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Motivation and structure of the Thesis

1. Motivation

Climate change represents a serious global challenge. Global surface temperatures have
reached unprecedented levels [1]. As it is well-known, the accumulation of greenhouse gas
emissions (GHG) is directly related to the combustion of fossil fuels in all sectors of the economy,
notably electricity generation, transport and industry [2]. But at the same time, it will be severely
affected by the impacts of climate change [3, 4]. This will impact electricity supply and demand, as it
can alter consumption patterns in various sectors [5].

Climate change mitigation will require the adoption of decarbonisation strategies everywhere,
e.g., in all sectors and countries. Concern about climate change has led to the Paris Agreement,
whereby governments committed to reduce those emissions in order to keep a global temperature
rise this century well below 2 degrees Celsius (°C) above pre-industrial levels and to pursue efforts
to limit the temperature increase even further to 1.5°C. This entails a considerable reduction in
emissions, around 50% in 2050 compared to 1990 levels [6].

For that reason, Climate change has become an increasingly important area of research and as a
result an exponential increase of scholarly publications on this topic has been registered in the last
few years [7, 8]. Within climate related areas, risks and adaptation played a smaller role in literature
and in the reports by the Intergovernmental Panel on Climate Change (IPCC) until its Fourth
Assessment Report [7, 9]. This gap is still relevant in practical issues like climate finance [10].

Measures will have to be put in place to improve the energy efficiency of production and
consumption patterns and to increase the uptake of low carbon technologies, in order to balance the
different economic and environmental trade-offs in place. In this context, it is a widely shared view
that the deployment of renewable energy technologies (RETs) is a critical alternative to abate GHG
emissions, whose accumulation leads to global warming. Several simulation models have shown
that RETs will play a crucial role in achieving temperature increases below 2°C or 1.5°C [11, 12].
However, in its World Energy Investment report [13], the International Energy Agency (IEA) has
indicated that the trend of decarbonisation investments is not enough in order to ensure climate
sustainability. Furthermore, those simulation models implicitly assume that the renewable energy
resources and the performance of renewable energy generation facilities will remain constant in the
next decades. The fact is that climate change may affect those resources and, thus, renewable energy
generation and additional investment would be required.

One of the main changes from the demand side will come from the decarbonisation and
electrification of the automobile fleet [14]. The progressive penetration of the electric vehicle will
increase electricity demand, requiring more renewable electricity generation, which cannot be
obtained when necessary, if not when there is a renewable resource available. For this, it will be
necessary to correctly dimension the renewable generation systems, including storage systems such
as batteries, as well as taking other demand management measures.

For all these scenarios, renewable energies are usually mentioned as one of the most promising
solutions the sector can offer reduce of GHGs [15, 16]. But they rely on resources that depend on
climate variables and therefore can also be affected by climate change [17], and it has to be
considered when the energy generation systems is set up.

2. Objectives of the Thesis

In this thesis, there were two objectives on one hand, the impact of global warming due to
climate change on wind and photovoltaic renewable generation has been assessed, and on the other
hand, the impact of the penetration of the electric vehicle (EV) on the need of additional renewable
generation and the cost of energy generation has been evaluated.
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To cover these objectives, we had to get several goals, starting with the development of
modeling methodologies for renewable generation and energy demand, to later carry out
simulations of different global warming scenarios. Modeling the performance of renewable
generation plants based on ambient temperature is not easy, and it was necessary to use complex
machine learning algorithms and Fuzzy logic, among others.

In the studies of global warming impact on renewable generation, several scenarios of average
thermal increase were simulated in the production sites with the 2050 horizon. Given these
scenarios, the loss of performance in a wind and a photovoltaic installation was quantified. This loss
of performance will affect the investment needs in renewables to meet the objectives set at COP 21,
as well as affect the profitability of this type of facility and the reduction of CO2 emissions.

Given the complexity to simulate and quantify the impact of climate change on renewable
generation, a “ceter paribus” approach was carried out, considering only an increase in the average
temperature at the sites, keeping constant the rest of the variables that would affect renewable
production.

Regarding the evaluation of the impact of EV on renewable generation and the cost of energy in
the system, it was necessary to model and simulate the consumption behavior of a population
group, which was supplied with 100% renewable generation sources. The objective was to design an
algorithm that would result in the best configuration of wind and photovoltaic assets, as well as
battery storage systems, in such a way that the cost of power generation was minimized, in the face
of various EV penetration scenarios.

With all these studies, our objective has been to draw attention to the effect of global warming
on renewable generation and the impact of EV penetration in a system with renewable generation
that will be affected by warming itself. The tools presented have a high adaptability, in such a way
that an infinity of very useful simulations for decision makers can be carried out.

3. Structure of the Thesis

The thesis as a whole is made up of tree chapters. For the time being, one of them has been
published as papers a scientific journal and other in a scientific congress. A reference will be made at
the beginning of each chapter.

The first and second chapters are dedicated to analyzing the loss of performance of wind energy
and photovoltaic power plants, respectively. This loss of performance due to global warming are
caused by the increase of the average temperature in the sites. In both studies, the evolution of global
warming was simulated based on the different energy mix scenarios considered by the IEA and in
accordance with the agreements signed at COP21. After carrying out the simulation of the scenarios,
the loss of production in the facilities during their life was calculated, as well as the impact on CO:
emissions considering that this lack of production will be covered with conventional energy sources.

The first chapter analyzes the production of a wind farm in southern Spain, combining
climatological, operational and economic data with other simulated ones of environmental
conditions typical of global warming. The density of the air, which has a direct relationship with
temperature, affects the performance of wind turbines. Given that no information was available on
the possible evolution of the air density at a site, but there was information on the evolution of the
mean temperature, a model composed of two neural networks was carried out that characterized in
a first stage the air density of the location as a function of ambient temperature and, in a second
stage, a neuro-fuzzy model to calculate the wind turbine's production as a function of temperature
and wind speed.

The second chapter evaluated the photovoltaic solar generation in a plant in southern Spain. In
the study, a high correlation was observed between the performance of the plant and the ambient
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temperature. This temperature is increased throughout the day around the panels due to the thermal
losses of the PV production process. This local thermal increase, together with the average thermal
increase due to global warming, have a great impact on the performance of the installation.

In the chapter, the production of photovoltaic panels was modeled by using historical data and
neural network models, also using a dummy variable created for the study, which represented the
thermal evolution of the site throughout the day and year. A model was obtained that was capable of
reproducing the plant's production as a function of environmental variables, including temperature,
wind speed and irradiation, and subsequently the aforementioned global warming scenarios were
simulated.

In the third chapter, the electricity consumption of a group of homes in southern Spain was
analyzed, characterizing the intra-daily, weekly and annual consumption of the site using statistical
models. Via Monte Carlo simulations, the expected consumption was reproduced for population
groups of different sizes. Subsequently, the EV consumption curve was characterized and scenarios
with different EV penetration levels were simulated. This population group was feed with the real
production of a wind farm and a photovoltaic plant in southern Spain, thus simulating the
renewable energy supply curves. The genetic optimization algorithm calculated the number of wind
turbines, PV panels and batteries needed to supply energy to the population group, minimizing the
cost of generating it.

The results showed, among other conclusions, that the penetration of the EV would help reduce
the system's power generation costs on small size cities, although in general terms the LCOE will be
progressively increased by the need for a greater number of batteries in the system.
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Modeling Wind-Turbine Power Curves: Effects of
Environmental Temperature on Wind Energy
Generation.

Abstract: Global warming represents a serious challenge, which requires the adoption of renewable
energy technologies worldwide. However, it can negatively affect the availability of renewable
energy resources, such as wind, which are needed for electricity generation. In this context, there is an
increasing need for more accurate evaluations of wind turbine power curves. A novel methodology to
model the power curves of wind turbines, which combines the use of artificial neural networks
(ANN) and Fuzzy logic rules, is proposed in this paper. This methodology assesses the role of
environmental temperature in the power curve and the impact of temperature increases on wind
energy production. The application of this methodology is illustrated with the simulation of the
impact of global warming on the electricity generation of a wind farm. Due to the non-linear
relationship between the power output of a turbine and its primary and derived parameters, it is
shown that ANN combined with an expert system formed by a Fuzzy logic module fit power curve
modeling processes well. The application of the methodology shows that an increase in temperatures
would trigger a small reduction in the performance of wind turbines.

Keywords: wind turbine; power curve; global warming; electricity generation; artificial neural
networks

1. Introduction

Climate change represents a serious global challenge. Global surface temperatures have reached
unprecedented levels [1]. As it is well-known, the accumulation of greenhouse gas emissions (GHG) is
directly related to the combustion of fossil fuels in all sectors of the economy, notably electricity
generation, transport and industry.

Climate change mitigation will require the adoption of decarbonisation strategies everywhere,
e.g., in all sectors and countries. Concern about climate change has led to the Paris Agreement, in
which governments committed to reduce those emissions in order to keep a global temperature rise
well below 2 degrees Celsius (°C) above pre-industrial levels and to pursue efforts to limit the
temperature increase to 1.5°C [1]. This entails a considerable reduction in emissions, around 50% in
2050 compared to 1990 levels [2].

Actions will need to be taken in order to improve the energy efficiency of production and
consumption patterns and to increase the uptake of low carbon technologies. In this context, it is a
widely shared view that the deployment of renewable energy technologies (RETs) is a critical
alternative to abate GHG emissions, whose accumulation leads to global warming.

According to the IEA 2DS scenario, the installed wind capacity will need to increase from the 433
GW in 2015) [3, 4] to 2.7" -3.5TW [5, 6] in 2050. The total investment in wind power required in the 2DS
scenario would be $3.45 trillion (2018 USD) [6].

However, global warming can negatively affect the availability of renewable energy resources,
such as wind, which are needed in order to generate electricity with those technologies. Focusing on
the case of wind energy, a reduction of the performance of a wind turbine due to thermal losses,
operational behavior changes and a change in air density in the location caused by global warming will

! Calculated from the TWh estimated in [8] (see Figure 1.7) and the performance of the installed
capacity and energy to be generated in [5] (Figures 1.10 and 1.11)
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reduce the number of full-load hours of the wind farm. This will decrease the amount of electricity
generation in the existing and new installations.

The purpose of this article is to develop a methodology to evaluate the impact of environmental
temperature on wind energy generation and to simulate the losses in a real wind farm.

The power curve (PC) of a wind turbine is a relationship that describes the power output for a
given wind speed [7]. The PC is currently used in the energy sector to estimate the annual production
in a given location. It is a part of the control system which tries to capture most of the energy from the
wind [8,9], and a tool to monitor the quality or condition of the wind turbines [10, 11].

The industry standard for PC estimation based on a field test is the IEC PC, which was developed
by the International Electrotechnical Commission (IEC) and described in IEC 61400-12-1 (2005). Here,
wind speed and generated power used for curve representation are 10-minute average values, with the
purpose of reducing the effect of outliers, noise and serial correlation [12].

However, it has been criticized that the IEC estimate ignores the non-linearity of the ideal PC [13].
This paper analyses the effect of external temperature on the non-linearity of the PC through artificial
neural network (ANN) models. A novel methodology which combines the use of ANN and Fuzzy logic
rules in order to model the power curves of a set of wind turbines is proposed. The application of this
methodology is then illustrated with a simulation of the impact of global warming on the electricity
generation of a wind farm.

ANN models are generally parametric or non-parametric [14]. The parametric models are built
from a set of mathematical equations that include parameters that must be adapted through a set of
continuous data [15]. Parametric methods generally use linear, non-linear, polynomial and differential
equations.

With the recent arrival of powerful databases and data science techniques, new modeling methods
have emerged. Instead of assuming a physical or analytical relationship between the input and the
output data, the non-parametric methods set up correlations based only on the data provided [15]. The
main advantage of these non-parametric models with respect to previous methodologies lies in the fact
that it is not necessary to know the nature of the dataset to be represented. Rather, the ANN itself
gathers the essential characteristics of such dataset through the training process [16]. Other advantages
include:

*  Non linearity: the nonlinear behavior of the functions of activation of the neurons will enable
the neural networks to act as universal proxies of nonlinear functions.

®  They can be adapted to the development of any type of data representation by just retraining
them. In contrast to physical models [17], they are less dependent on the knowledge of the “experts”
for model development.

Recent efforts were mainly oriented toward the improvement of the evaluation of the actual
power performance. Helbing and Ritter [7] provided a methodology for improving the wind turbine
power curve with standardization. The authors developed a parametric model taking into account the
role of wind turbulence in the power curve. Fan and Zhu [18] developed an optimization method of the
power curve based on a parametric approach to solve the problems of large wind speed variation and
low wind turbine efficiency in low wind-speed regions. Lydia et al. [19] proposed a methodology for
wind resource estimation using predictive models based on ANN. It was built using exogenous
variables (NLARX) combined with power curves modeled with a five parametric logistic expression.
The values of the parameters were assessed with differential evolution (DE). Marciukaitis et al. [20]
proposed a non-lineal regression to model the ramp of the power curve. The model had several
advantages, such as the fitting of the physical properties of the wind turbine (i.e., the power curve does
not exceed the highest value generated power as it is the physically possible maximum) and the
dependency with other variables such as wind direction. Pelletier et al. [15] used multilayer perceptron
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ANN to model the wind turbine power curve, reducing the error of the model compared to IEC
methods. In their study, power curves at wind farm level were modeled using six operational
parameters, like air density, turbulence intensity or wind shear. These authors also designed a complex
system with several ANN. Ouyang et al. [21] used support vector machine (SVM) algorithms to build a
power curve model. In their study, authors identified three representative points of the power curve
that divide it into four regions with a completely different behavior.

Regarding energy losses in the wind farm due to environmental changes, previous contributions
have analysed the impact of climate change on electricity generation with RETs in general and wind
energy in particular. Pryor and Barthelmie [22] provided a review proposing possible mechanisms
through which global climate variability and change could influence wind energy resources. They
concluded that evidences for small magnitude changes could only appear by the end of twenty-first
century. In more recent studies, Fant et al. [23] presented a methodology based on the combination of
the risk-based climate projection from the Integrated Global System Model (IGSM) and data from the
Coupled Model Interpolation Project (CMIP-3). Their results show that significant changes in wind
speed resources cannot be expected by 2050. Similar conclusions were reached by Davy et al. [24] in
their assessment based on the use of a single-model-ensemble from the Rossby Centre (RCA4).
Notwithstanding , using models from the HAPPI project and taking into account the distributions of
sub-daily viability, the height of the wind turbine and power losses due to the grids, Scott Hosking et
al. [25] concluded that the potential for wind energy in some regions may be greater than previously
thought, considering a scenario of a 1.5°C warmer world.

Compared to those contributions, this paper advances knowledge on several fronts. It provides a
methodology to model the wind turbines power curve for the assessment of production losses, using a
combination of ANNs and Fuzzy logic rules. This combined system takes into account the effect of the
control system on the power curve model, whereas this effect is disregarded in the previous literature
[7, 18-20]. If this effect is not included, then a poor adjustment in the transition parts of the power curve
results. Second, although previous studies consider air density as a parameter in their model, the
environmental temperature is used in this paper as a parameter with an indirect relation with air
density. Our methodology reduces the number of input variables which are needed in order to take
into account the effect of air density from five [19] or six [15] to just one. This is useful since the air
density measurement during the resource evaluation process may be available for wind farms, but not
during the whole life cycle of the asset. Third, a two-stage model (formed by two ANN in cascade) was
used to simulate the production in the ramp of the power curve. In contrast, only one ANN or SVM [15,
21] model was used to characterize this part of the power curve in the previous literature. Fourth, an
analysis of the impact of global warming on wind energy production is carried out, using a model of
wind energy generation based on ANN. The energy and economic losses in the wind farm used for this
study have been assessed. Whereas simulations are mostly carried at macroscopic level in the literature
and special attention to environmental temperature is not given, different scenarios with several
increases in environmental temperature due to global warming at wind farm level are simulated in this
paper.

Accordingly, the paper is structured as follows. Section 2.1 briefly describes ANN and Fuzzy logic
techniques. The methodology developed in this article to assess the relationship between energy
production and temperature is elaborated in section 2.2. Section 2.3 describes the analytical model. The
methodology is illustrated with an application in section 3, where simulations of performance losses
under different environmental conditions, as well as the economic losses in the wind farm, are
provided. The paper closes with some conclusions and suggestions for future research.
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2. Materials and Methods
2.1. A description of modeling methods.
2.1.1. Artificial neural networks (ANN)

Artificial neural networks (ANN) are systems inspired by biological neural systems (animal
brain). They are made up of a set of simple processing elements, called neurons or nodes, which are
connected among each other through links which have a modifiable value called “weight”.

Each neuron can receive information from other neurons (which are inputs to them) and from an
external input and it can generate output information which, in turn, can be input information for other
neurons. With the information which each neuron receives, the neuron creates an output value which
is a function of the linear combination of the values of its inputs, as included in expression (1). In such
expression, yi refers to the output value of the neuron i, x; is the input value of j (output value of the
neuron, also named with the index j), wj is the weight of the connection between neurons i and j, 0 is
the threshold or bias of the neuron and fi is the activation function. This activation function can be
linear, but it is usually non-linear (sigmoidal, gaussian, etc.). This non-linearity of the activation
function allows the neural network to be the universal proxy of non-linear functions. The structure of
one neuron is shown in Figure 1.

vi = filZ}iwij - x; — 64 1)

Neural networks can be split into feed-forward networks and recursive networks, depending on
how the neurons are connected. In feed-forward (or unidirectional) networks, the neurons are
connected following the direction of the input to the output. The recursive networks have connections
between neurons in the opposite direction.

The structure of a neural network is determined by the arrangement of the neurons, their
interconnections and their activation functions. Neurons are organized in layers. Those which are not
input layers (i.e., those which provide an external output) are considered as “hidden”. The set of values
which are presented to the neurons of the input layer (a value per neuron), which correspond to the
inputs of the neural network itself, are called “value of the input vector”.

Figure 1. Processing of the information in a feed-forward neuron.

The main characteristic of neural networks is their learning capacity. This learning is the
adjustment of the weights of the connections between the neurons which takes place in an interactive
manner in order to achieve a desired effect. It refers to “learning” the existing relationships between
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pairs of values of vectors of inputs-outputs, or finding a common pattern in the input data in order to
classify them according to the different patterns.

The multilayer perceptron (MLP) or neural network MLP is a type of feed-forward neural network
in which the neurons are organized in layers and, thus, the inputs for a neuron located in an
intermediate layer can only be the outputs of the preceding layer and its output serves as the input for
the neurons of the following layer. Its graphical representation is provided in Figure 6, which shows
two consecutive networks. In the first one, the blue neurons make up the input layer (each neuron of
the input layer has an external value), the red neurons make up the intermediate layers (or “hidden”
layers) and the gray neurons make up the output layer (the output value of each neuron is one of the
outputs of the neural network).

A MLP neural network can have several hidden layers, although a single hidden layer could be
able to approximate any continuous delimited function (whether linear or not) with a small error and
two hidden layers are able to approximate any continuous function (without any error).

The design of a MLP neural network implies the selection of the number of hidden layers and the
number of neurons in each layer. The greater the number of layers and neurons, the greater the
capacity of the MLP neural network to adjust any function.

However the time needed to train it (in order for the network to learn) will increase and there is a
risk that the network is overtrained. Supervised learning techniques of the neural network have been
used. Previous data, which allow comparing the fitness of the model and reality, are used in those
techniques. The model is adjusted depending on the estimation errors. However, a drawback of these
techniques is that there is a risk that the model is over-trained. The result of over-training is that the
neural network perfectly fits values that have been given to it in the input vector, giving the required
value of the output vector or a very relatively close value which, however, has been “adapted” too
much to those data. This leads to a loss of capacity to generalize the prediction. Any value of the input
vector other than that used in the training of the neural network can provide poor results.

There are different learning and training techniques for MLP neural networks. In this study, the
error back-propagation technique has been used. This technique basically consists of updating the
weights of the connections between neurons in proportion to their contribution to the error. In our case,
the weights of the neural network are updated after presentation of the entire set of values of the input
vector of the training data (which constitutes an “epoch”).

The updating of the weights of the neural network is carried out after each value of the input
vector is presented. The variation in the weight of the value of the input vector n, Awi(n), the
connection between the neurons i and j (neuron i located in a layer posterior to the neuron j), is given
by expression (2) where 1 refers to the so-called learning factor (a constant number, also called “step”),
0j is the gradient of the local error of the neuron j, 0i(n) is the output value of the neuron i for the value
of the input vector 1, a is a coefficient called “moment” and Awii(n-1) represents the variation of the
weight of the connection between neurons i and j for the value of the input vector n-1.

AWij(n) = ndjoi(n) + aAwij(n -1 )

The gradient of local error for a neuron of the output layer is the product of the derivative of the
chosen error function and the activation function of the neuron. The gradient of the local error for a
neuron of a hidden layer equals the weighted sum of the gradients of local errors of the neurons to
which the connections from such neurons are linked (the weight of each connection acts as the
weighting factor). The weighting of the connection between neurons i and j for the following value of
the input vector (n+1) is given by expression (3).
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Wi]'(n + 1) = Wl'j(n) + AWl'j(Tl) (3)

In expression (2), the coefficients 7 and a are two constants. A high value of the learning factor n
implies that the neural network reacts quickly to changes in the inputs, but it also leads to an unstable
neural network if it is very high. On the contrary, a low learning factor leads to an increase in the time
needed for training the neural network.

The coefficient o, (or “moment”) describes the part of the change in the weight which is added to
the next updating of the weights. A low value of the moment leads to an unstable training, it causes
fluctuations in the values of the weights of the connections and hinders the learning of the neural
network. The maximum value for the moment is 1 and the most usual values are between 0.5 and 0.9.

Various techniques prevent over-fitting or over-training of the neural network, including
limitation of the number of epochs in the training process (these were limited to 5,000), the addition of
white noise to the values of the input variables and the use of cross-checking. In the latter technique,
which is the most widely used, the available data are divided into two groups: training and
cross-checking (15% in the case presented here).

The data from the training group are used in order to fit the parameters of the neural network
according to the training method which has been chosen. The data from the cross-checking group are
not used in determining the error which has to be minimized with the training of the neural network,
but instead are presented to the neural network after each training epoch. The training process is
interrupted when a given number of epochs have gone through without a reduction in the error from
the cross-checking data.

2.1.2. Fuzzy logic

The Fuzzy logic is a technique which aims to include the structured human knowledge in efficient
algorithms. Many human intellectual processes are based on inductive reasoning. A clear example is
the reasoning which leads to logical structures such as “IF...THEN”. We can thus argue that human
knowledge is structured in rules such as “IF... THEN”, and that this combination of rules leads to
actions and decisions. A rule of this type is a function of multiple variables which relates the variables
associated to “IF” and named “antecedents” or “causes” to the variables associated to “THEN”, which
are named consequences or effects.

One of the features of human knowledge is that it characterizes situations, elements, properties,
etc. in a fuzzy or vague manner. However, there is an inherent uncertainty in this idea: which is the
frontier between a high and a normal ambient temperature? This uncertainty can be delimited in
mathematical terms through a so-called membership function. This is the mathematical expression of
degree between 0 and 1 which values the membership of an element to a given set defined by an
specific fuzzy term (in this case “very high”).

A fuzzy universe can be one which applies to different zones of the power curve of the wind
turbines defined in section 2.2. Fuzzy sets can be applied, for example, to zones of start-up, rise and
nominal capacity of the equipment, as a function of the control strategy of the manufacturer, as shown
in Figure 2.

A fuzzy set is represented by a label (for instance, Z), which takes values within the universe X.
This is characterised through a membership function y, which takes values between 0 and 1. The
mathematical expression for a fuzzy set is reflected in expressions 4.1 and 4.2
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A= {(x,p;(x) | x € X} (4.1)

Hz X = [01] (4.2)

The membership function is a function which links each element of the fuzzy set to a value within
the interval (0,1) and within the universe. The most usual membership functions are: triangular,
trapezoidal, Gaussian, sigmoidal and normal. Figure 4 shows four membership functions for four
fuzzy sets defined for the universe in the interval (0,30). The four membership functions are
trapezoidal and represent the different strategies for the operation of a wind turbine.

2.2. Wind turbine power curve and performance dependency with environmental temperature

Horizontal axis wind turbines generate energy based on the power curve of Figure 2. As is shown,
the power depends on the wind speed (for a reference air density). The energy generated by a wind
turbine will therefore be the integral of the instant power (P(1)) in a given period ([to,t1]), according to
expression (5). Currently, the dominant method to calculate the energy produced by wind farms is
based on the use of this static curve.

Efd = [ P(t)-dt )

1500 | L
Zone | Zone ll / Zone Il
/
§
r',’
!
f

<~ 1000F ‘j
2 /
= / >
A
] ' @
3 / ]
[e] j! .
o

500 } i

/;
/
Oxm/ i i 1 3
0 5 10 15 20 25

Wind Speed (m/s)

Figure 2. Wind turbine power curve (Pow-ws) for reference air conditions (with Tr~=25°C and Pr=1,001 bar).

The power curve can be divided into four different zones according to the control strategy [21],
which will affect the behavior of the pitch control and, thus, the exposure of the surface of the blades to
airflow changes. In Zone I, the wind turbine stops due to the fact that there is not enough wind to move
the hub. Zone II represents the acceleration slope, in which the blades expose their entire surface to
capture as much energy as possible from the air. When the wind turbine reaches its nominal power,
represented in Zone III, the control system changes the pitch in order to keep the energy captured from
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the air constant. Finally, in zone IV, the wind speed is too high to operate the wind turbine in safety
conditions and it is stopped.

This power curve depends on the air density at each moment. For that reason, the wind turbine
manufacturer provides power curves for different air density scenarios. According to Betz’s Theory,
the ideal relationship between the wind speed and the power generated by the wind turbines can be
defined by expression (6) [7,19,21]:

Pow=Cp-%-p-A-ws3 (6)

Where Cp is the power coefficient, p is the air density, A represents the whipped area of the blades
and ws is the wind speed.

There is a relation between air density and external temperature and, consequently, the
production model should automatically change according to this effect. In this article, a production
model that characterizes this power curve for a specific wind turbine technology [15] has been
developed, but the wind speed as well as the external temperature have been included as inputs to the
model. We illustrate this methodology with different production scenarios, considering different levels
of increase in the environmental mean temperature. The power curve is provided by equipment
manufacturers for a given air density since, depending on such density at a given moment, wind will
transport more or less energy (for a given wind speed) [18]. Since density is equal to the mass divided
by the volume, air density affects mass per unit of volume. Thus, the greater the mass (per unit of
volume) is, the greater its energy for a given wind speed will be. This effect is shown in Figure 3.

Figure 3. Wind turbine power curves (Pow-ws) for different air densities (in the color scale).
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Figure 3 represents the normalized power (Pow) generated as a function of wind speed measured
at the rotor hub (ws). The figure shows the power curves of a wind turbine of the wind farm analysed
in this article at different moments during the year. The colour indicates air density in each moment. In
the inner part of the figure, a greater concentration of blue points (low air density) can be observed,
whereas there is a concentration of yellow points (greater air density) in the outer layer of the figure.
When air density is higher, the power curve shifts to the left. With a lower wind speed (but higher air
density), more energy is produced. Therefore, with a lower air density, the turbine needs a higher wind
speed in order to generate the same amount of electricity. A Higher density air entails more particles
(mass) in the same volume of air. All these particles have kinetic energy that can be captured by the
blades. Temperature increases reduce the number of particles in the same volume of air. For that
reason, the energy of a volume of wind in movement is lower. Using expression (6) and the Ideal Gas
Law expressions (7), the wind speed measured (wsreat) can be adjusted to the effective or reference wind
speed (wsref) through two physical variables: atmospheric pressure (P) and temperature (T) measured
at the site. As suggested by expression (8), a higher Tr.al (measured at the site) leads to a lower effective
speed.

P-V=n-R-T (7.1)
P-V=""R-T (7.2)
P-M=2-R-T (7.3)
%z’; (7.4)
p="" (7.5)

It can also be observed that, according to expression (6), the theoretical power depends on the air
density (p) which, in turn, depends on other factors such as temperature. The parameter (R) is the
constant of ideal gases. We can use the ideal gas law (expression (7.1)) and perform some
stoichiometric calculations of the density of a gas (expression 7.5). This expression shows how the
density of the gas depends on temperature. The number of moles is equal to m/M, where m is the
present mass, M refers to the molecular mass of the gas and the density is m/V. From expression (6) it is
possible to obtain expression (8) by considering two different environmental scenarios and matching
the energy produced.

WS s = WS . 3|Preal Tref 8)
ref real Pref Treal

The reference values (wsrys, Trer y Prey) are the parameters that feature the conditions of operation of
the equipment (determined by the manufacturer). The power curves used by the SCADA (Supervisory
Control And Data Acquisition system) of operation are fixed for predefined (or reference) conditions
(based on the fact that the operation of the equipment is regulated).

The methodology developed in this paper is based on the fact that the neural network itself is able
to transform the values measured in the wind turbine (wsra) at an effective wind speed (wsry), only
considering the variable ambient temperature (Tra). Therefore, the neuronal network will be able to

13



Climate Change Impacts on Renewable Energy Generation and Energy Generation Scenarios

reproduce the hidden nonlinearity in the relationship (Prea/Pry). It is necessary to follow this approach
since, although the average thermal increase is known, it is unknown how climate change will affect
the barometric pressure of the sites (P).

2.3. Wind turbine power curve model

This section describes the methodology developed to assess the performance losses based on the
wind turbine power curve [21].

2.3.1. Data pre-processing

The data used for the development of the models come from 20 wind turbines located in Spain,
with 1.5MW of unit power for a period of 4 years (approximately 4,204,800 ten-minute time records).
The first years of operation of the 20 wind turbines were considered for building up the model (2008
and 2009) and the data of the following two years (2010 and 2011) were used to calculate the errors of
the model. The production history of the wind farm which is used to perform simulations of the loss of
performance corresponds to the entire period of 4 years (2008-2011).

Based on the expert assessment and preliminary studies, the variables of the wind turbines
considered for building the energy production model of the wind turbines were:

e  Air Temperature [°C].

e  Barometric Pressure [bar].
e  Wind speed [m/s].

e  Power [kW].

Once the variables are selected, outliers in the samples need to be identified. These outliers can be
physically impossible temperatures (due to failures in measurement equipment) or non-typical data
due to abnormal operation condition of the turbine [15]. The data processing consists of two stages:
filtering (manual/statistical filter) and data normalization. For each of the variables under
consideration, this filter only eliminates values that do not make any sense taking into account the
logical perspective of operation [26,27]. These values are possibly due to faults in the sensorics or a
result of a clearly anomalous operation. Given that no limits of the operating variables were known, a
statistical study was undertaken through an assessment of distribution parameters (mean and standard
deviation). Based on the values obtained, the operating limits (lowest and highest) were obtained for
each variable based on an expert judgment.

The applied manual/statistical filter has been:
e -10<T(C)<50
e  4<ws (m/s) <13 (when modeling zone 2)
e 900 <P (bar)<1,050
e 0<Pow (% of rated power) < 96% (1,450kW) (when modeling zone 2)
e ws(m/s)>5 & Pow (% of rated power) < 2.5

e ws(m/s) <4 & Pow (% of rated power) > 7.5°

2 If the wind speed is higher than 5 m/s but the Pow is lower than 2.5, the turbine is damaged or stopped and, thus, the
corresponding data should be removed.

3 Likewise, if the wind speed is lower than 4 m/s but the Pow is higher than 7.5, the anemometer is either damaged or broken.
Therefore, the corresponding data should be removed.
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e  The equipment has been available 100% of the 10-minute period of the data.

Because the models are built with input variables from different units and scales, the data have to
be normalized in order to be able to compare the fluctuation scale of different variables and to ensure
that more weight is not given to a variable with higher figures. The variables were normalized
according the expression (9):

. — it_imin
lt Normalized = imax—imin (9)

Where i, is the value recorded by one of the variables at time ¢, imin is the minimum value of each
variable in the entire population set and ina refers to the maximum value of each variable in the entire
population set. The entire data set, including simulation data, is considered.

However, the imx value must be corrected taking into account the ambient temperature variable.
This variable is increased manually in simulations with values up to 6°C higher than those registered.
Therefore, the neural network model must be prepared for this if the aim is to correctly simulate those
temperatures. This is achieved by changing imas = ima + 6°C.

During the process of the standardization of variables, the statistical parameters of each variable
should be saved, due to the fact that the data which is subsequently used as input in the model for
global warming simulations should be normalized based on these parameters. Therefore, the global
warming simulation temperature data set must be normalized with imin and imas of the training data set
in order for the model to be applicable.

The model of electricity production based on neural networks applies only to the zone of the ramp
of the power curve because, for wind speeds higher than 13m/s and lower than 25m/s, the power
delivered by the equipment will be the nominal one. This is because the adjustment of the pitch will
allow capturing more energy from wind in order to maintain the torque (or the revolutions of the
generator).

2.3.2. Power curve modeling methodology

Currently, the dominant method to calculate the energy that can be produced by wind farms is the
curve Power-Speed of wind at a given site (Figure 2). The drawback is that this curve is fixed for a
given air density and the power which can potentially be produced is estimated only as a function of
the wind at a given moment. However, as shown above, the actual power being produced is not only
dependent on the wind but also on air density.

Therefore, there should be a different power curve for each air density or a non-linear model
which considers the electricity which can be produced as a function of wind and density (or
alternatively, as a function of other representative variables such as temperature and humidity). There
is a wide array of mathematical and statistical techniques which can be used to calculate the power
curve of a wind turbine [28,29]. However, the difficulty to build an analytical model based on
equations which simultaneously include the impact of the aforementioned factors led us to use “black
box” modeling methods and, particularly, ANN [15,30,31].

The model is an expert system made up of a module of Fuzzy logic rules and three submodels.
The module of Fuzzy logic rules is responsible for the selection of the submodel which applies at each
moment. It identifies the operation zone of the power curve (Figure 2) where the wind turbine is at
each moment (t).
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The power curve can be divided into four (4) different regions:

1. Zone (1), where the wind energy is insufficient to start-up the wind turbine movement. In that
case the expert system would apply the model Pow = 0.

2. Zone (2) is called the ascending ramp, where the wind turbine is accelerated until its nominal
rotation speed rises. In that case, the expert system will apply the neural network model later
described .

3. Zone (3), where the wind turbine rises to nominal power. In that case, the expert system will apply
the model Pow = Pownominal.

4. Zone (4), where the wind energy is excessive to operate under safe structural conditions. In that
case, the expert system will apply the model Pow = 0.

For each operational zone, a model was built. The Fuzzy logic rules system identifies which model
should be used at each moment. According to these rules (Figure 4), data will be marked every ten
minutes with the number of the zone it belongs to. The transition between zone 1 and 2 is effective
when wsrea () 23m/s. The transition between zones 2 and 3 is effective when wsr (t) 213m/s. Finally, the
transition between zones 3 and 4 is effective when wsrea () >25m/s.

Fuzzy Rules (Power curve zones)

o
o
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e
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o

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
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——Zonel =——Zone2 Zone3 =——Zone4

Figure 4. Fuzzy logic rules to classify the operational state.

As it was shown in Figure 3, the air density mainly affects the zone 2, which corresponds to the
acceleration ramp. For that reason, it has been assumed that global warming will not affect the
performance of the wind turbine when it works in zones 1, 3 or 4.

Figure 5 represents the expert system that activates the model which applies in each moment
according to wsra. The model for zone 2 (red line in Figure 4) is made up of two neural networks
(Figure 6). One of them adjusts the wind speed wsre to wsry (with Tr=25°C and Prs=1,001 bar), whereas
the other network estimates the power that can be produced from wsrs. This second neural network
could be replaced by the power curve of the manufacturer for the given reference conditions. However,
we have decided to calculate the real curve for the wind turbines of the wind farm since, as mentioned
in the literature [15,28,29], each wind turbine has a specific curve as a function of many determining
factors, including its location, presence of nearby wind turbines and configuration parameters.
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Figure 5. Conceptual scheme of the expert system with the Fuzzy logic rules and two neural networks models
used for the characterization of the energy that can potentially be produced in the zone corresponding to the ramp.

Therefore, two neural networks of the MLP type were used in order to build the production model
which includes global warming variables. This is a type of neural network in which the neurons are
organized in layers, so that the input of a neuron located in an intermediary layer can only be the
output of the preceding layer, while its output serves as the input for neurons in the next layer. This is
shown in the graph in Figure 6, where the input layer is formed by the aforementioned operating
variables, two inputs for the first net in blue (wsrew and Treat-simuiated) and the corrected wind speed (wsry)
for the second net in green. After the input layer come the neurons named intermediary or hidden
layer. A structure of two hidden layers [15] with ten neurons (1) per layer was used in the development
of both neural nets (n1.x for the first layer and n2x for the second one, where x e {1,...,10} ). Finally, the

nets present the neurons forming the output layer in grey, the output values are the wsrs in the first net
(out: in Figure 6) and the energy production (Pow) for the second one (out: in Figure 6) during the
interval of time.

Cf BsZ S S N
1547 -\‘."5.‘\'\7‘\
RN

Figure 6. Illustration of both MLP (“MultiLayer Perceptron”) neural networks, with the wind adjustment on the
left and the power curve on the right.
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As mentioned above, the first neural network replaces expression (8) that relates wsra with wsrer
based on barometric pressure and ambient temperature. Therefore, it is necessary to have the operating
data of the first two years for several variables in order to train this neuronal network: wind speed
(wsreat), measured barometric pressure (Prar) and measured temperature (Tra). Expression (8) is applied
and the reference wind speed (wsrs) has been calculated for this data set. Using this procedure, the
neural network can be trained, considering wsra and T as inputs and the objective variable wsrr.
Thanks to this training, the wsrs can later be estimated considering only wsra and Tra as inputs. This

will allow us to carry out simulations in which T is changed according to the temperature increases
due to the effects of global warming (Trecw).

3. Results
3.1. Estimating wind production with the model

The model of wind energy generation, which takes into account wind speeds and the
temperatures at the site, has been estimated and increases in temperatures have been simulated.

In order to visually verify the goodness of fit of the model, Figure 7 shows the real production of

the wind turbine (in blue) and the production estimated by the model (in green) for a short period of
time as an example.
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Figure 7. Illustrating the difference between real and estimated production.

Note: the continuous line refers to the real normalized production of a wind turbine and the dotted line represents
the estimated production.

The goodness of fit of the model (zone 2) is very good (R2 = 0.9935 in Figure 8), since it is a wind
farm or a technology-level model. A single model of producible energy at the wind farm level was
built. 283,681 10-minute records of zone 2 were available for the 20 wind turbines in the farm. Since the
first 2 years of operation of the 20 wind turbines were used for model training, a total of 2,102,400
records were used for training and another 2,102,400 different records were used for the validation. It
should be taken into account that a large number of these records had “null” data due to the filtering
criteria. The average percentage error obtained with the validation data set was -0.39% and the average
error was -8.69kW. The average percentage error of the whole expert system, considering zones 1 to 4,
was -0.23% (see the joint response of the models in Figure 9).
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Figure 8. Regression line between the normalized real power (x-axis) and power estimated by the wind
energy model (y-axis).

Figure 9 shows the power curve for different environmental conditions. The x-axis refers to wind
speed (wsra in m/s), whereas the y-axis represents wind energy generation (Pow) for different
temperature values (shown in color). The degradation due to climate change will only affect the
ramp-up part of the curve (wsra> 4m/s and wsren < 13m/s). In the upper part (wsra >13m/s), the wind
turbine reaches the nominal revolutions and these are maintained by adjusting the angle of the blades.
As a result, the wind turbine is able to capture more energy. This will mitigate the losses due to climate
change, i.e. they will not be as high as expected. The plotted model shows the relevant impact of
external temperature, mainly in the zone close to nominal power, where the control system starts the
adjustment of the blades’ pitch. It can be observed that days with higher temperatures move the curve
to the right.
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Figure 9. Power curve of a wind turbine. Real sample data vs fitted model for reference parameters.
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3.2. An application of the methodology

This section illustrates the methodology with a calculation of the loss of performance of the wind
turbines under different warming conditions (e.g., for each additional degree of global warming). It has
been shown that the thermal increase would affect the ramp-up part of the curve. As it can be observed
in Figure 10, neural networks estimate a power curve for the turbines depending on the temperature
(wsrea — Pow). Using this model, different global warming scenarios were simulated by gradually
increasing the temperature at the site. In other words, if the temperature registered was 30°C, one
additional degree of global warming would have increased the temperature to 31.5°C in the 2DS
scenario (since, currently, warming is around 0.5°C [32]).
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Figure 10. Losses in the power curves for the different global warming scenarios. Temperature increases from the
current reference situation are considered. Power represents the losses from the reference scenario (0.5°C).

The historical data of the wind farm used in this article refer to the period 2008-2011. According to
[31], the global warming experienced in this period was above 0.5°C. Departing from this starting point
we have analysed scenarios with higher global warming (at 0.5°C intervals, from 0.5°C to 6°C).

In order to simulate the possible impact of global warming on the wind farm’s electricity
production, it has been assumed that wind conditions (direction, frequency and intensity) are constant
and that only average temperatures (and, thus, density) change [22-24]. Under these premises, the
production of the wind farm has been simulated (as a sum of the individual production of each
turbine) using the available historical data and increasing the average temperature.

Since there is an intrinsic error between the model and the real production of the turbine, the
performance loss will be calculated with respect to the production estimated by the model under
current temperature conditions (0.5°C) and not with respect to the current production. A performance
indicator was created, from which the percentage loss of installed power based on temperature was
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obtained (Figure 11). By way of example, the wind farm performance in a scenario of a global warming
of around 6°C is calculated as Performance(%)s:c= 100 - (Productionec / Productionosc).

Since global warming will gradually increase over time, the loss of performance will not
immediately start now, but will also be gradual from 2015 to 2050. Therefore, a continuous function
which relates the loss of performance and the thermal increase due to global warming has been used
(n=f(ATow)). The adjustment shown in Figure 11 and its adjustment function are represented by
expresion (10). This expresion of the thermal increase (and, thus, the progressive degradation of the
performance) is used in order to calculate the energy which has been lost during the period. It was
obtained through an assessment of the trend curve that best fitted the discrete values of the
performance losses of the different simulations.

Performace=f(AT)
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Figure 11. Continuous performance losses as a function of external temperature increases for the considered

scenarios.

Performace = 100 — 0.0016 - (AT — t,) (10)

where AT represents the increase in temperature due to global warming. The offset o corresponds
to the current warming of 0.5°C.

The environmental thermal increase has been simulated according to expressions (11) and (12).
Figure 12 shows the thermal increase in the 2015-2050 period in the different scenarios: Current
scenario (0.5%C), 2DS scenario (2°C) and Current Policies scenario (6°C). This last scenario would be the
one projected until 2050 by the IEA if current energy policies continue to be implemented [5] and the
generation mix is similar to the one that we have today.
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Figure 12. Mean temperature for the different scenarios.
The curves for the thermal increase have been built according to expressions (11) and (12):

AT, = t,.a* (11)
a= 3"’\F (12)
to

where ATx represents the thermal increase (y-axis), tois the initial temperature (0.5°C for 2015), #fis
the maximum admissible temperature for 2050 (in the 2DS), 35 is the number of intervals from 2015 to
2050 and x is the number of intervals for which we would like to know the warming (for 2030, x=15).

The joint expression obtained after merging expressions (10), (11) and (12) allows us to directly
calculate the performance loss over time according to the expected evolution (expression 13). These
expressions have been jointly represented in Figure 13.

. yearj—yeary
Performace; = 100 — 0.0016 - t, - ((35\/;) - 1) (13)
0
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Figure 13. Performance curve over time vs global warming temperature.

In Figure 13, it is observed how the loss of performance in the worst case scenario will not be
representative, with % ¢c being equal to 99.99%.

It is possible to estimate the economic loss of the installation used for this paper from expression
(13), which jointly considers the performance loss and the thermal evolution presented in Figure 12,.
The performance loss will affect the balance sheets of the companies that operate the wind farms, since
their revenues will be reduced for a period of 30 years. This is the amortization period which is
typically required for new renewable energy plants with life-cycle extension systems. A performance
loss of 0.0024% per year, for similar turbines deployed after 2050, results in a 0.072% accumulated loss
over the life cycle. This represents $655 (2018 USD) for a standard 1.5MW wind turbine in a site with
2700 full-load hours* [33,34]. However, it is necessary to analyze the gradual loss of performance of the
installation under study during the global warming process. The energy lost during the period
2015-2050 has been calculated in monetary terms taking into account the loss of performance in each
year (which depends on the global warming of each scenario) and multiplying it by the installed
capacity of the wind farm (30MW) and the production ratio (2067 equivalent hours for this wind farm).
The results are shown in Table 1. The loss (in terms of the electricity which would not be generated)
would be $12,000 in the case of 2 degrees of global warming and $43,000 (2018 USD) in the case of 6
degrees.

¢ We have assumed an expected average electricity selling price in the EU of 158€ (2013)/MWh for the
period 2030-2050, according to [22]. OECD exchange rates have been used [23].
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Table 1.- Performance and economical losses summary

AT(C) Performance Lost Energy Lost Incomes Additional
(from 1990) (%) MWh (k$)"18* ktCOz**

0.5 100 0 0 0

1.0 99.9992 17.4 3.9 5.7
1.5 99.9984 34.7 7.8 11.5
2.0 99.9976 52.1 11.7 17.2
2.5 99.9968 69.4 15.59 229
3.0 99.9960 86.8 19.49 28.6
3.5 99.9952 104.2 23.39 344
4.0 99.9944 121.5 27.29 40.1
4.5 99.9936 138.9 31.18 45.8
5.0 99.9928 156.3 35.08 51.6
5.5 99.9920 173.6 39.98 57.3
6.0 99,9912 191 42.9 63.0

*1€'13 = 1.328%'13 ; 1$'13=1.075$"18[32]; **tCO2/kWh from electricity generation mix (2011)

! Summary of the global warming effects for the wind farm.

Furthermore, the wind electricity which is not generated will need to be produced by other
sources in order to avoid supply cuts. This will lead to an increase in GHG emissions if these other
generation sources are fossil-fuel fired. Assuming the electricity mix in Spain (with a large share of
renewables), the average emissions from electricity generation would be 0.33 tCO2/kWh. Therefore,
17,000 tCO2 will have been emitted in 2050 in the case of 2 degrees of global warming (63,000 tCO2 in
the case of 6 degrees).
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4. Discussion

The impact of environmental temperature on the production of a wind farm has been analysed in
this paper. A model of the electricity which can potentially be generated by wind turbines, taking into
account both the wind speed and the temperature at the site, has been developed. The method allows
simulating the impact of the average thermal increases due to global warming. Using a complex model
of wind energy generation based on ANN and Fuzzy logic rules, the reduction in the performance of
the wind farm and, thus, the reduction in electricity generation from wind can be calculated.

Our results show that an increase in temperatures will trigger a reduction in the performance of
wind turbines. However, the impact of temperature increases on wind energy performance will
probably be modest, since the wind turbine control system is able to correct the wind energy loss
through adjustments in the angle of the wind blades.

Climate change and energy models, and particularly integrated assessment models, should take
into account the bidirectional impact of temperature increases and (wind) electricity generation. The
changes (increase or reduction) of potential electricity generation from wind that can be expected as a
result of higher temperatures should be included in these models. The methodology developed in this
paper provides a useful contribution in this regard since it could be added to existing integrated
assessment models.

Further research could be devoted to the analysis of other possible effects, including changes in
the features of winds, lower availability of equipment and extensions to other RETs. First, the impact of
changes in the features of winds (frequency, direction and intensity) should be analyzed. Global
warming can be expected to extend the summer season, which is when the winds are softer.

Second, the increase in average temperatures will reduce the availability of wind energy
equipment. Such increase will lead to more frequent overheating of the equipment which, in turn, will
lead to more frequent shutdowns of the wind turbines in order to cool some components. The
availability of the equipment will be reduced. In addition, electricity consumption due to cooling as
well as the electricity losses in wires, transformers and generators will increase. A thermal increase
could also accelerate the degradation of some components, including oils, bearings, windings, etc.,
which would increase the operational costs.

Finally, the methodology used in this article should be applied to different wind turbine
technologies and to installations located in different places around the world. However, this will be the
focus of future research, since the operation data which would be required for such analysis are not
currently available. The analysis can also be extended to other renewable energy technologies and, in
particular, to solar PV. It is likely that the performance losses will be higher for this technology than for
wind (given the absence of control devices, as it is the case with wind turbines).
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Modeling and evaluating the effect of environmental
temperature on electricity generation in a PV power
plant.

Abstract: Climate change, and the need to adopt clean technologies, together with a drastic reduction
of the costs of photovoltaic (PV) panels has led to the deployment of this technology, the one with the
highest growth rates in the last years. This growth suggests the need to have estimation models of the
electricity generated in order to ensure its appropriate integration into the grid and its stability. Power
curve models of PV panels allow calculating the energy generated by the panels for given
environmental conditions and, thus, assessing its real performance with respect to the reference
curve. In this context, the environmental temperature is one of the factors with the greatest influence
on the performance of PV panels. The aim of this paper is to provide a methodology to calculate the
real power curve of a set of PV panels in a given location as a function of environmental temperature,
among other variables, including wind speed and solar irradiation. As a result, models with a high
precision have been created. This methodology has been applied to a real-world case in order to
calculate the loss in the performance of a PV installation as a function of environmental temperature
and the impact on solar PV electricity generation has been simulated in several global warming
scenarios. Our results show that an increase in the average ambient temperature would severely
reduce the performance of PV plants leading to a lower level of electricity generation for the same
level of installed capacity.

Keywords: Global Warming, ANN, performance losses, solar PV, electricity generation.

1. Introduction

Renewable energy technologies (RETs), such as wind and solar (both PV and thermoelectric) are
the main alternatives to reduce greenhouse gas emissions and energy dependency [1, 2]. Solar energy is
a clean, cheap, abundant and eternal source of energy [3, 4]. Several simulation models show that RETs
play a crucial role in climate change mitigation in order to keep global warming under 1.5-2° C [5, 6].

However, the same global warming that RETs are aimed to mitigate may affect the performance of
renewable energy installations and, particularly, PV plants. A reduction of the performance of PV
panels due to the increase of average temperatures in the location [3, 7, 8] will reduce electricity
generation throughout the whole lifecycle of the asset and, thus, the profitability of investments.

Electricity generation with PV panels are contingent upon some random factors which makes it
difficult to estimate the energy produced. The main variables which affect the electricity generation of a
PV panel are solar irradiation and other meteorological factors, such as atmospheric temperature (and
the temperature of the panel), humidity, wind speed in the location and its direction, among others. All
these environmental factors do not only affect the performance of PV panels, but the installation as a
whole (transformers, converters, wires etc.) [9].

The aim of this paper is two-fold. On the one hand, an optimized methodology to estimate the real
expected production in a real world PV power plant as a function of the environmental variables
beyond the theoretical curves is provided. On the other hand, an evaluation of the impact of several
scenarios of mean environmental temperature increases over time is carried out.

All sources of solar energy are sensitive to climate change, but existing literature focuses mainly
on photovoltaic generation (PV) and on changes in solar irradiation, as the most relevant source. A
global reduction in direct normal irradiation of 5% is suggested, with increases in Western Europe and
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the Easter Mediterranean (up to 10%) and reductions in other regions of the world such us Eastern
Europe and Africa (up to 10%) [10].

This paper develops a methodology based on the use of artificial neural networks (ANN) in order
to assess the performance loss of the PV installations due to the impact of environmental conditions
such as temperature or wind, taking into account all the electrical elements which make up such
installation in addition to PV panels [3, 7]. Fictitious variables were also designed, taking into account
the date and the hour in the day, which considerably improved the response of the model. This
methodology has been applied to a real-world plant to analyze the performance loss of the plant and
the associated economic losses, simulating different scenarios for the increase in the environmental
temperature due to global warming [8, 11, 12].

The panel manufacturers provide power curves of their equipment so that the expected
production can be estimated under given irradiation and temperature conditions. However, the total
production of a plant depends on more factors, such as the electricity losses of the wires, the cooling of
the panels depending on the local terrain and the specific distribution of the plant, the losses in
transformers etc.

There is a wide variety of mathematical and statistical techniques which can be used to calculate
the power curve of a renewable energy installation [13, 14]. However, the difficulty to build an
analytical model based on equations (“white-box” models) [7] which simultaneously takes into account
the impact of the aforementioned factors led us to use “black-box” modeling methods and, particularly,
ANN [15, 16].

The modeling of PV panels has historically been carried out with white-box type models.
According to Chen et al. (2019), these modeling processes are based on equivalent circuits and usually
consist of four steps: (1) select an appropriate model structure, i.e., equivalent circuits; (2) determine
the translation relationships of the model parameters with respect to the input irradiance and
operating condition temperature; (3) extract the model parameters under operating conditions (OPC)
from measured I-V (Intensity-Voltage) curves; (4) identify the model parameters under the standard
test conditions (STC, i.e., the irradiance in 1.000W/m? and temperature of 25°C).

These white-box models are based on physical equations, as done by Lindsay et al. [18], which
analysed the effect of the solar spectrum on PV production models. They reached the conclusion that
the models that consider global solar irradiation but do not include the different spectra may have
errors which can be as high as 15 %. Seapan et al. [19] presented an analytical formula to correct the
performance of the crystalline silicon panels as a function of the temperature based on physical models
and experiments. Kermadi et al. [20] presented an analytical approach for PV array modeling under
partial shading conditions. In their method, it was only needed the STC parameters of the PV modules
and the irradiance level imposed on each module and obtained the P-V (Power-Voltage) and I-V
curves, being usable for simulating. Chao et al. [21] did a review on dynamic equivalent modeling of
large PV power plans. Their parametric model was used to simulate PV plans under large
disturbances.

Black-box models use data-driven approaches, which need no predetermined equivalent circuits
and only rely on the measured data to directly build the black-box model. There are several techniques
based on machine learning and deep learning such as ANN, supported vector regression (SVR),
random forest (RF), gradient-boosted (GB), convolutional neural networks (CNN) or recurrent neural
networks (RNN), among others. The next section describes the ANN that were used in this paper,
although most of the aforementioned methodologies could be used. The GB technique is used to solve
non-lineal problems and Wang and Mamo [22] used this method to build a regression model to analyse
the degradation of prismatic cells. Kumari and Toshniwal [23] used the extreme gradient-boosted
(XGBF) combined with deep neural networks (DNN) to predict global horizontal irradiance (GHI) in
different locations, obtaining better results than using other simple models.

30



Climate Change Impacts on Renewable Energy Generation and Energy Generation Scenarios

These black-box models are used to model and simulate the production in PV panels or to forecast
the future environmental and production values. There are several publications which use all these
techniques for different purposes, as image processing, being the CNN the technique selected by
Akram et al. [24] to do detect PV cells degradation analyzing thermography’s.

Yap and Karri [25] used one ANN model to predict solar irradiation based on more commonly
available weather data, and another ANN to predict the power output from a PV array. The authors
use, in the same study, ANN for forecasting and modeling. Similar contributions include Yona et al.
[26] which used three ANN, two of them to predict irradiation and temperature and the third one to
simulate the PV power. Mellit and Massi [27], who improved the contribution of Yona et al. [26],
obtained better results by including the day of the month as relevant input data in the model. Han et al.
[9] also took into account this seasonal effect and built a model of energy production based on a system
made up of an ELM (extreme learning machine) and a Kernel density function. RNN were also used by
Jung et al. [28] in order to learn the periodic trends from data, with the final objective of estimating the
performance of the PV panel over time.

As a variation of ANN, Almonacid et al. [29] built a model to predict the energy that can be
produced with a PV plant with one hour in advance, including also environmental variables. In this
study, time series made up of time delay neural networks (TDNN) were used. These TDNN allowed
the estimation of future irradiation levels and temperature in the location. However, the power is
estimated through the inclusion of these environmental variables in a parametric model. Chen et al.
[17] pointed out that ANN has a limited performance and used a one-dimensional Deep residual
network (1-D ResNet) to find the relation between I-V and other environmental factors.

Raza et al. [30] provided a classification of the different methodologies to model the power curve
of PV panels, mentioning, among others, persistent forecast, physical model, statistical techniques, new
techniques as Fuzzy and hybrid systems (ANFIS, adaptive neuro-fuzzy inference system). In such
study, the main factors which are considered in the models are reviewed, including the main
environmental variables which affect the performance of PV plants and show the correlation of those
variables with electricity production. Ahmed et al. [31] indicate in their review that the temperature of
the panel has a great impact on its performance and, thus, this is also the case with ambient
temperature. In that study, the authors also mention how production changes across different seasons
and they developed their own model for each season (spring, summer, autumn and winter). Hamou el
al. [32] analysed the efficiency of PV modules under real working conditions using mathematical
models. They found outperformance losses close to 10 % at working temperatures of 50 °C.

As it was mentioned, these regressive and machine learning techniques can be used for forecasting
and modeling. When forecasting, the aim is to identify the future values of a variable in advance,
whereas in modeling and simulation the aim is to estimate the current value of a variable depending on
others. Although forecasting is not within the scope of the present study, we found a large number of
papers where machine learning techniques were used. El Mentaly et al. [33] proposed a methodology
based on a linear regression model correlated with ambient temperature and solar irradiation in order
to optimize the solar tracking algorithms (MPPT- max power point tracking). Mellit et al. [34] built a
model which combined two ANN into a single model, one of them for sunny days (or standard
conditions) and another one for rainy days. A similar approach was followed by Das et al. [35], who
used a support vector regression model (SVR). The authors previously identified the data as belonging
to a rainy day or a standard day. Similarly, Wu et al. [36] compared the response of several models
based on ARIMA (autoregressive integrated moving average), SVM (support vector machine), ANN
and ANFIS and combined them with GA (generic algorithms) techniques. They found out that the
combined models substantially improved the estimations of energy production. Patel et al. [37] used a
fist stage SVR model combined with a second stage ANN, RF or SVR models to create tree fusion
models (SVR-ANN, SVR-RF and SVR-SVR) for stock market index prediction. Most of these techniques
are commonly used for forecasting [38].
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Although deep learning algorithms could have a better accuracy, a variation of the common ANN
is used in this study because of the good result we obtained in previous studies [39, 40] and due to the
fact that it is the most commonly used in the literature. The ANN technology is described in the next
section.

Compared to previous contributions, this study advances knowledge on several fronts. First, this
paper refines previous ANN methodologies to better characterize the power curve for PV generation in
a real location using neural networks with TDNN and combining techniques provided in other
publications in order to directly estimate the expected power. Second, for such model, two fictitious
entry variables have been created (date/season and hour), which improve the predictive capability of
the models. Third, a parametric model to assess the performance loss of a PV plant as a function of
environmental temperature (and not only for the temperature of the PV panels) has been developed.
Finally, the production losses in the analysed plant are simulated under different scenarios
corresponding to different increases in ambient temperature.

This paper is structured as follows. Section 2 provides a review of the methodology, the analytical
model of energy production and the data of the plant used for the analysis. Section 3 applies the
methodology and calculates the performance loss of the analysed plant in different scenarios of
temperature increase due to global warming. Section 4 discusses the results and provides some
avenues for future research.

2. Materials and Methods
2.1. PV power curve modeling methodology

The behavioural model is made up of a single ANN. However, in order to identify the best model,
many network configurations were checked, combining different entry variables and two types of
ANN (MPL and TDNN).

The main characteristic of ANN is their learning capacity and through the training process,
extracts the essential characteristics of the used dataset [41]. This learning is the adjustment of the
weights of the connections between the neurons which takes place in an interactive manner with the
aim to achieve a desired effect. It refers to “learning” the existing relationships between pairs of values
of vectors of inputs-outputs, or finding a common pattern in the input data in order to classify them
according to the different patterns. ANN are less dependent on the knowledge of the experts, in
contrast to the case of physical models [42].

The multilayer perceptron (MLP) is a type of feed-forward ANN in which the neurons are
organized in layers and, thus, the inputs for a neuron located in an intermediate layer can only be the
outputs of the preceding layer and its output serves as the input for the neurons of the following layer.

In Figure 1 a TDNN with two input variables and one time delays formed by four neurons in the
input layer (blue color) in represented. There are two hidden layers (red color) and one output layer
(grey color). What is specific about the TDNN is that the input layer has several more neurons than the
inputs of the ANN: the number of neurons in the input layer is a multiple of the inputs of the network
and the time delays. The first group of n neurons receives the value of the network inputs. The second
group of n neurons of the input layer stores the previous value of the input vector of the neural
network. This structure allows the TDNN to maintain a memory of the activity of the neurons in the
network with previous values of the input vector. The input groups of neurons are united by delay
units (t-1) and receive the values of the input variables. A TDNN with k time delay units and two
inputs x1(¢) and x2(t) is equivalent to a MLP neural network with inputs x1(t), x2(t), x1(t-1), x2(t-1), x1(t-2),
x2(t-2), ..., x1(t-k) and x2(t-k).

Various techniques prevent over-fitting or over-training of the neural network, including
limitation of the number of epochs in the training process (these were limited to 5000), the addition of
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white noise to the values of the input variables and the use of cross-checking. In the latter technique,
which is the most widely used, the available data are divided in two groups: training and
cross-checking (15% in the case presented here).

The data from the training group are used in order to fit the parameters of the neural network
according to the training method which has been chosen. The data from the cross-checking group are
not used in determining the error which has to be minimized with the training of the neural network,
but instead are presented to the neural network after each training epoch. The training process is
interrupted when a given number of epochs has gone through without a reduction in the error from the
cross-checking data.

Given that PV panels accumulate heat during the day, their temperatures at a given moment ¢
depend on the working conditions at such moment but also, given the thermal inertia, on the previous
operative conditions at times t-1, t-2, etc. For that reason, we decided to use TDNN whose complete
structure is shown in Figure 1 [43, 44, 45, 46].

Some authors have shown that, in order to have an efficient computational design, the number of
neurons in each hidden layer of the network should be two-thirds of the variables in the entrance layer
(in blue, Figure 1) plus the number of exit neurons (in gray) [47]. However, in this study, a structure
with 10 neurons per layer (in red) was chosen due to the good results that this structure has shown in
previous studies [39, 40] and the fact that an efficient computational design was not required.
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Figure 1.- Illustrating the used Time Delay Neural Network (TDNN).

Once the model on energy production, which takes into account the temperature of the location as
well as other factors such as the wind speed, is available, then the effect of an average increase of the
ambient temperatures on the potential energy production can be simulated. Therefore, the energy that
the installation can generate under the current conditions and the energy that could be generated
under future global warming conditions can then be compared.
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2.2. Relationship between the performance of the panels and the ambient temperature

Some authors point out that the PV installations are very inefficient compared to other
technologies such as nuclear technologies [3]. On the other hand, panels absorb around 85 % of the
sunlight and only 12-15 % is transformed into electricity (up to 20 % for some improved systems) [2],
whereas the rest is residual heat. This thermal increase around the panels can increase the local
temperature by 0.4 °C [1] and up to 4 °C in the nearest locations [48, 9]. The performance of these
systems is researched through energy and exergy studies, and depend on the laws of thermodynamics

[2].

The electricity production of a PV panel depends mainly on the level of irradiation which it
receives and the working temperature, which is closely related to wind since this influences the cooling
capacity of the panels. In addition to its low intrinsic performance, such performance goes down as the
temperature increases [3, 7]. Several studies parametrise the performance of panels taking into account
the physical characteristics of its materials [7]. However, in this paper, the analysis of the change in the
performance of the analysed plant was based on the use of an ANN-based model. This type of models
allow the identification of the hidden relationship between temperature and production using
historical data.

Once the relationship between temperature, irradiation and production has been obtained,
different global warming scenarios can be simulated (see section 3). Then, the production of the
installation with higher and higher environmental temperatures can be calculated.

The studies on performance losses have been carried out on the basis of a curve of maximum
production in a given location, without considering performance losses due to unavailability or the
presence of clouds. The installation used in this study is connected to the grid and made up of 50 PV
plants with a nominal nameplate capacity of 100 kW and two-axis tracking. Therefore, the total
nameplate capacity of the installation is 5,000 kW (5,800 kWp).

The PV plant transforms the energy from the sun into alternate electricity, which directly feeds the
medium-tension (MT) grid of the company through an underground line which ends in the
transformer substation which is close to the installation and where the meters of the energy produced
are located.

Therefore, in addition to the own losses of the PV panels, the increase in the losses in the MT
transformation systems (and the evacuation circuits to the substation where the meters are located) are
taken into account for the estimation of the loss of performance of the plant due to the effect of ambient
temperature

Generally, the available power curve of the panels is the one provided by manufacturers
according to the IEC 61215-2 norm (under given temperature and humidity conditions). However, both
the efficiency of the PV cells as well as the electricity losses in the installation depend on the ambient
temperature (among other factors, including wind speed). Figure 2 shows several operational registers
for different environmental conditions. For the same intensity of irradiation, the installation will
generate less electricity and will have more losses with higher local temperatures. In Figure 2 the x-axis
represents the global irradiation, whereas the y-axis represents the average power in each hourly
interval, whereas the color refers to the local temperature in a central point of the installation. A high
correlation between the performance of the plant and the ambient temperature was found. The
performance of the plant is drastically reduced in the hours with the highest local temperature.
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Global irradiation Vs. Power (Color: Environmental Temperature in °C)
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Figure 2.- Power curve (y-axis) of the installation as a function of irradiation (x-axis) and the ambient temperature
(color).

Some manufacturers of crystalline silicon PV indicate that PV panels suffer losses of 4 % for each
10 °C of increase of the operation temperature, although the losses at the level of the installation due to
the thermal effect are greater. The ideal situation would be to have a measure of temperature for each
of the panels since their temperature in the summer can be between 40-70 °C [49]. However, a measure
of the ambient temperature in a central point of the plant is only available. Figure 3 represents the
maximum power of the installation (y-axis) and the local temperature (x-axis), with the color referring
to the level of irradiation. Each point in the figure represents a time record. It can be observed that the
maximum power of the plant is reduced by 10 % for those records with the highest irradiation and the
highest temperature. The power of the PV panels is higher with the same or even lower irradiation but
lower environmental temperature.

Temperature Vs. Power (Color: Global Irradiation in W/mz)
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Figure 3.- Power (y-axis) as a function of the ambient temperature (x-axis) and irradiation (color).

These results show a relationship between the performance of the PV plant and temperature.
Therefore, an increase of the average ambient temperature will affect the performance of the plant as a
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whole. The following section describes how the model of energy production as a function of the
measured irradiation and other environmental factors was built.

2.3. Variable selection, cleaning and treatment of the samples

According to the available data in the database, the following variables were considered to build
the energy production model of the PV plant:

e  Ambient temperature close to the panels [°C].
e  Global irradiation in a tilted panel [W/m?].

e  Wind speed [m/s].

e  Power [kW].

Models were developed using a large quantity of production data from 50 individual plants
during a period of 2 years (2008 and 2009). Only the first years of operation were considered for the
building of the model, although data for the years 2010 and 2011 were used in order to calculate the
errors of the model. The historical production data for the PV plant between 2008 and 2011 were used
to carry out the simulations. The PV power plant was located in the south of Spain and was built with
panels in solar tracking posts.

A unique model for a generalist panel of 100 kW, combining all the production registers, was
built. In Table 1 an example of the production in each one of the fifty panels is shown. An extra variable
called “percentgood” for each operational variable is included for each SCADA (supervisory control and
data acquisition system) data record (Table 2). This “percentgood” variable is used to remove invalid
data due to failures in the sensors or in the communication system. We removed all the time records
with a “percentgood” value below 0.8 (80 %). Outliers in the input samples, including physically
unfeasible temperatures or non-typical data due to abnormal operation conditions, needed to be
identified. Data processing consisted on a filter with two stages (manual and statistical) and data
standardisation. For each of the variables considered, this filter removes those values which make no
sense from a logical operation point of view [50, 51]. This is probably due to failures in the
measurement as a result of sensor calibration or abnormal cases from an operational point of view.
Given that the limits of the operation variables were unknown, a statistical assessment of the
parameters of the distribution, such as the average (1) and the standard deviation (o), was carried out.
Taking into account the values obtained, the operation limits were set for each variable on the basis of
an expert judgement.

Table 1. PV panels production, statistical filtering and mean assessment.

Pow Pow Pow Statistical Mean Pow per
Date Panel 1 Panel 2 ... Panel 50 filter and P;lel (ISW)I:’?*
(KW) (KW) (kW) aggregation
eve 600 600 coo oo 9
) >
01/01/2015 01:00 942 93.4 91.9 93.9
pm
) >
01/01/2015 02:00 948 93.7 12.8* 94 .2%*%
pm
) >
01/01/2015 03:00 951 941 93.7 95.2
pm
*Removed data in the statistical filter; **Calculated based on
49 panel measurements; ***Per active panel
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In Table 1 a time record removed applying a statistical filter is shown. Panel 50 presented a
production too low compared to the other 49 PV panels. That could be due to O&M activities, like the
execution of a work order where the PV panel had to be disconnected. This low value could also be due
to degradations of the PV panel. We have replaced the production of the 50t PV panel with a NaN
(“Not a Number”), which is used in Mathlab® to ignore values. In that case, the Mean Pow per panel
was assessed as the mean value of the other 49 panels, meanwhile in the other rows it was calculated
with the 50 panels data of the corresponding time interval.

Since the models were built with entry variables with different units, scales etc., the data had to be
normalized so that the scale of fluctuation of the different variables could be compared. This also
guarantees that a higher weight is not given to a variable with higher numbers. The standardisation
has been carried out by subtracting the average of the variable and dividing it by the standard
deviation.

During the standardisation process, the statistical filter can be applied, removing any data whose
standardized value is greater than three. Aberrant data in statistical terms are, in a given sample, those
which are outside the limits p + 30 for each variable. If data are removed in the process of removal of
aberrant data, they have to be standardized with the remaining sample. This process is carried out only
once.

During the process of standardisation of variables, the statistical parameters of each variable have
to be kept, since the data which are latter used as an entry to the model in the global warming
simulations have to be standardized on the basis of these parameters. Therefore, the global warming
simulation data have to be normalized with p and o of the set of training data in order for the model to
be applicable. The fictitious variables do not require the application of any additional cleaning or
standardisation process.

Apart from the statistical filter, the applied manual filter has been:
e 0 <ambient temperature (°C) <50
e 0<Global irradiation of the tilted cell (W/m2) <1.500
e 0<Wind speed (m/s) <40
e 0<Power (kW)<120
e 0.8 <Percentgood

e  Other aberrant data were removed when the condition that global irradiation >3 W/m? was met
and, simultaneously, Power = 0 kW (in data showed in Table 1).

All the considered variables have been measured as hourly average values. New data are recorded
in the database when there are changes in each sensor measurement, adding the time stamp when that
happened. The raw database, storage each variable with different timestamps depending on the
precision of each sensor. After that, the system automatically generate the average value of each
variable for the required interval (10 minutes, 1 hour, etc.).

When invalid data are found in Table 2, as it is the case with a low “percentgood”, or those out of
the manually fixed boundary limits, the whole time record (the row) is replaced with NaN values.
These records are not used in the TDNN model training.
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Table 2. Completed Database with all used variables.

Global Global  External Ext. Wind Wind Fictitious Fictitious Pl(:d:ar:!r
Date Irradiation Irradiance Temp. Temp. Speed Speed Variable Variable Panzl
(W/m?) % good O % good (m/s) % good season hour (W)
01/01/2015 01:00 pm 210 1 344 1 8.1 1 0 0.866 93.9
01/01/2015 02:00 pm 214 1 34.8 1 8.1 1 0 0.899 94.2
01/01/2015 03:00 pm 220 0.53* 35.1 1 7.9 0.98 0 0.933 95.2
*Removed data in the manual filter

Among the variables registered by the SCADA, several fictitious variables were generated which
represented the hour of the day and the season (or day) of the year. As mentioned in a previous section,
the current local temperature depends on previous operative conditions. Figures 4 and 5 show that the
highest temperatures are registered in the afternoon/evening and they start to go down when the
panels do not generate electricity anymore (the temperature increase can reach 3-4 °C compared to
places which are close to the installation [48]). The panels are heated during the day and they become
thermal batteries which increases the temperature of the location, which leads to a lower performance
in the afternoon/evening.

Dairly hour Vs. Power (Color: Environmental Temperature in °C)
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Figure 4.- Power curve in different hourly intervals (color refers to the local temperature registered in the location).
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Global Irradiation Vs. Power (Color: Dairly hour)
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Figure 5.- Power (y-axis) as a function of irradiation (x-axis) and the hours of the day (color).

Given that, for the same level of the global irradiation, the PV plant does not generate the same
amount of electricity as a function of temperature and the hour of the day (ramp-up and ramp-down
the power curve), two special variables were used, called “hour” and “season” of the year.

The curves appearing in Figure 6 have been manually created according to the local climate. The
seasonal variable in Figure 6.a allocates the value of 1 (standardized values) to the warmest month
(July). The value decreases for the mild months and it reaches -1 for the coldest month (January). In
Figure 6.b the hourly variable represents the evolution between the warmest (around 4:00 pm) and
coldest hours (around 4:00 am) within a standard day. The transition between the different hours of the
day is non-linear, due to the fact that during the first hours in the morning the thermal increase is lower
than at mid-day. These variables help the neural network to identify the time of the day and the year,
since the cooling of the component will depend on this (thermal evolution of the environment). This
configuration is valid only for the studied site and other areas in Spain and it should be adjusted for
other locations.

As an illustrative example in order to have a better understanding of the variables: for a SCADA
data set registered at 2015/01/05 7:00 am, the fictitious variables would be 0.3333 for the season and
-0.6667 for the hourly variable (included in Table 2).
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Figure 6.- (a) Standardised values of the fictitious variable “season”. (b) Standardised values of the fictitious
variable “hour”.

If the power curve of the special variable “hour” is represented in the color scale, then it can be
observed that the greatest loss of performance occurs in the hours of maximum temperature (Figure 7).

The result is comparable with Figure 5.
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Figure 7.- Power curve (y-axis) of the installation as a function of irradiation (x-axis) and the special variable
“hour” (color).
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In order to develop the behavior models, several combinations of entry variables and neural
network configuration were carried out, and the goodness of fit was checked for each of the models.
Finally, the model which showed the best results was chosen.

3. Results
3.1. Comparison of the PV production models

Six experiments with different configurations were undertaken. In the first four experiments, the
wind variable was not considered as an entry variable and the entry variables were irradiation and
ambient temperature (models 1 to 4). In the last two models, the variable wind speed was introduced
(models 5 and 6). Models 1 and 3 did not use the fictitious variables as entry variables. In order to
assess and compare the goodness of fit of the different models which were developed, both the average
error and the standard deviation were used. On the basis of the results shown in Table 3, we decided to
choose model 6 since, although its average error was slightly above model 1, the deviation was much
lower.

Table 3.- Models errors for different ANN configuration.

Special Wind

Model Delays Variables speed

kW) (kW)

1 0 No No 0.041 491
2 0 Yes No 0.116 6.38
3 1 Yes No 0.79 9.86
4 2 Yes No 0.105 7.26
5 0 Yes Yes 0.86 7.76
6 2 Yes Yes 0.097 1.58

The use of the wind speed variable has a large effect on the improvement of the model fit. The
dispersion was reduced, as shown in Figure 8.
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Figure 8.- Regression on the real power of the PV panel and the estimated power for production model 1 (without
the wind speed variable, in blue) and for model 6 (wind speed variable, in red).
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In order to verify the impact of external temperature on production, Figure 9 shows the real
production of the PV plant (blue discontinuous line) and the estimated production with the reference
model (red discontinuous line) and other possible global warming scenarios. For each scenario,
according the hypothesis “ceteris paribus”, the average temperature of the site was increased. In Figure
9, it can be observed how the model estimates greater power losses with higher temperatures.

Model Response for Climate Change Scenarios
]OO E T T T T

== Real Power
- = Model Ref.

—Model +1°C|

«*{', Model +2°C

—Model +3°C

Model +4°C
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1 1 1
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Figure 9.- Response of the model under different global warming scenarios.

It can be observed that, in the upper part of the power curve, the performance loss is more
obvious. This corresponds to the first hours in the day, when the thermal accumulation is lower. The
reference model corresponds to the current situation (increase of average temperature of 0.5 °C). The
other models correspond to a simulation of increase of temperature of 1 to 6 °C, with successive
increases of 1 °C.

3.2. Calculation of the performance losses: production simulation in different scenarios with increases in average
temperature

The historical data for the PV installation used in this article correspond to the period 2008-2011.
Thus, the experienced global warming would have already been higher than 0.5 °C [52]. Starting from
this point, scenarios with a higher degree of global warming have been analysed, considering intervals
of 0.5 °C (from 0.5 °C to 6 °C).

In order to simulate the effect of an increase in the ambient temperature on the production of the
PV installation, the wind registries have been maintained, assuming that, at a macroscopic level, the
wind conditions (direction, frequency and intensity) are kept constant and only the average
temperature of the site changes (“cetris paribus”). Under these premises, the production of the plant has
been simulated with the available historical data, but increasing the average temperature of the site, as
with the calculation of the curves in Figure 11.

Given that there is an intrinsic error between the production estimated with the model and the
real production, the performance loss will be calculated with respect to the production estimated by the
model under the current temperature conditions (+0.5 °C) and not against the real production. Starting
from the discrete data, obtained in each simulation, the performance loss indicator has been created.
From this indicator, we can calculate the percentage loss of installed capacity, which has been
represented in Figure 10. It can be observed that the loss of performance of the installation is
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substantial, even under small temperature increases (x-axis). The losses can reach 9 % if the average
increase in temperature is 6 °C (worse projected scenario for 2050).

Performance Losses
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Figure 10.- Continuous function of performance losses due to the increase in temperature (as a result of global
warming).

Given that the thermal increase will be gradual, Eq. (1) was obtained in order to know the
performance loss over time. This was a polynomial curve of degree 4, which better adjusted to the
points in Figure 10.

Performace Losses = 0.0122 AT* — 0.1353 AT? + 0.1128 AT? + 0.0979 AT — 0.0432 (1)

Performace = 100 + Performance Losses (2)

In order to better estimate the losses of our plant over time, it is necessary to know how global
warming evolves in each scenario and to relate it to the loss of performance in Eq. (1). It was estimated
that global warming will be gradual and exponential [39]. Therefore, the thermal increase has been
simulated according to Eq. (3) and Eq. (4). In Figure 11, the thermal increase in the 2015-2050 period in
different scenarios has been represented, starting with the current scenario (0.5 °C) and then the 2DS (2
2C) and ending up with the Current Policies (6 °C). This last scenario would be the one projected by the
IEA up to 2050 in case the current energy policies are maintained and the electricity mix in 2050 would
be similar to the current one.
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Figure 11. Simulation of the average temperature increase in the different scenarios.

The curves for the thermal increase have been built according to Egs. (3) and (4):

AT, = to.a* ®)

a= " @)

where AT represents the thermal increase (y-axis), to is the initial temperature (0.5 °C for 2015), tris
the maximum admissible temperature for 2050 (in the 2DS), 35 is the number of intervals from 2015 to
2050 and x is the number of intervals for which we liked to know the warming (for 2030, x=15).

The equation obtained after merging Eqs. (1) to (4) directly relates the performance loss to the
expected evolution in temperature over time (Eq. 5). The different curves of the evolution of
performance of the PV plant in each scenario have been represented in a joint manner in Figure 12.

Performace =
2

yearj—yearg yearj—yearg yearj—yearg
0.0122 <to.(35\/t?—f) ) —0.1353 (to.(“\/f—f) ) +0.1128 (to.(“\/f—f) ) +
0 0 0
yearj—yeary
0.0979 (to. (35\/§) ) +99.9568 (5)
0

4 3
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PV Performance with Global Warming Scenarios progress
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Figure 12. Performance curve of the PV installation over time for different global warming scenarios

3.3. Energy and economic losses of the PV installation.

The expected economic loss of the PV plant as a result of global warming in the 2015-2050 interval
have been calculated from Eq. (5), considering a gradual warming. It was assumed that the installation
is active during such period, with similar panels to the original ones and without degradation of the
equipment. Our 5 MW PV plant has an average generation of 2822 full load hours (14.12 GWh/year).
The expected accumulated generation until 2050 (without losses) will be 508 GWh. In a scenario of
average global warming of 2 °C, the expected accumulated generation will be 507.97 GWh. The
calculated (accumulated) economic losses in the year 2050 represent a 0.01 %, or $ 3,395 (2018 USD),
considering a sales price of 68.7 $/MWh [4]. Regarding the emissions, the loss of performance means
that other conventional sources will have to compensate for this shortfall. This would lead to an
increase of emissions of 16.3 tCOz2 eq., considering the average emissions of the Spanish energy mix
(0.33 tCO2 by MWh [53]). In a global warming scenario of 6 °C, the expected accumulated production is
500.75 GWh, with an accumulated loss of 1.43 %. This represents $ 485,507 (2018 USD) and 2332 tCO2
eq. of additional emissions. The losses are reduced due to the exponential evolution of warming.

4. Discussion

A model of energy production of a PV plant was built, taking into account the global irradiation
but also the temperature of the site, the wind and other additional fictitious variables generated from
the specific date and hour. Based on ANN and TDNN, the methodology showed a good capacity to
reproduce the maximum energy that can be produced according to all the environmental conditions,
especially using all the input variables and the fictitious variables, together with the memory effect of
the TDNN.

A detailed exploration of the data was performed, where correlation was appreciated between the
fictitious variables and the records in which the greatest loss of performance occurred.

Once the production model was optimized, the impact of climate change on PV generation in the
plant was analysed. It is shown that the ambient temperature affects the performance of the panels, as
well as their thermal dynamics during the day. One of the findings was a greater reduction of the
performance of the PV panels during the first hours of the day (in the ascending part of the power
curve), which might be due to the fact that the thermal increases have a greater impact on those hours
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with traditionally lower temperatures. Then, the thermal increases due to climate change were
simulated in order to assess the impact on production. Several scenarios of global temperature increase
were simulated and the loss of performance of the plant over time was calculated.

Our results show that an increase of the temperatures will lead to a reduction of the performance
of PV plants and, thus, a lower level of electricity generation for the same installed capacity. In turn, an
increase in capacity will be needed and, thus, more investment in new PV capacity will be required to
make up for such shortfall in order to comply with the COP21 Paris objectives.

It has been shown that, for the scenario of a global warming of 2 °C, the thermal increase will start
to influence the performance of PV installations since 2040, with a small impact in 2050. However, in a
scenario of 6 °C, the impact will be high, and the reduction in performance will be close to 10 %.

These results only show the loss of performance due to the thermal increase (according the
hypothesis “ceteris paribus”), but other impacts such as changes in local irradiance, wind flows, and
other factors would need to be considered. The study did not take into account the loss of performance
of the panels due to their own degradation. The joint effect of all of these factors should be considered
in future studies.
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Optimizing the energy generation cost with renewable
resources using generic algorithms and evaluating the
impact of Electrical Vehicles.

Abstract: Climate change represents a serious global challenge which requires the adoption of
decarbonisation strategies everywhere. It is a widely shared view that the uptake of low-carbon
technologies, including renewable energy technologies, is a critical alternative to reduce greenhouse
gas emissions, whose accumulation lead to global warming. The scenarios proposed in this paper
foresee a transition to an electrification of the economy which replaces fossil fuel consumption on
both the generation and demand sides, with the incorporation of electric vehicles or heat pumps,
among others. On the other hand, renewable generation presents great variability, being very difficult
to match generation with demand, and its integration remains a big challenge. This integration is
facilitated by a series of technical and regulatory solutions, such as the use of batteries, demand
management systems, etc. This article provides a methodology based on genetic algorithms and
Monte Carlo simulations to determine the level of technical resources which would minimize the cost
of power generation in a 100% renewable generation environment in semi-isolated or completely
isolated micro-grid systems. The consumption and supply of an urban center in southern Spain with
several renewable electricity plants (photovoltaic and wind) in nearby sites as well as the integration
of a fleet of purely electric vehicles was simulated, and the costs of the energy consumed were
evaluated.

Keywords: Climate change, microgrids, renewable energy integration, energy prices

1. Introduction

Taking into account population growth and the aspiration for greater levels of economic
development, humanity needs more and more energy. Unfortunately, the use of traditional fossil fuels
is one of the main causes of global warming [1]. As it is well-known, the accumulation of greenhouse
gas (GHG) emissions is directly related to the combustion of fossil fuels in all sectors of the economy,
notably electricity generation, transport and industry [2, 3]. Climate change mitigation requires
reductions of GHG emissions, but the world economy is “addicted” to energy [4]. In short,climate
change mitigation will require the adoption of decarbonisation strategies everywhere and the
electrification of energy demand.

A low carbon economy will also be an economy with lower primary energy consumption. This
requires a profound change in the ways in which energy is transformed, distributed and consumed. In
addition, the change in the energy model becomes a main vector of the new logics of production and
consumption which will require changes in both the transformation processes of primary energy (and
electrical energy) and the consumption processes, radically affecting sectors such as building,
industry and transport [5, 6, 7, 8].

One of the main transformations in the energy sector will come from the transition from large
centralized generation plants to distributed generation with renewable energy sources. Spain's solar
and wind potential favors distributed generation, which will facilitate the creation of a multitude of
local business models [9]. Distributed generation ranges from a single home to a neighborhood
community and even a cooperative in a small urban group that generates electricity for
self-consumption or sale. Distributed generation with small plants [10] and self-consumption can also
lead to the creation and management of micro distribution networks, including the creation of local
energy markets. The price of energy will depend, not only on supply and the demand at all times, but
also on the location. Those locations that are particularly windy, sunny or with good water resources
would have an advantage.
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The technology required for distributed generation is a reality, but substantial improvements in
the network will be needed [11, 12, 13] together with the establishment of a clear regulatory and
normative framework. The authors of a recent paper [14], analyzed the regulatory challenges in the
face of high penetrations of distributed energy resources (generation, batteries, demand management,
etc.), and point out that the current Spanish regulation is not adequate and should be reviewed in
depth to allow an equal competition between central and distributed resources.

Wind and solar (photovoltaic and thermal) are the renewable energy technologies (RETSs)
considered to be the main alternatives for this reduction in emissions and energy dependence [4, 15]
[16, 17, 18]. Solar energy is an abundant and perpetual cheap source [1, 19, 20]. Several simulation
models show that RETs play a crucial role in reducing global warming and keeping it below 1.5°-2°C [3,
21]. On the other hand, solar photovoltaic (PV) electricity has experienced a large cost reduction, from
75.6 $/W installed in 1976 to 0.63 $/W in 2015 (2018 USD) [22].

From the demand side, the electric vehicle (EV) is expected to represent a turning point in the
transition as well as a great economic engine. It is estimated that, in the United States, the use of EVs
will lead to the reduction of 6.5 million barrels of oil per day, that is, more than 50% of the total oil
imported in the United States [23]. Spain has an important automobile industry, which accounted for
11% of GDP in 2020 [24]. The innovation and adaptation of its production plants in order to provide
competitive products will represent a great opportunity for the country. Other countries such as
Germany or France already give incentives to decarbonize transport and encourage the purchase of
electric vehicles [25, 26]. Germany is considering to forbid the registration of conventional vehicles in
2030 and promote the installation of fast charging points for electric vehicles (the fear of running out of
charge in vehicles is one of its main social barriers [23], called “range ansiety”. The German
government, which evaluates the marginal damage of CO:z at 70 €/tCO: [27], agreed in mid-2016 with
local car manufacturers to implement several incentives in order to encourage the development of EVs,
with the additional objective to repower its car industry. These incentives include: 1) direct purchase
subsidies (criticized by certain authors [27]), although shared with manufacturers; 2) support for the
installation of 15,000 new fast charging points before 20205 3) replacement of 4,800 vehicles of the
public fleet with EVs and; 4) exemption from road tax for new 100% electric vehicles (for a period of 10
years).

This article tries to respond to the growing interest in modeling the optimal structure of isolated
networks with a high integration of renewables on the one hand, and the impact of EVs on these
networks on the other hand. It presents a methodology to perform an efficient dimensioning of
resources, with the aim to reduce the cost of energy generation by combining renewable generation
sources with the greatest penetration, as well as energy storage and some demand management tools,
taking into account the requirement that energy security should be guaranteed and that supply cuts
should be avoided. In addition, the impact on the cost of energy generation by the progressive
integration of EVs has been evaluated, thus combining the two topics of interest.

Several publications provide interesting insights on these research fields. Joaquin Delgado et al.
[29] presented an analysis of the impact on the grid considering several penetration rates in Portugal
(100 thousand, 500 thousand and 1 million of Battery Electric Vehicles (BEV)), concluding that there
won’t be any problem to integrate them in the current grid structure, using the surplus energy from
pumping storage and exports. The consumption considered for the BEV cars is low, considering a daily
route for 33km per car (maximum battery autonomy in the 2018 BEV), which is 36% lower compared to
this study They assumed a consumption of 0.2105 kWh/km per car, whereas 0.185kWh/km is the
consumption used in this paper. Nevertheless, their research does not consider 100% renewable
generation scenarios and distributed generation.

> The Combined Charging System technology [28], traditionally adopted by European EVs since 2012, will be
used. The aim is to establish the bases of the standards in Europe.
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On the contrary, Mengyu Li et al. [30] modeled the impact of electric-vehicle-grid integration in a
100% renewable electricity grid in Australia, using a GIS-based electricity supply-demand model
simulating an hourly competitive-bidding process over a year. In the study, they show how
uncontrolled charging will increase the LCOE by 14.6% with an EV penetration of 100% (8.9% with a
50% penetration). Nevertheless, the LCOE could be reduced by 3.4% with a 100% EV penetration using
controlled charging strategies. The additional installed capacity would be around 64%.

Kevin Joseph et al. [31] analyzed the impact of the penetration of EV on the grid in Reykjavik over
the period 2019-2050, concluding that the Electrical Vehicle (EV) could be a great risk for grid reliability
due to the fact that peak consumption could be increased between 67% and 114%. Naresh Kumar and
Suresh Kumar [32] presented several tools to minimize this impact through a smart control of the EV
load. These authors pointed to the need to perform an optimized design of the renewable installed
capacity. Whereas, in our study, the EV is assumed to involve an additional electricity consumption,
[32] considered EV as an equipment with the option to inject energy to the grid (V2G- Vehicle to Grid).

Baojun Sun [33] developed an optimization multi-objective model to determine wind and PV
installed capacity, taking into account the batteries needed to integrate the EV fast charge systems
(FEVCS-WPE) based on a hybrid algorithm combining the multi-objective particle swarm optimization
(MOPSO) algorithm and the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)
method. Their objective was the minimization of generation costs and emissions.

Konstantinos Boulouchos [34] used Monte-Carlo simulations on power flows to analyze the
impact of different EV penetration scenarios in the grid. Their results suggest that grid configuration as
well as locally higher EV shares are relevant for line loading assessments, whereas car modeling and
people’s charging behavior play minor roles.

Pouria Emrani and Hamed Hashemi [35] also used Monte Carlo simulations to assess seasonal
energy demand changes. Their results illustrated that Plug-in Hybrid Electric Vehicles and heat storage
systems could act as appropriate solutions to decrease the operation costs of a residential energy hub.

J. Graga Gomes et al. [36] presented a methodology to size, in a cost-effective way, the installed
capacity and storage systems needed in isolated grids with renewable energy. For their optimal grid
configuration, the LCOE is 0.21 €/kWh (0.25 $/kWh). The impact of the EV penetration is not
considered. Fatin et al. [37] obtained similar results, with the LCOE ranging between 0.204 $/kWh and
0.532 $/kWh, depending on the operating strategy.

Mark Kipngetich et al. [38] argue that the installed capacity in an isolated network needs to be
planned and that its operations should be known in detail. They provide a model to optimize the cost
of power generation and analyze the techno-economic performance in an isolated micro grid with high
penetration of renewables which combine wind, PV, diesel generators, batteries and thermal storage
systems.

However, none of the aforementioned contributions to the literature jointly assess how the
renewable generation of the network should be sized in order to minimize the cost of energy
generation [39], as well as the impact of the penetration of EVs on the costs of energy generation. This
article tries to cover this gap in the literature. Compared to previous contributions, it advances
knowledge on several fronts. At a methodological level, it provides a novel methodology based on the
combination of Monte Carlo simulations and Genetic Algorithms (GA) in order to optimize the
configuration of the grid components to minimize the generation costs. At an empirical level, the paper
analyses the impact of EV penetration on electricity generation costs.

Accordingly, the paper is structured as follows. The next section describes the analytical model.
The optimization algorithm is discussed in Section 3 and the results of the simulation are provided in
section 4. Section 5 shows the results regarding the dimensioning of the grid with the renewable
resources and the impact of EVs on the energy costs. Section 6 closes with the most relevant
conclusions.
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2. Materials and Methods

This section describes the analytical model used to simulate the cost of energy, taking into account
several scenarios with respect to the number of households, EV penetration and energy storage.

We have modeled consumption in a group of households, which is used to simulate the
consumption in groups of 1000, 5000, 20000 and 50000 households. For each of these scenarios, we have
analyzed the impact of the penetration of EV, from a penetration of 0% to 100% at 10% intervals.
Regarding energy storage, we have considered a scenario without batteries, another one with a
maximum number of batteries (one per household) and, finally, a scenario without limitations on
storage.

2.1. Description of the consumption profiles of the model
2.1.1. Description of electricity consumption profiles in households

This section shows a statistical characterization of the energy consumption of households in a
coastal town in Spain, which was carried out based on their historical consumption for a period of one
year. Given that all the energy consumption in the homes in this region is mostly electricity, it was to be
expected that this consumption would increase in the summer months due to the use of air
conditioning devices and, in winter, as a result of using electric heating systems. The selected
population group does not have a natural gas installation, and most of them are single-family homes.

A total of 985,312 daily consumption records were available, i.e., a total of 23,647,488 hourly
consumption records. These data correspond to the set of 2,700 homes in the municipality during 2015.

Figure 1 shows the typical box and whisker plot, the average weekly electricity consumption of
the dwellings during a year. It can be seen that there is a significant number of users who consume
more electricity in the winter (weeks 52 to 20 in), with a lower consumption in spring and autumn. In
the winter months, the dispersion in the data with respect to the average consumption increases
towards one side of the average, possibly due to an increase in the consumption of the habitual
residents of the municipality and the absence of occasional residents who own a second home. In
summer (weeks 27 to 36), average and median consumption increases, reducing dispersion compared

to winter.
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Figure .- 1 Average weekly consumption over the course of a year, based on data for 2,700 homes.
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Data on the average consumption over the week for each of the seasons of the year (Figures 2a-2d)
show that, in winter (Figure 2a), the global daily consumption is similar every day of the week
whereas, in the rest of the seasons, the days with the greatest dispersion in the global daily
consumption are those in the weekend (Saturday and Sunday in Figures 2b-2d).
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Figure .- 2 Daily global average consumption in several weeks over the year, based on information
on 2,700 households.

Regarding intraday consumption, Figure 3 shows the average hourly consumption within a day.
The profiles of several months (January, April and July) and days of the week are compared. It is
observed that the peak of consumption of days in January (mainly Monday) is practically twice the
peak in other months.
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Figure .- 3 Average intraday consumption for various days of the week and times of the year
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From the consumption dates, a total of 8,736 probabilistic consumption models were made
(adjustment to a Weibull function), based on the week of the year (52 weeks), the weekday (7 days) and
the time of day (24 hours). This partition was made in order to grasp the difference that exists in
consumption in the seasons of the year, during the week (working days vs. weekends) and in the hours
of daily activity. Based on this characterization, a simulation of the hourly consumption of a certain
number of households was carried out for each hour, with the total consumption of the town being the
sum of the independent random consumptions generated by the model [40, 41]. We decided to use the
Weibull function instead of the normal distribution function, due to the fact that the normal function is
symmetrical, whereas the consumption of the population in a given hour is not symmetrical. Thus, the
Weibull function provides better fitting results.

Figure 4 shows the results of several simulations for a population group of 5000 households. It can
be observed that the Monte Carlo simulation model correctly reproduces the different consumption
patterns which are typical of weekends (11/14/2009 and 11/15/2009).
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Figure 4-. Example of several different simulations of the electricity consumption of a population
group of 5,000 households (Nhouscholds)-

The number of dwellings in the population group (Nhouseholds) changes across different scenarios
(5,000, 10,000, 15,000 and 20,000) in order to assess the impact of the population size on the cost of the
energy generated.

2.1.2. Description of electricity consumption profiles in homes

In the previously analyzed electricity consumption scenarios, the consumption of EVs has a
negligible or non-existent impact since their current penetration is very low. For this reason, the EV has
been considered as an additional consumption that must be taken into account in future consumption
models. Both the batteries of the EVs and those of the homes can be used as regulation elements and
help to integrate renewables into the grid, since they can store excess electricity from renewable
sources at times of low consumption. This study analyzes whether this equipment also helps to reduce
the cost of power generation.
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To estimate the energy consumption of EVs throughout the day, it was assumed that there are 1.6
vehicles per home (according to the National Statistics Institute, INE) and each vehicle travels an
average of 50km [42] per day. The energy consumed to travel this distance is 9.25kWh, taking into
account that the average consumption of a BMW i3 electric vehicle is 18.5 kWh per 100 km, with a
maximum capacity of 27.2 kWh) [43]. To keep the vehicle battery full, it will need to be recharged every
day with used energy. Based on these premises, the average daily consumption in a population of 5,000
homes would be 3,700 MWHh, although the demand curve varies throughout the day.

Consumegy gigrio = Ngy * 50 - 9.25kWh (1)

Ngy = EVpenetration_level' 1.6 * Nhousenotds 2)

where EVjenetration_ever 1S the penetration percentage of the EV in the population. A penetration
level of 1 will mean that all vehicles in the population center are electric.

The EV load curves of the National Renewable Energy Laboratory (NREL) [44] were used to
determine the intraday consumption profile, adapting the accumulated daily consumption to the one
corresponding to the population group being analyzed. According to this study, the electricity
consumption of EVs during weekends is 2% lower than on weekdays. The percentage distribution of
EV consumption made by NREL along the different hours of the day (Consumegy intra_daily ratio) 18
shown in Figure 5. The consumption in one of the different analyzed scenarios was provided in Figure
4.
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Figure .- 5 Daily load curves (Consumptiongy intra aaity ratio) Of EV on weekdays and weekends.

2.2. Renewable Generation

In order to simulate the supply of electric energy to the population group, the generation profiles
of real renewable plants were used for a period of 2 years (duration of the simulation). Wind and
photovoltaic were the RETs considered.

2.2.1. Wind generation profile

, The production history of a wind farm was used for the simulation of wind generation. The wind
farm is built by 25 horizontal axis wind turbines of 1.5MW (Pwindturbine_max) of unit power each [45, 46].
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For this study, the average production for each wind turbine (Pwindturbine_mean(t) = Pwindturbine_max .
Puwindturbine_mean_ratio(t)) Was characterized for each time stamp (t), in such a way that the optimization
algorithm can simulate the average wind production as a function of the number of simulated wind
turbines in each iteration (Pwinda(t) = Nwind_turbines X Pwindturbine_mean(t)). Figure 6 represents the generation
profile of Pwindturbine_mean_ratio(t) used in the study (with a ratio of load between 0 and 1), calculated as:

gfgspwindturbine (t)
P . . . (t) — Mratio (3)
windturbine_mean_ratio - 25
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Figure.- 6 Temporary production ratio of an average wind turbine (Pyindturbine mean ratio) as a ratio of

load (1 equals 1.5 MW)

The algorithm determines the number of wind turbines (Nwind_turbines), with the average generation
profile (Pwindturbine_mean_ratio) and maximum power of the wind turbines (Pwindturbinemax), which are
necessary in the energy mix of the microgrid to guarantee energy supply and meet the main goal of
reducing electricity generation costs.

Since the original wind generation data were recorded at ten minute intervals, it was necessary to
calculate the average power generated in an hourly interval.

2.2.2. Photovoltaic generation profile

In photovoltaic solar plants, solar radiation is transformed into electricity due to the photovoltaic
effect [47], which was first observed by Becquerel in 1837. The study was carried out using production
data from a photovoltaic plant with panels on solar tracking poles systems, which tend to have lower
losses due to temperature than fixed installations on roofs. The PV generation profile would change
when combining the existing generating plants with a wide adoption of fixed panels on roofs, a
technology that is expected to represent a high percentage of installed photovoltaic power according to
the IEA scenarios [3, 18].

59



Climate Change Impacts on Renewable Energy Generation and Energy Generation Scenarios

In the case of PV panels, as with the characterization of the average wind turbine, models were
developed using a large quantity of production data from 50 individual plants during one year. A
unique model for a typical panel (Ppvmean(t)= Ppvmean_ratio(t) * Ppv_max) of 100 kW of peak power (Ppv_max)
was built, combining all the production registers. Thus, the photovoltaic generation profile at the site is
defined according to the following expression, PPV (t) = Npv_panels - Ppvmean (t).

Figure 7 shows the power curve of the mean panel (Ppvmean_ratio(t)) as a percentage of the peak
power of the panel for the site during several consecutive days. As expected, PV generation can be very
low at times, which affects the need to have different sources of electricity from renewable origin in
order to avoid supply cuts in the isolated network.
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Figure.- 7 Average panel PV generation curve (Ppymean ratio(t)) as a ratio of load (1 equals 100kW).

The designed algorithm sizes the number of 100kW panels which are necessary to supply the
population group, considering the shown average generation profile (Ppvmean(t)).

2.3. Management tools for the integration of renewables in the system

Given that renewable energy generation and demand do not usually coincide in volume and time,
the need for the use of technologies or mechanisms to integrate renewables into the grid is evident,
avoiding the use of conventional back-up plants and large interconnection networks between
consumption centers and generation plants. There are three classic ways to match demand and
generation: 1. storing the surplus energy generated and using it afterwards; 2. reducing demand at a
given moment through demand management mechanisms, and; 3. bringing electricity of renewable
origin from other locations through distribution networks. In the present study, demand management
capacity was not considered, leaving it for future studies.
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2.3.1. Storage: Batteries in households and vehicles.

There are different storage technologies, including pumping stations, chemical systems (hydrogen
generation, for example) or electric batteries [48]. Electric batteries are then postulated as the main way
to store surplus energy during renewable production peaks [49, 50].

In the present study, EVs have been considered only as electricity consumption devices and not as
electricity-storing ones. Household batteries are the only ones that would offer additional storage
capacity, with subsequent injection of electricity into the grid.

Fixed batteries in households will be used mainly to store the surplus of isolated self-consumption
facilities for later use, whereas in facilities connected to the grid, net meeting or a duly regulated
compensation system could be chosen. EV manufacturers, such as BMW [51], are looking for formulas
to reuse EV batteries at the end of their useful life, since it is the most expensive component of this type
of vehicle. For example, BMW has proposed to use the battery of their i3 model as domestic equipment
after a recall from the vehicle. This battery maintains 70% of its capacity after several years of use. This
battery model has been used in the present study, with the ratio (from 0 to 1) of households with a
battery (Perhouschold bats) being one of the variables that the algorithm must calculate.

Nhousehold_bats = Nhouseholds ' Perhousehold_bats (4)

As mentioned above, each home will have 1.6 EVs [52]. According to BNEF [51], EV batteries,
which will later be used as “Second Life” (domestic battery), will have a capacity of 22-33kWh. For this
study, 22kWh batteries (Bats_energy_suply) were used by households. The cost of MWh thanks to this
“Second Life” strategy and economies of scale will achieve costs of 49 $/MWh (2016 USD), compared to
100-200 $/MWh ($ 172) for other similar products. For being conservatives, in the present study we
have considered 100$/MWh. We have also done a “Ceteris Paribus” analysis, reducing this cost to
80$/MWh to evaluate the impact of this cost in the LCOE of the system. For future studies, different
scenarios will be done.

2.3.2. Interconnection with the external network and netmetering.

When the electricity consumption of the population group cannot be supplied with internal
resources, energy from conventional distribution networks will need to be imported. In the present
study it has not been considered that the inter-supply connections between isolated population groups
could have a management system through “net metering”, in such a way that the excess energy of the
population group could be injected into the network (Pretmetering (t )> 0) and subsequently recovered as
imported energy (Pretmetering (t) <0) from the grid. In the present study, it has been assumed that the
energy imported from the grid will have a cost of 134 $/MWh, the current price in the Iberian wholesale
market in 2021 [53]. We have not considered the option of net metering, since otherwise the general
population would become an electricity generator of the system. In this case, the system would be
injected with low cost renewable energy and it could be considered as a battery of infinite capacity.

3. Power generation cost optimization algorithm.

Genetic algorithms (GA) are adaptive methods that can be used to solve search and optimization
problems [54]. They are based on the genetic process of living organisms. By imitating this process,
genetic algorithms [33] are able to gradually create solutions for real-world problems. The evolution of
these solutions towards optimal values of the problem depends, to a large extent, on their adequate
coding.
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GA use a direct analogy with natural behavior. They work with a population of individuals, each
of whom represents a feasible solution to a given problem. Figure 8 shows the process followed by the
GA [54].

Each individual is assigned a value or score, related to the goodness of the aforementioned
solution (that is, the lower the cost of the energy generated and consumed in the system). In nature, this
would be equivalent to the degree of effectiveness of an organism in the competition for certain
resources. The greater the adaptation of an individual to the problem, the greater the probability that it
will be selected to reproduce, crossing its genetic material with another individual which has been
selected in the same way. This crossing will produce new individuals (descendants of the previous
ones), which share some of the characteristics of their parents.

The lower the adaptation of an individual, the lower the probability that it will be selected for
reproduction and, therefore, that its genetic material is propagated over successive generations.

Random Population Select
Initiation Parents

Reproduction
(crossing and
L mutation) )
4 ™
Offspring Good enough
L ) offspring

Return the best
offspring

Figure.- 8 Flowchart of GA evolution.

In this way, a new population of possible solutions is produced, which replaces the previous one
and verifies that it contains a greater proportion of good characteristics compared to the previous
population. Thus, the good characteristics spread through the population over successive generations,
favoring the crossing of the best adapted individuals, the most promising areas of the search space
being explored. If the GA has been well designed, the population will converge towards an optimal
solution to the problem.

In the present study, the GA should look for the combination of the following input variables that
minimizes the cost of the energy consumed:

e Number of wind turbines (Nwindturbines).

e Number of PV panels (Npvranels).

e Percentage of households with batteries (Perhousehold_bats).
The algorithm will have several restrictions:

e The energy consumption of the population group (Consumpionrow) depends on the
number of households (Nhouscholss) and the ratio of EV penetration (EVpenetration_tevet).
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Different values of these parameters have been used in order to create different scenarios
and evaluate their impact on the cost of power generation.

Consumptiongeq = 2izs’ 60 Consumptionyousenoias(t) + 2izs’ °° Consumptiongy, (t) (5)
P — V"=Nhouseholds P
ConsumptlonHouseholds(t) - Zn=1 ConsumptlOnsimulated_for_householdn_and_hourt (Tl) (6)

, _ t=8760 ;
ConsumptlonEV(t) = Ngy - ConsumeEV_diario ' Zt:l ConsumptlonEV_intra_daily_ratio (t) (7

where Consumptiongy inira_daily ratio corresponds to the energy consumption at t
according to the daily ratio.

e The maximum number of wind turbines will be the one that can generate enough
accumulated energy to supply the necessary demand from the population center
throughout the year (Consumptionrol). In other words, if the population center needs
100MWh per year and that energy can be supplied with 9.5 average wind turbines
(Pwind_mean), then the maximum number of wind turbines will be 10.

N _ YE28760 Consumption (t)
Max_Windturbines — t=8760
- Zt=1 PWind_mean ®

®)

PWindmean (t) = PWindturbine_mean_ratio (t) : PWindturbine_max (9)

The maximum number of wind turbines and PV panels could be limited manually, for
example, if space restrictions are considered. However, this is not within the scope of this
study.

e The maximum number of PV panels will be the one that complements wind generation
until the total annual energy consumption (Consumptionrota) is reached.

=8760 .
$EZ875% Consumption ()~ (NMaxyy inasurpines PWindmean ()]

ZE;?MO PPV_mean (t)

(10)

Nyax pvpanets =

o The excess electricity generated that cannot be stored in batteries, or matched with
consumption at f, will be considered as lost energy (Energytost), since it cannot be injected
into the grid. This energy generated but not used will contribute to increase the cost of the
rest of the energy being consumed in the internal network. Increasing the level of
availability of batteries will make this term disappear, and it will also allow balancing the
demand to other hours with a low consumption.

e The consumed energy at each moment t must be supplied from the different sources,
starting with the renewable energy mix generated in that time interval, then extracted
from the batteries and finally imported from the grid.

Additional considerations:
e  Wind generation costs are $50/MWh (Costwina) [55].
e PV MWh generation costs are $56/MWh (Costev) [55].

o  The cost of each MWh consumed from batteries has been established at 100$ (Costgats) [51].
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e The cost of each MWh consumed from the external grid has been established at 134%
(Costaria) [53].

o The cost of renewable energy generation has been calculated in each simulation based on
the number of wind turbines (Nwindtursines) and the number of PV panels (Npvranels)
according to the following algorithm:

Ecost _ Z%Z?mo(ProductionWind(t) * Costying + Porductionpy(t) - Costpy)
Renewable Y4=8760(Productionyyinq(t)+ Porductionpy (t))

(11)

The renewable energy which is not consumed immediately will be stored. When this energy is
subsequently consumed from the batteries, it does so at a cost of ECostBats.

The algorithm defines, for each iteration, the physical configuration of the network and simulates
the temporal profile for the entire year. For each instant t, the origin of the energy that feeds the
population group is determined. In this way, the formula to be optimized by the algorithm is defined
as:

Ti=87%(Energyrenewabie(t) +Energypars()+ ECostnetmetering(t)+ Energyrost(t))

TE28760(Consumptionyoysenolds(t)+Consumptiongy ()

ECOStkWh = (12)

4. Model simulation results.

This section shows the results of the simulations which have been carried out in order to illustrate
and interpret the behavior of the system. Figure 9 shows a fragment of the simulation of renewable
generation carried out for a population group of 5000 households. In the figure, wind generation
(Productionwina (t)) is shown in blue and PV generation (Productionev (t)) is shown in red. The gray
dotted line represent the total renewable energy being generated (Productionrotl (t)).
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Figure 9.- Profile of wind, photovoltaic and total renewable production for a group of 5,000
households.
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It can be observed that production is practically nil in some hours between October 26t and

October 31st and it will be necessary to use battery systems and/or electricity fed from the external
network.

Figure 10 shows the simulation for the consumption of homes and EVs, considering in this case a
100% penetration of EVs (1.6 vehicles per house). It is observed how the consumption of EVs, at least in

the municipality under study, considerably increases the electricity consumption of the population
group.
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Figure 10.- Energy consumption of households and EVs (100% penetration).

Figure 11 provides, both, the renewable generation profiles (in blue) and the energy consumption
profile (in red) and allows us to compare them and, thus, to identify the energy balance, which is
represented in gray. Therefore, if more energy is generated than it is necessary at that time, the
resulting profile will be positive and, when less renewable energy is available than it is necessary, the
balance will be negative. It will be in these moments when the batteries will supply electricity and, in
case this is not enough, electricity will have to be imported from the network.

65



Climate Change Impacts on Renewable Energy Generation and Energy Generation Scenarios

10000 T T
— Total Energy Generation
— Total Energy Demand
—~-Total Energy Excedent
Ir'\,'\\. 'I‘\\ - l
1 5 |
II ‘4‘| : Y P ‘.
S i !
£ so00 i
by \ [ TS | ok
x ‘\ "‘ Y ""v:' :| ‘l ,” : ,Illl‘ ‘: v“
o L R TN B (AT
;,i—j Y oy Iuj “v, [ql { :,r'"
5 AL A ) VR
= N . y b 4 h N :
S | oA N 4 ARV AR ARR A
o i . WA \ i \hlll AV1l i 1‘} B R
= L VI Mo r 'HI P i AT o
L 0 \ :II ’,l 1‘ “I‘,'” : : \,\ :‘ ‘1' : I\ : \1 f”\ "\v“ ,\ ’ \\ I,
! ,r'_/"n \ ! i L: b ‘ WL H ,’\,’ b
i Vo E vy [ i
[ 1y i ' ,’ v [ Yy
l\; \\/' |I’r % \\‘ 'l \‘“1 1‘1
L3
5000 | | | | | | |
09/Nov/2009 11/Nov/2009 13/Nov/2009 15/Nov/2009 17/Nov/2009 19/Nov/2009 21/Nov/2009
Dates

Next, the charge level of the batteries is checked and, if the surplus renewable energy is positive
and there is storage capacity available in the batteries, then the energy is stored until the maximum
level of the batteries is reached. In addition, the hourly charging capacity of the batteries is taken into
account (7.4kWh / battery)®, in such a way that if the energy surplus is too large to fully charge the
battery, this excess must be injected into the grid or the energy will be lost if the limits established in
the algorithm are exceeded. At each moment t, the maximum charge energy flow of the batteries will
be Esats_flow_max = 7.4 X Nhouseholds X P€T'household_bats. P€Thousehold_bats 1S the ratio of households with batteries, and

Figure 11 .- Simulation of generation and consumption profiles.

it can be higher than 1 depending on the simulation scenario.
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Figure 12.- Illustration of the most representative profiles. In right axis the battery charge level.

S Fast charging chargers allow up to 105kWh but are not recommended for everyday use.
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Figure 12 shows the most representative profiles and the part of the demand which is covered
with each source. On the other hand, it is observed that the batteries of the homes quickly reach their
maximum storage level (right axis) and if there are several consecutive days of high wind and solar
resources, a large part of the energy is lost or injected into the grid (in scenarios with low levels of
storage). It is necessary to raise the level of energy storage within the urban group, since it is not
enough to install a battery per home, taking into account the characteristics considered.

It can be observed that there are days in which practically all the demand is covered with energy
from the external network.

5. Results.

This section compares the results obtained when executing the optimization algorithm for three
scenarios: (1) a scenario without any limitation of battery storage capacity; (2) a scenario in which the
maximum storage capacity is limited to 1 battery per household and; (3) a scenario without storage
batteries. The main objective is to evaluate the cost of generating electricity in each of them and identify
how the penetration of EVs affects the electricity price and the configuration of the system.

Scenario 1 represents the configuration which is necessary to achieve an isolated system without
connection to the external supply network.

5.1. Comparative evolution of the cost of power generation.

The LCOE shows a negligible variation with respect to the size of the population group in towns
with 5000 households or more (Table 1). However, the cost rises slightly in all scenarios as the level of
EV penetration increases (Figure 13). In less populated towns (1000 households), the LCOE is higher
when the penetration of the EV is lower than 60-70%, and similar values to the ones of other larger
towns are obtained, as shown in Figure 13.

Table 1.- LCOE in $ / MWh for the different scenarios

(¥))] EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 81.17 82.05 84.75 8532 8582 7241 69.74 68.7 68.48 68.53 68.7
5000 67.68 6786 68.6 6797 6815 6853 6834 68.47 68.75 68.6 68.7
20000 67.8 6774 6786 68.03 68.14 68.26 68.38 68.44 68.54 68.62 68.69
50000 67.72 6776 67.87 68.01 6814 6826 68.37 68.46 6855 68.63 68.69
(2) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 100.66 100.57 100.27 100.3 100.07 86.19 82.23 81.07 80.67 80.69 80.92
5000 79.28 7852 789 79.66 7998 80.12 80.38 80.51 80.92 80.82 80.91
20000 7825 78.41 7876 79.08 79.45 79.88 80.34 80.54 80.67 80.81 80.94
50000 782 7835 78.68 79.05 79.43 79.86 80.33 80.55 80.69 80.82 80.94
3) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 100.66 100.57 100.27 100.3 100.34 86.19 82.23 81.07 80.67 80.69 80.92
5000 79.35 79.47 80.63 79.78 7998 80.65 80.38 80.51 80.92 80.82 80.91
20000 7942 7939 7954 79.79 80.03 80.21 80.39 80.54 80.67 80.81 80.94
50000 79.33 794 7957 79.8 80.02 8021 80.39 80.55 80.69 80.82 80.94
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When the number of homes is low, the connection of a new wind turbine to the network greatly
affects the reduction of the cost of generation, mainly due to the high cost of battery storage. However,
when the size of the population increases, these price fluctuations are cushioned, because a greater
absolute number of batteries are available in the system. In these small cities, the LCOE will increase
until wind energy can be used to feed the system.
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Figure 13.- LCOEs in Scenario 1 (a), scenario 2 (b) and scenario 3(c) (the colors refer to the

number of households).
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In the previous graphs, it is shown how the EV input can help reduce the cost of power generation
in small towns where the consumption is low and unbalanced. However, this cost of power generation
slightly increases with the EV in towns with 5000 or more households. In scenarios (2) and (3), the
LCOE is close to 100$/MW€ because most of the energy comes from batteries (Figure 18). This is
because energy is generated with PV panels during the day and the consumption is at the beginning
and at the end of the day when the solar resource is not available and, thus, the energy has to be stored
during the day. These scenarios are quite similar regarding the LCOE.

It can be concluded that in a scenario (1) with sufficient backup battery systems, costs of 68-69
$/MWh would result, whereas in scenarios (2) and (3) the costs would be around $ 79-81 / MW, i.e.
17% higher than in scenario (1).

Comparing scenarios (2) and (3), the use of a small share of batteries can help to reduce the LCOE
between 0 and 1.1% when the EV penetration is lower than 70%.

5.2. System sizing.

Figures 14a and 14b show the number of wind turbines and PV panels which are necessary in
order to provide electricity to the different population centers. In the case of the population group of
1000 homes, it is clearly observed (when the EV penetration ratio rises by 0.5) that the introduction of a
new wind turbine in the system leads to the oscillations in the energy generation costs which have been
discussed above (in figure 13). This configuration of renewable resources is the same in the three
analysed scenarios (1-3) (Table 2), since it meets the requirement that the energy generated at the site be
the same as the one consumed there, the ultimate goal being to avoid interactions with the external
network (isolated system). This was the main objective of the study (i.e. to size the system to minimize
the cost of generation), leading to the results shown in table 1.
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Figure 14.- Number of wind turbines (a) and PV panels (b) needed to produce the energy

required in the population nucleus (the color represents the number of households).

Table 2.- System sizing in different scenarios.

Number of wind turbines

EV Penetration

Households 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
1000 0 0 0 0 0 1 1 1 1 1 1
5000 2 2 3 3 3 4 4
20000 7 9 10 11 13 14 15 17 18 20 21
50000 19 22 25 29 32 36 39 42 46 49 53

Number of PV panels

EV Penetration
Households 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

1000 12 14 17 19 21 1 4 6 8 10 12
5000 16 27 16 27 38 27 38 49 60 49 60
20000 83 84 106 128 128 150 172 173 195 195 217
50000 175 219 264 286 330 353 397 442 464 508 531
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The need for storage batteries (Figure 15) increases when the penetration of EVs surpasses the
ratio of 0.6-0.7 regardless of the population size. The population group of 1000 households gets an
important reduction of storage capacity (kWh/household) when the EV penetration ratio is higher than
0.7. In scenarios (2) and (3), the storage capacity is limited to the number of homes (with a unit capacity
of 22kWh and 70% efficiency) (scenario 2) and 0 batteries (scenario 3). Scenario (2) casts doubts on the
possibility that the small number of batteries will help to reduce the LCOE, which is closely linked to
the production profile and the combination of wind and solar resources.
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Figure 15 .- Storage capacity per household required in scenario 1 to minimize the cost of power

generation (number of households in color).

Figure 16 shows that the need for storage per dwelling increases considerably as the number of
dwellings in the population group increases, going from 50000 batteries in small cities with 1000
households to 2,000,000 batteries in cities with 50,000 households. The ratio kWh/household is similar
in cities with 5000 or more households, 600kWh per dwelling are necessary with EV penetration ratios
below 0.7, and 700 kWh/household are needed with an EV penetration ratio of 1. In a population group
of 1000 dwellings a larger storage capacity (around 780kWh per dwelling).

These results suggest that the need for storage is related to the number of dwellings (Figure 16),
especially when the size of the population group is large. This is also related to the seasonal period (i.e.,
less resources in the summer). Given the seasonality of the wind resource, the battery system is clearly
penalized if the requirement of being completely energy self-sufficient is to be met. Figure 17 shows the
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battery charge and discharge flow in scenario 1, indicating that electricity can be stored in the winter
for later consumption in the summer. It confirms the need to store large amounts of energy to cover

seasonal differences.

Number of

60000

50000

1es

40000

30000

20000

Number of Bater

10000

00000

-
2

o

o
o
NJ

(b)

Number of bateries (2)

——1000
——5000
+—20000
50000
0 9:2 0.4 0.6 0.8 1

EV Penetration ratio

Figure 16.- Number of batteries for each population group and depending on the introduction of

EV (number of households in color).
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Figure 17.- Battery charge and discharge flow in scenario 2.

5.3. Assessment of the origins of energy.

An analysis of the percentage flows of energy shows that, in scenario (1) and with population
groups of 5000 or more households, around 65% of the energy consumed has a renewable energy
origin (Figure 18), producing a decrease in said percentage as EV penetration increases, being replaced
by energy from batteries, which increases the cost of energy. In this scenario, it is possible not to
acquire energy from the grid. The level of storage of the batteries allows storing the entire generation
surplus in order to be consumed when it is needed. The required storage capacity tends to be 35% of
the total energy consumed in the population group.

In population groups of 1000 households, when the EV penetration ratio is lower than 0.5, most of
the energy comes from batteries. This means that the energy is generated, stored in the batteries and
consumed latter. That is due to the fact that only PV panels are available to produce electricity and
there is only generation during the day. In Scenario (3), the energy from batteries is replaced with
energy from the external grid and the lost energy is similar to this imported energy. It is a bit higher
due to the fact that the installed capacity is dimensioned to produce slightly more than the energy
consumed in the city.
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Figure 18.- Percentage distribution by sources of energy consumed by scenario (from 1 to 3 from

top to bottom) and EV penetration level for different population groups.
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Figure 18 shows that in a scenario with limited storage capacity (2) and without the possibility of
injecting electricity into the network, there is a loss of around 14% of renewable energy and it is
necessary to import 12% of electricity from the network. However, a lower storage capacity (1 battery
per home), with an EV penetration ratio below 0.7, is able to supply a significant amount of energy
(25%), mainly that of intraday consumption. However, in scenario (3) without storage capacity, all the
energy that cannot be directly matched to renewable generation comes from the external grid (35%).

Figure 19 shows the energy consumed per each scenario and the EV penetration ratio. This energy
is divided by source, taking in consideration the energy from renewable resources, batteries and the
grid as well as the energy lost (produced but not used). In scenario 1, there won’t be any lost energy
due to the fact that all the surplus energy is stored in the batteries. Nevertheless, in the other scenarios,
the energy lost is close to the energy consumed from the grid although slightly higher, as explained
before. We can also observe that, with EV penetration, there is a higher difference between the
consumed renewable energy and the energy from the grid (scenario 3), the consumed renewable
energy and the energy from the grid in combination with batteries (scenario 2) and the consumed
renewable energy and the energy from the batteries (scenario 1).
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Figure 19.- Total energy from different sources (for a simulation period of 2 years), per scenario
(from 1 to 3 from top to bottom) and EV penetration level for different population groups.
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5.4. Assessment of the impact of LCOE reductions.
5.4.1. LCOE reductions in batteries.

The LCOE in each scenario was analysed by varying the LCOE of the energy from batteries from
100 to 80$/MWHh. In Figure 20 and Table 3, it is observed that for cities with 5000 or more, and scenario
(1), the LCOE pass from 68 $/MWh to 61 $/MWh (with a EV penetration ratio of 0) and from 69 $/MWh
to 61.5 $/MWh (with a EV penetration ratio of 1). That represent a reduction in the general LCOE of
10%.

In cities with 1000 households, and scenario (1), the LCOE is increased from 86 $/MWh to 75
$/MWh in case the EV penetration ratio is 0.4, and from 81 $/MWh to 69 $/MWh in case the EV
penetration ratio is 0. That represent a reduction in the general LCOE of 13%.

In Scenario (2), it is observed that for cities with 5000 or more the LCOE pass from 79 $/MWh to 74
$/MWh (with an EV penetration ratio of 0) and from 81 $/MWh to 77 $/MWh (with an EV penetration
ratio of 1). That represent a reduction in the general LCOE of 5-6%.

In cities with 1000 households, and scenario (1), the LCOE is increased from 100 $/MWh to 92.5
$/MWHh in case the EV penetration ratio is 0.4, and from 100 $/MWh to 95 $/MWh in case the EV
penetration ratio is 0. That represent a reduction in the general LCOE of 5-7.5%.

In Scenario (3) there are no changes due to the fact that batteries are not used.
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Figure 20.- LCOE resulting in Scenario 1 (a), scenario 2 (b) and scenario 3(c) with 80% costs

reductions of the energy from batteries (number of households in color).
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Table 3.- LCOE in $ / MWh for the different scenarios with 80% cost reductions in the LCOE
from batteries

(V)] EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 69.6 7081 7361 7442 7511 6421 6212 614 61.3 61.37 61.51
5000 60.83 61.03 61.3 61.03 612 613 6126 61.38 6155 61.42 61.52
20000 60.89 60.89 6099 61.06 61.14 61.22 61.27 61.33 61.38 61.43 61.48
50000 60.87 60.92 6098 61.07 61.14 61.22 61.28 61.34 61.39 6143 61.48
(2) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 9494 9334 9413 93.15 925 86.2 8222 81.06 80.66 79.88 79.24
5000 7492 7398 74.03 7447 7525 7556 7558 759 764 77.03 77.15
20000 73.73 73.68 739 7422 7459 7495 7539 7585 7627 76.64 76.97
50000 73.62 73.67 7392 7424 7456 7493 7538 7584 7626 76.63 76.97
3) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 100.61 100.53 100.24 100.28 100.32 86.2 82.22 81.06 80.66 80.67 80.9
5000 79.37 79.49 80.65 79.81 79.99 80.67 80.4 80.52 80.93 80.83 80.92
20000 7943 794 7955 79.8 80.04 8021 80.39 80.54 80.67 80.81 80.94
50000 79.34 7941 7957 79.8 80.02 8021 80.39 80.55 80.69 80.82 80.93

5.4.2. LCOE reductions in PV panels.

The LCOE in each scenario was analysed, changing the LCOE of the energy from PV panels from
56 to 44.8 $/MWh. In Figure 21 and Table 4, it is observed that for cities with 5000 or more households,
and scenario (1), the LCOE goes down from 68 $/MWh to 65 $/MWh (with an EV penetration ratio of 0)
and from 69 $/MWh to 66 $/MWh (with an EV penetration ratio of 1), i.e. a reduction of 4.5% in the
general LCOE

In cities with 1000 households, and scenario (1), the LCOE is reduced from 86 $/MWh to 81
$/MWh in case the EV penetration ratio is 0.4, and from 81 $/MWh to 77 $/MWh in case the EV
penetration ratio is 0. That represents a 5-6% reduction in the general LCOE.

In scenario (2), it is observed that for cities with 5000 or more households, the LCOE goes down
from 79 $/MWh to 77 $/MWh (with an EV penetration ratio of 0) and from 81 $/MWh to 78 $/MWh
(with an EV penetration ratio of 1). This represents a 2.5% reduction in the general LCOE.

In cities with 1000 households and scenario (1), the LCOE decreases from 100 $/MWh to 93.5
$/MWh in case the EV penetration ratio is 0.4, and from 100 $/MWh to 95 $/MWh in case the EV
penetration ratio is 0, a reduction of 5-6.5% in the general LCOE.

In Scenario (3), and for cities with 5000 or more, the LCOE is reduced from 79 $/MWh to 77
$/MWh (with an EV penetration ratio of 0) and from 81 $/MWh to 78 $/MWh (with an EV penetration
ratio of 1). This represents a reduction of 2.5-4% in the general LCOE.

In cities with 1000 households, and scenario (1), the LCOE decreases from 100 $/MWh to 96
$/MWHh in case the EV penetration ratio increases from 0 to 0.4 (a 4% reduction in the general LCOE).

The LCOE reduction from PV panels helps to reduce the general cost of the system, although in a
small portion. The impacts are greater in small cities, where the ratio of energy from PV panels is
higher.
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Figure 21.- LCOE resulting Scenario 1 (a), scenario 2 (b) and scenario 3 (c) with 80% costs

reductions of the energy from PV panels (number of households in color).
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Table 4.- LCOE in $ / MWh for the different scenarios with 80% cost reductions in the LCOE

from PV panels
(¥)] EV Penetration
Households 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1000 76.65 77.45 79.53 80.07 80.55 72.01 6833 66.82 66.29 66.1 66.08
5000 65.44 65.04 6548 65.61 6542 65.63 6594 658 65.88 66.09 66.07
20000 65.12 65.14 65.26 65.37 6548 6559 65.71 65.82 65.92 65.97 66.04
50000 65.11 65.14 65.24 65.35 6548 65.61 65.71 65.81 659 6598 66.06
(2) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 9495 93.66 94.32 9354 93.03 85.82 80.86 79.22 785 7827 78.3
5000 76.78 75.24 75.14 7555 7629 7656 7654 7681 7728 77.84 77.92
20000 7499 7486 75.06 7535 75.67 76.01 7638 76.79 7715 77.47 77.76
50000 74.89 7488 75.05 7534 75.64 7598 7638 76.78 7714 7747 77.76
3) EV Penetration
Households 0 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
1000 96.2 96.08 9574 95.77 95.81 85.82 80.86 79.22 785 7827 78.3
5000 7712 76.65 7751 7743 7725 7769 7799 7785 78.06 78.41 78.29
20000 76.74 7681 7698 77.14 7734 7755 7775 7792 78.05 78.16 78.29
50000 76.74 76.78 7695 7714 7736 7756 7773 779 78.05 78.18 78.3

6. Discussion.

This paper has provided a methodology based on genetic algorithms and Monte Carlo
simulations to determine the level of technical resources which would minimize the cost of power
generation in a 100% renewable generation environment in semi-isolated or completely isolated
micro-grid systems. The consumption and supply of an urban center in southern Spain with several
renewable electricity plants (photovoltaic and wind) in nearby sites as well as the integration of a fleet
of purely electric vehicles were simulated, and the costs of the energy consumed were evaluated.

The genetic algorithm has provided excellent performance results, seeking the optimal solution
and complying with the established restrictions. The high speed of convergence of the algorithm would
allow carrying out several types of experiments. For example, the change in the price of energy in any
situation could be assessed by varying other parameters such as the energy costs of the grid or
batteries. This provides a fruitful avenue for future research.

The LCOE in the population groups analyzed in their isolated configuration from the grid, and
with the support of a sufficient electric battery system, will be around 68 $ /MWh, depending on the
cost of the rest of the resources. In this scenario, 65% of the energy consumed will come from renewable
generation directly, whereas the remaining 35% will come from renewable energy stored in batteries.
Although solar energy will tend to be cheaper than wind, batteries make it is more economical to
combine wind generation with PV.

Wind generation plants produce a large amount of energy per installed unit, but a high number of
homes are necessary to achieve a minimum number of wind turbines that would make up a wind farm.
However, the seasonality of wind energy means that high levels of storage are necessary in the
medium term (intra-annual), or there would be a need to bring energy from other locations to supply
certain consumptions, such as vehicles, using for example green hydrogen.
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Population groups with a lower number of homes will have higher energy generation costs than
medium-sized groups that allow wind power generation. Further research should be devoted to the
analysis of the use of mini wind and fixed PV.

During the early stages of EV penetration, up to a penetration of 40%, the LCOE in small
household groups will increase. In larger groups, the penetration of EV will increase the cost of power
generation, due to the need to use more batteries in order to meet intraday consumption. This is
especially obvious when the penetration of EVs is above 60-70%. This also affects the relative storage
need (kWh/dwelling), although this ratio decreases in small size population groups after EV
penetration reaches 70%.

Having storage capacity, even if it is limited to one battery per home, allows storage and
consumption of up to 25% of the consumption of the population group, and can help to reduce the
LCOE by 1.1% due to the fact that it helps to cover intraday variations and avoid the use of energy from
the external grid.

Reductions of 20% in the LCOE of the batteries can lead to reductions of the general LCOE in the
range of 5% to 13%, depending on the scenario, whereas a 20% reduction in the LCOE of PV generation
could reduce the general LCOE between 2.5% to 6.5%.
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Conclusions and further research

1. Overview

The objective of this thesis has been to contribute to the quantification of how climate change
may impact the energy sector. Specifically, effects to the generation of renewable electricity and how
demand behavior will change energy prices in scenarios with distributed renewable generation and
the replacement of the current vehicle fleet to EV, has been analyzed.

Everything seems to indicate that the identified impacts will affect the sector’s value chain
including, among other things, the supply and demand of electricity [1, 2].

In the case of supply, renewable generation has received greater attention than conventional
generation, as its availability is more closely linked to climate variables [3]. Wind and photovoltaic
generation have been the most studied thus far as shown in Chapters 1 and 2.

With regards to energy generation prices, it would depend on the energy mix, the grid
configuration and EV penetration between others. In the housing sector, as discussed in Chapter 3, a
gradual change in EV penetration can bring both benefits (helping the integration of renewables
within the grid) and costs (an increase in energy prizes of the system due to additional storage

systems).

2. Impacts on wind and photovoltaic energy production

This thesis has dedicated two chapters to the quantitative study of the impacts of global
warming on wind and photovoltaic generation in two selected plants (Chapters 1 and 2). In both
cases, wehave developed methodologies that focus specifically on the impact of ambient temperature
increases, as opposed to the large number of other variables that can also affect both types of
generation in the long term. Both chapters take an individual approach to specific plants, as well as
the incorporation of economic variables.

In previous literature, it was found recent efforts mainly oriented toward the improvement of
the evaluation of the actual power performance. Authors proposed methodologies for wind resource
estimation using predictive models based on ANN, non-lineal regression techniques, between
others, to model the power curve. Regarding energy losses in the wind farm due to environmental
changes, previous contributions have analysed the impact of climate change on electricity generation
with RETs in general and wind energy in particular. Several publications provided a review
proposing possible mechanisms through which global climate variability and change could
influence wind energy resources. They concluded that evidences for small magnitude changes could
only appear by the end of twenty-first century.

The modeling of PV panels has historically been carried out with white-box type models based
on physical equations. On the other hand, black-box models use data-driven approaches, which
need no predetermined equivalent circuits and only rely on the measured data to directly build the
black-box model. There are several techniques based on machine learning and deep learning such as
ANN, supported vector regression (SVR), random forest (RF), gradient-boosted (GB), convolutional
neural networks (CNN) or recurrent neural networks (RNN), among others. ANN were used in this
paper. Previous studies used one ANN model to predict solar irradiation based on more commonly

available weather data, and another ANN to predict the power output from a PV array. The authors
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use, in the same study, ANN for forecasting and modeling. Similar contributions with RNN were
also used by authors in order to learn the periodic trends from data, with the final objective of
estimating the performance of the PV panel over time. Recent studies provided a classification of the
different methodologies to model the power curve of PV panels, mentioning, among others,
persistent forecast, physical model, statistical techniques, new techniques as Fuzzy and hybrid
systems (ANFIS, adaptive neuro-fuzzy inference system). In such study, the main factors which are
considered in the models are reviewed, including the main environmental variables which affect the
performance of PV plants and show the correlation of those variables with electricity production. We
could see in the conclusions of other researchers that outperformance losses are closed to 10 % at
working temperatures of 50 °C.

Compared to those contributions, this thesis advances knowledge on several fronts. It provides
methodologies to model the wind turbines power curve for the assessment of production losses,
using a combination of ANNs and Fuzzy logic rules. This combined system takes into account the
effect of the control system on the power curve model, whereas this effect is disregarded in the
previous literature. If this effect is not included, then a poor adjustment in the transition parts of the
power curve results. Second, although previous studies consider air density as a parameter in their
model, the environmental temperature is used in this paper as a parameter with an indirect relation
with air density. Our methodology reduces the number of input variables which are needed in order
to take into account the effect of air density from five or six to just one. This is useful since the air
density measurement during the resource evaluation process may be available for wind farms, but
not during the whole life cycle of the asset. Third, a two-stage model (formed by two ANN in
cascade) was used to simulate the production in the ramp of the power curve. In contrast, only one
ANN or SVM model was used to characterize this part of the power curve in the previous literature.
Fourth, an analysis of the impact of global warming on wind energy production is carried out, using
a model of wind energy generation based on ANN. The energy and economic losses in the wind
farm used for this study have been assessed. Whereas simulations are mostly carried at macroscopic
level in the literature and special attention to environmental temperature is not given, different
scenarios with several increases in environmental temperature due to global warming at wind farm
level are simulated in this thesis.

Compared to previous contributions in the field of PV systems, this thesis refines previous ANN
methodologies to better characterize the power curve for PV generation in a real location using
neural networks with TDNN and combining techniques provided in other publications in order to
directly estimate the expected power. Second, for such model, two fictitious entry variables have
been created (date/season and hour), which improve the predictive capability of the models. Third, a
parametric model to assess the performance loss of a PV plant as a function of environmental
temperature (and not only for the temperature of the PV panels) has been developed. Finally, the
production losses in the analysed plant are simulated under different scenarios corresponding to
different increases in ambient temperature.

Otherwise, the methodologies vary. In both cases we have experimented with several methods
and data sets until finding those that best fit the existing data and objectives. In the case of wind
generation, we have worked with a model that simulates the production of the wind turbines based
on environmental and technical variables, due to wind plants are controlled according power curves.

These relate active power with wind speed throughout a given reference period and for an specific

90



Climate Change Impacts on Renewable Energy Generation and Energy Generation Scenarios

air density, which has a direct correlation to external temperature and consequently this is linked to
global warming.

Chapter 2 has demonstrated the significant impact that changes in mean ambient temperature
can have on photovoltaic generation. Both in chapter 1 and 2, based on simulated global warming
projections representing different official scenarios, an estimate of how individual plants may be
affected can be obtained in terms of performance and profit losses.

In this sense, wind energy production plants are more resilient to the effects of global warming.
However, as it shown in chapter 3 the seasonality of this technology need to be accompanied with
the photovoltaic power plants that could have a significant impact. If these performance losses are
not considered when the installed capacity is dimensioned to supply to an isolated consumption
group, the system could present inefficiencies and electricity supply cuts.

If global warming is not stopped additional investment in PV power plants or other renewables
with storage systems would be needed. If the lack of renewable energy is covered with conventional
energy sources, the equivalent CO:z emissions reduction would not be achieved.

In any case, the conclusions are compelling and suggest that the decrease in PV performance
decreases have a significant impact on the operating margins and investment parameters of PV
power. This poses a threat not onlyto the stability of the electricity supply, but also to the mitigation
of climate change. This performance losses will increase the impact pointed by other studies of the
research group [4].

The study has not taken in to account possible changes in other ambient variables like wind
direction, intensity or density, global irradiation, and other macroscopic changed that could affect to
the frequency of clouds, seasonal changes, etc. In subsequent works not included in this thesis, we
will continue our research in this regard, looking for different climate change scenarios to be simulated.
In this regard, in other geographical contexts, changes in extreme wind patterns will be highly

relevantand may occasionally cause substantial damage to facilities [5].

3. Impact of the electric vehicle penetration in energy generation prices

Chapter 3 examined the impact of the penetration of electrical vehicles on demand and energy
generation prices in scenarios of isolated and non-isolated grids with self-generation renewable
power plants and battery systems. In this case, the focus is on one hand, on determining the
influence of electrical vehicles on electricity generation prices and, on the other hand, determining
the optimal configuration of renewable generation and storage assets to minimize the electricity
generation costs.

Several publications provide interesting insights on these research fields. Authors presented an
analysis of the impact on the grid considering several penetration rates, nevertheless, their research
does not consider 100% renewable generation scenarios and distributed generation. The general
conclusions were that the Electrical Vehicle (EV) could be a great risk for grid reliability due to the
fact that peak consumption could be increased between 67% and 114%. There are publications were
authors presented several tools to minimize this impact through a smart control of the EV load.
These authors pointed to the need to perform an optimized design of the renewable installed
capacity.

Other authors presented a methodology to size, in a cost-effective way, the installed capacity
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and storage systems needed in isolated grids with renewable energy. For their optimal grid
configuration, the LCOE is 0.21 €/kWh (0.25 $/kWh). The impact of the EV penetration is not
considered. Other related publications, obtained similar results, with the LCOE ranging between
0.204 $/kWh and 0.532 $/kWh, depending on the operating strategy. Nevertheless, in our scenario
the LCOE would be around 0.68%/kWh.

However, none of the aforementioned contributions to the literature jointly assess how the
renewable generation of the network should be sized in order to minimize the cost of energy
generation, as well as the impact of the penetration of EVs on the costs of energy generation. This
thesis tries to cover this gap in the literature. Compared to previous contributions, it advances
knowledge on several fronts. At a methodological level, it provides a novel methodology based on
the combination of Monte Carlo simulations and Genetic Algorithms (GA) in order to optimize the
configuration of the grid components to minimize the generation costs. At an empirical level, the
paper analyses the impact of EV penetration on electricity generation costs.

After analyzing the evolution on demand in different penetration scenarios, it can be concluded,
that electrical vehicles will help to integrate renewables to the grid on a first stage, residential
demand is the most influenced by meteorology.

Other finding, shows that would be more efficient and economical the combination of wind and
PV productions systems instead of only PV systems despite its lower generation costs. Nevertheless,
wind generation has a great seasonal variance, that would require a big storage capacity to balance
the winter production to supply the summer demand. That evince the necessity of other long term
storage technologies and not only electrical batteries.

Smaller population groups will have higher energy generation cost than medium-sized groups
that allow wind power generation.

During the early stages of EV penetration, up to a penetration of 40%, the LCOE in small
household groups will increase. In larger groups, the penetration of EV will increase the cost of
power generation, due to the need to use more batteries in order to meet intraday consumption. This
is especially obvious when the penetration of EVs is above 60-70%. This also affects the relative
storage need (kWh/dwelling), although this ratio decreases in small size population groups after EV
penetration reaches 70%.

Having storage capacity, even if it is limited to one battery per home, allows storage and
consumption of up to 25% of the consumption of the population group, and can help to reduce the
LCOE by 1.1% due to the fact that it helps to cover intraday variations and avoid the use of energy
from the external grid.

Reductions of 20% in the LCOE of the batteries can lead to reductions of the general LCOE in
the range of 5% to 13%, depending on the scenario, whereas a 20% reduction in the LCOE of PV
generation could reduce the general LCOE between 2.5% to 6.5%.

In any case, we must be cautious due the large number of variables that could influence
demand in the long term. We have continued working on a more complete framework that
integrates other representative social, technical and economic aspects as regulation or prize policy,

demand management or other renewable storage technologies.
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4. Limitations and future research

As noted in the introduction, determining the impact of climate change in the long term is a
difficult challenge and is subject to a large number of variables in a context of uncertainty. On the
other hand, the necessity to evolve to new generation and consumption scenarios will introduce
uncertainties difficult to evaluate now. Therefore,in the different chapters we have worked to simplify
the scope of the reality studied.

Other limitations of the study have to do with the lack of information or resolution. The
projections used in Chapter 3 offer a limited resolution, although the results have been contrasted
with alternative methods. The series of electricity demand data in Chapter 3, for its part, is limited
when compared to the scope and precision of climate data. For instance, consumption should be also
associated with environmental conditions and it has not been considered in this Study. In addition, this
consumption correspond to a small town in the southern coast of Spain, and the energy consumption may
be different in other places where the environmental conditions are extreme in summer or winter.

According with what it is shown in Chapters 1 and 2, the energy production will be affected by
the external temperature, so the installed capacity in scenarios form Chapter 3 have to be increased.
On the other hand, the consumption would vary with the global warming effect.

Chapter 1 have been completed and published, and Chapter 2 has been presented in a congress
and now is being considered for publication, nevertheless we acknowledge its limitations and would
like to continue working on unexplored ideas as challenges and potential future lines of research.
The literature in this field is still emerging and also follows this path. Some technical limitations in
Chapter 3, such as the consideration of changes in wind direction or expanding the resolution of the
bins, have been taken into account in subsequent investigations. We continue to work to improve
our ability to explain generation and demand match.

There are other lines of research that seem relevant. One of them is to quantify how the
incorporation of adaptation measures can affect the impacts. The ability to adapt may differ
depending on capital needs and the amortization periods of the plants and their infrastructure.

On the other hand, in the case of hydroelectricity, the potential for conflicts of use between the
energy sectors and other users of the resource could lead to another line of research, both
geographically localized and multisectoral.

In future research, we will analyze the global impact in PV performance production considering
the global warming expected in different regions according other authors. We will also evaluate the
impact in the albedo effect of the planet due to land use changes with the PV panels. Regarding the
last part of this thesis, we will analyze LCOE changes depending on wind energy costs, and the use
of massive storage systems like batteries at industrial scale or long term storage energies (hydrogen
or similar). We will also analyze how LCOE changes in case EV are used to inject energy in the
electrical grid. We will also analyze LCOE changes in bigger population cities.

Finally, it is important to shed some light on the impacts on less studied technologies, such as
solar or bioenergy, which will play a relevant role in the future of generation and may also be affected
[6, 7].
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Resumen

Esta Tesis se titulé Impactos del Cambio Climatico en la Generacion de Energia Renovable y

Escenarios de Generacion de Energia.

El cambio climatico se atribuye, entre otras variables, a las emisiones de gases de efecto
invernadero producidas por el sector energético (incluyendo el transporte). Al mismo tiempo, el
cambio climatico se espera que pueda afectar a este sector cambiando la disponibilidad de sus

recursos, alterando sus condiciones habilitantes y transformando los patrones de la demanda.

Esta Tesis aborda los impactos del cambio climatico en la generacién renovable y cambios en el
comportamiento de la demanda de electricidad, proporcionando una introducciéon a las
transformaciones mas relevantes proyectadas por la literatura y desarrollando metodologias y

analisis cuantitativos que determinan el impacto especifico en tres casos de estudio.

El primer y el segundo capitulo se centran en determinar los cambios esperados en la generacion
eolica y fotovoltaica en plantas especificas, con especial atencion en el calentamiento global. Ambos
proporcionan proyecciones fisicas y econdmicas de los cambios esperados, junto con conclusiones

para el desarrollo de politicas energéticas.

El dltimo capitulo profundiza en como el cambio climatico y los escenarios propuestos para
frenarlo, pueden afectar a la demanda de electricidad de una regién, debido a los cambios esperados
en las infraestructuras de generacion y en cambios por el lado de la demanda como seria una elevada

penetracion de los vehiculos eléctricos.

Los objetivos principales en los capitulos 1 y 2 fueron la estimaciéon de cémo las plantas de
energia individuales pueden verse afectadas en términos de rendimiento y pérdidas de ganancias,
con base en proyecciones simuladas de calentamiento global que representan diferentes escenarios

oficiales.

La metodologia utilizada se basé en el uso de logica difusa y redes neuronales artificiales para
caracterizar la produccién de las plantas de energia eélica y PV, teniendo en cuenta el efecto de la
temperatura ambiente. Estos modelos complejos utilizaron como insumos variables como velocidad
del viento, densidad del aire e irradiacidn entre otras, obteniendo excelentes resultados
reproduciendo el comportamiento de las centrales bajo escenarios reales y simulados. Estos modelos
de pérdidas de rendimiento, son una poderosa herramienta para que las empresas financieras

determinen el retorno de las inversiones y la aprobacién o no de los créditos.

Las conclusiones obtenidas fueron que las plantas de produccién de energia edlica son mas
resistentes a los efectos del calentamiento global. Sin embargo, la estacionalidad de esta tecnologia
requiere que la generacion energética se complemente con plantas fotovoltaicas, las cuales podrian
tener un impacto significativo en su rendimiento, cercano al 10%. Si no se consideran estas pérdidas
de rendimiento a la hora de dimensionar la capacidad instalada para abastecer a un grupo de

consumo aislado, el sistema podria presentar ineficiencias y cortes de suministro eléctrico.

Si no se detiene el calentamiento global, se necesitarian inversiones adicionales en plantas de
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energia fotovoltaica u otras energias renovables con sistemas de almacenamiento. Si la falta de
energia renovable se cubre con fuentes de energia convencionales, no se lograria la reducciéon de

emisiones de CO: equivalente.

En cualquier caso, las disminuciones del rendimiento fotovoltaico tienen un impacto
significativo en los margenes operativos y los parametros de inversion de la energia fotovoltaica.
Esto representa una amenaza no solo para la estabilidad del suministro eléctrico, sino también para

la mitigacion del cambio climatico.

En la Tesis también se examind el impacto de la penetracion de vehiculos eléctricos en la
demanda y los precios de generacién de energia en escenarios de redes aisladas y no aisladas con
plantas de energia renovable como auto consumo y sistemas de baterias. En este caso, el estudio se
enfoc6 por un lado en determinar la influencia de los vehiculos eléctricos en los precios de
generacion eléctrica y, por otro lado, desarrollar un algoritmo que determinase la configuracion
optima de los activos de generacion y almacenamiento renovables para minimizar los costos de

generacion eléctrica.

Tras analizar la evolucion de la demanda en diferentes escenarios de penetracion, se puede
concluir que los vehiculos eléctricos ayudaran a integrar las renovables a la red en una primera
etapa, siendo la demanda residencial la mas influida por la meteorologia. Sin embargo, una
profunda penetracion hard aumentar el LCOE. Presentamos una metodologia basada en
simulaciones de Monte Carlo y algoritmos genéticos para optimizar la configuracion de los recursos
de generacion y almacenamiento con el objetivo de minimizar el LCOE del sistema, siendo una
herramienta til para los Policy Makers, gracias a la cantidad de escenarios que se pueden probar

necesidad de recursos de computacionales.

Otro hallazgo realizado, de cara a minimizar el LCOE es mads eficiente y econdmico la
combinacion de sistemas de produccién edlicos y fotovoltaicos en lugar de solo sistemas
fotovoltaicos a pesar de sus menores costes de generacion. Sin embargo, la generacion edlica tiene
una gran variacion estacional, lo que requeriria una gran capacidad de almacenamiento para
equilibrar la produccion invernal y abastecer la demanda de verano. Eso evidencia la necesidad de

otras tecnologias de almacenamiento a largo plazo y no solo baterias eléctricas.

Los grupos de poblaciéon mas pequenos tendran un costo de generacion de energia mas alto que
otros grupos de tamafio mediano, ya que estos ultimos pueden llegar a utilizar la generacién de
energia edlica. Los resultados mostraron que una pequefia capacidad de almacenamiento ayudara a
gestionar un porcentaje importante de la energia consumida debido a que los balances energéticos

diarios son los que requieren mayor control.

El cambio climético requiere la adopciéon de cambios en la forma en que generamos y
consumimos energia. Debemos estar preocupados por el impacto real de esos cambios y el efecto del
calentamiento global que tendra sobre ellos y finalmente el impacto en nuestras economias.
Necesitamos tener herramientas para evaluar todos los posibles impactos y tomar decisiones mas

precisas como Policy Makers para evaluar el impacto real en este complejo escenario.
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Abstract

This Thesis was titled Climate Change Impacts on Renewable Energy Generation and Energy

Generation Scenarios.

Climate change is attributed, among other factors, to greenhouse gas emissions produced by the
energy sector (including the transport). At the same time, climate change is expected to affect this
sector by changing the availability of resources, altering its enabling conditions and transforming

demand patterns.

This thesis addresses climate change impacts on renewable generation and electricity demand
by providing an overview of the most relevant transformations projected in literature and by
developing methodologies and quantitative analysis to ascertain the specific infuence in three case-

studies.

The first and second chapters are focus on estimating climate change impacts in wind and
photovoltaic generation in specific plants. Both provide physical and economic projections of

expected changes, along with conclusions for the development of energy policies.

The last chapter delves into how climate change and the scenarios proposed to curb it, can affect
the demand for electricity in a region, due to the expected changes in the generation infrastructure

and changes on the demand side such as a high penetration of electric vehicles.

The main goals in chapter 1 and 2 were the estimation of how individual power plants may be
affected can be affected in terms of performance and profit losses, based on simulated global

warming projections representing different official scenarios.

The methodology was based on the use of Fuzzy logic and artificial neural networks to
characterize the production of the wind and PW power plants, tanking in consideration the effect of
ambient temperature. These complex models used as inputs variables like wind speed, air density
and irradiation between others, obtaining excellent results reproducing the behavior of the power
plants under real and simulated scenarios. This performance losses models, are a powerful tool for

financial enterprises to determine the return of the investments and the approval or not of credits.

The obtained conclusions were that wind energy production plants are more resilient to the
effects of global warming. However, the seasonality of this technology needs to be accompanied
with the photovoltaic power plants that could have a significant impact close to 10%. If these
performance losses are not considered when the installed capacity is dimensioned to supply to an

isolated consumption group, the system could present inefficiencies and electricity supply cuts.

If global warming is not stopped additional investment in PV power plants or other renewables
with storage systems would be needed. If the lack of renewable energy is covered with conventional

energy sources, the equivalent CO:z emissions reduction would not be achieved.

In any case, PV performance decreases have a significant impact on the operating margins and
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investment parameters of PV power. This poses a threat not only to the stability of the electricity

supply, but also to the mitigation of climate change.

The Thesis also examined the impact of the penetration of electrical vehicles on demand and
energy generation prices in scenarios of isolated and non-isolated grids with self-generation
renewable power plants and battery systems. In this case, the focus is on one hand, on determining
the influence of electrical vehicles on electricity generation prices and, on the other hand, designing
an algorithm for determining the optimal configuration of renewable generation and storage assets

to minimize the electricity generation costs.

After analyzing the evolution on demand in different penetration scenarios, it can be concluded,
that electrical vehicles will help to integrate renewables to the grid on a first stage, residential
demand is the most influenced by meteorology. A deep electrical vehicle penetration, will rise the
LCOE of the system. We presented a methodology bases on Monte Carlo simulations and genetic
algorithms to optimize the configuration of the generation and storage resources to minimize the
LCOE of the system, being a tool useful for police makers tanks the number of scenarios that can be

tested without spending a lot of computational resources.

Other finding shows that would be more efficient and economical the combination of wind and
PV productions systems instead of only PV systems despite its lower generation costs. Nevertheless,
wind generation has a great seasonal variance, that would require a big storage capacity to balance
the winter production to supply the summer demand. That evince the necessity of other long term

storage technologies and not only electrical batteries.

Smaller population groups will have higher energy generation cost than medium-sized groups
that allow wind power generation. Results showed that a small storage capacity will help to manage
an important percentage of the consumed energy due to the fact that daily energy balances are the

ones than require more control.

Climate Change require the adoption of changes in the way we generate and consume energy.
We need to be concern about the real impact of that changes and the effect of global warming will
have over them and finally the impact on our economies. We need to have tools to evaluate all the
possible impacts and to make more precise decisions as policy makers to evaluate the real impact in

this complex scenario.
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