation (first-order) or second order (Hessian)
approximation. A description of the linear error propagation method can be found in
Seber and Wild, 1989 and Omlin and Reichert, 1999. The first order derivative of the
model with respect to its estimated parameters with n number of data samples and p
number of estimated parameters is formulated as
F. =

δg(θ)
δθ

(2.3)

In this method it is assumed that the error of the parameter estimator follows normal
behaviour asymptotically:
θ̂ − θ ∼ N (0, σ 2 )
(2.4)
with the variance σ 2 . An unbiased estimation of the variance s2 is given by the residuals
of the estimated parameters:
T 
s2 =
(2.5)
n−p
With this the covariance of the estimated parameters can be calculated as
Cov(θ̂) = s2 (F.T F.)−1

(2.6)

With the linear error propagation the parameter errors are propagated to the outputs
resulting in the output covariance formulated as
Cov(y) = F. · Cov(θ̂) · F.T )

(2.7)
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Sobol variance decomposition
One of the most well-known methods for global sensitivity analysis is the variance
decomposition method. Details around this technique can be found in (Saltelli et al.,
2010). In this method, the output variance V (y) is decomposed into contributions from
each d individual input:
V (y) =

d
X
i=1

Vi +

d X
d
X
i=1 j>i

Vij +

d X
d X
d
X

Vijk + ... + V1,...,d

(2.8)

i=1 j>i k>j

where Vi = V (E∀xl 6=xi (f (x|xi ))) denotes the output variance explained by the main
effect of a single variable, while Vij = V (E∀xl 6=xi ,xj (f (x|xi , xj ))) represents the variance
due to the interactions between the i-th and j-th variables. In order to calculate the
Sobol indices the variances are normalized with the variance:
Vi
Vij
Si =
Sij =
...
(2.9)
V (y)
V (y)
The Sobol index Si is a measure for how much the output variance is explained by the
main effect of the i-th variable (Murcia et al., 2018). As this method does not take into
account correlation, the sum of the global Sobol indices can be greater that one.

Shapley effect
One of the disadvantages of the above mentioned variance decomposition is that it
becomes challenging to interpret when dependent inputs are used. The Shapley effects
on the other hand accounts for the contributions from correlation and interaction within
the inputs (Bertrand Iooss, 2019). The method is introduced by (Shapley, 1953) as
a solution concept of the cooperative game theory and further applied for sensitivity
analysis in (Owen, 2014). As it is investigated in game theory how a team effort value
can be assigned to the individual team members, the Shapley value of individual inputs
are estimated with the explained variance as their combined value (Owen, 2014). When
arranging the d number of inputs of a regression model into all d! orders, adding ith
variable to the regression model will improve the R2 value (Owen, 2017). The Shapley
value φi represents the average of all improvements (Owen, 2017) and is defined as follows
!−1

1 X d−1
φi =
d u⊆−{i} |u|

(τ 2u+i − τ 2u )

(2.10)




where u ⊆ −{i} are subsets of the inputs without input i, d−1
are the number of
|u|
combinations a subset of cardinality |u| can be defined from the set of cardinality d − 1.
P
The value τ 2u is defined as v⊆u σv2 with the variance σv2 of set v.

Partial derivative method for neural networks
A commonly used method for analysing the sensitivities of an ANN is the partial
derivative algorithm (Dimopoulos, Bourret, and Lek, 1995). In order to analyse the
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output sensitivity to small input changes, the technique uses the Jacobian Jx , i.e., partial
derivatives of each output yk with respect to its inputs xi . In an ANN with d input
variables, k output variables and the outputs of each layer o(k) ...i(1) , the chain rule can
be applied to calculate the Jacobian matrix (Cao and Qiao, 2008):
δyk
δyk δok δy (1) δo(1)
=
...
δxi
δok δy (l) δo(1) δxi
=

(l)
(l−1)
m
X mX

i=1

(2.11)
...

i=1

d h
X

(k)

(l)

(1)

Wij h0 (ok ) · Wij h0 (ol )....Wij h0 (o1 )

i

i=1

where l is the number of hidden layers, m(l) the number of neurons in lth layer, m(l−1)
the number of neurons in l − 1th layer. The weight connection between ith neuron from
(l)
the l − 1th layer and j th neuron from the lth layer is denoted as Wij and h0 represents
the derivative of the activation function h. With the partial derivatives the sensitivity
index ci can then be calculated for each xi according to (Dimopoulos, Bourret, and Lek,
1995) as follows
1X
ci =
n n

δy
δxi

!

(2.12)
n

where n is the sample number.

2.2

Surrogate modeling

As high-fidelity turbine simulations are computationally expensive, replacing them with
reduced-order models is necessary in some wind energy application fields. A surrogate
model is a supervised learning model that is trained to capture the response of the highfidelity simulation model based on a limited number of well-selected samples. Creating a
surrogate model involves following steps:
1. Design of Experiment (DOE)
2. Creation of training data from high-fidelity model
3. Model identification (training data fitting)
4. Model validation
The methods that are used in this thesis to design the experiment and to fit a surrogate
model are introduced below. Regarding step 2, the high-fidelity simulations are created
using the aero-servo-elastic simulation tool described in section 2.3.

2.2.1

Design of Experiment

A (statistical) DOE describes the planning procedure for investigating the causal relationship between input variables x and one or more output variables y. The aim is to plan
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the experiment in an efficient ways, such that the input conditions capture the resulting
variations of the output, while reducing the amount of required data points.
In the present thesis, the developed surrogate models aim at capturing the variations of
one ore more turbine response variables under a wide range of environmental conditions.
Therefore, it is important that all external parameters that are necessary for a full
characterization of the wind inflow and other environmental conditions are considered.
A first step is to define the input variables x and their corresponding (conditional)
probability distributions and boundary functions. In order to create the inputs from
the selected distributions, a sample is generated in the unitary uniform space and then
transformed into the defined distributions.
There are different techniques to sample in the unitary cube. When having a large
number of dimensions, a commonly used technique is pseudo-random sampling (Caflisch
et al., 1998) as it is not dependent on the number of dimensions. One technique is the
pseudo-Monte Carlo sampling, which uses a low-discrepancy sequence of numbers that
cover the unitary cube where (contrary to a crude Monte Carlo sampling) the locations of
the points are not random. Examples for low-discrepancy sequences are Halton sequence
(Halton, 1960) and Sobol sequence (Sobol’, 1967). Finally, a Rosenblatt transformation
(Rosenblatt, 1952) can be used to transform the sample from the uniform space to the
physical space into the desired joint probability.
Once the input variables are generated in this way, the corresponding outputs are
simulated on the sample using a high-fidelity simulation model.

2.2.2

Surrogate model techniques

Using (some of) the sampled inputs x as input and the corresponding load simulations y
as output, a regression model is calibrated. As mentioned above, in chapter 3 an ANN
is used for this purpose. The model performance of the ANN is compared against two
commonly used methods, which are briefly introduced in the following sections.

Polynomial response surface
One of the simplest surrogate methods is the polynomial regression, which is formulated
as follows
g(x) =

K
X

βj vj (x)

(2.13)

j=1

with the coefficients βj , the (polynomial basis function vj and the number of basis
functions considered K. The coefficients can be computed using a least squares regression
approach with the design matrix Ψ and the response y obtained from the DOE:
y = ψβ

(2.14)

This leads to the closed-form solution under the assumption that residual are approximately normal distributed:
(ΨT Ψ)−1 · ΨT · y
(2.15)
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For highly nonlinear problems (such as the turbine response for different wind conditions),
the polynomial response surface might not be able to fully represent the system response
due to its lack of flexibility. Therefore, in this study the training data is divided into
multiple subspaces with different wind speed ranges and a separate response surface is
calibrated for each subspace.

Polynomial chaos expansion
The polynomial chaos expansion is a stochastic collocation method to approximate a
stochastic function S(X) of a set of random variables X = [X1 , X2 , ..., XM ] using an
orthogonal polynomial basis. The expansion of the mapping g(X) is defined as (Blatman
and Sudret, 2010)
X
S = g(X) =
ωα Ψα (X)
(2.16)
α

with the multivariate polynomials Ψα , the corresponding coefficients ωα and the selected
finite number of α. When the inputs are not Gaussian distributed, the PCE can be
applied to the cumulative distribution functions of the input variables:
ξi = 2F (Xi ) − 1

(2.17)

with F (Xi ) being the cumulative distribution function of variable Xi . In this case the
Legendre polynomials can be used as univariate orthogonal polynomials. The polynomial
basis function then becomes the product of univariate Legendre polynomials and is
formulated as
Ψα =

M
Y

Pαi (ξi )

(2.18)

i=1

with the M -dimensional polynomials Pαi .

2.3

Hydro-aero-servo-elastic simulations using
HAWC2

In the present work, the turbine response is modeled with the aeroelastic simulation tool
HAWC2 (T. J. Larsen and Anders Melchior Hansen, 2019) (Madsen et al., 2020), which
is a nonlinear code that can be used for simulations in the time domain.
The structure of the turbine is represented in a flexible multibody framework (Shabana,
2020) where the turbine is divided into main bodies. The bodies are assembled from
Timoshenko beams (T. Kim, Anders M Hansen, and Branner, 2013) and coupled via
algebraic constraints.
The turbine structure is coupled to an aerodynamic model to capture the aerodynamic
forces on the blades and their unsteady interaction with the inflow. A detailed description
can be found in (M. O. L. Hansen et al., 2006). The aerodynamics are modeled using
the quasi-staionary blade element momentum (BEM) theory. Additional submodels are
included, such as the dynamic stall model (M. H. Hansen, Gaunaa, and Madsen, 2004).
Additionally, a turbine controller is linked to these models.
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2 Theoretical background

The turbine response is modeled using turbulent inflow conditions as input. Using sitespecific wind data, the wind fields can be generated using the Mann spectral turbulence
model (Mann, 1998). If turbines are located in a wind farm, the wake effect of the
neighbouring turbines need to be considered as well. The wake effects can be captured
by the dynamic wake meandering model (DWM) G. C. Larsen et al., 2008.
For offshore turbines additional wave loads are acting on the turbine structure. In
this case a hydrodynamic model based on Morrison equation can be included to model
the wave kinematics and a soil model can be used to represent the soil forces on the
turbine substructure.

2.4

Fatigue load calculation

During its lifetime, a turbine structure must withstand a large amount of load cycles.
This load history can be represented in different ways. In this thesis, the load response
of the turbine is represented in terms of fatigue loads. A commonly used fatigue load
measure for indicating how much wear a turbine will experience throughout its lifetime
is the lifetime damage-equivalent load (DEL). For this, the load time series for a given
reference period (10-min or 1 hour) is post-processed to calculate the number of load
cycles ni and their corresponding load range Si using the rainflow counting algorithm
(Rychlik, 1987). By applying the Palmgren-Miner rule (Miner, 1945) the 1 Hz damage
equivalent load Seq can be calculated using the Wöhler exponent m, which is a fatigue
material property:
Seq =

ni Sim
Nref

"P

#1/m

(2.19)

with the number of 1Hz load cycles Nref = 600 for the reference period of 10 minutes or
Nref = 3600 for the reference period of 1 hour.
In order to calculate lifetime DEL based on a set of simulated load time series, the
short-term damage loads are integrated over the joint probability of the wind conditions
of the turbine during its expected lifetime. Assuming an expected lifetime of 20 years
the lifetime DEL can be defined as follows
#1/m
20nt Z
=
[Seq (X)]m f (X)dX
Nref,y X
"

Seq,lif etime

(2.20)

with the joint probability distributions of the wind conditions f (X), the number
of reference periods per year nt and the number of 1 Hz load cycles that the turbine
will experience in its lifetime Nref,y . Additional conditions that have an effect on the
fatigue lifetime can be include (i.e. normal operation, start-up, shutdown, idling, etc.) as
defined in wind turbine design standards (61400-1, 2005). The above described processing
towards lifetime DEL is a strong simplification of the turbine load history. However, it is
a useful indicator for the accumulated damage of a turbine during its lifetime and crucial
to consider for its design.

CHAPTER

3

Wind turbine load surrogate
modeling
Modeling the turbine load response to the turbulent inflow field is a highly non-linear and
complex process. In order to reduce the computational effort in load modeling, surrogate
models have been introduced. These reduced-order models aim at fast and efficient
mapping of the turbine response to environmental inputs with a reduced number of
computations required. By reducing the computational effort, surrogate models make the
use of load computations for various purposes more feasible and efficient (see Figure 3.1).
For example, surrogate models can be used during the design phase of a wind turbine for
assessing the impact loads will have on the turbines’ lifetime. When planning a wind
farm, site-specific load assessments need to be carried out to make sure that design loads
are not exceeded with the given environmental conditions. As this is a time consuming
process where often simulations over the full design load base for each site are required,
surrogate models can help to make this process faster and more efficient. Once a model
is calibrated, it can be applied to make estimations for any site without running new
aeroelastic simulations. Additionally, during the operation of a turbine, surrogates can be
used together with collected turbine measurements to estimate current accumulated load
states of the structure and make estimations about expected lifetime of the components.
Finally, surrogate models can help to understand the uncertainty of an aeroelastic turbine
model.
Several surrogate model approaches have been developed to simplify wind turbine load
computations. In (Kashef and Winterstein, 1999) and (Manuel, Veers, and Winterstein,
2001) the use of probabilistic expansions based on statistical moments is proposed.
Approaches based on multivariate regression of first order are demonstrated in (Mouzakis,
Morfiadakis, and Dellaportas, 1999) and (Stewart, 2016) and of second order in (Toft
et al., 2016). (Müller, Dazer, and Cheng, 2017) made use of ANNs for the response
surface (RS) approach. A Kriging-based surrogate model is used in (Teixeira et al., 2017)
for fatigue load estimations of offshore wind turbines and in (H. Yang et al., 2015) for
reliability-based design optimization. Furthermore, surrogate models have been used
for variance-based sensitivity analysis in (Hübler, Gebhardt, and Rolfes, 2017) and for
uncertainty propagation using polynomial chaos expansion (PCE) in (Murcia et al., 2018).
Latter one uses a pseudo-Monte Carlo simulation to generate samples for the model
training.
However, the above mentioned approaches use a limited design space and focus
only on one method. (N. Dimitrov, Kelly, et al., 2018) expanded the surrogate model
framework aiming at a full characterization of the inflow conditions. Given the potential
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Figure 3.1: Objectives of load surrogate modeling.
of ANNs, the aim of the present study is to investigate the suitability of using ANNs for
fast and efficient load mapping based upon (N. Dimitrov, Kelly, et al., 2018). For this
purpose, the model performance of ANNs is compared against other methods that have
proven to be successful for estimating turbine loads (article I). Furthermore, the study
aims to analyse the propagation of uncertainty through the ANN based surrogate and
how the selected inputs influence the variance of the load estimations (article II).
In the following sections, the reader is introduced to the surrogate model framework
used in this study. Afterwards, the most important findings are summarized. Article I
and article II are presented at the end of this chapter.

3.1

Wind turbine surrogate method

The surrogate method in the present study aims at simplifying load estimations, which
can be applied for site assessment purposes. The approach can be used to estimate
various load representations (i.e., load time series, fatigue loads, extreme loads). However,
this study focuses on lifetime DEL estimations of the turbine blade-root flapwise bending
moments as an example. The different steps of this method which are required to build
the surrogate model (as presented in chapter 2) are described in the following sections.

Variable space definition and data creation
For building a surrogate model, it is crucial to consider all external parameters that are
necessary for a full characterization of the inflow conditions used in the load simulations.
The first step is therefore to define the variable input space that is used for aeroeleastic

3.1 Wind turbine surrogate method
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simulations. According to a previous study from (N. Dimitrov, Kelly, et al., 2018), the
fatigue turbine loading is modeled based on an input vector X containing six probabilistic
input variables that characterize the turbulent wind field (see Figure 3.2). The mean
wind field is described by the average wind speed u at hub height, the vertical wind shear
exponent α and the wind veer ∆φ. The turbulent part of the wind field is characterized
by the standard deviation of the wind speed σu , the turbulence length scale L and
the anisotropy factor Γ. The latter two variables are parameters from the turbulence
spectrum defined by the Mann model (Mann, 1994).

Figure 3.2: Input and output variables for a load surrogate model.
For training the surrogate model, the same simulation database as in (N. Dimitrov,
Kelly, et al., 2018) is used. The database is created using a pseudo-Monte Carlo simulation.
For this the distribution and boundary functions of the input variables that are used
in the surrogate model and the simulations need to be defined first. The simulation
inputs are then sampled from the pre-defined joint probability distribution of these input
conditions using a Rosenblatt transformation. Finally, the load time series simulations
that are created from these input samples are post-processed in order to calculate the
corresponding lifetime DEL Seq,lif etime .

Calibration of reduced-order models
Subsequently, the surrogate model is calibrated using the sampled input X as input
and the simulation results Seq,lif etime as output. This calibration procedure with known
inputs and outputs is equivalent to a supervised learning task where various techniques
can be used to map the input to the output. As mentioned earlier, the aim of this study
is to evaluate the potential of using ANN-based surrogate models compared to other
ML techniques that are commonly used for this purpose. Therefore, the following three
techniques for mapping the inputs to the outputs are used: a feed-forward neural network
(see section 2.1.1), a PCE (see section 2.2.2) and a quadratic RS (see section 2.2.2). The
performance of the models is evaluated using a 10-fold CV with same data splits for
each method. In order to answer the mentioned research question, the three methods are
benchmarked based on their model accuracy, training and testing time, and convergence
of their model accuracy with respect to number of training samples used. More details
can be found in article I.
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Uncertainty quantification and sensitivity analysis
Finally, to further evaluate the suitability of the calibrated ANN-based load surrogate
model, an uncertainty quantification and sensitivity analysis is carried out. The uncertainty of the ANN weight and bias parameters are estimated and propagated to the
output by means of a linear error propagation. A global sensitivity analysis is then applied
on the ANN with respect to its six input variables. For this, three global sensitivity
methods are compared: a first order derivative, a Sobol variance decomposition and the
Shapley effect. The mentioned methods are described more in detail in section 2.1.2 and
article II.

3.2

Discussion and summary

The results from article I show that an ANN-based surrogate model outperforms other
methods using PCE and RS in terms of model accuracy, computational time as well as
convergence stability. Furthermore, the uncertainty propagation in article II validates that
the ANN based surrogate model results in relatively small estimated output uncertainty.
The three methods used for the sensitivity analysis show that the blade load estimations
are mainly driven by turbulence, followed by wind shear and wind speed. However, it
should be noted that the approach presented in this chapter can be applied to different
variable choices. As this study focused solely on the lifetime DEL of the blades, future
work should include a validation of this method on other turbine components and turbine
types to generalize the findings. As presented above, the application of the model requires
site information of the free-stream conditions, which can be obtained e.g. from met mast
measurements, and can therefore only be applied to single turbines. In the next chapter
a similar surrogate model approach is presented that can be applied to turbines in wind
farms.

3.3 Article I: Benchmark of methods for load surrogate modeling

3.3

Article I: Benchmark of methods for load
surrogate modeling
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Abstract. Previous studies have suggested the use of reduced-order models calibrated by
means of high-fidelity load simulations as means for computationally inexpensive wind turbine
load assessments; the so far best performing surrogate modelling approach in terms of balance
between accuracy and computational cost has been the polynomial chaos expansion (PCE).
Regarding the growing interest in advanced machine learning applications, the potential of
using Artificial Neural-Network (ANN) based surrogate models for improved simplified load
assessment is investigated in this study. Different ANN model architectures have been evaluated
and compared to other types of surrogate models (PCE and quadratic response surface). The
results show that a feedforward neural network with two hidden layers and 11 neurons per layer,
trained with the Levenberg Marquardt backpropagation algorithm is able to estimate blade root
flapwise damage-equivalent loads (DEL) more accurately and faster than a PCE trained on the
same data set. Further research will focus on further model improvements by applying different
training techniques, as well as expanding the work with more load components.

1. Introduction
Typically wind turbines are designed for specific wind conditions which are specified in site
classes by the IEC standards. When a turbine is placed at locations where a site-specific
parameter exceeds these design conditions, site-specific load assessments including simulations
over the whole design load base have to be carried out. As this procedure can become
computationally expensive, several methods and procedures have been developed for simplifying
load assessments based on statistical moments, multivariate regression models [1] and expansions
using orthogonal polynomial basis [2]. Previous investigations comparing different surrogate
models such as polynomial chaos expansion (PCE), universal kriging with polynomial chaos
basis function and quadratic response surface, have shown that the PCE results in the best
overall performance for the load estimation in terms of robustness, accuracy and computing
time [3].
Regarding the growing interest in advanced machine learning applications, the purpose of this
study is to evaluate the potential of using models based on Artificial Neural Networks (ANNs) as
a flexible and potentially better-performance alternative to the previously mentioned surrogate
models that have been developed already. Therefore, different ANN models are trained for
Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd
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estimating the loads of a wind turbine using a database with high-fidelity load simulations and
compared to the load estimations obtained from the aforementioned surrogate model approaches.
The previously developed surrogate models serving as a reference in this study are the PCE and
a rather simple quadratic response surface approach.
2. Data description
For training the surrogate models a database consisting of high-fidelity load simulations is used
based on the setup described in [3]. Six probabilistic parameters characterizing the wind field
(wind speed, wind field variance, vertical wind shear exponent, wind veer and turbulence length
scale and anisotropy factor defined by the Mann model [4]) are used as inputs for the models.
A 10000-point pseudo Monte Carlo sample is drawn from the joint distribution and pre-defined
ranges of the input variables (see Figure 1) [3]. All parameters, except the wind speed u, are
uniformly distributed. Since most parameters have wide ranges of variation at small u, the wind
speed is Beta-distributed in order to improve point spacing in the set used for training the ANN
model. However, this would not influence a load estimation using the resulting model, as in this
case the sampling can be done according to any target distribution of environmental conditions,
for example a site-specific Weibull-distributed wind speed.

Figure 1. Distributions of input variables: The wind speed is considered Beta-distributed while
the remaining input variables are uniformly distributed. The figure is reproduced from [3] with
the author’s permission.

Aeroelastic load simulations are carried out using the HAWC2 simulation tool with the
reference turbine DTU 10MW RWT to obtain the damage-equivalent loads (DEL) which serve
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as target for training the surrogate models (see Figure 2). This study focuses on estimating the
lifetime DEL exemplarily for the blade root flapwise bending moment.
•

Wind speed u

•

Wind field variance σ

•

Wind shear α

•

Turbulence length scale L

•

Anisotropy factor Γ

•

Wind veer Δφ

Surrogate model

Lifetime damage-equivalent
fatigue load

Figure 2. Schematic illustration of site-specific load estimation using surrogate model.

3. Methods
In the following section the different approaches are briefly described and the choice for the
specific model setup is explained. Within each approach a 10-fold cross-validation is applied in
order to estimate the generalization error of the corresponding load estimations.
3.1. Neural Network approach
Originally, ANNs were invented as mathematical models of the information processing by
neurons [5]. There are clear differences between ANNs and biological neurons, nevertheless the
basic structure exhibits some similarity. ANNs consist of a net of various connected information
processing units, so-called artificial neurons. The neurons are organized in layers so that the
information is processed sequentially in the network (see Figure 3).

Figure 3. A 3-layer neural network with three inputs, two hidden layers consisting of four
neurons each and one output layer [6].

An ANN with a linear transfer function can be written in the form of a linear regression
model to predict the output [7]:
f (x
x, w ) =

M
X

x i wi + w0

(1)

i=1

The input vector x = (x1 , ..., xM ) containing M attributes is fed into the input layer where
neuron i is given an activation equal to xi . The parameter wi is referred to as weights and
w0 as biases. The activation is propagated through the hidden layers and finally to the output
layer. The number of neurons in the output layer corresponds to the dimension of the output
vector that is aimed to be predicted. This procedure is called forward pass which is used for the
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simplest form of ANNs, the so-called feedforward networks.
With
x̃ = [1 x1 x2 ... xM ]T

(2)

f (x
x , w ) = x̃ T w

(3)

we get the more condensed form

Having a nonlinear activation h and a number of H hidden neurons, the activation of the kth
output neuron can simply be written as
fk (x
x , w ) = h(2) (

H
X

(2)

(1)

Wkj h(1) (x̃ T w j ))

(4)

j=1
(2)

with the weight matrix Wkj containing weight terms for the jth hidden neuron and kth
output neuron. Different functions can be used as the activation function h such as for instance
hyperbolic tangent, logistic sigmoid or rectified linear unit.
In this work a feedforward neural network (FNN) is used. Inside the 10-fold cross-validation
the data are divided into a 70 % training, a 20 % validation and a 10 % test set for each iteration.
Since the sample set used in this study is considerably big, the data division is less crucial for
the model performance. Another approach for splitting the data would be to follow the scaling
law for the validation-set training-set size ratio as described in [8]. After dividing the data, the
model is trained using back-propagation with the Levenberg-Marquardt algorithm [9] based on
the training data set, and using the validation set to prevent overfitting. Finally, the performance
of the FNN is tested on the test set.
For selecting the optimal network architecture an inner loop is added to the 10-fold crossvalidation. Inside the loop networks with one to two hidden layers with one to twenty neurons
in each layer respectively are trained and the generalization error is estimated for each model
in the outer cross-validation loop. The final optimal network architecture is selected based on
achieving a balance between high accuracy (achieved with a high number of neurons) and low
computational time (low number of neurons) for the DEL estimation.
3.2. Polynomial chaos expansion approach
The polynomial chaos expansion, introduced by Norbert Wiener [10] and further developed into
computational tools for stochastic modeling such as in [11] and [12] is a method to approximate a
stochastic function S(X
X ) of multiple random variables X = [X1 , X2 , ..., XM ] using an orthogonal
basis φj [3]:
S=

∞
X

Sj φj (X1 , ..., XM )

(5)

j=0

where φj is a Hilbertian basis of the Hilbertian space containing the response [3]. Since
the input random variables in this study are non-Gaussian distributed a generalized PCE [13]
using Legendre polynomials is applied. The stochastic function S = g(X
X ) can be expressed
as a truncated sequence S̃(X
X ) +  with the zero-mean residual . A least-squares regression
approach is then used for determining the coefficients of S which requires setting up a design of
experiments with a so-called design matrix Ψ [3]. Assuming that the residuals are approximately
normally distributed the closed-form solution is
4
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(Ψ
Ψ T Ψ )−1 · Ψ T · y

(6)

with y being a vector with the realizations obtained from the design experiment [3].
Before calibrating the PCE, the data samples are divided into a 90 % training and a 10 % test
set in order to use the same amount of data for training the model as in the ANN methodology.
The design matrix Ψ is calculated and the PCE is calibrated using the training set. The obtained
coefficients of the PCE are then used for load predictions using the input variables from the test
samples.
3.3. Response surface approach
Another reduced-order model is the quadratic-polynomial response surface (RS) which has found
its application also for wind turbine load predictions [1]. In this method a quadratic polynomial
regression is fit to the design points from the Monte Carlo simulations. A single response surface
is not able to fully represent the turbine response with respect to the mean wind speed due to
the low-order of the response surface [3]. Therefore, multiple response surfaces are calibrated
for wind speeds from 4 m/s to 20 m/s in 1 m/s steps. Using the closed-form solution from the
least-squares regression noted in Equation 6 the polynomial coefficients of the response surface
are calculated.
As for the PCE the data samples are divided into a 90 % training and 10 % test set. For each
wind speed bin of the training samples the design matrix Ψ is created and the corresponding
coefficients of the quadratic regression function are calculated. The RS model is then validated
using these coefficients on the test set.
4. Results
4.1. Performance evaluation: Neural Network
In the following section the results of the DEL prediction of the blade root flapwise bending
moment using an ANN are presented.
As mentioned before, the optimum network architecture is selected based on achieving a
high accuracy at low computational time. Figure 4 to Figure 7 illustrate the coefficient of
determination and the test evaluation time of the load estimations using an ANN with one
hidden layer (left side) and two hidden layers (right side) as a function of the number of hidden
neurons per layer. The red dashed lines refer to the finally chosen architectures.
ANN with one hidden layer
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Figure 4. R2 of load estimations using
ANN with one hidden layer as a function
of number of neurons per layer.

Figure 5. R2 of load estimations using
ANN with two hidden layers as a function
of number of neurons per layer.
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Figure 6. Test evaluation time of load
estimations using ANN with one hidden
layer as a function of number of neurons
per layer.

Figure 7. Test evaluation time of load
estimations using ANN with two hidden
layers as a function of number of neurons
per layer.

A 1-layer ANN with 16 neurons per layer and a 2-layer ANN with 11 neurons per layer
are selected as most suitable network architectures in this study. The performance of the two
networks is presented separately for the training, validation and testing set in Table 1.

Table 1. Performance evaluation of ANN for training, validation and testing.
Criteria

ANN [16]

ANN [11 11]

Number of coefficients
Training evaluation time [s]
Testing evaluation time [s]
Training R2
Validation R2
Testing R2

129
2.462
0.010
0.991
0.990
0.990

222
3.520
0.010
0.992
0.991
0.991

The test error distribution of the load estimations is illustrated for both networks in Figure 8
and Figure 9. The ANN with one layer predicts the DEL on the test set with a mean error
of µ = 36.17 Nm and a standard deviation of σ = 633.21 Nm. The ANN with two layers
predicts the DEL on the test set with a mean error of µ = 33.12 Nm and a standard deviation
of σ = 609.98 Nm.
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Figure 9.
Error distribution of load
estimation for testing using an ANN with
two hidden layers with 11 neurons per
layer.

Figure 8.
Error distribution of load
estimation for testing using an ANN with
one hidden layer with 16 hidden neurons.

4.2. Comparison with PCE and Response surface
The performance of the load estimations using neural networks is compared to the load
estimations obtained from a PCE and a truncated PCE which retains 99.5 % of the model
variance and a quadratic RS in Table 2.

Table 2. Performance comparison of load estimation using RS, PCE and ANN.
Criteria

PCE(1*)

PCE(0.995*)

RS

ANN [16]

ANN [11 11]

Number of coefficients
Training evaluation time [s]
Testing evaluation time [s]
Training R2
Validation R2
Testing R2

924
179.365
17.778
0.993
0.989

54
9.765
1.051
0.988
0.988

336**
0.021
0.008
0.974
0.972

129
2.462
0.010
0.991
0.990
0.990

222
3.520
0.010
0.992
0.991
0.991

*
**

Proportion of model variance retained
21 coefficients per wind speed bin for 4 m/s to 20 m/s

The scatter plots of the estimated blade root bending moment against the simulated loads
from the high-fidelity database are shown in Figure 10 to Figure 12 for the truncated PCE, the
quadratic response surface and the ANN with two hidden layers.
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Figure 12. Scatter plot of blade root
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ANN against database.

In order to assess the convergence of the surrogate models the normalized root-mean-square
(NRMS) error between the simulated loads from the high-fidelity database and the surrogate
model predictions is plotted as a function of the number of samples used for training the surrogate
model (see Figure 13).
The NRMS is calculated using Equation 7 with the set of observations (i.e. DEL from highfidelity simulation base) y = g(X
X (i) ), i = 1...N and the prediction set from the surrogate models
(i)
y˜i = S̃(X
X ), i = 1...N , over the same set of N s
sample points X (i) :
P

N
2
1
i=1 (y˜i − yi )
εN RM S =
E[y
y]
N
with the expected value of the observation variable E[y
y ].
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5. Discussion
For selecting the optimal network architecture the model performance of a 1-layer and 2-layer
ANN is analysed in dependency of the number of hidden neurons in Section 4.1. While the
accuracy of the load predictions increases with the number of hidden neurons (see Figure 4
and Figure 5), it was expected that the test evaluation time would increase as well. However,
Figure 7 shows an unexpected high value in the test evaluation time for a 2-layer ANN with one
hidden neuron per layer. This might be caused by an overhead effect during the first iteration
of the program.
The load prediction performances of the ANN with one hidden layer and 16 hidden neurons
and the ANN with two hidden layers and 11 neurons per layer are compared in Section 4.1.
Both networks are able to give fast and accurate load estimations. As it can be seen in Figure 8
and Figure 9, the ANN with two layers predicts the DELs with a smaller mean and standard
deviation of the test error while performing with the same test evaluation time. This is also
represented in the higher coefficient of determination of R2 = 0.991.
The time needed for training the 2-layer ANN is about 1.06 s longer. However, the surrogate
model only has to be trained once using the high-fidelity data base from the pseudo-Monte Carlo
simulations and can then be applied to specific sites using the site-specific wind measurements.
Therefore, the test evaluation time is a more significant criteria of the model performance.
The comparison between the three surrogate models in Section 4.2 shows that the fastest
site-specific load assessment can be achieved using a quadratic RS, however at the cost of the
model accuracy. The so far best performing PCE results in a smaller prediction error with a
coefficient of determination of R2 = 0.988 and a test evaluation time of 1.051 s. Comparing these
results with the 2-layer ANN shows that the ANN performs approximately 100 times faster than
the PCE with an even slightly smaller prediction error.
Evaluating the convergence of the three approaches in Figure 13 has shown that, all three
models converge for approximately the same number of training samples (4000). However, it
can be seen that the NRMS error of the load predictions using the PCE is significantly higher
when using a small training sample set.
It should be noted that the approach presented in this study is only valid for site-specific
load assessments for single turbines. Further research is needed to extend the surrogate model
for wind farms where the wake effect plays an important role for the load predictions. A method
for representing wake-induced loads with surrogate models is currently being considered in [14].
6. Conclusions and future work
This study has presented a neural network approach for predicting the blade root bending
damage-equivalent moments for site-specific load assessments. The optimal network architecture
achieving low prediction errors with a small test evaluation time is an ANN with two hidden
layers and 11 neurons per layer. The comparison with the PCE model shows that the ANN
performs better with a slightly lower performance error and faster evaluation time. Compared
to the fast but less accurate quadratic RS it performs with significantly smaller prediction error
at a slightly higher test evaluation time.
All in all, the results of this study confirm the hypothesis that ANNs are a flexible and betterperformance alternative to the other types of surrogate models tested in [3]. The investigations
show that the ANN model is robust and sufficiently accurate in predicting the DEL of the blade
root flapwise bending moment. The sensitivity study of the NRMS error of the load predictions
has shown that the ANN performs better than the PCE even when only a small sampling set is
available for training the surrogate model.
Further research should focus on assessing the prediction performance of the ANN using
small sample sets. Additionally, in order to generalize the findings of this study future
work should focus on evaluating the model performance of load estimations on other turbine
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types/ratings and components as well as extending the surrogate model to enable wake-induced
load predictions in a wind farm.
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Abstract. Recent studies have shown the advantage of replacing aeroelastic simulations with
regression models based on Artificial Neural Networks (ANNs), which can be used as surrogate
models for fast and efficient wind turbine load assessments. Once trained on a high-fidelity load
simulation database covering a broad range of conditions, the surrogate model can be applied to
predict loads for any site with wind climate falling within the range covered by the database. The
aim of this study is to quantify the uncertainty propagation through such an ANN and to analyse
how much the selected input variables influence the variance of the fatigue blade load estimations
by means of a global sensitivity analysis. Results confirm that the selected ANN architecture
seems suitable for this task resulting in small output uncertainties. Furthermore, the sensitivity
analysis shows that the turbulence is mainly responsible for the blade load estimation, followed
by the wind shear and the wind speed. The contributions of the turbulence length scale,
turbulence anisotropy factor and wind veer angle are comparatively low. Comparing three
different methods for sensitivity analysis shows that the partial derivative algorithm, Sobol
variance decomposition and Shapley effect result in similar sensitivity measures.

1. Introduction
Wind turbines are typically designed based on reference wind conditions that are provided by the
design standard IEC 61400-1 [1]. In order to ensure a turbine’s structural capacity at a specific
location, site-specific load assessments need to be carried out using aeroelastic simulations which
is a time consuming process and involves complex modeling. Recent studies have shown the
advantage of replacing these aeroelastic simulations with regression models, which can be used
as surrogate models for fast and efficient load assessments. Once trained on a high-fidelity load
simulation database covering a broad range of wind field conditions, the surrogate model can be
applied to predict the loads of a specific turbine type for any site with wind climate falling within
the range covered by the database. However, since real world data comes with uncertainties it
is important to assess how these uncertainties propagate through the surrogate model to the
output, as well as to understand which variables have highest influence on the load estimations.
In [2] such a sensitivity analysis is carried out for various surrogate models, such as Gaussian
process modelling and polynomial chaos expansion amongst others. In [3] it was shown that
Artificial Neural Networks (ANNs) can result in better prediction performances compared to the
Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.
Published under licence by IOP Publishing Ltd
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previously investigated regression techniques. Hence, it would be good to carry out a sensitivity
analysis on a ANN based surrogate model as well.
The aim of this study is therefore to quantify the parameter uncertainty propagation through
a ANN based surrogate model and to analyse how much the selected input variables influence
the variance of the load estimations by means of a global sensitivity analysis. This study can
lead to a better understanding how suitable the selected ANN architecture is for the specific
problem, as well as how the choice of different sensitivity methods can effect the analysis results.
2. Methodology
Data and model
The detailed framework for setting up the surrogate model and selecting the most suitable
ANN architecture is presented in [3]. The six probabilistic input variables characterizing the
wind field are wind speed, turbulence, vertical wind shear exponent, turbulence length scale,
turbulence anisotropy factor and wind veer. The input samples are generated in a uniform
space and transformed to physical space by assuming a certain joint probability distribution.
The corresponding damage-equivalent loads (DEL) which serve as target for training the ANN
are obtained with a 10,000-point Monte Carlo simulation using the aeroelastic tool HAWC2 [4]
with the DTU 10MW reference turbine [5]. This sampling approach ensures a wide range of
combinations of wind speed, turbulence, wind shear, turbulence length scale, and anisotropy
factor. Hence, various atmospheric stability ranges [6] and load scenarios under normal turbine
operation are implicitly considered in this set up. This study focuses on estimating the lifetime
DEL for the blade root flapwise bending moment Mx . A feed-forward ANN is trained using the
same network architecture as [3], however with the difference of using the input variables in the
uniform space instead of using input variables in real space. This is done in order to ensure
having independent input variables which is necessary to carry out the sensitivity analysis.

Figure 1. Schematic illustration of a feed-forward neural network with three hidden layers.
Image taken from [7] with the author’s permission.

A feed-forward ANN consists of a set of neurons which are organized in layers (see Figure 1).
The input vector x with d elements is passed forward through the hidden layers of neurons in
order to compute the output vector y with k elements. Each hidden layer consists of a set of
hidden neurons at which the incoming information is processed in two steps. Firstly, at each
(1)
hidden neuron j from the first hidden layer the output oj is calculated by linearly scaling the
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input as follows
(1)

oj

=

d
X

(1)

(1)

wji xi + bj

(1)

i=1

(1)

where xi is the ith element of the input vector, wji the weight connection between xi and the
(1)

j th hidden neuron from the first layer, and bj the bias offset for the j th neuron. Secondly, the
result is passed through an activation function h (e.g. tanh):
(1)

yj

(1)

= h(oj )

(2)

The activated output then serves as input to the next layer, such that with a total number of
hidden layers l and a total number of neurons m(l) and m(l−1) in lth and (l − 1)th hidden layer,
respectively, we get following neuron outputs at each network layer:

d
X


(1)
(1)
(1)
(1)
(1)


y
=
h(o
),
o
=
wji xi + bj

j
j
j



i=1




...



(l−1)
mX
(3)
(l)
(l)
(l)
(l) (l−1)
(l)

y
=
h(o
),
o
=
w
y
+
b

j
j
j
ji
i
j



i=1



(l)

m

X (k) (l)


(k)

wji yi + bj

yk = h(ok ), ok =
i=1

(l)

where wji denotes the weight connection between the ith neuron from layer (l − 1) and j th
neuron from layer l.
Training the neural network model consists of tuning the model parameters W so that the
model attains optimal predictive performance, which is evaluated in terms of a cost function. In
the present study, the ANN is trained on 70 % of the generated data using back-propagation with
the Levenberg-Marquardt algorithm and validated on 20 % of the data to prevent overfitting.
The finally selected ANN consists of two hidden layers and 11 neurons per layer resulting in 221
model parameters (see Table 1) and its performance is tested on the remaining 10 % of the data.
Figure 2 shows the estimated DEL of the blade-root flapwise bending moment of the ANN
with respect to the simulated values for the test data. The residuals between the simulated
targets y(x) and the model outputs f (x, W ) are calculated for the test set:
 = f (x, w) − y(x)

(4)

The ANN predicts the DEL on the test set with a mean error of µ = 10.12 Nm and a standard
deviation of σ = 667.44 Nm assuming normally distributed residuals (see Figure 3).
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Figure 2.
Scatter plot of blade-root
flapwise bending moment estimated by
ANN against simulated database.

Table 1. Number of weight and bias parameter per network layer
Layer 1 Layer 2 Output layer
No. of weight parameter W 66
121
11
No. of bias parameter b
11
11
1
Linear error propagation for non-linear models
Each parameter estimator Ŵ has an uncertainty that is propagated to the model output. This
uncertainty can arise from uncertainties in the input variables, selection of network architecture
or also in the optimization algorithm used for finding the optimal parameters. To calculate the
parameter estimator uncertainty a linear error propagation for non-linear models is used [8][9].
The first-order derivative of the model with respect to the parameter estimators (Jacobian)
is formulated as followed:
JW =

δf (W )
δW

(5)

With a total number of simulations n = 998 and number of estimated parameters p = 221,
the unbiased variance of the residulas of the parameter estimation is estimated:
s2 =

T · 
n−p

(6)

Subsequently, the covariance matrix of the parameter estimators can be calculated using the
Jacobian and the estimated variance:
Cov(W ) = s2 (JW T JW )−1

(7)

Using linear error propagation the errors from the parameters can be propagated to the model
outputs by estimating the covariance of outputs:
Cov(y) = JW · Cov(Ŵ ) · JW T
4

(8)
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Partial derivative algorithm
Amongst other techniques that have been suggested in the last 30 years for analysing the
sensitivity of an ANN, the partial derivative algorithm [10] is one of the most commonly used
[11]. This method is based on the Jacobian matrix Jx representing the partial derivatives of
the output yk with respect to the inputs xi . The Jacobian matrix includes the sensitivity of the
ANN output to small input variations and can be calculated using the chain rule [12]:
δyk δok δy (1) δo(1)
δyk
=
...
δxi
δok δy (l) δo(1) δxi

=

(l)
(l−1)
m
X mX

i=1

i=1

d h
i
X
(k) 0
(l) 0 l
(1) 0 1
...
Wij h (ok ) · Wij h (o )....Wij h (o )

(9)

i=1

where h0 denotes the derivative of activation function h. Using the first-order derivatives a
sensitivity index ci can be calculated for n number of samples of each input xi on the output y
[10]:


δy
1X
(10)
ci =
n n
δxi n
Sobol variance decomposition
Another method for analysing the sensitivity of the model output is by means of Sobol indices
that are obtained from a Sobol’s variance decomposition using sampling with binning. The
variance decomposition method decomposes the variance of the output into contributions from
each of the d individual inputs [13]:

V (y) =

d
X
i=1

Vi +

d X
d
X

Vij +

i=1 j>i

d X
d X
d
X

Vijk + V1,...,d

(11)

i=1 j>i k>j

with Vi = V (E∀xl 6=xi (f (x|xi ))) being the variance due the main effect of a single variable and
Vij = V (E∀xl 6=xi ,xj (f (x|xi , xj ))) being the output variance due to the interactions between the
i-th and j-th variables. In the global sensitivity analysis the variances are normalized by the
total output variance:
Si =

Vi
V (y)

Sij =

Vij
V (y)

(12)

The main effect Sobol index Si is the output variance that can be explained by the main
effect of the i-th variable. Following the sampling with binning method, the variance Vi and
subsequently the Sobol index Si can be calculated separately for each input variable. The total
sum of the global Sobol indexes can be greater than one as the effect of variable correlation is
not taken into account.
Shapley effects
In the following, the Shapley value is presented as an alternative to the partial derivative
algorithm and the Sobol’ index for determining the individual input variables contribution to
the total output variance. The Shapley value of input variable i, denoted φi , is constructed such
that the sum of all input Shapley values results in one when using independent input variables.
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Following [14], here are presented some of the key elements in the definition of a Shapley value
of the above multilayer ANN.
A constructive definition of the Shapley value can be found in [15], page 991: ”If we rearrange
the d variables into all d! orders and find the improvement in R2 that comes at the moment the
ith variable is added to the regression, then φi is the average of all those improvements.” The
Shapley value of input no. i is then determined by


d − 1 −1 2
1 X
φi =
(τ u+i − τ 2u )
d
|u|
u⊆−{i}

where
• −i := [d] \ i is the set of input variables with input i removed.
• u ⊆ −{i} is all the subsets of the input variables with input i removed ∪ with the set of
input variables, with i removed.

• d−1
|u| the number of ways a subset of cardinality |u| can be selected from a set of cardinality
d − 1.
P
• τ 2u = v⊆u σv2 , where σv2 is the variance of the set v.

Examples on further references to computation and applications of the Shapley values can
be found in [16], [17].

3. Results
Uncertainty analysis on model parameter estimators
To obtain the Jacobian JW , the first-order derivatives of the model output with respect to
the parameters estimators are calculated using the chain rule. The covariance matrix of the
parameter estimators is calculated as described in Section 2.
The standard deviation σ and the corresponding confidence intervals are calculated for all
221 parameter estimators assuming the confidence intervals follow a student t-distribution.
The standard deviation of the parameter estimators varies between σmin = 0.002e − 4 and
σmax = 6.254e − 4 with a mean standard deviation of σmean = 0.206e − 4. Figure 4 shows the
weight (blue) and bias (red) estimates including their estimated 95% confidence intervals.
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In order to analyse which set of parameters can be used uniquely, i.e. if it can be estimated
independently and with sufficient accuracy, the correlation of each parameter pair is calculated
as followed:
Cov(Ŵ )
Corr(Ŵ ) =
(13)
σT σ
98.74% of the parameter pairs meet the condition of having a correlation below 0.5, and 1.26%
have a correlation above 0.5 (Figure 5). Another criteria for identifying if the set of parameters
can be used uniquely is by calculating the relative error of the parameter estimate σ/W , which
should be lower than e.g. 25% [18]. All 221 parameter estimations have a relative standard error
lower than 25% (Figure 6).
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Figure 5.
Correlation between 221
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To further investigate what effect the uncertainty of the parameter estimation has on the
model output, the covariance matrix Cov(ŷ) and confidence intervals on the model output are
estimated and illustrated in Figure 7.
1
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Figure 7. Model output of ANN including 95% confidence intervals due to parameters
uncertainty. The values are ordered by the model output.
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Partial derivative algorithm
After obtaining the first order derivatives for all input variables Jx using the chain rule as
described in Section 2, the corresponding sensitivity index ci is calculated (see Table 2).

Wind speed u
0.330

Table 2. Sensitivity index ci for all six input variables
Turb. σu Wind shear α Mann length L Anisotropy Γ
0.496
0.348
0.098
0.037

Veer angle ∆φ
0.013

Norm. Blade-root M x

Norm. Blade-root M x

Sobol variance decomposition
Since the Sobol indices become challenging to interpret for dependent input variables the Sobol
variance decomposition is applied to the input samples in the uniform space as well. For each
input variable the model outputs are sorted with respect to the input and binned into 25 bins
comprising of around 40 samples each. Figure 8 shows the binning of the model output with
respect to the six input variables. With the mean output of each bin, the variance Vi and
subsequently the Sobol index Si is calculated separately for each input variable (see Table 3).
The variation in the turbulence σu accounts to 64% of the total variance in the model output.
After the turbulence, the wind shear and wind speed have the highest contribution to the output
variation with 22% and 17%

1
0.5
0
-0.5
-1
-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

1
0.5
0
-0.5
-1

0.8

-0.8

-0.6

-0.4

1
0.5
0
-0.5
-1
-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

Norm. Blade-root M x

Norm. Blade-root M x

0

-1
0

0.6

0.8

0.4

0.6

0.8

0.4

0.6

0.8

1

0

-1
-0.6

-0.4

-0.2

0

0.2

Mann length scale L

-0.5
-0.2

0.4

u

-0.5
-0.8

1

-0.4

0.2

1

0.8

0.5

-0.6

0

0.5

Wind shear

-0.8

-0.2

Turbulence
Norm. Blade-root M x

Norm. Blade-root M x

Wind speed u

0.2

0.4

0.6

0.8

1
0.5
0
-0.5
-1
-0.8

Anisotropy factor

-0.6

-0.4

-0.2

0

0.2

Veer angle

Figure 8. Model output with respect to sorted input variables (uniform space) including mean
output for each bin (red dots)

Vi
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Table 3. Variance Vi and Sobol indices Si for all six input variables
Wind speed u Turb. σu Wind shear α Mann length L Anisotropy Γ Veer angle ∆φ
0.029
0.092
0.032
0.004
0.005
0.004
0.172
0.637
0.220
0.029
0.034
0.031
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Shapley values
The Shapley values are calculated using the R function shapleySubsetM c() from the R language
package sensitivity that is available on the CRAN repository [17]. The function applies an
input parameter N i for the number of neighbor element, used in a nearest neighbor method
in the Shapley value estimation. Figure 9 shows the Shapley values of all 6 input variables for
30 different N i values ranging from 3 to 950. The optimal number of nearest neighbours is
selected based on [19] assuming a single mode density estimation applied for the neighborhood
size N i = O(n4/(4+d) ), where d = 6 and n = 998 leading to a neighbor number of N i = 16 as
presented in Table 4.
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Figure 9. Shapley values of all 6 input variables with respect to the number of nearest neighbors
N i used
Table 4. Shapley values φi for all six input variables with a neighbourhood number of Ni = 15
Wind speed u Turb. σu Wind shear α Mann length L Anisotropy Γ Veer angle ∆φ
0.148
0.587
0.204
0.037
0.021
0.003
4. Discussion
The linear error propagation method shows that the parameter uncertainty is relatively small
σ
with a relative standard error or the parameter estimators of W
< 15% and the resulting
confidence intervals of the model outputs are acceptable when comparing to the simulated target
values (see Figure 7). Furthermore, taking a look at the parameter estimates and their confidence
intervals, Figure 4 shows that nearly all weights of the first hidden layer that are related to the
three input variables turbulence length scale L, anisotropy factor Γ and wind veer ∆φ are close
to zero with very small confidence intervals. This could already indicate that these variables
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are less important for the load prediction. In general, the uncertainty analysis shows that the
applied ANN archtiecture results in acceptably low uncertainties and is therefore suitable for
this problem.
Figure 10 shows a comparison of the sensitivity analysis using the three different methods,
namely partial derivative algorithm, Sobol variance decomposition and Shapley effect. It can
be seen that the three methods show similar results indicating that the turbulence σu inhibits
the highest sensitivity, followed by the wind shear α and the wind speed u. The input variables
with the lowest influence seem to be the anisotropy factor Γ and Mann length L. Physically,
this also makes sense as the turbulence intensity is known to be one of the main drivers of the
fatigue loading of a wind turbine blade [20], while the wind shear causes cyclic load variations
on the blades which also increases the fatigue. Comparing the sensitivity indices of the six
input variables against a previous study that has used the same data, but a different types of
regression models [2] show similar results.
The advantage of the Shapley values over the Sobol indices or the sensitivity values from the
partial derivative algorithm is that it sums up to 1 and therefore gives a more exact estimation
of how much variance of the output is explained by each input variable. However, Figure 10
and Figure 9 shows that the Shapley value estimates depend significantly on the number of
nearest neighbours used. The higher the number of neighbours used for the estimation, the
less expressive the Shapley values become. Therefore, more future work is needed in order to
select the optimum number of neighbours used for the Shapley value estimation, e.g. using a
cross-validation.
However, one should be careful when interpreting the results since the analysis is carried
out on independent input variables in the uniform space. Further future work is necessary for
considering dependent input variables. In the case of calculating Shapley values an example for
this is given in [21].

0.7
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Sobol variance decomposition
Shapley value Ni = 15
Shapley value Ni = 300
Shapley value Ni = 950

0.6

Sensitvity index

0.5

0.4

0.3
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0
u

L

u

Figure 10. Comparison of sensitivity indices for the input variables wind speed u, turbulence
σu , wind shear α, mann length L, anisotropy Γ, veer angle ∆φ obtained from partial derivative
algorithm, Sobol variance decomposition and Shaple effect analysis
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5. Conclusion
This study demonstrates how the uncertainty is propagated through an ANN regression model
for wind turbine fatigue load estimation, and analyses how much the selected input variables
contribute to the variance of the output. Results show that the parameter estimators seem to
inhibit a low uncertainty with a relative standard error below 15%. The parameter estimators
of the first hidden layer already indicate that the input variables turbulence length scale L,
anisotropy factor Γ and wind veer angle ∆φ are less important for the prediction. The model
output results in acceptably small 95% confidence intervals of the model output.
Furthermore, the global sensitivity analysis shows that the turbulence σu is mainly responsible
for the output variance, followed by the wind shear α and the wind speed u. The contributions
of the turbulence length scale L, turbulence anisotropy factor Γ and wind veer angle ∆φ are
comparatively low. Comparing three different methods for sensitivity analysis shows that the
partial derivative algorithm, Sobol variance decomposition and Shapley effect result in similar
sensitivity measures.
Future work is required in order to consider dependent input variables as well as finding the
optimal number of neighbours used for estimating the Shapley values. Furthermore, based on
the sensitivity results it could be tested if a model using only wind speed, turbulence and wind
shear as inputs will result in similar prediction performance as the present model.
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CHAPTER

4

Associating wind farm loads
with turbine failures
In the previous chapter, different ML methods were used as surrogate models to estimate
the damage equivalent loads of turbine blades based on a large simulation database. In
this chapter, the surrogate method is extended to model wind farm loads and used to
create O&M knowledge. To improve O&M strategies and thereby to extend the lifetime
of turbines components, a better understanding of what conditions lead to component
failures is very important. Therefore, this chapter deals with how historical O&M data
can be used together with numerical turbine simulations to better understand how certain
loading conditions in a wind farm can affect the reliability of the turbine components.
The reliability of a turbine component can be inferred either by a frequentist approach
considering the failure frequency (e.g. mean time to failure), or by a probabilistic approach
where the structural reliability is modeled by the likelihood of observing a failure over
a reference period. Previous studies have shown that the decrease of turbine reliability
not only depends on the operational time but also on the meteorological conditions
(M. Reder and Melero, 2016) (Tavner et al., 2006), wake effects (H. Kim, Singh, and
Sprintson, 2012) (Huang and Chiang, 2006), and loading conditions (Colone, Natarajan,
and N. Dimitrov, 2018) (Scott et al., 2012).
However, the approaches in the literature solely investigated impacts on the modeled
structural reliability and did not take into account the observed failure frequency of
the turbines’ components from maintenance reports. This chapter therefore presents
a methodology for mapping wind farm loads with the help of simulation results and
machine learning techniques, which are then compared against the failure statistics from
maintenance observations.
For this purpose, a surrogate model is developed to model the wake-induced loading
conditions within a wind farm based on the method from (N. Dimitrov, 2019). Similar
to chapter 3, the method combines aeroelastic simulations and SCADA data from the
wind farm. The model framework from (N. Dimitrov, 2019) is extended to also estimate
performance and lifetime. Furthermore, the suggested approach includes additional
operating conditions besides normal operation which might have an impact on the
resulting load and lifetime estimates. Finally, the resulting load, performance and
lifetime estimations are compared against the failure statistics of a case wind farm.
The suggested methodology as well as its application on the case study wind farm is
presented and discussed in article III, which can be found at the end of this chapter. In
section 4.1, the reader will first be introduced to the reliability and lifetime estimation of
a turbine main bearing (since the case study focuses on the main bearing component).
Section 4.2 describes the procedure for the wind farm surrogate method and further
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analysis results that are not presented in article III are discussed in section 4.3. The
chapter is briefly concluded in section 4.4. Article III can be found at the end.

4.1

Background on main bearing reliability

As mentioned above, previous research that investigated the relationship between turbine
loads and reliability focused on modeling the structural reliability. In this context,
probabilistic approaches are used to account for statistical distributions of variables
related to the failure behaviour. A review about modeling the structural reliability can be
found in (Rausand, Barros, and Hoyland, 2020). In contrast to modeling the reliability,
this study uses a frequentist approach where the failure statistics are obtained from
maintenance reports. Indicators for the reliability are the frequency at which the main
bearing has failed (failure rate) and the mean time to failure (MTTF), which is the time
between start of uptime and start of downtime (Schröder, N. K. Dimitrov, and Verelst,
2020).
Monitoring the structural health of wind turbine bearings plays an important role in
condition monitoring. When undetected, a bearing failure is estimated to lead to high
replacement costs of around USD 150,000 to 300,000 per failure (Dvorak, 2020). This
study focuses on the reliability of the main bearing, which connects to the main shaft
and transfers the rotor torque to the gearbox (Calderon, 2015). There are different main
bearing configurations in commercial geared wind turbines. The setting investigated in
the present study is a double-bearing configuration where a second bearing is located close
to the gearbox (Hart et al., 2020) (Guo et al., 2017) (see Figure 4.1). This configuration is
one of the most common drivetrain settings and aims to reduce the non-torque rotor loads
in order to protect the gearbox. However, it can also be more sensitive to misalignment
(Bergua et al., 2014).

Figure 4.1: Main components of a drivetrain with double main bearing set up (reproduced
from (SKF, 2017))

4.1 Background on main bearing reliability
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Incident loads
In the following, a brief overview of main bearing loading conditions is given. The loads
on the main bearings arise from aerodynamic and inertial loads on the rotor, which
are propagated though the hub and main shaft to the bearings. In addition to the
turbulent wind field, physical interactions such as wind shear, tower shadow, yaw error
and turbine wakes have an effect on the loading across the rotor blades (Hart et al.,
2020). The forces acting on the hub are mainly driven by rotor weight (vertical) and
thrust forces (horizontal). The hub moments are predominantly caused by fluctuations
of the blade-root bending moment around the spatial mean over the rotor area (Hart
et al., 2020). Figure 4.2 illustrates the loads that are considered in this study.
The main bearing loads are not only dependent on the incoming wind field and rotor
loads, but also on the different operating regimes and operating events (e.g., shutdown,
emergency stop, parking) of the wind turbine. Due to the changing incoming wind field,
the turbine controller changes the turbine behaviour in order to follow a specific design
trajectory of the different WT operating regions. This thereby also changes the loading
conditions at the hub and main bearing. Therefore, this study not only considers normal
operation, but also start-up and shutdown events to estimate the loads and lifetime of
main bearings.

Figure 4.2: Illustration of loads considered in this study: Blade-root bending moments
Mx and My , towertop bending moments Mx and My , bearing torsional moment Mz ,
main bearing axial force Fa and main bearing radial force Fr . Image reproduced from
article III.

Lifetime estimation
This section presents the lifetime calculation that is utilized in Article III. Bearing failures
can be caused by various mechanisms. The most common mechanisms that cause damage
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and wear in the main bearings can be related to classic fatigue, micro-pitting, spalling,
smearing, abrasive wear and debris damage, fretting, as well as to the material and
manufacturing (Hart et al., 2020). With regard to failures induced by classic fatigue,
the contact material of the bearings is opposed to a stress field and plastic deformation,
which over time leads to fatigue cracks in the material (Halme and Andersson, 2010).
This in turn causes the build up of pits as well as abrasive wear (Hart et al., 2020).
This study focuses completely on fatigue-induced failures. To assess the component
reliability of a main bearing in terms of classic fatigue, the lifetime can be estimated
statistically as a function dependent on the bearing design, load, speed and lubrication
conditions (Halme and Andersson, 2010). For this, the fatigue life indicator L10 for which
10 % of the bearings would not survive (Calderon, 2015) can be calculated:
a1 a2 a3 106 C
=
60n
Pd


L10

p

[years]

(4.1)

which includes the rotational speed n, the life correction coefficients ai , i = 1, 2, 3, the
dynamic bearing rating C, the dynamic equivalent force Pd and the life exponent for
roller bearings p = 10/3. The dynamic equivalent force Pd is a hypothetical force that
results in the same bearing lifetime calculated from the loading history of the bearing.
This hypothetical force acts on the bearing center as a pure radial load (radial bearing)
or axial load (thrust bearing) and it is calculated using the radial force Fr and the axial
force Fa (see Figure 4.2) (Harris, 2001):
Pd = bx Fr + by Fa

(4.2)

The calculation factors bx and by depend on the specific roller bearing type and its
corresponding axial-to-radial load ratio FFar :

b

= 1.00, by = 2.5, if
bx = 0.67, by = 3.7, if
x

Fa
Fr
Fa
Fr

≤ 0.27
> 0.27

Since the radial force is not directly available in the HAWC2 simulations, it is
calculated as a combination of the lateral and vertical forces:
Fr =

4.2

q

2
2
Flateral
+ Fvertical

(4.3)

Wind farm surrogate method

In chapter 3, the surrogate method was used to model loads for a single turbines. Here,
the method is extended to model the power performance, fatigue loads and main bearing
lifetime of an offshore wind farm consisting of 30 turbines. The 10-min SCADA data of
each turbine and the failure data from the main bearings are available from 2011/07/06
to 2017/05/31. This chapter serves as an introduction to the suggested methodology; a
more detailed description can be found in article III. The required steps as presented in
Figure 4.3 are explained in the following sections.

4.2 Wind farm surrogate method
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Figure 4.3: Methodology for wind farm surrogate modeling.

Definition of input variable space
As stated earlier, the suggested method is based on (N. Dimitrov, 2019), which introduces
a parameterized representation of wake effects. Validation studies of this method against
measurement data can be found in (Galinos et al., 2016) (N. Dimitrov and Natarajan,
2019). The idea is that the performance and load variations of turbines in wind farms
can be modeled by variables related to the ambient conditions Xamb , the turbine position
Xpos and the wake-induced effects Xf arm :
• Xamb = [u, σU , α, Hs , Tp , ∆] (mean wind speed, turbulence, wind shear, significant
wave height, wave peak period and wind-wave misalignment)
• Xpos = [Zw ] (water depth)
• Xf arm = [RD , θ, Nrows ] (row spacing, wake incidence angle and number of disturbing turbines)
The method can be used for an arbitrary wind farm layout since the three variables
from the farm-related input Xf arm represent the wake sources as a relative position
with respect to the monitored/disturbed turbine (see Figure 4.4). Similar to chapter 3,
the distribution and boundary functions of the input variables are defined to ensure
the inclusion of a wide range of conditions (see Article III, section 3.1). The inputs
are created by sampling from their joint probability distribution using a Rosenblatt
transformation (Rosenblatt, 1952).

Creation of simulation database
The desired output variables S(X) are then simulated using the sampled input variables
X = [Xamb , Xpos , Xf arm ]. The aeroleastic time series simulations are carried out for
normal operational conditions using a wind flow model, structural model, aeroedynamic
model, turbine controller and a wake model for simulating the wake-induced effects
from superposition of several wake sources. Since this study looks at offshore turbines,
a hydrodynamic model and soil model are also needed. Afterwards, the time series
simulations are post-processed in order to calculate the 10-min statistics and damageequivalent fatigue loads as described in section 2.4. Furthermore, the main bearing
lifetime is calculated according to Equation 4.1.
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Figure 4.4: Top view of a turbine row in a wind farm. The wake inflow is parameterized
by the row spacing RD , the wake-incidence angle θ and the number of upstream turbines
considered Nr ows. The figure reproduced from (N. Dimitrov, 2019) with the author’s
permission.

Calibration of surrogate model
Once the input X has been sampled and the output S(X) simulated, the surrogate
model can be calibrated. For calibration any regression model can be used as the transfer
function maps the input to the output. In this work, an artificial neural network is used
since the analysis in chapter 3 has shown its advantages over other methods with respect
to its accuracy, prediction time and convergence robustness with smaller training samples.
Figure 4.5 illustrates the input and output variables of the surrogate model. With
this procedure a model trained on the simulation database can represent the sampled
environmental conditions including different wake scenarios.

Figure 4.5: Input and output variable for wind farm surrogate model.

Site-specific estimations
When the trained surrogate model is used to make estimations on a specific wind farm,
a new input data set must be created that follows the site-specific distributions of Xamb ,

4.2 Wind farm surrogate method
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Xpos and Xf arm (Schröder, N. K. Dimitrov, and Verelst, 2020). To create this dataset,
the wind farm geometry as well as information about the site-specific conditions are
needed. Here, the wind field distributions are obtained from the processed SCADA data,
where only observations under free-stream conditions are considered. Figure 4.6 and
Figure 4.7 show the wind rose and wind speed distribution from the offshore wind farm
of this study. The wind speed distribution for all 12 wind direction sectors including a
Weibull fit can be seen in appendix A.1. More details about the probability distributions
and implemented algorithm can be found in article III.
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Figure 4.6: Site-specific wind rose obtained from free-stream SCADA data
(article III).

Figure 4.7: Sampled site-specific wind
speed from Weibull distribution obtained
from free-stream SCADA data (article
III).

The ambient wind field inputs Xamb are sampled using these site-specific distributions,
whereas Xpos and Xf arm must be determined for each turbine separately. The wakerelated inputs Xf arm are defined separately for each wind direction sector of size ∆θs . For
each sector, the row spacing RD , wake-incident angle θ and number of wake source Nrows
of a line of equally-spaced turbines l is defined and the output Sk,l (Xamb , Xpos , Xf arm ) is
estimated with the trained surrogate model. However, depending on the wind direction
sector size ∆θs and the wind farm geometry, there might be more than one line of
upstream turbines (see Figure 4.8). In this case, there are different possibilities of
selecting the farm-related input parameters Xf arm , such as the line with the closest
upstream turbine or the line resulting in the most conservative estimate. The selection
of the Xf arm inputs are discussed further in the section 4.3. Finally, when estimations
have been made for each sector, the AEP, lifetime and damage-equivalent loads can be
calculated for each turbine.

Inclusion of transients
Finally, in addition to the normal operation, transient simulations are included in the
surrogate framework since previous studies found that premature main bearing failures
can arise from event loads such as startups, shutdowns and emergency stops (Yucesan
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Figure 4.8: Illustration of upstream turbine lines which are used for defining the wakerelated input Xf arm .
and Viana, 2019). In order to combine the estimations for normal operation with the
transient conditions, both conditions must be weighted in advance according to their
probability of occurrence. These probabilities vary depending on the wind speed and can
be obtained from the SCADA data or fault logs of the turbines. More information on the
derivation of the equations for weighted sums of output and the transients distributions
from the SCADA data can be found in section article III. The final resulting power, loads
and lifetime estimates can then be visualized in a map of the wind farm and compared
against the available failure data.

4.3

Sensitivity of model performance dependent
on wake-related input

For the sake of completeness, this section presents further investigations that are not
included in Article III but are worth mentioning to understand sensitivities of the present
model approach.

Definition of wake-related input
As mentioned in the previous section, there are several ways to define the wake-related
input Xf arm . Investigating different definitions of Xf arm has shown that the different
methods have a significant impact on the final model prediction accuracy.
In the present study, the possibilities to evaluate the model accuracy are limited to
the measured power and rotor speed from the SCADA data. Hence, the relative error
of the AEP and the R2 value of the power predictions serve as evaluation criteria for
the model performance. For the validation, one year of filtered SCADA data are used as

4.3 Sensitivity of model performance dependent on wake-related input
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input to the model. As described above there are different possibilities to define which
lines of upstream turbines are considered as wake sources within a selected direction
sector ∆θs (see Figure 4.8). A first test has shown that a better prediction performance
can be achieved when selecting the line of turbines of a chosen wind direction sector
∆θs that results in the most conservative estimation (i.e., highest loads, lowest power
and lifetime). Furthermore, it could be seen that the choice of ∆θs within this set up
significantly affects the resulting model predictions. Figure 4.9 shows the relative AEP
error and the R2 value of the power prediction averaged over all 29 turbines as a function
of the wind direction sector size.

Figure 4.9: AEP and power estimation accuracy (average of all 29 turbines) as a function
of the selected wind direction sector size for wake parameterization. The sector sizes
resulting in lowest relative AEP error are marked in green.
In this case the relative error in the AEP is more important than the R2 value, since
the aim is to capture the relative behaviour within the wind farm. Note that a bias in
the error is acceptable, but it should not vary too much for different wind conditions or
turbines. The prediction performance for the three wind direction sector sizes resulting
in the lowest average relative AEP error, namely ∆θs = 13°, ∆θs = 18° and ∆θs = 25°,
are visualized for each turbine in Figure 4.10. It shows that even though the range of
accuracy is similar for all three sector sizes, different turbines exhibit the highest errors.

Error analysis of most suitable settings
For the final estimation in this study, a wind direction sector of ∆θs = 13° is selected. To
further analyse the error behaviour, the normalized power residuals (PSCADA − PAN N )
are plotted against the corresponding wind direction. Figure 4.11 shows the error
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behaviour of six turbines of the first western turbine row in the wind farm. It can be seen
that the residuals are smaller in free-stream conditions (approximately at southwestern
wind direction between 195° and 255°), whereas in wake conditions there seems to be
a fluctuating bias. Further graphs of the remaining turbines of the wind farm show a
similar behaviour of increased prediction error in wake conditions (see Figure A.2 and
Figure A.3 in the appendix). An analysis of the error behaviour with respect to the wind
speed and wind speed standard deviation can be seen in Figure A.4 to Figure A.7 of the
appendix.
To conclude, investigating different setups has shown that the model estimations
are sensitive to the way the wake-related inputs Xf arm are defined (i.e., wind direction
sector size, which line of upstream turbines are considered). This sensitivity of the
model accuracy might be related to the specific wind farm geometry. Since the model
approach does not consider partial wake conditions, selecting the upstream turbines that
result in lowest power estimates might be too conservative within some direction sectors.
Therefore, to optimize the prediction performance, the wind direction sector size should
be tuned to the specific wind farm geometry and its resulting prediction accuracy should
be evaluated against the available measurement data. A more detailed discussion on the
uncertainties within the present model approach can be found in article III.

4.4

Discussion and summary

In this chapter, a methodology for comparing fatigue loads and observed failure statistics
in wind farms is presented. The approach can be used to better understand and define
possible relationships between wake-induced loading and component lifetime. For this
purpose, power performance, fatigue loads and lifetime variations in a wind farm are
estimated using a surrogate model approach, taking into account different operational
turbine states (i.e., normal operation, start-up, shutdown). The estimates are then
compared against observed failures statistics.
The application of the methodology on the case study wind farm shows that the power
performance can be modeled relatively well, with a prediction error of 1.5 %. However,
as several assumptions are involved in the model process, future work is needed for
further validation against measured loads. Furthermore, a more detailed error analysis
is needed to analyse how the selection of the wake-related inputs affect the final model
performance.

4.4 Discussion and summary
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.10: Prediction accuracy of each turbine when using wind direction sector
∆θs = 13° (a)(b), ∆θs = 18° (c)(d), and ∆θs = 25° (e)(f) for defining the wake-related
input.
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Figure 4.11: Normalized power residuals with respect to wind direction for turbine 1 to
turbine 6 when using wind direction sector ∆θs = 13° for defining the wake-related input
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Abstract. In order to ensure structural reliability, wind turbine design is typically based on the assumption

of gradual degradation of material properties (fatigue loading). Nevertheless, the relation between the wakeinduced load exposure of turbines and the reliability of their major components has not been sufficiently well
defined and demonstrated. This study suggests a methodology that makes it possible to correlate loads with
reliability of turbines in wind farms in a computationally efficient way by combining physical modeling with
machine learning. It can be used for estimating the current health state of a turbine and enables a more precise
prediction of the “load budget”, i.e., the effect of load-induced degradation and faults on the operating costs
of wind farms. The suggested approach is demonstrated on an offshore wind farm for comparing performance,
loads and lifetime estimations against recorded main bearing failures from maintenance reports. The validation
of the estimated power against the 10 min supervisory control and data acquisition (SCADA) power signals
shows that the surrogate model is able to capture the power performance relatively well with a 1.5 % average
error in the prediction of the annual energy production (AEP). It is found that turbines positioned at the border
of the wind farm with a higher expected AEP are estimated to experience earlier main bearing failures. However,
a clear connection between the load estimations and failure observations could not be confirmed in this study.
Finally, the analysis stresses that more failure data are required in future work to enable statistically significant
associations of the observed main bearing lifetimes with load exposures across the wind farm and to validate and
generalize the suggested approach and its associated findings.

1
1.1

Introduction
Motivation

For the past decades, wind energy has been one of the world’s
fastest-growing sources of renewable energy, and it is expected to show a similar trend of growth in the future. The
development of wind energy with increased wind turbine size
and rated capacity has a significant influence on the operation and maintenance (O & M) costs (Gonzalez et al., 2016).
Together with poor site accessibility as for offshore installations where wind turbines might be inaccessible for 4–
5 months per year (Van Bussel and Zaaijer, 2001), failures
are causing severe consequences in terms of downtime and
maintenance costs (Bangalore and Patriksson, 2018). Therefore, optimizing the wind farm operation by improving per-

formance and reliability in order to minimize the levelized
cost of energy (LCoE) is gaining more and more importance.
The O & M costs of wind turbines amount to around 25 %
of the LCoE for onshore wind turbines and 35 % for offshore wind turbines (Dinwoodie et al., 2012). For reducing
the O & M costs, monitoring and predicting the condition of
the turbine’s components in terms of operational health, material degradation and remaining lifetime plays an important
role. Improving the detection rate of a monitoring system for
blades, drive train, tower and grout from 60 % to 99 % for instance results in an increase of lifetime levelized savings by
32 % (May et al., 2015).
Most current wind turbine maintenance strategies are
time-based and assume a reliability degradation dependent
on the system age (Reder and Melero, 2018). Throughout
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the lifetime of a turbine, its failure rate is assumed to follow a Weibull distribution with a higher failure frequency in
the first years of operation, followed by a longer period of
a lower constant failure rate. Towards the end of life, an increasing failure rate can be observed again due to wear and
damage accumulation caused by fatigue loading (Mudholkar
and Srivastava, 1993; Hahn et al., 2007).
However, the relation between the load exposure of turbines in a wind farm and their component reliability has not
been sufficiently well defined and demonstrated. Characterizing this relation would enable to assess the current health
state of a turbine and help to better understand the effect of
load-induced degradation and faults on the operating costs of
wind farms. Especially for offshore wind farms where failures can lead to high downtime, this plays an important role
for reducing the LCoE.
1.2

Objective

The objective of the present paper is two-fold:
– Firstly, the aim is to suggest a methodology that makes
it possible to investigate the correlation between loads
and component reliability of turbines in wind farms,
by combining data (10 min averages from a supervisory control and data acquisition, SCADA, system) and
physical modeling (HAWC2 aeroelastic load simulations) with machine learning.
– Secondly, the suggested approach is demonstrated on a
case study to investigate whether the loading conditions
can be clearly associated with the observed reliability of
the main bearing.
1.3

Background and related work

Information about the turbine reliability can be derived either by modeling structural reliability parameters (e.g., failure frequency, likelihood of observing failure over a reference period) or by using collected data from inspection and
maintenance reports (e.g., observed failure rates, observed
time to failure). Opposed to the assumption that turbine reliability only decreases with operational time, several studies
have demonstrated the effect of meteorological conditions on
the turbine reliability, such as Reder and Melero (2016) and
Tavner et al. (2006). Also example studies of the influence
of wake effects on the turbine reliability can be seen in Kim
et al. (2012) and Huang and Chiang (2006). Previous work
aimed at defining a relationship between fatigue and extreme
loading conditions on a turbine and its reliability can be
found in Colone et al. (2018) and Scott et al. (2012). Colone
et al. (2018) modeled the impact of turbulence induced loads
on the fatigue reliability of offshore wind turbine monopiles.
In Scott et al. (2012) the damage effect of extreme and transient loads on the drivetrain reliability is estimated. However,
these studies focus on modeling the reliability, rather than
Wind Energ. Sci., 5, 1007–1022, 2020

investigating observed failure rates from measurement data.
Therefore, the present paper aims at suggesting a methodology for modeling various wake-induced loads, performance
and estimated lifetime, and comparing it against measured
failure rates and times to failure. The suggested approach can
be used for modeling various performance and load variables
under different operating conditions.
Modeling wake-induced loads in wind farms is a crucial
step for fatigue load assessments both in the design process
and during the operational phase of a wind farm where load
measurements are costly and therefore rarely conducted. Carrying out aeroelastic simulations each time a load assessment
is required is impractical. Therefore, various methods have
been developed to reduce the number of computations required. A popular approach is the use of so-called surrogate
models which are reduced-order models that are trained on
a limited number of aeroelastic simulations. Once the surrogate model has been trained, multiple site-specific load assessments at arbitrary sites can be obtained at a low computational cost and without the need of new aeroelastic simulations. Examples are Toft et al. (2016) and Müller et al.
(2017), who propose a methodology based on response surface (RS) for site-specific load estimations. Teixeira et al.
(2017) demonstrate the use of kriging surfaces for fatigue
load estimations of offshore wind turbines.
These approaches focus solely on one surrogate model and
use a relatively small variable space. In Dimitrov et al. (2018)
the surrogate model framework is expanded with the motivation to fully characterize the wind field conditions, as well
as to enable comparing different surrogate models within the
framework. Based on this framework, a benchmark of different surrogate models in Schröder et al. (2018) has shown that
an artificial neural network (ANN)-based surrogate model
outperforms other methods using polynomial chaos expansion and RS in terms of model accuracy, computational time
as well as convergence stability.
The abovementioned approaches are only applicable for
estimations on single turbines. In Dimitrov (2019) the surrogate modeling framework is extended in order to estimate
wake-induced loads for a wind farm with arbitrary layout. In
this approach the number of simulations required for modeling different wake conditions is reduced by parametrizing the
wake effects. This method has been demonstrated in a case
study on the Horns Rev I wind farm (Galinos et al., 2016) and
further validated against measurement data in Dimitrov and
Natarajan (2019). In the present study, the abovementioned
wind farm surrogate modeling framework is expanded for estimating further performance and lifetime parameters under
additional operating condition, and its predictions are compared against observed failures.

https://doi.org/10.5194/wes-5-1007-2020
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Figure 1. Methodology for estimating performance, loading condition and lifetime characteristics within a wind farm.

2 Methodology

The suggested methodology for comparing wake-induced
loads against the component reliability of turbines is illustrated in Fig. 1. It can be used to estimate various performance, loading and lifetime characteristics of a wind farm.
The approach can be applied to any wind farm with arbitrary
layout and turbine type as long as data recorded from the
SCADA system are available together with observed failure
events, e.g., from inspection and maintenance reports. The
framework can be split into six main steps which are more
thoroughly described in the following sections:
1. define variable input space and create samples X1 from
predefined distributions and boundaries;

https://doi.org/10.5194/wes-5-1007-2020

2. create high-fidelity simulation database for normal operation S1 (X1 ), to be used as training inputs for a surrogate model;
3. train a surrogate model M(X) (an ANN) mapping undisturbed environmental conditions to load and power outputs;
4. obtain site-specific load and power estimations under
normal operating conditions, M(Xsite ), by sampling
the surrogate model over the joint distribution of sitespecific environmental conditions Xsite ;
a. establish a site-specific joint probability distribution of undisturbed wind conditions by analyzing
measured data;

Wind Energ. Sci., 5, 1007–1022, 2020
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b. carry out a Monte Carlo (MC) simulation with the
surrogate model, drawing samples Xsite from the
site-specific joint distribution;
5. add other operational conditions (e.g., transients such as
start-ups and shutdowns);
a. simulate scenarios with the selected (transient) operating conditions S2 (X2 );
b. analyze SCADA data and fault and event logs to
establish the annual frequency of the events;
c. weight estimates according to the probabilities of
the operational states w1 and w2 obtained from
data;
6. compute a summary statistic Ssum to be considered as a
proxy for component reliability and compare estimates
against observed failure events.
2.1

Define variable input space and sample from
predefined distributions

Selecting the variable input space is a crucial step in the
creation of the simulation database. The performance and
mechanical load variations of turbines within a wind farm
mainly depend on the wake-induced turbulence. In this analysis, the wake-induced turbulence is characterized by variables that can be grouped into ambient conditions Xamb , turbine position Xpos and wake-induced effects Xfarm based on
the study by Dimitrov (2019):
– Xamb = [u, σU , α, Hs , Tp , 1] (mean wind speed, turbulence, wind shear, significant wave height, wave peak
period and wind-wave misalignment);
– Xpos = [Zw ] (water depth);
– Xfarm = [RD , γ , Nrows ] (row spacing, wake incidence
angle and number of disturbing turbines).
The environmental variables from Xamb and Xpos include the
most relevant factors that affect mechanical loads on both the
nacelle and the foundation. The variables from Xfarm intend
to describe the relative position of the wake source(s) with
respect to the disturbed turbine such that the model is generalized for arbitrary wind farm layouts. The choice of the
three wake-induced variables of Xfarm is explained more in
detail in Dimitrov (2019).
To make sure that the model is able to cover a wide range
of conditions, the distributions and boundary functions of
each variable have to be defined accordingly. Since some of
the ambient variables are conditional on each other, the variable space is generated by sampling from their joint probability distribution using a Rosenblatt transformation (Rosenblatt, 1952) that takes into account the predefined distributions and bounding functions (Dimitrov, 2019).

It should be noted that the variable space should be defined
specifically for each use case. For instance, if only nacelle
load estimates are of interest, the variables for wave-induced
loads (Hs , Tp , 1) can be neglected since they most likely will
not effect the final estimates.
2.2

Create aeroelastic simulation database

The set of sampled input variables which can be represented
as X = [Xamb , Xpos , Xfarm ] is then used for simulating the desired output variables S(X) (see Fig. 2). For running aeroelastic time series simulations a wind flow model as well as
a wake model that allows the superposition of multiple wake
sources Nrows for modeling wake-induced effects is required.
Furthermore, a structural model, aerodynamic model and the
controller of the turbine need to be included in order to model
the structural response. In case this approach is applied to offshore turbines, also a hydrodynamic model and soil model
(or alternatively a simplified apparent fixity model) are necessary for including the effects of hydrodynamic and soil
forces.
Subsequently, the time series simulations St (X) are postprocessed in order to obtain 10 min statistics, lifetime indicators and damage-equivalent fatigue loads (DELs) for assessing performance, lifetime or fatigue. By applying the
Palmgren–Miner’s rule the lifetime DEL can be formulated
for a given Wöhler exponent m using the following equation:
1/m
R R
Req (u, θ )m neq p(u, θ )dudθ

uθ
(1)
DEL = 
 ,
neq,L
with the 1 Hz equivalent fatigue load Req that is simulated,
e.g., for 600 s corresponding to neq = 1 Hz · 600 s = 600
equivalent cycles, the joint probability p(u, θ ) of the wind
speed u and wind direction θ and the number of equivalent
cycles neq,L corresponding to operation over the intended
lifetime of the wind farm.
For assessing the component reliability of a main bearing,
the fatigue life indicator L10 for which 10 % of the bearings
would not survive (Calderon, 2015) can be calculated:
 
a1 a2 a3 106 C p
L10 =
[years],
(2)
60n
Pd
where n is the rotational speed, ai , i =1, 2, 3 are life correction coefficients, C is the dynamic bearing rating and
p = 10/3 is the life exponent for roller bearings. A high
value indicates a longer main bearing lifetime. The dynamic
equivalent force Pd is defined as a hypothetical force resulting in the same lifetime as if acting on the bearing center as
pure radial load (in case of radial bearing) or pure axial load
(in case of thrust bearing) (NTN, 2009). It can be calculated
using the radial force Fr and the axial force Fa as follows:
Pd = bx Fr + by Fa ,
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Figure 2. Process of aero-servo-hydro-elastic simulations using sampled input variables.

Figure 3. Schematic illustration of site-specific wind farm load es-

timation using surrogate model.

with calculation factors bx and by that depend on the specific
roller bearing type; i.e., if FFar ≤ 0.27, then bx = 1 and by =
2.5. Otherwise if
2.3

Fa
Fr

> 0.27, then bx = 0.67 and by = 3.7.

Train surrogate model

Once the simulation database is created, the surrogate model
can be trained using the set of input variables X and set of
target variables S(X) as shown in Fig. 3. As mentioned before, the selection of which variables should be included in
the target set S(X) depends on the intention of the specific
use case.
The transfer function for mapping the input variables to the
targets can be any type of regression model. However, this
study suggests using feed-forward ANNs, since they were
found to be the most suitable method for the task of sitespecific load estimations in terms of prediction time, accuhttps://doi.org/10.5194/wes-5-1007-2020

racy and convergence robustness with smaller training samples (Schröder et al., 2018).
Feed-forward ANNs (Goodfellow et al., 2016) consist of
multiple fully connected layers. In each layer the input x is
transformed linearly to z = Wx + b with weight matrix W
and bias b. After the result is passed through a non-linear activation function σ (z), it will serve as input to the next layer
x [i+1] = σ (z[i] ) = σ (W[i] x [i] +b[i] ). When training an ANN,
the weight parameters W and bias parameters b can be estimated by minimizing the cost function J (W, b). The cost
function is a measure of the difference between the model
prediction g(W, b, x) and the observed output y. When using a least-squares approach the cost function can be calculated as shown in Fig. 4, where Ne is the number of training
samples.
J (W, b) =

Ne
X

(yi − g (W, b, x i ))2

(4)

i=1

2.4

Site-specific estimations using surrogate model

In order to deploy the trained surrogate model to give estimations for the desired offshore wind farm, a new input data
set has to be generated that includes the site-specific ambient environmental conditions, as well as farm-related paramWind Energ. Sci., 5, 1007–1022, 2020
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Figure 4. Wind turbine schematic including loads considered in this study: blade-root bending moments Mx and My , tower-top bending

moments Mx and My , bearing torsional moment Mz , main bearing axial force Fa and main bearing radial force Fr .

eters for the specific wind farm. Similarly as in Sect. 2.1,
the ambient input variables Xamb are sampled with a Monte
Carlo simulation using Rosenblatt transformation in order
to construct the site-specific joint probability distributions
with the wind direction θ being the first independent variable. The distributions of these ambient conditions can be
obtained from any available measured or modeled source,
such as SCADA data or a meteorological mast. Since the input variables Xpos and Xfarm on the other hand depend on the
turbine position within the wind farm, they have to be generated for each turbine separately. Regarding the wake-related
input Xfarm , the row spacing RD , wake incident angle γ
and number of upstream turbines Nrows have to be collected
for each wind direction sector separately. The trained ANN
is then applied using these input variables Xamb , Xpos and
Xfarm for estimating the output S(Xsite ). In case there are several lines of turbine rows upstream, the output is estimated
for each equally spaced turbine line and the most conservative estimate is selected. Algorithm 1 shows the implementation steps required for the abovementioned procedure. For a
more detailed explanation of this approach including an implemented example case, see Dimitrov (2019).
The estimations from the ANN are then simply summed
up for each turbine. A probability weighting of the samples
is not necessary since they are already generated taking into
account the probability distributions of the input space. The
annual energy production (AEP) of each turbine can be calculated using Eq. (5) with the number of Monte Carlo samples Nsim , estimated electrical power P̂i and the number of

Wind Energ. Sci., 5, 1007–1022, 2020

operating hours per year Nhours,y . The DEL values can be
summed up according to Eq. (6). Note that before the summation, the estimations L̂i need to be inverted to 1 Hz fatigue range sums Linv,i = 600 · L̂i m . Afterwards the sum can
be converted back to lifetime DEL using the number of 1 Hz
equivalent load cycles corresponding to 25 years Nsec,L .
AEPsum =

N
sim
X
i=1

Nhours,y
· P̂i
Nsim

N
1/m
sim
P
25·N10 min,y
·
L̂
inv,i 

Nsim
 i=1

DELsum = 



Nsec,L

2.5

(5)

(6)

Add other operational conditions (e.g., transients)

Further scenarios can be included by simulating selected operating conditions (e.g., start-up, shutdown events). When
summing up estimations for normal operation with these selected conditions, weights for the probability of the operational state need to be included in Eqs. (5) and (6). The probability of the turbine operating in normal, start-up and shutdown condition varies per wind speed and can be extracted
from SCADA data or fault and event logs. For transient
events the probability-weighted AEP and DEL can be calculated using the number of transient events per year NTR,y .
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AEPTR =

N
sim
X
i=1

NTR,y
· P̂i
Nsim

1/m
N
sim
P
25·NTR,y

Nsim · L̂inv,i 

 i=1
DELTR = 



Nsec,L

N
sim
X
i=1

Nhours,y − NTR,y
· P̂i
Nsim

N
1/m
sim
P
25·(N10 min,y −NTR,y )
· L̂inv,i 

Nsim
 i=1

DELnormal = 



Nsec,L

(8)

(9)

(10)

Finally, the weighted AEP and lifetime DELs can simply be
added.
AEPtot = AEPnormal + AEPTR

(11)

DELtot = DELnormal + DELTR

(12)
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Example case

(7)

It follows that the probability-weighted AEP and DEL for
normal operation can be calculated using Eqs. (9) and (10).
AEPnormal =

1013

In the following case study the suggested methodology is applied to an offshore wind farm to assess which conditions
might be correlated with the component reliability of a main
bearing. Main bearings support the rotor shaft, which transfers the aerodynamic torque from the rotor into the gearbox while reducing non-torque loads entering the gearbox
(Calderon, 2015). With around USD 150 000 to 300 000 per
failure (Dvorak, 2013) unplanned bearing replacement costs
are a significant part of the total yearly O & M expenses,
which can be approximately USD 645 000 for an offshore
5 MW turbine (Stehly and Beiter, 2020). Figure 4 illustrates
the loads considered in this study which are expected to have
highest impacts on the main bearing.
The performance, fatigue loads and main bearing lifetime
are estimated within the offshore wind farm and compared
against the observed failure records. The data used in this
study consist of a 5-year SCADA data set with a sampling
rate of 10 min. The bearing type observed in this study is
a SKF CARB toroidal roller bearing in non-locating position. The main bearing failure records are available from inspection and maintenance reports for the same period. Figure 5 shows the normalized failure rate of the main bearing, i.e., the frequency at which the main bearing has failed.
1
Figure 6 illustrates the inverted time to failure (TTF) TTF
,
Wind Energ. Sci., 5, 1007–1022, 2020
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Figure 5. Observed normalized failure rate within wind farm from

inspection reports.

et al. (2018). Regular waves are modeled as wind-speeddependent deterministic function for the significant wave
height Hs and wave peak period Tp . However, the wind shear
and wave conditions are not used as input variables for the
surrogate model later on, since the database is simulated using a constant wind shear of 0.14 and the study only observes
loads that are expected to not be influenced by waves. The
boundaries for the wind wave misalignment 1 are selected
based on Van Vledder (2013). The selected boundaries of the
water depth and row spacing is based on the wind farm layout. Studies have shown that a turbine does not seem to experience wake condition with wind–wake angles of bigger
range than ±25◦ (Dimitrov, 2019; Frandsen, 2007). Finally,
up to four upstream turbines are considered for generating
multiple wake conditions based on Dimitrov (2019) showing
that including more wake sources does not have a significant
effect on the resulting load estimations.
A 2000-point pseudo-Monte Carlo approach based on a
low-discrepancy Halton sequence is used to generate the
variable space. The resulting samples can be seen in Fig. 7.
3.2

Figure 6. Observed normalized inverted time to failure within wind
farm from inspection reports.

where TTF is defined as the time between start of uptime
and start of downtime of the main bearing. A higher inverted
TTF therefore indicates earlier failures and shorter lifetimes
of the main bearing.
3.1

Define variable input space and sample from
predefined distributions

The variable space used for creating the simulation database
in this analysis is generated following the approach described
in Sect. 2.1. The wind speed is sampled from a uniform
distribution ranging between 4 and 30 m s−1 covering the
power production range of the wind turbine. For each wind
speed sample the remaining variables are drawn from a uniform distribution as well with the selected boundaries as presented in Table 1. It should be noted, however, that the input
variables can be sampled following any suitable distribution
function without influencing the power and load estimations
of the resulting model as the sampling only influences the
training process. The boundary functions of the wind speed
standard deviation is based on the IEC class IA for offshore
conditions and result in a range of 0.16 to 3.89 m s−1 . The
wind shear boundaries are hard coded based on Dimitrov
Wind Energ. Sci., 5, 1007–1022, 2020

Aeroelastic simulations for normal operation and
transients

A total number of 32 output channels are simulated using the
aeroelastic tool HAWC2 (Larsen and Hansen, 2019; Madsen
et al., 2020) of the NREL offshore 5 MW reference turbine
with a jacket structure (Vorpahl et al., 2011). The simulation settings and turbine model are chosen in order to be representative of the actual wind farm. Turbulence is included
with the help of so-called turbulence boxes which are “random realizations of three-dimensional, stationary and homogeneous turbulent wind fields” (Dimitrov, 2019). Under exactly same conditions, the simulated time series will differ
from realization to realization due to this effect of the turbulence, which is called the seed-to-seed uncertainty. However,
by using a large Monte Carlo sample as in this approach the
effect of seed-to-seed uncertainty is reduced (Dimitrov et al.,
2018). For simulating the wake effects the dynamic wake
meandering (DWM) model (Larsen et al., 2008) is used. It
models the wake effects by generating three turbulence boxes
for each simulation: the “ambient wind field over the rotor area” (Larsen et al., 2008) is introduced by a standard
turbulence box on which the wake deficit, introduced by a
micro-turbulence box, is superimposed (Larsen and Hansen,
2019). The relative position of these two turbulence boxes
depends on the meandering of the wake which is introduced
by a large-scale turbulence field.
The simulations are carried out on each of the 2000 samples and repeated for three different yaw misalignments
(−10, 0, +10◦ ) including from zero up to four wake sources,
which results in a total of 30 000 simulations for each output channel. These time series simulations are carried out for
600 s for normal operation and 250 s for start-up and shutdown operation. A total of 19 start-up simulations are carried
https://doi.org/10.5194/wes-5-1007-2020
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Table 1. Sampling conditions of variables considered for creating a simulation database including references used for the selection. D is

rotor diameter.
Variable

Lower bound

Upper bound

Reference

Wind speed u
Wind speed standard deviation σu
Wind shear α
Significant wave height Hs
Wave peak period Tp
Wind wave misalignment 1
Water depth Zw
Row spacing RD
Wind-wake angle γ
Number of wake rows N

4 m s−1

30 m s−1

0.04 · u
−0.3
2m
8s
−20◦
17 m
4D
−20◦
0

0.16 (0.75 · u + 5.6)
0.6
4m
12 s
20◦
21 m
13 D
20◦
4

Turbine type
IEC class IA
Dimitrov et al. (2018)
Johannessen et al. (2001)
Johannessen et al. (2001)
Van Vledder (2013)
Farm layout
Farm layout
Dimitrov (2019), Frandsen (2007)
Dimitrov (2019)

Figure 7. Sample distribution obtained using 2000-point pseudo-Monte Carlo simulation of a 9-dimensional variable space {u, σu , α, Hs ,
Tp , 1, Zw , RD , γ }. All variables are uniformly distributed within defined ranges.

out according to the standard DLC 3.1 (IEC, 2019) for each
wind speed ranging between 4 and 22 m s−1 . Higher wind
speeds are not considered as the controller would trigger an
emergency shutdown due to an exceedance of the maximum
rotor speed. A total of 27 shutdown simulations are carried
out according to DLC 4.1 (IEC, 2019) for wind speeds between 4 and 30 m s−1 .
Subsequently, the time series are post-processed in order
to obtain the desired 10 min statistics, DELs and bearing
lifetime. For calculating the DELs of the simulated loads
the rainflow counting method (Matsuishi and Endo, 1968)
is used with a Wöhler exponent of 4 for the tower top, 8 for
https://doi.org/10.5194/wes-5-1007-2020

the shaft and 10 for the blade root. In order to calculate the
lifetime indicator of the main bearing first the time series of
the radial force on the main bearing is calculated using the
simulated lateral and vertical forces:
q
2
2
Fr = Flateral
+ Fvertical
.
(13)
With the radial force Fr the equivalent dynamic force on the
main bearing Pd is calculated using Eq. (3), and next the
lifetime L10 is calculated using Eq. (2). A dynamic bearing
rating of C = 19 600 kN is used, which is the recommended
value for the specific bearing type with the specific inner diameter and mass based on the SKF handbook on roller bearWind Energ. Sci., 5, 1007–1022, 2020
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Figure 8. Normalized electrical power P estimated by ANN on test

set with respect to normalized power simulated using HAWC2.

Figure 9. Normalized bearing lifetime L10 estimated by ANN on

test set with respect to normalized bearing lifetime simulated using
HAWC2.

ings (SKF, 2018). A factor of a1 = 0.21 is used corresponding to a 99 % probability of surviving the estimated lifetime.
The factor a2 refers to the bearing material and is set to 1
based on Harris (2001). Finally, the factor a3 representing the
bearing condition, including lubrication and cleanness conditions amongst other things, is set to 1 since the necessary
information is not available.
3.3

Train and validate surrogate model (ANN)

The surrogate model is calibrated for estimating 11 output
variables S(X) as shown in Fig. 4. However, only estimations
for the power, main bearing lifetime, torsional moment at the
main bearing and blade-root flapwise bending moment are
presented in this paper since the remaining loads show similar resulting patterns.
Various ANN architectures have been trained and evaluated on the test set. After hyperparameter tuning the most
suitable settings as shown in Table 2 are selected. The data
set of 30 000 samples is divided into a 90 % training, 5 %
validation and 5 % testing set. Since the number of samples
is relatively large, using other ratios for the train–test split
did not affect the model performance. The model parameters
are estimated with error back-propagation using the adaptive
moment estimation (Adam) (Kingma and Ba, 2014) as an
adaptive learning rate optimization algorithm for minimizing the cost function J (W, b). Instead of calculating the cost
function for the complete data set, at each iteration a minibatch optimization is used in order to increase computational
efficiency and to achieve a more robust convergence. Furthermore, a regularization factor is included in the parameter
estimations to avoid overfitting to the training data.
The model performance is then evaluated by calculating
the accuracy of the model predictions on the test set (see Table 2). Figures 8 and 9 show a one-to-one plot for the estimated power P and main bearing lifetime L10 on the test set
against the simulation data from HAWC2.
Wind Energ. Sci., 5, 1007–1022, 2020

Figure 10. Site-specific wind rose calculated from free-stream

SCADA data.

3.4

Site-specific estimations

In order to exclude outliers from the SCADA data, the
OpenOA filtering toolkit developed at NREL (Optis et al.,
2019) is applied. Figure 10 shows the probability of each
wind direction sector that is obtained from the filtered freestream SCADA data.
For each wind direction sector a Weibull distribution is
fit to the wind speed measurements, and a lognormal distribution is fit per wind speed bin to the wind speed standard deviation measurements. The wind–wave misalignment
which describes the difference between wind direction and
wave direction of wind-generated wave can depend on the
https://doi.org/10.5194/wes-5-1007-2020
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Table 2. Hyperparameter of ANN used as surrogate model and accuracy of the model predictions on the test set.

Model training (hyperparameters)
Number of hidden layers
Number of neurons per hidden layer
Number of neurons in output layer
Activation function
Weight initialization
Learning rate
Regularization
Number of epochs
Mini batch size
Minimum R 2
Adam – rms prop
Adam – momentum

Model testing
3
24
11
tanh
0.1
0.07
0.02
400
4000
0.99
0.999
0.99

R2
R2
R2
R2

power P
bearing life L10
bearing DEL Mz
blade-root DEL Mx

0.996
0.989
0.946
0.946

Figure 11. Site-specific wind speed sampled from Weibull distri-

bution from free-stream SCADA data.

wind speed and significant wave height (Van Vledder, 2013).
However, since the bearing in the rotor is almost not affected
by the wave conditions the wind–wave misalignment is assumed to be normally distributed with a mean µ = 0 and
standard deviation σ = 5 based on presented distributions
in Van Vledder (2013). The three above site-specific input
variables of the environmental conditions Xamb are generated using a 20 000-point pseudo-Monte Carlo simulation
based on Sobol sequences following the approach described
in Sect. 2.4. The final input samples for the surrogate model
are shown in Fig. 11 for the wind speed, Fig. 12 for the wind
speed standard deviation and Fig. 13 for the wind–wave misalignment.
For summing up the model predictions of both normal and
transient operation, the model predictions are weighted according to their probability of operational state. Figure 15
shows the probabilities of start-up and shutdown events for
an example turbine. The annual number of transients over
the whole wind farm can be seen in Fig. 14.

Figure 12. Sampled wind speed standard deviation taken from

SCADA.

Figure 13. Sampled wind wave misalignment.

3.5

Operation-state weighted sum

The final resulting probability-weighted outputs for the offshore wind farm for the AEP, main bearing lifetime, bladeroot flapwise DEL and torsional bearing DEL are shown in
https://doi.org/10.5194/wes-5-1007-2020
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Figure 14. Number of start-up and shutdown events within wind

Figure 16. Estimated normalized AEP within wind farm for normal

farm from SCADA data.

operation including start-up and shutdown events.

Figure 15. Example for percentage of start-up and shutdown events

per wind speed for Turbine 19 (marked with blue circle in Fig. 14).

Figs. 16 to 19. These results should be analyzed in comparison with Figs. 5 and 6, which show the actual failure maps
over the wind farm.
For validation purposes, the surrogate model is used to estimate the power time series of each turbine for a time period of 1 year under normal operation and compared against
the measured power from the SCADA system (see Fig. 20).
The coefficient of determination R 2 of the power predictions
for the single turbines ranges between 0.89 and 0.93 (see
Fig. 21). The power for the northernmost turbine could not
be calculated since its measurement data were not available.
The AEP is calculated for each turbine showing a relative error between the measured and the estimated normal behavior
AEP between 0.1 % and 3.4 % (see Fig. 22). The mean relative error of the AEP estimation for all 29 turbines is 1.5 %.
4

Discussion

The results show that the ANN is able to accurately model
the simulated power, DEL and L10 with a coefficient of determination R 2 between 0.95 and 0.99. The validation of the
estimated time series against the measured 10 min SCADA
statistics shows that the power is modeled with a mean preWind Energ. Sci., 5, 1007–1022, 2020

Figure 17. Estimated normalized bearing lifetime within wind farm

for normal operation including start-up and shutdown events.

Figure 18. Estimated normalized blade-root flapwise DEL within

wind farm for normal operation including start-up and shutdown
events.

diction error of 1.5 % and an average R 2 value of 0.91.
The time series predictions show a consistent offset at rated
power (see Fig. 20). A reason for the difference might be
that a generic model had to be used since the more accurate
model by the turbine manufacturer was not available. Furthermore, higher uncertainty can be observed for the eastern
https://doi.org/10.5194/wes-5-1007-2020
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Figure 19. Estimated normalized DEL of torsional moment on

main bearing within wind farm for normal operation including startup and shutdown events.
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Figure 21. Coefficient of determination R 2 of power time series

prediction under normal operation.

Figure 22. Relative error between measured AEP from SCADA

data and estimated AEP within wind farm.

Figure 20. Comparison of measured power time series from

SCADA data (solid line) and predicted time series from the ANN
(dashed line) for an example turbine.

turbines, i.e., the turbines which are more often experiencing
wake conditions (see Fig. 21).
The surrogate modeling approach discussed in this study
includes several assumptions and uncertainties which are
propagated to the final predictions. The uncertainties in the final model predictions depend on various matters, such as the
defined variable space, the wake model used, the selection
of environmental input parameters, assumptions for modeling the wake effects in the surrogate model and the surrogate model performance. Investigating different model setups has shown that the results are sensitive towards the way
in which the wake is observed (i.e., size of wind direction
sector) and how wake is defined as input variables (i.e., considering upstream turbines resulting in most conservative estimates). Despite these uncertainties and data limitations, the
model is able to capture the relative differences in the power
and fatigue load accumulation over the wind farm well.
https://doi.org/10.5194/wes-5-1007-2020

The DEL predictions of the blade-root flapwise bending
moment and the torsional bearing moment in Figs. 18 and 19
seem to increase when moving east within the farm. This is
expected as those turbines are experiencing multiple wake
conditions with prevailing wind from southwest. The model
predictions in Fig. 16 show that the highest AEP is observed at turbines positioned in the outer border of the wind
farm. This makes sense as well because these turbines are
more likely to experience free-stream conditions and therefore higher wind speeds as compared to inner positioned turbines. Comparing the AEP map (Fig. 16) with the main bearing lifetime predictions (Fig. 17), it can be seen that those
mentioned outer turbines with increased AEP are estimated
to have a shorter main bearing lifetime. This indicates the
possible correlation that turbines within a wind farm that are
located at positions of higher expected AEP might be prone
to experiencing earlier main bearing failures as compared to
the rest of the wind farm.
Although the lifetime L10 is a rather simplistic indicator
and misses additional condition information (e.g., about the
lubrication status), the lifetime estimations (Fig. 17) do not
contradict the observed main bearing lifetime (Fig. 6): while
turbines at the outer border of the wind farm are estimated
Wind Energ. Sci., 5, 1007–1022, 2020
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to have a shorter main bearing lifetime, most turbines that
were observed to have a premature failure already within the
first 3 years of operation are positioned on the border as well,
with only one exception. A comparison of the observed failure rates (Fig. 5) with the DEL estimations does not show
any clear patterns or correlations, except that 2 out of 12 turbines with higher failure rates are positioned in the region
of highest estimated blade-root DEL Mx and main bearing
DEL Mz . Furthermore, there does not seem to be an obvious
connection between the prevailing wind direction of around
240◦ (Fig. 10) and the failures.
The reference value by SKF for the required L10 lifetime
of a wind turbine roller bearing ranges between 30 000 and
100 000 h of operation (SKF, 2018), i.e., that 10 % of a sufficiently large number of identical main bearings under identical conditions are expected to fail within the first 3.4 to
11.4 years of operation. Given that already 40 % of the turbines of the studied wind farm have experienced a main bearing failure by the sixth year of operation, the observations
might indicate an unexpectedly high failure rate. However,
when interpreting the results and drawing conclusions about
possible correlations, it is also important to keep in mind
the limitations of the model and data. Since the number of
recorded failures is rather limited, it might not be representative of the underlying main bearing failure statistics. More
observations are necessary in order to demonstrate a statistically significant difference in the averages of the main bearing lifetime (mean TTF) per turbine or subgroup of turbines.
It becomes clear that more failure data from the same wind
farm as well as from other wind farms are needed to validate
and generalize the possible relationships. Furthermore, the
observed main bearing failures are not necessarily fatigueinduced and might have been caused by other factors that are
not included in the analysis (e.g., faults during manufacturing process). Finally, the case study shows model estimations
for a limited number of operational states, i.e., normal operation and start-up and shutdown behavior. Other operational
states or wind conditions could have an impact on the main
bearing reliability (i.e., parking, curtailment, wake steering,
wind gusts, faults, emergency shutdown).

bearing lifetime accurately with an R 2 value of higher
than 0.95 compared to the simulated values.
– The validation of the estimated power time series
against the 10 min SCADA power signals shows that
the surrogate model is able to capture the power performance relatively well with a 1.5 % average error in
the AEP prediction.
– Turbines at the border of the wind farm are estimated to
have a shorter bearing lifetime. These estimations do not
contradict the observed bearing lifetime from inspection
and maintenance reports.
– A clear connection between the load estimations and
failure observations could not be confirmed.
– Further future work can expand the case study to more
operating states which could affect the bearing reliability, such as parking conditions. Also, more valuable insights can be gained by including other types of data
sources, e.g., SCADA alarms.
Finally, the analysis stresses that more failure data are
needed in order to validate and generalize the suggested approach and its associated findings.
Data availability. The

HAWC2
simulation
database
used for training a surrogate model is available at
https://doi.org/10.11583/DTU.12245978 (Schröder, 2020). It
contains the turbine model, HAWC2 input files, as well as the
post-processed simulation results.
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CHAPTER

5

Physics-informed machine
Learning for wind farm
monitoring
In the previous chapter a combination of SCADA data and simulations was used to
get a better understanding of the accumulated loading conditions within a wind farm
and its correlation with observed failures. For this, a wind farm surrogate model was
developed to estimate the lifetime DELs on different components of a turbine in a wind
farm. Besides the DEL and main bearing lifetime estimations, it has proven to model
the turbine power performance as well.
In this chapter, SCADA data are combined with simulations to monitor the power
performance of turbines in a wind farm for detecting anomalies, which can indicate a
faulty or degraded component. Monitoring the turbines’ "health" during its operation is
rather complex and requires detailed knowledge about the state and behaviour of various
components, which can be obtained e.g. from measurement data or physical models.
The decision whether to use a data-driven or a physics-based approach depends on the
conditions of the data availability, data quality as well as the knowledge level of the
physical system itself (see Figure 5.1). If the physical system is well defined, physical
models can be used with no or little operational data needed. On the other hand, with
large amount of operational data available, purely data-driven ML techniques can be
applied with no physical knowledge included in the modeling process. ML methods
based on operational turbine data bear large potential for monitoring its health and
detecting anomalies, which is also reflected in the recent research focus. However, these
purely data-driven techniques are highly dependent on the training data, which raises
the question of how physics can be added into these models to make them more robust
and less impacted/biased by measurement noise.
The aim of this chapter is to investigate under which conditions it makes sense to
use a hybrid learning approach for performance monitoring of a wind turbine in a wind
farm. In section 5.1, a literature review on both, data-driven ML and physics-informed
ML methods applied to wind turbine monitoring is presented. Section 5.2 introduces the
reader to the implemented physics-informed ML approach of this study. The results are
briefly summarized in section 5.3. More details can be found in article IV at the end of
this chapter. Furthermore, a graphical analysis of the processed SCADA data and alarm
logs that were used for the present study is given in appendix A.3.
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Figure 5.1: Illustration of model approaches for different level of data availability and
physics knowledge. Recreated based on (Bitbloom, 2020).

5.1

Background on condition monitoring

A detailed overview of successful anomaly detection methods that make use of SCADA
data is presented in (Tautz-Weinert and Watson, 2016). Most of the SCADA data-based
monitoring techniques are purely data-driven and have used ML techniques such as
regression, classification, unsupervised learning and dimension reduction methods. The
most commonly applied technique is data-driven normal behaviour modeling (NBM). The
concept for building a normal behaviour model of a certain output signal is illustrated in
Figure 5.2. First, a regression model is calibrated for predicting the output signal using
historic filtered SCADA data of the turbine, which is considered to be measured under
healthy conditions. Thereafter, the normal behaviour model can be applied to unfiltered
SCADA data. A large residual of the modeled output signal minus the measured output
signal is assumed to indicate an anomaly. An advantage of such data-driven NBM
approaches is that they require less prior knowledge about the signal behaviour and
turbine operation mode for the residual analysis (Schlechtingen, Santos, and Achiche,
2013) (Zaher et al., 2009).

Figure 5.2: Schematic illustration of anomaly detection using a NBM approach. Reproduced from (Tautz-Weinert and Watson, 2016)

Previous work on hybrid approaches
Including prior knowledge into the ML process is known as informed machine learning,
theory-guided data science or physics-informed machine learning. Monitoring models that

5.2 Informed machine learning method
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are purely data-driven typically require a large amount of data and can be affected by
measurement noise. Using physics-informed ML may help the detection models to better
generalize without overfitting the data. The literature on physics-informed ML approaches
for turbine monitoring and anomaly detection is rather limited. Several studies have
investigated how expert knowledge can be incorporated to build an automatic diagnosis
of the residual patterns by means of fuzzy inference systems using if-then rules (Garcia,
Sanz-Bobi, and Del Pico, 2006), (Schlechtingen, Santos, and Achiche, 2013) and (Cross
and Ma, 2015). A damage model using physics-informed neural networks using repeating
cells of recurrent neural networks (RNNs) is presented in (Nascimento and Viana, 2019)
and (Yucesan and Viana, 2019). For detecting power grid faults a physics-informed
Gaussian Process approach is introduced in (Tipireddy and Tartakovsky, 2018).

5.2

Informed machine learning method

None of the above described methods were applied to the commonly used NBM. Using
a small amount of SCADA data or measurements with large uncertainties can affect
the performance of a normal behaviour model. The goal of this study is therefore to
investigate the implications of including aeroelastic simulations in the training process of
a normal behaviour model on its model and anomaly detection performance. The model
and detection performances are measured using the following metrics:
• Sample efficiency (i.e. how much data is needed to reach a certain prediction
accuracy)
• Robustness (i.e. how much the prediction error varies)
• Ability to detect anomalies (i.e. precision, recall)
There are several ways to include prior knowledge into the training process of a ML
model with insufficient training data. An extensive taxonomy overview of the different
methods can be found in (Rueden et al., 2019). Figure 5.3 illustrates a categorized
overview of the different knowledge representations that can be included into ML models.
As mentioned above, in this chapter, physics knowledge is included by adding results
from aeroelastic simulation to the training process. As an imitation of the real-world
behaviour of a turbine in a wind farm, the simulation results are expected to add some
physical information into the normal behaviour model. The available simulation and
SCADA signals are briefly presented in the following section.

Figure 5.3: Overview of different knowledge representations in Informed ML. Reproduced
from (Rueden et al., 2019)
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SCADA data vs. simulated data
Table 5.1 shows the simulated variables that are also present in, or can be derived from
the SCADA data. In this study, only signals that are available from both the SCADA
system and the HAWC2 simulations are used. Another approach could be to include
further simulations that are not in the SCADA data. However, this is not part of the
research scope and would require further adjustments to the method. In the present study,
access to accurate wind measurements and detailed information about the aeroelastic
model were not available. Therefore, the simulations are only a rough representation of
the real turbine system. However, the comparison of the simulations with the normal
behaviour SCADA data (presented in article IV) shows that the simulations still capture
the measured behaviour well.
SCADA variable
Wind speed at turbine
Power
Wind speed std.
Rotor speed
Pitch angle
Generator speed
Shaft rotational speed

Derived SCADA variable
Free-stream wind speed

Table 5.1: SCADA signals that are available in the simulation database.

Transfer learning
Simply adding aeroelstic simulation results to a set of SCADA data for training a normal
behaviour model has resulted in worse prediction performance. A brief case study was
carried out using an ANN for predicting the power performance using the model set up
as described in Figure 5.5. It has shown that simply adding simulation samples to the
SCADA data training set results in worse prediction performance of the normal behaviour
model. This indicates that more elaborate techniques are needed to fuse SCADA data
with simulation data in order to help the model to better predict the normal behaviour
power. One way to do so is to use a transfer learning method. The aim of transfer
learning is to improve a learning system trained for a specific target domain DT by
transferring knowledge that is learned from a different but related source domain DS
(see Figure 5.4).
A taxonomy overview, as well a review of existing transfer learning methods can
be found in (Zhuang et al., 2019) and (Pan and Q. Yang, 2009). As it is presented
in (Zhuang et al., 2019) there are different techniques to transfer knowledge from one
learning system to the other. The present study focuses on the parameter transfer of an
ANN and the subspace transfer (domain adaptation) of an autoencoder. In this context,
the model parameters are pre-trained on a large simulation database (the source domain
DS ), and are then used as a starting point for the re-calibration on the filtered SCADA

5.2 Informed machine learning method

85

Figure 5.4: Schematic illustration of knowledge transfer for monitoring wind turbines
using simulations and measured SCADA data. Figure reproduced from article IV.

data (the target domain DT ). This may be particularly helpful if the SCADA data is
scarce or noisy.

Feature selection
The transfer learning approach is applied to a turbine situated in an offshore wind farm.
Therefore, features that capture the wake-induced effects on the turbine need to be
included in the model. As mentioned above, the signal to be modeled depends on which
component and which failure mode is aimed to be monitored. In this study, the electrical
power is selected as output for the normal behaviour model, as the main indicator for
the turbine performance. The selection of the input variables is based on the wake
parameterization as used in the wind farm surrogate model approach (see section 4.2).
Based on this approach the input variables are the wind speed u, the wind speed standard
deviation σu , the row spacing RD , wake incidence angle θ and number of disturbing
turbines Nrows (see Figure 5.5):
Xmodel = [u, σU , RD , θ, Nrows ]

(5.1)

Similar to section 4.2, the farm relative variable RD , θ and Nrows can be calculated
for each wind speed and wind direction for both SCADA data and simulated samples.

Normal behaviour modeling
Two methods for augmenting SCADA based monitoring models with aeroelastic simulations are compared, namely the parameter transfer of an ANN and the subspace transfer
of an autoencoder. The theoretical background of both model techniques are described
in section 2.1.
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Figure 5.5: Input and output variables for a normal behaviour model of a turbine in a
wind farm.
Firstly, for both methods the source model is trained on the large simulation database
consisting of 30,000 samples that is presented in chapter 4. Secondly, the most suitable
source model for both the ANN and autoencoder are used as starting point for the
re-calibration on the SCADA data. The first nlayers are kept constant, such that only
parameters of the remaining layers are adjusted during the re-training phase on the
SCADA data (article IV) (see Figure 5.6 and Figure 5.7).

Figure 5.6: ANN architecture with parameter transfer. First layer parameters
are fixed (red), while last layer parameters are re-trained on the target data
(green). Figure reproduced from Article
IV.

Figure 5.7: Autoencoder architecture
with parameter transfer. First layer parameters are fixed (red), while last layer
parameters are re-trained on the target
data (green). Figure reproduced from
Article IV.

The raw SCADA data is filtered to normal operating behaviour by discarding observations, which are flagged as faulty, curtailed, transient or not operating and by applying
the OpenOA toolkit developed at NREL (Optis et al., 2019). In order to investigate
under which conditions it is most beneficial to use the transfer method, scenarios of
having 1,3,6,9 and 12 months of SCADA data are used. Furthermore, different amounts
of knowledge transferred (i.e. number of re-trainable layers) are compared. For each
scenario the model performance is evaluated using 5-fold cross-validation to analyse the
robustness of the model performance with different training/testing splits. Additionally,
the model accuracy of all scenarios is compared on the same test period of 3 months.

5.3 Discussion and summary
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Anomaly detection
Finally, the detection ability of the suggested model approach is tested on one month of
raw SCADA data. In this period, an underperformance case is known since the SCADA
system raised an alarm indicating an implausible blade angle. As presented in Figure 5.2
the trained model is used to estimate the power output, which is then compared against
the measured power by calculating the residual . For detecting an anomaly, an upper
and lower control limit is defined based on the training error distribution of the model
on normal behaviour data. The idea is that a normal observation is present in high
probability regions lying within the control limits. If the control limit of the residual
is exceeded, the observation is assumed to arise from a low probability region of the
model residuals and therefore is assumed to be abnormal. Setting the control limits is a
crucial step in the process. If the threshold is too low, more anomalies will be detected
(True Positives), however also normal observations will be flagged as anomalies (False
Positives). A model with too large thresholds on the other hand, will have less False
Positives, but will flag more abnormal observations as normal (False Negatives). To
compare the detection ability of the different normal behaviour models the precision and
recall are calculated. The precision measures the probability that the detected anomaly
is an actual anomaly and is defined as follows
P recision =

#T rueP ositives
#T rueP ositives + #F alseP ositives

(5.2)

The recall on the other hand, also known as sensitivity, indicates how well the system is
able to find anomalies:
Recall =

5.3

#T rueP ositives
#T rueP ositives + #F alseN egatives

(5.3)

Discussion and summary

In this chapter, it is investigated how and under which conditions aeroelastic simulations
can help improve a data-driven monitoring model of a turbine in a wind farm. For this
purpose, a normal behaviour model of the turbine power is trained on SCADA data
using two deep learning methods. Its prediction performance and anomaly detection
ability is compared against a hybrid approach in which simulation results are integrated
into the training process with the help of transfer learning. The results from Article IV
show that when having only one month of SCADA data, the model performance of the
ANN becomes significantly more robust and accurate. Also its detection ability on a test
anomaly case has improved by having fewer false positives. The prediction accuracy and
robustness of the autoencoder method however did not significantly improve with the
inclusion of simulations.
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Article IV: Using transfer learning for improved
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Abstract
This paper introduces a novel, transfer learning-based approach to include physics into datadriven normal behaviour monitoring models which are used for detecting turbine anomalies. For
this purpose, a normal behaviour model is pre-trained on a large simulations database, and is recalibrated on the available SCADA data via transfer learning. For two methods, a feed-forward
Artificial Neural Network (ANN) and an autoencoder, it is investigated under which conditions it
can be helpful to include simulations into SCADA-based monitoring systems. The results show
that when only one month of SCADA data is available, both the prediction accuracy as well as
the prediction robustness of an ANN are significantly improved by adding physics constraints from
a pre-trained model. As the autoencoder reconstructs the power from itself, it is already able to
accurately model the normal behaviour power. Therefore, including simulations into the model does
not improve its prediction performance and robustness significantly. The validation of the physicsinformed ANN on one month of raw SCADA data shows that it is able to successfully detect a
recorded blade angle anomaly with an improved precision due to fewer false positives compared to
its purely SCADA data based counterpart.
Keywords: transfer learning, informed machine learning, performance monitoring, simulation-based
neural networks

1

Introduction

Wind power remains one of the fastest growing renewable energy sources with a global installed wind
power capacity of 650.6 GW by the end of 2019 [22]. With the continued trend of the growing wind turbine
(WT) size and their deployment in offshore environments, it becomes increasingly important to reduce
the operation and maintenance (O&M) costs by optimizing O&M activities. In this context, monitoring
and predicting the turbine performance plays an important role for enabling the implementation of
predictive maintenance strategies. Studies have shown that underperformance, e.g. due to pitch faults
or gearbox faults can lead to significant losses in the revenues [17]. It is therefore important for the
operators to deploy intelligent monitoring of the wind turbines health state, termed Condition Monitoring
(CM), to reduce unscheduled downtime and thus operational costs of wind energy [15]. The aim of
CM is to detect deviations from the normal operational behaviour indicating a developing fault. This
requires detailed knowledge of the system, which is often not available. Traditional dedicated Condition
Monitoring Systems (CMS) are mostly based on extra measurements (e.g. vibration measurements,
strain measurements, thermography and acoustic emissions) which makes them costly since they require
installation of extra sensors.
However, utility-scale turbines are typically equipped with a standard supervisory control and data
acquisition (SCADA) system. Using the SCADA data for condition monitoring purposes has become
more and more popular as it presents a low cost alternative to the CMS solutions. An extensive review
of the various approaches which have already proved successful in detecting anomalies using the turbine
data can be found in [18].
Most of recent research focuses on normal behaviour modeling (NBM) in which a model is trained to
predict a specific output signal using historic SCADA data from periods where the turbine is considered
to operate under healthy conditions. After the training phase, the model can be applied to estimate the
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output signal. The residual of the modeled minus measured variable serves as indicator for an anomaly
from normal operation. Important advantages of the purely data-driven NBM method are that no prior
knowledge about the signal behaviour is needed [15] and monitoring the residual for anomaly detection
is mostly decoupled from the turbines operational mode [24].
Models based on Machine Learning methods, especially Artificial Neural Networks (ANN) have shown
good anomaly detection abilities [18]. However, the disadvantage of such black-box models is that they
are difficult to interpret and require large amount of data. Furthermore, the training of purely datadriven models can be affected by noise of measurements and although it seems to perform well on
training and test data, it might lead to poor generalization outside the available data. With recent
trend of increased computing power it becomes feasible to combine physics with ML in different ways
which is recognized as the term ”theory-guided data science”, ”physics-guided machine learning” or also
”physics-informed Machine Learning”. Including physics information into ML detection models may
enable learning generalizable patterns without overfitting.
In [20] the authors present an extensive taxonomy overview of the different ways knowledge can be
included in a Machine Learning system. Due to the reasons mentioned above, there is a lot of interest by
both research and industry in the wind sector to build more robust models by leveraging physics-informed
Machine Learning. However, there is only little research on such physics-informed ML techniques applied
to wind turbine CM: For an automatic diagnosis of the observed residual patterns in the NBM procedure,
expert knowledge can be incorporated by using fuzzy inference systems based on a set of if-then rules,
as shown in [4], [15] and [2]. In [19], a physics-informed Gaussian Process approach is developed that
can be used for detecting power grid faults. For the application of damage modeling, a physics-informed
neural network is built based on repeating cells of recurrent neural networks (RNNs) in [10] and [23].
Objective However, these approaches have not been applied to the commonly used NBM. Especially,
in situations where SCADA data is scarce or noisy, it might not be enough to build a well-performing
NBM based solely on measurement data. Therefore, this study investigates the potential of augmenting
SCADA data with aeroelastic simulations for building NBM models of wind turbines in a wind farm by
means of a knowledge transfer technique called transfer learning. The hypothesis to be tested is whether
including physics constraints in this way will improve the performance of the normal behaviour model
and its corresponding anomaly detection when having limited amount of SCADA data. The model
improvement is measured by following performance metrics:
• Sample efficiency (i.e. how much data is needed to reach a certain prediction accuracy)
• Robustness (i.e. how much the prediction error varies)
• Ability to detect anomalies (i.e. precision, recall)
Paper outline The remainder of the article is structured as follows: In Section 2 the concept of the
proposed method for including physics knowledge into a deep-learning-based normal behaviour model is
described. Two different methods for augmenting SCADA data with simulations, as well as their usage for
anomaly detection, are explained. In section 3 the described concept is applied to the SCADA data from
an offshore wind farm. The resulting model performances are shown for different amounts of SCADA
data used and different amount of knowledge transferred. These results are compared against their purely
data-driven counterparts. Moreover, the residual analysis of the models applied to raw SCADA data for
anomaly detection is presented. Section 4 compares the presented methods and discusses its limitations,
i.e. under which specific conditions augmenting data-driven monitoring models with simulations will be
beneficial for a turbine operator. Furthermore, the impact on the suggested approach on the anomaly
detection ability is discussed. In section 5 and 6 conclusions of this study are drawn and future work is
suggested.

2

Methodology

A normal behaviour model monitoring the SCADA data via a set of input signals can be built with the
following steps: 1) data preparation, 2) model training and model evaluation and 3) residual analysis. In
the first step the SCADA data is pre-processed and filtered to select a subset which represents normal WT
operations without faults. If alarm logs of the SCADA system are available, they can be used for flagging
any observation deviating from normal operation, i.e. faulty, transient, curtailed etc. A regression model
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Figure 1: Schematic illustration of knowledge transfer for monitoring wind turbines using simulations
and measured SCADA data.

is then trained and evaluated on the normal behaviour SCADA data. After the training phase the
evaluated model is applied to new raw SCADA data to estimate the to be monitored output signal. The
estimated output is compared against the actual measured signal and the residual pattern is analysed in
order to detect anomalies. Typically, this involves setting a threshold which, if exceeded, would indicate
an anomaly.

2.1

Transfer learning for NBM

The aim of transfer learning is to improve the performance of a target learner on a target domain DT
by transferring knowledge contained in a different but related source domain Ds [12], [25] (see Figure 1).
A recent comprehensive review on transfer learning can be found in [25].
The SCADA database used for building the normal behaviour monitoring model represents our target
domain data DT = {XT , PT (XT )} with a feature space XT and a distribution PT (XT ), whereas a large
simulation database serves as the source domain data DS = {Xs , PS (XS )} with a corresponding feature
space XS and distribution PS (XS ).
A source model trained on a large number of aeroelastic simulations is assumed to capture the main
physics behaviour of the turbine operation under the simulated conditions. As the turbines’ measurement
data is limited, the idea is to introduce physics constraints by using the knowledge obtained in the pretrained source model to improve the performance of the target model.

2.2

Feature selection

This study focuses on a turbine which is located in an offshore wind farm. Since the turbine operates
under the influence from the wakes of neighbouring turbines, features capturing these influences need
to be used in the model. As the electrical power P is the main characteristic for describing the overall
operation of a WT, it is used as output of the normal behaviour model in this study. Only inputs that
are available in both measurement and simulation data are used for modeling the power of a turbine in
a wind farm. Based on a previous study [3], the selected input variables are the wind speed u, the wind
speed standard deviation σu , the row spacing RD , wake incidence angle γ and number of disturbing
turbines Nrows :
Xmodel = [u, σU , RD , γ, Nrows ]

(1)

The latter three variables intent to characterize the wake effect the monitored turbine is experiencing
based on its relative position towards wake sources within the wind farm. More details on the input
selection can be read in [3].
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Figure 2: Process of aero-servo-hydro-elastic simulations using sampled input variables. Taken from [16]
with the authors permission.

2.3

Creation of source data (simulation)

The simulation database is created by carrying out a 30,000 point Monte Carlo (MC) simulation with
samples drawn from the joint probability distribution of the defined input variable space Xsim . Selecting
this input variable space is an important step in the creation of the simulation data. The choice of
input variables and their probability distributions is based on the intention to cover a wide range of
environmental conditions that will be representative for the wind farm used in this study. Further
details about the input variable distributions and their boundary functions can be found in a previous
study by the authors in which the database has been created [16].
Figure 2 presents the set of models that are required to run aeroelastic time series simulations St (X)
on the 30,000 input samples. In order to model the turbine response to the wind inflow conditions, a
structural, aerodynamic and controller model is required. For offshore turbines further models accounting
for the hydrodynamic and soil forces can be included. In this study the aeroelastc tool HAWC2 [7] [8]
is used to simulate a turbine under normal operating conditions. The stochastic part of the wind is be
modelled using the Mann spectral turbulence generator [9]. In this way, time series that are generated
for the same conditions will be different for each realisation. This variability causes uncertainty in the
turbine performance. However, the uncertainty for the performance estimation through the variability of
the wind is reduced by using a large Monte Carlo sample [16]. The dynamic wake meandering (DWM)
model [6] is used for simulating the wake effects from multiple wake sources Nrows .
Finally, the time series simulations St (X) are post-processed in order to calculate the 10-min statistics.
The interested reader can find further details about the method and specific simulation set up in [16].
The database is openly available in https://doi.org/10.11583/DTU.12245978.

2.4

Method 1: Artificial neural network (parameter transfer)

The first method used for training a normal behaviour regression model is an artificial neural network
(ANN). An ANN consists of a number of neurons which are organized in layers. Its simplest form is
a multilayer perceptron (MLP), in which the input vector x is processed forward through the hidden
layers to calculate and output vector y. Figure 3 shows a network with three hidden layers and input
4

Figure 3: Schematic illustration of ANN architecture with parameter transfer. Parameters from
the first two layers are fixed (red), while last two
layers are re-trained on the target data (green).

Figure 4: Schematic illustration of architecture of
an autoencoder with subspace transfer. Parameters from the first two layers are fixed (red), while
last two layers are re-trained on the target data
(green).

and output vectors as used in this study. At each neuron j the n-dimensional input is processed with a
linear transfer function:
n
X
aj =
wji xi + wj0
(2)
i=1

with the weight parameter wi and the bias parameter w0 . The result aj is then passed through a
nonlinear activation function:
zj = h(aj )
(3)

The output zj of neuron j then serves as input to the neurons of the following layer until the output
layer is reached. The parameter of the network are trained using a back-propagation algorithm and an
optimization algorithm that minimizes a loss function. In this case a least squares cost function is used
to minimize the loss:
1
2
(4)
Loss(w) = (f (x, W ) − y(x))
2
In order to add physics constraints into the training of a normal behaviour network, a network that
is pre-trained on the source data (simulations) is used as a starting point for the new training task on
the SCADA data. For the latter, the weight parameters of the first nf ixed layers are kept constant such
that only parameters of the remaining layers are adjusted during the re-training phase on the SCADA
data.

2.5

Method 2: Stacked denoising autoencoder (subspace transfer)

Secondly, an autoencoder (AE) is used for building a normal behaviour model of the power. A basic
AE is a feed-forward neural network with one hidden layer, also called code layer, and the output vector
being equal to the input vector. An AE is composed of an encoder function h = f (x) which maps the
input vector x to the code, and a decoder function x̂ = g(h) mapping the code back to a reconstruction
of the input x̂. When multiple AE layers are stacked to form a deep learning network it is called a
stacked auto encoder (SAE) (see Figure 4). By setting the size of the code layer smaller than the input
dimension, the network is forced to model a compressed, lower-dimensional latent subspace Z. To make
sure that the network does not simply reproduce the input signal, Gaussian noise is added to the input.
This modified version of the AE is called a stacked denoising autoencoder (SDAE). Several studies used
AEs as a regression model for WT monitoring [14] [1].
Similarly to the above describe ANN knowledge transfer, a SDAE network is trained on the simulation
data and re-trained on SCADA data while keeping the parameters of the first nf ixed layers constant.
When keeping all layers up to the code layer fixed (see Figure 4), the hypothesis is that the subspace Z
learned on the simulations will help the model to better learn the target task on the SCADA data.
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Figure 5: Schematic illustration of anomaly detection. Reproduced from [18]
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Figure 6: Power curve (a) and timeseries of power, wind speed, pitch angle and yaw angle (b) from
SCADA measurements for a time period where a problem with blade angle has occurred.

2.6

Anomaly detection

After training and evaluating the normal behaviour models they are applied to the raw SCADA data to
estimate the power output. As presented in Figure 5 the power estimations ŷ are compared with the
actual measured power y by calculating the residual :
 = ŷ − y

(5)

Large deviations between the measured and the modeled signal will indicate abnormal behaviour.
When analysing the residual for the detection it is crucial to consider information about the uncertainty
of the model estimates. The underlying assumption of anomaly detection is that normal observations
are present in high probability regions and anomalies in low probability regions of a stochastic model
[15]. Therefore, the distribution of the power residuals during the testing phase of the normal behaviour
model are used for setting normal thresholds. Assuming that the testing residuals test are normally
distributed the upper and lower control limits (CL) are calculated using following equation based on [5]:
σtest
CL = µtest ± η √
n

(6)

with the average prediction error µtest , the standard deviation of prediction errors σtest and the
number of observations n used for testing. The constant η is manually tuned in order to attain the
confidence interval that will avoid sensitivity towards data variations. A residual of the predictions on
new SCADA observations that surpasses the control limits is assumed to have low probability based on
the trained normal behaviour model and will be therefore detected as an abnormal observation.
The detection ability of the normal behaviour models is tested on one month of raw SCADA data
(May 2016). During this period the SCADA system recorded an implausible blade angle on 05/21/2016
for a duration of 31 minutes. Figure 6 shows the power curve and time series measurements of power,
wind speed, pitch angle and rotor speed for the time window in which the alarm occurred.
To evaluate the performance of the anomaly detection system the precision and recall are calculated.
The precision of a binary classifier measures the probability that the detected anomaly is an actual
anomaly and is defined as follows
P recision =

#T rueP ositives
#T rueP ositves + #F alseP ositives
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(7)

(a)

(b)

(c)

Figure 7: Comparison of measured and simulated data used for building a normal behaviour model
including (a) power (b) pitch angle and (c) rotor speed with respect to the wind speed.
The recall on the other hand, also known as sensitivity, indicates how well the system is able to find
anomalies:
#T rueP ositives
(8)
Recall =
#T rueP ostives + #F alseN egatives
These performance metrics depend on how the normal threshold is defined. A low threshold will result
in a high recall where a large fraction of anomalies will be detected, however with a lower precision, i.e.
more normal observations will be flagged as an anomaly. A too high threshold will give the opposite
result [14]. Therefore, setting a suitable threshold is a crucial task for building an anomaly detection
system.

3
3.1

Results
Data preparation

The SCADA data from an offshore wind farm with 30 5MW turbines is available for the period from July
2011 to May 2017 with a sampling rate of 10 minutes. Furthermore, alarm logs of the SCADA system
are available for the period from June 2012 to June 2017. The results are presented for a turbine located
at the eastern border of the wind farm. With southwestern prevailing wind direction, the WT is mainly
exposed to wake effects from 3-4 upstream turbines. This turbine is selected since it has one of the
lowest downtime and lowest fault frequency within the wind farm and therefore contains a large amount
of SCADA data for building a normal behaviour model. Nevertheless, visualisations of the SCADA data
and alarm logs show indications of underperformance issues for testing the monitoring models.
The alarms are processed and categorised into the component related sub-system following the reviewed taxonomy of modernised WT [13]. Only alarms that the authors consider as indication of a fault
or problem are considered. The majority of the critical alarms are related to rotor and blade sub-system.
To the authors knowledge the turbine did not experience any main bearing or gearbox failure for the
recorded time.
SCADA data (target domain) The SCADA signals are synchronized and filtered to normal behaviour. Firstly, all observations that are flagged as curtailed, not operating, transient or faulty by the
SCADA system are discarded. Secondly, the OpenOA toolkit developed at NREL [11] is applied.
Simulation data (source domain) The source data is simulated as described in section subsection 2.3. The simulations are carried out using the NREL offshore 5MW reference turbine with a jacket
structure model [21]. Figure 7 shows a comparison of the simulation results against the SCADA signals
power, pitch angle and rotor speed with respect to the wind speed.

3.2

Model performance evaluation

In order to analyse the impact of augmenting simulations into the SCADA data under different data
availabilities, the target normal behaviour models are trained and tested using 1 month, 3 months, 6
months, 9 months and 12 months of data, respectively. The available data is shuffled and each model is
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ANN on test set with respect to normalized power simulations

trained on 80% of the data, whereas its prediction performance is tested on the remaining 20% of the
data to avoid overfitting. Firstly, the data is shuffled and each model is trained on 80% of the data and
tested on the remaining 20% of data to avoid overfitting. This is done within a 5-fold cross-validation for
estimating the generalization error such that all of the available data points have been used for training
once. The variation of the generalization error will be an indicator for how robust the model performance
with different training/test splits. Secondly, in order to properly compare the model performances with
different amount of training sizes, a model is trained completely on 1 month, 3 months, 6 months, 9
months and 12 months of data and tested on the same subsequent 3-month period. Here, the prediction
performance of each model set up is evaluated on three iterations in order to account for the performance
variations due to randomness in the ANN (i.e. initialisation).
For the performance evaluation the coefficient of determination (R2 ) and the percentage of normalized
root mean squared error (NRMSE) are calculated using following equations:
Pn
(y − ŷ)2
SSres
2
(9)
= 1 − Pi=1
R =1−
n
2
SStot
i=1 (y − y)
r Pn
2
1
i=1 (ŷ − y)
N RM SE[%] =
· 100
(10)
Prated
n

with the mean of measured power y, rated power of the turbine Prated and number of test observations
n. The R2 value represents how much variability of the output has been accounted for with the the sum
of squares of residuals SSres and the total sum of squares SStot which is proportional to the variance of
the data.
Both ANN and SDAE methods are implemented using the Sequential class of the Python deeplearning-library Keras, since the Sequential class allows to keep selected parameters fixed during re-train
the network.

Artificial neural network (parameter transfer) After hyperparameter tuning the most suitable
network architecture for a SCADA-based ANN consists of three hidden layers with 25 neurons in each
layer. The network is trained using the Adam optimization algorithm with a learning rate of 0.7 and a
batch size of 400. A regularization factor of 0.001 is used to avoiding overfitting.
The source model is trained with 400 epochs on the complete simulation database. Figure 8 and Figure 9 show the model performance of the source model on the test data. The coefficient of determination
of the predictions from the source model is 0.995 and the NRMSE is 2.35%.
The target model is trained for 5 different data scales (1, 3, 6, 9 and 12 months) and 4 different
parameter transfer scales (no parameter transfer, 1 up to 3 layers transferred from source model) resulting
in 20 different model set ups. The resulting prediction accuracy of these models on the test set are
presented in Figure 12. Each boxplot presents the distribution of R2 values of the 5 model iteration
within the 5-fold cross-validation for a specific amount of SCADA data used and knowledge transferred.
For the transfer learning (4 − nf ixed ) layers of the source model are re-trained on the SCADA data with
100 epochs. The NRMSE distributions of the models are not shown since they follow a similar pattern as
the R2 values. The mean and standard deviation of the prediction accuracy of each model is shown with
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Figure 10: Average R2 value for ANN
for different amount of training data and
knowledge transfers.

Figure 11: Standard deviation of R2 value
for ANN for different amount of training
data and knowledge transfers.

respect to the amount of SCADA data used for the training in Figure 10, Figure 11 and Table 1. Finally,
a comparison of the model performances tested on the same 3-months period is shown in Figure 21.
1
3
SCADA 0.901 0.958
nf ixed =1 0.927 0.958
nf ixed =2 0.929 0.958
nf ixed =3 0.913 0.950

Mean R2
Mean NRMSE (%)
6
9
12
1
3
6
9
0.956 0.958 0.959 11.06 7.58 7.44 7.57
0.956 0.958 0.958 9.53
7.56 7.47 7.61
0.957 0.958 0.958 9.42
7.53 7.40 7.55
0.951 0.954 0.953 10.43 8.25 7.89 7.95

12
7.45
7.51
7.50
7.96

Table 1: Prediction performance of ANN for different amount of training data and knowledge transfers.

Autoencoder (subspace transfer) The hyperparameter tuning of the autoencoder requires more
effort compared to the previous ANN since we need to make sure that autoencoder also works on detecting
anomalies and does not simply reconstruct power by using the power solely. Therefore its ability to detect
anomalies on a validation data set with artificially introduced anomalies is also considered during the
tuning process. An artificial validation data set is constructed based on 3 months of normal filtered
SCADA data, by including 43% of abnormal observations, of which 10% represent an abnormal increase
of power between 100 and 300 kW, and the remaining 90% represent a 300 to 500kW increase of power
(see Figure 15). These power differences are created by randomly sampling from an uniform distribution.
The final tuned model consists of 3 mirrored hidden layers with 25, 15 and 5 neurons in layer L1 , L2
and L3 respectively. The input is standardized and a Gaussian noise with a standard deviation of 0.1
and a noise factor of 0.5 is added. The training is done with the AdaDelta optimizer using a learning
rate of 0.001, 600 epochs and a batch size of 400. The weights are initialized using a glorot uniform
distribution and a relu function is used as activation function for the hidden layers and a linear function
is used as activation function for the output layer.
Figure 13 and Figure 14 show the prediction performance of the source model. The source model
reconstructs the simulations of the test set with a R2 value of 0.997 and NRMSE of 0.012 ‱. Figure 16
shows the reconstruction error of the source model when it is applied to the SCADA data with artificially
introduced anomalies. In Figure 17 the reconstruction error is presented with respect to the abnormal
power difference.
For the transfer learning, the last 1 and up to 5 layers of the source model are re-trained on the
SCADA data using 100 epochs. The prediction accuracy of the autoencoder on the test set is presented
in Figure 18 with each boxplot presenting the distribution of R2 values of each 5-fold cross-validation.
Furthermore, the average accuracy metrics of the models are shown in Table 2. Figure 19 and Figure 20
illustrate the mean and standard deviation of the models for different amounts of SCADA data with
respect to the amount of SCADA data used for the training. Similar as for the ANN, Figure 22 shows
the model performances using the same 3-months test data.
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Figure 12: ANN target model performance on different amounts of normal SCADA data and knowledge transfers. Each boxplot represents the R2 distribution of the models trained within the 5-fold
crossvalidation.
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9
0.994
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0.997
0.996
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0.996
0.997
0.997
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0.995

NRMSE (‱)
3
6
9
0.02 0.02 0.02
0.02 0.02 0.01
0.02 0.02 0.01
0.02 0.02 0.01
0.02 0.02 0.02
0.02 0.02 0.02

1
0.02
0.02
0.02
0.02
0.02
0.02

12
0.01
0.01
0.01
0.01
0.02
0.02

Table 2: Prediction performance of SDAE for different amount of training data and knowledge transfers.
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Figure 21: R2 value for ANN for different amount of training data and knowledge transfers tested on same 3 months
test data.
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Figure 22: R2 value for SDAE for different amount of training data and knowledge transfers tested on same 3 months
test data.

Anomaly detection

The comparison of the detection ability between a standalone SCADA model and physics-informed model
is presented in this section for the ANN model. The results are demonstrated for the specific use case
when having one month of SCADA data available as this shows the biggest potential for augmenting the
model with aeroelastic simulations. The models with the highest prediction accuracy on the training set
are selected. For the transfer learning model this means an ANN that is pre-trained on simulations and
re-calibrated using one month of SCADA data with keeping the first two hidden layers fixed.
The power measurements and estimates are scaled using a min-max normalization and the prediction
residuals and corresponding control limits for each model are calculated using Equation 5 and Equation 6.
Figure 23 and Figure 25 show the distributions of the testing residuals  on the normal SCADA data
including a fitted normal distribution. The selected model trained purely on SCADA data predicts the
power with a R2 value of 0.924, and the physics-informed model with a R2 value of 0.933. Finally,
Figure 24 and Figure 26 show the residuals of the model predictions on raw SCADA data for the selected
period of May 2016. The timeframe in which a known case of ’implausible blade angle’ has been recorded
by the SCADA system is marked red. The implemented monitoring system indicated several potential
issues (red circles), however the SCADA-based model without transfer learning also results in false
positives. The calculated performance metrics for the precision and recall of both detection models are
presented in Table 3.

Precision
Recall

SCADA standalone ANN
50 %
100 %

Transfer learning ANN
100 %
100 %

Table 3: Detection performance of standalone SCADA based ANN and transfer learning ANN on one
month of raw SCADA data.
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Discussion

The results show that the sample efficieny of a SCADA-based ANN can be significantly improved by pretraining it on a large aeroelastic simulation database. In the case when only one month of measurement
data is available the model prediction error is reduced by a NRMSE reduction of 1.64% (see Figure 10).
Furthermore, the decreased standard deviation of the model accuracy for repeated model calibrations
from σ(R2 ) = 0.02 to σ(R2 ) = 0.0.003 (see Figure 11) shows that the predictions become more robust
when the suggested transfer learning method is applied. However, both in terms of the model accuracy
as well as its robustness it can be seen that the more SCADA data is available for building a monitoring
model, the less improvement can be achieved. The optimal learning transfer of the ANN with 3 hidden
layers is to keep the first two layers from the source model fixed. Keeping all hidden layers fixed and
only re-training the output layer on the SCADA data will on the other hand result in a negative learning
transfer, i.e. a decreased model performance compared to the standalone SCADA-based ANN. In this
case the physics constraints seem to be to large for improving the target learning task of the normal
power estimation. The prediction accuracy of the models compared on the same 3-months test period
in Figure 12 show slightly different results since only one fixed training period is used as compared the
cross-validation method mentioned above. However, the results confirm as well an increased accuracy
when keeping up to two layers fixed and decreased performance when all hidden layers are fixed.
The model evaluation of the SDAE on the other hand shows that it already is able to accurately
reconstruct the power with a R2 value of 0.99 when only using the SCADA data for its training. Figure 19,
Figure 20 and Figure 22 show a slight improvement of the prediction accuracy and the model robustness
when the transfer learning approach is applied, however on an insignificantly small scale. The validation
of the SDAE on the dataset with artificially introduced anomalies shows that it is possible to differentiate
between abnormal and normal data with the help of the reconstruction error.
Figure 24 and Figure 26 show that the recorded blade angle anomaly can successfully be detected by
both the SCADA standalone ANN as well as the physics-informed ANN. As mentioned in section 2, it is
crucial for a good monitoring system to reduce the number of false positives. By including simulations
into the model the number of false positives could be reduced and with it the precision of the system
has improved from 50% to 100%. It should be noted that this validation study solely serves as a
simple illustration to show what impact the suggested physics-informed ML approach could have on the
anomaly detection ability of the monitoring system. Furthermore, the classification of the raw SCADA
observations to normal and abnormal operation is based on the limited information from SCADA alarms.
Therefore, the calculated precision of the anomaly detection needs to be interpreted with caution due to
the limited information that the authors have about the turbine system.
In general, the implications of augmenting SCADA-based monitoring models with the simulated data
depends on various factors during the modeling process: Firstly, the simulation settings should be selected
in order to model the turbine as representative as possible under the given environmental conditions.
Here, uncertainties of the simulations might arise from the variable space definitions, environmental
input selection and the wake model used [16]. Secondly, the aeroelastic model itself inhibits strengths
and weaknesses in modeling the physical system of the turbine physics. One strength is its capability
in modeling the rotor dynamics. Hence, adding aerelastic simulations into SCADA-based monitoring
systems can be especially beneficial for detecting anomalies related to the rotor. Another advantage of
using aeroelastic simulations is that additional outputs, which are not available in the SCADA data, can
be added to a multi-output model. However, this would require adjustments to the transfer learning
method and is not scope of this paper since the authors do not have access to data for testing the results.
A disadvantage of using simulations is that temperatures are not modeled in HAWC2, hence for detecting
anomalies that are detectable by rising temperatures, such as gearbox or bearing failures the suggested
procedure might not improve the monitoring system. Despite these above described uncertainties and
data limitations, the comparison of the simulations with the SCADA measurements Figure 7 shows that
the simulations capture the measured behaviour relatively well. A smaller rated wind speed and slightly
different rotor speed curve can be noted. The reason for this deviation is that the actual industrial
controller of the turbine is not available for this study. Finally, the performance of the normal behaviour
model is largely dependent on the filtering of the data to normal behaviour as well as how a anomaly is
defined, i.e. on the threshold setting.
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Conclusion and Future work

This paper introduces a novel approach to include physics into data-driven normal behaviour monitoring
models for detecting turbine anomalies by means of transfer learning. For this purpose a normal behaviour model is pre-trained on a large simulation database and re-calibrated on the available SCADA
data via transfer learning. For two methods, an ANN and an autencoder, it is investigated under which
conditions it can be helpful to include simulations into SCADA-based monitoring systems. The results
show that when only one month of SCADA data is available, both the prediction accuracy as well as the
prediction robustness of an ANN significantly improved by adding physics constraints from a pre-trained
model. The optimal amount of knowledge transfer in this set up is to keep two of the three hidden layers
from the pre-trained model fixed and re-calibrate the third hidden and the output layer on the SCADA
data. Keeping all hidden layers fixed would result in a negative learning transfer. As the autoencoder
reconstructs the power from itself it is already able to accurately model the normal behaviour power.
Therefore, including simulations into the model does not improve its prediction performance and robustness significantly. The validation of the physics-informed ANN on one month of raw SCADA data shows
that it is able to successfully detect the recorded blade angle anomaly with less false positives compared
to its purely SCADA data based counterpart.
In order to analyse the full implications of augmenting simulations into the data-driven model, future
work should focus on a full validation study including further different anomaly cases as well as to
test whether the autoencoder has improved its detection ability. Furthermore, since building an accurate
aeroelastic model of a specific turbine requires effort and expertise of the system it would be interesting to
investigate how the level of accuracy of the aeroelastic model influences the final monitoring performance.
Finally, for detecting anomalies a constant residual distribution with respect to the wind speed is assumed
for calculating the normal threshold. However, more advanced techniques for calculating confidence
intervals that take into account the heteroscedasticity of the residuals, and for interpreting the residual
patterns can be used.
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CHAPTER

6
Conclusion and Future
Research

6.1

Main contributions

The ultimate goal of the thesis was to develop analytical methods for supporting digital
twin applications, such as the analysis and optimization of the operation of wind farms.
For this purpose, statistical methods and ML approaches are used to combine mathematical models of the physical system with operational data of an offshore wind farm.
The methods are applied to monitoring and modeling performance, loads and lifetime,
as well as knowledge creation. The contributions of this thesis are summarized below:
Wind turbine load surrogate modeling
• A benchmark of different ML methods used for building a surrogate model to estimate lifetime DELs of blade-root flapwise bending moment is presented. Methods
that are commonly used in previous studies for surrogate models are PCE, ANN
and quadratic RS. The present thesis shows that an ANN based surrogate model
outperforms PCE and quadratic RS approaches in terms of model accuracy, training
and testing time, and convergence of model accuracy with respect to number of
training samples.
• The suitability of using an ANN for the above described use case is further demonstrated by estimating the output uncertainty that is propagated from the ANN
parameter uncertainties. The results show a small output uncertainty, which
confirms that the selected ANN seems suitable for the task.
• A global sensitivity analysis is presented that can be used to identify the input
features with highest contribution to the load estimates. Three different methods
from sensitivity analysis are compared: partial derivative algorithm, Sobol variance
decomposition, and Shapley effects. All methods indicate that the blade load
estimation is most sensitive to turbulence, followed by the wind shear and the wind
speed. The input feature selection was based on the data availability and is not a
strict recommendation. However, the presented surrogate methods can be applied
to different variable choices.
Wind farm loads and failure correlation
• A methodology for comparing fatigue loads and component lifetime of turbines in
wind farms is suggested. This can be used to estimate the wake-induced fatigue
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load variations in a wind farm and to get useful insights of how different loading
conditions might affect the reliability of turbine components. Furthermore, by
making use of simulations, it enables the modeling of variables that are not available
in the SCADA data (virtual sensors).
• The wind farm surrogate model framework from (N. Dimitrov, 2019) is implemented
with an ANN as the transfer function and is extended to also estimate performance
and main bearing lifetime.
• Furthermore, the wind farm surrogate model approach is extended to include additional operating conditions besides normal operation (i.e., start-up and shutdown
events) that might have an impact on the resulting load and lifetime estimates.
• The lifetime estimation L10 of the main bearing is added to the post-processing tool
within the HAWC2 modeling framework. For this, the fatigue lifetime indicator
L10 is estimated for a roller bearing type of turbine with rated power of 5MW.
• The application of the approach on a case study offshore wind farm shows that
the power performance can be modeled relatively well with a prediction error of
1.5% validated against the measured power from SCADA data. Furthermore, the
estimations show that turbines on outer locations of a farm with highest expected
AEP are estimated to experience earlier main bearing failures.
Hybrid model for wind turbine monitoring
• A novel physics-informed ML approach is introduced to detect underperformance
issues of a turbine in a wind farm. It is investigated under which conditions it can
be beneficial to augment a SCADA-based normal behaviour model with aeroelastic
simulation for improved model performance and detection ability.
• It is shown that when only one month of SCADA data is available, including
aeroelastic simulations to the training process (with the help of transfer learning)
increases the model performance accuracy and robustness. However, when more
than one month of SCADA data is available, the model accuracy and robustness
will not increase significantly.
• Furthermore, testing the detection ability on a known anomaly shows that it is
able to detect the anomaly with fewer faulse positives than the purely SCADA
data driven counterpart.

6.2

Limitations and future work

Wind turbine load surrogate model
• The load surrogate model is tested only on lifetime DELs of the blade-root flapwise
bending moment. Further future work should focus on testing whether the selected
method and selected input variable space is also suitable for load estimations on
other components.

6.2 Limitations and future work
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• The approach uses a large simulation database. Although the present thesis includes
a brief convergence study of the model accuracy with respect to number of training
samples, the specific implications of using less training data should be further
investigated.
• In order to apply the model, free-stream conditions at the specific site are used (e.g.,
from met mast measurements). This approach can therefore only be applied to
single turbines. For applying the model to turbines in a wind farm other approaches
such as the surrogate model approach used in section 4.2 can be used.
• The estimation of the Shapley value for the sensitivity analaysis has shown to
be strongly dependent on the number of neighbours used. Therefore, when using
the Shapley value method, more work is needed to select the optimum number of
neighbours for the estimation.

Wind farm loads and failure correlation
• Since the wind farm modeling method includes a number of assumptions, further
validation and uncertainty quantification and sensitivity analysis is needed to validate this approach. Uncertainties in the final results might arise from assumptions
taken in the following steps:
– definition and sampling of variable space
– simulations (generic turbine model, wake model)
– simplistic lifetime estimations (no additional information about main bearing
condition)
– selection of environmental input parameters
– distributions from SCADA data
– wake parameterization
• Regarding the wake parameterization, there are different ways to define wakerelated input parameters, which has been shown to affect the model performance
significantly. Therefore, the computation of these inputs need to be adjusted
well for each wind farm geometry. A proper sensitivity study can help to further
understand the weaknesses of the approach.
• An accurate turbine model by the turbine manufacturer was not available. Therefore,
a generic turbine model was used for the simulations. This might be the reason for
the offset which could be observed in the validation of the estimated power against
the measured power timeseries.
• The estimations could only be validated against measured power since load measurement were not available for the case wind farm. Although the wind farm
surrogate method is already validated on another wind farm in (Galinos et al.,
2016), further validation analysis is needed for this wind farm.
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6 Conclusion and Future Research

• Only normal operation and start-up and shutdown behaviour is considered. Future
work can include further operating conditions that have an impact on the reliability
of the main bearing (i.e., parking, curtailment, wake steering, wind gusts, faults,
emergency shutdown, etc.). To add these conditions, information from other data
types such as SCADA alarms can be included as well.
• The cause of the main bearing failures is not known. They are not necessarily
fatigue-driven and might have been caused by other reasons.
• The number of failure observations is not large enough to draw validated conclusions.
To validate possible relationships between loading and main bearing lifetime, more
failure data is needed.
Hybrid model for wind turbine monitoring
• The presented method includes a CV to estimate the generalization error. However,
the generalization of the model outside of the available data set could not be
tested. Future work can focus on testing whether the transfer learning approach
can improve the degree of generalization of the model on other data (e.g., of other
wind farms).
• The model performance depends on the underlying assumption of wake parameterization used in article III. The uncertainties and sensitivities of the model error
with respect to different environmental conditions will therefore will also be present
for the normal behaviour model. Future work should investigate how this affects
the final ability to detect anomalies.
• The aeroelastic simulations are only a rough representation of the real system and
have limitations (e.g., no temperature modeling). Future work could investigate
how the simulation accuracy affects the final anomaly detection performance.
• The detection ability is only tested on one known anomaly case. The approach
should be further validated on different anomaly cases as well as on different
measurement periods of different turbines in the wind farm.
• The performance of the normal behaviour model is largely dependent on the
filtering of the data to normal behaviour as well as how an anomaly is defined,
i.e., on the threshold setting. Regarding the threshold level, a constant residual
distribution with respect to wind speed is assumed. More advanced techniques
could be implemented to consider the heteroscedasticity of the residuals, and for
interpreting the residual patterns.

APPENDIX

A
Appendix

A.1

Wind speed distributions from SCADA data

Figure A.1 illustrates the wind speed distributions for each wind direction sectors obtained
from the SCADA data of the case study wind farm. The obtained Weibull distributions
are used for site-specific estimations using the wind farm surrogate model presented in
section 4.2.

Figure A.1: Wind speed distribution obtained from SCADA data for all 12 wind direction
sectors.

A.2

Error analysis of wind farm surrogate model

Figure A.2 to Figure A.7 are illustrations related to the sensitivity analysis of the wind
farm surrogate model with different definitions of the wake-related input Xf arm .
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Figure A.2: Normalized power residuals with respect to wind direction for turbine 1 to
turbine 16.

A.2 Error analysis of wind farm surrogate model
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Figure A.3: Normalized power residuals with respect to wind direction for turbine 17 to
turbine 29.
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Figure A.4: Normalized power residuals with respect to free-stream wind speed for
turbine 1 to turbine 16.

A.2 Error analysis of wind farm surrogate model
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Figure A.5: Normalized power residuals with respect to free-stream wind speed for
turbine 17 to turbine 29.
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Figure A.6: Normalized power residuals with respect to free-stream wind speed standard
deviation for turbine 1 to turbine 16.

A.3 Visualizations of wind farm SCADA data and alarm logs
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Figure A.7: Normalized power residuals with respect to free-stream wind speed standard
deviation for turbine 17 to turbine 29.

A.3

Visualizations of wind farm SCADA data and
alarm logs

Before setting up a normal behaviour model (see chapter 4), graphical visualizations of
the raw SCADA data can help to get an insight into possible underperformance issues.
In this study, SCADA data and alarm logs are processed to gather information about the
downtime and fault frequencies within the wind farm. The results are used for selecting
a suitable turbine and anomaly for the analysis presented in article IV.

SCADA data
First, the SCADA data is used to give a general overview by comparing the total
downtime, power loss and number of faults for each turbine in the wind farm. Figure A.8a
to Figure A.8c show the amount of SCADA observations that are flagged as faulty, not
operating, as well as amount of days of power loss for all 29 turbines of the wind farm.
Note that the turbines on the y-axis of the graphs have different orders. It can be seen
that turbine 1, 12 and 2 have the lowest downtime and fault number, while turbine 18,
24 and 25 show the highest downtime and fault number.
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Figure A.8: Sorted turbine availability (a), time with power loss (b), and fault frequency
(c) from SCADA data and turbine alarm frequency (d) from alarm logs.

Wind farm alarms
Figure A.8d presents the turbines ordered by their number of recorded alarms. In
total 22,198 alarms with 206 different alarm codes are recorded for the complete wind
farm. Getting a first overview of the unprocessed alarms therefore is challenging and
further processing is needed. In order to structure the alarms, they are categorised
into the following six groups according to (M. D. Reder, Gonzalez, and Melero, 2016):
Component fault, environment condition, grid condition, WT operational state, manual
stops/restrictions, maintenance activities (see Figure A.9). Figure A.10 shows that most
alarms are related to manual stops or restrictions, component faults, or operational
states of the turbines. However, a large number of these alarms do not indicate a
problem or failure, such as changes in the operating. Therefore, only alarms that the
author interprets as an indication of a fault or problem are further grouped into their
corresponding sub-system Figure A.10. 68 % of the total alarms are not considered as
problematic alarms. The alarms were categorized with the authors’ best knowledge.
However, it should be noted that not all alarm descriptions are clearly defined by the
SCADA system and can be interpreted differently. From Figure A.10, it can be seen that
most alarms that indicate a fault are related to the drivetrain, power module and control
and communication.

Turbine alarms
In order to identify anomalies on which the monitoring model can be tested, both
SCADA data and the alarm logs are analysed on the turbine level. Based on the first
data visualizations, turbine 24 is selected for implementing the monitoring system as

A.3 Visualizations of wind farm SCADA data and alarm logs

Figure A.9: Wind farm alarms categorized into six groups. N/A means an
alarm description was not available.
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Figure A.10: Critical wind farm alarms
categorized by sub-system. N/A means
the subsystem could not be identified
based on the alarm description.

it has fewer fault cases, which might be easier to distinguish and validate potential
anomalies. Similar to the previous section, the alarms of turbine 24 are categorized into
the six main groups (see Figure A.11). 24 % of the turbines’ alarms are classified as
critical and categorized by their corresponding sub-system (see Figure A.12). The largest
amount of alarms can be attributed to the rotor and blades. The normal behaviour
model presented in chapter 4 is tested on a pitch error which is indicated as implausible
blade error. Visualizations of the selected anomaly case can be found in article IV.

Figure A.11: Alarms of turbine 24 categorized into six groups. N/A means an
alarm description was not available.

Figure A.12: Critical alarms of turbine
24 categorized by sub-system. N/A
means the subsystem could not be identified based on the alarm description.
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