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ABSTRACT

With the increase of the global environmental awareness and demand nowadays, the
request for renewable energy sources by the companies responsible for distributing the
energy itself highly increased as well. The sources, such as wind turbines, are highly
exposed to several external factors that can result in mechanical failures on their complex
components. These faults lead to multiple consequences due to their failure time: loss
of energy production, which means that less renewable energy will be transmitted to
the electrical grid and more money will be spent on repairing these components. The
content of this thesis consists of an analysis to the implementation of a prediction system
allied with a monitoring system. This system will allow failure detection on wind assets,
anticipating them and thus reducing maintenance costs and the increase of the longevity
of the components. By reducing the number of failures, it will allow companies to increase
the profit of the energy production on a long term. With the work that was made, it was
implemented an experiment that could be applied to several faults of wind turbines that

created machine learning models that reliably predict these faults.

Keywords: Renewable energy, machine learning, renewable monitoring system, wind

parks, wind turbine, failure prediction
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ReEsumMmo

Com a crescente preocupacao ambiental existente nos dias de hoje, fontes de energia
renovavel sdo cada vez mais procuradas pelas empresas de distribuigao de energia. Estas
fontes, como as turbinas edlicas, sao expostas a diversos fatores externos e a falhas mecani-
cas dos seus complexos componentes. Estas falhas levam a diversas consequéncias devido
ao tempo fora de servigo: perda de producao de energia, levando a que menos energia
renovavel seja transmitida para a rede elétrica e também maiores custos de reparacao. O
contetido desta tese apresenta uma analise a implementa¢ao de um sistema de predigao
de falhas aliado a um sistema de monitorizagao. Este sistema ira permitir a detecao de
falhas nos ativos edlicos, antecipando as mesmas e assim reduzindo todos os custos de
manutencao, aumentando a longevidade dos componentes. A redugao das falhas ira per-
mitir a empresa aumentar o lucro derivado da producao de energia a longo prazo. Com
o trabalho realizado, foi possivel implementar uma experiéncia que pode ser aplicada as
diversas falhas de turbinas edlicas que crie modelos de aprendizagem automatica que

consigam prever estas mesmas falhas de um modo fiavel.

Palavras-chave: energias renovaveis, aprendizagem automatica, sistema de monitorizagao

de renovaveis, parques edlicos, turbinas eodlicas, previsao de falhas
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INTRODUCTION

1.1 Context and Motivation

Over the past two decades, many governmental entities have implemented a wide array
of policies aimed to reduce the CO, emissions of the electricity sector by increasing
the market penetration of renewable energy technologies [41]. Due to this, there is an
increase on the research of new, safe, and sustainable green power technologies, such
as wind-based ones. The primary focus of renewable energy technologies research is to
convert renewable resources into electrical energy to feed the utility grid or consumer
loads [28].

Despite all the technologies that exist to assist the monitoring of renewable energy
systems, failures in their assets are still one of the major problems that decrease the
potential of those assets. “Ensuring that wind turbines perform at their optimal level over
their lifetime (usually 20-25 years) costs around 25% of the offshore installation” [38].
Also, “technical faults that require unscheduled maintenance are increasingly important”
and represent a large part of the total of failures on wind turbines [23].

This is where the CGI Renewable Management System (RMS) enters. Monitoring
systems are essential to maintain optimal performance of renewable systems assets. With
this master thesis work, we are trying to improve CGI RMS system by implementing a
fault detection tool, to help our system clients in detecting possible failures soon and thus,

improving the overall performance of their systems and reducing maintenance costs.

1.2 Problem Definition

Renewable energy technologies, like wind turbines, are based in complex mechanic com-
ponents that are subject to multiple external conditions. These external factors allied
with the complexity and degradation of the components of wind turbines, may lead to
failures in the assets that compose a power plant. These failures lead to downtimes in the
production of energy to the grid and repairs, that cost money and resources to the owners
of the power plants.



CHAPTER 1. INTRODUCTION

In wind farms, many failures of wind turbines are unpredictable. According to [17]
and [23], major faults in wind turbines that cause more than one day of downtime, only
represent 25% of all the failures that occur in a wind turbine. Despite this low percentage,
these major faults are responsible for 95% of the total downtime that occur in wind
turbines.

A wind turbine is composed by complex components interconnected between them.
The complexity of each component varies and consequently the mean time between fail-
ures (MTBF) and cost of repair of each one also changes. In [5], this is exactly what is
analyzed, considering as a base a 2.3 MW onshore wind turbine. Considering the alarms
history (by hours) from two years, it was recorded the failures duration for different as-
semblies. As a cost reference, we selected two of the variables that [5] used: (i) the CO,
that represents the cost of the non-delivery energy and (ii) the Cf (Cost of Failures), that
represents the cost of failure of the component. With these variables presented before, in
Figure 1.1, we present a chart from the data collected in Table 1 of [5] and that correlates
the number of hours of failure and the different costs (CO and Cf) from each assembly

that composes a wind turbine.

700 100%
[~
=}
w 90%
% 600
4 80%
c
2
o
" 400 60%
50%
300 40%
200 — | 30%
20%
100
10%
0 0%
Hub Gear Hydraulic Grid Inverter ~ Generator Generator Rotor Yaw
(Pitch, Yaw, Inverter
others)
Cf (Cost of Failure) (EUR) mmmm CO (Cost of Non-Delivered Energy) (EUR)
Pf (Probability of Failure) PND (Probability of Failure Not Detected)

Figure 1.1: Costs of non-delivered energy and failure correlated with the Probability of
Failure and Probability of Failure Not Detected for each component of a Wind Turbine.
Data Source: [5]

As observed in Figure 1.1, the probability of failures that are not detected, in all key
components that are represented, are in average above 80% . Despite the fact of actual
failures in the Rotor (that is the component that the total cost is higher) being almost
0%, the next two components that have the higher cost of failure, Gear and Hydraulic
failures, have a probability of failure of 9% and 20%. The costs of these, two combined,
surpasses the 500,000 €, that is a much higher cost compared to the costs of maintenance
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and monitoring of the components.

In [32], it is presented an analysis of the costs of failures in wind turbines, compared
to the costs of a correct OM (Operation and Maintenance) (including predictive main-
tenance). According to this study, the cost of O&M during a 20-years lifetime in a 2
MW onshore wind turbine in a 200-MW project, is around 1.7M € and in a 4,14 MW
offshore wind turbine in a 600-MW project, the cost is around 12.6M €. These costs were
in addition to the cost for lost energy production during the failure and maintenance
period.

Further in this article, it is presented that “employing a condition monitoring system
would result to savings of 190,000 € for a 3 MW wind turbine”. If no preventive main-
tenance is employed, the cost of the corrective maintenance is 436,299 €, whereas the
“total O&M cost would be 66,129 € if there are two preventive maintenance events per
year per turbine in its entire life”, according to the average presented by OM databases
[32]. This result is a total of 370,170 € reduced costs, by using a predictive maintenance.

1.3 Goals

To maximize energy production, increase availability, control energy losses and improve
overall operational performance, CGI Renewable Management System (RMS) [13] fea-
tures an integrated set of tools. This master thesis study has the objective to improve
this system, more particularly to study the base of the tool Failure Prediction from the
Predictive module by using Machine Learning. By extracting and studying the data avail-
able, our goal is to analyze all the steps needed to build a machine learning experiment in
Azure Machine Learning Studio, that will work as a foundation to predict faults in a wind
turbine and to be used in the Failure Prediction tool, thus providing to the client a tool
that predict exceptional situations and failures in the operation of renewable energies
assets.

With the use of CGI RMS, we will have available real-time and historical data from real
assets that exists on the field. With this data, we will be able to build a data-driven based
method for fault detection with the help of machine learning algorithm and a pipeline.
We will study, implement, and adapt supervised learning algorithms that are adequate to
failure prediction, study the historical data available in CGI RMS from multiple signals
and feed them to the previous referred algorithms. We will analyze the obtained results,
comparing them against the historical data that we have available, so that we can check
which algorithms and set of features are the more adequate to predict faults of multiple
wind turbines. To conclude our work, we will then prepare these build models to be feed
to the Failure Prediction tool available In CGI RMS.

To achieve this, we are going to divide the study of our thesis in five different scopes:

1. First, we are going to select the type of exceptional situations and failures in renew-

able energies assets we shall try to predict.

3



CHAPTER 1. INTRODUCTION

2. Then, we are going to study data so that we can identify the variables that allow
us to predict such situations. These variables can be signals from the field and
historical data events (like downtimes and faults that were registered) and we will

do some previous analysis on the signals that may be related to each fault.

3. We will perform some feature engineering, by using the Azure Machine Learning
Studio built-in modules to analyze which features have more correlation with the
fault events, building new features from the initial set of variables and to analyze
our historical failure events that we have available to confirm that we have an
unbalanced training set (since, naturally, the number of failures events is less that
the normal operation events) and prepare a future step on balancing the training

set for model training.

4. By using the features identified on the previous step, we are going to develop the
machine learning models for each wind turbine fault, that can be integrated with
CGI RMS to help to predict and classify the major failures according to the real-time

data that the system monitors.

5. After our models are trained and we acquire an output from our experiments, we
will analyze and present our conclusions of our built models and experiment steps,
and present the future improvements that must be done in order to implement the
Failure Prediction tool on CGI RMS.

1.4 Document Structure

This master thesis document will be organized as the following:

1. First we will provide a background of what this master thesis will focus. We start
by the monitoring system that provide us the data to build our machine learning
models, the CGI RMS, then we advance to provide some context of the area were the
study focuses, the wind turbines and we will finish by providing a basic introduction
on the machine learning area, that is the area that will be used to accomplish our

master thesis goals.

2. Then, we will provide a basic introduction on the technologies that are going to be

used to accomplish our work.

3. We advance through an analysis of the main literature that was used to guide our
work and backup our decisions of the procedures that were used when building our

datasets and experiment.

4. After this, we introduce our methodology by presenting our data, our dataset and
faults, the machine learning algorithms that were used in this study and all our

4



1.4. DOCUMENT STRUCTURE

experiment procedures that were used to build our dataset and to build and evaluate

our machine learning models.

5. Then, we present our experimental results, with the results of all the steps of our
experiment using the metrics presented earlier and the best hyperparameters and

model from each fault scope.

6. We conclude this master thesis document by analyzing the previously presented

results and taking some conclusions of these results.



2

BACKGROUND

2.1 Introduction

In this chapter we will provide to the reader the necessary background. We will start by
introducing the system in which our thesis work will be implemented and that provide
us the data that will be used. Then, we will advance to a theoretical introduction to our
main analysis theme, the wind turbines, providing a first introduction to its context in
nowadays, how their downtimes are classified and their major components. We will finish
this chapter by introducing the area that we will use to accomplish our goal, machine

learning.

2.2 CGI RMS - Renewable Monitoring System

CGI Renewable Monitoring System (RMS) is a system that “comprises an integrated set
of tools to maximize energy production, increase availability, control energy losses, and
improve overall operational performance with direct impact on business revenues".

Its scope includes all the 3 major renewable energies: wind, solar and hydro. In
2019, it had multiple clients with a total combined portfolio of over 8,000 generators, and
approximately 15 GW installed capacity distributed over 3 continents: North America
(with 5,495 MW) South America (with 1,261 MW) and Europe (with 8,089 MW) [13]. It

has 4 major modules [13]:

1. Monitor: with a screen with possible dashboards and tools with real time data, al-
lows to assist both managers and field teams in acquire all the necessary information

to manage their assets.

2. Analyze: provides a global overview of portfolio performance by providing trend

analysis, benchmark indicators and key operational dashboards and reports.

3. Predict: by using machine-learning algorithms and continuous monitoring of real-
time data, allows to anticipate potential failures. It allows also to build digital twins

and use them as a baseline for behavior comparison.
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4. Operate: this module is designed for control rooms. It provides multi-screen with a
clear real-time overview of all assets and a step-by-step workflow to guide operators,

remote control, and intelligent alarm management.

CGI RMS stands-out by providing real-time portfolio supervision (represented in
Figure 2.1 by the monitoring dashboard) and control, automatic generation and sharing
of reports and data exports, key performance indicators calculated and updated according
to the real-time data, long-term storage of historical data for performance analysis and
tools to analyze the data (like the Data Analysis tool, represented in Figure 2.2) and

performance of their assets according to what it should be expected with dashboards like

the power curve analysis, among other features.

Figure 2.1: Dashboard of general monitoring. The user can have an overview of the state,
performance and notifications and alarms that exist on their parks and assets.Source: [12]

2.3 Wind Turbines

Our study will focus into one of the major renewable energy technologies: wind turbines.
This renewable energy source is increasingly year by year. As we can see in Figure 2.3,
in 2019 in the whole World combined, there was a growth of 12,14% in terms of wind
energy generation. In Portugal only, these numbers are similar, with a total growth of
8,48% in terms of wind energy produced, compared to the previous year. According to
the latest date of IRENA (International Renewable Energy Agency), the global investment
in renewable energy technologies is 46,56% in wind energy [34].

The data available in terms of the grow in these two renewable energy sources, are
major factors that motivate the development and improvement of technologies like the
CGI RMS and studies like the one that was developed in this Master Thesis.

7
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Figure 2.2: CGI RMS Data Analysis tool. It allows to select certain variables, key perfor-
mance indicators and signals and compare their values in a certain time interval. It also
allows to apply a correlation function on those variables. Source: [12]

Annual percentage change in wind energy generation

Shown is the percentage change in wind energy generation relative to the previous year.
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Figure 2.3: Shown is the percentage change in wind energy generation relative to the
previous year, according to OurWordInData. [34]
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HORIZONTAL AXIS VERTICAL AXIS

Figure 2.4: Different types of Wind Turbines: horizontal (left) and vertical (right) Source:
Kid’s Korner (apogee.net)

In this chapter, we are going to introduce the basics of each of the wind turbines that
allow the reader to acquire a general knowledge of them and some key concepts that will
provide the basics to understand this Master Thesis goals. We will start by introducing
how a wind park is composed, presenting the major components of each of their asset
and finalizing with the factors (internal or external) that may cause failures in these same

assets.

The wind brings kinetic energy associated with it. This energy, when passes through
the wind turbine, rotate the blades and consequently the rotor. With this, the kinetic
energy is transformed into mechanical energy that can acquired and transformed into
electric energy and supplied to the grid [16] [40]. Wind turbines may be classified as two
major types: horizontal-axis turbines and vertical-axis turbines, represented in Figure
2.4 in the left and right images, respectively. The more common are the horizontal-axis
turbines, that are also composed with gearboxes to accelerate the slow rotation of the
blades, to make it strong enough for the generator. The length of the blades is the biggest
factor that determines the amount of energy that a wind turbine can generate.

A wind power plant, also known as wind farm, is the combination of multiple turbines.
A wind park may have hundreds of wind turbines, like the Capricon Ridge Wind Farm,
in Texas, United States, that have more than 400 wind turbines making it a park with an
installed capacity of 662,5 MW [33]. As we can see in the charts of Figure 2.5 in terms of
wind energy sources, in 2019, the electricity generated per year in the World was 1.416,95
TWh and 13,69 TWh in Portugal. The total installed power worldwide was 622,25 GW
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and in Portugal was 5,22 GW [34].

2.3.1 Downtime Classification

Faults in a wind turbine, causes unscheduled maintenance and consequently, loss in the
production of energy. A wind turbine has many and complex components that, without
the required maintenance and a predictive system of their conditions, may cause the wind
turbine to stop working and, may cause the total failure on a component that may cause
costs in terms of their replacement, as well as downtime on a wind turbine, which leads
to a drop in production. Downtimes in a wind power plant are classified in two major

categories, like in the wind power plant:

1. Internal Causes: These internal downtimes can be caused by wind turbine direct
failures or internal Balance of Plant failures. These failures are registered also as
planned, unplanned or caused by civil or electrical repairs, with each of these being
classified in a lower level of the specific cause of the failure, like wind turbine

maintenance, failures, among others.

2. External Causes: The external factors that may cause downtime to a wind power
plant are grouped as external to the wind turbine, external Balance of Plant failures
or curtailment downtimes. The specificities of these failures may be caused by
environment conditions, exclusion causes, operations on the grid, among many

others.

The failures that we are going to predict in this thesis are the ones concerning internal

causes downtimes.

2.3.2 Major Components

The wind turbine and its blades form the base component that capture the wind, in order
to, and with the help of other components, transform it into electric energy supplied
to the grid. In Figure 8, we present an example of some of the main components that
compose a wind turbine.

The wind cause lift and rotation of the blades. With this, the rotor [ Figure 2.6 - 1],
that is composed together by the blades and hub, starts to spin. Since, most of the times,
the wind Itself does not make the rotor spin enough to produce energy, the gearbox rotor
[ Figure 2.6 - 3] that “connects the low-speed shaft to the high-speed shaft and increases
the rotational speeds from around 30-60 rotations per minute (rpm), to about 1.000-1.800
rpm [ Figure 2.6 - 2 and 4, respectively]. This is the rotational speed required by most
generators [ Figure 2.6 - 5] to produce electricity”. To maintain the performance and
guarantee that the high speed intensity may cause some failures and damages in the wind
turbine, the anemometer and controller [ Figure 2.6 - 6] together, allows to control the
machine according to the wind speed: “Starts up the machine at wind speeds of about 12

10
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Wind power generation
Annual electricity generation from wind is measured in terawatt-hours (TWh) per year. This includes both onshore
and offshore wind sources.
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Installed wind energy capacity
Cumulative installed wind energy capacity including both onshore and offshore wind sources, measured in
gigawatts (GW).
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Figure 2.5: Electricity generated from wind energy sources (up image) and installed wind
capacity (down image) in 2019 in two continents (World, Europe) and four countries
(China, United States, Spain and Portugal). [34]
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to 25 kilometers per hour (km/h) and shuts off the machine at about 88 km/h. Turbines
do not operate at wind speeds above about 88 km/h because they may be damaged by the
high winds.” [16]. These components and others, that have a more secondary role, form
the nacelle [ Figure 2.6 - 7].

The high complexity and cost of the gearbox, makes this system part one that is trying
to be improved: if electricity can be produced by lower rotational speeds, then the neces-
sity of gearbox disappears and, consequently, the price of a wind turbine drops and the
faults that are caused by problems of this component also disappear. The major compo-
nent that makes part of the wind turbine tower is the yaw [ Figure 2.6 - 8] (composed by
the yaw drive and yaw motor): this component, in the overall, “orients upwind turbines

to keep them facing the wind when the direction changes” [16].

Figure 2.6: Wind turbine main components. [1] Rotor, [2] Low-Speed Shaft, [3] Gearbox,
[4] High-Speed Shaft, [5] Generator, [6] Controller], [7] Nacelle, [8] Yaw (with Yaw Drive
above and Yaw Motor below. Source: [16]

2.4 Machine Learning

"Machine learning is the science of building systems that improve with data"[26]. By
providing data into a machine learning, the model can analyze it and discover patterns
that are useful for understanding relationships in data. This model must pass through a
learning process so that it can improve its accuracy and reliability in providing correct
outputs [38] [15].

The taxonomy of ML models is divided into two major types, as represented in Figure

2.7. In each taxonomy we also present the most common algorithms that are used. Some
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of these algorithms are going to be used in this thesis work.

1. Supervised Learning The main goal is to predict an output variable using labeled
data as input. One important goal of these models is their adaptation to new input.
To do that, we don’t want our model to be overfit, meaning, too much adapted to
our training data. We always want our model to be as general as possible, so that the
“supervised model defines the real ‘general’ underlying relationship”. A supervised
learning algorithm may be a regression model, that predicts a numeric variable or

a classification model, that it should classify the inputs into a set of classes.

2. Unsupervised Learning These models work only with input data, not having an
output labelled data to compare. The main goal is to provide complex patterns that
are hidden within data without any labels. The more used type of unsupervised
learning is clustering. Clustering is the task of dividing the sample into a number
of groups in which the data points from the same groups are similar to each other

and dissimilar to the data points in other groups.

ML also have two less used types and that are also more complex to implement:
semi-supervised learning, that as the name indicates, it is a mix between supervised and
unsupervised learning. It is used for cases that we mix a small amount of labelled data
with a much larger unlabeled dataset; reinforcement learning, that is implemented as
Pavlov’s dog study: occasional positive and negative feedback teaches the model to takes

better decision in the next actions, meaning, in the next predictions [15].

Supervised Learning

Regression

Unsupervised Learning Clustering

Figure 2.7: Machine Learning taxonomy of the main types. Source: [26]

There exist 3 basics terms that we should know to understand ML [15]:
1. Dataset: The set of data that it is provided to train the model.

2. Features: "Important pieces of data that help us understand a problem. These are
fed in to a Machine Learning algorithm to help it learn."

3. Model: It is the representation of what the ML algorithm has learnt during the
training process from the data set and the features provided.
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The machine learning methodology follows 5 major steps: data collection and pre-
processing; feature selection and extraction; model selection; validation; fitting the model
[38] [15].

Another subfield of machine learning is deep learning. Deep learning is based in
a layered structure of algorithms called artificial neural network that makes intelligent
decisions on its own. One important detail of these types of algorithms is that they need
a large amount of data to become more efficient that the typical supervised algorithms.
The larger the dataset, better the algorithm will surpass the traditional machine learning
algorithms [10] [14].

2.5 Conclusion

In this chapter we could understand how CGI RMS works, their main tools and its port-
folio. It was also presented all the basic terms and operation of a wind turbine, how
downtimes are divided, which is a basis of the classification of the failures that we are
going to study and how the key components work together in a wind turbine, allowing
us to understand the complexity of a wind turbine, from the nacelle to the yaw, and the
importance of monitoring and predicting a failure in a component, so that all the other
components that are connected don’t be affected and consequently damaged, and the
energy production can carry on without losses due to downtimes. It was introduced the
machine learning area that will be used to implement anomaly detection models. Con-
sidering all the machine learning types, we can understand that the machine learning
algorithms that should be used are the classification ones because our goal is exactly to
understand in which cases, we are going to have a failure, or set of failures, and when we

will have a normal operation time, for which we have labelled data.
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TECHNOLOGIES

To accomplish our thesis goal of building a failure prediction tool in CGI RMS, the fol-

lowing main tools will be used.

3.1 Azure Machine Learning Studio

Cloud service used for implementing and managing machine learning projects. With this
tool, you can create a model or use a model built from an open-source platform [30]. If
needed, it can be used Python SDK to develop in a more specific way a more adjusted
model to respond to our problem, not being attached only to the built-in classes of models
that Azure Machine Learning Studio provide us [30]. This tool provides us a graphical
user interface to check up all the outputs obtained according to the data that we provide
and results metrics that we defined previously [30]. All the models created are made
easily available through endpoints. CGI RMS have already prepared several web services
to contact to new endpoints created by this tool, providing to the created models the
necessary data (transformed directly from the database system to excel files), training
and run these models and store the results back in the RMS database.

This will be the mainly used tool to make part of the feature engineering process,
to build the machine learning models and to analyze the results of the machine trained

models.

3.2 Visual Studio in .NET, REST API and Azure Functions

CGI RMS is built in a microservice architecture developed in .NET. The monitoring tool is
based on a REST API interface, that provide a set of endpoints to the web portal. The other
microservices are setup in azure service fabric clusters and are triggered, for example,
with queue messages. Some RMS processes, like the predictive methods that are used
to train and store the outputs of configured ML models, are setup in Azure Functions.
These methods are triggered with time or queue activators.
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We will use this technology mainly to make a console application to generate all the

datasets needed to train and evaluate the machine learning models.

3.3 SQL Server Management Studio and Azure Blob Storage

CGI RMS is based on two storage providers: a relational database SQL server, that we
explore by using SQL Server Management Studio and a non-relational database used to
store unstructured data (like excel files), the Azure Blob Storage. The SQL Server is more
used to store almost all the data used to feed the RMS web portal, all the client’s static
data, calculated data and the statistical non-raw data. The Azure Blob Storage is used to
store blobs, meaning, the non-structured data like excel files and other data that have a
bigger size. It is also used to store all the raw data that comes from the signals.

These are the tools that are used to achieve and store all the data needed.
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STATE OF THE ART

4.1 Introduction

In this chapter it will be presented a review on the articles that we consider as basis to
support the methodology chosen. We will divide this section into several parts, according
to the steps to develop a machine learning model. We will first introduce the references
that were used to auxiliary the decision of our dataset and the pre-processing mechanisms
that were decided. Then we will advance to the articles that support our feature engi-
neering process. We advance to the machine learning algorithms that were chosen and
conclude with the references that support the evaluation mechanisms that were decided

to be used in order to rank our training models.

4.2 Literature Analysis

4,2.1 Features

In several articles like [39] [6], and as stated by CGI experts, vibration signals are one of
the most important features that can be used in failure prediction in mechanical systems.
In our particular case, we don’t have access to vibration signals. In [44], for the prediction
of "high temperature fault", it is presented in Table 1 several signals that it was used in this
article, in which we can see that several temperature signals from several wind turbine
components were chosen as well as signals that provide general information about the
state of a wind turbine (like rotor speed, blade pitch angle and power). In [43] and [35],
several sensors with generic information about a wind turbine were used for the fault
detection. These sensors provide information like generated electrical power, rotor speed,
generator speed and pitch angle. It is stated also that "the main challenges of the wind
turbine fault detection lie in their non-linearity, unknown disturbances, and significant
measurement noise at each sensor", providing an important feedback concerning the
difficulty to detect standards between failures and specific component states. [42] studies
two failures, one related to blade angle and another concerning generator. For each

failure, the features selected were some general ones (like rotor speed, generator speed,
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wind speed) and some specific of the component of the failure, like component sensors or
sensors of related components (for the blade angle failure, blade and nacelle sensors; for
the generator failure, generator, bearing and nacelle sensors). For the second failure there
were used also used signals of the temperature of the generator and shaft bearing. In
[27], it is considered as a parameter related to the fault the generator speed, power output
and wind speed. Finally, in [11], for the prediction of generator and gearbox failures,
mostly all the sensors concerning temperatures and oil temperatures were used as well as
general ambient and wind turbine information like average wind speed, total production,

ambient temperature.

4.2.2 Dataset Preparation and Feature Engineering

Classification problems, more particularly fault prediction problems, have several dataset
preparation work that is make in order to improve the performance of the fault detection.
In almost all of our literature that present some dataset information, we see some common
approaches.

In [44], it is referred the removal of data outliers, by using Chebyshev inequality
method, the scaling of the features, using normalization and after selecting a subset of
signals that are related to the failure, it is performed a feature selection using a feature
ranking using correlation coefficient. It also uses a sliding time window on the features.

In [43], it is pre-processed the features by "group scaling and feature transformation”,
reducing the dimensionality of the feature space using "multiway principal component
analysis". The next step is to 10-fold cross-validation using SVM based classification, in
order to assess if results will generalize to an independent dataset. This article also refer
that "methods that focus on a specific part of the WT (Wind Turbine), require the choice
of the most appropriate sensors, their advisable position in the sub-assembly".

[35] only refers the importance of reducing a large number of features and the use
of feature extraction and feature selection techniques. It uses also the 10-fold cross-
validation for data split.

[42] and [27] states that in a study like ours, of failure prediction, there exists an
unbalanced dataset. The number of faults events is much lower that the number of
normal state events. That is something that should be treated on the training dataset to
balance the dataset that is used to train the model. [29] uses, for feature selection, Pearson
correlation to eliminate the more correlated features and then use "PCA to identify the
variables that exceeds the threshold".

[19] and [20] highlight one of the most important dataset transformations that can
be used in machine learning problems such as the one of our master thesis. It refers for
the dataset sliding window technique that allow the machine learning model to learn the
behaviour of the wind turbine a set of time before the failure actually occurs.

Other important technique referred by [20], and more briefly by [31] is the running

summaries. This consists in building new features from an statistical aggregation (for
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example, average) of the last set of values of each feature. This allow us to compare the
current value of the feature with the average behaviour of the feature, discovering values
that are not considered as normal and thus indicating a possible failure.

In addition, [20] describes also some data pre-processing techniques that were also
referred in the previous articles, like the removal of the null and duplicated rows, ways

to deal with the split of data for the train/validation/test datasets.

4.2.3 Machine Learning Algorithm’s

The machine learning algorithms that are mentioned by our literature to address our
master thesis theme, are the same across all the literature.

We have to mention that not all of the articles use exactly the same techniques to
predict failures as we use, and this have influence on the algorithms that are chosen.
Another important factor is that we are restricted to use the algorithms that are available
in Azure Machine Learning Studio, factor that influence the use of the algorithms and
their parameters, thus affecting their performance.

Neural Network is introduced in [38], [4], [27] and [11]. Decision Tree algorithms
are analyzed in [27], [35], [42] and [N7 (WIND)]. Logistic Regression ( [6], [31], [11] and
K-Nearest Neighbors ( [35], [42], [29] are simpler algorithms that are also used but the
one that is more mentioned in our literature is the Support Vector Machine algorithm,
which is refereed in [27], [44], [35], [39], [43], [42] and [11].

Articles like [7] and [22] also discuss in detail some of these algorithms as the ones
to be used for classification problems. Some of the algorithms mentioned by these two
articles are K-Nearest Neighbor, Logistic Regression, Decision Tree Classifier, Random
Forest Classifier, Support Vector Machine and Naive Bayes Classifier.

One algorithm that is also debated and that is said to be one of the most adequate
for our problem in particular, is the Long Short Term Memory (LSTM) [19]. Although
this analysis from our literature, we will not use it because it is not available in Azure

Machine Learning Studio.

4.2.4 Evaluation Metrics

For binary classification problems, machine learning area documentation and our litera-
ture suggest a set of metrics to use. The metrics that are discussed in these documentation
don not have any specific consideration in terms of business needs. In our particular case,
we have a particular interest in reducing the number of false positives, even if that lead
to a higher number of false negatives and a lower number of true positives. This idea is
justified in more detail in the next chapters.

[40] mention the use of the accuracy, false positive rate, true positive rate, ROC curve
and confusion matrix. [23] uses ROC curve and AUC curve. [42] uses ACC (classification
accuracy), SEN (sensitivity) (also known as recall) and SPE (specifity), which are metrics
that are derived from the confusion metrics and that provide us percentage values.
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[27], [7], uses the most common metrics for evaluating binary classification problems:
true positives, false negatives, true negatives and false positives, and percentage values
that are calculated from the previous mention values, accuracy, recall (mentioned earlier
as SEN), precision and F1 score.

In [20] and backed up by our CGI expert, we can’t rely only on these metrics to evaluate
a running algorithm when we are using the sliding time window technique. For this case,
we want to build our own evaluation technique that should rely on "additional logic and
business heuristics"[20] to understand if in a time window, the fault was predicted or not,
and not only if the algorithm predicts all the timestamps that were flagged as belonging
to the sliding time window of a failure. More on these heuristic will be explained in the

next chapters.

4.3 Conclusion

Considering the literature previously mentioned and the advices from CGI experts, we
built our methodology to address the problem of our master thesis with the technology
that we have available.

In terms of the features that were selected for each fault, it was decided to use general
data signals, like wind speed, external temperature, active power of the wind turbine for
all the faults. Then, for specific signals of each fault, we selected the signals of the fault
component or components that were neighbors of the fault components.

In terms of the dataset and feature engineering step, considering the limitations of the
technology that we had to use, for the feature selection, we used the Filter Based Feature
Selection module, with the Chisquared metric. The Principal Component Analysis was
discarded due to limitations of the Azure Machine Learning Studio that doesn’t have
a built-in module to use the Principal Component Analysis (PCA). In the built of the
dataset, we remove invalid rows (rows which the features are null) and features (when
the feature have to much null values), select only data that are considered to have quality
(meaning that have no noise) and build the running summaries of the features. Further
one, we use the train-test split to train, validate and test our model.

In terms of the machine learning algorithms, and considering all the machine learning
algorithms available in the Azure Machine Learning Studio, we selected the Two-Class
Logistic Regression, Two-Class Support Vector Machine, Two-Class Neural Network, Two-
Class Decision Tree and Two-Class Boosted Decision Tree.

Finally, to evaluate our models, we use as metrics Precision, Recall and F1 Score. Also
considering the [20], we built a script to understand the real capacity of the model in
predicting faults and run it into a dataset that was not used in the construction of the

model.
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METHODOLOGY

5.1 Introduction

As presented before, our approach will use a data-driven based method that involves less
restriction in knowing all the details of the underlying fault process and the technical
knowledge of all the components [44]. With the large amount of historical data that is
available in the CGI RMS, all the conditions are met to start developing the work with
this method.

Since our goal is to build an generic experiment in Azure Machine Learning Studio
that may be used as a foundation for the Failure Prediction tool, and due to the limitations
of the signals that we have available and the built-in modules available in Azure Machine
Learning Studio, we analyzed the literature and confronted it with the modules available
in order to obtain the best experiment possible to build the best model to predict the

failures of the wind turbines that are being studied.

5.2 Data Structure

Following the previous knowledge obtained with RMS CGI, the data model presented in
Figure 5.1 and Figure 5.2, provides a global overview of the classification of an event into
a failure of a certain type, and of how data from assets are obtained and stored.

Before all the data acquisition begins, the client (owner of the parks) provides all the
information needed to monitor the complete wind park. The most important data entities

for the development of the fault prediction model are:

1. Information about each wind park and their respective wind turbines, which we call

assets of the park. Each asset has a determined manufacturer, model, and controller.

2. Components, which are the basic units that forms each wind turbine and that allow

us to understand where a certain event occurs.

3. Signals, that exist in each asset or in the park. These signals provide us with different

information, like the active power or the wind speed.
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4. Faults, that allow us to understand the cause of a failure and the component where

it occurs. It is going to be one of the main entities for the model.

5. Statuses, that allows us to associate to each asset their status and acknowledge the
status associated with an event. The downtimes presented before may be associated

to one or more statuses.

6. Budgets, that are used as monthly expectations that the park owners have on their
assets in different type of measures (like production, ratio of performance). Allied
with KPI, allow to better understand the performance of the assets.

7. Key Performance Indicators (KPI), that are calculations over signals that allow for
a quicker understanding of the performance of the wind turbines. They may allow
more than one source of information (like signals, budgets or constants) to provide

a final value that directly indicates the performance of a wind turbine or park.

Other data that is provided to us, including some classifications and indicators that
the system already have in its basis, are adapted to the specificities of each client.

In terms of the process of data acquisition, it involves all the entities represented in
Figure 5.1. It begins with an event, registered with a certain state. Events are one of the
most basic units registered in our system. RMS has a state machine, that uses these events
and static data presented before like faults and states, allowing us to calculate the energy
loss, duration, and number of events that occur in a certain time interval, and present
the downtime of an asset and the classification of that downtime, meaning, the cause for
that failure to occur. After starting, an event lasts until a change on the wind turbine
occurs, meaning that a single event may last for days (for example, for an event that states
that a wind turbine is running may last for days until something occurs that makes the
wind turbine stops, closing the previous event that states the wind turbine is running and
starting a new event stating that the wind turbine is stopped).

Data from assets, allows us to understand the values of a certain asset during a time
interval. In figure 5.2, we have the representation of all the entities that are involved in
the calculation and storage of the data that the RMS CGI acquires from the wind turbines.
The data can have two origins: real-time data from field signals, or post processing
data that uses the previous ones to make some calculations as soon as it is received (for
example, expected power in wind turbines is calculated using wind speed, neighbors
data, besides other data). The real-time data that is sent by the wind turbines are then
received by a linked system that supports RMS CGI and that is responsible to aggregate
them statistically in 10 minutes values (the number of minutes depends on each signal
and client). This means, that in the statistical storage, we will have registered daily 144
values (one value per 10 minutes), each of these values represents the aggregation over
the last 10 minutes, with the average value, minimum value, maximum of value and

the standard deviation of the last 10 minutes of that signal for a specific timestamp. To
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PowerplantAsset (Wind Turbine)

PowerplantId VARCHAR -
AssetId INTEGER TurbineModel
gourjtry xigg:ig Manufacturer | VARCHAR
egion ModelId VARCHAR
InstalledPower | DOUBLE >O‘H'
FK | Manufacturer VARCHAR
FK | ModelTd VARCHAR
Fault
FaultId INTEGER
Event FK | Component | INTEGER
FK|status INTEGER
FK| faultId INTEGER
startTime DATETIME
endTime DATETIME
FK | powerplantId | VARCHAR Component
FK|assetId INTEGER
ComponentId | INTEGER

é Description | VARCHAR

Status Downtime
StatusId INTEGER }O—H_ DowntimeId | INTEGER
Description | VARCHAR Description | VARCHAR

FK | DowntimeId | INTEGER

Figure 5.1: RMS Data Model of Data Acquisition Entities: It represents all the entities
that are involved in the data acquisition process and the storage of failure events.

help in better structuring the signals comprehension, in RMS we use a term tag that
works as a string mask of the signal. With this field, it becomes easier to search for all
the signals of multiple assets that concern a certain measure (for example, using the tag
"GENACTIVEPOWER’, that represents the active power of a wind turbine, we can obtain
more easily all the signals ids that provide the information of this measure).

5.3 Dataset

This thesis will focus on the data from CGI RMS concerning different parks in different
locations of all around Portugal, since the March 5th, 2021 until the end of that same
year. This is the time interval of data that the current version of the RMS CGI has been
running with all the configurations needed. Data that is stored in CGI RMS from previous
years, came from a previous version of the CGI RMS system that was transitioned to
the current system during this master thesis, and due to the fact that the processes of
previous versions and current versions are not exactly the same, it has been decided that
it shouldn’t be used for the current work.

With the data available for those parks, a first analysis on the faults was made to
understand two main questions in this thesis: 1) do we have enough quality data to
develop the machine learning models? 2) how can we predict the failure with the available

monitoring data?
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Tag
Tagld VARCHAR TurbineModel
FK | Signalld INTEGER
FK | Powerplantid | VARCHAR il A A
FK | Asset INTEGER ode ;
Signal PowerplantAsset (Wind Turbine)
- Powerplantld VARCHAR
Signalld INTEGER Jstiedin INTEGER
Granularity INTEGER Countr VARCHAR
FK | Powerplantid | vARCHAR PO—H Regiony VARCHAR
FK ﬁs?’ft L“A;E(?HEARR InstalledPower | DOUBLE
K CSIITI onent | INTEGER FK | Manufacturer | VARCHAR
P FK | Modelld VARCHAR
Statistical Data F
FK | signalld INTEGER Component
Timestamp | TIMESTAMP Componentld | INTEGER
Avg Value | DOUBLE Descripiion | VARCHAR

Min Value DOUBLE
Max Value DOUBLE
Stdev Value | DOUBLE

Figure 5.2: RMS Data Model of Storage of Data: It represents all the entities that are
involved in the data acquisition, storage and statistical calculation of the data from the
wind turbines.

5.3.1 Available Data

As stated previously, in terms of data available in CGI RMS and classified as quality
data, we have one major client portfolio of data that has different parks in different
locations in Portugal. This client provides data from 36 wind parks, with a total of 323
generators. These wind turbines have different manufacturers and models: a combination
of 6 manufacturers and 13 turbine models compose these 323 generators. This client has
configured 16,730 fault types and 31,970 different signals. Considering, for example, July
2021 and one of the faults and wind turbine presented in Table 5.3, we have registered
184 events that concerns to that particular failure and wind turbine.

As presented earlier in the Data Structure section and in image Figure 5.1, we see that
we can map to each failure event the component where the failure occurs and the energy
loss and duration associated to that failure event, allowing us to classify the impact that
the failure has in terms of financial loss and time to fix it. By knowing the exact moment
when the failure was recorded, we can correlate that data with the signals data from that
component and asset, to understand how the wind turbine was behaving itself before the
failure occurred, and to train the machine learning model to predict failures when those

same or similar conditions occur.
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5.3.2 Signals to use

To predict a failure, as any machine learning algorithm, we will provide samples of the
dataset to train the algorithm. From all the signals available in the system, we selected a
subset of some of the features that we will use as a starting point to train our model. The
selection of each feature was supported by articles like [27] and by the opinion of CGI
experts of renewable energy sources.

Each signal available depends on the manufacturer and model associated with the
fault that is being studied. So, to support the study of each fault, the features for each
one might not all be the same and so this might be a factor that affects the performance
of the model for the fault being predicted.

Despite the particularities of each model, a set of general features is selected for
each fault. These features, displayed in Table 5.2 and mentioned in [27], are general

information about the environment and the wind turbine.

Table 5.1: Wind Turbine General Information Signals. This signals exists for every wind
turbines in the system.

Component Unit Description Turbine Component
WNAC_WDSPD | M/S Wind Speed GENERAL / NACELLE
WGEN_W KW Active Power GENERAL / GENERATOR
WNAC_WDDIR | DEG | Wind Direction GENERAL / NACELLE

WNAC_EXTMP | DEGC | External Temperature / Temp | GENERAL / NACELLE
outside / Temp. Ambient

AIR_DENSITY KGM3 | Air Density GENERAL

We then selected some signals that are specific of each component of the fault itself.
These features presented in Table 5.2, are features that exist for the majority of the man-
ufacturers and models of the subset of faults and provide information specific of the
component that they are connected to. Some of these signals are mentioned by some
articles of our literature that studied failures that affect some of these components also.

In the last analysis on the features that we can use to provide more information about
the wind turbines components, we made a specific analysis on the signals that we had
available for each manufacturer and model. These signals are specific of some component
of the wind turbine and are not available for all the wind turbines. Since these signals are
available depending on turbine manufacturer and model, this may lead some machine
learning models of failures of specific turbines to contain features that have key data for
the prediction of a failure and, consequently, perform better in terms of predicting those
failures. Some of the signals available are signals that have information about the current
of the converter, temperature of several components and oil of these components, voltage
of the transformer and generator. The complete list of signals is available in the Appendix
1.

Some signals that are mentioned in our literature and by CGI experts as important

for the prediction of problems in wind turbines are vibration signals. Due to the fact that
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Table 5.2: Wind Turbine Component Signals. These signals are specific for some manu-
facturers and models, and only exists for a subset of wind turbines.

Component Unit Description Manufld Modelld
WGEN_SPD RPM Generator Speed ALL ALL
WTRM_HYOILTMP | DEGC | Hydraulic oil tempera-| F01 / F02 N60 / N90 /
ture Vo0
WTRM_COOLTMP2 | DEGC | Temp cooling water re- | FO1 N60 / N90
turn
WTRM_HYOILPRES | BAR Hydraulic oil pressure | FO1 / F02 /| N90 / V90 /
F06 MM100
WTRM_HYOILTMP | DEGC | Hydraulic oil tempera-| FO1 / F02 N60 / N90 /
ture A2l
WNAC_INTLTMP DEGC | Nacelle Internal Tem-| FO1 / F02 /| N60 / V90 /
perature F06 MM100
WROT_PTAGVALBL | DEG Blade 1, actual value ALL ALL
WROT_ROTSPD RPM | Rotor Speed ALL ALL

the wind turbine manufacturers don’t provide them, we have to use other signals data

that we have available, like temperature signals (gearbox oil temperature, etc.), that are

considered to be one of the best alternatives to the vibration signals to predict failures in

components, as said by CGI experts and in [44].

5.3.3 Dataset Structure

In terms of the dataset structure that will be introduced to the azure machine learning

model, it will have the following columns. Some of these columns are only provided to

have some metadata of the rows to be used for some intermediate steps (like the split of

data).

1. TS (Datetime): provide information about the datetime of the row.

2. Powerplantld (String): the id of the wind turbine park.

3. Assetld (String): the id of the wind turbine.

4. Feature (one column per feature) (Double): the 10 min value of the feature for that

particular timestamp. Some of the features column available are new variables

created from others that are explained later in the Experiment Procedures-Feature

Engineering chapter.

5. Fault (Boolean): indicates if the timestamp is in the sliding time window of failure.

If it value is true, it means that the timestamp is inside the time window of one fail-

ure, and that the values of the feature of that same timestamp should be considered

as indication that a failure will occur. Later, in the Experiment Setup chapter we

will explain on how this column is built, as well as the size of the time window.
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6. Failure Time (Boolean): indicates that in that timestamp a failure occurred. This
column is specifically important in the evaluation of the final test dataset, to check

if our machine learning model predicted with anticipation that failure time.

7. Fault Category (String): it was built to identify each failure event and to group them
when each failure time is close to another failure time. In other words, indicates
an id of a failure. The rows that do not correspond to a failure (indicating normal
state of the wind turbine), will have an Fault Category value that indicates the next
failure event. This means, that all the timestamps with a normal state of the wind
turbine (Fault = 0) will have a Fault Category value equal to the next fault state of
the wind turbine (Fault = 1).

Each row of the dataset represents one timestamp of the wind turbine, and the cor-
respondent values of the features and the fault state for that particular timestamp. In
Figure 5.3, we can see an example of the dataset, with a set of rows starting in the 1st of
October, 2021 from 07:20 to 10:30, with the values of the features (WNAC EXTMP avg’
and "'WGEN W avg’), the fault column that have the sliding time window of 72h in this

case, and the failure event that occurred at 08:50.

M powerplant §fl assetld Bl| WNAC_EXTMP_avg K| WGEN_W_avg failureTime g faultCategory g

01/10/2021 07:20 SCA 34 19 1252.1 1 0 167
01/10/2021 07:30 SCA 34 19 1252.1 1 0 167
01/10/2021 07:40 SCA 34 19 1252.1 1 0 167
01/10/2021 07:50 SCA 34 19 1252.1 1 0 167
01/10/2021 08:00 SCA 34 19 1252.1 1 0 167
01/10/2021 08:10 SCA 34 19 1252.1 1 0 167
01/10/2021 08:20 SCA 34 19 1252.1 1 0 167
01/10/2021 08:30 SCA 34 19 1252.1 1 0 167
01/10/2021 08:40 SCA 34 19 1252.1 1 0 167
01/10/2021 08:50 SCA 34 19 1252.1 1 1 167
01/10/2021 09:00 SCA 34 15 2030.3747832 1 0 167
01/10/2021 09:10 SCA 34 15 1997.2377865 1 0 167
01/10/2021 09:20 SCA 34 15 2119.1185754 1 0 167
01/10/2021 09:30 SCA 34 15 2103.1287661 1 0 167
01/10/2021 09:40 SCA 34 15 2018.070706 1 0 167
01/10/2021 09:50 SCA 34 15.6859623 1918.0560848 1 0 167
01/10/2021 10:00 SCA 34 16 1896.097697 1 0 167
01/10/2021 10:10 SCA 34 16 1268.9130178 1 0 167
01/10/2021 10:20 SCA 34 16 1622.0667564 1 0 167
01/10/2021 10:30 SCA 34 15.7971793 1560.9872094 1 0 167

Figure 5.3: Example of the Dataset structure with all the columns: ts, powerplantld,
assetld, two features (WNAC EXTMP avg’ and 'WGEN W avg’), fault, failure time and
fault category. As explained previously in the fault category, rows prior to 07:20, that
have the fault = 0, will have the same faultCategory, 167.

5.4 Faults to Predict

In terms of the faults that were selected to be predicted, we started our analysis by or-
dering them with a first criteria of the number of events, thus meaning the faults that

have more occurrences and consequently have more fault data to feed to our models. The
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second criteria was the total energy losses that the fault led to, thus meaning the direct
impact in terms of lost of production and consequently the potential loss of revenues
that the fault provoked to the client. We also filtered all the faults that are classified as
alarms since these types of faults are not really faults, being alarms that the wind turbine
provide to indicate a state of the wind turbine and that may be related to a maintenance
or an alarm that is provoked by a component fault. These components faults are the ones
that we will try to predict. The final selection criteria of the faults is to try to select the
wider variety of manufacturers and model of faults and components, so that our study
covers as many types of failures as possible. Our base number of top faults to study is
around 10, but that number may vary according to the results of our analysis.

Initially when we started to analyze the best way to predict a specific failure in a
portfolio of parks, we took the more generic approach possible. This means that we first
considered about combining in our dataset all the data of all the wind turbines of the
same manufacturer and model in the prediction of a fault of that same manufacturer and
model. A second approach, restricts the model to the wind turbines of the same park
and that share the same manufacturer and model. Then after our first tests and after
talking with the CGI experts and according to the feedback that a client of CGI RMS as
given previously, we understand that this generic approach is not correct mainly due to
the following reason: even in the same park, each wind turbine varies from the others
since each wind turbine is exposed to different external conditions (like wind direction),
does not have always the same production (sometimes some wind turbines are limited in
producing in comparison of wind turbines in the same park) and each component of the
different wind turbines doesn’t have the same level of degradation.

So considering this point of view and the opinion of a client of CGI RMS, our final
approach in terms of the range of variety that each model should be built, and justified
by what has been told previously, was to construct a different model to predict a single
failure of a specific wind turbine. This way our model will be more fitted to a wind
turbine and the particular fault, thus resulting a prediction that will direct the client
maintenance team to the particular component of the failure and to a particular wind
turbine.

So, according to the filter and order criteria specified before, we obtain the following
results presented in Table 5.3, that represent the top failures of the portfolio of parks that
are going to be studied in this master thesis, in order to understand the correct approach
to predict a failure in a wind turbine and thus, being these models the base model for the
implementation of the Failure Prediction tool in CGI RMS.

The column "Park’, represents the id of a wind park. The column ’Asset’, represents
the id of the wind turbine for that park and the column "Faultld’, represents an id for the
fault.

After selecting the top faults, while the analysis was being made, we decided to in-
clude for the same faults, some wind turbines which have a lower number of occurrences

of faults events in order to understand if our model can have a similar power of prediction
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Table 5.3: Top Faults to be Analyzed

Park | Asset | faultld | nrEvents | energyLosses [KWh] | duration [s]
SCA | 34 9112 573 28054 4561720
SCA | 10 8487 325 348869 1449668
BNE | 14 768 278 3476 1022380,828
PAP | 35 8749 209 8510 1699280
SCA | 28 8719 162 52329 1862142
TMS | 6 14474 | 108 9564 1157738
BNE | 18 768 102 801 277801

CHF | 28 768 89 1760 1093046

in case of wind turbines that have a substantial lower number of fault events. This subset

of faults are presented in Table 5.4.

Table 5.4: Subset Faults

Park | Asset | faultld | nrEvents | energyLosses [KWh] | duration [s]
PLS | 9 140 45 636 556990
CHF | 15 367 19 65773 478232,528
PCA | 7 140 81 1805 733797

According to the information of the signals available, provided in the dataset section,
and the faults selected previously, in the Appendix 1 we can see the complete set of
features available for each fault. These features are based on the first analysis presented
in Section Dataset.

For each of the faults presented in Table 5.3 and Table 5.4, we did an analysis on its
distribution per month in order for us to understand the predictions that we should expect
in each dataset used for training, validation and testing. That distribution information is
presented in Table 5.5 and Table 5.6. In the Section Experimental Setup we will get into
more detail in this step of distribution of the faults per each dataset.

5.5 Machine Learning Algorithms

In [38] [1] [25], it was studied, in a theoretical way, several possibilities of machine
learning algorithms that are more adequate to achieve our main goal: the prediction and
classification of failures that may occur in a wind turbine asset.

Using [38] [32] [1] [22], [21] and according to the recommendation from the CGI
Machine Learning experts and the limitations of the algorithms that are already provided
to us by the Azure Machine Learning Studio, the machine learning algorithms that we will
focus this thesis are: Two-Class Logistic Regression, Two-Class Support Vector Machine
(SVM), Two-Class Neural Network, Two-Class Boosted Decision Tree, Two-Class Decision
Forest.

The machine learning algorithms will be used, with a dataset that contains the mea-

sures mentioned before for each fault and the other columns mentioned previously in
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Table 5.5: Faults Distribution per Month (March to End of July 2021)

Park | Asset | faultld | mar/21 | apr/21 | may/21 | jun/21 | jul/21
SCA | 34 9112 0 0 27 99 184
SCA | 10 8487 0 0 38 237 6
BNE | 14 768 0 5 31 217 6
PAP | 35 8749 0 0 3 43 16
SCA | 28 8719 0 0 0 12 111
TMS | 6 14474 | 0 0 4 2 58
BNE | 18 768 0 0 0 0 0
CHF | 28 768 0 0 0 0 0
CHF | 24 434 1 4 2 18 4
PAP | 22 8749 0 0 0 4 0
PLS |9 140 0 0 2 14 9
CHF | 15 367 3 1 0 1 2
PCA | 7 140 0 0 1 7 7

Table 5.6: Faults Distribution per Month (August to End of December 2021)

Park | Asset | faultld | aug/21 | sep/21 | oct/21 | nov/21 | dec/21
SCA | 34 9112 139 78 44 2 0
SCA | 10 8487 2 4 10 8 0
BNE | 14 768 4 2 0 13 0
PAP | 35 8749 5 118 12 12 0
SCA | 28 8719 26 13 0 0 0
TMS | 6 14474 | 20 4 8 12 0
BNE | 18 768 0 85 17 0 0
CHF | 28 768 27 11 45 6 0
CHF | 24 434 4 7 0 4 0
PAP | 22 8749 0 16 26 0 0
PLS | 9 140 2 12 2 4 0
CHF | 15 367 4 3 0 0
PCA | 7 140 2 32 12 20 0

the Dataset section. The target feature that will be used to fit our model is the column
fault, mentioned earlier in the dataset section. The main idea with this master thesis is to
investigate and implement several machine learning models, each one with the function
of predicting a single fault type of a wind turbine and being fitted for particular sliding
time window parameter (explained later in this section), so that it can provide to the
client which component of the specific wind turbine will fail and anticipate a preventive
maintenance to minor the damage of a potential failure. Another important goal of our
models performance is to prioritize the minimization of false positives in comparison
with predicting the maximum of true positives possible since we want our model to be

reliable and not lead to maintenance’s that are not needed.
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5.5.1 Classification Algorithms Studied
5.5.1.1 Two-Class Logistic Regression

The logistic regression is, at heart, a regression model. Logistic regression can be used as
a classifier with the "purpose of obtaining a decision hyperplane that separates different
classes"[26]. The logistic regression, uses a function, denominated as a cost function, that
takes value between 0 and 1 and that tell us the probability of a certain value being from
one class or another. Thus, it is more applicable to binary problems. This classification
algorithm is the simplest to implement of all four and so, and because it is more advised to
be used in binary classifiers, it is a good candidate to be an algorithm used to investigate
single failures instead of a combination of failures from the same component.

In terms of its implementation in Azure Machine Learning Studio, we have available

two parameters:

1. Optimization tolerance "Specify a threshold value to use when optimizing the
model. If the improvement between iterations falls below the specified threshold,

the algorithm is considered to have converged on a solution, and training stops"[30]

2. L2 Regularization Weight "Regularization is a method for preventing overfitting by
penalizing models with extreme coefficient values. Regularization works by adding
the penalty that is associated with coefficient values to the error of the hypothe-
sis"[30]

5.5.1.2 Two-Class SVM (Support Vector Machine)

It is a binary classification learning algorithm where each data item is a point in a n-
dimensional space (where n is the number of features provided) and the classification
is performed by finding the hyperplane that ideally linearly separates the two classes.
The support vectors are data points that are closer to the hyperplane and influence the
position and orientation of this hyperplane. Using the support vectors, we maximize the
margin of the classifier. [18]

One of the key parameters of the SVM classifier is the kernel function that is used. The
kernel function is a function that "give us the inner product of the transformed vectors
as a function of the original vectors"[26], meaning that it is the function that converts the
input data space into a higher-dimensional space. The kernel function "takes two data
points and calculates a distance score between those. This score is higher for closer data
points and vice versa."[18]. The more popular and the kernel functions that we are going
to study are Linear Function, Polynomial Function and Radial Basic Function (RBF).

The key parameters that should be studied in order to find out the values that are
more adequate to our dataset is gamma, that defines how far the influence of a single
training example reaches and C, that behaves as a regularization parameter in the SVM,

in terms of margin of acceptance for the decision surface (lower C values lead to allowing
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more errors). It is a good algorithm when we have a high number of features having a
disadvantage of being slow. It is suited for extreme case binary classification and when
the classes are separable. Due to all this presented earlier, it seems to be a good algorithm
for cases of component failures, where we have a lot of signals from that component, and
when the amount of data is not high, because of being slow when the data set has a high
number of samples. If these component failures don’t happen at the same time, meaning
that they are separable, it is also a good candidate.

In terms of its implementation in Azure Machine Learning Studio, we don not have
available the specification of which kernel function to use neither some parameters men-
tioned earlier. In the Microsoft documentation it is not specified which kernel function is
used, so we cannot have the complete information of how this module is implemented in
the built-in module made available in Azure Machine Learning Studio. For configuration

of the hyperparameters of this module, we have available two parameters:

1. Number of Iterations "Denotes the number of iterations used when building the
model. This parameter can be used to control trade-off between training speed and

accuracy."[30]

2. Lambda "Value to use as the weight for L1 regularization. This regularization
coefficient can be used to tune the model. Larger values penalize more complex
models."[30]

3. Normalize Features "Before training, data points are centered at 0 and scaled to

have one unit of standard deviation."[30]

5.5.1.3 Two-Class Neural Network

A neural network, is an algorithm based in deep learning, as presented before in the
background section. As presented in the Azure Machine Learning Studio documentation
[30], a neural network is a set of interconnected layers. The inputs are the first layer, and
are connected to an output layer by an acyclic graph comprised of weighted edges and
nodes. Between the input and output layers you can insert multiple hidden layers. (...)
The relationship between inputs and outputs is learned from training the neural network
on the input data. The direction of the graph proceeds from the inputs through the
hidden layer and to the output layer. All nodes in a layer are connected by the weighted
edges to nodes in the next layer. To compute the output of the network for a particular
input, a value is calculated at each node in the hidden layers and in the output layer. The
value is set by calculating the weighted sum of the values of the nodes from the previous
layer.

In terms of its implementation in Azure Machine Learning Studio, we have available

two parameters:
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1. Hidden Layer Specification "Type of network architecture to create."[30]. It value
can only be a Fully connected layer, where we have one hidden layer, being con-

nected with the output layer and the input layer.

2. Learning Rate "Define the size of the step taken at each iteration, before correction.
A larger value for learning rate can cause the model to converge faster, but it can

overshoot local minimal."[30]

3. Number of learning iterations "specify the maximum number of times the algorithm

should process the training cases."[30]

4. The momentum "specify a weight to apply during learning to nodes from previous

iterations"[30]

5. Shuffle Examples "shuffle cases between iterations"[30]

5.5.1.4 Two-Class Decision Forest Classifier

Decision Forest algorithm is based on Decision Tree. Decision Tree is a type of supervised
algorithm that starts with a node that receives all the input features and that splits re-
cursively based on those features. It predicts the value of a variable by extracting simple
rules from data properties and learning those rules. Each split at a node is chosen to
maximize information gain minimize entropy.

In terms of the decision forest, it is an ensemble learning method, thus meaning, that
relies on multiple models, fixing in each iteration the mistakes from the previous build
model. "This particular implementation of a decision forest works by building multiple
decision trees and then voting on the most popular output class"[30]. This module im-
plementation, use in each iteration the same complete dataset but with different starting
points.

In terms of its implementation in Azure Machine Learning Studio, we have available

two parameters:

1. Resampling Method "Method used to create the individual trees". The methods
available are Bagging, in which "each tree is grown on a new sample, created by
randomly sampling the original dataset with replacement until you have a dataset
the size of the original"and Replicate in which "each tree is trained on exactly the
same input data. The determination of which split predicate is used for each tree

node remains random and the trees will be diverse"[30].

2. Number of Decision Trees "Maximum number of decision trees that can be created
in the ensemble"[30].

3. Maximum depth of the decision trees "Number to limit the maximum depth of any
decision tree". It allows to increase the precision of the model, with the risk of
leading to overfit. [30]
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4. Minimum number of samples per leaf node "Indicate the minimum number of cases
that are required to create any terminal node (leaf) in a tree". This way, it allows to

control the threshold for creating new rules. [30].

5.5.1.5 Two-Class Boosted Decision Tree

As the two-class decision forest classifier, boosted decision tree is also a type of decision
tree classifier. Boosting, is a method that combines many weak learners tree, by each tree
learning from the previous one, thus making a strong classifier. "Predictions are based
on the entire ensemble of trees together that makes the prediction"[30].

In terms of its implementation in Azure Machine Learning Studio, we have available

two parameters:

1. Maximum number of leaves per tree "Indicate the maximum number of terminal
nodes (leaves) that can be created in any tree". It allows to increase the precision of
the model, with the risk of leading to overfit. [30]

2. Minimum number of samples per leaf node "Indicate the number of cases required
to create any terminal node (leaf) in a tree". This way, it allows to control the

threshold for creating new rules [30].

3. Learning Rate "Number between 0 and 1 that defines the step size while learning.

(...) Determines how fast or slow the learner converges on the optimal solution"[30].

4. Number of trees constructed "Indicate the total number of decision trees to create
in the ensemble". [30]

5.5.1.6 Configurable Parameters

For the previous presented algorithms, as enumerated we have a serious of parameters
to configure. In the Table 5.7, we present all the parameters that were configured for
the algorithms. Some parameters presented are a subset of values. These parameters are
the ones that are going to be analyzed using the Tune Model Hyperparameter module,
that correspond to the hyperparameters of the algorithms. The static parameter values
were chosen by running in an initial version of the experiment, and choosing from the

available values, the parameter value that lead to the best results.

5.6 Experimental Setup

As presented previously, our main goal is to analyze the features transformations that
should be made and build an experiment that can be used for the prediction of the fail-
ures of wind turbines. So for that, and according to the modules available in the Azure
Machine Learning Studio, we designed an experiment that builds several models, each
with the same procedures only differing the machine learning algorithm, so that for each
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Table 5.7: Machine Learning Algorithms Set of Parameters Configured in the Azure
Machine Learning Studio Experiment

Two-Class Logistic Regression
Optimization Tolerance 0.00001; 0.00000001
L2 Regularization Weight 0.01;0.1; 1.0
Two-Class SVM
Number of Iterations 1; 10; 100; 250; 500; 750
Lambda 0.00001; 0.0001; 0.001; 0.01; 0.1
Normalize Features False
Two-Class Neural Network
Hidden Layer Specification Fully-connected case
Learning Rate 0.1; 0.2; 0.4; 0.6; 0.8
Number of learning iterations 25,50,100,175,250
The momentum 0
Shuffle Examples True
Two-Class Decision Forest Classifier
Resampling Method Bagging Resampling
Number of Decision Trees 1; 8;16; 32
Maximum depth of the decision trees 1;16; 32; 64
Minimum number of samples per leaf node | 1;4; 8; 16
Two-Class Boosted Decision Tree
Maximum number of leaves per tree 2;8;32; 64; 128;
Minimum number of samples per leaf node | 1; 10; 25; 50
Learning Rate 0.025; 0.05; 0.1; 0.2; 0.4; 0.6
Number of trees constructed 20; 50; 100; 250; 500

fault and wind turbine we can evaluate each model result and then choosing the best fit

for the scope that is being predicted.

5.6.1 Data Pre-Processing Procedures

In order to prepare our data, some pre-processing on the measures data that we have
available from the signals described earlier in Table 5.1 and 5.2 must be done. The
procedures that we selected to build our experience were based in our literature like [21]
[35] [42] [27] [29] [20] [31] and according to the modules available in the Azure Machine
Learning Studio [30].

First, in the data acquisition step, we analyze if a feature has a high percentage of null
values for the entire dataset. If that is the case, we remove the feature because it means
that it doesn’t have enough quality data and the machine learning algorithm can’t have
null rows. The next step is to remove the remaining rows that contain any feature with a
null value. These steps guarantee that we have a dataset with no invalid rows or features
so that the process of training and fitting the model have no errors.

Then we proceed to the feature engineering step, by "create new features from the

given dataset or tweak existing features to extract more valuable information"[21], as
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stated also in [31] [20]. This procedure is called running summaries as named in [20].

Other step that was already mentioned before is the use of a sliding time window.
This is a procedure that is made "to expand the failure or target window. That is, make
the dependent variable, not just the day the equipment failed but the (...) appropriate
interval leading up to the failure"[20]. This mechanism is also mentioned in Table 2
of [31], with the column Failure and in [44] and [19] were is explained how this new
column is generated. As stated in this last article, "one usually does not need to predict
the lifetime very accurate, far in the future. Often the maintenance team only needs to
know if the machine will fail ‘soon’™. So in order to do this and as presented in next Figure
5.4, we will use a sliding time window (presented in the figure as "Z’ in the x axis) and we
will going to label it as 1 to represent a failure. This way, our model will be fitted to learn
that Z time before a failure occur, the values of each feature may represent a behaviour
that will lead to the failure of the wind turbine.

Failure point
Label = £ _ )
(I XI1Y] @ is a record for a time
Label = 2Z unit for an asset
[ TR
Label = 37
(IR XL ]
Label =0
([ FIRZEE TN N N IO I )
v ———— . time
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Figure 5.4: Sliding Time Window ... [19]

The next step refereed in [21], [29] and [35] is the feature selection process where we
extract only the useful and relevant features. This step "remove the problem of overfitting
from your classification model". To do this procedure, we will use the Filter Based Feature
Selection module available in Azure Machine Learning Studio, using the two-way chi-
squared test. This is a "statistical method that measures how close expected values are to
actual results (...) and indicates how far results are from the expected (random) result"[30].
"The (...) higher the Chi-Square value the feature is more dependent on the response and
it can be selected for model training"[36]. The number of features that we choose to be
selected was 30, and it was chosen by selecting on some of the best faults, several number
of features and analyzing the results to check which number of features we obtained the
best results of the model.

The next procedure is to split our dataset into the train, validation and test dataset,
as mentioned in [37] [2]. In other articles in our literature, like [9] [21] [29] [41_WIND]
only use two-splits, the train and test dataset. In our case, we will use a more custom
split. In the beginning of the experiment we will split our dataset from March 2021 to
the 1st of October, 2021 and from that day to the end of the year of 2021. The first split

will be used to train, fit and do a first evaluation of the model and the second split will be
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to get a total new dataset and simulate the behaviour of the model after being train and
fitted, to understand it real score and real capacity for predicting faults. In our first split
(March 2021 to 1st of October 2021), we will apply the Split Data module available in
Azure Machine Learning Studio twice, so that we can achieve the three datasets that we
intended. We expect to obtain 60% for train, 30% for validation and 10% for testing. To
obtain that, since we have to use the Split Data module twice, first we split with a fraction
of 60%, obtaining the train dataset, and on the remaining 40%, we will split it into 70%,
thus giving approximately the percentages mentioned earlier for validation and test.

In terms of the type of split that we choose, we tried two approaches: first we did a
randomized split, so that our data is completely unbiased in the rows chosen. Our second
approach, by using a stratified split using the Fault Category column mentioned earlier,
lead to best results and so was the approach selected. As stated earlier, the failure event,
has an id represented by the column fault category (presented earlier in dataset section).
This failure event is multiplied by our sliding time window, as stated earlier. By splitting
by the fault category, each dataset (the train, validation and test) contains part of each
failure event and so our model is trained and evaluated using all the fault events available.
This way, we guarantee that our models will use all the failure events in that timestamp,
and thus learn the maximum number of patterns of the fault being study as possible.
Our validation and test dataset will still evaluate if the model was correctly fitted to all
the failure events since in these datasets it is present a portion of each failure event. For
example, if we have a sliding time window of 1 hour, our failure event is represented
with 6 rows. With this split, our failure event is represented in the train dataset with
3 rows (approximately 60%), that represents 3 timestamps, the validation will contain
2 rows of that failure (approximately 70% of the remaining) and the test will contain 1
row of that failure (approximately the last portion). Since we still have a second not used
dataset to obtain our final results (data since October 2021 to the end of that same year),
we still have available a complete new dataset to simulate our model behaviour and thus
providing us a correct evaluation of our model.

If we perform an analysis on the fault column for one of our faults that have the more
number of fault events, and with the higher sliding time window of 72 hours (meaning
that for each failure event, we will have 72*6 = 432 rows with fault = 1), for the column
fault we have 9663 negatives (represented as 0, that means that the wind turbine was
working correctly in that timestamp) and only 1996 positives, demonstrating that we have
class imbalance since even with the sliding time window of 72 hours, only approximately
20% of our rows represent a failure condition of the wind turbine. "Class imbalance
means one class is dominating and there are very few instances of the other class"[21].
This is normal in problems like the one that is being studied in this master thesis, since a
wind turbine should stay most of it time running correctly and not with a specific type
of failure. In order to address this problem in our train dataset, we will synthesize new
examples of the minority class, than in our case is the fault event. To do that, we will use

the SMOTE (Synthetic Minority Oversampling Technique) module that exists in Azure
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Machine Learning Studio. SMOTE uses the k-nearest neighbor logic to build examples:
"A randomly selected neighbor is chosen and a synthetic example is created at a randomly

selected point between the two examples in feature space."[SMOTE].

5.6.2 Train and Fit of the Model

After all the pre-processing of the data, we are ready to feed to our machine learning
algorithms our dataset, thus creating our trained models. Each algorithm is available in
Azure Machine Learning Studio and receives as input the train dataset. These modules
configurations receive a parameter range, so that each parameter of each algorithm can
receive a list of possible values that are then analyzed, using the Tune Model Hyperpa-
rameters module, and the validation dataset. The values selected for each parameter that
were introduced were a varied list of values so that we can understand, for all the faults,
for each algorithm which parameter values perform better on the overall of the faults.
In the previous presented Table 5.7, we can see for each algorithm which values were

introduced for each parameter.

5.6.3 Evaluation of the Model

In terms of evaluating the model we based our evaluation in some standard metrics
that are used in classification problems and that are mentioned in [41_WIND] [29] [20]
[Classification]. These metrics are the precision, recall and F1 Score. To evaluate the
dataset that simulates the behaviour of the dataset with a complete new dataset (with
data since October 1st 2021 until the end of December 2021) which allow us to understand
the true prediction power of our model, we use the metrics introduced earlier and we
build a python script that evaluates the model and if the failure events were correctly
predicted inside the time window. This built metric is based according to [20] and the
opinion of the CGI experts and is going to be explained later on.

Our standard metrics will be available by combining the "Score Model"module avail-
able at Azure Machine Learning Studio, which provides an table with the score of the
model in each row, and the Evaluate Model module, that analysis the results of the "Score
Model"module and provide several metrics, in which are included all the ones mentioned.
The standard metrics will compare the Fault column from our dataset (the column that
contains the failure event and the sliding time window rows) and the prediction output

from our model.

5.6.3.1 Standard Metrics

The standard metrics mentioned earlier (Confusion Matrix, precision, recall and F1 Score)

that we are going to use are common in evaluations of problems of binary classification.

1. Confusion Matrix Confusion matrix is a matrix that provide us four important

terms: true positives (when the model predicts YES and the output is YES); true
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negatives (when the model predicts NO and the output is NO); false positives (when
the model predicts YES and the output is NO); false negatives (when the model
predicts NO and the output is YES). As stated previously in this work, we have the
priority of minimizing as much possible the false positives and try to have some
true positives. The confusion matrix terms forms the basis for the other types of

metrics.

2. Precision: it is the number of correct positive results divided by the number of

positive results predicted by the classifier.

3. Recall: it is the number of correct positive results divided by the number of all

relevant samples (all samples that should have been identified as positive).

4. F1 Score: is calculated from the precision and recall. It is obtained by the Harmonic
Mean between the two and tries to find the balance between precision and recall,

meaning that will tell how precise your classifier is, as well as how robust it is.

5.6.3.2 Final Evaluation Metric

As presented in [20] and explained by the CGI experts, by using the column ’Fault’,
created in the data pre-processing step, to evaluate the performance of our model does
not provide the correct result. This column reflects the failure event represented the
Sliding Time Window multiplied by 6 (because each hour have 6*10 minute rows). For
example, for a Sliding Time Window of 12 hours, we have each failure event represented
72 times. This may lead to cases where our model does not predict every single 1’s in the
fault column, but in the sliding time window interval, detects the amount of 1’s enough
to consider that in that interval it was detected the pattern that will lead to a failure of
that fault type in that wind turbine. To understand and evaluate this capacity of the
model, the most important column is the Failure Time column, that really indicates the
timestamp where a fault occurred and the output from the python script that takes also
into consideration the sliding time window interval of the dataset.

Our evaluation metrics, and considering our final evaluation dataset which contains
the structure presented in the first step of Figure 5.5, with the score of the model column,

named Scored Model, is build following the presented steps:

1. Considering the table with the score model column, we will consider the sliding
time window parameter. In this example, represented in the second step of Figure

5.5 we will consider 0.5 hours (30 minutes, that match with 3 timestamps).

2. On the dataset we build a new column, called ’Failure Prediction’. This column
will be a Boolean (1 or 0), and it is going to indicate the real prediction of the
model according to the interval considered in the previous step and the percentage
threshold parameter. The percentage threshold parameter is a percentage value,
and indicates for a certain interval of analysis (the interval presented before), the
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percentage of predictions (1 values) in the interval that have to exists in order to
consider that the end time of that interval represents a timestamp in which in the
last 0.5 hours (our sliding time window parameter) the wind turbine is in failure
conditions. The fill of that column is represented in the third step of Figure 5.5.

3. The last step is an iterative process that runs in all the rows. Each row evaluate the

sliding time window before the timestamp in that row.

4. After the 'Failure Prediction’ column is filled, we analyze the number of intervals
that consist of consecutive true values (represented as 1). Each of these intervals
represents a interval of prediction of the model. This means that from the start of
that interval, to the end of that interval, the model predicted a failure event that
might occur since the start timestamp of that interval to the end of that interval.

These intervals are represented in Figure 5.6.

5. After these intervals are built up, we compare them to the timestamps in which
we have a failure event, represented in our dataset with the column ’Failure Time’.
Then we evaluate with the same metrics as the Confusion Matrix: if the Failure
Time is contained in one of these intervals, we classified as a True Positive; if the
Failure Time is not contained in any of these intervals, it is considered a miss in
prediction and so it counts to the False Negative; if the interval predicted does not

contain any failure event, is a bad prediction and is considered an False Positive.
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Figure 5.5: Evaluation Script Example. The first column represents the timestamp, the
second the prediction of the model and the third is the new column, created by the script
that indicates, according to the interval and percentage threshold, which is the prediction
of the model.

5.7 Conclusion

In this chapter, we present all the information, structures and methods that we are going
to use to build our experiment and perform its evaluation. We started by presenting
our data information that was used to build our dataset, the dataset structure, the scope
of features that were used and then proceed to the scope of faults and wind turbines

that was studied. Then, we advance to indicate which machine learning algorithms were
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Model Result Failure Prediction
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Figure 5.6: Evaluation Script Example 2. In this image and after the prediction of the
model column (‘Failure Prediction’) is created, we have the predicted failure intervals
represented.

used and present all the methods that are going to be used in our experiment. All these
procedures and methods were selected according to the existing built-in modules in our

main technology, the Azure Machine Learning Studio.
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EXPERIMENTS AND RESULTS

6.1 Introduction

The experiments that were built during this work, as mentioned before, started by having
a more generic and simple approach, in terms of the scopes of the datasets and in terms
of the dataset pre-processing steps. While we were studying the experimental results by
using the evaluation metrics mentioned in the previous Methodology section, we learned
more about the problems and considering the clients, CGI experts feedback and our
literature, we improved our experiment to its final form.

In this section we will present the final form of the experiment that is going to be
implemented as a base for the failure prediction tool. We will present all the dataset
pre-processing procedures that were implemented in .NET, using Visual Studio, to ac-
quire all the data from the CGI RMS database and to execute some of the pre-processing
procedures needed in order to build the dataset. This dataset is then provided to the
experiment build inside the Azure Machine Learning Studio, that is the main tool that

receive the dataset and build the machine learning models that are then evaluated.

6.2 Experiment

In the presentation of our experiment, we will separate it into two steps, according to
the technologies that were used. Firstly we will introduce the construction of our dataset,
that contains some data pre-processing and feature engineering methods, which results in
the dataset that is then provided to the next step, in the Azure Machine Learning Studio

experiment.

6.2.1 Dataset Acquisition and Build Up

This first step was build in .NET, using Visual Studio, and with SQL Server, the database
system where the CGI RMS data is stored.
In this first experimental phase, we are not going to refer all the study work of the sig-

nals that should be associated with a fault in a wind turbine is done, presented previously
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in the Methodology section.

Our dataset acquisition parameters, will have a start time, defined as the March 6th
2021, and an end date, the December 31st 2021 at 23:59:59. The sliding time windows
that are going to be studied are 12 hours, 24 hours and 72 hours. For each wind turbine

fault, we will generate a dataset according to different sliding time windows.

1. Firstly we acquire the data from the signals that have good quality. For each fea-
ture, it is generated the running summaries, mentioned earlier in the Methodology
section, with the generation of these features considering the average, standard de-
viation, minimum and maximum of each signal for the last 6 hours. The parameter
number of hours defined in this step was fixed since this technique was applied later
in this master thesis work and from the knowledge of the CGI experts, we consider
that looking 6 hours before it is good to compare mainly abrupt changes in a wind
turbine behavior. It is mentioned in the Future Work section, an improvement that

we consider that should be studied after this master thesis work.

2. After the acquisition of the signals data, with the running summaries features, it
is removed from the features column, all the features that have more than 50% of
null rows. We have to do this step, since if we keep these features, we will have
to remove the null rows and that will lead to a big amount of timestamps being
removed only because of one signal. Then, after the analysis of the invalid features

is concluded, the remaining null rows are removed.

3. Then we step up to the failure events data acquisition, that it is generated according
to the current sliding time window. In this step, besides the acquisition of the times-
tamps that have a failure event, it is also generated the fault column, mentioned

earlier in the Methodology section.

4. After the acquisition of the timestamps that correspond to a failure event and the

construction of the fault column, it is built an auxiliar column, the fault category.

5. Our final step, is a simple merge of the signals data and the faults data, so that we
have only the corresponding timestamps that exist in both tables obtained earlier.
To finalize the dataset, it is done a last check to delete rows with null features,

whetever they exist.

After this process of the dataset generation, we have generated all datasets for each
fault and wind turbine, one .csv file per sliding time window, meaning that for each wind
turbine fault we have 3 .csv files, one for the sliding time window of 12h, one for the 24h
and another for the 72h.
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6.2.2 Azure Machine Learning Studio Experiment

Having the datasets available to provide to our Azure Machine Learning Studio Experi-
ment, we can start running our final experiment. In this subsection, we will introduce
each module that is going to run in our experiment, providing a brief explanation on what
each module is going to do and justifying our decisions according to what was introduced
earlier in the methodology section. In Figure 6.1 it is briefly represented in a diagram the
complete experiment that is going to be explained later in this section. Our experiment
is divided into three parts that are equal to each other. In each part, we will provide a
different dataset for each fault with each file (.csv) varying by the time window of that

dataset, as presented before.
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Figure 6.1: Diagram representing the experiment explained in the previous section.

input »

1. Import Data: Component that imports data. In our case, we will import data from
the Azure Storage that contains all the .csv files with the dataset. The data that
comes from the .csv file contains all the available data for that particular fault and

time window, this means since March 2021 to the end of December 2021.

2. Separate the Training Dataset from the Final Evaluation Dataset: Using the "Ap-

ply SQL Transformation” module, we will split our import data into the first split
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dataset, that we call Training Dataset and that will contain the data from March
2021 to the end of September 2021, and the second split dataset, that we call Final
Evaluation Dataset and that will contain the data from October 2021 to the end of
December 2021.

The next steps uses the first split dataset, the Training dataset. The second split
dataset, called Final Evaluation Dataset, is used in the steps presented at the end of
this subsection.

. Edit Metadata: This component allows us to set to each column some metadata info

that is useful to improve the performance of the models.

. Filter Based Feature Selection: This component goal is to identify and select the
"columns in the input dataset that have the greatest predict power"[30]. This module
provide the option to choose the correlation method to classify the prediction power
of each feature. The available methods are Pearson correlation and Chi-squared

values.

We selected Chi-squared for the correlation method since it is refereed in [27] and
[8]. In the last article, it is refereed that this correlation method is the more adequate
for our problem, a classification predictive problem with categorical output, despite
the fact that our inputs are numerical. Since in this article, for an numerical input
and categorical output, the correlation method advised is not available, we decided
to select the one that seems more fitted to our problem. The article refers that

Pearson Correlation is more adequate for regression problems.

This component was only used for three algorithms: Two-Class Logistic Regression,
Two-Class Support Vector Machine and Two-Class Neural Network. In the Decision
Tree based algorithms (Two-Class Decision Forest and Two-Class Boosted Decision
Tree), we don’t use this module since the base of these algorithms already analyzes

the best predictive features [3].

Before the use of this component is important to refer that it can only be provided
to the module the features and target column (’fault’). The other auxiliar columns
(like "ts’, "‘powerplantld’, ‘assetld’, "faultCategory’, ’failureTime’) are not provided

to this module.

. Split Data: Build the Train, Validation and Test dataset: We will split the provided
dataset into three datasets, as already explained in methodology. Our first dataset
will be the training dataset and that will have 60% of the input dataset. This dataset
will be used to train and fit our the different machine learning models. Then the
remaining 40%, will be divided into 70% for the validation dataset, that is going
to be used to tune the model hyperparameters and the remaining 30% to the test
dataset.
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10.

11.

For the split data module, we will configure it to use a stratified split using the "Fault
Category’ column, so that all the output datasets contain a representative sample
of all the faults. The other configuration missing is the Randomized Split, that will

set as True, so that the stratified split selects the rows of each group randomly.

. SMOTE: As presented earlier in the Methodology section, since our dataset is un-

balanced (meaning that the number of failure events is much lower that the number
of events representing the machine running without any issues), we use the SMOTE
module on the training dataset so that this dataset becomes a balanced dataset in

the training of our model.

. Machine Learning Algorithms: In the next step is the selection and configuration

of all the previously presented algorithms, with the parameters presented earlier as
well. This component will be used as an input to the "Tune Model Hyperparameter’
to train and fit the model.

. Tune Model Hyperparameter: This module has the goal to "determine the opti-

mum hyperparameters for a machine learning model"[Azure Machine Learning].
The configurations that were settled to this component was to perform a Random
Sweep on the provided algorithms parameters, and to have a maximum of 50 runs
when performing a random sweep. The metric that was used for measuring the
performance of classification was the F1-Score, so that we can have the best balance
between precision and recall, and try to build a model that doesn’t have the false
positives that we don’t want to have, but also gives importance to the prediction of

faults.

This component receives as input a validation dataset and an untrained model and
provides as an output the trained and fitted model. It also provides the performance

metrics of the model for all the combination of the algorithm parameters.

. Score Model: After having the fitted model, we will run this component that runs

in the model a new dataset. We will provide to this component the test dataset.
It provides as an output the complete dataset with the scored labels and scored

probabilities for each row.

Evaluation Model: This module provides the metrics of evaluation of the module
using as input the Score Model output. This is the component that allow us to
evaluate the performance of the model. As stated earlier in the methodology, we
will use as evaluation metrics, and for this dataset, the Precision, Recall and F1

Score.

Permutation Feature Importance: This component receives the trained model and
a test dataset and evaluates the importance of each feature in the prediction of the
target column. It is important for our study, in order to understand for each fault
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and wind turbine, and considering the model that provides the best result, which
features are considered the most important and so consider them to be used as
default features for the Failure Prediction tool of CGI RMS.

After these steps, and having the trained model, we will perform our final evaluation
of the build model and will evaluate the model with a total new data. Let’s recall that this
data is from the 1st October 2021 to the end of December 2021.

1. Score Model (with the new dataset): The next steps will use as a dataset the second
split dataset, called Final Evaluation Dataset, mentioned in the previous enumerate.
This module is the same as explained earlier, with the difference that is evaluating

the dataset explained earlier.

2. Evaluate Model (with the new dataset): This module is the same as explained earlier,

with the difference that is evaluating the dataset explained earlier.

3. Execute the Evaluation Script (in Python): This module, will run the Evaluation
Script explained earlier in the Methodology, that allow us to obtain the intervals
of fault that the model predicted. The output of this script is the evaluation if the
intervals that the model predicted contains failure events. This comparison will
lead to the confusion matrix for each percentage threshold (the parameter used in
the evaluation script) that allow us to understand how the model performs with a

complete new set of failure events.

6.3 Results

As stated earlier in our methodology, we will have two results per failure and asset to
evaluate: the first one, that will evaluate our first test dataset and that contain the data
from March 2021 to the final of September of 2021, and that will have represented all
the failure events by using the stratified split on the fault category; the second one is a
simulation of a real test of the model with a complete new dataset, that contains the data
from October 2021 to the final of December 2021, and consequently, a complete set of
failure events.

In the next subsections we will present for each fault and wind turbine, the model for
each algorithm that presented the best result, with the parameters information that lead
to that result.

Each scope is identified by three terms: the fault id, that indicates a identifier of the
fault, the wind park id, with a three-letter string and the asset/wind turbine id, that is
an identifier of the wind turbine of the park. These scopes are the ones presented in the
Methodology section, in Table 5.3 and Table 5.4.

The selection of the best model was made by evaluating their metrics. As mentioned

before, we prioritize the minimum value of false positives, but we also want that our
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model is fitted to predict some failures. So we will consider the F1 Score, as mentioned
before in the Tune Model Hyperparameter module, as it evaluate the best balance between
the precision and recall.

In each subsection we will have three tables with the evaluations:

1. The first table will have the results of the first dataset, from 5th March 2021 to the
final of September 2021, that was used to train, fit and tune the model. The results
presented are from the test dataset and using the evaluate model module. We will
use the evaluation metrics presented earlier in the methodology: precision, recall

and F1 score.

2. The second table, presents the result of the simulation of running the already exist-
ing machine learning model with a new dataset, from October 2021 to the end of
December 2021. In this table we will present the same metrics as in the previous
step, also from the evaluate model module.

3. The final table, will present the results of our evaluation script, presented earlier in
the methodology, and that tell us the real performance of the model by analyzing the
confusion matrix metrics of the intervals of prediction that our model has predicted,

as explained in the methodology section.

In these subsections we will also present the best hyperparameters selected from the
tune model hyperparameter module for each model and algorithm studied. The time
window of these models are the ones presented in the third table presented earlier.

The number of fault events that exist for each of the fault and scope presented bellow

was presented earlier in the subsection 5.4.

6.3.1 Fault9112-SCA 34

Table 6.1: Fault 9112 - SCA 34: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.814 0.641 | 0.717
Two-Class Support Vector Machine | 24 0.553 0.698 | 0.617
Two-Class Neural Network 72 0.849 0.857 | 0.853
Two-Class Decision Forest 72 0.992 0.992 | 0.985
Two-Class Boosted Decision Tree 72 0.99 0.995 | 0.992

In terms of the machine learning model built for each algorithm that provided the
best result on the final evaluation dataset, the best hyperparameters selected from the
Tune Model Hyperparameter module are:

1. Two-Class Logistic Regression
a) Optimization Tolerance: 0
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Table 6.2: Fault 9112 - SCA 34: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 12 0.341 0.279 | 0.307
Two-Class Support Vector Machine | 12 0.338 0.307 | 0.322
Two-Class Neural Network 72 0.352 0.461 | 0.399
Two-Class Decision Forest 72 0.391 0.45 0.418
Two-Class Boosted Decision Tree 72 0.389 0.552 | 0.445

Table 6.3: Fault 9112 - SCA 34: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression 24 0.2 0 15 | 3
Two-Class Support Vector Machine | 24 0.2 0 [15 |3
Two-Class Neural Network 24 0.2;0.3 0 [16 |2
Two-Class Decision Forest 24 0.2 0 15 |3
Two-Class Boosted Decision Tree 24 0.2 0 [15 |3

b) Regularization Weight: 1
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda:[0.01, 0.001, 0.0001, 0.00001]
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.4
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: 64
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 128
b) Number of trees constructed: 250

¢) Minimum number of samples per leaf node: 25
d) Learning Rate: 0.6
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Table 6.4: Fault 8749 - PAP 35: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.587 0.567 | 0.577
Two-Class Support Vector Machine | 72 0.515 0.465 | 0.489
Two-Class Neural Network 72 0.975 0.985 | 0.98
Two-Class Decision Forest 72 0.996 0.994 | 0.995
Two-Class Boosted Decision Tree 72 0.999 0.994 | 0.997

Table 6.5: Fault 8749 - PAP 35: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.288 0.16 0.206
Two-Class Support Vector Machine | 72 0.167 0.099 | 0.124
Two-Class Neural Network 72 0.259 0.237 | 0.248
Two-Class Decision Forest 72 0.223 0.369 | 0.278
Two-Class Boosted Decision Tree 72 0.43 0.295 | 0.35

Table 6.6: Fault 8749 - PAP 35: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression 24 0.2;0.3 0 |2 6
Two-Class Support Vector Machine | 72 0.2;0.3 0 |1 7
Two-Class Neural Network 72 0.2 0 [2 |6
Two-Class Decision Forest 72 0.4;05;06 |0 1 7
Two-Class Boosted Decision Tree 72 0.5;06;07 0 |1 7

6.3.2 Fault 8749 - PAP 35

In terms of the machine learning model built for each algorithm, the best hyperparame-

ters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.01
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500
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b) Learning Rate: 0.6
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: [32, 64]
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: [64,128]

)
b) Number of trees constructed: 500
¢) Minimum number of samples per leaf node: 10,50
)

d) Learning Rate: [0.2, 0.1]

6.3.3 Fault 768 - BNE 18

Table 6.7: Fault 768 - BNE 18: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.447 0.224 | 0.298
Two-Class Support Vector Machine | 72 0.875 0.082 | 0.151
Two-Class Neural Network 24 0.966 1 0.983
Two-Class Decision Forest 72 0.998 0.993 | 0.995
Two-Class Boosted Decision Tree 72 1 0.993 | 0.996

Table 6.8: Fault 768 - BNE 18: Second Split (October 2021 - End December 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.126 0.02 0.035
Two-Class Support Vector Machine | All 1 0 0
Two-Class Neural Network 72 0.291 0.066 | 0.107
Two-Class Decision Forest 72 0.481 0.116 | 0.187
Two-Class Boosted Decision Tree 72 0.42 0.114 | 0.179

In terms of the machine learning model built for each algorithm, the best hyperpa-

rameters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.01
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Table 6.9: Fault 768 - BNE 18: Second Split (October 2021 - End December 2021) - Evalu-
ation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | EN
Two-Class Logistic Regression All All 0 |0 8
Two-Class Support Vector Machine | All All 0 |0 8
Two-Class Neural Network 72 >=0.4 0 0 8
Two-Class Decision Forest 72 0.2 0 1 7
Two-Class Boosted Decision Tree 72 0.2 0 1 7

2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 160

b) Learning Rate: 0.8
4. Two-Class Decision Forest

a) Number of Decision Trees: 16
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: 32

5. Two-Class Boosted Decision Tree For this model, the Tune Model Hyperparameter
module return almost all the parameter range values as classified with the same
ranking. So it is not possible to take conclusions on the hyperparameters that
provided the best results

6.3.4 Fault 768 - CHF 28

Table 6.10: Fault 768 - CHF 28: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 12 0.561 0.217 | 0.313
Two-Class Support Vector Machine | 72 0.561 0.107 | 0.18
Two-Class Neural Network 12 0.991 0.991 | 0.991
Two-Class Decision Forest 72 0.999 1 0.999
Two-Class Boosted Decision Tree 72 0.999 1 0.999

In terms of the machine learning model built for each algorithm, the best hyperpa-
rameters selected from the Tune Model Hyperparameter module are:
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Table 6.11: Fault 768 - CHF 28: Second Split (October 2021 - End December 2021) -
Evaluate Model Results - Test Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.7 0.161 | 0.262
Two-Class Support Vector Machine | 72 0.81 0.074 | 0.136
Two-Class Neural Network 72 0.444 0.123 | 0.193
Two-Class Decision Forest 72 0.681 0.11 0.189
Two-Class Boosted Decision Tree 72 0.651 0.084 | 0.148

Table 6.12: Fault 768 - CHF 28: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression 72 0.2 0 |21 |3
Two-Class Support Vector Machine | 72 0.2 0 (10 | 14
Two-Class Neural Network 12,72 0.2 0 (2 |22
Two-Class Decision Forest 72 0.2 0 |8 16
Two-Class Boosted Decision Tree 72 0.2 0 |1 23

1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.1
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.6
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

c) Maximum depth of the decision tree: [32, 64]
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: [128,64]

b) Number of trees constructed: [50, 500, 250]

¢) Minimum number of samples per leaf node: [10,1]
)

d) Learning Rate: All
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6.3.5 Fault140-PCA7

Table 6.13: Fault 140 - PCA 7: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.587 0.556 | 0.571
Two-Class Support Vector Machine | 72 0.598 0.542 | 0.569
Two-Class Neural Network 72 0.978 0.978 | 0.978
Two-Class Decision Forest 72 0.996 0.995 | 0.996
Two-Class Boosted Decision Tree 24 0.999 0.997 | 0.998

Table 6.14: Fault 140 - PCA 7: Second Split (October 2021 - End December 2021) - Evalu-
ate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.139 0.571 | 0.223
Two-Class Support Vector Machine | 72 0.141 0.579 | 0.227
Two-Class Neural Network 72 0.124 0.546 | 0.202
Two-Class Decision Forest 72 0.129 0.42 0.197
Two-Class Boosted Decision Tree 72 0.146 0.262 | 0.188

Table 6.15: Fault 140 - PCA 7: Second Split (October 2021 - End December 2021) - Evalu-
ation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression 72 0.3,0.4,05 |0 11 | 2
Two-Class Support Vector Machine | 72 0.3,04,05 [0 |11 |2
Two-Class Neural Network 72 0.3 0 11 | 2
Two-Class Decision Forest 72 0.2 0 10 | 3
Two-Class Boosted Decision Tree 12 <=0.6 0 2 11

In terms of the machine learning model built for each algorithm, the best hyperpa-

rameters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.1
2. Two-Class Support Vector Machine

a) Number of Iterations: 100

b) Lambda: All

3. Two-Class Neural Network
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a) Number of Learning Iterations: 500

b) Learning Rate: 0.4
4. Two-Class Decision Forest

a) Number of Decision Trees: 16
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: 32
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 128

)
b) Number of trees constructed: [50, 100]
¢) Minimum number of samples per leaf node: 10
)

d) Learning Rate: 0.4

6.3.6 Fault 14474-TMS 6

Table 6.16: Fault 14474 - TMS 6: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.414 0.317 | 0.359
Two-Class Support Vector Machine | 72 0.574 0.14 0.224
Two-Class Neural Network 72 0.939 0.943 | 0.941
Two-Class Decision Forest 72 0.998 0.99 0.994
Two-Class Boosted Decision Tree 72 0.999 0.993 | 0.996

Table 6.17: Fault 14474 - TMS 6: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.399 0.073 | 0.124
Two-Class Support Vector Machine | 72 0.265 0.018 | 0.033
Two-Class Neural Network 72 0.173 0.083 | 0.112
Two-Class Decision Forest 24 0.62 0.228 | 0.333
Two-Class Boosted Decision Tree 72 0.05 0.009 | 0.015

In terms of the machine learning model built for each algorithm, the best hyperpa-

rameters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression

a) Optimization Tolerance: 0
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Table 6.18: Fault 14474 - TMS 6: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | EN
Two-Class Logistic Regression 12,72 >=0.3 0 |0 10
Two-Class Support Vector Machine | All All 0 |0 10
Two-Class Neural Network 72 >=0.3 0 0 10
Two-Class Decision Forest 12,24 All 0 0 10
Two-Class Boosted Decision Tree 12,24 All 0 0 10

b) Regularization Weight: 0.01
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.4
4. Two-Class Decision Forest

a) Number of Decision Trees: 16
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: 16
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 32

)
b) Number of trees constructed: 500
¢) Minimum number of samples per leaf node: 1
)

d) Learning Rate: 0.05

6.3.7 Fault 768 - BNE 14

In terms of the machine learning model built for each algorithm, the best hyperparame-

ters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.01
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Table 6.19: Fault 768 - BNE 14: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 24 0.555 0.233 | 0.328
Two-Class Support Vector Machine | 24 0.636 0.119 | 0.2
Two-Class Neural Network 72 0.986 0.99 0.988
Two-Class Decision Forest 72 1 0.991 | 0.996
Two-Class Boosted Decision Tree 72 1 0.995 | 0.998

Table 6.20: Fault 768 - BNE 14: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression All 0 0 0
Two-Class Support Vector Machine | All 0 0 0
Two-Class Neural Network All 0 0 0
Two-Class Decision Forest All 0 0 0
Two-Class Boosted Decision Tree All 0 0 0

Table 6.21: Fault 768 - BNE 14: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression All All 0 |0 |6
Two-Class Support Vector Machine | 12,72 All 0 |0 |6
Two-Class Neural Network All All 0 |0 |6
Two-Class Decision Forest All All 0 |0 |6
Two-Class Boosted Decision Tree All All 0 |0 6

2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.4
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: [32,64]

5. Two-Class Boosted Decision Tree
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a) Maximum number of leaves per tree: [32, 64, 128]

b) Number of trees constructed: [250,500]

)
)

¢) Minimum number of samples per leaf node: All
)

d) Learning Rate: All

6.3.8 Fault 367 - CHF 15

Table 6.22: Fault 367 - CHF 15: First Split (March 2021 - End September 2021) - Test

Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.32 0.068 | 0.111
Two-Class Support Vector Machine | 72 0.471 0.034 | 0.063
Two-Class Neural Network 24 0.979 0.979 | 0.979
Two-Class Decision Forest 72 1 0.992 | 0.996
Two-Class Boosted Decision Tree 72 0.998 0.994 | 0.996

Table 6.23: Fault 367 - CHF 15: Second Split (October 2021 - End December 2021) -

Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.6 0.052 | 0.095
Two-Class Support Vector Machine | All 1 0 0
Two-Class Neural Network 72 0.154 0.063 | 0.089
Two-Class Decision Forest 72 0.12 0.029 | 0.046
Two-Class Boosted Decision Tree 72 0.104 0.031 | 0.048

Table 6.24: Fault 367 - CHF 15: Second Split (October 2021 - End December 2021) -

Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression 24,72 All 0 [0 |4
Two-Class Support Vector Machine | All All 0 [0 |4
Two-Class Neural Network 24,72 All 0 [0 |4
Two-Class Decision Forest All All 0 [0 |4
Two-Class Boosted Decision Tree 12, 24 All 0 0 4

In terms of the machine learning model built for each algorithm, the best hyperpa-

rameters selected from the Tune Model Hyperparameter module are:

1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.1

2. Two-Class Support Vector Machine
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a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.2
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

c) Maximum depth of the decision tree: [32,64]
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 8
b) Number of trees constructed: 250

¢) Minimum number of samples per leaf node: 25
d) Learning Rate: 0.2

6.3.9 Fault 140-PLS9

Table 6.25: Fault 140 - PLS 9: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.469 0.374 | 0.416
Two-Class Support Vector Machine | 72 0.48 0.359 | 0.411
Two-Class Neural Network 72 0.964 0.98 0.972
Two-Class Decision Forest 72 0.993 0.992 | 0.993
Two-Class Boosted Decision Tree 72 0.996 0.997 | 0.997

Table 6.26: Fault 140 - PLS 9: Second Split (October 2021 - End December 2021) - Evaluate
Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.098 0.394 | 0.156
Two-Class Support Vector Machine | 72 0.096 0.398 | 0.155
Two-Class Neural Network 72 0.077 0.194 | 0.111
Two-Class Decision Forest 72 0.064 0.17 0.093
Two-Class Boosted Decision Tree 72 0.066 0.17 0.095

In terms of the machine learning model built for each algorithm, the best hyperpa-
rameters selected from the Tune Model Hyperparameter module are:
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Table 6.27: Fault 140 - PLS 9: Second Split (October 2021 - End December 2021) - Evalu-
ation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | EN
Two-Class Logistic Regression 12,24 All 0 |0 3
Two-Class Support Vector Machine | 24 All 0 |0 3
Two-Class Neural Network 12 <=0.4 0 1 2
Two-Class Decision Forest 12,24 All 0 0 3
Two-Class Boosted Decision Tree 12 All 0 0 3

1. Two-Class Logistic Regression

a) Optimization Tolerance: 0

b) Regularization Weight: 0.01
2. Two-Class Support Vector Machine

a) Number of Iterations: 500
b) Lambda: All

3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.6
4. Two-Class Decision Forest

a) Number of Decision Trees: 16
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: 32
5. Two-Class Boosted Decision Treel

a) Maximum number of leaves per tree: 8

)
b) Number of trees constructed: 500
¢) Minimum number of samples per leaf node: 10
)

d) Learning Rate: 0.4

6.3.10 Fault 8487 -SCA 10

In terms of the machine learning model built for each algorithm, the best hyperparame-

ters selected from the Tune Model Hyperparameter module are:
1. Two-Class Logistic Regression24
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Table 6.28: Fault 8487 - SCA 10: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 24 0.688 0.543 | 0.607
Two-Class Support Vector Machine | 72 0.619 0.548 | 0.581
Two-Class Neural Network 72 0.982 0.989 | 0.986
Two-Class Decision Forest 24 0.99 0.996 | 0.993
Two-Class Boosted Decision Tree 24 0.995 0.999 | 0.997

Table 6.29: Fault 8487 - SCA 10: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression All 0 0 0
Two-Class Support Vector Machine | All 0 0 0
Two-Class Neural Network All 0 0 0
Two-Class Decision Forest All 0 0 0
Two-Class Boosted Decision Tree All 0 0 0

Table 6.30: Fault 8487 - SCA 10: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression All All 0 |0 |0
Two-Class Support Vector Machine | All All 0 |0 |0
Two-Class Neural Network All All 0 |0 |0
Two-Class Decision Forest All All 0 |0 |0
Two-Class Boosted Decision Tree All All 0 |0 0

a) Optimization Tolerance: 0

b) Regularization Weight: 0.1
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: All
3. Two-Class Neural Network

a) Number of Learning Iterations: 500

b) Learning Rate: 0.6
4. Two-Class Decision Forest

a) Number of Decision Trees: 32

b) Minimum number of samples per leaf node: 1
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c) Maximum depth of the decision tree: [32,64]
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 32
b) Number of trees constructed: 500

¢) Minimum number of samples per leaf node: 1
d) Learning Rate: 0.05

6.3.11 Fault 8719 - SCA 28

Table 6.31: Fault 8719 - SCA 28: First Split (March 2021 - End September 2021) - Test
Dataset - Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression 72 0.414 0.317 | 0.359
Two-Class Support Vector Machine | 72 0.475 0.251 | 0.328
Two-Class Neural Network 24 0.692 0.911 | 0.786
Two-Class Decision Forest 72 0.996 0.997 | 0.996
Two-Class Boosted Decision Tree 72 0.999 0.998 | 0.998

Table 6.32: Fault 8719 - SCA 28: Second Split (October 2021 - End December 2021) -
Evaluate Model Results

Algorithm Time Window | Precision | Recall | F1 Score
Two-Class Logistic Regression All 0 0 0
Two-Class Support Vector Machine | All 0 0 0
Two-Class Neural Network All 0 0 0
Two-Class Decision Forest All 0 0 0
Two-Class Boosted Decision Tree All 0 0 0

Table 6.33: Fault 8719 - SCA 28: Second Split (October 2021 - End December 2021) -
Evaluation Script Predictions

Algorithm Time Window | % Threshold | FP | TP | FN
Two-Class Logistic Regression All All 0 |0 |0
Two-Class Support Vector Machine | All All 0 |0 0
Two-Class Neural Network All All 0 0 0
Two-Class Decision Forest All All 0 0 0
Two-Class Boosted Decision Tree All All 0 0 0

In terms of the machine learning model built for each algorithm, the best hyperpa-
rameters selected from the Tune Model Hyperparameter module are:

1. Two-Class Logistic Regression
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a) Optimization Tolerance: 0

b) Regularization Weight: 0.01
2. Two-Class Support Vector Machine

a) Number of Iterations: 750

b) Lambda: 0.01x
3. Two-Class Neural Network24

a) Number of Learning Iterations: 500

b) Learning Rate: 0.6
4. Two-Class Decision Forest

a) Number of Decision Trees: 32
b) Minimum number of samples per leaf node: 1

¢) Maximum depth of the decision tree: [34,64]
5. Two-Class Boosted Decision Tree

a) Maximum number of leaves per tree: 128
b) Number of trees constructed: 500
¢) Minimum number of samples per leaf node: 1

)
)
)
)

d) Learning Rate: 0.1
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7

Resurts DiscussioN

7.1 Introduction

After presenting in the Experiments and Results section our experiment and results, we
will now analyze the presented metrics, do some analysis on results obtained per fault

and considering the dataset presented for each fault and take our conclusions.

7.2 Machine Learning Models Performance

As explained in the Methodology and Experiments and Result section, to understand
the real performance of our machine learning models we will dedicate our analysis to
the final evaluation metrics results because it is our final test dataset and will match
to a simulation of the behavior of the model in the real world. This will tell us from
the prediction interval that the model was built, and according to a set of percentage
threshold parameter, the false positives, true positives and false negatives in comparison
to the failure events that occurred.

During this section, we will present the scopes using the following formatting: (Wind
Park, Asset/Wind Turbine, Fault 1d).

As mentioned in the Experiments and Result section, for the scopes (SCA 10, Fault
8487) and (SCA 28, Fault 8719), in this test dataset (from October 2021 to the end of
December 2021) we don’t have registered any failure events. So, for the models that
were built for these two scopes, we will not analyze the prediction of a fault but yes the
model performance in not predicting false positives. Since the beginning of this study,
we mentioned that one of our main goals is that our models don’t have a high number
of false positives, so this analysis is also important to guarantee the reliability of these
models and experiment. As we can see from Table 6.30 and 6.31, our models don’t have
any prediction of failure event for these two scopes, for any time window and percentage
threshold. So, we can conclude that the models performed well in a case when it was
submitted to a dataset that do not have any failure events.

Focusing on the remaining 9 scopes of wind turbines faults that have failure events in
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the final evaluation dataset, we can see from the analysis of the Final Evaluation Tables
(the tables with the confusion matrix metrics that is an output of the evaluation script),
presented in Tables 6.3, 6.6, 6.9, 6.12, 6.15, 6.18, 6.21, 6.24, 6.27 that:

1. 6 of them have at least, one machine learning model that predicted 1 interval that
contained a failure events, and in all of them there was no registered any predicted
intervals that contains false positives. These scopes are: (SCA 34 Fault 9112), (PAP
35 Fault 8749), (BNE 18 Fault 768), (CHF 18 Fault 768), (PCA 7 Fault 140), (PLS 9
Fault 140).

2. The remaining 3 scopes that were not predicted (meaning that only have registered
false negative scores), have the positive conclusion that did not lead the any false

positives, which goes in the direction of this study goal.

3. Considering only the scopes with predictions and that have at least 5 fault events,
which are (PCA 7 Fault 140), (CHF 18 Fault 768), (BNE 18 Fault 768), (PAP 35 Fault
8749), (SCA 34 Fault 9112), we present in the Table 7.1 the recall of the best model,
that indicate us in all the failure events in the dataset, the percentage of success of
the model in terms of its prediction. By looking at the results of Table 7.1, we can
see that 3 scopes (SCA 34 Fault 9112), (CHF 18 Fault 768), (PCA 7 Fault 140) have a
great performance, with a recall of over 85%

4. The models have the best results when the percentage threshold parameter (that is
configured on the evaluation python script), has its lower levels (from 0.2 or 0.3).
This indicates that for each time window interval, the model can only flag it as a
failure interval when it detects a low percentage of flagged rows (rows that have the
column ’Score Model” = 1). When a high percentage of flagged rows are needed to
consider the interval as a failure, it is not considered as a failure interval and thus
the number of true positives decreases (and the false negatives increases). Which
meets the low results from the Evaluate Model Metrics (Precision, Recall, F1 Score),

that only consider the prediction of each row separately against the 'Fault’ column.

Table 7.1: Best Models and the Recall Results. In the Model Info column, we will name
our algorithms by their abbreviation (NN: Neural Network; DT: Decision Tree; BDT:
Boosted Decision Tree; LogReg: Logistic Regression; SVM: Support Vector Machine

Scope Fault | Model Info % Threshold | TP | FN | Recall
SCA 34 | 9112 | NN TW 24h 0.2;0.3 16 | 2 89%
PAP 35 | 8749 | NN TW 72h 0.2 2 6 25%
BNE 18 | 768 DF/BDT TW 72h 0.2 1 7 13%
CHF 18 | 768 LogReg TW 72h 0.2 21 |3 88%
PCA 7 140 LogReg/SVM TW 72h | 0.3, 0.4, 0.5 11 | 2 85%

In terms of the performance of each algorithm in all the fault scopes, by analyzing
mainly the first split test dataset, presented by Tables 6.1, 6.4, 6.7, 6.10, 6.13, 6.16, 6.19,
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6.22, 6.25 and the second split test dataset, presented by Tables 6.2, 6.5, 6.8, 6.11, 6.14,
6.17,6.20, 6.23, 6.26 we can take the following conclusions:

1. Support Vector Machine(SVM) This algorithm indicates that it is the more reliable
in terms of their predictions. It have the lower number of false positives of all the
other models algorithms and the evaluation metrics from the first split are more
reliable in comparison with other algorithms, that seem to be overfitted. In other
hand, their true positive and recall metrics, indicates a worst performance in predict
all the failure intervals, compensating with the fact that is more reliable leading to

none failure positives.

2. Logistic Regression Have a prediction behaviour similar to the SVM, gaining in the
prediction of intervals, having the same or best numbers in terms of recall and true

positives, but losing in terms of its reliability.

3. Two-Class Neural Network, Two-Class Decision Forest and Two-Class Boosted De-
cision Tree These three algorithms seem to have similar results. In the first split
dataset, they same to be overfitted to this dataset, since they have results of preci-
sion, recall and F1 score close to 1, but when a new dataset (the second split dataset)
is presented, their results decrease. When analyzing their performance with the
confusion matrix metrics presented after the evaluation script analyzes the mod-
els predicted behavior, we can see that the models of these algorithms have lower
reliability, having a higher number of false positives, and a higher number of true

positives and predictions.

In terms of the time window parameter, by analyzing the final evaluation results, in
Table 6.3, 6.6, 6.9, 6.12, 6.15, 6.18, 6.21, 6.24, 6.27, we can see that for the fault scopes
that have the highest number of failure events in the dataset and that are predicted, the
models with the highest time window (72 hours) has the best performance. This might
be related to the fact that with a higher time window, the number of rows with the "Fault

Column’ with true value is higher and thus the model detects more failure patterns.

7.3 Conclusion

With this analysis, we can conclude that our experiment works in predicting most of the
fault scopes that we studied. According to the results presented earlier, we conclude that
the Two-Class Support Vector Machine give us the predictions that we want, without
any false positives which is one of our main goals for the machine learning models. The
sliding time window that provide us best results is the 72 hour, so we advice for a future
work to study more days as a sliding time window and study if the results improve. We
also leave as future work, the possibility of generating for each signal, different running

summaries time windows.
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Work CONCLUSIONS

8.1 Work Conclusions

This master thesis work allow us to reach the goal initially created by CGI: to understand
the major steps and procedures to do in order to create a general experiment that allow
us to construct a machine learning model that could predict a failure in a wind turbine.
Although it was not possible to create a model that can predict all the fault scopes studied,
for 3 of these scopes, (SCA 34 Fault 9112), (CHF 18 Fault 768) and (PCA 7 Fault 140), the
result was good and in 5 other, (PCA 7 Fault 140), (CHF 18 Fault 768), (BNE 18 Fault 768),
(PAP 35 Fault 8749), (SCA 34 Fault 9112), we had some predictions also. This conclusions
give us good perspectives for the use of this experiment in the Failure Prediction tool in
CGI RMS that will be use to predict these failures and to try and predict other failures

that were not studied during this master thesis work.

8.2 Future Work

After the conclusions presented in the previous section, we provide the following items to

be studied later by CGI in order to improve the performance of the experiment presented:

1. Feature Importance: Azure Machine Learning Studio presents a module named
"Permutation Feature Importance"that have as an output a value associated with
each feature representing the importance of that feature in the correct prediction
of a failure. This allows to understand which features were more important in the
correct prediction of the results. Doing an analysis on the outputs of this module
will allow for each failure scope studied, to understand features that are not impor-
tant and might be removed from the dataset and the features that are considered

important and that might be more explored to improve the model performance.

2. Dataset Size: Despite the positive results that were obtained with the dataset that
we had available, a dataset with more than a year will be important in order to

improve the performance of our model.
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3. Running Summaries Features with multiple Windows: In this master thesis work,
in the feature engineering step we create the so called running summaries features
with a single window. It will be important to do the same but with multiple windows
(for example 6h, 12h, 24h, 72h). This way the models algorithms will be able to
compare the behaviour of the feature not only in comparison with the value last 6h

but also with higher windows, thus allowing to understand possible major changes
in the feature.
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APPENDIX 1

In this appendix we will present all the signals that are used as features for each one
of the fault scopes studied. As detailed earlier during the document, the scope will be
presented in the caption of each table with the following string format: fault id, wind

park id, wind turbine/asset id.

Table A.1: Signals selected for Fault 140 PCA 7

component sub_component | description
WGEN_SPD RPM Speed generator
WGEN_VA KVA Apparent power
WGEN_W KW Active power
WNAC_EXTMP DEGC Temp outside
WNAC_INTLTMP DEGC Temp Nacelle
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind speed
WROT_PTAGVALBL | DEG Phase angle
WROT_ROTSPD RPM Speed rotor
WTUR_GCTRVEL RPM Filtered speed breaking
WTUR_PRESFREN BAR Brake pressure
WYAW_YAWANG DEG Nacelle direction
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Table A.2: Signals selected for Fault 367 CHF 15

component sub_component | description

WCNV_GRIA A Current Phase L2
WCNV_GRIA1 A Current Phase L1
WCNV_GRIA3 A Current Phase L3
WGEN_SPD RPM Generator speed
WGEN_W Kw Active power
WNAC_EXTMP DEGC Ambient temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind speed
WTRF_VSTARS A\ Voltage Phase L1-L2
WTRF_VSTAST Vv Voltage Phase L2-L3
WTRF_VSTATR \Y4 Voltage Phase L1-L3
WTRM_COOLTMP2 | DEGC Temperature of Generator’s cooling water
WTRM_HYOILPRES | BAR Hydraulic pressure
WTRM_HYOILTMP | DEGC Hydraulic oil temperature

Table A.3: Signals selected for Fault 768 BNE 14

component sub_component | description

WCNV_GRIA A Current Phase L2
WCNV_GRIA1 A Current Phase L1
WCNV_GRIA3 A Current Phase L3
WGEN_SPD RPM Generator speed
WGEN_W Kw Active power
WNAC_EXTMP DEGC Ambient temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind speed
WTRF_VSTARS v Voltage Phase L1-L2
WTRF_VSTAST A\ Voltage Phase L2-L3
WTRF_VSTATR A\ Voltage Phase L1-L3
WTRM_COOLTMP2 | DEGC Temperature of Generator’s cooling water
WTRM_HYOILPRES | BAR Hydraulic pressure
WTRM_HYOILTMP | DEGC Hydraulic oil temperature
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Table A.4: Signals selected for Fault 768 BNE 18

component sub_component | description

WCNV_GRIA A Current Phase L2
WCNV_GRIA1 A Current Phase L1
WCNV_GRIA3 A Current Phase L3
WGEN_SPD RPM Generator speed
WGEN_W Kw Active power
WNAC_EXTMP DEGC Ambient temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind speed
WTRF_VSTARS A\ Voltage Phase L1-L2
WTRF_VSTAST A\ Voltage Phase L2-L3
WTREF_VSTATR A% Voltage Phase L1-L3
WTRM_COOLTMP2 | DEGC Temperature of Generator’s cooling water
WTRM_HYOILPRES | BAR Hydraulic pressure
WTRM_HYOILTMP | DEGC Hydraulic oil temperature

Table A.5: Signals selected for Fault 8487 SCA 10

component sub_component | description

WGEN_W KW Grid Power

WNAC_EXTMP DEGC Ambient Temperature
WNAC_INTLTMP DEGC Nacelle Internal Temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind Speed
WROT_HUBTMP DEGC Controller hub temperature
WROT_INVTMP DEGC Inverter temperature phase 2
WROT_PTAGVALBL | DEG Blades pitch angle
WROT_ROTSPD RPM Rotor Speed
WROT_TOPTMP DEGC Controller top temperature
WTRM_TMPGBXOIL | DEGC Gearbox oil temperature
WYAW_YAWANG DEG Nacelle direction
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Table A.6:

Signals selected for Fault 8719 SCA 28

component sub_component | description
WGEN_GNTMPSTA | DEGC Phase 2 temperature
WGEN_GRIA A Current phase 2

WGEN_HZ HZ Frequency

WGEN_SLRTMP DEGC Split ring temperature
WGEN_SPINTMP DEGC Spinner temperature
WGEN_STAPPV KV Voltage phase 2

WGEN_ W KW Grid Power

WNAC_EXTMP DEGC Ambient Temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind Speed

WTRF_HVTMP DEGC Transformer temperature phase 2
WTRF_INVTMP DEGC Inverter temperature phase 1
WTRM_HYOILPRES | BAR Hydraulic oil pressure
WTRM_HYOILTMP | DEGC Hydraulic oil temperature
WTRM_TMPGBXOIL | DEGC Gearbox oil temperature

Table A.7: Signals selected for Fault 8749 PAP 35
component sub_component | description
WGEN_ W KW Grid Power
WNAC_EXTMP DEGC Ambient Temperature
WNAC_INTLTMP DEGC Nacelle Internal Temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind Speed
WTRM_HYOILPRES | BAR Hydraulic oil pressure
WTRM_HYOILTMP | DEGC Hydraulic oil temperature
WTRM_TMPGBXOIL | DEGC Gearbox oil temperature
WYAW_YAWANG DEG Nacelle direction

Table A.8: Signals selected for Fault 9112 SCA 34

component sub_component | description

WGEN_ W KW Grid Power

WNAC_EXTMP DEGC Ambient Temperature
WNAC_INTLTMP DEGC Nacelle Internal Temperature
WNAC_WDDIR DEG Wind direction
WNAC_WDSPD M/S Wind Speed
WROT_HUBTMP DEGC Controller hub temperature
WROT_INVTMP DEGC Inverter temperature phase 2
WROT_PTAGVALBL | DEG Blades pitch angle
WROT_ROTSPD RPM Rotor Speed
WROT_TOPTMP DEGC Controller top temperature
WTRM_TMPGBXOIL | DEGC Gearbox oil temperature
WYAW_YAWANG DEG Nacelle direction
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APPENDIX A. APPENDIX 1

Table A.9: Signals selected for Fault 14474 TMS 6

Component Unit Description
WGEN_BRGFTMP2 | DEGC | Blades pitch angle
WGEN_SPD RPM | Generador speed
WGEN_W KW Active Power
WNAC_EXTMP DEGC | Temp. Ambient
WNAC_INTLTMP DEGC | Temp. Gondola
WNAC_WDDIR DEG | Wind direction
WNAC_WDSPD M/S Wind Speed
WROT_PTAGVALBL | DEG | Blade 1, actual value A
WROT_ROTSPD RPM | Rotor Speed
WTRM_TMPGBXOIL | DEGC | Gearbox oil temperature
WYAW_YAWANG DEG Nacelle direction
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