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Abstract

Renewable energy technologies are being increasingly adopted in many countries around
the world. However, the deployment of these power generation systems is becoming more
diverse than ever, from small generation units in individual houses to massive power
production plants. In that spectrum, distributed energy resources (DERs) cover systems
from the low- to the middle-power ranges. The operation, control and assessment of
these technologies is becoming more complex, and structures such as microgrids (MGs)
may provide a suitable ecosystem to manage them. The beginning of this thesis covers
the fundamentals of MG systems. A review was conducted by analysing the MG in a
layer perspective, where each layer corresponded to a topic such as operation, business
or standards, among others.

The advancements in electronics, computer power and storage capability have cre-
ated a paradigm in which massive amounts of data are generated and computed. The
electrical sector has introduced many data acquisition technologies to assess the grid
and its components. Classical modelling approaches have applied physical, chemical or
electrical algorithms to model the behaviours of DERs. Nevertheless, with the extensive
amount of information at our disposal, data-driven techniques such as machine learning
(ML) may provide more individualised models to simulate the behaviour of these power
generation technologies with the particularities of both their components and their
location.

Following the MG review, its power generation technologies were analysed. The
information from 1,618 MGs around the world have been aggregated and studied.
Also, two MG infrastructure model generators have been proposed (considering the
infrastructure as the power generation technology and their rated power of an MG.).
One of the models is based on the statistical data aggregated in tables and the other
is based on ML techniques. The latter, which provides more particularised results, is
able to generate the most typical MG infrastructure for a given location and segment
of operation.

Ideally, each of the DERs of a MG should be modelled, but, given the time con-
straints of a PhD, only the principal renewable generation technologies have been
studied. Hence, ML models of photovoltaic (PV) systems plus a battery and wind
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Abstract vi

energy conversion systems (WECS) have been proposed.
Various ML models for PV systems were developed in two studies. First, an ML

model for PV power estimation was performed using data from two real PV farms
and validated using deterministic models from the literature. The ML algorithm was
performed using neural networks and automatic strategies to clean the data. Neural
network accuracy when trained and tested in the same location yields solid results which
can be applied in performance ratio tools for PV power stations. In the second study,
various mathematical models are proposed. This study provides several models for
computing the annual optimum tilt angle for both fixed PV arrays and solar collectors.
The optimum tilt algorithm proposed can be calculated in the absence of meteorological
or software tools. To generate these models, data were collected from 2,551 sites across
the world. A regression analysis with polynomial fitting, neural networks and decision
trees was performed. Despite the better performance of the ML models, the ease of use
of polynomial algorithms is recommended for those sites with no access to computational
tools or meteorological data. The performances of the models were validated using
previous research algorithms.

Also, an ML algorithm was proposed to estimate the state of charge of a lithium-ion
battery. The available capacity in a battery is an important feature when operat-
ing these kinds of systems. Given the complex behaviours of a battery, data-driven
algorithms are able to capture the dynamic behaviours of a battery. Based on the
data obtained in different experiments performed in a laboratory, an ensemble method,
gradient boosting algorithm, was trained to model the state of charge of the battery.
Even though the state of health of the storage system was below the theoretical life
expectancy, the model was able to provide solid results. The model was validated with
non-trained data.

Finally, data-driven techniques were applied to model different elements of WECS.
The first study provided two power coefficient algorithms, one based on polynomial
fitting and another based on neural networks. To train the models, data from a corrected
blade element momentum algorithm was used and three sets of data representing
different wind turbine ranges, from 2 to 10 MW, were generated. Both models were
validated with three datasets of real wind turbines and compared with the existing
literature equations. Compared to previous equations, errors were reduced by at least
55% with the best numerical approximation from the literature. This type of reduction
has a great impact for WECS dynamic and transient studies. The second study
proposed for WECS develops three different ML models: one estimates the power of
individual WECS, the second aggregates the data from all the WECS and estimates
their power and the last one estimates the power of an entire wind farm. Given
the stochastic and dynamic behaviours of the systems modelled, data pre-processing
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should be performed. Along with default cleaning techniques, a Student-t copula
has been proposed so outliers can be automatically removed. Results show that the
neural network algorithms’ performances for the three models can be improved without
excessive manual intervention in the development process.

Traditionally, electrical, physical and chemical models have been applied to mimic
the behaviour of power systems. Now, with the power of computer and storage systems,
a new era of more customised models has begun. It is time to review the existing
models and provide better solutions by using ML techniques. In this thesis, only a
few DERs have been modelled, but the results show that huge improvements can be
made and future work in this subject should be done. The ML models proposed can
be applied either as individual models for performance assessment of each DER or as
a complementary tool to dynamic or static studies, unit commitment and planning
software, among others.
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In this chapter, a general description of the thesis content is given. Also, additional
information is provided for a better understanding of the chapters and their connections.
Section 1.1 summarises the challenges and justifies the topics addressed in this thesis.
Section 1.2 describes both the motivation and the objectives for the thesis. In Section
1.3, the main novel contributions of the PhD are stated. Section 1.4 describes the
content of the thesis along with the software and hardware used. In Section 1.5, the
definition of machine learning (ML) is given, and the methodologies and good practices
applied to this type of project are described. Therefore, the aim of this section is to
provide information to support the methodologies applied throughout this thesis.

1.1 Problem description

Distributed energy resources (DERs) are electrical power generation technologies or
storage systems connected to low- or medium-voltage networks [1]. These types of
technologies, generally composed of renewable systems, have experienced a significant
growth due to increased energy demand and the reduced costs of some renewable tech-
nologies. Nevertheless, increasing the penetration of different generation technologies
adds an extra layer of complexity to the operation, control and assessment of the grid
behaviour [2]. Structures such as microgrids (MGs) or virtual power plants may pro-
vide an ecosystem to operate distributed generation (DG) with resiliency, efficiency
and flexibility when connected to a bigger grid or while working in isolation, like island
grid systems [3].

With high renewable penetration levels and storage systems connected to the grid,
an adequate modelling of each power generation unit is needed. Even though it is
important to study the operation and control of the interconnected systems, a solid
performance of each individual model is crucial. These individual models can be used
in dynamic studies, unit commitment or planning software, among other uses.

Given the advancements in electronics, many data acquisition devices have been
embedded with DERs and the grid. These sensors generate massive amounts of infor-
mation that must be handled and generally administered by the supervisory control and
data acquisition (SCADA) system. Data scientists may use this information to better
understand DERs behaviour so that more optimised grid systems are built. Within
the scope of data science, ML algorithms have become increasingly popular in many
different domains. Electrical engineering is no exception given the difficulty of depicting
and modelling complex data or behaviours. Hence, the use of ML techniques to model
individual DERs becomes a natural and meaningful path to explore.

After analysing the most significant renewable power generation technologies in
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MGs, this thesis uses multiple ML algorithms to model the behaviour of photovoltaic,
battery and wind energy conversion systems. These models may provide more custom
solutions with higher performances. Therefore, the efficiency of existing physical models
can be compared with these new data-driven approaches based on ML algorithms.

1.2 Motivation and objectives

The main purpose of this thesis is to explore the application of different ML techniques
to model the principal renewable DERs in MG systems. Algorithms such as decision
trees (DT), neural networks (NNs) or ensemble techniques have been analysed. The
study of these models will provide knowledge to present a larger project which might be
applied in a real islanded MG. The purpose is to obtain more robust model behaviours
as well as new data-driven methodologies to model not only the power generation
technologies from this thesis but also technology available on the island. ML techniques
may provide a more individual behaviour for each of the technologies used in the MG.

After outlining the motivation associated with this PhD work, the main objectives
are:

• Studying the principal characteristics of MGs, with special focus on isolated
grid systems. Specifications from standards and guidelines, business models or
operation and control conditions, which are technical requirements needed to
define the environment that MGs represent to DERs, will be identified.

• Analysing the principal power generation technologies as well as energy storage
systems (ESSs) associated with MG systems.

• Generating a robust methodology to handle the data and modelling the behaviour
of DERs, automating the process as much as possible.

• Developing ML algorithms used for the estimation of power delivered by DERs
including a functional and a mathematical description. Given the variety of
technologies, only the more settled renewable technologies of the field will be
studied.

• Proving the efficiency of ML and data-driven models compared with traditional
approaches based on physical, electrical or chemical algorithms, evaluating the
models with real world case scenarios when possible.

In summary, this thesis work is focused on modelling different features of the
principal renewable DERs. This can have a positive effect on the operation of MGs
and dynamic or static studies, among others. From power estimation models to more
concrete models that impact the efficiency of DERs, ML algorithms are applied to
obtain more individualised behaviours and increase their performance.
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1.3 Contribution to knowledge

This thesis introduces convenient ML models to different DERs in a variety of situations
and with several types of data. In the MG domain, several DG technologies have been
explored. Then, taking into account the principal renewable DERs, ML models have
been implemented for photovoltaic (PV) systems, ESSs and wind energy conversion
systems (WECS). The ML models can be applied either as individual models to assess
the performance of each DER or as complementary tools for the mentioned dynamic
or static studies, unit commitment or planning software. Since there are many power
generation technologies and situations not covered in the present thesis, future research
is suggested to complete and extend the PhD research proposition. In summary, this
work studies the improvements that ML models provide to the principal renewable
DERs which have been conducted and validated.

In chapters two to eight, contributions are described, and the following bullet points
detail the novelty of each chapter:

• Chapter 2: In the study of MGs as ecosystems for DERs, a review dividing each
MG topic into layers was conducted. Each layer corresponds to subjects such
as policies and standards, business, environment and climate, infrastructure or
operation and control. The novelty of this chapter was considering that some of
these layers were constrained by the environment. Hence, an analysis about how
this might affect other layers was conducted. External layers were considered
to have interaction among the environment and the rest of the layers, while the
internal layers were only influenced by other layers. Segmenting the information
into layers has proved to be a useful way to assess the information in a clearer
way. The classification proposed may also provide a solid foundation from which
future studies may establish their MGs’ models or projects.

• Chapter 3: An unprecedented study of the infrastructure layer of 1,618 MGs was
conducted. Then with that information, a statistical study and an ML model to
generate the MGs infrastructure based on latitude and segment were performed.
This contrasts previous studies which dealt with fewer MGs and no searching
tool. The ML tool was shared as a MATLAB script with a classification and
regression learner and a flowchart guideline. The ML learning model, based on
decision trees, is similar to a searching tool and generates MG models using the
latitude and the segment as inputs to provide the generation technologies and
power capacity based on the compendium data. Those generation technologies
can be also be provided by the user so the algorithm only computes the power
associated with each technology.

• Chapter 4: ML techniques were successfully applied to obtain accurate results
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when modelling PV systems using only SCADA data and features extracted from
it. The model, based on neural network algorithms, was trained and tested with
real data from power generation sites in different parts of the world. Also, despite
seemingly promising results, in order to make a more generalised algorithm able
to model sites from different places, data from more climates and sites is required.
The proposed study obtained the second-best poster award from the 20th IEEE
International Conference on Environment and Electrical Engineering.

• Chapter 5: A simple but precise polynomial model for calculating the annual opti-
mum tilt angle at any latitude while maximising annual incident solar irradiance
is proposed. Due to the lack of access to meteorological data in many locations
around the world, or to the small size of the installation, it is convenient for
designers or users of solar collectors or PV systems to have access to a mathemat-
ical model for determining their optimal orientation. More complex regression
methods were also investigated for calculating the optimum tilt angle, including
neural networks and decision trees. Despite better results, for the sake of easy
implementation, the use of either the quadratic or cubic polynomial models will
be suggested. These models are believed to be the most accurate models of their
type to date, due to the size and quality of the datasets used.

• Chapter 6: An ML algorithm based on ensemble gradient boosting was used
to model a lithium-ion battery with data generated in the laboratory. This
chapter presents both the methodology applied to obtain the data as well as a
detailed description of the experiments. The mathematical backgrounds for some
of the tests are also shared. Even though the model’s results were solid, the
state of health of the battery produced unstable behaviour with some extreme
experiments; hence, some suggestions to improve future laboratory experiments
with batteries are suggested.

• Chapter 7: Two different power coefficient models based on neural networks
and polynomial fitting are proposed and publicly shared. Both outperformed
existing models with 55% lower error rates than the best numerical approximations
found in the literature. To validate these results, data from three real wind
turbines with different power ranges were selected. The proposed models were
developed with information obtained through a blade element momentum (BEM)
application where three different sets of data were generated. Hence, a wide
range of wind turbine possibilities was covered. The polynomial model has the
advantage of having an easy implementation, with good performance and reduced
computational cost. The NN model had a better performance, with the possibility
to retrain it or use it with a transfer learning approach so researchers can make
more robust power coefficient algorithms with less novel input data. This study



Chapter 1. Introduction 6

was highlighted as the best paper of September 2020 in the journal IET Renewable
Power Generation.

• Chapter 8: Three different ML algorithms, based on neural networks, were trained
with real data and estimated the power output of WECS. To model representative
data, cleaning techniques should be applied. After implementing default cleaning
techniques, an extra automatic filter, based on a Student-t copula model, was
applied to further clean the dataset. While the filtered amount of remaining data
was relatively low (around 5%), the estimation of power for WECSs was better
when filtering in the three test models proposed. It was proven that when fitting
the copula model to the dataset, outliers such as power clipping, under-power
situations, among others, are automatically filtered with this technique. Hence,
copula models provide an easy automatic application filtering tool to assess the
performance of WECSs by means of power estimation and power curve modelling.
The copula screening techniques applied and assessed in three different data-
driven models may provide economic benefits for wind farm (WF) operators by
correctly scheduling and assessing the WECS information. The mathematical
copula techniques used to assess the dependency among variables provides great
performance. Hence, future research study topics were proposed.

Chapter 9 aggregates all the conclusions of each chapter along with some final
thoughts. Future work related to this thesis is also outlined.

All relevant ML algorithms from each chapter can be accessed via the internet.
Table 1.1 presents the chapters where the algorithms appear, the type of model and
the link to access and download them.

Table 1.1. Links and descriptions for public domain algorithms proposed in this thesis.

Chapter
Number ML model Source Web Link

3 Decision Trees MATLAB https://data.mendeley.com/datasets/cfws3zbhkc/2
5 Neural Network MATLAB https://github.com/elcarpins/optimumTiltPVSolarCollectorModel
5 Decision Trees MATLAB https://github.com/elcarpins/optimumTiltPVSolarCollectorModel
6 Gradient Bosting Python https://github.com/elcarpins/Li-ionSOCalgorithm_gradientBoosting
7 Neural Network MATLAB https://github.com/elcarpins/windTurbinePowerCoefficientModel
7 Polynomial MATLAB https://github.com/elcarpins/windTurbinePowerCoefficientModel

This work is highly valuable for academics and industries related to DERs and MG
systems. Models have proven to be useful while also providing good performance and
results. Real world cases have been used to validate these findings, which ensures the
efficiency of the models so they can be applied to future studies of real scenarios with
PV, ESS and WECS technologies.

https://data.mendeley.com/datasets/cfws3zbhkc/2
https://github.com/elcarpins/optimumTiltPVSolarCollectorModel
https://github.com/elcarpins/optimumTiltPVSolarCollectorModel
https://github.com/elcarpins/Li-ionSOCalgorithm_gradientBoosting
https://github.com/elcarpins/windTurbinePowerCoefficientModel
https://github.com/elcarpins/windTurbinePowerCoefficientModel
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1.4 Thesis overview and asset management

In order to model the principal renewable DERs, multiple types of data were used.
SCADA information from real electric power plants have been implemented when pos-
sible. If that information was not available, virtual data was generated or laboratory
experiments were conducted. Validation of models was always performed with untrained
data. In addition, test models were compared against state-of-the-art models. Depend-
ing on the goal of the model, algorithms were selected according to interpretability,
performance or computational costs.

This thesis work is not organised chronologically; in contrast, these chapters are
ordered based on the amount of renewable power generation capacity installed in MGs
worldwide. Hence, of these nine chapters, two correspond with PV ML models, one
corresponds with an ESS ML model and two correspond with WECS models. A flow
diagram summarising the thesis content and the relationships between models can be
seen in Figure 1.1. Additionally, the content and the assets used to develop each chapter
are briefly described below:

Chapter 1 introduces this thesis. The motivation and objectives are outlined, and
the novel contributions are described. To finish the chapter, an overview of the thesis
work and a brief ML background is provided.

Chapter 2 reviews MGs as an adequate ecosystem for DERs. The principal topics
covered in the academic literature and the industry are treated as layers and reviewed
in different subsections of the chapter. To provide a solid base for the concept of MGs,
various definitions are analysed. Then, the interaction between the environment and
the layers is covered. Due to the importance given to them by some authors, some
layers are studied in greater detail.

Chapter 3 shows an unprecedented academic study of the infrastructure of MGs. A
total of 1,618 MGs were considered by aggregating their power generation technologies,
segments of application and locations. There are two main outcomes in this study.
First is a a statistical review of the information gathered from all the MGs. With this
information, a guideline to generate prototypes of the MGs infrastructure is proposed.
Then, taking advantage of ML techniques, an algorithm to generate those same MG
prototypes with greater precision is presented. The chapters of this thesis have been
ordered according to the data from this study. Hence, considering the renewable DERs
most often installed in MGs, in decreasing order, the technologies found were PV,
storage systems and WECS.

Two different software applications were used for the analysis in Chapter 3. All data
were introduced and ordered in an Excel file (csv), where each column was a feature
of the MG. The data was then loaded in MATLAB (v2018 & v2019) to perform the
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Chapter 1: Introduction

Topic: Microgrids

Chapter 2: Microgrids literature review through a 
layers structure 

Chapter 3: Microgrid infrastructure compendium analysis 
with a model creation tool and guideline based on 

machine learning techniques

Principal renewable distributed energy resources

Topic: Photovoltaic

Chapter 4: Photovoltaic electric power estimation with
a machine learning algorithm based on neural

networks and validated with deterministic approaches

Chapter 5: Worldwide annual optimum tilt angle model
for solar collectors and photovoltaic systems in the

absence of site meteorological data

Topic: Energy storage systems

Chapter 6: Battery state of charge estimation based
on ensemble machine learning techniques

Topic: Wind energy conversion systems

Chapter 7: Wind turbine power coefficient models based
on neural networks and polynomial fitting

Chapter 8: Improved wind power estimation 
assessment through power curve density filtering

Chapter 9: Conclusions

Figure 1.1. Flow diagram classifying the content of this thesis, divided by topics and
displayed in order.
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statistical analysis as well as develop the tables. Also, the ML algorithm was developed
by programming on MATLAB. The hardware used to model the ML algorithm was a
computer with an intel CPU i7-6700 and 16GB of RAM.

In Chapter 4, an ML algorithm trained with data from real PV power plants is
presented. A comparison between two sites in different parts of the world is shown
and analysed. To validate the model, deterministic techniques from the literature were
selected. All data were gathered in csv files and loaded in MATLAB. The MATLAB
software application, v2019, was used to treat the data and perform the models. The
hardware used to model the algorithms was a computer with a CPU i7-6700k, 48 GB
of RAM and a GPU GeForce GTX 1080.

Chapter 5 also concerns PV models. Here, the ML models are applied to optimise
the optimum tilt angle of PV or solar collectors. This is a valuable tool for those
sites where no historical or meteorological data is available. The models proposed are
generated using irradiance data from two public databases (EnergyPlus and BSRN)
that together encompass 2,603 sites from around the world. Three types of algorithms
were generated: two based on ML techniques, which provided the best results, and an
easier one based on polynomial fitting. Despite the polynomial fitting yielding worse
results, for those places with no data or difficulty accessing to computational resources,
these models will provide sufficient results. In actuality, these models are believed to
be the most accurate algorithms of their type to date, due to the size and quality of
the datasets used.

Chapter 5 also gathers the data in csv files, then the information was uploaded to
MATLAB (v2020) where it was modelled. Models were computed in a CPU i7-6700k
using 48 GB of RAM and a GPU GeForce GTX 1080 for the NNs.

Chapter 6 presents an experiment and a model of an ESS. To the best of the author’s
knowledge, there are no dynamic discharge standards for batteries used in MGs. Hence,
an experiment using electric vehicle (EV) batteries along with their standard dynamic
discharges was performed. To complement the dynamic discharges, constant current
discharges were also analysed. The experiments were conducted simulating different
ambient conditions using a temperature chamber. Then, after generating the data, an
ML model was implemented to estimate the state of charge (SOC) of the battery. The
SOC is a key feature when trying to operate with a battery. Despite the good results,
future studies should conduct more experiments to provide more solid outcomes.

In Chapter 6, the hardware and software used can be differentiated into two cate-
gories: one was applied to the experiments while the other was used to train the ML
model. The assets employed in the experiments are listed below:

• A computer with a CPU i5-4460 and 4GB of RAM
• A programmable DC electronic load (Chroma model 63201)
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• A programmable DC power source (Sorensen model SGI60/167D-1CAA)
• A temperature chamber (Ineltec model PR-920)
Then, with the data saved into text files, MATLAB (v2020) was used to gather

the information and save everything into parquet files (due to its optimal performance
with column type data). To generate the ML model, Python version 3.7 was used. The
code was implemented in the Spyder environment and four Python packages were used:
Pandas, NumPy, Matplotlib and Scikit-learn. To generate the models a computer with
a CPU i7-6700k, 48 GB of RAM and a GPU GeForce GTX 1080 was used.

In Chapter 7, two models of power coefficients of wind turbines (WTs) are proposed.
The chapter reviews the state-of-the-art power coefficient models most used in the
literature. These same models are used as validation algorithms. By using a BEM
model, data from 3 different sized WT were generated. These data was used to train
two types of algorithms: one based on neural network techniques and another based
on polynomial fitting. The ML algorithm based on NN obtained better results, but the
ease of use of the polynomial model provides a wider scope of potential users. All the
models were validated with the data from three real WTs. The proposed algorithms
outperformed those from the literature by a huge margin.

Chapter 7 used the information saved into MATLAB (v2019 & v2020) and csv files.
The models were generated in MATLAB with a computer CPU i7-6700 and 16GB of
RAM.

In Chapter 8, three different WECS modelled with ML algorithms based on neural
networks are proposed. The chapter covers the methodology applied to the model and
to individual WECS, as well as the aggregation of many individual WECS into the
same model, and concludes with the model of a whole WF. Real data from the SCADA
of a WF was used to generate the algorithms. The key aspect proposed in the chapter
is the automated cleaning methodology applied to data before modelling. The use of
Student-t copula models increases the performance of all the algorithms proposed. All
mathematical applications used to generate the models are summarised in the chapter.

The information from Chapter 8 was saved into csv files. First, the data management
was developed in a Python Spyder environment using the pandas and NumPy packages.
Then, were loaded into MATLAB (v2020) where it was computed and the models were
generated. To model the neural networks a computer with a CPU i7-6700k, 48 GB of
RAM and a GPU GeForce GTX 1080 was used.

Chapter 9 gathers the conclusions from all chapters, including a general conclusion
for the entire thesis. Also, some future research topics are suggested.

The thesis was written using LaTeX in a web browser service provided by Overleaf.
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1.5 Thesis machine learning fundamentals
background

In this section, the fundamentals of ML are explained. The information presented
complements the methodologies applied in those chapters where ML techniques were
used. The first subsection defines ML and classifies the types of ML. The subsection
finishes by framing the ML addressed in this thesis. The following subsection explains
methodologies and good practices applied in an ML project following a waterfall flow
diagram.

1.5.1 The concept of machine learning

Despite the concept of ML originating in the 20th century, it emerged in previous
decades as a popular tool because of advancements in computational capacity and
storage availability. Along the years, many definitions have been proposed, but all
share the following premise: ML models detect patterns and then "learn" from the data
[4]. ML techniques are generally applied when a solution is too complex to program,
so ML can be used to detect spam emails, recognise speech, predict the weather and
run web search engines, among other things. Some of these tasks might be performed
by humans, while others are beyond human capabilities. Also, a key feature of ML
techniques is the adaptability to retrain models with new data so they can improve
over time.

After this overall description of ML, some relations to other fields are convenient to
highlight. ML is an interdisciplinary tool which can be applied in different mathematical
fields such as statistics, information and game theory or optimisation. ML can also be
considered a field of computer science but it is generally encompassed as a branch of
artificial intelligence (AI). It is important to note that ML is not the same as AI. In fact,
ML is said to belong to the field of AI [5]. Within the scope of ML, authors comprise
different types of learning. The main classification used to describe ML models is to
divide models into supervised and unsupervised learning. Supervised learning involves
applications where the input training vectors are used along the corresponding target
vectors. In contrast, unsupervised learning models correspond to pattern recognition
where input vectors are used without any corresponding target value. More information
about unsupervised learning can be found in [6]. Reinforcement learning is less popular
than the previous types of ML and corresponds to those models trained by an iterative
process of trial and error. This technique does not use any examples to train the
model; it works by iteratively selecting new actions and evaluating the effectiveness
based on a system of penalties and rewards [7]. ML algorithms can also be classified
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based on how the data is streamed through the learning process. Batch learning models
are those incapable of learning incrementally. They usually train by incorporating all
available data and launch into production without retraining. This can be also defined
as offline learning. In ML models trained with online learning, the data is sequentially
and continually fed. The model is constantly retrained with the aim of improving its
performance.

The work of this thesis is focused on applying supervised batch ML models. Given
the nature of the problems to be solved, within the supervised learning scope, mainly
regression techniques have been explored. Figure 1.2 shows the relationships of the
previously described types of ML and highlights the topic on which the ML applications
explored in this thesis are based.

Artificial Intelligence

Machine Learning

Supervised Learning

Unsupervised 
Learning

Classification Regression

Estimate
categories

Estimate
continuous
numeric
features

Figure 1.2. Block diagram classifying ML-related fields; the main topic of this thesis is
highlighted in red.

1.5.2 The process of a supervised regression machine
learning project

There are many good practices integrated into the ML landscape. Regarding the
sequential steps of an ML work, some project management methodologies have been
standardised in books [4] or courses. Although, references may include or exclude some
steps, the most common ML project tiers are depicted in Figure 1.3.
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Framing
the task

Acquiring
data

Exploring
the data

Preparing 
the data

Modelling
the data

Tuning the
ML model

Evaluate the
model

- Define the objectives.
- Frame the ML problem.
- Establish how to measure the model 
performance.

- List and properly document the data.
- Check authorisations and legal obligations.
- Protect sensitive information.

- Inspect the attributes and characteristics.
- Visualise the data.
- Study correlations of the attributes.
- Identify future data transformations.

- Data cleaning.
- Feature selection.
- Feature engineering.
- Feature scaling.

- Split data into training, validation and test.
- Select training algorithms.
- Fit the models.
- Measure the performance.

- Tune the hyperparameters of the model.
- Apply ensemble algorithms (optional).
- Re-assess the model performance.

- Apply the test set to evaluate the model.
- Document the results.
- Make figures of the model outcome.

Figure 1.3. Waterfall flow diagram showing the principal tiers of an ML project, accompanied
by brief descriptions of the steps followed in each of the tiers.
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Each of the tiers from Figure 1.3 are explained from top to bottom in the following
subsections. Although the ML project methodologies from this section are explored
with a general perspective, the chapters of the thesis will detail the methodologies
associated with each of the ML models proposed.

1.5.2.1 Framing the machine learning task

The first step in the flow diagram, coloured grey in Figure 1.3, is framing the task of
the project. This is a high-level procedure for ML projects but is incorporated at the
beginning of most business and academic projects. In order to narrow the resources
searched for the project, a clear objective must be established. This step is fundamental
to keep the project on track.

To define the boundaries, so the business objective or research question will be met,
some topics should be covered. For instance, the current state-of-the-art methodologies
must be analysed and the potential solutions enabled by ML models should be assessed.
An important insight from this stage is determining how to validate and measure the
performance of the future model.

1.5.2.2 Acquiring data

Acquiring the data is the next step for an ML project, represented in violet in Figure
1.3. With the project framed, acquiring adequate data is fundamental to eventually
meet the objectives defined. Despite being a tedious step, especially without easy access
to data assets, extra effort is required to automate as much of this process as possible.
Automating the procedure is important given the delays that might be experienced due
to the legal authorisations necessary to use the information or the conversions needed
to adapt the data into a suitable format.

Also, before loading the data, a proper inventory of the information is required.
When working in the cloud, it is also a good practice to check the space needed to
save the data. The last important tip to follow at this level is to make sure that all
confidential and sensitive information is properly managed by deleting or protecting it.

Some authors, such as [4], exclude a percentage of the information so it can be used
in future steps as a test dataset when evaluating the model. However, most projects
make this decision later in the project.

1.5.2.3 Exploring the data

Represented in blue in Figure 1.3, exploring the data is the third stage of an ML project.
In this step, data features must be studied. Also, particularly for supervised learning
models, the targets should be identified. An important task for future stages is to
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analyse correlations between attributes. Also, listing some possible data transformations
can be helpful.

When exploring the data, applying statistical knowledge might provide key insights.
Some of the most referenced ML books, such as the one written by Christopher M.
Bishop [7], start by defining the basic concepts of probability and statistical techniques,
emphasising the importance of these approaches. The results obtained from the analysis
will provide the information from which the next tier will start.

1.5.2.4 Preparing data

Preparing the data is the next step of an ML project. This step is green in Figure 1.3.
The information from the prior step is valuable when preparing the data. The main
tasks at this stage are cleaning the data, selecting the best features, feature engineering
and feature scaling, and for all these tasks, understanding the information is essential
to apply them properly.

Regarding the data cleaning task, both fixing or removing outliers can be applied.
In future chapters, different techniques will be applied. When using information about
the correlation of variables, a feature selection can be applied, which will drop any
unnecessary attributes, thereby decreasing the weight of the model and enabling faster
training. The feature engineering task refers to those techniques related to data trans-
formation, decomposition or aggregation. Finally, feature scaling refers to normalisation
algorithms, commonly applied with neural networks given the improvements in perfor-
mance when training.

1.5.2.5 Modelling data

Represented in yellow in Figure 1.3, modelling the data is the fourth tier. With the
data already prepared from previous tasks, now the first approach is to split it. If the
test dataset was already removed, it must not be repeated. Usually, the information
is divided into three datasets: training, validation and testing, traditionally composed
of roughly 70%, 15% and 15%, respectively. The training dataset is used to train the
parameters of the models; the validation dataset is used to compare the performance
of the different models trained and select the best ML algorithm.

Many types of ML models can be trained, but the most common are
• linear and polynomial functions
• support vector machines.
• decision trees
• neural networks (deep learning).
• ensemble and random forest learning.
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General characteristics of the ML models listed can be found in [4, 5, 7] while other
books instead focus on one application of ML. For instance, specialised information on
neural networks is found in [8] and content about Bayesian techniques can be found in
[9]. The mentioned models also have many different variants with their own attributes.

Since it is difficult to predict the behaviour of the algorithms, more than one solution
should be trained, and some ML models perform better with determined data distri-
butions. For instance, linear functions properly fit linear correlated information while
more complex solutions may overfit the same linear correlated information. However,
the best performance model should not always be selected – other characteristics such
as interpretability or computational costs must be evaluated depending on the project
application. ML is essentially an empirical task of trial and error. Hence, only after
evaluating a variety of algorithms, from simpler to more complex solutions, one, which
properly fits the project goals, can be selected.

Then it is highly recommended to train the same algorithm but initialised with
different parameters. As previously stated, the best performance model is selected
based on the validation dataset error. This model will be further refined to increase its
performance for the subsequent stage.

1.5.2.6 Tuning the machine learning model

Depending on the behaviour of the algorithm with the validation dataset, some pa-
rameters can be tuned to improve the performance. For instance, as shown in Figure
1.4, if a model is overfitted, which means that the function has been excessively tuned
to fit the training data, some techniques can be applied to correct this situation. An
adequate generalisation of the model is usually needed so that introducing new data
to the algorithm will not drastically diminish the performance. An example of this
type of techniques appears with neural networks, where a dropout layer can be added.
This layer eliminates the weight of a given percentage of neurons so a more generalised
result is obtained.

Under-fitting Just right Over-fitting

y

x

y

x

y

x

Figure 1.4. Examples of fitting types when training an algorithm to model two-dimensional
data.
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An optional solution is to combine the results of different models trained in the
previous stage; this methodology is referred to as an ensemble technique. The ensemble
approach usually combines softer or weaker models which individually do not perform
as well as when they are combined. For instance, random forest by itself is an en-
semble technique since it combines many different decision tree algorithms. Types of
combinations and ensemble techniques are detailed in [4].

If the previous techniques are applied, then the model must be re-assessed.

1.5.2.7 Evaluate the model

The final tier in the waterfall flow diagram is represented in red and refers to the model
evaluation. At this point, the model trained is tested with the test dataset previously
separated. Error metrics are used to measure model performance using test data, which
is an example of the deployed model’s performance. The model can be validated using
other techniques when available to assess whether it met the expectations defined in
the objectives. If that is not the case, it is recommended to revisit previous tiers to
make amendments.
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2.1 Chapter summary

• Problem: There are many scientific papers related to microgrids. Given the
amount of topics covered by the researchers, filtering and finding adequate infor-
mation becomes a difficult tasks.

• Existing solutions: Condense the information in a review manuscript.
• Proposed solution: Perform a review of microgrids using both scientific and

industrial documentation. The information is segmented and organised into
layers, where each layer represents a mayor topic of MGs.

Abstract

Within a distributed generation (DG) system, microgrids are an alternative approach
that may provide both resiliency and efficiency benefits. In this review, an analysis of
both research and industrial documents was done. In order to establish a solid founda-
tion of the MGs concept, a comparison of various definitions written by distinguished
authors has been made. Segmenting the information of MGs into layers facilitates
its analysis, search, and comparison. Therefore, this chapter continuous with a layer
approach from other studies and incorporates the concept of the environment as a
key element that has a high impact on the microgrid functional structure. With the
foundation of the MG concept, an exhaustive literature review has been developed
about the main microgrid layers, such as business, standard, climate, infrastructure or
control, and operation.

2.2 Introduction

Electrical energy demand is expected to increase by 30% in 2030 compared with the
consumption levels of 2012, due mainly to population and economic growth [1]. In
addition, according to the International Energy Agency, the incremental global invest-
ments in the energy sector through 2035 are estimated at $40 trillion [2]. However, the
energy is not produced only in large generation plants any more as it was many years
ago [3]. Owing to new standards and global arrangements, the energy generation model
is changing, and from those changes originate new opportunities. One opportunity is
for distributed generation (DG) technologies to be the way for renewable energies to
become a relevant segment of the electricity market. This decentralisation could help
tackle challenges like reliability, resiliency, or reducing greenhouse emissions, as well
as producing benefits for consumers and producers [4, 5]. Microgrids (MGs) are the
ecosystem that may provide that decentralisation of the generation resources.
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There are many definitions about what an MG is; however, many authors agree on
three key components that MGs may share: Generation and demand control systems,
clearly defined boundaries, and island capabilities [6–8]. Distributed electric generation
can be from both renewable and traditional energy resources. Storage capabilities may
be included as well. MGs are predominantly electrically based, operating in AC or DC,
but they can incorporate thermal components for a heating purpose. Since the demand
is close to those generation points, the boundaries of the system have a smaller scale
than the main grid. An MG can operate independently from the grid in “island” mode
or connected to it [9–12].

The uncertainty and intermittence of the renewable generation resources create a
challenge in the administration of energy for any kind of system [13]. In MGs, the
control system, which includes the energy management system (EMS), must be used to
govern the flow of energy and to decide between being connected or disconnected from
the main grid. It also has a key role for optimising the costs and the reliability of the
power supply. At the same time, the control system oversees the primary, secondary,
and tertiary controls, providing stability in the electrical system [14].

A systematic review guideline from the software engineering research field has been
followed and adapted to identify the most relevant research and industrial documents
about MGs [15]. This methodology along the layer structure allowed the authors to
analyse a vast amount of information in a more rigorous and consistent way. The layers
structure served as a template to classify the different research questions and organise
and evaluate the information.

The content of this chapter is based on the manuscript "Microgrids Literature
Review through a Layers Structure" [16] introduced in the published and submitted
content chapter in the beginning of the thesis document.

The following chapter will be focused on what MGs are and how they can be
structured. Initially, in the MG concept section, various definitions are discussed.
Some basic knowledge is also presented, such as advantages and drawbacks. Section 2.4
analyses different layers of the MGs. A layer corresponds with a topic from which an
MG can be studied, such as the business perspective among some others. In addition,
some conclusions to future trend studies comprise the closure of the study.

2.3 The Microgrid Concept

During this section, a broad perspective of what an MG is will be presented. Starting
with the definitions established by different organisations and researchers, a common
understanding will be settled. From that point, the types of MGs along their benefits
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will be covered. Also, the structure of an MG is discussed.

2.3.1 Definitions

There are many definitions about what an MG is [6–8, 17–24]. All of them are extremely
similar with little variance. There are three common factors which they all share: (a)
islanded and grid connected functionalities; (b) clearly defined electrical boundaries;
and (c) a control entity able to manage the energy resources along the loads. An MG
structure concept similar to the one proposed in [7] and can be seen in Figure 2.1.
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Figure 2.1. AC microgrid structure and components example.

The concept of an MG was not the same from the beginning and, according to [9],
an MG was seen from a very broad perspective considering it as a power subsystem
gathering generation and loads. After a time, it was established that MGs worked on
a distribution level, and later on, their islanding capability was finally presented. Even
though nowadays the concept of an MG is not universally accepted as we have seen, in
[25] the authors go even further and imply that there are also differences depending
on the region of the world. According to them, the US perspective is that an MG
can supply both heat and power, whereas in the EU approach, the heat supply is not
usually considered.
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Apart from MGs built on islands or remote areas, the concept of an MG implies
being connected to a stronger grid. Actually, many of its benefits come along with this
capacity of connection and disconnection. For the purpose of islanded functionality,
it is adequate for the MG to have an installed generation capacity exceeding the
maximum load. In any other case, some loads may be sacrificed when the MG operates
disconnected from the main grid.

Within its boundaries, the MG may integrate generation and responsive loads as
well as storage systems. It should be seen as a single controllable entity by the main
grid, which is a similar perspective that virtual power plants have [26, 27]. The main
difference between them is the islanded capability. In many cases, the MG is located
at a low voltage (LV) level with some exceptions where it can have a medium voltage
(MV). Some authors also make distinctions considering the power supplied to the MG,
clustering them as picogrids or nanogrids [25].

The benefits of MGs are very similar in both industrial documents and scientific
research. All of them imply that MGs are reliable and efficient [8, 17, 28–33]. In
almost all analysed publications, reliability and efficiency are described from different
perspectives. The essence of energy reliability is related with one of the main charac-
teristics of MGs: its islanded functionality. The efficiency, in contrast, is the result of
many factors, but the most repeated one is the characteristic of having the generation
close to the demand. However, MGs have many more benefits. For instance, [17, 28]
conclude that an MG is also a system independent from fuel variable prices since it is
an adequate environment to implement renewable generation sources. The ability of
MGs to give access to remote areas where the main grid cannot reach, mainly due to
excessive costs, is also pointed out. More renewable sources have the benefit of reducing
harmful emissions as a consequence as it is denoted by [8]. In that same document, the
most extensive study about the benefits of MGs is developed. It is not only divided into
direct or indirect benefits, but also relates them to the MG stakeholders. The security
benefit is outlined in [29, 30]. It is related with resiliency, but it is more focused on the
detection and prevention of external disruptions, which is a subject of study in smart
grids. The job creation benefit is explained by [17] and is related with local jobs, not
only in maintenance. Benefits usually imply economic advantages, and some of them
are studied in [8, 34, 35].

Despite MGs having many benefits, some of their main characteristics need to be
further analysed. In [32], the main barriers for a wider adoption of MGs are shown.
The main enablers to avoid the proposed barriers are also discussed. Both topics are
evaluated with different utility acceptance levels. For instance, when changing from
grid connected to islanded, many security and economic issues may come to mind. The
concern of utility regarding connection tariffs, among some others, are shown in [29].
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In this chapter, the relationship among the different stakeholders and their main goals
are discussed. According to them, regulatory entities have a key role in the relationship
among MG agents. Regarding technical and security features, general interconnection
requirements are established in [36]. Technical issues related with intentional and
unintentional islanding are also treated. Other manuscripts like [37] also analyse the
interconnection requirements from the technical control perspective.

2.3.2 Microgrid Functional Structures

There are different perspectives on how to differentiate the MG functional structure.
Most articles focus on just one of the structures, but sometimes more are handled [9, 18,
38–40]. To clearly classify and asses the information of these structures, a layer-based
approach can be followed.

Some authors already used a layer-based MG model to present a clear division of
what functions this power system has. Martin-Martínez adapted in [25] the layer-based
concept of CEN-CENELEC-ETSI into an MG perspective [41]. Maitra in [42] also
chose a similar visualisation of the MG and used it from a controller point-of-view.
Due to its simplicity and clarity, this chapter brings back this concept and adds some
different conditions to explain and develop this article.

Martin-Martínez et al. [25] differentiates an MG in five layers. Those layers are
regulatory framework, business models, intelligence, communications, and infrastruc-
ture. A disaggregation is also made into various levels (MG, nanogrid, and picogrid)
according to the size of the subset of the grid. In [33], the technology in an MG is also
divided into five layers. From Layer 0 to Layer 3 as he proposes would differentiate the
physical equipment, the system protection and control, the automation and control,
the monitoring, and scheduling. Then, Layer 4, optimisation and dispatch, with the
energy market, grid, and transactive operations as the last layer.

In this chapter six different layers have been differentiated. Three of them are
considered to have interactions mainly with external conditions to the MG. These are
called, external layers and can be differentiated into policies and standards, business,
and climate conditions. Most of their features depend on the environment and the
location where the MG has been built. In contrast, the other three are called internal
layers and have mainly interactions between other layers. These are separated into
infrastructure, communications, as well as operation and control. In Figure 2.2 the six
layers are represented. The internal layers are the inner ones, while the external layers
are the outer ones.

Despite it mainly being used in companies from a project management perspective,
conducting an analysis of the environment and identifying the relations and risks
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Figure 2.2. Microgrid layer structure.

associated is a key factor of success in any kind of project [43–45]. An MG, as a project,
should consider all of this, and thus a different approach is followed in the layer concept
within this chapter, where the external conditions to the MG are analysed to see the
interactions among all the layers. Within the following section, most of the layers will
be reviewed.

2.4 Microgrid Layers

There are different perspectives from which to study an MG. For the sake of clarity,
each of them was divided into six different layers. Despite there being many literature
reviews encompassing an MG analysis, this chapter aims to point out how the external
conditions of an MG affects some layers while the others interact mainly between them.
An exhaustive literature review has been developed to analyse the layers and study
their interactions.

It is worth noting that some authors agree that MGs have three main barriers for a
wider implementation in the world. They refer to the business, policy, and technological
barriers. However, they also conclude that most of the problems related to these barriers
may eventually be solved, and the adoption of MGs will be more extensive [12].
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The barriers previously cited concur with three of the six layers presented here. Two
of them within the external layers. To operate the MG, a close relationship must exist
between all of the layers of the MG and the environment. So, there is a special emphasis
on the approach of the control and optimisation layer, considered a key function in an
MG by [14] and the mechanism that holds all of the layers together in an MG.

2.4.1 Policies and Standards Layer

Regulatory barriers stand at the top of the three barriers mentioned above that prevent
MGs from having a wider adoption in the world. According to [46], in the US, utility
franchise rights, the threat of being subject to public utility regulation, and the lack of
MG financing models and performance metrics are the main obstacles that MGs are
experiencing and therefore not achieving a wider deployment. Moreover, the impact in
grid-connected MGs is even higher.

All throughout this section, the Policies and Standards Layer (see Figure 2.2), two
types of documents may be differentiated. First policies scenarios are shown, where
principles adopted by an organisation or a country in most of cases are analysed. Then
standards, which do not provide mandatory technical specifications to be implemented
but are highly suggested because they are considered to be minimum requirements in
the system.

There are a multitude of policy scenarios widely adopted by many countries; emission
taxation and supporting policies for renewable generation units are two examples. For
instance, there have been many episodes in Spain, the UK, and Italy where a policy
intervention had a significant impact, in this case to solar PV installation [47]. In
the same article, it is also suggested that an over-regulatory and policy dependence
may expose businesses to continuously deal with the regulatory framework and create
risks for these companies in the sector where they operate. So, in conclusion, they
suggest that policy makers must work along with businesses to increase long-term
business models’ sustainability, avoiding regulatory dependence. According to [48], in
North American locations, emission taxation has little effect on the MG economics and
operation whereas heavy incentives for renewable usage have a high impact on MG
usage. Nevertheless, a readjustment on public policy to reduce emissions would change
the future MGs’ designs to rely on microturbines. It also suggests that exporting power
to the main grid is not rewarded due to issues with quality regulation and reverse flows.
In [49], it is also pointed out that interconnection tariffs and carbon taxes are important
parameters that policy makers have the power to deal with. A good management of
policies performed by this collective may increase the deployment of MGs all along the
grid. They bring up the idea that policy makers, with the right policy framework, are
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focused on strategies to decentralise the main grid, which may lead to a decrease in
customer energy costs. The impact on carbon taxes, economic incentives, mandatory
emissions reduction, and mandatory minimum participation percentages of renewables
are topics examined in [50]. Despite policy measures considering a broad spectrum of
MG sizes, from a building to entire communities, they also suggest that the effects of
MG size have not been examined in the literature yet.

According to [51] in the European Union (EU) there are not specific policies about
MGs. Nevertheless, the manuscript gathers different regulations related to the main
MG components, such as grid connection, renewable energies and self-consumption, as
well as energy storage. Different incentives applied by EU countries are also discussed.
The particular case of Spain in comparison with other EU members is presented. In [52],
it is also stated that most of the countries have not developed a particular regulation
for MG integration. Regarding the EU, it is said that advanced research has been made
on the topic of MGs along energy policies to push a single energy market with large
renewable penetration. The main topics that policies and standards should encompass
are also summarised. In [53] a study of the power grid from a macro and micro level is
developed. Regarding the MGs, it is said that within the EU, the MG policy paradigm
should be stated at regional level. In contrast the manuscript states that in east Asia,
with a partial liberalised market, MGs encompass some national specific goals. In Japan,
islanding capability is necessary due to the high rate of earthquakes whereas Singapore
is leading the rural electrification in the continent. With a deep look into the history
and current status of the electricity market in China, Reference [54] identifies the smart
grid technology as a way to address the commitments to global climate change, diverse
economic requirements, or consumption in the country. Since the initiative to develop
smart grids lies in the state, the authors encourage the institutions to integrate this
technology, closely related with MGs. Regarding the USA, Reference [55] did a review
of MG development with a special focus on policies. In the annexes of the manuscript,
there is a table summarising microgrid-related regulations at federal, state, and utility
levels.

Regarding the technical standards and guidelines, 23 documents were studied con-
sidering grid connection and operation technical requirements. Among the selected
documents, five of them might be applied to MGs while the rest are focused on dis-
tributed energy resources (DERs). A summary of the documents is shown in Table A.1,
where each standards’ country, year, title and scope of application appears. Even though
a detailed study of the standards documents can be seen in [56], in this chapter some
highlights are referenced. The manuscript divides the review of the standards in dif-
ferent sections. Regarding the interconnection requirements for DERs, the manuscript
shows the minimum times needed while having both the voltage and frequency within
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limits before reconnecting the system or initiate the power electrical supply. When
connecting DER to the system, the maximum voltage fluctuation permitted are also
shown. In the operating voltage condition section from the manuscript, the voltage
and frequency thresholds established to preserve a stable grid are outlined. The limits
settled for under and over voltage and frequency as well as their correspondent base
value are shown. The control capabilities of DERs and MGs are also reviewed in the
manuscript. Within the control scope, the power factor range is mentioned by some of
the standards studied. For instance, the power factor thresholds for both leading and
lagging limits are presented. Also, the frequency regulation in steady state operation
needs to be control so disturbances are avoided. Both the frequency and gradient
thresholds from which DERs should respond are displayed. Despite only some stan-
dards establish frequency and gradient regulation, just the IEEE 1547 addresses the
frequency ride-through requirements. Some of the standards reviewed allude to power
quality conditions so the experienced of the grid is not compromised. The harmonics
current injections that shall be avoided while supplying to the network are noted in
the paper. Also, the maximum DC current injection allowed or the long-term flicker
strength limits are displayed. Despite being a key feature in MGs, DERs can be inten-
tionally islanded too. In the article, the behaviour differences to DER settings when
islanding are shown.

When considering only standards referred to MGs, the following might be high-
lighted. The IEEE 1547.4 is a guide for the design, operation, and integration of
distributed resources’ island systems with electrical power systems, focused on DER
intentional islands that we may refer to as MGs. The new IEEE 1547 revision [36] from
2018 also takes into account control capabilities, such as the voltage ride trough, the
frequency ride trough, or the rate of change of frequency. The IEEE 2030.7 discusses
the specifications of MG controllers to properly handle the operation and control layer,
or how it is named in the standard, the MG EMS, common to all MGs and analysed
regardless of the architecture or jurisdiction. The IEEE 2030.8 is a new standard for
the testing of functional and performance minimum requirements along their proce-
dures to enable verification, quantification, and comparison performance of the MG
controllers at the PCC. Two core functions are tested. The dispatch function of MG
assets in both operating states, grid-connected and isolated. The transaction function
where connecting to or disconnecting from the grid capabilities are also tested. This
testing planning may facilitate a wider adoption of standard MG controllers [57]. The
following two guidelines are referred to as the IEC 62898 series. In these two documents,
MGs are considered as AC electrical systems at a LV or MV level. DC MGs are not
covered along the series. The IEC 62898-1 is named as a guideline for MG projects
planning and specification [58]. In addition to planning, MG applications, generation,
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and load forecast, or technical requirements for MG connection, control protection, and
communication are also covered in the document. The IEC 62898-2 named guidelines
for operation and control [59]. Along this document, all issues are conceived under two
different approaches. Grid-connected and islanded modes as they define it. Response
characteristics, basic control strategies, protection, power quality and requirements for
energy storage systems, communication, monitoring or synchronisation, and reclosing
are the main topics addressed in the guideline.

The IEEE 1547.4 is an overview of different MG configurations and determines
how the system should be handled in various core situations, such as the transition
to island mode, island mode operation, or the reconnection mode. According to other
normative references such as IEEE 1547 or ANSI/NEMA C84.1-2006, what quality
grid requirements should be considered in these three modes are detailed, for example,
real and reactive power conditions, the magnitude of the load, the load shape, the
load and generation balance, and so on. In another context, the requirements and
considerations for the adequate planning of the MGs are shown. The last section of the
document discusses the different approaches and strategies to the operation of the MG,
referencing adequate sources when concrete values should be taken into account [60].

The IEEE 2030.7, focused on the control layer, will be further discussed in the
optimisation and control section. Its aim is enabling the interoperability of different
controllers and components needed in the MG EMS and setting up a standard MG
control system. It focuses on AC systems and does not cover some topics such as
planning and design of MGs, power exchanges, communication systems, or connections
between MGs [7]. The IEEE 2030.8 is settled under the same context of MG controllers
provided by the IEEE 2030.7.

2.4.2 Business Layer

The literature reviewed about the business layer (see Figure 2.2) has been divided into
two parts, each of them corresponding with one paragraph. The first one will expose
business cases closely related with policies whereas in the second and third paragraph
the literature does not cover any type of regulation or standard.

Business cases expose legal, social, financial, and environmental approaches from a
company perspective [41]. These external conditions to the project greatly influence how
the MG works; so, the literature related to this theme embraces it from a perspective
beyond the scope of the MGs themselves. In fact, the business layer of an MG is
strongly related to the policies and regulations of the region or country where it operates.
They are so closely related that according to [47], the current DER business models,
more settled than those used in MGs projects, are more driven by regulatory and
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policy factors than by technological factors. With the same approach [61], it suggests
that business and legal barriers are often more difficult than the physical ones and
introduces some of those barriers. In [49], through analysing the business model
of an MG, research concludes that policy makers have the power to guide the MG
landscape by increasing its deployment as well as have the control over different key
cost parameters. Following a literature review, questionnaires and interviews in [29]
suggest that the lack of standardised regulation of MGs, in this case referring to the US,
and the disincentives for utilities to permit them collide with the main advantages that
MGs can offer for consumers. The aim of [62] was to inform policy makers and industry
participants about new business models to evolve the traditional electric networks.
Among different proposals, MGs are shown as a relation between consumers and third
parties. According to [63], change in MG business models with the support of regulators
is needed to coexist with utilities. Taking into account the regulatory framework, in
[64], Costa identifies and evaluates the prices and benefits when deploying an MG
project and how these influence the relationships between the stakeholders within an
MG. While certain countries experience a transition to a more liberalised energy market,
Reference [65] suggests that regulations in the energy sector are able to create or even
tear apart new business models.

Stepping aside from the implications of regulations on the business layer, there
have been other studies suggesting different business models for an MG project. For
instance, Reference [66] creates a systematic methodology to create a business case.
According to them, the reliability of the MG and its justification are influenced by
these business cases. In [12], due to the differences between some markets being very
regularised and others being more liberalised, a general discussion of different business
models is presented. They were done from two perspectives: One, the internal market
of an MG with the relationships between owners and major stakeholders; and two, the
external market, taking into account policies, energy markets, and ancillary services.
In [67], by comparing two types of MGs with one very close to a testbed and the
other more close to the commercial segment, they identify the differences between them
from technical and market perspectives—two out of the three MG barriers. The result
of the analysis corresponds to the responsibilities and benefits for the stakeholders
involved in the MG. For MGs performing well during resiliency events, authors in [68]
discusses the goals, operating constraints, and business models that these resilient MGs
have compared with the rest of the other kinds of MGs. A financial and business
model perspective has been taken into account in [69]. Proposing local management
structures based on cooperatives or hybrid systems, different business models, and
tariff alternatives depending on social cohesion are suggested in the article. Authors
in the Reference [70] establishes that a business case can be defined according to some



Chapter 2. Microgrids literature review through a layers structure 31

benefits that MGs have. In [65], the decentralisation of energy data exchange platforms
compared with the vertical integration of energy market operations is proposed as a
way of greatly decreasing the infrastructure costs. This would allow the reduction of the
entry barriers for MGs to the energy sector. They have also identified a new category
of MGs, called dynamic MGs, combining the elastic platform technologies and flexible
business models of MGs-as-a-service providers. Furthermore, they discuss the likelihood
of implementing different business models by these new players. A higher implication of
prosumers in a peer-to-peer market than consumers is suggested by [71] in order to face
challenges such as the reliability of energy generation and consumption. The following
literature review highlights the primary value streams offered by MGs. Most of them
are related to the economic feasibility of MGs [35]. With some similarities, Reference
[72], show market drivers that may influence the development of MGs from the business
perspective of the Siemens company were discussed. Key factors are cybersecurity,
growing demand, reliability for customers, and incentives by the government to propel
MGs along renewable electric generators. In addition to the market drivers, the benefits
to the MG consumer are presented as well as the motivations to invest in MG projects
as well as what the payback might be. The conclusions of [73] propose that each region
or country, due to their particular government interests, regulations, or even the relative
ease of doing business there, may reinforce certain business models of MG projects or
prove to do just the opposite. Consequently, the business layer is highly susceptible not
only to the regulatory framework but to the environment and must take into account
all agents involved in order for the MG project to be economically successful.

Regarding the business and energy trading system, blockchain technology has im-
plemented different transaction methodologies. Blockchain is a technology in which
unaltered information is reliably transferred between agents. This concept is suitable
for decentralised models like MGs and hence different studies have been developed [71,
74–80]. For instance, in [74] 14 different microgrid-use cases were studied. Most of
them use blockchain technology as a peer-to-peer trading system and Ethereum as their
platform. The author remarked that regulation and scalability are still issues to be
solved. Another perspective of a business model is studied by [75], where blockchain
technology is used to expire green certificates based on particular consumptions of the
MG. In [76] some technical issues derived from the blockchain paradigm applied to MGs
are addressed. They propose a trading system in which power losses are considered.
The effect of this changes the paradigm of the agents involved in the MG. An MG’s
economic efficiency regarding tariffs when interconnected or isolated is mainly solved
by regulatory approaches, but blockchain technology can also be used. For example,
Reference [71] designed an MG energy market based on blockchain technologies and
developed seven requirements for an efficient market which then were evaluated in
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the Brooklyn MG project. In [77], a decentralised peer-to-peer energy market within
an MG was developed. In this work payments were assigned without the influence
of an MG or centralised operator. In [79], an electricity transaction methodology for
MGs based on blockchain technology and a continuous double action mechanism is
also proposed. In this study, along the proposed model, a feasibility market study
was conducted. The main outcomes of the model were the dynamic changes on the
trading agents’ information and a market strategy to optimise quotes and profits by
enhancing the market efficiency. An electrical transaction model based on blockchain
technology, with a special focus on security aspects was developed by [80]. A com-
parison between different analyses was conducted to prove the security and efficiency
of the model proposed. Reference [78] proposes a peer-to-peer energy trading system
within a weakly centralised operation of the MGs in the power grid. Multidimensional
behaviour is taken into account when developing the blockchain model. The referenced
papers conclude that plenty of research is still needed to properly define and assess
blockchain capabilities in the MG sector.

2.4.3 Climate Conditions Layer

Climate conditions are a consequence of the location and therefore are intrinsically
related to it. Since there is a direct influence on the approach of other layers by the
climate conditions, it is considered as an external layer (see Figure 2.2). The main
influence the climate conditions have is with the internal layers; more concretely, with
the infrastructure and the operation and control layers. The regulatory framework with
its emissions taxes policies might also have a relationship, when geographical zones
with low wind or sun have to rely on renewable generation technologies not as settled
as wind turbines or PV.

It appears feasible that the weather and environment are key conditions when plan-
ning an MG. In reality, the infrastructure of the system and the generation technologies
in particular are strongly related to this topic. It seems feasible to say that the location
of the MG will determine the use of some technologies over others. For example, MGs
settled closer to the equator use much more PV than those settled at higher latitudes.

In the literature related to operation and optimisation as well as control, it is said
that the intermittence of the renewable generation technologies creates a challenge
to be handled [81–88]. The forecasting of climate conditions is a widely used tool of
not that long ago [82]. Forecasting methodologies are implemented on many kinds
of MGs. For example, [81] proposes an energy and operation management system
with a probabilistic approach in order to face the uncertainties of the environment. In
standalone MGs, where it is critical to maintain a reliable and stable system, Reference
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[84] optimised the MG with a polished design of batteries in order to cope with the
stochastic intermittence of the renewable sources. In [83], with a similar approach, the
storage device as a necessary component to deal with the sun’s intermittence was found.
Due to the uncertainties in the operation of an MG derived from the unpredictability
of renewables, Reference [85] developed a two-stage stochastic energy system model
where the second stage’s purpose is dealing with wind and solar power variability.
By predicting one day ahead in the PV generation and one hour ahead in the wind
power generation, Reference [86] sought to minimise the environmental impact on the
MG. Through their machine learning methodology, they achieved a higher forecasting
accuracy by reducing noise tolerance and improving generalisation. Reference [82] used
a fuzzy ARTMAP neural network to forecast generation and created an efficient and
accurate controller. Even some models with no information about the future climate
conditions, hence the power output forecast, must consider those prediction errors
as random values within certain distributions [87]. In order to properly handle the
operation and control of the MG, climate data is needed, and models must take this into
account. In [88], a deep analysis of the forecasting modules of the energy management
system was done. According to them, the knowledge obtained by forecasting generation
provides more flexibility to the system and gives the chance to take advantage of
real-time grid pricing.

2.4.4 Infrastructure Layer

The infrastructure layer (see Figure 2.2) combines several types of components. By
definition, it gathers DG with various energy sources, loads, control and operation
resources, protection devices, communication systems, and cabling, as can be seen in
Figure 2.1. It is not mandatory, but most MGs also dispose of energy storage devices
for power quality or energy management purposes. Two points of view are used in this
layer. A discussion of AC, DC, and hybrid technologies starts this section. AC and
hybrid MG examples can be seen in Figure 2.1 and Figure 2.3, respectively. Besides,
the second point-of-view is about the already mentioned electrical components, the
architectures used to combine them, and the different MG classifications. In different
studies, this layer has been denoted as a physical layer [25] or just treated as another
piece in the MGs’ architecture.

The advantages and disadvantages of both AC and DC MGs are widely studied in
literature. In [89], it is suggested that since the renewable sources such as PV generate
in DC, these kinds of MGs have the advantage of being easier to control mainly due
to no need for DG synchronisation, as well as the load fluctuations compensated for
in the DC bus or easier coordination of the DGs. The main disadvantage of this kind
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Figure 2.3. Hybrid microgrid structure and components example.

of architecture is that inverters are required for the supply of AC loads. AC MGs
have a main disadvantage in that the control and operation are more difficult. Hybrid
systems are supposed to have the main advantages and disadvantages of both worlds. A
comparative study between AC and DC MGs has been done in [90]. After describing the
role of MGs in traditional grid systems, the study concludes that with more technology
generating DC power, DC MG systems will soon have a bigger impact on the system. It
summarises that AC MG systems will have to address many challenges in comparison
to DC systems. In [91], there are also proposed benefits of DC MGs, in both energy
efficiency and lower total cost of ownership over the lifetime project, compared to the
current AC systems. In addition, the study establishes key components for a conversion
system. In DC MGs, contrasting with an AC schematic, an AC/DC gateway is proposed
as a replacement for the traditional PV inverter and DC LED Driver instead of an
AC-input LED driver, achieving 5% more efficiency. In [92], an isolated DC MG is
proposed for the power management of sustainable buildings. A key benefit is also
denoted in the efficiency achieved in the overall production and consumption system,
avoiding conversion losses and the control of reactive power. The schemes, technology,
control, and operation of the system are also presented. With the premise of reducing
AC–DC and DC–AC conversions, Reference [93] proposes a hybrid AC/DC MG. It
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shows a schematic of the technologies implied in the system along with the control
schemes that are key to maintaining a stable operation on both of the AC and DC sides.
In [94], there are established base requirements of what hybrid AC/DC MGs should
be. In [95], it is again indicated that there is a reduction of individual conversions
between AC and DC with hybrid systems, and the complexities of the configuration,
components, control, and operation of the MG are explained.

As it has been pointed out in previous sections, the MG architecture and size can
vary in many aspects. Reference [96] reviews existing MG architectures with actual
real-world examples, analysing their basic components and classifications. In [9], the
primary energy sources used in MGs are cited. Along with the energy sources, there
is a load classification and the wiring used to connect all of these technologies. The
same article establishes a classification according to the network configuration in which
the MGs can be radial, rings, or a mesh. Additionally, MGs are seen by the author as
LV systems that, when grouped, create MV MGs with greater generation technologies.
Regarding the control architecture, Reference [97] proposes that MGs usually have
local and master controllers, which means having control technology in not only each
local source but also having controllers for high-level control objectives. This same
hierarchical approach is done in Chapter 9 of Reference [94]. In [98], a methodology
is formulated to plan the generation units, what renewable resources should be used,
storage structures, and what types of energy conversion should be applied. The aim is
to optimise the structure of multicarrier energy MGs.

The infrastructure is usually used for classification purposes. For instance, Refer-
ence [89] shows different types of divisions, such as by loads/demand, capacity of the
generators, or by AC/DC type. By demand, an MG is categorised as a simple MG,
when it just contains one generator and has simple designs. Multi-DG MGs have more
complexity and utility MGs when the loads in an MG are prioritised based on user
types. The division by capacity in the book is simple capacity (capacity below 2 MW),
corporate MGs (2–5 MW), feeder arean MGs (5–20 MW), substation area MGs (capac-
ity above 20 MW), and independent MGs (off-grid areas). According to [89], no country
has specified the voltage level connection of a generator within an MG. Nevertheless,
in [9], MGs are differentiated into four categories depending on their voltage level. It
is also stated that low voltage MG networks have a capacity constraint of several MW.
Medium voltage networks conceive bigger MGs. Real world MG examples classified by
voltage level are shown in [38].

Reference [38] also proposes the use of Multi-Microgrid (MMG) systems. It also
concerns the classification of AC and DC MGs in the MMG environment. Throughout
the research there are some technical and constitutional limits that MMG systems
should attend to. In addition, there are few application scenarios. It concludes that the
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architecture, components, and allocation are key challenges in the MMG performance,
and their planning and design should not follow all the concepts and ideas of a single
MG.

2.4.5 Operation and Control Layer

The control and operation in an MG are considered key factors in the success of the
electrical systems due to many constraints, such as the control functionality in the
islanded operation or the power exchange with the main grid. The scientific and
industrial literature related to this topic is very large.

This layer (see Figure 2.2) has a singularity that is just software based or a com-
bination of both software and hardware as we have seen in the infrastructure layer.
According to the standard IEEE 2030.7 [7], the MG control system is within the bound-
aries of operation as it will be defined below. According to [14], both the operation and
control are also done by the EMS, a term usually used for just operation purposes. In
the following literature review, we will see how the boundaries between the control and
operation are not that clear. For instance, according to the above-mentioned standard
and [89], this section would take into account three hierarchical levels. The pure control
in charge of local protection, such as the frequency, voltage, or P/Q control, is estab-
lished as a lower-level function. The core-level functions correspond with the dispatch
functionalities and transition between grid connected and isolated modes. Higher-level
functions are related with the operation along the main grid. Both the core and higher
functions are related with the operation in MG systems, and each of them will be
further developed below. Each of these levels is treated as a whole entity or by parts
in the following two subsections.

Centralised and decentralised control approaches are two opposite ways to control
the MG architecture [10, 99–101]. Different control approaches ranging from fully
decentralised to fully centralised can be achieved by the classical control scheme with
three levels: primary, secondary, and tertiary [10, 100, 102–104].

2.4.5.1 Control

Several reviews about MGs’ control are found in the literature [10, 26, 100–102, 105,
106]. An extensive review about the state-of-art control strategies and trends is done
in [100]. A general overview of the challenges and desirable functions is also introduced.
The operation of the MG works at the same level where the primary and secondary
controls operate. The coordination between the MG and the main grid, where the
economical optimisation is done, works at the same level than the tertiary control.
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For each of these levels and hierarchies, a summary of the main approaches is also
introduced.

The aim of the primary control is to accomplish a power balance in the MG. The most
used technique in MGs is the droop control, which has a main drawback of frequency
deviation. Reference [102] developed a review of hierarchical control strategies applied
to MGs and a deep analysis of primary, secondary, and tertiary levels along with the
different techniques and methodologies involved. All management of the MG mentioned
is treated from a stationary and dynamic perspective. Reference [101] reviewed the
hierarchical control and energy management systems with their different strategies and
generation technologies. Regarding the control, it follows the same classic structure of
primary, secondary, and tertiary control. According to the authors, the secondary and
tertiary controls should be implemented in the EMS. The centralised and decentralised
functions are also discussed. From a multi-agent system (MAS) perspective, a three-level
hierarchical strategy is also shown. A very extensive review of several issues related to
MGs is depicted in [10]. Regarding the operation and control, it explains and references
the most common matters, such as hierarchical control structure (primary, secondary,
and tertiary), control methods (master-slave or peer-to-peer), centralised or distributed
control architectures, and different approaches like MAS, cooperative control, adaptive
control, or tie-line power flow control inside these two sections. Through a constant
comparison with the standard IEC/ISO 62264, Reference [26] reviewed the hierarchical
control techniques, setting five classification levels for both energy management and
control strategies. In accordance, Reference [37] proposes applying the same standard to
MGs and ESSs with the increasing trend of researching control strategies. Throughout
the article, it evaluates the idea and adapts the distributed control strategy to MGs.

There is a large difference between the control of islanded MGs and grid-connected
MGs [89, 106–108]. When MGs operate connected to the main grid, generators only
need to maintain balance mainly because the frequency and voltage support come from
the grid. Nevertheless, with islanded MGs, DGs in the MG take the role of providing
stability to both frequency and voltage, so they are usually under U/f and droop control.
MG control modes are also remarked upon, such as master-slave and peer-to-peer, where
all DGs participate in the P/Q regulation to maintain stability and the combined mode
[99]. From the control perspective and also depending on whether the MG is connected
to the main grid or isolated, the MG is supposed to extend its control functionalities.
In the grid connected mode, the frequency and voltage are supported by the main
grid, and the load supply is totally or partially done by the DG units. In contrast,
while islanded, the frequency and voltage control must be done by the DGs as well
as supplying both active and reactive power to the loads. Over the different control
strategies analysed, the power flow control by current and voltage regulation should be
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highlighted. The main challenges when islanded are also pointed out throughout the
article. Other analyses developed are that of the P/Q and VSI control, autonomous
control, and Q-V droop control among some others. The decentralised control strategy
alongside a decentralised MG model is also presented. Decentralised secondary control
system differences between grid-connected and islanded MGs are studied in [107]. The
agents involved in this control system and the policies involved are also studied. To
finish, a real test implementation is presented. Based on the stability and operation
parameters, different MG classifications are proposed in [106]. Classifications from the
operation of grid-connected or islanded modes are also shown where power voltage or
frequency parameters are considered. In addition, a study of transient stability is done
following the previous scheme classification.

With a hypothetical example of connecting two MGs between them and with the
grid, [103] explores some benefits along the operational and control challenges implied.
A real power shortage, in which primary, secondary, and tertiary control strategies also
need to be applied in order to re-establish first frequency stability and then optimal
power output conditions, is explained. The constraints of a power exchange between
two MGs and the implications of implementing hierarchical control strategies are also
explained step-by-step and with different figures. Reference [97] also considers the
interconnection of multiple MGs. In the implementation of MGs, this section discusses
a four-stage implementation solution. In contrast with other operation strategies, it
establishes two levels of operation and control working tightly together: The local
controller with its most common control methodology, droop control; and the master
controller, which is also divided into two functional modes, the EMS and the protection
coordination module. These two levels work together to optimise the operation of the
MG and the interactions with the main grid.

2.4.5.2 Operation

Core level functions are more related to operation purposes. Scheduling, monitoring,
and optimising are the core functions of an EMS that manages the dispatch points of
each distributed generator and storage system according to the demand and therefore
constantly balances power in the grid. The EMS must work between a connected and
isolated state, including during the transition mode but also regulating the transition
state. The standard IEEE 2030.7 is only focused on this layer, distinguishing the
dispatch functionality and the transition function. According to the standard, core-
level functions usually operate with a longer scale than lower-level ones. In this standard
are noted the minimum functionalities of an MG as defined by them, which are very
close to all definitions of Section 2.2. Both operating functions are explained along the
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standard with flow diagrams and a depth of explanation on each concept presented.
Balancing generation and demand under normal conditions, re-dispatching resources
are the core functionalities of the dispatch function in response to internal events and
re-dispatching due to external orders or events. The transient function is not expected
to cause any inconsistency with the interconnection requirements. Because of that,
it must cope with four types of scenarios: unplanned islanding, planned islanding,
reconnection, and black starts. In [109], including and beyond these two core functions
is described a Cross-Layer Connectivity function between the different layers of the MG.
The standard IEEE 2030.8 is also presented, the main goal of which is to evaluate the
performance of a controller. In [36], the standard IEEE 1547, the exchange limits of
active and reactive power under steady-state and transient conditions is defined. When
disturbances occur, this standard also determines the prioritising order of the DER to be
selected or started to work. Despite technical requirements for DER in MGs may vary
with the location, IEC 62898-1 outlines some planning techniques for the operation and
control technical requirements [58]. The IEC 62898-2 is mostly focused in the operation
and control of an MG. Although it also offers a glimpse about communication and
monitoring, electrical energy storage systems, and protection, it is always shown from
the operation and control layer perspective. In the IEC 62898-2 standard, and similarly
to the IEEE 2030.7, the core functions of the MG control and operation are discussed,
but also the dispatch and transient functions perspectives with the same four scenarios
of the transient functionalities are analysed. Nevertheless, in this standard MGs are
analysed from three perspectives. Non isolated grid connected MGs, non isolated
islanded MGs, and isolated MGs. According to this standard, non isolated islanded
MGs are functioning in that condition for a limited time, so reconnecting back with
the utility grid is needed sooner or later whereas isolated MGs have no choice to be
connected with a stronger grid [59]. Table 2.1 summarises the different operation and
control approaches from two of the standards analysed above. Despite the IEC 62898-2
differentiating among three MG operation states, the IEEE 2030.7 just divide those
states into two, when the grid is connected or islanded.

Several reviews about MGs’ operation can be found in the literature [99, 105, 110–
112]. Reference [110] is an extensive review deeply focused on optimisation function
objectives, including types of optimisation typically used, constraints on the operation
solution approaches, and tools used to solve energy management problems. It also gath-
ers existing reviews related to the operation topic. The aim of the article is providing a
solid foundation for more in-depth studies related to this topic. Alongside the control
strategies discussed in the section below, Reference [105] provides a literature review
regarding operation management or agent-based and multi-agent approaches. Through
a literature review, Reference [111] presents an overview of different software tools and
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Table 2.1. Comparative operation and control strategies between IEC 62898-2 [59] and
IEEE 2030.7 [7].

Non-Isolated MGs Isolated MGs
Grid Connected Islanded

IE
C

62
89

8-
2

Monitoring, information ex-
change, and control used to
optimise loads and DER op-
eration between the MG and
the utility grid.
DER along other connected
components may comply the
connection requirements de-
termined by the utility grid.
Regardless the topology, DER
must comply with the op-
erating ranges specified in
IEC/TS 62786.
Reactive power control
schemes can be applied to the
MG to provide static voltage
support.

Frequency and voltage among
other conditions should be
monitored all time for the re-
connection back with the util-
ity grid.
EMS mayor function is to bal-
ance the loads, generation and
manage storage capacity.
At least one DER shall op-
erate U/f mode to maintain
voltage and frequency and
other DER shall operate in
PQ mode.
DER should be enough to
maintain voltage and fre-
quency stability along phase
angle conditions during isola-
tion.
Voltage control using proper
auxiliary equipment.
Frequency regulation by
DER active power output ad-
justment through frequency
droop control, ESSs and load
shedding schemes.

Ensure safe, secure and steady
state operation of the system.
EMS mayor function is to bal-
ance the loads, generation and
manage storage capacity.
At least one DER shall op-
erate U/f mode to maintain
voltage and frequency and
other DER shall operate in
PQ mode.
Active and reactive power
should be balanced.
Voltage and frequency ad-
justed between permitted
ranges.
Load tracking, management
and shedding.
Dynamic response of DERs.
DER should have active and
reactive power generation ca-
pabilities to maintain quality
levels.
Black start capacity.
The ratio of electrical energy
storage capacity to the to-
tal of other DER shall be
much larger the non-isolated
islanded MGs

IE
EE

20
30

.7

Control capacity of Individual
or a group of DERs.
Load management with cur-
tailable loads.
Dispatch Control
Use of operation breaker,
switches, and other switch-
ing and control devices, where
needed.
Voltage regulation using ade-
quate equipment.
Implementation of power ex-
change levels (P, Q) at the
point of common coupling

Control capacity of Individual or a group of DERs.
Load management with curtailable loads.
Dispatch Control setting the net (P, Q) and the point of
common coupling to zero.
Use of operation breaker, switches, and other switching and
control devices, where needed.
Voltage regulation using adequate equipment.
Frequency control using a reference microgrid generator or
storage resource.
Maintaining and monitoring power quality levels taking ap-
propriate remedial actions when needed

optimisation algorithms to apply in the control and EMS techniques. The article is
mainly focused on hybrid MGs. Whereas the previous research was focused on hybrid
systems, Reference [112] completes an extensive review on optimisation techniques
applied in all kind of MGs. Single and multi-objective, heuristic and metaheuristic
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optimisation techniques along with optimisation approaches to solve different planning
problems are clustered into different tables with their own references. In [99], the bases
of energy management and control systems are outlined. Moreover, the supervisory con-
trol or agents in an MG are explained in the article through the MG central controller,
local controllers, or the interactions between them. The centralised and decentralised
approaches are also discussed. Within the technological barriers, Reference [9] estab-
lishes some technical barriers related to the operation and control in an MG with real
examples. Some examples discussed are dual-mode operation, regulatory power and
frequency control, interconnection rules, and how to manage operation problems.

There are different approaches in the operation of MGs. A multi-agent system for
EMSs is usually adopted. This system is adequate for plug-and-play capabilities, give
robustness, heterogeneous device regulation, and high scalability and extensibility [107].
The main agents proposed are from the core-level like the data monitor or MG operator.
From a high-level perspective, the DER operator is also referenced. Reference [19]
presents the operation of a MAS applied in the operation in an MG. This approach is
used to simplify the design of the algorithms. The main topics in the article are the
operation of the MG and the interaction with the energy markets.

Much of the technical literature on MG operation focuses on system optimisation
[33, 84, 85, 94, 97, 104, 106, 108, 111–117]. A multi-objective methodology with a
master-slave control strategy has been used to optimise the operations in the MGs with
renewable sources, diesel generators, and battery storage, which is proposed in [84].
The main objectives presented are minimising operation costs and battery life losses.
Reference [85] proposes a two-stage stochastic EMS for grid connected MGs. The results
prove the effectiveness in different conditions and real-world scenarios, minimising the
expected operational costs and power losses by accommodating the intermittency of
renewable energy resources. A central controller with a hierarchical three-level topology
is proposed in [113]. The main purpose is to provide an optimised dispatch and energy
interchange with the main grid. The three layers proposed in the article coincide
with the local, core, and high levels developed in this section. From bottom to high
level, the layers detailed in the article are the micro source controller, the MG central
controller (with the high functionality of minimising operation costs of the MG), and
the distribution management system, which refers to high-level MG operation but is
beyond the scope of the research. As a lower-level function, reference [104] sets the
primary control in a local environment. Regarding the control perspective in the core-
level, the secondary control is established as the main system, the purpose of which is
to return voltage and frequency levels to reference values in a higher-level hierarchical
layer. This correction is the outcome of setting new dispatch points among the different
DGs. In a core-level, Reference [118] develops a rule-based control method for a battery
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energy storage system to cope with the intermittency of renewable resources. This
control method of batteries is easily applicable in other storage devices according to
the article. In the higher level, Reference [104] establishes that the main goal is to
set optimal economic dispatch, power management, and energy planning; then, once
the optimisation is performed, it relies on the secondary control to update the device
statuses. Reference [114] proposes an EMS based on five major simulation models
implemented on the MATLAB Simulink. The DC MG is controlled by fuzzy-logic
strategy implemented in the EMS to achieve an optimisation in the system. Two
example features are selling additional electricity or the premise of increasing the
lithium-ion battery life with dispatching strategies. An MG EMS is developed in [115],
where the operation approach is divided into two strategies, so a coordinated actuation
between the schedule and the dispatch layer must exist. The first one provides the
economic operation in the MG based on forecasting data whereas the dispatch layer
provides power setpoints based on real time data. The control in this EMS prioritises
power supply reliability over economic benefits. In [119], an EMS is developed based
on rolling-horizon strategies using mixed integer optimisation. Also, a neural network
for two-day ahead consumption forecasting is developed. The system is tested using
real data from an existing MG. By using the rolling horizon, the effects derived from
forecasting uncertainties are supposed to be reduced. [120] presents a centralised EMS
for isolated MGs. The EMS is formulated in a multi-stage programming problem,
and also decomposed UC and optimal power flow. Due to the isolation, according to
them, the centralised approach is the most appropriate strategy to be followed in these
systems. With a slightly different structure, Reference [97] address the operation and
control strategies in MGs. This analysis also considers the interconnection of multiple
MGs.

Reference [108] presents a hierarchical EMS for standalone MGs. It is designed for
a diesel–wind–biomass MG with an ESS. The main purpose of the system is to reduce
operation costs and make sure an adequate management of the state of charge of the
ESS is done. The behaviour of the EMS is tested in a real-time simulation platform with
the results supporting the main goals of the proposed system. The operation in [89] is
divided into two modes, grid-connected and islanded mode. For both operation modes,
flowcharts for optimal dispatch can be found within the book’s Chapter 4. Regarding
optimisation techniques, Reference [94] establishes some models for MG components
also in Chapter 4. After presenting different techniques, the goal is applying a scheduled
optimisation, surpassing challenges of the combined heat and power MG model.

In [116], an MG modelling and high-level optimisation strategy is proposed using
mixed integer linear programming along model predictive control strategies. To assess
the system, a case study applied in an experimental MG is used. All operations
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consider predictions about system behaviour, power generation, and demand forecast.
A decentralised EMS for the coordination of the distribution system and networked
MGs is proposed in [117]. The network operator and the MGs are considered to have
their own objectives, hence minimising their own costs and self-managing their entities.
The optimisation solution is based on a decentralised bi-level stochastic algorithm
founded on two levels. The first level solves the problems for each entity and conducts
negotiations based on current penalties. The second level updates those penalties with
the impacts between MG entities, looking for the optimal operation point. According
to [33], higher-level functionalities can be responsible for increasing economic benefits
by optimising generation and storage with the market opportunities.

An EMS consisting of a prediction module, optimisation module, and the online
control of a single-phase high-frequency AC MG has been presented in [106] to optimise
the operation costs. The hierarchical levels of the control system interchange informa-
tion in an iterative mode, and as levels increase in the hierarchy, the time horizons also
increase.

There are also blockchain methodologies for the operation of MGs. For instance,
Reference [76] do not only focuses on economic aspects, but also in the energy dispatch,
where a special focus on tracking energy losses is done. By including this information,
the timing processing the information changes drastically. Other energy operation
models are shown in Reference [74] where 14 different projects are analysed. For
instance, one of the projects takes demand side response actions based on blockchain
methods. Incentive methodologies to use renewable energy sources are also discussed
in the manuscript.

2.5 Conclusions

The aim of this chapter is to bring together the MGs’ layer concept, previously defined
by various authors, with the external conditions of an MG. Segmenting the information
into layers has proved to be a useful way to assess the information in a clearer way.
This classification may also provide a solid foundation from which future studies may
establish their MGs’ models or projects.

Regarding the layer concept, within the external layers, the policies and standards
layer interacts and affects not only the other layers but the deployment of MGs them-
selves. Despite that the use of DG standards has been adopted, new particular MG
standards and policies are emerging. Regarding the business layer, it has been studied
from two points of view, one related to different business models proposed by some
authors and the other one showing how policies are very close related with this layer.
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The last external layer is how the environment and the climate differences have a key
role into the selection of components and the approach followed in the other layers
such as the operation and control strategies. Regarding the internal layers analysed,
the infrastructure perspective is done again from two points of view, one regarding
the electrical components involved and the other one regarding the architecture and
strategy used to combine all of these different components. The last layer analysed
is also considered as a distinctive and key factor by many authors. Widely studied,
the operations and control layer is disaggregated into two—the strict control strategies
analysed by the authors and the management and operation techniques used. All of
them are proposed following the new schematic of the standard IEEE 2030.7, which
differentiates between low, core, and high levels. Each one of the actions are implied
in this layer.

Throughout the analysed literature there are multiple definitions of an MG. Just
two of those definitions are presented in a technical standard, but all of them share
three common factors: (a) islanding capabilities, (b) clearly defined boundaries, and
(c) control to operate both resources and loads.

Many of the articles reviewed in the literature were highly influenced by the environ-
ment, and hence a deeper analysis of the business, regulatory, and climate constraints
is needed. Quite a repeated one is the relationship between the MG and the main grid
market. Clear policies should establish rights and responsibilities in order to develop
all technological advances proposed by MGs solutions.
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3.1 Chapter summary

• Problem: There is a lack of quantity and quality data from the microgrids’
infrastructure of power generation technologies.

• Existing solutions: Small reviews gathering the most accessible scientific sources.
• Proposed solution: A big search of microgrids information have been performed.

Also, a simple statistical analysis of the information along a model to search and
generate microgrid prototypes based on latitude and segment was proposed.

• Evidence: To the best of the author knowledge, no previous scientific work has
analysed this amount of microgrid data and developed such a tool to produce
and analyse the infrastructure of power generation technologies in microgrids.

Abstract

A microgrid (MG) is an electric power distribution system that may provide a suitable
ecosystem for distributed generation. Detailed information about the infrastructure
layer in MG projects is available, so this study aimed to propose a compendium and
a model creation guideline for MGs. The aggregated information based on 1,618 MGs
was summarised into different tables and analysed based on various parameters. Two
MG infrastructure model creation tools were developed. First, a simple guideline was
created based on the information in the tables, and then a machine learning tool based
on decision trees was proposed that generates more accurate MG models using two
main inputs: latitude and the segment in which they operate.

3.2 Introduction

Countries that are mostly in accord with the international climate agreement are reduc-
ing greenhouse gas emissions and shifting towards a low-carbon, sustainable economy.
They are trying to achieve those goals by implementing energy-efficient strategies and
producing energy with renewable sources [1]. The ability to produce electrical power
with renewable energies has steadily increased, resulting in a significant increase in the
generation of renewable sources of energy. This expansion has been led by the use of
solar photovoltaic (PV) systems, which represent more than a half of the total renew-
able energy generation capacity that is currently in place. This significant increase in
the generation capacity of renewable energy is mainly due to the decrease in the costs
of solar PV and wind power systems [2]. Since most renewable energy resources may
be decentralised, distributed generation (DG) is an adequate integration environment
for these systems. MGs may emerge as a way to support the operation and control of
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energy systems, not just for DG but also to address the demand, storage and protection
of these systems without completely redesigning the entire electric power distribution
system [3]. MGs are also considered to be a power system that can provide clean and
renewable energy in rural and isolated areas. In fact, in isolated rural areas, MGs
represented 6% of all new electrical connections from 2012 to 2016 [2]. This chapter
presents a compendium showing many different types of MGs.

First, it is important to define MGs. According to [4], “Microgrids are comprised
of Low Voltage (LV) distribution systems with distributed energy resources (DER)
together with storage devices and flexible loads. Such a system can be operated
in a non-autonomous way if interconnected to the grid or in an autonomous way if
disconnected from the main grid. The operation of microsources in the network can
provide distinct benefits to the overall system performance if managed and coordinated
efficiently.” In accordance with similar definitions of MGs, [5–7] noted that an MG
must comply with three criteria; it must have off-grid capabilities and clearly defined
boundaries and it must enable controllability of all its devices (generators, storage,
controllable loads, and protection devices). Although many MGs are isolated with no
possibility of being connected to a stronger grid, many of them can be disconnected
from the grid when needed, which is a significant benefit. Moreover, in terms of the
main grid, MGs should be seen as a single controllable entity; hence, within their
boundaries, electricity generation, loads, and storage must be integrated. The control
and operation of all the devices in an MG must provide adequate performance within
the grid’s boundaries; it must also enable suitable synchronisation with the main grid.
Nevertheless, there are some disparities in the definitions presented in the literature.
Although some authors agree that MGs must be deployed in LV, many others do not
comply with that restriction. Thus, a disparity in the MG concept exists.

Although MGs can work when they are located in isolated areas, many of their
benefits are related to working along a stronger grid. As many authors have propose in
both industrial documents and research publications [6, 8–14], efficiency and reliability
are the main benefits shared by all MGs. Their efficiency is mostly due to the proximity
between energy generation and demand. Their reliability is related to an MG’s islanding
capability when a fault occurs in the main grid; it also depends on whether or not the
stability and loads within the MG are affected by the fault. Moreover, some previous
studies have proposed that MGs offer the following benefits: independence from fuel
price fluctuation due to their high renewable penetration, greenhouse emission reduction,
security, job creation, economic advantages, and easy adoption in remote areas where
it is very expensive for the main grid to reach the loads.

A variety of studies have provided aggregated information about MGs, worldwide.
For example, [15] showed the data from around 120 MGs, both real and testbeds. Using
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a very similar approach, [6] displayed information about 52 MG projects in a table found
in Appendix B. More schematically, [16] showed the generation technologies of some
worldwide MGs. In [17], the compendium focuses on testbed MGs and it concludes
with a model for those types of MGs. In [18], there is a review of some developments
in MGs; that paper concludes with a broad vision of cases from around the world.
From the industrial perspective, there are also documents containing a collection of
information related to MGs [19, 20].

According to [15, 21, 22], an MG can be clustered into different functional layers.
Therefore, it is possible to establish a clear division in the functionalities that this
power system can provide. While many categories have been proposed, [15] reported
that an MG can be divided into five layers: a regulatory framework, business models,
intelligence, communications, and infrastructure. Some authors have also divided each
of these layers into new clusters. Nevertheless, the five layers proposed by [15] represent
a functional structure for an MG.

In the present study, data on the infrastructure layer of 1,618 MGs were anal-
ysed, and the DG of renewable and non-renewable sources, loads, storage, control
and operation devices, communication systems, cabling, and protection devices were
combined. The compendium presented in this chapter mainly focuses on the power gen-
eration sources along the location (latitude) and segment in which they operate. The
information found regarding other components and layers has not enough statistical
entity to make proper comparisons. For instance, obtaining information on the control
methodologies, such as the centralised or decentralised status, was only possible for 66
MGs. Thus, information about 4% of the MGs is not relevant enough to make a solid
representation of the control methodologies applied in MGs.

The location of an MG is an important feature because it is directly related to the
kind of power generation sources that can be installed. For example, it is more effective
to install PV panels at an MG located at the equator rather than an MG close to the
north or south poles. Moreover, in a location that has little or no wind, wind power
systems should not be chosen. This idea will be further analysed in the chapter.

With the aim of reviewing a vast number of MGs, this study adapted and followed
a systematic literature review guideline from the software engineering research field
[23]. These kinds of methodologies and guidelines allow a researcher to comb through
large amounts of information in a more organised, rigorous, and consistent way. This
approach is typically used in the medical research field. The analysis of a large number
of different types of MGs should be done by reviewing both industrial documents
and academic manuscripts. The present chapter addresses the aggregated information
obtained from 1,618 MGs [6, 17–19, 24–63] from around the world in order to: (1)
study how the infrastructure layer of an MG varies with location to determine if the
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environment has an impact on an MG project and (2) create guidelines and tools to
produce models which synthesised the information from the infrastructure layer of an
MG.

The content of this chapter is based on the manuscript "Microgrid Infrastructure
Compendium Analysis with a Model Creation Tool and Guideline Based on Machine
Learning Techniques" [64]. The paper is introduced in the published and submitted
content in the beginning of the thesis document.

The chapter is structured as follows. Section 3.3 presents the study’s methodology.
First, it explains the guideline used to collect and analyse the data; it notes the quantity
of that data and it discusses how the data were clustered. The section ends with the
methodology used in the analysis and the creation of the MG model. Section 3.4
presents an analysis of the MG compendium; the aggregated information is presented
in tables and its significance is discussed. Section 3.5 discusses two main outcomes.
The first outcome is the creation of an MG model based on the information presented
in the tables in Section 3.4. The second outcome is the proposal of a machine learning
(ML) tool, based on decision trees, that generates an MG model out of the information
obtained from 1,618 MGs and two main inputs: latitude and the segment in which the
MG operates. Section 3.6 presents a conclusion about the information included in this
chapter.

3.3 Methodology

As part of the systematic review, a template was created to gather the infrastructure
information and classify the MGs based on the following criterion: a unique ID for each
MG, the name of the project; the continent and country where it was built; whether
it works in AC, DC, or both; a Boolean matrix with its generation technologies; the
power capacity of those technologies; the total amount of power capacity installed;
the control strategy; the segment in which it operates; the year of implementation;
the geographical coordinates; whether it is connected to the main grid; and the gross
domestic product (GDP) of the country where it was built.

The systematic review provided a reliable methodology to collect and structure
the information of two industrial databases and our own research. The three of them
together made out the entire compendium. However, it was not always possible to
collect the information of every components in the MG. The information from different
sources was not always complete or consistent; even some large databases of MGs, such
as Navigant or the one compiled by GTM, did not have all of these basic sections
completely filled out. In fact, depending on the source, the information about the MGs
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differed. However, less than 7% of the information may be affected by this issue. When
incoherent or missing data was found, deep web research was performed. If nothing
was found, MGs’ managers were emailed. Then, if still there was no clue, we used the
information of the database which was more reliable. Actually, the power capacity data
is only 60% complete. This means that, while it might be known that an MG has a PV
system, its power capacity in MW may be unknown. Therefore, from the 1,618 MGs
that were analysed, the present study only has complete information for 968 MGs, and
this has been contrasted with various sources, when possible.

All MGs have a segment in which they are operating. The segment can be conceived
as a tag that summarises the MG’s purpose. In the present study, the segments chosen
to aggregate the MGs of the compendium are differentiated into seven categories:
remote, community, commercial and industrial (C&I), campus, testbeds, military, and
utilities. Remote MGs always work in isolation from the main grid. The community
segment includes residential and rural areas, villages, private homes and national parks.
The C&I segment includes a very wide variety of facilities, such as offices, hotels, mines,
farms, data centres, airports, resorts, hospitals, offices, shops, and warehouses, among
others. The campus segment includes universities that have added this kind of energy
generation and control. The testbed MGs are research facilities and laboratories. The
military segment includes all bases in which MGs are used to generate energy. The
utilities segment includes MGs that may support the main grid of a large network or a
concrete location.

The MG data aggregation was developed to show the differences in the electrical
power technologies in an MG based on the location or type of segment. The model
creation section is divided into two parts. In the first part, the methodology followed
in the model creation guideline was used to guide the researcher through the possible
readings of the information presented in the different tables in Section 3.4. In the second
part, the ML tool was designed for easy and fast implementation using MATLAB, where
a few files with very low memory usage can create analogous models compared with
the real MGs information reviewed.

3.4 Microgrid Compendium Analysis

In this section, the infrastructure information obtained from 1,618 MGs was aggregated
into tables, showing the differences in their location, segment and power generation
technologies, among other characteristics such as the gross domestic product. The
information about each of the MGs presented in the tables is further explained in the
section.
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In Figure 3.1, the percentage and number of MGs over the total number of MGs
analysed is divided by segments. The remote segment is the largest one, representing
41% of the worldwide MGs. For example, while there are around 82 inhabited islands
in Mexico with an electrical grid system that can be defined as an isolated MG, the
compendium only reports on 11 MGs due to the lack of information. If this is extrap-
olated to the rest of the world, it may mean that the remote MGs might comprise
an even greater percentage of MGs, and, by far, they would be the largest segment.
The rest of the segments in decreasing order are: community, C&I, campus, utilities,
military, and testbeds. In some cases, the testbeds and campus segments were difficult
to disaggregate due to the use of the MGs as both power and heat supply sources for
researchers at universities or in laboratories.

41%

21%

17%

7%

5%
5%

4%

Remote (41%)

Community (21%)

C&I (17%)

Campus (7%)

Utility (5%)

Military (5%)

Testbed (4%)

Figure 3.1. Microgrids segment percentage over the total of 1,618 and number of MGs in
each segment.

The information from 1,618 MGs gathered in the compendium has been summarised
into 14 different tables. Most of the data are from the infrastructure layer perspective,
taking into account the generation technologies used in each MG and the power capacity.
The generation technologies gathered in the compendium are: PV panels, wind (W)
generators, fuel cell (FC) generators, fossil fuel (FF) generators, microturbines (M),
combined heat and power (CHP), solar thermal (STh), hydro (H) generators, biomass
and biofuels (BioF) generators, and storage systems (St). The technologies that are
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connected in each MG will be referred to as a combination (see Table 3.1). Using
the information from the 1,618 microgrids, 78 different and unique combinations were
differentiated. Table 3.1 presents 16 of those combinations, covering 75% of the MGs
worldwide. As seen in Table 3.1, the PV and St combination is the one that is most
often used; no matter the segment, 12% of the MGs use this combination. This is
followed by MGs that only use PV panels (9% of the MGs). The third most often used
combination integrates PV, FF, and St technologies (7% of the MGs).

Table 3.1. Generation technologies, number of MGs and percentage of the combinations
with regard the total amount of microgrids of the study ordered starting by the most common.

COMBINATIONS C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C14 C15 C16

Generation tech-
nologies used in
the combination

PV
St PV

PV
FF
St

FF PV
FF CHP W

FF BioF

PV
W
FF
St

PV
W
St

St H FF
H

FF
CHP FC W

Percentage of
the combination
with regard the
total amount of
mgs

12% 9% 7% 6% 6% 5% 5% 5% 4% 4% 4% 3% 3% 2% 2% 2%

Number of mgs
in the combina-
tion

184 138 106 93 89 82 76 72 61 59 58 47 42 38 34 29

These same 16 combinations are divided by segment and latitude, as seen in Table
3.2. The composition of each cell can be identified in the table’s legend; it follows
the same pattern used in Figure 3.1. For each combination in a specific latitude, the
segment with more MGs is highlighted in bold. Latitudes are divided in increments
of 30◦, except in the southern hemisphere where there is less information. In that
hemisphere, the information was aggregated based on latitudes ranging from 30◦ S to
90◦ S. The vast majority of MGs are built north of the equator, more concisely between
30◦ N and 60◦ N latitude.

As seen in the legend in Table 3.2, the number of MGs in each segment are shown
base on combination and latitude, representing a worldwide map of MGs usage. There
are also aggregations of the number of MGs by latitude and combinations in the right
and bottom section of Table 3.2, respectively. Table 3.3 presents the percentage of
the generation technologies from the total number of MGs in each latitude division.
When not disaggregating by latitude, it is worth noting that 56% of the MGs use PV
panels, and 42% still use FF to power their generators. For example, the latitude
of an MG in Europe might be located between 45◦ N and 60◦ N, and the most used
component would be FF. Another read of the same row is that MGs in that latitude
range are most probably composed of one or more generation technologies, such as
PV, W, FF, H, and St. Table 3.4 presents the same percentage; however, instead of
comparing it by latitude it is compared by segment. In this case, in terms of stability
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and resiliency, it should be highlighted that FF is used in almost 63% and 57% of
the military and remote segments, respectively. More than 50% of the MGs in those
segments incorporate non-renewable energy generation sources.

Table 3.3. Percentage of generation technologies used in MGs disaggregated by latitudes.

Latitudes PV Wind Fuel Cell Fossil
Fuel

Micro
Turbines CHP Solar

Thermal Hydro Biomass
Biofuel Storage

ALL 56 24 7 42 2 16 0.5 9 7 42
60 − 90◦ N 12.2 40.7 0 83.7 0 22 0 17 4.9 11.4
45 − 60◦ N 33.7 37.8 4.7 56.4 0 15.7 1.7 27.3 6.4 44.2
30 − 45◦ N 57.9 20.5 13 33 3 26.6 0.8 3.5 2.26 49
15 − 30◦ N 65.5 18.4 1.8 26.7 0.3 1.5 0.3 3.3 21.1 30.6
0 − 15◦ N 77.4 19.4 1.1 59.1 2.15 3.2 0 18.3 8.6 44.1
0 − 15◦ S 66.3 16.3 0 48.8 1.25 2.5 0 27.5 3.75 40
15 − 30◦ S 76.7 20 1.7 48.3 0 0 0 3.3 0 56.7
30 − 45◦ S 63.8 52.8 0 63.9 2.8 0 0 2.8 2.8 63.9
45 − 60◦ S 0 100 0 100 0 0 0 66.7 0 0
60 − 75◦ S 0 100 0 100 0 0 0 0 0 100
75 − 90◦ S 50 75 0 100 0 0 0 0 0 100

Table 3.4. Percentage of generation technologies used in MGs disaggregated by segments.

Segment PV Wind Fuel Cell Fossil
Fuel

Micro
Turbines CHP Solar

Thermal Hydro Biomass
Biofuel Storage

Remote 51.6 31.1 0.6 57 0.45 5.83 0 16 11.7 32.8
Community 67 18 7.2 26.7 3.2 30.7 0.29 6.97 6.7 44.6

C&I 52.9 16 14.2 29.6 0.7 17.5 0.73 1.1 1.8 47.5
Campus 50 12.3 15.1 24.5 3.77 35.9 1.89 0.94 0.94 36.8
Military 45.8 21.7 7.23 62.7 2.41 13.3 1.2 0 3.61 34.9
Utility 51.8 24.7 3.53 23.5 1.18 5.88 0 10.6 4.71 69.4

Testbed 78.6 46.4 26.8 48.2 5.36 8.93 3.57 7.14 3.57 82.1

The power capacity of the different generation technologies is also a key component
needed to establish an MG model. As seen in Table 3.5, the median power capacity of
the generation technologies disaggregated by segment was aggregated. As seen in the
information presented in Table B.1, Table B.2, Table B.3, Table B.4, Table B.5, Table
B.6, Table B.7 and Table B.8 in the appendices section, each segment is represented, and
different percentiles of power capacity for each generation technology were determined.
The creation of different models is discussed in the following section. For a wider
perspective of the MGs, the information presented in Table 3.5 is sufficient to establish
a model. To add more security to the model and identify the power capacity of a larger
number of MGs, the tables in the appendices section offer more information.

From the different information shown in the tables presented in this section, it
can be seen how the geographical position (latitude) of an MG directly influences the
infrastructure layer. The weather conditions, particular to each position on the globe,
should be considered when trying to model the infrastructure layer and manage the
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Table 3.5. Median power capacity (MW) by segment and generation technology.

Generation
Technology All Segments Remote Community C&I Campus Utility Military Testbed

Total 0.96 0.74 0.64 1 2 1.85 5.15 0.24
PV 0.18 0.14 0.11 0.2 0.29 1.31 1.18 0.04

Wind 0.3 0.4 0.12 0.03 0.02 3.87 0.3 0.08
Fuel Cell 0.4 0.13 0.23 0.5 0.4 0.03 0.6 0.01

Fossil Fuel 1.3 1.05 0.7 3.6 2.6 1.2 3 0.16
Microturbines 0.11 0.11 0.25 0.09 3 - 2.65 0.07

CHP 1 1.11 0.4 2 5.2 0.4 6.1 0.22
Solar Thermal 0.1 - - 0.18 0.06 - 0.23 0.01

Hydro 0.9 0.9 0.9 1 1.8 8.6 - 0.01
Biomass
Biofuel 0.03 0.03 1 1.43 - 0.55 5.6 -

Storage 0.4 0.66 0.25 0.23 0.51 1 0.5 0.25

MG. Furthermore, depending on the business model of the MG or the segment in which
it operates, all of the internal layers can be affected. It should also be noted that the
GDP of a country is directly connected to the number of MGs and the power capacity.
As shown in Table 3.6.

Table 3.6. Total MGs power capacity percentiles and amount of MGs disaggregated by
GDP.

Percentiles
GDP Ranges
(Billion USD) 0 1 5 10 25 50 75 90 95 99 100 Number of MGs

0-10 0.03 0.03 0.05 0.2 0.4 1.3 5 11 27 102 104 99
10-100 <0.01 <0.01 <0.01 0.02 0.12 1.1 3.83 17 21 200 200 66

100-1000 <0.01 <0.01 <0.01 <0.01 0.04 0.26 1.98 23 60 202 270 170
1000-10,000 <0.01 <0.01 <0.01 <0.01 0.03 0.4 2.26 9 21 100 160 488

>10,000 0.01 0.01 0.07 0.2 0.4 1.6 6.6 22 47 91 300 780

3.5 Microgrid Infrastructure Model Creation

In this section, two different methodologies are proposed. One is related to the aggre-
gated information presented in the tables shown in the previous section and the other
is based on ML classification and regression algorithms, which generate MG models
based on latitude and segment as the inputs.

3.5.1 Guideline Based on Aggregated Information from the
Tables

The information gathered in the analysis of the 1,618 MGs can be used to establish
different MG models for scientific and simulation purposes. After that analysis, the
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combinations most commonly used in each segment will be identified to determine the
power capacity of their generation technologies, thus creating different example models.
The aggregated information from the 16 combinations presented in Table 3.1 represents
MGs from 1978 to 2017. Although a wide range of combinations is used, in every single
combination, most of the MGs were built between 2010 and 2016, so the information
extracted from these models will primarily correspond to that time period.

Figure 3.2 shows a flowchart depicting different ways to develop the MG model
based on the information presented in the tables in Section 3.4. The process to create
the model has two parts. One part is related to the technology used in the MG and the
other is related to the power of the technology that is selected. Each part refers to data
presented in different tables, depending on the researcher’s needs or the information
available. Based on the flowchart depicted in Figure 3.2, this chapter proposes two
models. One model utilises the most common MGs in each segment and latitude and
the other model utilises rural areas in developing countries.

I want a MG
Model

Table 1

Table 1
&

Table 4

Table 1
&

Table 5

Table 1
or

Tables from
A.1 to A.8

MG Model

Technologies Layer Power Layer

By Segment
& Latitude

By Segment

By Latitude

Table 3.2

Table 3.2
&

Table 3.3

Table 3.2
&

Table 3.3

Table 3.5
or

Tables from
B.1 to B.8

Figure 3.2. Model creation guideline flowchart.

To create the model based on the available information, three paths may be followed
within the first layer. For the model with restrictions about the segment and latitude
of the MG, the information presented in Table 3.2 should be used. The examples
provided in this chapter will follow this path. If the only constraint is the latitude, the
information in Table 3.2 or Table 3.3 can be used to select the technology of the MG.
Lastly, if the restriction is the segment, the information in Table 3.2; Table 3.4 should
be used to select the technology of the model.
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To follow the segment and latitude’s restriction path Table 3.2 must be used. The
latitude range of the MG is contained in the rows in Table 3.2; to select the range,
one is restricted to choosing the information presented in those rows. Information
about the MG segments is listed in the cells in Table 3.2 (see the legend in the upper
left side of Table 3.2). The number of each combination is displayed in the different
columns, except for the last column, which aggregates all the combinations based on
latitude. By selecting the path with only the latitude restriction, in Table 3.2 the
combination can be selected by adding all of the MGs in each column (except the last
column) within the row of the latitude range that is selected. The combination with
more MGs will be the one that is most often used in that latitude range. Moreover,
Table 3.3 shows the percentage of each technology used in the MGs from each latitude
range. By establishing a representative minimum percentage, the combination can be
selected. When the segment is the only restriction, the penultimate row aggregates
the information from all the latitudes (Table 3.2). According to the legend, the most
used combination can be selected. When the segment is the restrictive parameter, the
information presented in Table 3.4 can be also used. In this case, a representative
percentage might be selected and, with that, a combination can be created. To select
the power of the model, a layer depicted in Figure 3.2 must be changed. Table 3.5 shows
the median power capacity of each technology by each segment and the aggregated
data. If the median does not fit the needs of the model creator, the appendices provide
different tables for MGs by segment or aggregated with the power capacity divided into
percentiles.

The United States, central Europe, China, and Japan are primarily located between
the latitudes of 30◦ N and 60◦ N. According to the information presented in Table 3.2,
most MGs also operate in this latitude range. Since the aim of the first example is
to use the most common MG in each segment, the MG model will be created in this
latitude range. The methodology used to develop the example models involves two
core steps based on the layers depicted in Figure 3.2. The first step is to decide the
generation technologies of the model. Then, with the information presented in Table
3.5, the power capacity for those generators will be determined. Although the examples
are focused on the main combinations used, the researcher can adapt the model to
his/her needs following the instructions presented in the previous paragraph.

Starting with the remote segment, which is more extensive than any of the other
segments, as seen in Figure 3.1, the three most commonly used combinations in the
latitude range mentioned above are: C13 (FF-H), C7 (W-FF), and C5 (PV-FF). Now,
to set the power capacity, the statistical value of the median is used, which is shown
in Table 3.5. The MG models ordered by number of MGs for the remote segment in
the latitudes between 30° N and 60° N are: C13 (FF [1.05 MW]–H [0.9 MW]), C5
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(PV [0.14 MW]–FF [1.05 MW]), and C7 (W [0.4 MW]–FF [1.05 MW]). Using the
same methodology, and regarding all of the segments, the most used MG models in
that latitude are shown in Table 3.7. Nevertheless, in both the testbed and campus
segments, there is a draw between the third most often used combinations, so all of the
combinations are gathered in that position.

Table 3.7. MGs most used combinations in each segment between the latitude range of 30◦

N and 60◦ N.

Most
Used

Combinations

Second Most
Used

Combination

Third Most
Used

Combination

Remote C13 (FF [1.05 MW]–H [0.9 MW]) C7 (W [0.4 MW]–FF [1.05 MW]) C5 (PV [0.14 MW]–FF [1.05 MW])

Community C6 (CHP [0.4 MW]) C1 (PV [0.11 MW]–St [0.25 MW]) C3 (PV [0.11 MW]–FF [0.7 MW]–
St [0.25 MW])

C&I C1 (PV [0.2 MW]–St [0.23 MW]) C4 (FF [3.6 MW]) C15 (FC [0.5 MW])

Campus C6 (CHP [5.2 MW]) C1 (PV [0.29 MW]–St [0.51 MW])

C2 (PV [0.29 MW]) /
C4 (FF [2.6 MW]) /
C15 (FC [0.4 MW])

Military C4 (FF [3 MW]) C2 (PV [1.18 MW]) C1 (PV [1.18 MW]–St [0.5 MW])

Utility C1 (PV [1.31 MW]–St [1 MW]) C11 (St [1 MW]) C10 (PV [1.31 MW]–W [3.87 MW]–
St [1 MW])

Testbed
C9 (PV [0.04 MW]–W [0.08 MW]–

FF [0.16 MW]–St [0.25 MW])
C10 (PV [0.04 MW]–W [0.08 MW]–

St [0.25 MW])
C11 (ST [0.25 MW]) /

C1 (PV [0.04 MW]–St [0.25 MW])

Another interesting latitude range for MG projects is between 30◦ S and 30◦ N.
Rural areas in developing countries in Africa, South America, and Asia are within that
latitude range. In these cases, and assuming remote rural areas, two combinations must
be highlighted. From 0◦ to 30◦ N, the most often used combination, taking into account
the median power capacity presented in Table 3.5, is C2 (PV [0.14 MW]). Within the
latitude range of 0◦ to 30◦ S, the most often used combination is C3 (PV [0.11 MW]–FF
[0.7 MW]–St [0.25 MW]). The power capacity can be adapted for this combination
based on the information presented in Table B.2 in the appendices section.

These two approaches can be used and tailored to address a researcher’s interests
and purposes. Although the models are generated from the infrastructure layer, with
the statistical information gathered, they take into account environmental conditions
from the business or the climate condition layers.

3.5.2 MG Model Based on ML Algorithms

The previous model creation guideline covers the MGs infrastructure paradigm, gener-
ically. To establish more detailed MG models based on the information from the



Chapter 3. Microgrid infrastructure compendium analysis with a model creation tool
and guideline based on machine learning techniques 73

compendium, an ML algorithm was trained. This subsection provides details about the
algorithms, the data used, and how the algorithm was trained.

In 1997, Tom Mitchell provided a precise definition of ML: “A computer program
is said to learn from experience E with respect to some task T and some performance
measure P, if its performance on T, as measured by P, improves with experience E” [65].
The compendium data gathered in this study has already been labeled, so the input
and output vectors used in the ML algorithms are known. These kinds of examples
are recognised as supervised learning [66]. The desired output matrix of the model
has one column with Boolean categories referring to the type of technology used and
another column with continuous variables referring to the power capacity output in
MW of those technologies. This task addresses a classification algorithm and regression
algorithm, respectively. Since the model does not gradually learn online, it can also be
defined as a batch learning system. In summary, for the model creation based on ML
algorithms, a batch supervised learning system based on classification and regression
algorithms was developed.

The classification and regression learner application of the MATLAB platform were
used to train the model. The training data of the algorithms is based on the MGs com-
pendium. The algorithms that were used were required to support both numeric and
categorical data, so decision trees, logistic regression, and support vector machines were
selected as possible options. Moreover, prediction speed, memory usage, interpretability,
and model flexibility were additional criteria used to determine the algorithms. Based
on the fastest speed, smallest memory usage, easiest interpretability for easy imple-
mentation, and highest flexibility, the decision tree algorithm was chosen—allowing
a maximum number of 100 splits in each tree. In order to easily share and interpret
the ML model, fine decision trees were used for both the classification and regression
algorithms. An example of a classification decision tree is shown in Figure 3.3, where
the algorithm decides whether or not an MG model has storage. Classification and
regression trees are similar except for the training data used and the output of each
type of algorithm, which is Boolean in the first case and numerical in the second.

The purpose of this ML tool is to generate solid models based on the compendium
with fast and easy implementation. Consequently, the structure with two layers followed
in the model creation guideline discussed in the previous subsection was similarly used
to train the algorithms. As seen in Figure 3.4, the data flows through the different layers
and the algorithms until the output is delivered. Each circle represents an algorithm
for each type of technology gathered in the compendium. To establish the algorithms
from the first layer, the data from latitude, segment, and the Boolean information
from each type of technology were used to train each decision tree. Depending on the
user interest the information in the technology layer can be also used as an input for
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Figure 3.3. Fine tree example for classification.

the algorithm. By doing this, the user selects his preferred combination of generation
technologies within a latitude and a segment so it is not provided by the model. The
output of the model is the power associated with the technologies selected and with
the constraints of the latitude and segment provided.

If the user did not select his preferred technologies, the output of this layer is whether
or not the MG has different technologies based on the latitude and the segment. The
second layer, regarding the power capacity, was trained with the latitude, segment
information, whether or not the MG uses a specific type of technology and the power
output. The output of the layer is also the power delivery of each type of technology.
A third layer has been added where the CAPEX costs of each generation technology
can be added by the user. This provides an estimated cost of implementing those
technologies to the MG. If no costs are added by the user, prices by default were
implemented based on the median capacity installed in MGs and according to [67–70].

After training, the ML tool works as a black box where the inputs are latitude and
segment and the output is a 10 × 4 matrix where the first column is a description of
the technology listed in each row. The second column has the Boolean information of
whether or not the MG model has a specific type of technology. These technologies
could have been selected by the user. The third column shows the power delivered
by those technologies in the model. The last column provides the estimated costs
associated to integrating those generation technologies to the MG.

The following example demonstrates how effective the MG models can be with
ML methodologies. In the compendium, there are five MGs around the latitude of
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Figure 3.4. Data flow in the classification and regression algorithms.

67◦ N (from 66◦ N to 68◦ N) for the remote segment. These MGs have the following
components: 1/5 of the MGs have W generators, 4/5 have CHP and 5/5 have FF
generators. The median power output for each component is 0.3 MW for the W
generators, 0.9 MW for CHP, and 1 MW for the FF generators. When the latitude and
segment inputs are entered into the ML algorithms, the output is the following MG
model: FF [1.12 MW] and CHP [1.06 MW]. This result is similar to the MGs from
the compendium in the latitude range previously mentioned, but it is not identical
to the outcome from the possible MG model discussed in the previous subsection. In
that subsection, the model that uses information from Table 3.2 and Table 3.5 would
have been composed of W [0.4 MW] and FF [1.05 MW] generators. Costs by default
associated with this use case are around 1.04 million Euros.

The ML algorithms are shared as a MATLAB script, and different MATLAB func-
tions can be downloaded to generate specific models based on the compendium of the
1,618 MGs.
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3.6 Conclusions

In the present study, information about power generation technologies of 1,618 MGs
have been analysed and condensed with an ML model, by contrast to previous studies
that dealt with fewer number of MGs and no searching tool. By aggregating and
representing all the collected data, authors aimed to establish a guiding principle for
researchers to perceive how real MGs are being deployed around the world.

With the aggregated information of the compendium, two MG infrastructure model
generators were developed. An ML tool shared as a MATLAB script with a classification
and regression learner and a flowchart guideline. The ML learning model is similar to a
searching tool and generates MG models using the latitude and the segment as inputs
providing the generation technologies and power capacity based on the compendium
data. Those generation technologies can be also be provided by the user and the
algorithm provides the power associated to each technology.

While both models can be adapted to the researcher’s needs; there is a difference in
the outcome. The model creation guideline produces more generic MG infrastructure
models than the ML algorithms due to the resolution in the latitude presented in the
tables and the correlations made among the data by the algorithm. Actually, the ML
tool latitude precision is close to 2◦ instead of the 15 − 30◦ from the guideline.

It has been found that there is a lack of information related to costs associated to
the MG or the generation technologies. Training the ML algorithm with these data
would provide very valuable insights to the state-of-the-art in the field and enhance
the contribution of the proposed model. Therefore, future studies within this topic are
suggested.
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4.1 Chapter summary

• Problem: Provide accurate estimations of photovoltaic power sites.
• Existing solutions: Develop deterministic or statistical algorithms to model pho-

tovoltaic power production.
• Proposed solution: Within the scope of statistical applications, produce a power

estimation model based on neural networks with an automatic density algorithm
filter.

• Evidence: The performance of the proposed model have been compared with
published deterministic models and tested in two real locations.

Abstract

Photovoltaic generation systems are widely used around the electrical network. There
is a large variety of photovoltaic models for power production estimation. However,
the use of machine learning algorithms in this application is yet to be explored. In this
chapter, a comparison between statistical and deterministic approaches is presented.
The statistical models proposed use machine learning methodologies with neural net-
work algorithms and automatic strategies to clean the data. To validate the model a
comparison with two different deterministic models in different situations and locations
is analysed. The accuracy of the neural network algorithms when trained and tested
in the same location makes the proposed model a good performance ratio tool for a
photovoltaic power station.

4.2 Introduction

The increased penetration of photovoltaic (PV) farms in the electrical system has been
followed by the creation of different mathematical models to simulate the behaviour
of these power plants. An important feature studied in these models is the PV power
output.

There are widely adopted softwares in the industry to model the PV plant behaviour
such as PVsyst [1], PVLib [2] or NREL system advisor model (SAM) [3]. Also, there are
other PV models such as SoL which have a good trade-off between performance, easy
implementation and computational speed [4]. These algorithms mostly use deterministic
approaches that decomposed the irradiance into the plane of the array and then estimate
the PV power output based on the module and inverter. The complexity and lack of
local PV plants information needed to optimise the results with these softwares makes
it difficult to implement them in many cases.
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An alternative approach to deterministic models is using statistical methodologies
and data-driven techniques. According to [5], these alternatives approaches perform
competitively against classical methodologies such as equivalent circuits. The main
limitations about data-driven techniques described by the author are the following:
slightly higher computation times and the lack of capacity of some models to describe
the physical behaviour of the PV power generation. Nevertheless, machine learning (ML)
has emerged as an accurate set of tools and algorithms for estimation and forecasting
tasks. For instance, in [6] an extensive review about different ML methodologies applied
in PV applications is developed. In [7] a broader view about historical data techniques
used to PV forecasting is shown. Neural networks (NN) is a particular algorithm of
ML which provides really good results with an easy implementation. In [8] an analysis
of two different architectures of NN models used to estimate the PV power output
was achieved obtaining good results. The data feeded into these algorithms is usually
provided by the supervisory control and data acquisition (SCADA) system.

The content of this chapter is based on the manuscript "Photovoltaic electric power
estimation with a machine learning algorithm based on neural networks and validated
with deterministic approaches" [9]. The paper is introduced in the published and
submitted content chapter in the beginning of the thesis document.

The chapter is organised as follows. First, the methodology used in the chapter is
shown. In this section, the NN model is introduced. Also, the training data, data prep-
processing and features selection is described. In Section 4.4 the results are presented
and analysed. This section starts describing the error metrics used in the analysis.
Then the tests developed in two different locations are shown. Finally, conclusions and
future research opportunities are presented.

4.3 Methodology

A machine learning model used to estimate the PV power is described in this section.
First, a brief description of machine learning techniques and neural networks is intro-
duced. Then, the specific features of our proposed model are shown. An explanation
about how the data was used to perform this comparison and how it was used to train
the model is described. The section ends with the error coefficients proposed for testing.

4.3.1 Machine learning model - neural networks

Most common ML models are mathematical and computational algorithms which adapt
their parameters according to the data they are trained with. These kind of models
are typically used in multidisciplinary processes to increase their performance, predict
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or estimate different scenarios by performing tasks such as regression or classification,
among some others. The ML model needs data to be trained with and its performance
highly relies on the quality and quantity of these data. Depending on how the data is
used to train and test the models, different learning scenarios exist. For instance, in
supervised learning the data feed to train the algorithms include the output as a label
whereas unsupervised learning uses unlabelled data [10]. Despite the existence of some
other ML learning scenarios, this study will implement these two. Another criteria
to classify an ML system is whether it is trained incrementally with a stream of data
(online learning) or not (batch learning). According to these information, the present
study uses batch supervised ML methodologies to train their models.

To estimate the PV power output in this study, a feed forward NN model has been
chosen among all the ML algorithms. This family of models have a similar structure to
that of a brain neuron. Each neuron receives the weighted sum of the outputs coming
from other neurons, creating an interconnected system divided into three parts. The
inputs of data in the first layer, the hidden layer, where the neurons are concatenated
as the second layer, and the output as the last layer, which gives the result of the model.
An example of a NN structure can be seen in Figure 4.1.

4.3.2 Proposed model

The proposed ML model of this chapter is based on NN and is presented on Figure 4.1.
Although NN are algorithms which work in both classification or regression tasks, in
this study they were used as regression algorithms. As per in Figure 4.1, the proposed
model input layer has six neurons, each one corresponding with the training features
coming from the data. The inputs features of the NN model are shown in the following
subsection. The hidden layer is composed by one layer of 20 neurons. Each of them is
fed with the weighted information of the five inputs. Then, the hidden layer is directly
connected to the output which delivers the PV power estimation.

The NN has been trained with a process called Bayesian regularisation. It updates
the weight and bias values of the neurons links according to Levenberg-Marquardt
optimisation which is based on mean squared error minimisation [11]. This methodology
also modifies the linear combinations to result in a network with better generalisation
capabilities. To stop the training, some of the default instances were modified. The NN
model obtained better results when the training process was stopped with the following
characteristics: a) maximum number of epochs equal to 104, b) minimum gradient
equal to 1 × 10−8 and c) µ maximum equal to 1 × 1010.
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Figure 4.1. Diagram of the proposed neural network with the number and type of neurons
per layer.

4.3.3 Data management and feature selection

To compare both methodologies, this chapter uses solar and PV production SCADA
data from two sources located in similar latitudes but different climates. The first source
studied is a parcel within a PV farm called Els Valentins, located in Tarragona, Spain, at
40.6◦ North latitude and an elevation of 217m. It has a Csa climate, which corresponds
to a warm dry climate with hot summer, typical from Mediterranean areas. The other
location is the NREL laboratories at Denver, CO USA, at 39.74◦ North latitude and an
elevation of 1829m. The climate there is classified as BSk which stands for cold arid
steppe climate. Both climates are classified according to [12]. Denvers’ PV panels are
divided into three different parts, each of them corresponding to a different building
at the NREL facilities. These facilities are: The visitor parking garage (Parking), the
research support facility 2 (RSF2) and the science & technology facility system (STFS).
The PV panel characteristics of both locations are summarised in Table 4.1.

There is a difference regarding the quantity of data used in both locations. For
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Table 4.1. Information about PV modules and inverters.

Els Valentins Denver
Parcel 26 Parking RSF2 STFS

Cell Material Polycrystalline Monocristallyne Monocristallyne Polycrystalline
PV Module Siliken SLK60P6L SunPower SPR-315-E-WHT SunPower SPR-315-E-WHT Evergreen Solar ES-190-RL
Tilt [◦] 31.5 8 10 10
Inverter Siliken Se100i SM America’s SC250U SM America’s SC250U Sacton Technology Corporation PVS-75
Total Capacity [kW] 100 524.3 408.3 94.1

instance, the data used from Els Valentines covered three whole years (2015, 2016 and
2017) with a resolution of 10 minutes. The datasets from Els Valentines will be named
as follows EVY2015, EVY2016 and EVY2017 for each year respectively. The data from
the NREL is just from one year in the parking (2012) and RSF2 (2012) and two years
regarding the STFS (2011 and 2012). All the data from the NREL have a resolution
of 1 hour and will be named as follows NP2012, NR2012, NS2011 and NS2012.

Before training the ML algorithms outlier removal must be performed. These data
can be produced due to abnormal behaviours, such as inverter shutdowns or snowy
days. The NREL data was already cleaned. From the total amount of data in an entire
year, regarding the parking the 14% of the data was excluded in 2012. In the STFS
the 7% was excluded in 2011 and a the 6% was excluded in 2012. In the RSF2 the 10%
of the data was excluded in 2012.

The data from Els Valentins PV farm was cleaned using an automatic methodology
to detect and exclude outliers. The methodology used was a density-based algorithm
which clustered the data taking into account the number of neighbours within a radius
from each observation [13]. Points which do not belong to any cluster where considered
as outliers. This methodology also eliminates normal observations, but given the
amount of discarded data it has no significance to the final result. At Els Valentins, the
5.2% of the data was discarded in 2015. The 3% of the data was discarded in 2016 and
the 4.4% was discarded in 2017, being most of them outliers in all cases. An example
regarding 2015 can be seen in Figure 4.2. The red points, which were clustered as -1
where considered outliers.

In order to improve the results of an ML model, an important process to carry out
before training is to obtain the combination of data features that give the best result.
The process of feature selection starts by identifying the characteristics of the raw data
and obtaining new and valuable features if possible. The raw data in both locations had
the following information: latitude, longitude, ground horizontal irradiance, ambient
temperature, PV power and time. Deriving out of this information, new features such
as sun elevation, solar zenith, direct normal irradiance, extraterrestrial irradiance, clear
sky index, solar time, declination, solar azimuth or solar relative position were obtained.
The use of some of these features derived from the sun position were proven to be an
improvement on the NN accuracy as stated in [14].
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Figure 4.2. EVY2015 dataset cleaning example with a density-based algorithm where each
point is clustered as an outlier when Cluster < 0.

The models were trained and validated with all possible combinations mentioned in
the paragraph above. The best results were obtained with the following combination:
time (just month), solar time, sun elevation, sun azimuth, temperature and direct
normal irradiance. These six features were selected in both locations as the inputs of
the proposed NN model.

Once the data was cleaned and the features selected, the model had to be trained.
For all cases studied, training was developed with at least two years of data. Tests,
however, were performed with one year of data.

4.3.4 Error metrics

Two types of error metrics were selected to analyse the behaviour of the ML model and
compare it with the deterministic models. The first metric selected is the bias. This
error shows the difference between the estimated value (ˆ︁y) and the real value (y) as
peer in the Equation 4.1.

Bias = ˆ︁y − y (4.1)
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The bias value, when positive, represents an over-estimation of the model, whereas
when negative shows that the model has under-estimated the result.

The second error metric used for the comparison is the normalised root mean squared
error (nRMSE). Its mathematical expression can be seen in Equation 4.2 where the
estimated value is shown as "ˆ︁y", the real value is noted as "y", "ymax" stands for the
maximum value of the analysed vector, "ymin" stands for the minimum value of the
analysed vector and "n" stands for the length of the vector. The nRMSE result is
provided as a percentage.

nRMSE =

√︃∑︁n

i=1(ˆ︁y(i)−y(i))2

n

ymax − ymin

(4.2)

The nRMSE always provide a non negative result. The higher the value of the
nRMSE the bigger the error. Also, since the errors are squared, large deviations may
have a large effect on the nRMSE final value. This provides a measure very sensitive
to outliers.

Given the differences regarding the total power capacity of each site, normalised
values were used to compare results and errors. Hence, the error metrics shown in
this chapter are in per unit or percentage scale in both tables and graphs. The total
capacity of the PV stations can be seen in the last row of Table 4.1.

4.4 Results

In this section the comparison among the deterministic models and the NN algorithm
is shown. The model comparison is divided into two parts. One is focused on the NN
trained and tested in the same place while the other shows the NN trained in one place
but tested in the other location and hence seeing the generalisation capabilities of the
NN algorithm.

4.4.1 Models comparison when training and testing in the
same location

In this subsection both locations will be studied isolated. Both training and testing are
developed with the data from the same location.

4.4.1.1 Els Valentins PV farm, Spain

The data from Els Valentins is divided into three different years. The strategy to train
the model and compare its results with SoL is by training with two years and testing
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Table 4.2. test nRMSE comparison between NN and SoL models when trained and tested
in Els Valentins.

nRMSE 2015 2016 2017 Mean Value
SoL model 3.59% 3.51% 3.94% 3.68%
NN model 1.9% 1.88% 1.97% 1.92%

with the remaining one. By doing that the following situations are analysed. First,
training with the data from 2016 and 2017 and testing in 2015. Then, training with
2015 and 2017 while testing in 2016. Lastly, the training was done with 2015 and 2016
and tested in 2017. The errors resulting from training are summarised in Table 4.2.

The behaviour is very similar among the three years and it is represented in Figure
4.3 and Figure 4.4 which are examples taken from the 2017 test. The bias is close to
zero for the three years which can be appreciated in Figure 4.3. All points are close to
the perfect estimation line in both sides. In the figure, the x axis represents the real
power while the y axis shows the estimated power. The points have been also divided
based on the zenith angle. Points closer to 0 show early and late moments of the day,
while the points in the upper left side of the figure are related with midday values.
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Figure 4.3. Example of EVY2017 dataset test showing the estimated power against the real
power clustered by zenith angle when trained and tested in Els Valentins.

The mean nRMSE divided by hour and month is represented in Figure 4.4. All
years show a pattern regarding the error. The algorithm makes better estimations
during months with a high number of sunlight hours, such as May, Jun and July, while
the error increases in months like February, March or December. This pattern is the
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same for the 2015 and 2016 tests. Nevertheless, since the algorithm was trained and
tested in the same type of modules, inverter and characteristics the error is better than
a deterministic approach such as SoL.
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Figure 4.4. Example of EVY2017 dataset test showing the mean nRMSE divided by month
and hour when trained and tested in Els Valentins.

4.4.1.2 NREL facilities in Denver, USA

There are three different PV facilities at NREL, Denver USA. Hence, these tests are
developed with the data from the same location, but with different PV modules and
inverters. The data is divided into four datasets. A dataset from the parking from
2012, another one from the RSF2 from 2012 and two datasets from STFS, one from
2011 and another one from 2012. The strategy in this location was to train with three
out of four sets of the data and test the model with the remaining one.

It can be concluded, by observing the bias error in Table 4.3, that, as opposed to
Els Valentins, there is not a clear pattern in the results. The sign of the bias varies
depending on the data selected to train the algorithm. The nRMSE is slightly higher
than the tests from Els Valentins, but on average, the results obtained are better than
those obtained using deterministic approaches (SoL and SAM).
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Table 4.3. Test nRMSE and bias comparison between SAM, SoL and NN models when
trained and tested in NREL facilities.

Parking RSF2 STFS 2011 STFS 2012 Mean
SAM Model 4.25% 5.1% 5% 5% 4.84%
SoL Model 4.02% 3.77% 5.92% 5.92% 4.91%
NN Model 2.41% 6.18% 4.13% 3.96% 4.17%
Bias [p.u.] 0.0182 0.0551 -0.0372 -0.0341 0.0005

4.4.2 Models comparison training and testing in different
locations

This section compares the performance of NN models trained with the data from one
location and tested in the other. The algorithm is trained with data from different
PV modules and inverters than the ones from the test. Hence, we can appreciate the
generalisation capabilities of the NN algorithm.

4.4.2.1 Training with data from NREL PV facilities and testing on Els
Valentins PV farm

Given the difference between the training and test data, the performance of the NN
model was worse than the deterministic approaches. The results for these tests are
summarised in Table 4.4.

Table 4.4. Test nRMSE comparison between SoL and NN models training at NREL facilities
and testing at Els Valentins.

2015 2016 2017 Mean
SoL Model 3.59% 3.51% 3.94% 3.68%
NN Model 6.77% 7.09% 7.38% 7.08%

In this case, the three tests have a pattern with both bias and nRMSE metrics and
the results were very similar between years. Figure 4.5 and Figure 4.6 were chosen as
an example from the Els Valentins test from 2017. As peer in Figure 4.5 and Figure
4.6, the behaviour of the model was better early in the morning and the afternoon. In
Figure 4.5 the positive bias in the test can be shown. This tendency is the same for all
years in these three tests.

4.4.2.2 Training with data from Els Valentins PV farm and testing on
NREL PV facilities

The results obtained in these tests by the NN model are also worse than the deterministic
approaches. It is likely that by training with different climate and equipment, the model
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Figure 4.5. Example of EVY2017 dataset test showing the estimated power against the real
power clustered by zenith angle when training with data from Denver.
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Figure 4.6. Example of EVY2017 dataset test showing the mean nRMSE divided by month
and hour when training with data from Denver.

can not estimate adequately the behaviour of the PV power output. The results of
these tests are summarised in Table 4.5. Even though the results for two of the facilities
are similar (one even better), NN does, on average, worse than SoL.

Regarding the nRMSE average by moth and hour the behaviour between the fa-
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Table 4.5. Test nRMSE comparison between SAM, SoL and NN models training at Els
Valentins and testing at NREL facilities.

Parking RSF2 STFS 2011 STFS 2012 Mean
SAM Model 4.25% 5.1% 5% 5% 4.84%
SoL Model 4.02% 3.77% 5.92% 5.92% 4.91%
NN Model 5.44% 3.53% 10.04% 9.45% 7.12%

cilities and years is very different. While in the STFS facility, the bad performance
is generalised in the RSF facility there are just three instances that reduce the entire
performance. The errors are focused on three specific hours (October at 16:00, Septem-
ber at 17:00 and March at 17:00) repeated in all the tests. No pattern or outlier was
detected in the data. In Figure 4.8 the test from the parking has been chosen as a
reference for all tests.

The bias has the same tendency in all the tests. Figure 4.7 is an example taken
from the parking test, but these behaviour is very similar in all facilities, where almost
every estimation has a negative bias.
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Figure 4.7. Example of the NP2012 dataset test showing the estimated power against the
real power clustered by zenith angle when training with data from Els Valentins.
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Figure 4.8. Example of the NP2012 dataset test showing the mean nRMSE divided by
month and hour when training with data from Els Valentins.

4.5 Conclusions

In this chapter, ML techniques capabilities to estimate PV power output have been
assessed and validated with deterministic approaches. It can be concluded that NN
models accurately estimate PV power when trained and tested with data from the same
location. This fact makes ML methodologies a very good performance ratio tool for a
PV power station when using their own SCADA data.

In contrast, the NN model shows worse results when training the algorithm with
one location and testing it in a different one. Nevertheless, this provides an opportunity
to make future studies with data from more locations, climates or even different types
of ML algorithms. After the study, a reassessment of the generalisation capabilities
to estimate the PV power output in different locations with the ML model should be
done. However, this is a difficult task due to the great amount of data with an adequate
resolution required.

This chapter also shows how ML techniques have been successfully applied to obtain
accurate results by only using SCADA data and features extracted out of it. This makes
the ML methodologies a promising tool when the technical specification of components
such as the inverter, type of PV panels among some others are missing.
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5.1 Chapter summary

• Problem: Compute the annual optimum tilt angle for fixed photovoltaic arrays
and solar collectors so the annual energy yield is maximised in the absence of
local data.

• Existing solutions: Apply a mathematical model to maximise the total incident
solar energy based on available data.

• Proposed solution: Based on information from 2,603 sites multiple models differing
in complexity are presented. One of the models is highlighted due to a balance
between ease of use and accuracy.

• Evidence: The validation of the models have been compared with software tools
and existing models from the literature.

Abstract

This study provides several models for accurately computing the annual optimum tilt
angle for fixed solar photovoltaic arrays or solar collectors, in any location of the
world. The optimum tilt angle that maximises the annual energy yield can therefore be
easily calculated in the absence of meteorological data and simulation software tools.
The proposed models are calculated using global horizontal radiation data collected
from 2,551 sites across the world. In the process, well-established submodels have
been selected to estimate the hourly irradiance on any possible inclined surface, and
its corresponding annual energy yield. After selecting the optimum angle for each
location, through a regression analysis, a mathematical model that calculates annual
optimum angles as a function of latitude has been developed. Furthermore, regression
techniques such as neural networks and decision trees have been compared with the
polynomial models. Finally, the results are compared to those obtained from high-
quality 1-min measured irradiance data obtained at 52 research-class stations from the
World Radiation Monitoring Center–Baseline Surface Radiation Network, providing a
remarkably high number of validation data points. The results are analysed, validated,
and compared with previous research proposals proving the good performance of the
proposed models.

5.2 Introduction

A key objective when installing a solar collector (SC) or a photovoltaic array (PVA) is
to maximise energy output over a defined time period. Adjustments of PV installation
angles can reduce total electricity generation costs [1]. Therefore, the design or control



Chapter 5. Worldwide annual optimum tilt angle model for solar collectors and
photovoltaic systems in the absence of site meteorological data 102

goal is to determine the tilt (β) and azimuth (γ) angles that increase the performance. It
is known that in both applications the optimum angle that maximises incident radiation
is the same. [2].

Annual optimum surface inclination should be calculated using site-specific weather
data (typical meteorological year (TMY) data, or satellite data) and software tools.
But due to the the lack of access to meteorological data in many locations around the
world, particularly in some parts of Africa, South America and Asia, it is convenient for
designers or users of small solar collectors or photovoltaic (PV) systems to have access
to a mathematical model for determining their optimal orientation. Even if local TMY
data does exist, sometimes (specifically in small and medium size PV plant design) they
are not used by the plant designers, managers, or the non-governmental organisation
founders. Previous mentioned cases, among others, are possible applications which
may benefit from a simple algorithm to accurately estimate the optimum tilt angle as
a function of latitude.

An extensive number of articles have attempted to establish the optimum tilt angle
of solar systems for specific geographic locations around the world, and for a range of
applications. Examples include PV systems, solar water heaters, solar cookers, solar
powered thermoacoustic engines, building-integrated photovoltaic (BIPV) systems [3]
or solar updraft tower power plants. Since 1950, studies that define the tilt optimal
angle as a function of latitude by means of linear equations, based on a few locations,
have been carried out [4]. More than a hundred optimum tilt studies are reviewed in
[5], which focused mainly on specific locations or regions around the world; however,
only a few are validated due to a lack of measurements for more than one or two tilt
angles.

In most solar energy applications, solar collectors and PVAs are placed according
to the optimum azimuth angle (γopt), which is considered to be oriented to the equator
[6]. To calculate annual optimum tilt angle βopt, two main optimisation criteria can
be considered: maximum intercepted solar irradiation. Maximising the incident solar
energy on the panel or collector surface, either in extraterrestrial or in atmospheric
conditions, is the main practised criterion [7]. Other optimisation techniques applied are
Artificial Neural Networks [8], Genetic Algorithms [9], or Particle-Swarm Optimisation
techniques [10]. In some cases it is intended to optimise the effective output energy
[11].

Two main approaches can be considered to obtain optimum angles (γopt, βopt) when
maximising total incident solar energy on the surface: the search-based approach and
the direct approach [12]. The direct approach consists of a mathematical model, which
generates a formula to calculate the optimum tilt angle [13]; due to the independence
of the azimuth angle, the value of γ is usually set to 0 in the Northern and 180 for
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the Southern Hemisphere. The direct approach is the more common method since it
is normally simpler, although the precision depends on the model used to calculate
incident radiation on the tilted surface, i.e. the transposition model [14]. In the search-
based approach, the incident solar irradiance is calculated for an array of different tilt
and azimuth angles with some discrete step size. The pair of angles with the highest
solar irradiance over the considered period is selected as the optimum. The quality
and origin of data, as well as the selected transposition model used, have a significant
influence on the results [15].

This chapter has developed research based on two irradiance databases. The first
database is composed of hourly Global Horizontal Irradiance (GHI) data from 2,551
sites across the world, with latitudes between 70° north and 70° south. This dataset
contains typical meteorological year (TMY, TMY2, TMY3) data acquired from [16]
in the EnergyPlus database for every location. For each of these 2,551 sites, the PVA
inclination yielding the maximum incident irradiance over a year has been calculated.
The second database contains 1-minute global, direct, and diffuse irradiance measure-
ments from 52 WRMC-BSRN Stations [17]. While this dataset is less geographically
extensive, the irradiance measurements are significantly more accurate, and thus are
used to validate the results from the first dataset.

A deep search was carried out to select the most suitable model to estimate the
global tilted irradiance (GTI) on inclined surfaces. The selected transposition model
for diffuse irradiance (DIF) calculations takes into account the diffuse radiation in the
circumsolar region and a component isotropically distributed across the rest of the sky
dome. Code has been implemented to determine the optimal tilt angle of 2,551 sites
worldwide. A regression analysis has been carried out using the site’s latitude and the
optimal tilt angle as inputs, and the results have been analysed to develop a simple
algorithm for calculating optimum tilt angle as a function of latitude for any site. Some
other studies have utilised similar methodologies, however they have used much smaller
datasets, and have typically relied on simpler isotropic models for diffuse transposition
[18]. As several authors have mentioned [19], developing a universal model with a good
amount of high quality data from climatically and geographically dispersed sites is also
essential. Also, regression techniques such as neural networks and decision trees have
been compared with the polynomial models.

The content of this chapter is based on the manuscript "Worldwide annual optimum
tilt angle model for solar collectors and photovoltaic systems in the absence of site
meteorological data" [20]. The paper is introduced in the published and submitted
content chapter in the beginning of the thesis document.

The chapter is organised as follows. Section 5.3 presents the methodology used
to obtain the incident solar radiation on an inclined surface as a function of the tilt
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and azimuth angles. Section 5.4 describes the data selection and discusses the selected
anisotropic diffuse transposition models. Section 5.5 firstly presents and discusses
several methods for the calculation of annual optimum angles as a function of latitude, as
well as their results, followed by a comparison between methods. Finally, a comparison
with other authors and experimental results is presented. Section 5.6 discusses the
results of this work and the main conclusions.

5.3 Methodology

The applied methodology is summarised in Figure 1. Firstly, from TMY GHI data, the
direct normal irradiance (DNI) hourly TMY data and the diffuse horizontal irradiance
(DHI) hourly TMY data are obtained for each site from 2,551 locations of the EnergyPlus
database. Then, for each site and an azimuth angle of 0º (North) or 180º (South),
hourly incident radiation for a year has been calculated for tilts from 0° to 90° in 1° steps
using appropriate transposition models. Therefore, for each site and each inclination,
annual incident radiation has been obtained. The annual optimal angle is the one which
maximises annual incident energy. A vector of (2,551x2) containing latitude of the
location and optimum tilt angle is obtained. Several regression techniques have been
compared, polynomial, neural networks and decision trees.

The tilt angle yielding the annual maximum energy was calculated using both hourly
TMY data and also high-quality 1-min measured DNI data from the BSRN database.
The results obtained for the optimum tilt angle are detailed in subsections 5.5.1; 5.5.2
and 5.5.3 those results are analysed, validated, and compared with previous research
proposals in subsections 5.5.3 and 5.5.4.

5.4 Data and separation-transposition models
selection

This section presents irradiance EnergyPlus [16] and BSRN [17] public databases since
they will both be used to develop the proposed optimum tilt angle model. Furthermore,
the relevant transposition models are analysed to justify a choice.

Solar radiation, considered as both DNI and DHI, is needed with high precision to
be able to adequately simulate the energy yield. Irradiance parameters of real-world
databases should ideally be used, because the variability of the solar resource in a
location from one year to the next produces some variations on the optimum tilt angle.
Therefore, it is necessary to have solar resource data from a significant number of years,
which can statistically represent a typical year.
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Figure 5.1. Flowchart representing methodology used to calculate optimum angles.

A TMY dataset provides a single year of solar radiation hourly data along with
other meteorological data and represents characteristic conditions over a long timeframe
(for instance 30 years). As TMYs represent typical non-extreme conditions, they are
not suitable for producing worst-case weather scenarios for designing systems and their
components. However, these TMY datasets are adequate for general optimum angle
calculations. Different versions of TMYs exist, (TMY,TMY2, TMY3) based on input
data for different periods of time. These data are commonly provided by the local
meteorological stations, estimated by satellite imagery or synthesised by statistical
models. When measuring irradiance, DNI is not usually discernible from DIF scattered
into the circumsolar region (by thin clouds, aerosols). Therefore, a decision on the
angular size of corresponding solar disc band has to be made, and it will affect the
calculation of the direct and diffuse contributions [21]. In cases where only measured
GHI is available, a decomposition model is needed to estimate DNI and DIF components.
For instance, when systematically producing DNI time series when GHI is obtained out
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of satellite imagery using the “cloud index” method [22].
Pyranometers are installed in some cases for the purpose of gathering suitable GHI

data or DIF when installed with a shade band [23]. One difficulty is that, compared
to GHI, DNI observations are not that common as need a dedicated sensor called
pyrheliometer. Therefore, in most cases where there is no measured DNI data available,
or if only a worst-case or an approximate analysis is desired, DNI must be derived from
GHI by decomposing it into its direct and diffuse components. This decomposition
process has a significant impact on the global uncertainty of the results [24]. Indeed,
the main source of error in GTI calculations is usually due to the decomposition model
[25]. Notably, where there is a significant amount of solar resource, the DNI component
is usually the dominant one, and therefore it is extremely important to adequately
determine it. Deriving DNI from satellite-based estimates of hemispherical radiation
instead of using measured GHI data contributes to bigger uncertainties, as might be
expected unless the nearest site with measured data is far away [24].

Subsection 5.4.1 summarise the datasets used in this research and Subsection 5.4.2
describes the transposition model selection.

5.4.1 Meteorological and irradiance data

Two public meteorological databases were selected based on the quantity and quality
of their data: EnergyPlus and BSRN. Using the EnergyPlus database [16], hourly
meteorological data from 2,551 sites were selected from across the world (see a map
of locations in Figure 5.2). Of these sites, 1,042 are in the USA, while the remaining
1,509 are distributed across many countries around the globe. All of these correspond
to those locations for which TMY data are publicly available. Data owners are believed
to have made every effort to ensure the quality of the data. Modern TMY3 datasets
should be constructed in accordance with accepted standards such as ISO 15927-4
[26]. This recommends that irradiance data should be obtained from irradiance sensors
operated in accordance with the guidelines outlined in [27]. This suggests that for
modern datasets the maximum achievable hourly uncertainty (95 % confidence) is 3 %
for "high quality", state-of-the-art pyranometers, 8 % for "good quality" pyranometers,
and up to 20 % for moderate quality pyranometers used in low-cost applications. In
practice, the accuracy of the EnergyPlus data varies widely between sources, depending
on the origin of the irradiance data and the methods used to construct the different
TMY datasets. Generally, the more recent the dataset the more accurate the irradiance
measurements, with TMY3 data having higher accuracy than the older TMY2 and
TMY datasets, first developed in the 1970s [28].

To ensure the quality of the irradiance data, a set of filters have been used to remove
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any potentially erroneous points, as recommended in [29]. In addition, a condition has
been added in the GTI calculations [30], to ensure that the incident irradiance is always
greater than zero.

Figure 5.2. World map of meteorological sites EnergyPlus (left) and BSRN (right) used for
model validation.

In addition, a high number of validation data points with 1-minute resolution were
collected by 52 research-class BSRN stations in four different climate zones of the
world, as shown in Figure 5.2. Basic radiation measurements include GHI data in some
cases and DNI and DHI in others. The stated accuracy for broadband solar irradiance
measurements are 15 W m−2. The BSRN data archive is maintained by the WRMC and
is updated regularly [17]. Data quality assurance on the original dataset was performed
at ETH Zurich.

The ground-based decomposition models with the highest accuracy include the
recent Engerer2 model described by Bright [31] and also, according to [32] the DIRINT
model [33] and the BRL model [34].When the GHI is dominated by the DHI component,
these models can have limitations. Nevertheless, the result is considered acceptable for
the purposes of this research.

5.4.2 Transposition model selection

To calculate the diffuse incident irradiance from the DNI, DHI, or GHI data, an
isotropic or anisotropic transposition model is used. A transposition model typically
takes measured and/or modeled horizontal irradiance components, as well as several
geometrical parameters such as sun elevation angle, inclination and incidence angle,
to predict the irradiance components on the inclined surface. A common assumption
is that the diffuse irradiance reflected back from the ground onto the solar surface is
isotropic. In Subsubsection 5.4.2.1, different models for the transposition of the diffuse
component are analysed. The reflectance of the ground, referred to as the albedo, has
a value between 0 and 1 (typically 0.2); which is discussed in Subsubsection 5.4.2.2.
Subsubsection 5.4.2.3 presents a comparison and selection of transposition models.
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5.4.2.1 Transposition of the diffuse component

A transposition model was used to calculate the DIF component. The first true trans-
position models emerged in the early 1940s [35]. These were isotropic models, which
assume that the diffuse component of the solar irradiance is uniformly distributed across
the sky dome.

However, as the sky radiance has long since been shown to be highly anisotropic
under certain sky conditions, a large number of more sophisticated models have been
developed to accurately describe this anisotropy [36]. In most cases, the diffuse irradi-
ance collected by a tilted panel is modeled according to a geometric frame of two or
three parts. Third generation models treat the sky-diffuse component as anisotropic.
Under this category, most of the models break down non-overcast irradiance as the
addition of two elements (circumsolar and background sky diffuse). The Perez3 model
[37], which consists of three components. While early studies compared the accuracy of
tilted irradiance models across time periods of months, days or hours, current studies
are often based on data with resolutions of a minute or higher [30].

Many studies have tried to validate and compare the accuracy of different trans-
position models [19]. However, most of them have only tested the models for a small
number of different tilt and azimuth angles. In addition, the accuracy of models is
usually assessed using the root-mean-square error (RMSE) and the mean bias error
(MBE) metrics. In some cases, the comparisons between models are more exhaustive
[30].

In [19], the performance of isotropic and anisotropic models are compared, and it
is concluded that an anisotropic model of the diffuse sky radiance provides a better
estimation of the available solar resource on a sloped surface compared to an isotropic
model due to the directional scattering effects of the aerosols. In [38], after comparing
isotropic and several anisotropic sky diffuse models, the use of anisotropic models
is recommended. Also, [39] implemented a similar analysis for daily radiation, and
concluded that the Gueymard model from 1987 performed the best.

According to Muneer et al.’s (2004) classification of transposition models [40], the
validation developed by the researchers of these models, is usually done with data
collected in diverse locations, geographically dispersed all around the world. They
compared 10–20 models from all three generations. Sometimes, errors are found to be
significant due to the approximations used in simplified models [41]. [42] ranked 10
models used to estimate the DIF on an inclined surface placed in Valladolid (Spain)
based on their RMSE and MBE. The result showed the Muneer model [43] achieved
first, followed by the Reindl model [38], for daily and hourly values. In [44], 15 models
(including the models of Perez [37], Gueymard [19], Hay [45], and Skarveit [46]) were
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used. The model’s performance, again based on their RMSE and MBE, was evaluated
using data from two tilted surfaces measured in Ajaccio (France). The Perez model
achieved the best performance among those tested.

In [47], seven radiation models were checked on tilted surfaces and a simulation was
implemented for building energy production. Hay [45] and Perez [37] were among the
models tested. The simple isotropic model was found to perform the worst, while the
Perez model generally performed the best.

Gueymard [25] compared 10 transposition models that were evaluated against the
GTI measured in planes of fixed inclination, oriented to the south and a 2-axis tracker at
NREL’s Solar Radiation Research Laboratory in Golden, Colorado. Among the selected
models were the Hay [45], Skartveit [46], Perez [37], and Gueymard [19] models. The
models were evaluated using 1-minute irradiance data. The authors [25] found that
under clear skies and for optimal inputs, the Gueymard and Perez models gave the
best GTI estimation.

Among the cited studies, only a few developed a detailed study of the performance
of the models for different sky conditions and identified [48], the Ma–Iqbal [49], and
Perez models as the best ones for “all sky conditions." Different types of datasets were
used to compare the estimated irradiance values derived from the various models in
[50]. GTI was measured on three inclined surfaces; analysing the results for clear day
by six different models. For bright overcast days the best performance was achieved
by the Muneer [43], Reindl [38], Hay [45], Perez [37],and Gueymard [19] models. For
dark, overcast days the best results were achieved by the Muneer[43], Gueymard [19]
and Skartveit [46] models. Since the clouds act as an homogeneous layer giving an
isotropic diffusion, in the case of overcast skies, the assumption of isotropy should be
more adequate than other study cases. However, for clear or partially clouded skies,
this assumption should not be made [51]. Isotropic models usually underestimate the
difference in the incident solar radiation between surfaces with different orientations,
and may significantly underestimate the incident irradiance on optimally oriented
surfaces.

A performance study of 14 transposition models was presented in [52] using 10
minute diffuse solar irradiation from the horizontal to inclined surface. For validation
purposes, radiation data from eight months were used. The performance of the individ-
ual models were evaluated using statistical methods comparing the measured against
the calculated global solar radiation on a south-facing surface inclined at a latitude
angle. Given overcast conditions, the Perez model achieved the best performance.

The authors of [53] assessed and compared the performance of four models, for
diffuse solar radiation estimation on inclined planes located at Reunion Island (southern
hemisphere). The research uses a detailed experimental configuration since there are
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14 inclined planes available for testing, more than previous research works. In general,
Perez’s model exhibits the best performance.

In [54] four common diffuse radiation models were used to analyse tilted diffuse
irradiance of 27 Brazilian capital cities. The Perez model was found to be more suited
for the lower latitudes of the Brazilian North and Northeast regions.

Twelve models were tested against recorded south- and west-facing slope irradiances
at Karaj (Iran), with the Perez1 the model showing the best agreement with the
measured tilted data [55].

Yang [30], evaluated 26 transposition models from four different locations (Eugene,
Golden, Oldenburg, Singapore), using the solar irradiance measurements from one year
and a total of 18 case studies. According to the performance results of the linear
classification in nRMSE, the first four families of models in the ranking were Perez
(Perez1 [56], Perez2 [57], Perez3 [37], Perez4 [58]), Muneer [43], Hay [59, 60], and
Gueymard [19]. While some models were recommended, no single, universal model
was not found. [61] recommended the Iwaga model, which is based on continuous
distribution functions and all-weather conditions to estimate DIF on building facades
in Beijing. [12] concluded that, after comparing the results of the of the Perez, Hay,
Gueymard and S&O [46], no unique and accurate model exists for all cities in Iran and
that each model is suited to a specific location.

Of all the models available in the literature, the Perez family of models has been
demonstrated to have a better performance in several sites such as Golden, CO in the
USA [19], Duebendorf, Switzerland [47], Hong Kong [62], Egypt [63], Karaj, Iran [55],
Belgium [52], Ajaccio [44], Isla Reunion [53] or Singapore [64].

The Perez family of models divides the sky hemisphere into three distinct zones:
the isotropic background, the horizon band, and the circumsolar disc. Perez0 is a more
complex model but it has not been validated for different environments [56]. In the
Perez1 model, solar radiation from near the horizon is considered to come from an
infinitesimally thin region. This simplification of the circumsolar model achieved better
results than the original Perez0 model. Perez2 [58] is a Perez1 simplification which
assumes that all circumsolar energy emerges from a point source. The coefficients used
in Perez1 and Perez2 are fitted using hourly irradiation resolution data (from Trappes
and Carpentras, France). Model performance may increase, in specific locations, by
using locally-fitted coefficients [65], but for other locations these coefficients may not
perform optimally. Hence, the Perez3 model uses coefficients refitted against a larger
dataset (from 3 European and 10 American sites), with a different binning of the sky’s
clearness index. Perez4 has the same formulation as the Perez1 model, but uses the
binning and coefficients used in Perez3.

In summary, among the models analysed in the literature, and despite the absence
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of a universal model, the Perez model is chosen by most of the studies as the best
performing model. Of the Perez family, the Perez3 model [37] is the most widely used
and accepted version. It is particularly successful at low latitudes [66], as well as for
cloudy locations [67] and under overcast conditions [52] and hence it is the model
selected for the diffuse irradiance transposition calculations in this research.

5.4.2.2 Transposition of the ground-reflected component

A usual hypothesis is for the diffuse irradiance reflected from the ground onto the solar
surface to be assumed as isotropic, being created from the ground with a view factor
of (1 − cos β)/2. Models typically consider a default albedo value of 0.2 across sites,
based on [68]. This value is used extensively throughout the literature [44].

Moreover, [69] used different albedo coefficients and concluded that there was no
improvement in the performance of their estimations when compared to the use of a
fixed 0.2 albedo value, for surfaces with moderate tilts. In their work, 12 diffuse sky
sub-models were used with four albedo sub-models to estimate the GTI from GHI data.
The ground reflected irradiance can be calculated using a simple isotropic model, with
low influence on the final energy production. The isotropic model equation used is
presented in [70], and it performs in one step the computation of the ground reflected
irradiance and its transposition to the plane of array.

5.4.2.3 Transposition models comparison

Despite the the fact the Perez model has been selected as the diffuse transposition
model through an extensive literature review, in this section a sensibility analysis is
performed. For each of the 2,551 locations [16], the surface orientation producing the
maximum annual energy in a year period was calculated using TMY data. GTI was
determined for each solar surface configuration with an inclination between 0° and 90°
for surfaces oriented to the equator.

Figure 5.3 shows the annual optimum tilt angle results by applying three different
transposition models, the Perez3 model, selected in section 3.2.1; the Hay model, a
simpler anisotropic model that has been shown to perform well in the literature; and the
isotropic model of Liu and Jordan. Furthermore, for a better comparison a polynomial
regression curve is shown for each model. Perez gives higher inclination values than
those obtained by the other two models in accordance with the expected results [12].
The Perez family of models divides the sky hemisphere into three zones and the Hay
model assumes diffuse radiation to be composed of circumsolar and uniform background
sky-diffuse components. The mean bias differs in line with the values derived from
both types of anisotropic model, which increase as the inclination angle of the 250
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planes increases. The reason for this increase is that as the angle of inclination of the
surface increases, the irradiance of the horizon band represents a larger part of the total
irradiance. Only three zone models, such as Perez3, account for this region.

When the global radiation is predominantly diffuse, the main radiation is supposed
to be received by the horizontal. This approach is reflected in [71]. The optimum tilt
angle drops off along the clearness index. The Perez3 model allows to incorporate the
effect of frequently overcast skies on the choice of optimum tilt angle [67].

This analysis shows the importance on the transposition model choice and its impact
on the optimum tilt angle calculation.
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Figure 5.3. Annual optimum tilt angle as a function of latitude based on the calcula-
tion of three transposition models applied to 2,551 sites hourly irradiance data and their
corresponding regression curves.

5.5 Tilt angle model calculation for optimal
annual energy yield

To select the solar surface tilt so that the incident energy can be maximised, there
are two main approaches: search-based and a direct approach. This chapter applies
a search-based approach. With this approach, the GTI is calculated for different
inclination angles with the desired step size, thus obtaining the optimum tilt angle
when solar irradiance over the year is maximised.
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As the selected transposition model influences the results [7], Section 5.4 presents a
detailed justification.

For each of the 2,551 locations in the EnergyPlus irradiance database, the solar
surface orientation and inclination yielding the maximum annual energy was obtained.
With the aim of generating a simple and general expression for the world, the ground
albedo is set to 0.2 and the azimuth angle of the surfaces are set such that they are
oriented towards the equator. An equatorial orientation provides the best azimuthal
alignment in the absence of shading, horizon obstruction, or very different weather
conditions during the day, and is consistent with the results of previous research [72].
Latitude, longitude, altitude, and hourly DHI and DNI data of each site are considered.
Every solar surface configuration with angles varying in the tilt interval of 0° and 90°
was used to calculate the incident irradiance.

The results obtained for the optimum tilt angle are detailed in subsections 5.5.1;
5.5.2; 5.5.3 and 5.5.4 the results are validated and analysed with previous research
proposals.

5.5.1 Tilt angle model for optimal annual energy yield

Three different polynomials (linear, quadratic, and cubic) were fitted to the optimum tilt
angles calculated from the EnergyPlus database, as shown in Figure 5.4, using a least
squares method. The corresponding equation and coefficients for the fitted polynomials
are shown in Figure 5.1, where L refers to the absolute value of the latitude. In all cases,
polynomial models were fitted using 85 % of the data. Error results were calculated
with a test dataset, composed of the remaining 15 % of the data. The convenience
of distinguishing the northern and southern hemisphere latitudes has been examined,
concluding that with the available data, it is not necessary as has been done up to now,
and hence the optimal tilt angle can be expressed as a function of the absolute value
of the latitude.

Figure 5.4 shows the result of performing a least squares polynomial fit (linear,
quadratic, and cubic) applied to the results of the optimum angle as a function of the
latitude, calculated using the Perez3 transposition model. It can be concluded that the
difference between quadratic and cubic models is bounded in the range of ±0.9° for
latitudes between 0° and 70° and within −1° to +5° for all latitudes. No model can be
clearly recommended because residuals for both options are very similar, and the main
difference occurs at extreme latitudes where almost no data are available. Residuals are
slightly better for the cubic polynomial: linear (RMSE=3.5565, R2=0.8050), quadratic
(RMSE=3.3982, R2=0.8295), and cubic (RMSE=3.3934, R2=0.8298).

The same procedure was repeated using irradiance data from all BSRN sites for
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Figure 5.4. Optimum tilt angle models applying cubic, quadratic, and linear regression
polynomials using the 2,551 sites in the EnergyPlus database.

Table 5.1. Regression coefficients for the polynomial: βopt = P0 · L3 + P1 · L2 + P2 · L + P3

Polynomial Degree Cubic Quadratic Linear
Database EnergyPlus BSRN All-Data EnergyPlus BSRN All-Data EnergyPlus BSRN All-Data

P0 3.308E-05 4.259E-05 2.904E-05 0 0 0 0 0 0
P1 -0.008806 -0.01034 -0.008437 -0.005366 -0.005052 -0.0053 0 0 0
P2 1.083 1.141 1.074 0.9815 0.9667 0.9772 0.6065 0.5557 0.602
P3 1.738 2.156 1.819 2.479 3.421 2.555 8.311 9.972 8.471

which sufficient DNI data was available. All three polynomial models are shown in
Figure 5.5, with the corresponding coefficients shown in Table 5.1. In this case, it
can be concluded that the difference between the cubic and quadratic linear regression
polynomials is within ±3° for all latitudes.

Furthermore, to obtain some extra data for the extreme latitudes between 70°
and 90°, an additional dataset was created, referred to as “All-Data”, which contains
optimum tilt angles calculated using both the EnergyPlus and BSRN databases. The
resulting regression coefficients are also shown in Table 5.1. The difference between
EnergyPlus and the All-Data set is bounded within ±0.2° for latitudes between 0° and
70° and ±0.5° up to 90° (see Figure 5.6). Residuals for both are very similar and are
only slightly better for the latter.

It has been found with the BSRN database that the interannual variability for the
optimal tilt angle may vary as much as ±5 % when periods of almost 10 years are
considered, showing the convenience of using TMY or large time periods for this type
of study.

To facilitate the comparison of the different models and databases, Figure 5.7
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Figure 5.5. Optimum tilt angle models applying cubic, quadratic, and linear regression
polynomials using the 52 sites in the BSRN database.
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Figure 5.6. Comparison of optimum tilt angle regression models applying cubic and
quadratic polynomials using the three datasets: EnergyPlus, BSRN, and All-Data.

summarises the effect of energy loss due to the tilt deviation from its local optimum.
All 2,551 sites from the EnergyPlus database were analysed at all possible tilt angles,
in 1 degree steps, and the corresponding energy yield computed. To compare all of the
sites, the results have been normalised by the optimum angle (represented as 0° on the
x-axis) and the maximum energy yield (represented as 100 % on the y-axis). All curves
have been overlaid and percentiles calculated at each tilt angle deviation. In Figure 5.7,
a subset of those percentiles are shown, with fairly tight results between the 5 % and
95 % percentiles. Consequently, it is possible to approximate the energy loss when the
tilt angle deviates from the optimum. For deviation angles lower than 3° with respect
to the optimum, the energy loss is not significant. This is consistent with the results
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of other studies carried out for specific mid-latitude zone locations [14]. To facilitate
quantitative approximations, the polynomial regression for the 50 % percentile is shown
in Equation 5.1 with the equation parameters in Table 5.2.

f(x) = p1 · x4 + p2 · x3 + p3 · x2 + p4 · x + p5 (5.1)

Table 5.2. Energy relative loss equation parameters due to tilt angle deviation for percentile
50.

Parameters p1 p2 p3 p4 p5
Value 7.373E-07 -1.611E-05 -0.01215 0.01304 100.2
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Figure 5.7. Percentiles of energy loss, relative to the optimum, due to deviation in tilt
angles from their local optimum across 2,551 sites in the EnergyPlus database.

5.5.2 Tilt angle model for optimal annual energy yield with
neural networks and regression trees

In this subsection, an assessment of whether adding more complexity to the regression
models or not is explained and shown. Regression techniques such as neural networks
(NN) and decision trees (DT) have been compared with the polynomial models from
the previous section with the same input-output format.

Similarly to the polynomial models, both the NN and DT have been trained with
each individual database, as well as with the combined dataset. In all cases, 15 % of
the data is used solely for testing the results, and is not otherwise used during model
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construction. The other 85 % of the data is used for training and validation (70 % and
15 % respectively). The validation dataset is used to determine the characteristics of
the regression models. For example, in the NN model, the validation set was used to
determine the number of neurons in the hidden layer, while in the DT model it was used
to determine the number of nodes. For each model the data was allocated randomly
to the training, validation, and testing datasets.

The structure of both models keeps the same arrangement as the polynomial al-
gorithms. This allows for easier performance comparisons between them. Hence, the
latitude in absolute value remains as the only input while the output of the models is
the optimum tilt. All NN models proposed have only one hidden layer, with a variable
number of neurons depending on the database the model has been trained on. The vari-
able learning gradient descent optimisation algorithm is used to train the NN models.
All neurons in the hidden layer use an hyperbolic tangent sigmoid activation function,
while the output neuron uses a linear function. There are always two bias neurons, one
in the input layer and another in the hidden layer. The number of neurons used for
each dataset is outlined in Table 5.3. Regarding the DT models, the number of nodes
also varies based on the training database, as shown in Table 5.3. All of the DT models
use the mean squared error as the splitting criteria.

Table 5.3. Variable parameters of the NN and DT regression models for each training
database.

Databases: EnergyPlus BSRN All-Data
Number of neurons of the NN hidden layer 4 7 14
Number of nodes of the DT 151 15 111

All of the regression models are tested against the test dataset, which is composed
of sites not used for training the models. Hence, the results are more reflective of those
obtained when using the model for new locations that are not necessarily in the original
training dataset. The performance metrics used to the assess the performance of the
models are the mean bias error (MBE), the mean absolute error (MAE), and the root
mean squared error (RMSE), as shown in Table 5.4. In Figure 5.8, the NN and DT
optimum tilt angle models are shown alongside the polynomial models, using both the
EnergyPlus and BSRN databases. The behaviour is similar across all models, which is
reflected in the error metrics in Table 5.4.

The performance of the NN models is highly correlated with the amount of data
used for training, as can be seen in Table 5.4. Both the NN and DT models slightly
outperform the simpler polynomial models in almost all situations. While the com-
plexity of these models is greater, the error differences between models are very small.
Hence, for the sake of simplicity, the polynomial models are used from now on in the
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Table 5.4. Performance metrics for each of the regression models, trained against each of
the databases.

Regression models EnergyPlus BSRN All-Data
Error bias MAE RMSE bias MAE RMSE bias MAE RMSE
Linear 0.0127 2.7176 3.5565 -1.454 4.1824 4.887 0.0376 2.7286 3.5654
Quadratic -0.0102 2.5294 3.3982 -0.3846 2.6925 3.3037 -0.0064 2.5448 3.4126
Cubic -0.0126 2.5223 3.3934 -0.4808 2.5943 3.2467 -0.0054 2.5383 3.4094
NN 0.0072 2.5164 3.3023 -1.1927 2.6518 3.6664 -0.198 2.4665 3.2812
DT 0.0545 2.4115 3.2747 -0.9051 2.9297 3.2267 0.0525 2.4145 3.2888
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Figure 5.8. Optimum tilt angle models applying cubic, quadratic, linear, NN and DT
regression techniques applied to All-Data.

comparisons with other optimum tilt models. Nevertheless, the NN and DT can be
found in a Github repository.

5.5.2.1 Tilt angle regression model for optimal annual energy yield with
two inputs

When adding a little more complexity to the model by using two inputs instead of
one, the error differences among the models differ a little more. When including more
features to the regression model more complex solutions such as NN or DT may provide
better results. Nevertheless, the aim of the chapter is to provide simple solutions were
data is not easily available, hence the subsubsection only provide a glimpse about how
these type of models can be improved. In order to just slightly increase the complexity,
the new model input considered was the longitude. Hence, this models work with only
the sites’ geographic position (Latitude and Longitude).

In Table 5.5 the bias, MAE and RMSE of each model trained with both databases
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is shown. All models have been previously described and the only difference is the
inclusion of a new input. When training, polynomial models add a new variable, the
optimised NN use 16 neurons instead of 14 and the DT use 495 nodes instead of 111.
The inclusion of more features helped the performance of all models except for the
linear. Specially, the bigger improvements were made with the DT algorithm which
reduced the error more than 1% just by including the longitude along the latitude.

Table 5.5. Performance metrics for each of the regression models, trained against each of
the databases.

Regression models All-Data
Error bias MAE RMSE
Linear 0.098 2.721 3.563
Quadratic 0.040 2.480 3.272
Cubic 0.077 2.391 3.150
NN 0.134 2.146 2.788
DT 0.190 1.406 2.027

Figure 5.9 is a 3-D representation of how each of the models fit the optimum tilt
angle. It can be depicted how the DT is able to adapt in both latitude and longitude
dimension, so the best optimum tilt angle can be achieved. NN also provide high
adaptability. Nevertheless, the performance of the model is a little worse.

Despite providing the best performance, complex solutions such as NN and DT need
a software in which running the regression model. The polynomial solutions though
are more accessible to all people and the differences between one input and two inputs
are not significant. Hence, the preferable model for the author still are the polynomial
solutions with one input.

5.5.3 Comparison of tilt angle models for optimal annual
energy yield

The proposed model (Table 5.1) has been compared with eight other published models,
as shown in Figure 5.10. In addition, the commonly used rule of thumb that the yearly
optimum tilt angle is approximately equal to the absolute value of the latitude, L (such
that βopt = L) [73], is also evaluated. For the comparison, the cubic polynomial model
using all 2,603 sites data from EnergyPlus and BSRN (the All-data set) is used.

In [74], the optimal fixed installation angle is obtained for different time periods and
latitudes in the northern hemisphere using a direct approach to maximise the global
radiation. This uses the isotropic transposition model presented in [75]. For latitudes
below 65°, the yearly optimal angles are positive and are given by βopt = 0.76 ·L. Above
this, the curve is flatter, with the optimum angle given by βopt = 0.224 · L + 33.65.
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Figure 5.9. Optimum tilt angle models applying cubic, quadratic, linear, NN and DT
regression techniques applied to All-Data with latitude and longitude as inputs.

For high latitudes, the standard error of the mean values for irradiation estimation
increases significantly.

In [13], the study was performed using global solar radiation data from the European
Solar Radiation Atlas. The application of some empirical diffuse solar radiation models
suggests that at high latitudes unreliable values can be produced.

[76] used four years data of daily global solar radiation on a horizontal surface
to calculate the annual optimal tilt angle at 35 sites across different countries in the
Mediterranean region. There is a test representing the relationship between annual
optimum tilt and the latitude angles in which the quadratic model performed better,
as shown in Equation 5.2. The Reindl anisotropic diffuse transposition model is used
to calculate GTI.

βopt = 1.25351 · L − 0.00728944 · L2 (5.2)

A complete photovoltaic generation model is developed (model SoL2015) in [77],
and a quadratic relationship is established between latitude and optimum tilt angle in
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two cases: for clear-sky conditions (see Equation 5.3) and for all-sky conditions using
TMY irradiance measurements for many locations around the world (see Equation 5.4).

βopt = 1.13 · L − 0.004 · L2 (5.3)

βopt = 2 + 0.92 · L − 0.004 · L2 (5.4)

In [14], optimum tilt angle is analysed using the direct approach for sites in the mid-
latitudes zone of the Northern hemisphere. An isotropic model is used for calculating
the diffuse sky and ground reflected components of the incident radiation (see Equation
5.5).

βopt = 0.916 · L + 1.171 (5.5)

[78] used data from nine measurement stations in the Southern African Universities
Radiometric Network (SAURAN), each of which was equipped with pyrheliometers
and pyranometers, to estimate the annual solar insolation on fixed panels with different
angles. A linear model is shown in Equation 5.6.

βopt = L ± 2.6 (5.6)

More than 200 sites are used in [79] to estimate the energy production of grid-
connected photovoltaic energy systems across the world. NREL’s PVWatts simple
calculator [80] is used to estimate the optimal tilt angles. A cubic polynomial fit of the
optimal tilt angles as a function of latitude was developed from data for the Northern
and Southern Hemispheres.
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Figure 5.10. Tilt angle models for optimal annual energy yield as a function of latitude for
different models.
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In order to compare existing optimum tilt angle models with the proposed ones,
both SC and PV applications have been analysed. As shown in Figure 5.10, there
are significant differences although, as stated previously, these differences are only due
to the data and the chosen mathematical approach, and are not related to their final
application.

A number of the reviewed works utilise simple linear models, including Chang2009
[74], Talebizadeh2011 [81], Soulayman2016 [14], and Le Roux2016 [78]. In addition,
this chapter proposes an additional linear model, although it is included solely for
comparative purposes, and is not recommended for use. It is clear that these models
have limited applicability, exhibiting significant errors at high absolute latitude angles.
Consequently, they are generally only suitable for estimating the optimum tilt angle
across a small range of absolute latitudes, between approximately 10° and 50°. Both
[14] and [78] exhibit large errors, with values similar to those that would be obtained
using a clear sky model.

Among the quadratic polynomial methods, SoL2015 [77] obtains results that are
closer to the proposed models due to the number of sites used in their regression. [76]
shows a noticeable difference from [77] and the proposed models, with an optimal tilt
angle difference of up to 7° for some latitudes due to the small number of sites (35)
used.

Among the only two cubic polynomial models, namely [79] and that proposed in
this chapter, the results are similar. However, it is believed that the 2,603 sites used
in this research must provide a better accuracy across a wider range of latitudes, with
differences in the optimum tilt angle of up to 3.5° for some latitudes.

5.5.4 Validation of the proposed tilt angle model for optimal
annual energy yield

With the aim of validating the proposed model, its predictions for the optimum tilt
angle have been compared with the results of other software tools, as well as published
optimum tilt angles that have been independently validated.

First, the proposed model is compared with results from the PVGIS 5 tool [82] and
the MODIS method [6], as shown in Table 5.6. PVGIS is a validated model that obtains
solar irradiance data from the Meteosat satellite cloud product, and which calculates
the GTI using the Muneer model [43]. Calculations are based on a time series of hourly
values over more than 10 years, depending on the database (CMSAF-SARAH). PVGIS
also takes into account spectral, temperature, and wind effects. The MODIS method
uses a radiative transfer approach (the DISORT method in libRadtran) to calculate
DHI, GTI and βopt in all-sky conditions using cloud, ozone, water vapor, and aerosol
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input data. For this validation, the results published in [6] using the MODIS method
for the year 2013 and several BSRN sites were used.

Table 5.6. Comparison of the optimal tilt angle, calculated using the proposed method, with
results from the PVGIS and MODIS methods.

BSRN Station
TAM IZA GOB CAR SON PAL CAM CAB TOR LIER

Latitude (º) 22.79ºN 28.3093ºN 28.4249ºS 44.083ºN 47.054ºN 48.713ºN 50.2167ºN 51.9711ºN 58.254ºN 60.1389ºN
Proposed Model Cubic All-Data 22.28 26.12 26.19 35.21 36.65 37.43 38.11 38.89 41.50 42.24
PVGIS, TMY Data (CMSAF-SARAH) 24 24 26 38 37 36 39 39 39 40
MODIS (2013 data) 26 28 26 38 38 37.5 38 38 46 42

Table 5.6 shows the results for this first validation. The main outcome is that
the proposed model, applied to randomly selected sites, shows very similar results to
the PVGIS (for TMY) and MODIS (for the selected year) models, with an average
difference of around 1.5° between the proposed model and both external methods.

The results of the proposed model have also been compared against other studies
that have performed annual optimum tilt angle calculations for a single site. Annual
optimum tilt angles published by multiple researchers, and spanning 95 sites, have been
gathered and compared with the All-data version of the proposed model. Table C.1 in
Appendix C summarises the following research: [12, 66, 67, 76, 81, 83–109].

Figure 5.11 presents the main finding of this comparison. Most of the studies
use isotropic or horizontal irradiance measurements over one year, which may explain
differences between the results for sites of similar latitude. When comparing these
values, the maximum difference between them was found to be within the range L ±7°,
which implies less than 1 % energy deviation relative to the optimum. These results
do not serve as a faithful contrast, since in no case do they use experimental measures
at different inclinations and they usually use different transposition models. In some
cases, an isotropic transposition model is used, which may explain why most of them
are located on the upper bond of the reference set. Nevertheless, these results are
considered positive and consistent with the proposed model.

To understand the differences between the proposed models and the reviewed works,
the impact of the interannual variability of irradiance on the optimum tilt angle was
analysed. The optimum tilt angle was calculated for each year in an eight-year period
between 2010 and 2017, as shown in Table 5.7. Measured values of GHI, DHI, and
DNI have been used for each site. For the same location, possible variations in the
annual optimum tilt angle of up to 8 % may occur, with respect to the median value
of the series analysed. This likely contributes to the differences observed between the
proposed model and the reviewed works, and highlights the importance of performing
optimum tilt angle studies using long time series of irradiance data, or representative
TMY data. The importance of diffuse irradiance in the variation of the optimum
interannual inclination angle is clear.
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Figure 5.11. Tilt angle for optimal annual energy yield as a function of latitude for All-Data
set and literature review sites.

Table 5.7. Influence of the diffuse irradiance inter-annual variation on the optimal tilt angle
calculation.

Year Opt. Annual Titlt Angle (º)
CAB BSRN Station CNR BSRN Station NYA BSRN Station E13 BSRN Station SAP BSRN Station

2010 34 33 46 32 x
2011 37 34 42 34 36
2012 37 34 44 34 35
2013 37 33 46 33 33
2014 37 32 43 33 35
2015 37 33 44 34 35
2016 39 32 44 34 34
2017 36 35 44 x 34

Median 37 33 44 34 35
Med-Max (%) 5.41 3.03 4.55 0.00 2.86
Med-Min (%) 8.11 0.00 5.55 5.88 5.71

Due to a lack of long term, high-quality irradiance measurements with multiple tilt
angles, it is not possible to validate the proposed optimum models using real-world tilted
irradiance data [6]. Most of the papers which develop or evaluate different transposition
models include validation against measured GTI but few are based on experimental
measurements at different tilted surfaces, such as [110] and [111]. The experimental
results are summarised and compared with the results obtained in this research (Table
5.8), and show the good performance of the proposed models.
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Table 5.8. Theoretical and experimental comparison for yearly optimal tilt angle.

[110] Latitude 24.55º Diff(º) [111] Latitude 53.3º Diff(º)
Proposed All-Data cubic 23.54 -0.04 39.46 -0.46
[74] 23.46 0.04 39.78 -0.78
[76] 20.90 2.60 42.86 -3.86
[14] 26.38 -2.88 46.10 -7.10
[78] 23.66 -0.16 49.99 -10.99
Experimental opt tilt (º) 23.50 39.00

5.6 Conclusions

It has been found that due to the lack of access to meteorological data in many locations
around the world, or to the small size of the installation, it is convenient for designers or
users of solar collectors or photovoltaic (PV) systems to have access to a mathematical
model for determining their optimal orientation. This chapter has proposed a simple but
precise polynomial model for calculating the annual optimum tilt angle, at any latitude,
that maximises annual incident solar irradiance. Quadratic and cubic forms of the
model are provided, with the latter showing slightly better performance. The proposed
models are based on a regression of optimum tilt angles calculated using irradiance
data from two public databases (EnergyPlus and BSRN) that together encompass 2,603
sites from around the world. Versions of the model are included that have been fitted
using each dataset on their own, as well as together. It has been shown that, while
the results are relatively consistent when considering each dataset independently, it is
more convenient to combine them.

The proposed polynomial model has been extensively validated against other exist-
ing regression models, as well as published optimum tilt angle calculations and mea-
surements. In all cases the model shows consistent performance, and good agreement
with established results. As stated by other researchers, no significant differences have
been found in these models between PV or solar collector applications. It was shown,
however, that significant differences may be observed when comparing the calculated
optimum tilt angle to other models fitted using data covering a short period of time, or
a small number of sites. The results of the proposed model are most similar to those
which have also been constructed using large datasets. This highlights the importance
of using representative irradiance time series from a large number of different sites in
the construction of such general models.

While more complex regression methods were also investigated for calculating the
optimum tilt angle, including neural networks and decision trees, they only produced
a minor improvement in performance. Hence, for the sake of easy implementation, the
authors suggest the use of either the quadratic or cubic polynomial models. These
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models are believed to be the most accurate models of their type to date, due to the
size and quality of the datasets used.
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6.1 Chapter summary

• Problem to be solved: State of charge is a key feature for ensuring the operation
of batteries in any kind of system. However, obtaining an accurate value is a
difficult task due to the dynamic behaviour of batteries.

• Existing solutions: Modelling the state of charge using various approaches. The
principal strategies are modelling the physical behaviour (electrochemical opera-
tion), using data-based algorithms and using hybrid models.

• Proposed solution: Data-based algorithms which provide good adaptability and
computational speed after training. An ensemble decision tree called gradient
boosting trees is the model proposed to estimate the state of charge.

• Evidence: A test with non-trained data is performed.

Abstract

The available capacity of a battery, called the state of charge, is a fundamental charac-
teristic for energy storage applications or electric vehicles. In order to model the state
of charge of a lithium-ion battery using data-driven techniques, complex algorithms
should be used so the dynamic behaviours of the battery are captured. In this chapter,
an ensemble decision tree called gradient boosting tree was fitted with the information
extracted from different experiments based on dynamic and constant discharge profiles
at different temperatures and implemented in a laboratory. Despite the capacity and
and the battery’s state of health being below its theoretical life expectancy, results
of the model showed an adequate behaviour. The model’s performance was validated
using previously unused data.

6.2 Introduction

Batteries are electrochemical devices used in a wide variety of domains. The basic
working principals of batteries, as well as the most common chemical components used,
can be found in [1] which also describes batteries’ performances and specialised battery
systems, such as those used in electric vehicles (EVs) or energy storage applications.
Despite being one of the systems most used in microgrids, batteries are not widely
adopted in electrical grid storage applications. In [2], batteries are considered considered
valuable tools for decarbonising the European electric system, but the cost of batteries
has prevented their penetration of MGs. According to [3], power systems will experience
less of an increase in lithium-ion (Li-ion) battery usage compared to increased Li-ion
battery usage for other systems such as EVs. Most recent scientific studies have focused



Chapter 6. Battery state of charge estimation based on ensemble machine learning
techniques 140

on improving EV systems with Li-ion batteries. This type of battery provides high
energy efficiency, lack of memory effect, long cycle life, high energy density and high
power density according to [4].

Among the battery parameters, the state of charge (SOC), which represents the
remaining battery capacity, is a key feature of operating with batteries. However, the
SOC cannot be directly calculated. A mathematical model based on cell parameters
such as voltage or current may infer an estimation of the real SOC. Many reviews
address SOC, such as [5–7]. Different types of SOC model algorithms are found in [5,
6]. Among all model variants, models based on chemical and electrical behaviour are
extensive. Also, data-driven approaches can be highlighted. A few hybrid models are
also shown in the reviews.

Conventionally, electrical models such as the open circuit voltage (OCV) model or
the Coulomb counting model have been used to estimate the SOC. In [8], an enhanced
Coulomb counting algorithm to estimate SOC in Li-ion batteries is proposed. This
methodology provides an easy implementation which is generally used as a validation
measurement with other approaches. In [9], five different equivalent circuit models
are evaluated against dynamic discharge profiles of EVs. The authors of [10] propose
an OCV algorithm trained with different temperatures to estimate the SOC. Despite
the effectiveness of previous algorithms, many authors use Kalman filter variations to
estimate the SOC. These techniques are accurate but computationally demanding. A
series of papers were proposed by Plett, but in [11] the parameter fitting of an extended
Kalman filtering is proposed. A simplified Kalman filter is proposed in [12] which
obtains faster results while maintaining accuracy due to a noise filtering algorithm and
a data rejection algorithm. A novel particle filter algorithm is proposed in [13], validated
against Kalman filters. Despite having more robust results, further improvements to
computational costs by reducing complexity are needed.

The mentioned algorithms provide good results but may lack adaptability or compu-
tational speed. In contrast, data-driven methods may provide both of these capabilities
without sacrificing accurate results. A review of data-driven SOC algorithms can be
found in [7]. Many algorithms use neural network (NN) models to estimate the SOC.
For instance, [14] proposes a battery description using OCV-R-RC models (electrical
models) and a latter artificial NN algorithm to estimate the SOC. In [15] a back prop-
agation NN along with a backtracking search algorithm are proposed. Very accurate
results were obtained with this algorithm. Using pulses to generate data, [16] estimated
the SOC by implementing a feedforward NN. Given the nature of the batteries, the
family of recurrent NNs (RNNs) may provide more accurate results. In [17] a short-term
memory gate called a gated recurrent unit (GRU) is used as a neuron in the RNN
algorithm. Results were validated with Kalman filters. Due to its simplicity, the same
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type of GRU-RNN algorithm was used by [18]. The authors of [19] proposed long-short
term memory gates for an RNN algorithm.

Due to the lack of dynamic discharge standards about electric batteries in power
systems such as microgrids, in this study, dynamic discharges associated with EVs
are used. Most of the algorithms previously described were trained or validated with
dynamic profiles. Laboratory experiments to generate data and develop a SOC model
using machine learning (ML) techniques are described and shown. In Section 6.3 the
methodology applied in the laboratory to perform the experiments, as well as the ML
models utilised, are described. The results of the model are shown in Section 6.4. The
study concludes with some final thoughts and future study applications, presented in
Section 6.5.

6.3 Methodology

This methodology section is divided into two parts. The first subsection shows the
information about the battery cells and its structure, and the experiments developed
are defined. Then, in the second subsection, the ML methodologies implemented to
model the SOC of the battery are described.

6.3.1 Experiment description and set-up

The present study used EV batteries composed of 6 cells. The cells connected in series
were gathered in two blocks which were also in series. The characteristics of the battery
cells are summarised in Table 6.1.

Table 6.1. Battery cells’ characteristics.

Cathode material LiFePO4
Anode material Graphitic carbon

Theoretical initial capacity 50 Ah
Nominal voltage 3.2 V
Charge voltage 3.6 V

Discharge cut-off voltage 2.5 V
Security voltage 3.7 V

Maximum peak charging current -20 A
Maximum peak discharging voltage 50 A

Maximum charging current -10 A
Maximum discharge current 35 A

Maximum temperature 55 ºC
Minimum discharge temperature -20 ºC

Minimum charge temperature 0 ºC
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The set-up designed to implement both the dynamic and static experiments is
depicted in Figure 6.1. The battery cells were located inside a temperature-adjustable
chamber and charged by a DC voltage-current source and discharged by a programmable
DC load. The charging and discharging equipment could be programmed to perform
dynamic current or voltage profiles. The data extracted from the experiments were
sent from the battery management system (BMS) implemented in a motherboard to
the computer and recorded in a text file.

Battery

Temperature
chamber

BMS

Programmable
DC load

Programmable
DC source

Figure 6.1. Experimental set-up.

The BMS controls the correct balancing of the cells’ voltage while charging and
discharging. It also protects the battery from further charging if the maximum charge
voltage is reached in any of the cells. Furthermore, if the cut-off voltage is reached in
any of the cells during the discharging process, then the experiment is also automatically
stopped by the BMS. The limit voltages are specified in Table 6.1. The battery is also
protected against overheating and equipped with temperature sensors. The BMS had
the capacity to record voltage and current every second. However, depending on the
experiment, lower resolutions may apply.

Despite the theoretical nominal capacity specified in Table 6.1, the battery was
used with a certain degradation. Before starting any of the experiments, the battery
capacity was around 39Ah. Preceding any of the experiments, the battery was fully
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charged at a constant current of 9.5A using the programmable DC source. The battery
was considered fully charged once any of the cells reached the charge voltage limit.

6.3.1.1 Constant discharges

The constant discharges were performed using a programmable DC load. The whole
discharge process was performed at a constant discharge current. A total of four types
of constant discharges were applied and are summarised in Table 6.2.

Table 6.2. Constant discharges specifications with the estimated duration of the experiments.

Discharge test Discharge current Duration
CC1 6 A 6.33 h
CC2 12 A 3.17 h
CC3 18 A 2.11 h
CC4 24 A 1.58 h
CC5 30 A 1.27 h

Each of the five constant discharge tests were performed at five different constant
temperatures: 10◦ C, 20◦ C, 30◦ C and 40◦ C. Due to the heating produced in the
battery, slight variations of the temperature occurred during testing.

6.3.1.2 Dynamic discharge profiles

To mimic EV behaviours, dynamic test profiles for batteries were used. These profiles
were designed to simulate a discharge mode of an EV battery by the US Advanced
Battery Consortium. Two of the most important profiles, the dynamic stress test (DST)
and the federal urban driving schedule (FUDS) were used in these experiments. Both
profiles share a series of characteristics:

• They are performed with an initial SOC criteria. In our experiments, batteries
started fully charged.

• The test profiles are repeated in a loop until the batteries reach a selected criteria.
In our case, it was until the battery was fully discharged.

• At each moment of time, a fraction of the peak discharge power (PDP) is de-
manded or provided to the battery.

Both dynamic discharges were designed according to [20]. Please note that positive
values for current and power are associated with discharge and negative values are
associated with charge/regeneration. This was the criteria followed in our laboratory
(whereas the manual, [20], follows the opposite criteria).

Each DST and FUDS dynamic discharge test was performed at four different con-
stant temperatures: 10◦ C, 20◦ C, 30◦ C and 40◦ C.
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6.3.1.3 Peak Power test

A concept known as peak power capability at 80% depth of discharge (DOD) is needed
for both DST and FUDS, as both dynamic tests are modelled as a function of this
parameter. The peak power capability is computed after performing the Peak Power
test (PPT). The following battery manufacturer data is needed for the PPT:

• Rated capacity of the batteries, Crated

• OCV (open circuit voltage) at 80% DOD
• Manufacturer’s maximum rated current, IMAX :
• Rated power
• Minimum voltage limit, Vmin

Based on previous parameters, some data calculations are needed for the test. First,
the high test current, Ihtc, is computed as

Ihtc = min

⃓⃓⃓⃓
⃓⃓⃓
⎧⎪⎨⎪⎩IMAX

80% rated power
2/3 OCV @80% DOD beginning of life

⃓⃓⃓⃓
⃓⃓⃓ (6.1)

Then, the discharge voltage limit, DVL, is computed as

DV L = min

⃓⃓⃓⃓
⃓⃓⃓
⎧⎪⎨⎪⎩Vmin

2/3 OCV @80% DOD beginning of life

⃓⃓⃓⃓
⃓⃓⃓ (6.2)

The base discharge current, Ibase, is computed as

Ibase = 12 · Crated − Ihtc

35 (6.3)

This test performs 30-second high current discharges at 0%, 10%, 20%...80% and
90% DOD. The test procedure is graphically represented in Figure 6.2. Every time a
DOD required step (0%,10%...90%) was reached, the battery was discharged at Ibase

for 30 seconds; after that, it was discharged at Ihtc for another 30 seconds, and then the
battery was discharged at Ibase until the next DOD step was reached. If the minimum
required voltage was reached at a point in the Ihtc 30-second step, the current was
immediately switched to Ibase even if the 30 seconds had not been reached. The test
was performed until the battery was fully discharged or any of the discharge limits were
reached.

In order to compute the peak power capability a series of parameters must be
computed at each DOD step according to Equations 6.4, 6.5 and 6.6. For each V1, V2,
I1 and I2 in Figure 6.2:

R = V1 − V2

I2 − I1
(6.4)



Chapter 6. Battery state of charge estimation based on ensemble machine learning
techniques 145

Vo
lta

ge
 [V

]
Cu

rr
en

t [
A]

Ihtc

Ibase
I1

I2

Time [s]

Time [s]

I1

I2
I1

I2

At 0%
DOD

At 10%
DOD

At 20%
DOD

30s 30s 30s 30s 30s 30s

30s 30s 30s 30s30s 30s

V1

V2

V1

V2

V1

V2

Figure 6.2. Test procedure diagram of the peak power test.

VIRF ree = V1 − I1 · R (6.5)

PeakPowerCapability = min

⃓⃓⃓⃓
⃓⃓⃓⃓
⃓⃓⃓⃓
⃓⃓

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

−2
9 · V 2

IRF ree

R

DV L · VIRF ree−DV L
R

IMAX · (VIRF ree + R · IMAX)

Power recorded (if 30 − second − step is interrupted)

⃓⃓⃓⃓
⃓⃓⃓⃓
⃓⃓⃓⃓
⃓⃓

(6.6)
The Peak Power capability at 80% DOD is needed to compute the PDP, which is

used to scale the power profiles of the DST and FUDS tests. Equation 6.7 shows how
the PDP was computed.

PDP = 0.8 · Peak power capability @80% DOD (6.7)

The numerical values used for and as result of the test are summarised in Table 6.3.

6.3.1.4 DST

The DST power discharge profile has a variety of amplitudes with different durations.
It has a power-specific demand value (fraction of PDP) each second for 360 seconds, as
shown in Figure 6.3. The profile is to be repeated in a loop with no delay until any of
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Table 6.3. Values for Peak Power test

Variable Value
Crated 30 Ah
Ihtc 20 A

DVL 15 V
Ibase 9.714 A
PDP 518.1 W

the termination criteria from Subsection 6.3.1.2 are met. This profile was implemented
in the experiments through a DC voltage source and remotely programmed DC voltage
load.
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Figure 6.3. DST discharge profile.

6.3.1.5 FUDS

The FUDS power discharge profile simulates an urban drive profile with numerous and
quick speed fluctuations. It has a power demand value (fraction of PDP) each seconds
for 1,372 seconds, as shown in Figure 6.4. The profile is to be repeated in a loop with
no delay until any of the termination criteria from Subsection 6.3.1.2 are met. This
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profile was implemented in the experiments through a DC voltage source and remotely
programmed DC voltage load.
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Figure 6.4. FUDS discharge profile.

6.3.2 Data and machine learning model description

This subsection is divided into two parts. The first one describes the data obtained
in the experiments previously shown in Subsection 6.3.1. The second gathers the
information about the ML technique implemented to model the SOC.

6.3.2.1 Battery data management

While implementing the experiments described in Subsection 6.3.1, the BMS sent the
data to a proprietary software where a text file with the following data was generated.
The file headline contained the experiment date and the times of the beginning and
end of the experiment as well as the number of cells connected in each block of the
battery and the nominal cell values. Then, the rows represented each instance of
the experiment while the columns gathered the information of the different features.
Regarding the rows, the resolution of the instances depended on the type of experiment.
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Constant current experiments gathered the information with a resolution of five seconds,
while the dynamic experiments saved the information with one-second resolution. The
information saved in the columns was the voltage of each cell, the total voltage, the
current flowing in the circuit, the power delivered or consumed and the temperatures
from the chamber and between the cells blocks.

With one file per experiment, the aggregation of all the data was implemented and
analysed in MATLAB. Taking into account the constant discharge experiments, the
following assessment was performed. In Figure 6.5 the voltage and the capacity of the
battery at 20◦ C and discharge with different constant current rates is shown. Despite
the unstable behaviour of the experiment at 18A at the beginning of the test, the
rest of the functions show a normal pattern. At each temperature, at least one of the
tests showed an unstable behaviour at some point, possibly due to the degradation of
the battery. The battery capacity was below the considered life cycle threshold, so
stochastic results were likely to appear.
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Figure 6.5. Voltage [V] and capacity [Ah] of the battery while discharging with different
ranges of constant current.

Temperature also greatly affected the Li-ion batteries. As depicted in Figure 6.6
the capacity and voltage were highly influenced by the temperature. Extreme battery
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temperatures provided less overall capacity, and the voltage drastically dropped when
discharging at lower temperatures. When operating close to ambient temperatures,
the behaviour was very similar. Also, due to the deterioration of the battery capacity,
the extreme temperature might produce stochastic effects in the discharging process in
some of the experiments.
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Figure 6.6. Voltage [V] and capacity [Ah] of the battery while discharging with a constant
current of 12 A and different temperatures.

After analysing the capacity of the batteries, to obtain the SOC in each test, the
Coulomb counting method was implemented. This is a simple algorithm which considers
a base full capacity, C, and subtracts or adds the capacity based on the current injected
or extracted in each time step, respectively. To do this, the efficiency of the system, η,
is needed. In Equation 6.8, the Coulomb counting method is presented:

SOC(t + ∆t) = SOC(t) + η

C

t+∆t∫︂
t

i · dt (6.8)

Once all the information was ordered and the SOC incorporated into each experi-
ment’s data, all the information was saved in parquet files. After loading all data into
a Python environment a feature selection was conducted. In this study the correlation
among variables was performed. The result was that most of the cell voltages were not
needed to implement the model. In order to calculate the SOC, only one cell limited
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the charging and discharging processes, being the weak spot of the whole battery. This
fact corroborated suspicions while performing the tests. As a result of the feature
selection, only the following characteristics were considered in the model: Voltage of
the second cell, total voltage, current, power and both temperatures. Then, data were
split into training, validation and test sets by 60%, 20% and 20%, respectively. With
the training and validation sets, the ML algorithm was trained and the optimal number
of estimators was selected based on the validation error. Finally, that model was imple-
mented with the test set and the final results were obtained. A summary of the whole
data management can be seen in Figure 6.7. The ML model description, the training
and validation process, the methodology and the errors considered are presented in the
following subsection. Results are shown in Section 6.4.

6.3.2.2 Machine learning model description

Energy storage models have previously used ML regression techniques to estimate the
SOC as stated in Section 6.2. There are many options among the models to be used.
In this thesis work, NNs are the most-used algorithm but decision trees (DTs) have
also been applied due to their simplicity and interpretability. To estimate the SOC,
different approaches were tested. Different types of NN were studied, including tests of
the widely used RNN. The results though were not acceptable, so DTs were also tested.
However, the algorithms were too simple to model the stochastic and dynamic behaviour
of the batteries. Techniques from the literature were also applied, but no good results
with the experiment data were obtained. However, an ensemble decision tree technique
provided the best performance among the models analysed. The ensemble technique
works by aggregating predictions of a group of models, which generally are simpler and
weaker. The predictions obtained are usually better than the best individual model
[21].

The ensemble technique used is gradient boosting (GB). This type of algorithm
works by sequentially correcting the previous predictor by fitting the residual errors
[21]. In Figure 6.8 this methodology is explained. A first DT algorithm is trained with
the data and produces residuals when the error is calculated. Then, the new estimators
are trained with the training data, but also considering the previous residuals as the
objective vector. This sequence can be repeated with as many estimators as desired.

With the model methodology established, there are some good practices recom-
mended for GB models. According to [22] the results from GB models are often robust
to variations in the tuning parameters of the algorithm, and default values usually work
adequately. The same author states that applying learning rates under 1.0 is a good
practice. The learning rate values should be explored with a factor of 10 around 0.001.
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Figure 6.7. Detailed flow diagram of the changes implemented to the datasets.
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Figure 6.8. Description of how GBRT ensemble techniques work.

In this work, few parameters were tweaked. The algorithm was set to optimise the
maximum depth of the estimators. A minimum number of 5 samples was considered
to generate a split. The learning rate was established at 0.05 and the loss function
selected was the lead absolute deviation considered more robust than the others with
the inconvenience of the computational cost while training. The main drawback of this
type of algorithm is the interpretability. According to [23] this type of algorithm is
uninterpretable and works as a traditional black box ML model.

After establishing the parameters of the model, estimators from 1 to 200 were
considered. The models were trained with the error computed with the validation data.
In Figure 6.9 the validation error variation can be depicted. The optimal results were
obtained with 190 estimators.

There were various errors considered in this chapter. The error considered to select
the model which appears in Figure 6.9 is the mean squared error, mathematically shown
in Equation 6.9

MSE = 1
n

n∑︂
i=1

(Yi − Ŷ i)2 (6.9)

where n represents the total number of values, Y represents the real values and Ŷ

represents the estimated values. Then, in Section 6.4 where the results are presented,
errors such as the mean absolute error represented in Equation 6.10 and the root mean
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Figure 6.9. Sensitivity analysis of the validation error with different numbers of estimators.

squared error, shown in Equation 6.11, is taken into account.

MAE = 1
n

n∑︂
i=1

|Yi − Ŷ i| (6.10)

RMSE =
⌜⃓⃓⎷ 1

n

n∑︂
i=1

(Yi − Ŷ i)2 (6.11)

6.4 Results

This section divides the information from the results into two parts: first, the errors
from the test dataset are shown, then, the results of an example model are represented.

With the test dataset composed of 20% of the information from the experiments, the
errors when applying this dataset to the model are presented in Table 6.4. The errors
are expressed in per unit values. To measure the differences between the dataset splits,
the validation MSE was 0.00057 while the test MSE was 0.002944. Approximately,
there is a factor of 10 between the test and the validation error. Given the stochastic
behaviour of the battery and the random selection of data, it seems likely that the
training data were more similar to the validation dataset. Also, it is likely that some
overfitting occurred. The overfitting should not be high though since the validation
error was not obtained by data from the training dataset.

Among the 28 experiments developed in the laboratory, one has been selected since
it statistically represents the behaviour of the algorithm. In Figure 6.10, the experiment
developed at a constant current rate of 6A at 40◦C is shown.

In the figure plot above, the tendency of the model perfectly correlates to the true
values of the SOC which resemble a straight line from SOC 1 to around 0.25. This
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Table 6.4. Errors [p.u] of the model with the test dataset.

Type of error Value [p.u]
MSE 0.002944
MAE 0.039538
RMSE 0.054259
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Figure 6.10. Top: Real and predicted SOC of the experiment. Bottom: Voltage of the
battery [V] compared with the SOC. Example test with a temperature of 40◦ C and a constant
current of 6A.

tendency occurs in all tests, and the only difference among them is the noise. Most of
the models do not present any noise at all, or it was localised in a few points. In Figure
6.10, the noise can be appreciated in two parts of the graph: the top and the middle
sections. However, two experiments, despite the good tendencies of the models, had
noise along the function. The bottom graph of Figure 6.10 represents the voltage of the
battery compared with the SOC. The same patterns can be extracted from this function
with the higher noise and error rates appearing at the beginning of the experiment.

To analyse the errors of this example, in Figure 6.11 the percentage error of each
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Figure 6.11. Top: Percentage error of each instance with a resolution of seconds. Bottom:
Histogram showing the frequency of the percentage errors; example test with a temperature
of 40◦ C and a constant current of 6A.

instance as well as the histogram of those errors can be seen. Analysing the top function,
the errors are localised in the same spots as the noise from Figure 6.10, although that
noise seemed less significant. The errors reach some punctual amounts between the
absolute values of 5% and 10%. While this might seem excessive, when analysing
the histogram of those same errors, represented in the bars plot below, most of the
errors are close to 0%. Errors bigger than 5% which appeared in the residuals were not
noticeable in the histogram. Hence, the limits on the horizontal axis were narrowed.
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6.5 Conclusions

In this chapter, an SOC algorithm of a Li-ion battery, based on ML techniques, has
been modelled. While analysing the data from the experiments, some tests exhibited
unstable behaviour, usually when the battery was working at threshold temperatures
and currents. This stochastic operation was likely produced because of the state
of health (with a capacity below the theoretical life expectancy) and the chemical
degradation of the battery.

Regarding the ML model, ensemble gradient boosting trees have not been widely
studied in the literature, but according to these experiments, this type of model provided
solid results. Due to the state of health of the battery, algorithms and strategies from
the literature were tested with inconsistent results and none of them provided low
estimation errors with low variability as did the gradient boosting model. From the 28
experiments, only three had generalised noise, but the tendency of the predicted function
always followed the true SOC. To avoid dealing with stochastic and unstable behaviour,
it is highly recommended that future research performs experiments with a new battery
while controlling the degradation with the time. Applying the degradation feature as
an input of the ML algorithm for better estimation results is also recommended.

Even though the methodology implemented to train the algorithm followed the
standard guidelines of ML, other strategies are suggested to be tested, such as applying
more dynamic profiles with more temperatures to train while excluding one for testing.
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7.1 Chapter summary

• Problem to be solved: The aerodynamic wind turbine efficiency is measured by
the power coefficient factor. Accurate calculations of these variables are needed
for wind energy conversion system models used in dynamic and transient studies.

• Existing solutions: The application of power coefficient models designed several
years ago for older wind turbines.

• Proposed solution: Based on a blade element momentum theory, three sets of
data were generated representing wind turbines ranging from 2 MW to 10 MW.
These data was used to feed two algorithms. One, based on polynomial fitting
and the other, based on neural networks.

• Evidence: By using three real wind turbine sets of data, a test among the liter-
ature models and the proposed models was developed. Results showed that the
proposed models significantly outperformed the power coefficient models found
in the literature.

Abstract

The power coefficient parameter represents the aerodynamic wind turbine efficiency.
Since the 1980s, several equations have been used in the literature to study the power
coefficient as a function of the tip speed ratio and the pitch angle. In this chapter,
these equations are reviewed and compared. A corrected blade element momentum
algorithm is used to generate three sets of data representing different ranges of wind
turbine, going from 2 to 10 MW. With this information, two power coefficient models
are proposed and shared. One model is based on a polynomial fitting, whereas the
other is based on neural network techniques. Both were trained with the blade element
momentum model output data and showed good behaviour for all operating ranges. In
the results comparison of all the algorithms found in the literature, the proposed models
reduced the power coefficient error by at least 55% compared to the best numerical
approximation from the literature. An error reduction in the power coefficient parameter
may have a large impact on many wind energy conversion system studies, such as those
treating dynamic and transient behaviours.

7.2 Introduction

There are a number of different methods that can be used and perspectives that can
be taken when modelling a wind energy conversion system (WECS). The effect of
aggregated wind turbines can be studied by developing wind farm models. Likewise,
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single wind turbine models can be developed to study the influence of a single machine.
The impact of each of the different components or subsystems within a wind turbine
can also be modelled.

Because wind energy is usually provided by wind farms, some authors developed
mathematical models taking into account all the wind turbines in the farm [1–3]. For
instance, [1] used a mechanical, electrical and electronic model of the wind turbine
to study the transient stability between the wind farm and the power system. Using
a similar approach, [2] modelled a wind farm for reliability assessment purposes with
the grid. According to them, there are no simplifications for the wind data or for the
wind turbine characteristics. Although [3] was mainly focused on wind farm modelling,
they analysed a single machine with three subsystems: wind speed, wind turbine and
transmission and generator models. To speed up simulations, many simplifications are
typically applied when modelling a wind farm.

Conversely, single wind turbine models are frequently more detailed than wind farm
models. MOD-2 was, in the very early stages, a wind turbine model with two blades
for simulation purposes. According to [4], this model had problems, but none without
resolution. In the same manuscript, the basic subsystems a wind turbine model should
cover were mentioned. These subsystems, along with other common ones, are listed
in Table 7.1. Among the reviewed models, [5] is the only data-driven model. This
means that by implementing different types of neural networks, active and reactive
power output was obtained from the following data inputs: three phase voltages and
rotor speed. Data-driven methods may avoid using deterministic equations to obtain
the desired result, while the other models were developed with mathematical equations
trying to replicate the physical behaviour of the wind turbines.

Among the wind turbine subsystem models from Table 7.1, this chapter is mainly
focused on the blades model and, more specifically, on the turbine’s power coefficient
Cp. A common method for finding the Cp of a turbine under a variety of operating
conditions is to use blade element momentum theory (BEM) [6]. To find the Cp, a
BEM algorithm will generally implement a variety of correction factors to account for
3-dimensional aerodynamic effects that occur under normal operating conditions and
that are not included in classical BEM theory [6]. With the inclusion of these correction
factors, many early BEM algorithms suffered from numerous regions of non-convergence
where the algorithm would fail to converge due to an initial flow condition. For this
reason and due to the extreme variety of correction factors that can be utilised, for
this chapter, the robust algorithm used by AeroDyn and proposed in [7] was chosen.
The use of such an algorithm allows for a comprehensive study of the full range of
each turbine’s operating conditions without diverting attention to the development of
a novel BEM algorithm.
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In the past, various numerical models have been proposed to calculate the Cp of
a wind turbine as a function of λ, β. In this chapter, issues with the accuracy of
those models in modern turbines are discussed and the data gathered from the BEM
algorithm proposed in [7] is used to develop two new numerical approximations.

The proposed Cp models can be used in static analysis, such as power production,
although its main application may be related with dynamic studies like testing control
systems (such as those related with pitch, power electronics,...) or integration studies
(such as inertia simulation, frequency control,...).

The content of this chapter is based on the manuscript "Wind turbine power co-
efficient models based on neural networks and polynomial fitting" [8]. The paper is
introduced in the published and submitted content chapter in the beginning of the
thesis document.

The chapter is organised as follows. In Section 7.3, a review is developed of the
different numerical approaches used in the literature to calculate the power coefficient.
Then, a study of previous BEM work is provided and a new one with special focus on
correlation parameters is proposed in Section 7.4. Section 7.5 shows the development of
two proposed Cp models and the data used for them. A comparison between all of the
described Cp described models is provided in Section 7.6. Conclusions are explained
and discussed in Section 7.7.

Table 7.1. Wind turbine subsystem models covered by manuscripts.

Manuscript Wind model Blades model Drive-train model Generator/electric model Converter model
[9] ✓ ✓
[10] ✓ ✓
[11] ✓
[5] ✓
[12] ✓
[13] ✓ ✓
[14] ✓ ✓ ✓
[15] ✓ ✓ ✓
[16] ✓ ✓ ✓ ✓
[17] ✓ ✓ ✓
[18] ✓ ✓
[19] ✓ ✓ ✓ ✓
[3] ✓ ✓ ✓
[20] ✓
[21] ✓ ✓ ✓
[22] ✓ ✓ ✓
[23] ✓ ✓ ✓
[24] ✓
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7.3 Review of recent power coefficient models

In this section, a literature review of different numerical approximations of Cp is intro-
duced. First, the Cp concept is presented. Then, different algorithms are explained,
referenced and gathered into tables. All numerical approximations shown in Table 7.2
and Table 7.3 are compared with the proposed models in Section 7.6.

The power coefficient, called the performance coefficient by some authors [9, 25–
28], stands for the aerodynamic turbine efficiency, which differs from one type of
wind turbine to another. The introduction of the Cp concept was made in the one-
dimensional momentum theory, in which a theoretical power coefficient limit of around
Cpmax = 0.59 for two-blade or three-blade horizontal axis wind turbines was defined
by using [29]. When considering a more detailed angular momentum balance, the
power coefficient is a function of the tip speed ratio, or TSR (λ), and the pitch angle
(β), Cp(λ, β) [30]. The TSR mathematical expression is defined in (7.1) where wt is
the turbine rotational speed, R is the turbine radius and vw is the wind speed. In
exponential equations, the parameter λi functions on the instantaneous parameters of
(λ, β).

λ = wtR

vw

(7.1)

There are different techniques for modelling the Cp. These algorithms can be
differentiated into exponential, sinusoidal, polynomial or data-driven algorithms. In
[31], the researchers made a similar cluster of these algorithms along with a formula
generalisation for each type except for data-driven algorithms, which were not included.

In the literature reviewed, the power coefficient model based on exponential equa-
tions has more variations than any other. A general equation of this type of algorithm
was made by [31]. In Table 7.2, all the exponential equations found in the literature are
shown. To the best of the author’s knowledge, the oldest equation is shown in [32] and
corresponds to (7.6). This equation was developed by [33] with a least-square fitting
using the manufacturer’s model MOD-2 wind turbine, the characteristics of which can
be found in the same reference. The authors in [28] slightly modified the coefficients
of the Cp with multidimensional optimisation in order to have better behaviour of
the model compared with their manufacturer data. Also, different coefficient numbers
were used with constant and variable speeds. From (7.6) to (7.11) the pitch angle is
considered in degrees and the structure of the equations is the same, but with different
coefficients to fit each research paper’s purpose. (7.4) and (7.5) add the same quadratic
coefficient, while most of the other constants are changed. Another difference among
them is with the term λi. In (7.2) and (7.3) a new constant is added multiplying the
TSR variable into account.
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Table 7.2. Exponential power coefficient equations.

Manuscripts Cp λi Equation

[26, 31, 34–36] Cp(λ, β) = 0.5176(116
λi

− 0.4β − 5)e
−21
λi + 0.0068λ 1

λi
= 1

λ+0.08β
− 0.035

β3+1 (7.2)
[37] Cp(λ, β) = 0.5109(116

λi
− 0.4β − 5)e

−21
λi + 0.0068λ 1

λi
= 1

λ+0.08β
− 0.0035

β3+1 (7.3)
[17, 27, 31, 37, 38] Cp(λ, β) = 0.73(151

λi
− 0.58β − 0.002β2.14 − 13.2)e

−18.4
λi

1
λi

= 1
λ−0.02β

− 0.003
β3+1 (7.4)

[31] Cp(λ, β) = (110
λi

− 0.4β − 0.002β2.2 − 9.6)e
−18.4

λi
1
λi

= 1
λ+0.02β

− 0.03
β3+1 (7.5)

[28, 31–33, 39–41] Cp(λ, β) = 0.5(116
λi

− 0.4β − 5)e
−21
λi

1
λi

= 1
λ+0.08β

− 0.035
β3+1 (7.6)

[31] Cp(λ, β) = 0.5(116
λi

− 0.4β − 5)e
−21
λi

1
λi

= 1
λ+0.088 − 0.035

β3+1 (7.7)
[9, 31, 37, 42] Cp(λ, β) = 0.22(116

λi
− 0.4β − 5)e

−12.5
λi

1
λi

= 1
λ+0.08 − 0.035

β3+1 (7.8)
[43] Cp(λ, β) = 0.39(116

λi
− 0.4β − 5)e

−16.5
λi

1
λi

= 1
λ+0.089β

− 0.035
β3+1 (7.9)

[31] Cp(λ, β) = 0.5(72.5
λi

− 0.4β − 5)e
−13.125

λi
1
λi

= 1
λ+0.08β

− 0.035
β3+1 (7.10)

[31] Cp(λ, β) = 0.44(124.99
λi

− 0.4β − 6.94)e
−17.05

λi
1
λi

= 1
λ+0.08β

− 0.001
β3+1 (7.11)

Few algorithms have been created with regard to sinusoidal equations. In Table 7.3,
the equations used in different manuscripts are presented, and they have noticeable
similarities. Pitch angle must be considered in degrees. The 14 equations found in the
literature are tested in Section 7.6 and compared with our proposed models.

Table 7.3. Sinusoidal power coefficient equations.

Manuscripts Cp Equation

[25, 31, 44, 45] Cp(λ, β) = (0.44 − 0.0167β)sin(
π
2 (λ−3)

7.5−0.15β
) − (λ − 3)(0.00184β) (7.12)

[31, 37] Cp(λ, β) = (0.5 + 0.167(β − 2))sin( π(λ+0.1)
18.5−0.3(β−2)) − 0.00184(λ − 3)(β − 2) (7.13)

[31] Cp(λ, β) = (0.5 − 0.00167(β − 2))sin( π(λ+0.1)
18.5−0.3(β−2)) + 0.00184(λ − 3)(β − 2) (7.14)

[31] Cp(λ, β) = (0.5 − 0.0167(β − 2))sin(π(λ+0.1)
10−0.3β

) − 0.00184(λ − 3)(β − 2) (7.15)

In [31], polynomial equations are reviewed. None of them are used in this chapter
since the power coefficient is shown as a function of TSR only. Nevertheless, there is a
polynomial approximation of the Cp taking both variables into account shown in [46].
This algorithm is built from the approximation of two concrete wind turbines of 1.5
and 3.6 MW. An approximation test dataset has been generated with this model to
compare all the algorithms from Table 7.2, Table 7.3 and the models created with the
manufacturer’s wind turbine data. Those results are shown in Section 7.6.

Regarding data-driven algorithms, in [47], two ways to calculate the Cp are proposed:
one is based on statistical data, and the other is based on real-time data. According
to the author, the model generated with statistical data is worth using to define the
performance of the wind turbine, whereas the model based on real-time data may have
better performance with wind turbine dynamic control. Machine learning techniques
are not widely used in the literature for Cp calculations. In [48] an adaptive neuro-fuzzy
inference system (ANFIS) is proposed as a model to obtain the Cp out of the pitch and
TSR. This model is developed with information from an offshore wind turbine from
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NREL with a nominal power of 5 MW. The simulation model was designed and tested
with the experimental data from that wind turbine, but no generalisation and test with
other machines has been developed. Nevertheless, the algorithm seems to have good
performance within the characteristics of the wind turbine.

7.4 Blade element momentum model

The BEM theory unifies blade element theory and momentum theory, synthesised in
Figure 7.1 and Figure 7.2. The implemented BEM algorithm can be found in [7].

Figure 7.1. BEM Velocity triangle

The lift and drag coefficients of the aerodynamic profiles are calculated with 2D
and 3D simulations at different angles of attack and at a fixed Reynolds number,
due to the negligible influence on the polar data at Re > 106 (typical order in wind
turbines operation) [49]. Two corrections are applied to the BEM: the momentum
theory breakdown and the hub-tip loss. In order to assure the validity of the code
for high axial induction factors and overcome the momentum theory breakdown, the
Glauert correction with Buhl’s modification is applied [50]. The second correction
corresponds to the Prandtl’s hub/tip loss correction, used to take into account the
difference between a rotor of finite and infinite number of blades together with the
effect of the hub-vortexes generation [6].

The axial (a) and the tangential (a′) induction factors represent the relationship
between the induction (Ux, Uy) and free upstream velocities (Vx, Vy) [6], represented
in Figure 7.1 and calculated as

Ux = Vx(1 − a) (7.16)

Uy = Vy(1 + a′) (7.17)

The axial and tangential parameters needed in the algorithm (K and K ′) are
calculated as:
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K = σ′cx

4Fsin2ϕ
(7.18)

K ′ = σ′cy

4Fsinϕcosϕ
(7.19)

The induction factors (a,a′) are obtained depending on the momentum region. If
ϕ > 0 and K < 2/3, then the axial induction factor is

a = K

1 + K
(7.20)

Alternatively, if ϕ > 0 and K > 2/3, then

a =
γ1 − √

γ2

γ3
(7.21)

where:

γ1 = 2FK − (10/9 − F )

γ2 = 2FK − F (4/3 − F )

γ3 = 2FK − (25/9 − 2F )

The tangential induction factor calculation is common for both regions:

a′ = K ′

1 − K ′ (7.22)

The parameter of interest is the power coefficient, which is defined as the power
extracted from the turbine with respect to the total possible extracted power from the
air:

Cp = P
1
2ρAV 3

x

(7.23)

The BEM algorithm is summarised in Figure 7.2. The entire block diagram is
looped through for each cross section on the blade at every TSR and pitch value in the
operating regime.

7.5 Data used and proposed models

This section is divided into two parts. First, the data used to develop the power
coefficient algorithms and compare the models in Section 7.6 are explained. Then, two
different models are proposed. One is based on polynomial algorithms, and the other
based on data-driven techniques such as neural networks (NN).
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Figure 7.2. BEM algorithm

7.5.1 Data

There are two purposes when using the data in this chapter. First, the aerodynamic
details of different wind turbines are used to generate, through the BEM, a Cp surface as
a function of TSR and pitch. The second purpose is to have three different wind turbine
surfaces to test and compare the models proposed with the numerical approximations
found in the literature.

Regarding the input data for the BEM, three wind turbines are used in the scope
of the analysis: The Tjaereborg 2 MW, the NREL 5 MW and the DTU 10 MW. The
NREL 5 MW [51] and the DTU 10 MW [52, 53] are modern turbines developed in
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the 21st century by research institutions which provide access to the geometric and
performance data. The Tjaereborg machine represents the wind turbine technology of
the early eighties [54, 55]. Each of the three wind turbines analysed in this chapter have
unique blade structures. To model these structures, each blade was discretised into
numerous parts, with each section being represented by a specific airfoil. To generate
the Cp data for each turbine, 3-D corrected aerodynamic data was used for every airfoil
that made up each blade.

The BEM is run for the three turbines using a wide range of pitch angles (β) and
TSR (λ) values to generate a surface that provides the power coefficient. The range
is selected to coincide with the typical operating conditions of a wind turbine. One
surface for each type of wind turbine is generated and used to fit the two different
power coefficient models in Subsection 7.5.2. These models are designed to cover a
wind turbine range among the input data used as the BEM input.

In Section 7.6, a test dataset made with three different types of wind turbines is
used. Two of them have been shared by different companies to develop this study,
but due to confidentiality agreements, only the power capacity and the wind turbine
diameters are shown. The smallest wind turbine has a nominal power of 0.85 MW and
diameter of 52 meters. The acronym WT1 is used in Table 7.5 to refer to this wind
turbine. The second wind turbine has a nominal power of 1.2 MW and a diameter of
90 meters. It is labelled WT2.

In order to cover a wider range of examples in the test, a third set of data were
produced out of the numerical Cp model of [46]. This polynomial algorithm is made
out of two wind turbines, one with nominal power of 1.5 MW and the other of 3.6 MW.
No diameters were specified for these turbines. By giving the polynomial a typical
operating range of TSR and pitch values, the power coefficient was obtained. This
third data test set is named WT3.

7.5.2 Power coefficient proposed models

Two different power coefficient models are proposed. One is based on a polynomial
fitting, and the other is based on NN techniques. Both models were generated using
MATLAB coding. Whereas the polynomial algorithm and equation are given in this
section, the NN model is shared through a GitHub link with the entire MATLAB code.

7.5.2.1 Polynomial model

This algorithm has been developed by gathering the three BEM output sets of data
into a matrix with three columns that correspond to the TSR, pitch and Cp values.
With this set of data, a fitting function was implemented. Different polynomial orders
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were studied. For instance, the fourth order algorithm had much better results than
third order. In contrast, the fifth order algorithm had a slightly better result than
fourth order. The improvement of the sixth order algorithm was even less. In order
to have a compromise between accuracy and complexity, fifth order was chosen as the
polynomial order. The structure of the algorithm is shown in (7.24).

Cp(λ, β) =
5∑︂

i=0

5∑︂
j=0

Ki,jλ
iβj (7.24)

The fifth order polynomial coefficients (Ki,j) were found by using linear least square
regression. With this method, the summed squared error of residuals is minimised and
hence the coefficients in the polynomial fitted to be as similar to the input data surface
from the BEM algorithm as possible. The obtained values for each polynomial constant
are displayed in Table 7.4. All the parameters not shown in the table have no value
(equal to zero).

Table 7.4. Cp polynomial coefficients.

i j Ki,j (95% confidence bounds)
0 0 0.244 (0.239, 0.2489)
1 0 −0.3744 (0.38, −0.3689)
0 1 −0.03344 (−0.03416, −0.03272)
2 0 0.1827 (0.1805, 0.1849)
1 1 0.03828 (0.03769, 0.03887)
0 2 0.0009145 (0.0007963, 0.001033)
3 0 −0.0295 (−0.02989, −0.02911)
2 1 −0.01085 (−0.011, −0.01069)
1 2 −0.0006625 (−0.0007255, −0.0005994)
0 3 −1.539×10−05 (−2.669×10−05, −4.093×10−06)
4 0 0.002036 (0.002005, 0.002068)
3 1 0.001118 (0.001101, 0.001135)
2 2 8.23×10−05 (7.266×10−05, 9.194×10−05)
1 3 −1.175×10−05 (−1.507×10−05, −8.425×10−06)
0 4 1.982×10−06 (1.487×10−06, 2.476×10−06)
5 0 −5.193×10−05 (−5.291×10−05, −5.096×10−05)
4 1 −3.721×10−05 (−3.781×10−05, −3.66×10−05)
3 2 −8.369×10−06 (−8.808×10−06, −7.931×10−06)
2 3 1.139×10−06 (9.021×10−07, 1.376×10−06)
1 4 4.356×10−07 (3.788×10−07, 4.924×10−07)
0 5 −6.631×10−08 (−7.449×10−08, −5.812×10−08)

Figure 7.3 represents a 3-D surface of the polynomial algorithm. In Figure 7.4, the
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power coefficient is also represented but with nine fixed pitch values and compared only
with the TSR parameter.

Figure 7.3. Polynomial surface of the Cp(λ, β)
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Figure 7.4. Cp values as function of TSR and nine pitch constants of the polynomial model
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7.5.2.2 Neural network model

Neural networks are based on biological neurons. Mathematically, these neurons are
interconnected units where numerical weights are associated with each interconnection.
Each neuron has an input and an output connection. The numerical weights change
during a training process, which is an iterative mechanism to fit the model to a given
dataset [56]. In our NN model, the same training data approach was used as with
the polynomial model. The matrix with three columns based on BEM outputs is used
to train the NN. The data from the matrix is divided randomly into three datasets.
Typical splitting percentages of training, validation and test datasets are 70%, 15%
and 15%, respectively. In our model, the entire dataset is used to train the NN since
the aim is to fit the BEM output as closely as possible.

NN topology may differ from one project to another. Neurons are gathered into
layers, and each NN model may have more than one layer. Layers that are different
from the inputs and outputs are called hidden layers. Our NN model has the structure
shown in Figure 7.5. The proposed model is a non-linear function with two inputs in
the input layer. Those inputs are first normalised and then multiplied by the input and
output weights of the hidden layer with 15 neurons. Those results go to the output layer,
which condenses the information into a single value. Finally, this value is denormalised
to obtain the final Cp result. When training the NN, in order to update each of
the weight and bias values, an optimisation according to the Levenberg-Marquardt
algorithm was used. The MATLAB training function used was Bayesian regularisation
backpropagation [57], and the trained algorithm can be seen on GitHub.

The NN surface of the power coefficient equation is represented in Figure 7.6.
Figure 7.7 shows the variation of Cp compared to the TSR, with nine fixed pitch values.
Despite being trained with the same dataset, some differences can be found between
the polynomial and NN models. In Section 7.6, both models will be compared using
all of the numerical equations from Section 7.3.

7.6 Power coefficient models comparison

In this section a comparison of the power coefficient approximations from Table 7.2,
Table 7.3 and both proposed models of Section 7.5.2 is developed. Three wind turbine
test sets with different design structures were used to compare the models. The details
about these datasets were defined in 7.5.1.

The normalised root mean square error (nRMSE) was the chosen parameter to make
the comparisons among the models. The nRMSE is represented in (7.25), where n is
the number of parameters in the vector, y is the real data vector and ˆ︁y is the vector
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Input Layer Hidden Layer Output Layer

Cp
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Figure 7.5. Neural network structure

Figure 7.6. Neural network surface of the Cp(λ, β)
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Figure 7.7. Cp values as function of TSR and nine pitch constants of the NN model

estimated by the model. The nRMSE is a value per unit, but the table displays it as
a percentage for better understanding. All the results of the model comparisons are
shown in Table 7.5. The proposed models have a goodness of fit, measured by the
nRMSE, of 4.8% for the polynomial model and 4.2% for the NN model.

nRMSE =

√︃∑︁n

i=1(ˆ︁y(i)−y(i))2

n

ymax − ymin

(7.25)

Despite the Cp numerical approximations having similar structures, each variant
shows very different results. Worth noting is that (7.13) has an excessive error rate and
should be reviewed. The other differences may be caused by the approximations made
in each manuscript to fit the wind turbine and study purpose. Actually, in studies
like [28], with the same equation structure, different coefficients were used for different
situations.

The proposed models had very similar results, but with their own benefits. For
instance, the polynomial model is easier to understand and has lower computational
cost than the NN model. It has a 54.8% lower error rate than the next best numerical
approximation, which is (7.11). The NN model obtained only a 9.8% lower error rate
than the polynomial model. Nevertheless, regarding the best numerical approximation,
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Table 7.5. Comparison of nRMSE percentage value among the power coefficient numerical
models.

Equations\Test set WT1 nRMSE WT2 nRMSE WT3 nRMSE Mean nRMSE
Polynomial model 5.8% 6.8% 5.6% 6.1%

NN model 5.8% 5.3% 5.5% 5.5%
(7.2) 16.3% 17.1% 17.6% 17%
(7.3) 16.3% 17.1% 17.7% 17%
(7.4) 41.8% 47% 41.8% 43.5%
(7.5) 55.7% 65% 58.6% 59.8%
(7.6) 18.6% 19.9% 20.4% 19.6%
(7.7) 21.2% 22.3% 22.6% 22%
(7.8) 17.4% 18.6% 17% 17.7%
(7.9) 14.5% 15.6% 15.1% 15.1%
(7.10) 36.9% 39.7% 35.9% 37.5%
(7.11) 12.9% 14.2% 13.5% 13.5%
(7.12) 21.2% 22% 22.1% 21.8%
(7.13) 287% 275% 246% 269.3%
(7.14) 51.3% 49.3% 44.3% 48.3%
(7.15) 64.6% 67% 59.6% 63.7%

it obtained an almost 60% lower error rate. The main benefit of a trained NN is that it
can be retrained to fit new types of wind turbines instead of starting from scratch. This
can allow researchers to make more robust models. Also, if transfer learning approaches
are followed, the NN model can be reused for new problems, so less data is utilised for
training.

Figure 7.8 shows the power coefficient compared with the TSR with four different
pitch values. In Figure 7.8 (a), the pitch value is set to β = 0. Figure 7.8 (b), it is β = 5.
In Figure 7.8 (c), it is β = 10, and Figure 7.8 (d), it is β = 15. These pitch values
have been selected by avoiding the limitations between the numerical approximations
and the wind turbine data test sets. For instance, in exponential models, when the
pitch value is set to β = −1, λi = 0 & Cp = ∞. Then, the dataset resolutions of WT1
and WT2 were not the same, and with values of β = −0.5 where the usually achieved
optimal Cp value was unobtainable. The closest value that fitted to all models and test
sets was β = 0. Therefore, steps of five were taken for the β value in order to represent
a wide range of wind turbine situations.

In Figure 7.8, the proposed models are compared to the best exponential numerical
approximation found in the literature, which corresponds to (7.11). Continuous lines
correspond with the proposed models, whereas the numerical approximation is displayed
with a different line specifications as peer in the figure legend. Despite the behaviour
with low pitch values being similar, when this variable increases, the difference between
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our models and the numerical approximation increases.
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Figure 7.8. Cp values as a function of TSR for the proposed models and the best numerical
approximation (7.11), for some pitch angles: (a) with β = 0; (b) with β = 5; (c) with β = 10;
and (d) with β = 15

In Figure 7.9, two different types of numerical approximations are shown. For
instance, Figure 7.9 (a) and (b) display the behaviour between the exponential equations
against the proposed models and the data test sets WT1, WT2 and WT3. Figure 7.9
(c) and (d) show the behaviour of the sinusoidal equations. Both Figure 7.9 (a) and
(c) have a pitch value of β = 0, whereas Figure 7.9 (b) and (d) have a pitch value of
β = 10. In Figure 7.9 (d), (7.13) is not visible because it surpassed the power coefficient
limit by more than double and the graph resolution did not properly show the rest of
the models. As peer in the legend, the straight lines correspond to the data test sets,
the dashed lines correspond to the proposed models and the dotdash lines belong to
the numerical approximations. Both cases show that the numerical models are more
fitted for low pitch values where the Cp is higher. Nevertheless, in Figure 7.9 (a) a
huge dispersion can be seen among the numerical approximations. This dispersion
gets even greater when the pitch value increases. Worth noting is that the proposed
models, despite being trained with data completely different from the test set, showed
quite good behaviour in all situations compared to the numerical approximations. The
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Figure 7.9. Cp values as function of TSR for the data test set, with the proposed models, the
reference models and the literature numerical approximations: (a) Models and exponential
equations with β = 0; (b) Models and exponential equations with β = 10; (c) Models and
sinusoidal equations with β = 0; and (d) models and sinusoidal equations with β = 10; ∗(7.13)
is not shown

same thing happens in the sinusoidal numerical approximations, where there’s a huge
dispersion with β = 0, but it is even higher with β = 10. In this case, the numerical
approximations obtain at least an 72% lower error rate than the best sinusoidal model.
It is worth noting that by using (7.13) with high pitch values, such as β = 10, the
power coefficient obtained raises above the Cp physical limit established in the theory
of Betz.

7.7 Conclusions

The power coefficient model has been widely used in the body of research in the
literature with a similar equation structure since the 1980s. The errors caused on many
occasions by this type of approximation may be acceptable for the authors’ purposes
but as has been shown, it can be significant. This can have a great impact in dynamic
and transient studies, so some review of the error implications of this type of equation
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may be worth examining in future research.
In this chapter, two power coefficient models have been proposed and tested. Both

obtained between 55% and 60% lower error rates than the best numerical approxima-
tions found in the literature within this test set. The models were developed with
information obtained through a BEM application where three different sets of data
were generated to cover a wide range of wind turbine possibilities. Nevertheless, it
would be interesting in the future to study more airfoils over a wider variety of wind
turbines to further enhance the neural network’s and polynomial fitting performance.
The proposed models obtained a goodness of fit regarding the BEM output data of
4.8% for the polynomial model and 4.2% for the NN model. The aim of developing
the models and sharing them was to obtain good performance when calculating Cp in
different types of wind turbines so the models become as universal as possible. These
kind of models can be used for static analysis such as power production. Reducing the
error rate in the power coefficient parameter may have a great impact on many WECS
studies, such as those treating static, dynamic and transient behaviours.

The polynomial model has the advantage of having an easy implementation, with
good performance and reduced computational cost. The NN model has better perfor-
mance, with the possibility to retrain it or use it with a transfer learning approach so
researchers can make more robust power coefficient algorithms with less input data.
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8.1 Chapter summary

• Problem to be solved: Need of accurate wind energy conversion system models
due to financial reasons, market participation, etc. Unrepresentative data is very
likely to decrease the model performance and usually too large to manually clean.

• Existing solutions: Apply filter algorithms. Most of them based on density based
equations.

• Proposed solution: Develop a mathematical algorithm based on copula probability
distributions to filter the data before applying a wind energy conversion system
model based on machine learning techniques.

• Evidence: The use of joint probability composed by probability density functions
and copula techniques, applied and tested with real wind farm data, provides
better modelling behaviour.

Abstract

Accurate capacity estimates are essential for maintaining the commercial viability
of wind farms. Data-driven approaches to this have increased in popularity as raw
operational measurements have become readily available as a matter of operational
course. However, due to the dynamic behaviour of wind energy conversion systems
there are many different potential working states along with sources of error in the
acquisition process that can distort derived measures of performance. Hence, these
outliers must be consistently removed before using remaining data to model the wind
turbine or wind farm conversion behaviour. Modelling plausible generator behaviour
as a probability distribution has the potential to highlight erroneous measurements as
low probability data points, but the form of such a distribution needs to accurately
capture the relation between monitored variables – which can be complex. Copulas
offer a flexible approach to modelling joint probability distributions without falling
back on Gaussian or linear assumptions. A Copula model is proposed in this chapter
to work alongside default cleaning techniques so that outliers can be removed before
they are used in performance assessment models such as power estimation and power
curves. Results on operational data show that by automatically filtering outliers with
these techniques, the power estimation of both wind energy conversion systems and
wind farm models can be improved without the need for excessive manual intervention
in the model development process.
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8.2 Introduction

Individual wind energy conversion systems (WECS) have been modelled using a variety
of approaches in order to anticipate power output and identify degraded performance.
Likewise, aggregated WECS at the wind farm (WF) level have also been modelled [1–6]
to anticipate site generation capacity. Owing to the technical advancements in sensors
and computing associated with digitalization infrastructure, data-driven techniques are
becoming increasingly viable and popular. In particular, the large amount of increas-
ingly detailed information gathered by the supervisory control and data acquisition
(SCADA) system on individual machines, have opened up many new approaches to
using data to model WECS. For instance, in [1] an assessment of the impact made by
the choice of SCADA features from a WECS is explored. The performance of WECS
have been widely studied by assessing their power curves. In [2], the dynamic variation
of the features in the power curve are studied using both multivariate and residual ap-
proaches for WECS performance assessment. Authors in [3] explore the use of support
vector machine (SVM) techniques as an alternative to neural networks (NN) to model
both the torque and power curves relation within a WECS. In [4] an SVM regressor is
also used to build a power curve model. In this case, a data partitioning approach was
also considered to capture the multiple operating regimes inherent in the data before
the wind speed and active power relation was learned using the SVM technique. Power
curves and performance assessment can be also used for turbines health monitoring as
noted in [5]. In this work, an algorithm is used along principal component analysis
on the linear regions of the power curve to evaluate the degradation of WECSs. In a
larger scale, the authors of [6] use fuzzy logic to monitor the WF.

Power estimation and forecasting has been undertaken using a wide variety of
numerical models as well as data-driven techniques. An early wind power forecasting
NN model was proposed in [7]. Later, more complex data-driven models have been used,
mainly due to the advances in computing capabilities. In [8] data from 26 months was
used to train a NN made out of 1 hidden layer and eight neurons. Also, eight different
features were selected as inputs in order to obtain the power output to make a weekly
performance assessment of a WECS. In [9], NN were also used to estimate power output.
In this paper though, a study of 50 different features was conducted to assess which of
them had higher impact on the final result. The NN was designed with six out of the 50
inputs studied. In [10], a power estimation model using NN is applied to small WECS
(range of kWs) and compared with other data-driven methods, such as SVMs among
others. Authors in [11] estimate the electric power output based on Extreme Learning
Machines, again, another highly flexible regressor. Then, the power estimation is used
with a copula model to create a performance metric and assess the deterioration of
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the WECSs. After substituting missing and outliers with synthetic data, the authors
in [12] combine multi layer perceptrons with adaptive neuro-fuzzy inference systems
networks to predict the power of a WECS and then assess the performance. Authors
in [13] demonstrate the advantages of ensemble techniques by combining both decision
trees and SVMs to predict wind power output. Ensemble techniques tend to be more
accurate, but they are also more computationally demanding as multiple constituent
models have to be learned as well as the ensemble. The references mentioned pursue a
reduction of costs by modelling and estimating the WECS behaviour and degradation
while increasing benefits by having a right scheduling after forecasting production.

Nevertheless, irrespective of how advanced the models for learning the relation
between WEC parameters are anomaly detection and cleaning of input data is vital
for an adequate modelling. When dealing with large sets of data, manually cleaning
records becomes a difficult and tedious task. Therefore, authors have proposed different
screening techniques. For instance, a basic cleaning approach has been established
[1] to delete all values outside of plausible ranges by eliminating log errors, negative
power outputs, among other criteria. Another cleaning process was performed by [14].
In this case, extreme values and huge gradient differences between them were also
removed in order to generate a WECS anomaly detection model– the justification
being that training a model on unrepresentative data will result in the models view
of normal operation being reflective of that data. In [15] WECS assessment through
the power curve is studied by using different atmospheric parameters such as wind
turbulence and data filtering based on operational parameters and examples of WECS
under performance. Other cleaning techniques, such as density based algorithms are
also widely used. In [16] a density based clustering algorithm is used to eliminate
outliers before modelling a power curve based on binning. Density based techniques are
particularly useful as they provide a special focus on filtering wind curtailment situations.
The performance of the filter proposed is assessed with a power estimation model of 20
WECSs. Also, in [17] a semi supervised outlier filter is proposed. This density based
spatial clustering application is directly applied into the WF SCADA information. A
simulation detecting anomalies was performed. In [18], authors developed a pattern
recognition algorithm based on kernel techniques to detect power production changes
derived from different situations such as icing, power de-rating, among some others.
There are studies though, that instead of deleting outliers, they substitute them with
synthetic data. For instance, in [12] authors use a combination of decision trees and
mean values to substitute missing data, out of range values and outliers in order to
create a smoother dataset.

A key drawback of the density based approaches is the complexity of the form of the
implied distribution – if this is a poor fit, it will miss bad data points or omit good ones.
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In response to this, application of copula based models have filtered outliers based on
probability density distributions. In [19], authors propose a copula based model to
quantify the bounds of the WECS performance. In [20] the distribution formed with
a copula is used to filter a dataset previously cleaned with space division techniques.
Therefore, the copula model is used to refine the filtering. Since more than 25% of
the data was filtered, synthetic values were created with a Markov chain interpolation
method. An estimation algorithm was used to assess the filtering techniques. In [21],
a normal based algorithm is used to filter data and compared with copula techniques.
Despite, the proposed normal based algorithm performed slightly better, this might
be due to a decrease of likelihood with higher speeds. Fact that might be solved by
using higher volume data or different thresholds. Both techniques are applied into this
chapter.

A copula based density filter employed to screen data ahead of estimating the power
output of both individual WECS and a complete WF is presented. The value of this
contribution is in the increased accuracy of power estimation at both the generator
and the site level, with an automated, scalable data pre-processing approach. Section
8.3, summarises the mathematical formulation of the algorithms proposed along a
description of the processes to apply those techniques. In Section 8.4, a description
of the operational data and the results of the proposed models and their benchmark
comparators are shown. Finally, in Section 8.5 the conclusions are presented and some
future research avenues are proposed.

8.3 Methodology

In this section the methodology used for this study is presented. The first subsection
gathers the information about copula models. A description about the use of copula
techniques is shown. Then the mathematical concepts of copula models are stated.
Secondly a description about the application of NN models for power estimation is
described. Finally, the implementation of all techniques is summarised.

8.3.1 Copula model description and implementation

Most of WECS variables are not linearly dependant. Hence, by applying copula models,
complex dependencies among features can be captured. Two parts may be differentiated
in the copula modelling. The marginal distribution of the studied features and selecting
an adequate copula function to describe the dependence among the mentioned features
[22]. As suggested in [23], copula models serve as clustering and filtering techniques
used before applying monitoring tools to assess the condition of the plant. Applying



Chapter 8. Improved Wind Power Estimation Assessment through Power Curve
Density Filtering 189

that argument, in the present chapter, a filtering technique is developed. The filter
is designed as a power curve built based on probabilities, where each point in the
space between wind speed and power output has a different likelihood. As stated by
[24], the use of copula along exogenous variables creates a model closer to reality than
manufacturers power curves.

Although some copulas can be applied to multivariate situations, power curve
modelling is inherently bi-variate. Among the multiple choices to be used in bi-variate
situations, some of them were considered in this chapter. Authors in [25] represent the
dependencies of many different copula models. A comparative among different copula
is shown in [11]. In [26] and [27] the bi-variate Frank copula function is explained,
used and assessed. Authors in [20] utilise the Gumbel copula to develop a power curve
model. In our study, the Student-t copula had better performance to detect outliers
in areas of the power curve with high generation and low speed and low generation
and high speed. In Figure 8.1 an example of the Student-t copula is shown. It can be
depicted that the stronger dependencies occur in both lower and higher wind speeds
which are the main working states of WECS. Hence, the present Student-t copula is
able to properly model the stochastic behaviour of the WECS.

Copulas arose from Sklar’s theorem [28] and are a means of creating joint distribu-
tions by linking marginal distributions to a particular dependency structure - the two
are treated separately. In power curve models two variables are considered. Hence, the
copula models used are bi-variate distributions. Both variables are considered to be
continuous and having a joint cumulative distribution function (CDF). Hence, adapting
the equations from [28], and considering the wind speed X and the active power Y as
continuous random variables

F (x) = Pr{X ≤ x}

G(y) = Pr{Y ≤ y}
(8.1)

Where F (x) and G(y) are marginal cumulative distribution functions (CDFs) from
the wind speed and active power respectively. Both functions can be transformed to
uniformly distributed densities variables u, v ∈ (0, 1) as follows

u = F (x)

v = G(y)
(8.2)

Hence, the copula distribution function can be defined as

C(u, v) = C(F (x), G(y)) = H(x, y) (8.3)
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Figure 8.1. Student-t copula example. Top: 3D copula representation. Bottom: Top copula
contour.

Being c(u, v) the uniformly copula function and H(x, y) the continuous joint proba-
bility density function (PDF). The relationship between the PDF used as threshold in
the chapter can be compared with the cumulative distribution functions described as
follows

h(x, y) = ∂2H(x, y)
∂x∂y

(8.4)

When expanding Equation 8.4 the relationship can be written as

h(x, y) = c(u, v)f(x)g(y) (8.5)

where h(x, y) represents the joint bi variate PDF, c(u, v) is the copula density
function, f(x) the marginal PDF from the wind speed and g(y) the marginal PDF of
the active power. The copula function used in this chapter is known as Student-t.
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8.3.2 Neural Network Wind Conversion Prediction Model

In the absence of detailed physics or Computational Fluid Dynamic (CFD) models
of wind fields, machine learning regression techniques have been previously used to
estimate the power output of WECS, as referenced in Section 8.2. In this chapter,
the estimation power output serves as a reference to assess the filtering capability
of the models proposed. Among the regression techniques available, a simple feed-
forward Neural Network (NN) has been selected due to its capabilities as a universal
approximator with few prior assumptions required. In Figure 8.2 an example structure
can be seen. The NN have been trained with a variable learning rate backpropagation
algorithm which can be seen in Equation 8.6, and selected due to its rapid convergence
properties.

W ′
t = mc · W ′

t−1 + lr · mc · ∂ϕ

∂Wt

(8.6)

Where Wt are the change of the bias, mc stands for the constant momentum applied
(in the chapter a momentum of 0.9 was used). The variable Wt−1 corresponds to the
previous weight changes. The learning rate applied is lr and the derivative of the
performance with respect to the weight and bias is represented by ∂ϕ

∂Wt
. In each epoch,

if the performance decreases, the learning rate is increased by 1.05. If it increases more
than a threshold established of 1.05 the ratio applied to the learning rate is 0.7. The
learning rate parameter starts with a value of 0.01.

After applying the trained NN to the test datasets, the performance of the models
is compared by means of two error algorithms. The bias and the normalised root mean
square error (nRMSE). The bias is a simple equation where the estimated output is
compared with the real output as defined in Equation 8.7.

bias = ˆ︁y(i) − y(i) (8.7)

The nRMSE is represented in equation (8.8). In the equation, n represents the
number of parameters in the vector, y is the real test results vector while ˆ︁y is the vector
of the estimated results. The nRMSE is a value per unit but the results can be seen as
percentages in the tables of this chapter.

nRMSE =

√︃∑︁n

i=1(ˆ︁y(i)−y(i))2

n

ymax − ymin

(8.8)
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Figure 8.2. Feed forward neural network (NN) model configuration showing the key inner
layer features.

8.3.3 Methodology application and Datasets

The core algorithms used in the chapter have been presented along this section. This
subsection though, explores the implementation of both copula and NN models in the
present study. A summary of the methodology implemented in the chapter is shown
in Figure 8.3. In Figure 8.4 a detailed flow diagram of the datasets manipulations is
shown.

Non-filtered
data

Filtered
dataset

WT Individual
NN model

WT machine
NN model

WF NN
Model

Power
estimation

S
C
A
D

A

Copula 
Filtering

Figure 8.3. High level overview of the datasets and case studies proposed in the chapter.

As shown in Figure 8.3, the copula model is used to filter the data along with the
three types of NN models proposed to estimate the power. Each of the three models
proposed embed both datasets (non-filtered and filtered) and apply four types of NN
which differ in structure and complexity: The first, has a single hidden layer comprising
five neurons (NNA1); the second NN architecture used has a hidden layer with 10
neurons (NNA2); the third NN architecture model has two hidden layers, each of them
with five neurons (NNA3); the last NN architecture is made up of three hidden layers
of five neurons each (NNA4). The performance of the NN architectures proposed are
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Figure 8.4. Detailed flow diagram of the changes implemented to the datasets.

assessed with the datasets from the three models, which ultimately are used to estimate
the power of WECSs or the WF. Then presented in more detail in Figure 8.4, the
changes implemented to the datasets are shown. It can be depicted from the figure that
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the initial dataset is the raw data from the SCADA system. Then, default cleaning
techniques are applied where a non-filtered dataset is obtained. After duplicating the
dataset, one is filtered by the copula techniques explained in Section 8.3.1 while the
other is directly sent to training and testing. Both paths are ultimately trained with the
NN algorithms explained in Section 8.3.2. The results are then compared and shown
in Section 8.4.

Regarding the datasets, the information used to generate the models comes from
the SCADA system of a WF. The datasets are composed of four years of data from
24 WECSs geographically distributed in two separate rows. The rated WECS power
is 2 MW. All data signals or features are recorded through different sensors in each
WECS, but no meteorological mast has been used. Despite each feature having different
resolutions, all of them were homogenised into 10 minutes time-steps. The wind speed
measured at the WECS nacelle, the ambient temperature and the nacelle direction
are features studied as inputs of the proposed models. The output of the models is
the power delivered by both, the turbines in the first two models and the WF in the
third model. Due to confidentiality contract, some particular data such as the location,
WECS technical data, among some other details have not been specified in the chapter.
By combining the mentioned inputs in different ways, multiple datasets and models
have been tested. All of them are composed by enough data in order to model in a
representative way the real behaviour of both the WECS and the WF. The particular
models composed for each case study are presented in Section 8.4.

8.4 Case Study

The techniques described in Section 8.3 have been used along three different case studies.
Each of them was generated out of the same WF data. In this section, each models’
description and results are presented independently. To close the section, a comparison
among the models performance is shown.

The first set of models proposed are generated out of the data from each individual
WECS. Hence, 24 WECS power estimation models are presented in Subsection 8.4.1.
In this subsection a description of the datasets used, the details of the training process
and the particularities of the copula thresholds are presented. The second case study
proposed is described in Subsection 8.4.2. This model is composed of all the WECSs in
the WF all together. The last power estimation model proposed shows the behaviour
of the entire WF by estimating the total power output. This model is described in
Subsection 8.4.3.
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8.4.1 Wind energy conversion system models

There are 24 different WECSs in the WF. For each WECS, many models have been
trained with multiple features. In this section a description of the training process as
well as the details of each model variant is presented.

All the models presented in this section share some common features. The copula
model of the power curve used to filter the data demands the use of two features in
the dataset, the wind speed and the power output of the WECS. Hence, all datasets
from the WECS models are composed at least from these two features. The models
have been trained with the 70% of four years data, while the 15% have been used for
validation and another 15% for testing.

The main difference among the WECS models and datasets is the composition
of the models’ features. There are eight different datasets made out of all possible
combinations from the features extracted from the SCADA. Among those features,
previous power output is referred to the power delivered by the WECS in the previous
time step. The other features are self explanatory. The composition of each dataset is
specified below:

• Dataset 1: Wind speed and power output
• Dataset 2: Wind speed, previous power output and power output
• Dataset 3: Wind speed, ambient temperature and power output
• Dataset 4: Wind speed, nacelle direction and power output
• Dataset 5: Wind speed, ambient temperature, previous power output and power

output
• Dataset 6: Wind speed, nacelle direction, previous power output and power

output
• Dataset 7: Wind speed, ambient temperature, nacelle direction and power output
• Dataset 8: Wind speed, ambient temperature, nacelle direction, previous power

output and power output
With all datasets defined, default cleaning was applied. Deletion of negative power

outputs and wind speeds as well as data log errors from all features was performed.
Around 40% of the dataset is removed in this step. Then, the remaining array was
cloned. While one of the datasets goes directly to training and testing, the other passes
through a filter made with copula techniques, which filters below 8% of the dataset
depending on the threshold. Then, after the copula filter, the model is trained and
tested. The flow diagram of the process can be shown in Figure 8.4.

The wind speed and the power output of the cleaned data is used to calculate
the CDF values and the PDF values of both features. With these four vectors, the
copula between both variables is calculated and multiplied by the PDFs of each feature
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obtaining the joint probability, as stated in the Subsection 8.3.1. Then the copula
PDF vector is compared with the joint probability vector, filtering the data. Both, the
copula filtered model and the non filtered are divided into training and validation (85%
of the remaining values) and test sets (15% of the remaining values). The training
dataset is used to train NN models. Different architectures were selected to train the
models as stated in Section 8.3.2.

The copula thresholds proposed in the WECS model ranges from 10−05 to 2.2 ·10−05

in steps of 0.4 · 10−05. In all cases, the thresholds are set to eliminate no more than
a third of the data from bins with 1 m/s resolution. Since the power curve copula
generates a new dimension with the probability data of each point in space taking
into account wind speed and the power output, the copula thresholds are planes which
eliminate all the points below the probabilities proposed. The effect of the thresholds
can be seen in Figure 8.5 where the model of an example WECS is shown.

Figure 8.5. Power curve points remaining after applying different ranges of copula thresholds
in the individual WECS model

After describing the WECS models, the results are now discussed. All errors shown
represent the mean value among the 24 different WECSs in the WF. The results are
shown in two tables. In Table 8.1 the results of different models comparing the effect
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Table 8.1. Mean bias and nRMSE from the individual WECS models by threshold.

bias nRMSE
No Threshold -1.88 8.73
Threshold 1 -1.15 8.02
Threshold 2 -1.75 7.78
Threshold 3 -2.24 7.54
Threshold 4 -2.39 7.46

Table 8.2. Mean RMSE from the individual WECS models by datasets and neural network
architecture.

Non filtered Filtered
NNA1 NNA2 NNA3 NNA4 Mean NNA1 NNA2 NNA3 NNA4 Mean

Dataset 1 8.94 9.08 9.25 9.56 9.21 7.79 7.83 7.77 8.38 7.94
Dataset 2 8.07 8.21 8.43 10.28 8.75 7.42 7.42 7.49 7.49 7.46
Dataset 3 8.71 8.96 8.82 9.42 8.98 7.56 7.72 8.17 8.30 7.94
Dataset 4 8.93 9.05 9.51 9.94 9.36 7.72 8.02 8.04 8.45 8.06
Dataset 5 7.95 8.14 8.18 8.45 8.19 7.35 7.40 7.38 7.50 7.41
Dataset 6 7.96 8.12 8.17 8.34 8.15 7.40 7.48 7.47 7.52 7.47
Dataset 7 8.74 8.92 8.90 9.24 8.95 7.56 7.67 7.97 7.85 7.76
Dataset 8 7.99 8.13 8.15 8.66 8.23 7.34 7.42 7.59 7.93 7.57

Mean 8.42 8.58 8.68 9.24 - 7.52 7.62 7.74 7.93 -

of the thresholds is shown. In Table 8.2, the results are organised by dataset and NN
architecture for both non filtered and filtered models. The mean value of both datasets
and architectures is also shown.

Power estimation errors shown in Table 8.1 are reduced when applying more re-
stricted copula filters. This is expected, since the target feature is condensed in a
more concrete area. Regarding Table 8.2 due to the huge amount of models tested,
the results are showing mean error values where filtered models outperformed the non
filtered models. This did not happened in all models though. A 2.6% of the models
trained, the non filtered models had better performance than filtered ones. Most these
models occurred with the copula threshold 1 and NNA 3 and NNA 4. This may be due
to stochastic behaviours that make the results of non filter models vary in such way
that slightly outperforms copula filtered models.

Figure 8.6 depicts the histogram of the bias from both filtered and non filtered
models. A tendency to underestimate the power output can be depicted from this
figure in both types of models. Also, while the filter increases the bias seems to
decrease. This behaviour though is minimum in average.

With all the results shown in this subsection, the best individual WECS model for
the WF is likely to underestimate new values accordig to the bias result. It should
be composed of the variables from dataset 8 and a NN architecture of a single hidden
layer composed by five neurons. Depending on the amount of data willing to be lost,
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Figure 8.6. Left: Histogram of the residuals from individual WECS filtered models. Right:
Histogram of the residuals from individual WECS non filtered models.

the threshold can be reduced more. Nevertheless, it seems that with lower thresholds,
lower result errors are obtained.

8.4.2 Wind energy conversion system machine model

After analysing individual WECS models, in this section, the information of the 24
WECSs is combined in a single matrix. Hence, the aim is to model the power output
of the WECS machine rather than individual WECS separately. In this section, a
description of the training process as well as the details of each model variant is
presented.

Similarly to the individual WECS models, since the power curve copula model
needs the wind speed and power output features, all datasets proposed have those two
variables. Both trained and tested datasets are composed of the same features than
the individual WECS model.

As already applied in the previous models, the eight datasets were first cleaned of
data log errors, negative power outputs and wind speeds (default cleaning techniques).
The remaining array, around 40% smaller, was cloned and while one of the arrays is
filtered through a copula model, the other goes directly to the training and test division.
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After the copula filter the remaining array, reduced no more than an 8%, is divided
into training and testing too. The process is analogous to the individual WECS model
and shown in Figure 8.4.

The methodology to obtain the copula filter is the same than the individual WECS
models, shown in Section 8.3. Also, the percentages and splitting percentages remain the
same. Since the amount of data changes in the working vectors, the copula thresholds
changes too. In this case, more data needed to be filtered and more thresholds were
proposed. These thresholds ranges from 0.4 · 10−05 to 2.8 · 10−05 in steps of 0.8 · 10−05.
The effect of the thresholds proposed can be seen in Figure 8.7 where a model example
is shown. With these thresholds a remaining amount of 30% of the values in each 1
m/s bin is maintained.

Figure 8.7. Power curve points remaining after applying different ranges of copula thresholds
in the WECS machine model.

The results from the models just described are discussed in the following paragraphs.
The values presented in Table 8.3 and Table 8.4 constitute the mean value among data
composed by the 24 WECSs all together. In Table 8.3 the comparison among the test
errors between non filtered and filtered models is shown. Similarly to the individual
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Table 8.3. Mean bias and nRMSE from the WECS machine models by threshold.

bias nRMSE
No Threshold 0.01 7.31
Threshold 1 -0.93 6.90
Threshold 2 -0.79 6.86
Threshold 3 -0.84 6.26
Threshold 4 0.45 6.65

Table 8.4. Mean RMSE from the WECS machine model by datasets and neural network
architecture.

Non filtered Filtered
NNA1 NNA2 NNA3 NNA4 Mean NNA1 NNA2 NNA3 NNA4 Mean

Dataset 1 6.97 5.88 8.45 7.43 7.18 6.42 6.30 6.66 7.34 6.63
Dataset 2 7.32 6.61 7.76 6.20 6.97 6.64 6.51 6.82 6.72 6.67
Dataset 3 7.29 7.25 7.81 7.75 7.53 6.80 5.64 6.54 11.21 7.55
Dataset 4 8.47 7.12 7.86 7.26 7.93 7.11 6.24 6.48 7.03 6.67
Dataset 5 7.33 6.68 7.26 7.48 7.19 6.49 5.98 5.69 6.56 6.18
Dataset 6 6.83 6.71 6.69 7.16 6.85 6.69 6.03 6.76 6.83 6.58
Dataset 7 7.25 7.46 6.22 10.19 7.78 6.76 6.36 6.59 6.80 6.63
Dataset 8 7.06 6.91 7.17 7.20 7.09 6.34 6.30 6.20 6.66 6.38

Mean 7.32 6.83 7.40 7.71 - 6.66 6.17 6.44 7.39 -

WECS models, Table 8.4 groups the errors of each dataset and NN architecture of
either models without threshold and those filtered.

The power estimation errors from Table 8.3 show the same behaviour than the
individual WECS models. Filtered models with copula techniques reduce the estimation
error compared to those not filtered. Also, the more strict is the threshold, the lower
the estimation error becomes. In this case, the 16% of the models not filtered slightly
outperform the copula filter ones, this occur mainly with the first threshold, first
dataset and more complex neural network architectures. It is very likely that, again,
due to the stochastic behaviour of both the copula and the NN models, when the
performance between models is very similar, sometimes the non filter models obtain
less error than filtered ones. Regarding the bias values from Table 8.3, the behaviour
seems vary depending on the threshold, but close to zero in all situations. In Figure
8.8 is represented a histogram of both cleaned and non filtered models, where a general
underestimation can be depicted for the filtered models.

With the results shown in this subsection, a model composed by the dataset 3 and
a NN architecture composed by one hidden layer and ten neurons per layer can be
highlighted as the best performance model. Again, the lower the threshold chosen is,
the better performance the model accomplished when estimating the power output.
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Figure 8.8. Left: Histogram of the residuals from WECS machine filtered models. Right:
Histogram of the residuals from WECS machine non filtered models.

8.4.3 Wind farm model

The last models proposed aims to estimate the power output of the whole WF. For this
purpose, the information of each of the 24 WECSs wind speed is combined again in
a single vector. The power output is calculated by adding all working WECSs power
delivery and associating each of the cubic mean wind speeds to the power output in
that time step.

The WF model has been also cleaned of data log errors, negative power outputs
and negative wind speeds, eliminating around 22% of the data with this process. This
time the amount of data cleaned was significantly lower since the cleaning process is
dealing with aggregated values of the WECS power and cubic mean wind speeds.Hence,
zero, negative values appears with less frequency. Then, following the same structure
than previous models (Shown in Figure 8.4), the arrays were cloned and while one
of them was filtered with the copula techniques, the other was divided into training
and testing datasets. With the array filtered by the copula, no more than a 3% of the
dataset was cleaned and then, the partitioning into training and testing sets was then
also performed.

The copula filter was obtained following the same steps from previous models,
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reflected in Section 8.3. Training and testing proportional splits are retained. The
likelihood threshold ranges though, change due to the amount of data as can be depicted
in Figure 8.9. Thresholds ranges from 0.36 · 10−07 to 1.56 · 10−07 with time steps of
0.4 ·10−07. The effects of this thresholds can be seen in the Figure 8.9 where an example
of a WF model is shown. All thresholds have been design to keep at least two thirds
of the data in bins of 1 m/s range.

Figure 8.9. Power curve points remaining after applying different ranges of copula thresholds
in the WF model.

The WF model results are described in the following paragraphs. Table 8.5 and
Table 8.6 show the mean values of the WF model. In Table 8.5 the non filtered model
is compared with four models cleaned by different thresholds. Similarly to previous
models, Table 8.4 groups the errors of the dataset and NN architecture of both non
filtered and copula filtered models.

In Table 8.6, the WF models showed a more diverse behaviour than previous models
with lower mean errors. The bias and mean nRMSE values showed in Table 8.5 are
also more diverse and do not follow the same reduction by increasing the threshold. In
the Figure 8.10 for instance, the WF non filtered model tends to highly underestimate
in average, while filtered models, slightly overestimate values. Generally speaking,
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Table 8.5. Mean bias and nRMSE from the WF models by threshold.

bias nRMSE
No Threshold -64.99 5.05
Threshold 1 -20.86 4.846
Threshold 2 36.24 4.54
Threshold 3 6.31 4.63
Threshold 4 2.07 4.68

Table 8.6. Mean RMSE from the WF models by datasets and neural network architecture.

Non filtered Filtered
NNA1 NNA2 NNA3 NNA4 Mean NNA1 NNA2 NNA3 NNA4 Mean

Dataset 1 5.46 4.58 5.04 5.11 5.05 4.34 4.57 4.64 5.01 4.64

depending on the model and according to Table 8.5, the bias depend on the threshold
applied.
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Figure 8.10. Left: Histogram of the residuals from filtered WF models. Right: Histogram
of the residuals from non-filtered WF models.

With the information shown in the subsection, a model composed by the NNA1
and the dataset composed by wind speed and power would produce better estimation
results than any other. Threshold two provides the better the performance on cleaning
and the model should tend to overestimate the results.
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Table 8.7. Mean RMSE from the three tests, comparing filtered and non filtered model
results.

Individual WECS WECS Machine Wind Farm
bias nRMSE bias nRMSE bias nRMSE

No Threshold -1.88 8.73 0.01 7.31 -64.99 5.05
With Threshold -0.23 7.70 -0.53 6.67 5.94 4.64

8.4.4 Test models’ results comparison

The same filtering copula technique have been tested in three different models and
assessed with the estimation of electrical power output. In Table 8.7 the average bias
and nRMSE comparison between filtered and non filtered models is shown for the
three test models performed. Worth highlighting that in average, using copula filtering
increases the estimation performance for all sets of models. Also, most models shown
than the smaller the threshold is set, the lower the error was. Nevertheless, in order
to keep the essence of the power curve in all bins, is important to select a threshold
where an adequate number of data points is removed.

During the case study, it was shown that simpler NNA performed better with fewer
number of data points. When the matrix used increased in size though, as in the
machine WECS model, a slightly more complex NN obtained better results. In the first
two tests, the features of the best models share the wind speed and the temperature.
Regarding the bias of the power output estimation the results were diverse and no
general tendency can be depicted from the results.

8.5 Conclusion

Accurate models of WECS generators require representative data, without it, power
curve modelling and power estimation will present a distorted view of operational
and possibly business viability. Almost a half of the raw data generated by SCADA
systems is eliminated with default cleaning techniques as has been shown in this chapter,
however, an extra filter in the form of a Student-t copula model was proposed to further
clean the dataset. While the filtered amount of remaining data was relatively low
(around 5%), the estimation of WECS power was better when filtering in the three
test models proposed. It has been proved that when fitting the copula model to the
dataset, outliers such as power clipping, under power situations among some others
are automatically filtered with this technique. Hence, copula models provide an easy
automatic application filtering tool for performance assessment of WECS, by means of
power estimation and power curve modelling. The copula screening techniques applied
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and assessed in three different data-driven models may provide economic benefits for
WF operators by correctly scheduling and assessing the WECS information.

The three case study models proposed show that simple NN architectures are able to
accurately model the power delivered by WECS. Regarding each of the models, slightly
different datasets stood out as the best models. In the case of the individual WECS
model, the dataset 8 and a NN composed by a single hidden layer with five neurons
performed the best. Regarding the machine WECS model, the dataset 3 and a NN with
one hidden layers with ten neurons each provided the best performance. Regarding the
WF model, a NN composed by one hidden layer and five neurons provided the best
results.

The mathematical copula techniques used to assess the dependency among variables
provides great performance for future research study topics. In this study, the copula
model was created to set a filter threshold to automatically remove outliers. In future
studies, a classification algorithm can be used to assess what kind of outliers the filter is
deleting so no false positives are deleted. Also, a dynamic threshold per bin could allow
a reduction of good quality data to be filtered. Since copula models could be applied
into another domains, a future research topic suggested is to study the copula joint
probability of WECS power derived from wake effect by using the SCADA information.
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Distributed energy resources (DERs) and renewable systems have experienced a
significant growth in recent years. Grid structures such as microgrids (MGs) may
provide a resilient, flexible and efficient ecosystem to operate distributed generation
(DG) when connected to a bigger grid or while working in isolation, like island grid
systems. Studying each individual DERs model is crucial to increase the performance
of dynamic studies, unit commitment or planning software, among other uses.

Many data acquisition devices have been embedded within DERs and the grid itself.
These sensors generate massive amounts of information that must be handled and
generally administered in the supervisory control and data acquisition (SCADA) system.
By combining this information with data science techniques a profound understanding
of DERs behaviour can be obtained. Within the scope of data science and machine
learning (ML) models of individual DERs have been explored in this thesis.

9.1 Summary of chapters’ contributions

This thesis has contributed to the literature by improving the models of the principal
renewable generation technologies associated with MG systems. These technologies
are photovoltaic (PV), energy storage and wind energy conversion systems (WECS).
The ML models proposed can be applied either as individual models for performance
assessment of each distributed energy resource or as complementary tools for dynamic
or static studies, unit commitment or planning software, among some others.

It is time to fully compare traditional models made of physical, electrical or chemical
algorithms with data-driven approaches based on ML. Data-driven techniques may
provide more custom solutions to improve the performance of models by simulating the
behaviour of concrete systems and locations. In this thesis, as previously stated, only a
few DERs have been modelled and validated. Thus, given these positive results, future
work on this subject should be done.

The following subsections will summarise the main conclusions from each chapter. Of
the nine chapters, the second and third introduce the topic of MGs and the technologies
associated with this type of system. Chapters 4 through 8 describe specific contributions
to the ML models implemented in the DERs mentioned.

Main conclusions from chapter 2

In this chapter a study of MGs as an ecosystem for DERs was performed. A review
dividing each MG topic into layers was conducted.

• Support the MGs’ layer concept, previously defined by various authors, while
including the concept of external conditions. Segmenting the information into
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layers has proven to be a useful way to clearly assess the information.
• Throughout the literature analysed, three factors were shared between the MG

definitions: (a) islanding capabilities, (b) clearly defined boundaries and (c) con-
trols to operate both resources and loads.

• The policies and standards layers interact and affect not only the other layers but
the deployment of MGs themselves. Despite the adoption of DG standards, new
particular MG standards and policies are emerging.

• The business layer has been studied from two perspectives: one related to different
business models proposed by some authors and another showing the importance
of policies to the business perspective.

• The environment and climate layer study provides fundamental knowledge of the
selection of components and the approach followed in the other layers, particularly
with regard to the operation and control strategies.

• The infrastructure layer is studied from two points of view: one regarding the
electrical components involved in MG systems and the other referring to the
architecture and strategies used to combine all of these different components in
the grid system.

• The control and operation layer is considered a distinctive and key factor in a
MG by many authors, where adequate modelling may provide better and more
custom solutions. This study’s proposals are disaggregated into two. One is
strictly based on the control strategies found in the literature; another focus is on
the management and operations techniques applied in MGs. Both are proposed
following the new schematic of the MG standard IEEE 2030.7.

Main conclusions from chapter 3

The information on the power generation technologies of 1,618 MGs has been analysed
and condensed. Two infrastructure models have been proposed; one is based on the
statistic information extracted and another is based on an ML model composed of
decision trees.

• By aggregating and representing all the collected data, the authors aimed to
establish a guiding principle for researchers to perceive how real MGs are being
deployed around the world. With the aggregated information of the compendium,
two MG infrastructure model generators were developed, including an ML tool
shared as a MATLAB script with a classification and regression learner and a
flowchart guideline, which contrasts previous studies that dealt with fewer number
of MGs and had no searching tool.

• The model creation guideline produces more generic MG infrastructure models
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than the ML algorithms due to the resolution in the latitude presented in the tables
and the correlations made among the data by the algorithm. In fact, the precision
of the ML tool’s latitude is close to 2◦ instead of 15◦ − 30◦ from the guideline.
Since the ML algorithm is based on decision trees, the interpretability is not
compromised by precision, which provides an accessible and easy implementation
tool for researchers.

Main conclusions from chapter 4

The SCADA information of two PV power plants has been used to generate an ML
model for power estimation.

• The neural network models, validated with deterministic approaches from the
literature, accurately estimate PV power when trained and tested with data from
the same location. According to the validation dataset in those situations, neural
networks obtained a better performance by almost 70% in one location and almost
15% in another. This fact makes ML methodologies very good performance ratio
tools for a PV power station when using its own SCADA data.

• This chapter shows how ML techniques have been successfully applied to obtain
accurate results by using only SCADA data and features extracted from it. This
makes the ML methodologies promising tools when the technical specifications
of components such as the inverter and type of PV panels, among other things,
are missing.

Main conclusions from chapter 5

Due to the lack of access to meteorological data in many locations around the world,
data-driven models for calculating the annual optimum tilt angle at any latitude have
been proposed; this may maximise the power production in PV power plants and
complement the model from the previous chapter.

• The proposed polynomial model, based on data from two public databases (En-
ergyPlus and BSRN) composed of 2,603 sites from around the world, has been
extensively validated against other existing regression models. In all cases the
model shows consistent performance and good agreement with established results.

• However, significant differences may be observed when comparing the calculated
optimum tilt angle to other models fitted using data covering a short period of
time or a small number of sites.

• While more complex regression methods were also investigated for calculating
the optimum tilt angle, including neural networks and decision trees, they only
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produced minor improvements in performance. Hence, for the sake of easy imple-
mentation, the authors suggest the use of either the quadratic or cubic polynomial
models. In contrast, if more precision is needed, the use of ML algorithms with
two inputs is proposed. All these models are believed to be the most accurate
models of their type to date, due to the size and quality of the datasets used.

Main conclusions from chapter 6

An experiment with a lithium-ion battery has been developed to generate data so a
state of charge algorithm is generated applying ML techniques.

• Although ensemble gradient boosting trees have not been widely studied in the
reviewed literature, according to these tests, this type of model provided solid
results even though the state of health of the battery was under the commonly
used threshold of 80%.

• The algorithm provided reduced noise in most of the experiments conducted
(25/28) but in all cases maintained the tendency of the state of charge function,
which proves its effectiveness for this type of task.

Main conclusions from chapter 7

With data generated through a blade element momentum application, two algorithms
have been proposed to model the power coefficient of a wind turbine, and therefore
estimate the power accurately. One of the models is based on polynomial fitting while
the other is based on ML techniques.

• Significant errors in the power coefficient modelling may greatly impact static,
dynamic and transient studies. Thus, both power coefficient models are proposed
and tested and they obtained between 55% and 60% lower error rates than the best
numerical approximations found in the literature using three real wind turbine
datasets for the validation test.

• These kind of models can improve the performance static analysis such as power
production. Reducing the error rate in the power coefficient parameter may have
a great impact on many WECS studies, such as those treating dynamic and
transient behaviours.

• The polynomial model has the advantage of having an easy implementation,
with good performance and reduced computational cost. The neural network
model has better performance, with the possibility to retrain it or use it with a
transfer learning approach so researchers can make more robust power coefficient
algorithms with less input data.
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Main conclusions from chapter 8

The SCADA information from a real wind farm (WF) has been used to model the
power estimation of three variants of WECS using ML techniques. Also, an automatic
filter based on copula models was implemented to enhance the results by automatically
filtering the SCADA data.

• Applying a Student-t copula to filter the SCADA data improved the estimation of
three different types of WECS models. Outliers such as power clipping and under-
power situations, among others, are automatically filtered with this technique.

• Copula models provide an easy automatic application filtering tool for perfor-
mance assessment of WECS by means of power estimation and power curve
modelling. The copula screening techniques applied and assessed in three dif-
ferent data-driven models may provide economic benefits for WF operators by
correctly scheduling and assessing the WECS information.

• The three case study models proposed show that simple neural network architec-
tures are able to accurately model the power delivered by individual, aggregated
WECS and wind farms.

9.2 Future works

These chapters propose some future research topics as promising opportunities to
extend the studies introduced. The main suggestion is to include more and different
data, diverse locations and climates and more types of models or systems. Therefore,
in the context of each chapter, some future works are suggested.

Chapter 2

Segmenting the MG information into layers may provide a solid foundation from which
future studies may establish their MGs’ models or projects.

Given the impact of business, regulatory and climate constraints from countries
around the world, clear policies should establish rights and responsibilities in order
to develop all technological advances proposed by MGs and the different control and
operation solutions. Quite a repeated concern is the relationship between the MG and
the main grid market, so a deeper study of these domains is suggested.

Chapter 3

It has been found that there is a lack of information related to costs associated with
the MGs or the generation technologies in both industrial and academic documents,
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but being more significant in the latter. Training the ML infrastructure algorithm with
these data would provide very valuable insights to the state-of-the-art in the field and
enhance the contribution of the proposed model. Therefore, future studies within this
topic are suggested.

Chapter 4

Future studies using data from more locations, climates or even different types of ML
algorithms is suggested. After that, a reassessment of the generalisation capabilities
to estimate the PV power output in different locations with the ML model should be
done. However, this is a difficult task due to the great amount of data with an adequate
resolution which would be required.

Chapter 6

Given the state of health of the battery, some experiments exhibited unstable behaviour.
Most unstable behaviour appeared when the battery was working at limit temperatures
and currents. Hence, future research could perform the experiments with a new battery
while controlling the degradation with the time. This also might be included in the
ML algorithm for better estimation results.

Even though the methodology implemented to train the algorithm followed the
standard guidelines of ML, other strategies are suggested to be tried. For instance,
future research could apply more dynamic tests with additional temperatures when
training while keeping one test alone for testing.

Finally, dynamic discharge tests for MG systems could be incorporated to new
standards so adequate models can be developed for this type of systems. Also, modelling
more diverse battery chemistry is suggested.

Chapter 7

Since the power coefficient NN model has the possibility to be retrained or used with
a transfer learning approach, researchers can make more robust power coefficient algo-
rithms with less input data. Hence, future power coefficient models can be enhanced
by retraining the proposed model with new data from more WECS models and power
ratings.
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Chapter 8

The mathematical copula techniques used to assess the dependency among variables
provides great performance for future research study topics. In this study, the copula
model was created to set a filter threshold to automatically remove outliers. In future
studies, a classification algorithm can be used to assess what kind of outliers the filter
is deleting so no false positives are deleted. Also, a dynamic threshold per bin could
allow a reduction of good quality data to be filtered. Since copula models could be
applied into another domains, a future research suggestion is to study the copula joint
probability of WECS power derived from the wake effect using the SCADA information.
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Table B.1. Percentiles of total MGs power capacity (MW) disaggregated by generation
technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total <0.01 <0.01 0.01 0.03 0.2 0.96 4.37 18 37 106 300
PV <0.01 <0.01 <0.01 0.01 0.03 0.18 1 5 14 50 250

Wind <0.01 <0.01 <0.01 0.01 0.03 0.3 2 8.1 12 42 80
Fuel Cell <0.01 <0.01 <0.01 0.01 0.2 0.4 1 2.7 5 43 50

Fossil Fuel 0.01 0.01 0.05 0.1 0.32 1.3 4 14.9 28 121 266
Microturbines 0.03 0.03 0.03 0.05 0.08 0.11 2.19 4 5 6 6

CHP 0.01 0.01 0.07 0.2 0.3 1 5.05 28.9 52 136 400
Solar Thermal 0.01 0.01 0.01 0.01 0.01 0.1 0.23 0.25 0.25 0.25 0.25

Hydro <0.01 <0.01 <0.01 0.01 0.11 0.9 5 19.8 39 115 126
Biomass/Biofuel 0.01 0.01 0.02 0.03 0.03 0.03 0.5 2.92 10 17 17

Storage <0.01 <0.01 0.03 0.05 0.1 0.4 1 3 7 20 40

Table B.2. Percentiles of total remote MGs power capacity (MW) disaggregated by genera-
tion technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total <0.01 <0.01 0.02 0.03 0.06 0.74 3 16.5 34 150 270
PV <0.01 <0.01 <0.01 <0.01 0.03 0.14 0.69 3.78 5 135 250

Wind <0.01 <0.01 0.01 0.01 0.09 0.4 2.4 7.93 11 26 30
Fuel Cell 0.01 0.01 0.01 0.01 0.04 0.13 17.3 23 23 23 23

Fossil Fuel 0.01 0.02 0.06 0.11 0.3 1.05 2.65 12.1 26 129 266
Microturbines 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11

CHP 0.02 0.02 0.09 0.23 0.32 1.11 1.4 12.9 247 400 400
Hydro <0.01 <0.01 <0.01 0.01 0.13 0.9 5.1 21 41 94 106

Biomass/Biofuel 0.01 0.01 0.02 0.03 0.03 0.03 0.03 0.75 2.5 16 17
Storage 0.01 0.01 0.02 0.04 0.16 0.66 1.63 3 4 32 40

Table B.3. Percentiles of total community MGs power capacity (MW) disaggregated by
generation technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total <0.01 <0.01 <0.01 <0.01 0.1 0.64 4 15.6 44 81 120
PV <0.01 <0.01 <0.01 <0.01 0.01 0.11 1 4.76 14 50 93

Wind <0.01 <0.01 <0.01 <0.01 0.01 0.12 1.08 9.25 21 42 42
Fuel Cell <0.01 <0.01 <0.01 <0.01 0.02 0.23 0.4 1 1 1 1

Fossil Fuel 0.01 0.01 0.02 0.05 0.2 0.7 2.34 9.4 13 29 31
Microturbines 0.03 0.03 0.03 0.03 0.09 0.25 0.66 0.8 0.8 0.8 0.8

CHP 0.01 0.01 0.02 0.09 0.2 0.4 3 15.6 42 57 57
Hydro <0.01 <0.01 <0.01 <0.01 0.2 0.9 2.5 4.9 6 7 7

Biomass/Biofuel 0.01 0.01 0.01 0.01 0.45 1 5.25 12 15 15 15
Storage <0.01 <0.01 0.01 0.03 0.1 0.25 0.5 2 2 17 20
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Table B.4. Percentiles of total C&I MGs power capacity (MW) disaggregated by generation
technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total 0.01 0.01 0.05 0.11 0.25 1 3.15 12.9 30 126 300
PV <0.01 <0.01 0.01 0.01 0.1 0.2 0.74 2.8 8 44 50

Wind <0.01 <0.01 <0.01 <0.01 0.01 0.03 0.13 2.9 15 30 30
Fuel Cell 0.08 0.08 0.2 0.25 0.33 0.5 1.15 2.8 9 50 50

Fossil Fuel 0.01 0.02 0.11 0.26 1.5 3.6 10 27 45 178 200
Microturbines 0.08 0.08 0.08 0.08 0.08 0.09 0.09 0.09 0.09 0.09 0.09

CHP 0.2 0.2 0.2 0.21 0.38 2 4.53 15 102 125 125
Hydro 0.05 0.05 0.05 0.05 0.29 1 94.8 126 126 126 126

Biomass/Biofuel 0.03 0.03 0.03 0.03 0.2 1.43 9.75 17 17 17 17
Storage <0.01 <0.01 0.02 0.03 0.1 0.23 0.51 2.1 4 6 6

Table B.5. Percentiles of total campus MGs power capacity (MW) disaggregated by genera-
tion technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total 0.01 0.01 0.02 0.08 0.32 2 11.2 29.5 44 60 61
PV <0.01 <0.01 0.01 0.02 0.06 0.29 1.39 4.1 6 14 14

Wind 0.01 0.01 0.01 0.01 0.01 0.02 0.9 2.3 3 3 3
Fuel Cell 0.05 0.05 0.07 0.16 0.35 0.4 0.93 3.46 5 5 5

Fossil Fuel 0.02 0.02 0.06 0.11 0.28 2.6 7.55 14.3 17 19 19
Microturbines 0.1 0.1 0.1 0.1 0.83 3 4.95 5.6 6 6 6

CHP 0.06 0.06 0.1 0.25 0.53 5.2 22.5 45.6 65 137 137
Solar Thermal 0.01 0.01 0.01 0.01 0.01 0.06 0.1 0.1 0.1 0.1 0.1

Hydro 1.8 1.8 1.8 1.8 1.8 1.8 1.8 1.8 2 2 2
Storage 0.03 0.03 0.05 0.11 0.2 0.51 1.25 5.8 7 8 8

Table B.6. Percentiles of total utility MGs power capacity (MW) disaggregated by generation
technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total 0.03 0.03 0.11 0.25 0.78 1.85 8.33 42.8 68 106 108
PV 0.01 0.01 0.02 0.05 0.32 1.31 17.8 29.3 58 61 61

Wind <0.01 <0.01 <0.01 0.02 0.5 2.87 30 77.1 80 80 80
Fuel Cell 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03

Fossil Fuel 0.05 0.05 0.1 0.28 1 1.2 1.5 6.64 28 34 34
CHP 0.3 0.3 0.3 0.3 0.3 0.4 0.5 0.5 0.5 0.5 0.5
Hydro 0.03 0.03 0.03 0.03 2.17 8.6 16.7 19.4 19.4 19.4 19.4

Biomass/Biofuel 0.4 0.4 0.4 0.4 0.4 0.55 0.7 0.7 0.7 0.7 0.7
Storage 0.02 0.02 0.05 0.08 0.2 1 6 10.7 18 27 27
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Table B.7. Percentiles of total military MGs power capacity (MW) disaggregated by gener-
ation technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total 0.05 0.05 0.2 0.31 1.55 5.15 14.3 46.4 58 80 80
PV <0.01 <0.01 0.01 0.03 0.16 1.18 7.65 18.2 20 45 45

Wind <0.01 <0.01 <0.01 <0.01 0.01 0.3 1.38 3.4 9 12 12
Fuel Cell <0.01 <0.01 <0.01 <0.01 0.04 0.6 1.53 1.6 2 2 2

Fossil Fuel 0.01 0.01 0.03 0.21 1.2 3 11 49.87 64 163 163
Microturbines 2.65 2.65 2.65 2.65 2.65 2.65 2.65 2.65 2.65 2.65 2.65

CHP 1 1 1 1.5 4.6 6.1 10 28 34 34 34
Solar Thermal 0.23 0.23 0.23 0.23 0.23 0.23 0.23 0.23 0.23 0.23 0.23

Biomass/Biofuel 5.6 5.6 5.6 5.6 5.6 5.6 5.6 5.6 5.6 5.6 5.6
Storage 0.03 0.03 0.04 0.09 0.2 0.5 1 5.08 7 7 7

Table B.8. Percentiles of total testbed MGs power capacity (MW) disaggregated by genera-
tion technologies.

Percentiles
0 1 5 10 25 50 75 90 95 99 100

Total 0.01 0.01 0.01 0.01 0.06 0.24 0.5 1.02 5 8 8
PV <0.01 <0.01 0.01 0.01 0.01 0.04 0.11 0.22 1 2 2

Wind <0.01 <0.01 <0.01 <0.01 0.01 0.08 0.4 1.97 4 5 5
Fuel Cell <0.01 <0.01 <0.01 <0.01 <0.01 0.01 0.05 0.08 0.1 0.1 0.1

Fossil Fuel 0.01 0.01 0.01 0.02 0.04 0.16 0.35 1.18 1.5 2 2
Microturbines 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07

CHP 0.1 0.1 0.1 0.1 0.13 0.22 1.86 2.4 2.4 2.4 2.4
Solar Thermal 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Hydro 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02
Storage 0.05 0.05 0.06 0.08 0.1 0.25 0.46 0.68 1 1 1
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Table C.1. Annual optimum tilt angles from existing studies.

Country City Absolute
Latitude

Optimum Tilt
Angle

Reference

Malaysia Bangi 2.92 1.4 [1]
Nigeria Benin City 6.33 12 [2]
Nigeria Enugu 6.46 6 [3]
Turkey Onitsha 6.78 6.8 [4]
Turkey Wamba 8.18 11.8 [4]
Nigeria Abuja 9.058 15 [2]
Turkey Bauchi 9.29 15.3 [4]
Turkey Potiskum 11.16 15.9 [4]
Turkey Bursari 11.46 16.8 [4]
Nigeria Katsina 12.99 14 [2]
Brazil Brasilia 15.78 20 [5]
China Guangzhou 23.13 22 [6]
Brazil São Paulo 23.547 17 [5]
Bangladesh Dhaka 23.73 28 [7]
Taiwan Taichung 24.15 21.5 [8]
United Arab
Emirates

Abbu Dhabi 24.4 22 [9]

Saudi Arabia Madinah 24.55 23.5 [10]
Bangladesh Mymensingh 24.75 22.4 [11]
Egypt Luxor 25.69 28.1 [1]
Bangladesh Rangpur 25.74 23.3 [11]
Australia Brisbane 27.4 26 [12]
Algeria Adrar 27.88 27.8 [13]
Egypt Sharm

Sheikkh
27.91 30.1 [1]

USA Orlando 28.538 29.1 [14]
India New Delhi 28.61 30 [15]
China Changsha 29 19.22 [16]
Iran Zahedan 29.28 26.7 [17]
Iran Shiraz 29.32 25.88 [17]
Iran Zahedan 29.49 28 [18]
Syria Aqaba 29.5 29 [19]
Jordan Aqaba 29.53 25 [20]
Iran Kerman 30.15 23.95 [17]
Morocco Agadir 30.43 32.2 [1]
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China Chengdu 30.67 23 [6]
Iraq Nasiriyah 31.05 31 [21]
Libya Syrte 31.19 31.3 [1]
Egypt Alexandria 31.2 31.3 [1]
China Shanghai 31.23 28 [6]
Palestine Gaza 31.5 32.2 [1]
Pakistan Lahore 31.5 31.5 [22]
Iran Yazd 31.54 29.05 [17]
Jordan Amman 31.96 32 [20]
Syria Amman 32 29 [19]
Morocco Smara 32.15 28.3 [1]
Iran Birjand 32.52 29.93 [17]
Libya Tripoli 32.89 34.1 [1]
Iraq Baghdad 33.31 33 [21]
Iran Tabas 33.36 30.16 [17]
Syria Damascus 33.4 30.56 [23]
Syria Damascus 33.51 33.1 [1]
Algeria Mecheria 33.54 35.3 [1]
Lebanon Beirut 33.89 31.9 [1]
Morocco Fez 34.02 34 [24]
China Xi‘an 34.26 30.1 [6]
Morocco Larache 35.17 34.9 [1]
Cyprus Nicosia 35.19 35 [25]
Cyprus Nicosia 35.19 34.1 [1]
Greece Keraklion 35.34 32.5 [1]
Iraq Kirkuk 35.47 35 [21]
Syria Latakia 35.54 35.1 [1]
Malta Valetta 35.9 35.6 [1]
Syria Aleppo 36.2 32.95 [23]
Tunisia Tunis 36.8 37.2 [1]
Turkey Adana 37 31.2 [26]
Tunisia Bizerte 37.27 37 [1]
Spain Seville 37.39 36.5 [1]
Turkey Isparta 37.76 36.9 [1]
Italy Marsala 37.8 37.4 [1]
Greece Athens 37.98 35.7 [1]
Greece Athens 38 30 [27]
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Spain Valencia 38.46 31 [28]
Turkey Izmir 39.5 36.6 [29]
Turkey Erzurum 39.54 34.4 [26]
China Beijing 39.9 36 [30]
Turkey Bursa 40.19 36 [1]
Spain Madrid 40.42 39.2 [1]
Albania Vlorë 40.47 38.1 [1]
Greece Thessaloniki 40.64 37.7 [1]
Italy Naples 40.85 38.5 [1]
Turkey Istanbul 41 32.6 [26]
China Shenyang 41.81 40 [30]
Montenegro Podgorica 42.43 39.5 [1]
Canada Toronto 43.6 33.5 [31]
Italy Florence 43.77 40.5 [1]
Bosnia Sarajevo 43.86 41.8 [1]
Canada Ottawa 45 37 [31]
Italy Milan 45.47 43 [1]
France Lyon 45.76 43.7 [1]
Croatia Zagreb 45.82 39.1 [1]
Slovenia Ljubljana 46.06 42.1 [1]
Slovenia Kredarica 46.38 42 [32]
Ireland Galway 53.27 44 [33]
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