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RESUMO

LOPES, S. M. A. A Photovoltaic Power Forecasting Method using Artificial Neural Networks. 2018. 90p.
Monografia (Trabalho de Conclusdo de Curso) - Escola de Engenharia de Sao Carlos, Universidade de Sao Paulo,

Sédo Carlos, 2018.

O crescimento do nimero de instalagdes de sistemas fotovoltaicos no Brasil e no mundo tem sido notavel nos
ultimos anos. Todavia, a inser¢do destes sistemas na matriz energética nio traz apenas vantagens. Juntamente com
o aumento do ndmero de instalagdes, surgem alguns impactos negativos que estas causam a rede de distribuicdo.
Tais impactos afetam tanto a estrutura da rede, quanto seu planejamento e operacdo. Para contornar tais problemas,
este trabalho propde um método para realizar a previsdo da poténcia fotovoltaica em um sistema elétrico de forma

que este método possa posteriormente ser utilizado por operadores do sistema de distribuicdo.

O método utilizado para realizar a previsao utiliza técnicas de redes neurais artificiais. O estudo foi desen-
volvido a partir do teste de trés estruturas diferentes de redes. Os dados utilizados para treinar tais redes foram
obtidos a partir de medicdes feitas no sistema fotovoltaico instalado no prédio do Departamento de Engenharia
Elétrica e de Computagdo. Os resultados obtidos pelas redes se mostraram satisfatdrios e confirmaram a validade
do método para esta aplicagdo. Além disso, foi feita uma andlise comparativa entre as estruturas de redes apresen-

tadas, sendo o melhor desempenho obtido pela rede que utilizou apenas dados medidos localmente no sistema.

Este trabalho pode ser posteriormente expandido para um projeto de mestrado, onde poderia ser desenvolvido
um software que utiliza o método exposto para realizar a previsdo da poténcia fotovoltaica. Este software podera

ser lancado comercialmente para auxiliar as empresas do setor de redes de distribuicdo de energia.

Palavras-chave: Sistemas fotovoltaicos, métodos de previsao, redes neurais artificiais.



ABSTRACT

LOPES, S. M. A. A Photovoltaic Power Forecasting Method using Artificial Neural Networks. 2018. 90p.
Monografia (Trabalho de Conclusdo de Curso) - Escola de Engenharia de Sao Carlos, Universidade de Sao Paulo,

Séao Carlos, 2018.

The number of photovoltaic systems installations in Brazil and in the world has been notable in recent years.
However, the insertion of these systems into the energy matrix does not only bring advantages. With the increase
in the number of installations, there are some negative impacts that these systems cause to the distribution network.
These impacts affect both the structure of the network and its planning and operation. In order to overcome these
problems, this work proposes a method to carry out the photovoltaic power forecasting, so that this method can

later be used by distribution system operators.

The method used to perform the forecast uses techniques of artificial neural networks. Three different network
structures were tested in order to allow a comparison analysis. The data used to train such networks were obtained
from measurements made in the photovoltaic system installed in the building of the Department of Electrical and
Computer Engineering. The results obtained by the networks were satisfactory and confirmed the validity of the
method for this application. In addition, the comparative analysis performed between the network structures showed

that the best performance was obtained from the network that only used data measured locally in the system.

This work can be further expanded to a master’s project, where a commercial software for power forecast can
be developed. In the future, this software can be released to assist companies in the energy distribution network

industry.

Key-words: Photovoltaic Systems, Forecasting methods, Artificial neural networks.
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Chapter 1

Introduction

In 2015, the United Nations (UN) defined the 17 Sustainable Development Goals (SDGs)”, in which several
nations made a commitment to do real efforts to reach these objectives. The main goals of the UN are to end
poverty, inequalities and reduce climate change. Regarding with climate change, the seventh objective ("affordable
and clean energy”) deals directly with the role of energy generation in the reality of climate change. It is expected,
by 2030, the significant increment of renewable energy sources, such as photovoltaic, wind, hydro, among others,

in the world energy matrix [1].

On the other hand, there is also a concern by governments to increase the share of renewable sources in this
energy matrix to supply the increasing of energy demand. This concern is also due to the need to reduce dependence
on fossil fuels (oil, coal, gas) for energy production, because of their reduced availability and because of the negative
impact on the environment that these fuels cause. Due to this fact, renewable energy sources have presented
exponential growth in relation to the space occupied in the global power generation matrix. Whether through
public or private incentives, the number of facilities of this form of generation has increased significantly in recent
years. One example is Germany, which in 2013 documented that 25% of its energy demand was supplied through

renewable sources [2].

Among the renewable energies, the one that shows the greatest growth is the photovoltaic energy. For example,
the California Solar Initiative (CSI) program, which began in 2007 and plans to increase the photovoltaic installation
in the US state. In the period from 2007 to 2016, it was invested 2.167 billion dollars for the installation of
1.940 MW of solar power. Currently the state has an installed capacity of 6.331 MW and continues with incentive
programs that help people with reduced rates and aid in the projects of installation of photovoltaic systems [3].

Moreover, a new approved law in the state (2017), requires that from 2020, all new buildings must have photovoltaic

16
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systems installed. [4].

In Brazil, the National Electric Energy Agency (or Agéncia Nacional de Energia Elétrica (ANEEL), in Por-
tuguese) showed in its Technical Note n® 0056/2017 [5] that the installed capacity of renewable sources in Brazil
increased from 0.4MW in 2012 to 114.7MW in 2017, characterizing the exponential growth mentioned above.
In addition, photovoltaic energy was the one that registered the most outstanding growth, and represents 70% of
installed national power, referring to renewable sources [5]. Besides that, the report showed that most of the PV
installations correspond to residential consumers, which indicates the increase of micro and mini-generation units

in the country.

This type of generation, mini and micro, was also promoted by ANEEL by the Normative Resolution n°482/2012
and updated by Resolution N°687/2018. Those resolutions implemented the credit system for micro and small-scale
projects. Thus, consumers who produced energy in their own homes were able to inject into the grid the excess
energy that was generated in exchange for credits, which could be used to compensate the cost of the energy bill

[6, 71.

However, this exponential increase of photovoltaic installations is not accompanied by the capacity of the distri-
bution system to receive this new source of generation. Although the use of photovoltaic systems for generation is
beneficial in sustainable development and environmental terms, large insertion of this generation in the current dis-
tribution and transmission networks could affect seriously the quality of the energy and, consequently, the security

of the system.

Many studies of the impacts caused by the massive insertion of photovoltaic systems in the distribution network
have been developed [8, 9, 10]. Those studies show the necessity of preparing the current distribution system for
this new energy scenario. Such measures should be done both at the physical structure of the system and in the

planning and operating levels.

In order to lead with problems in the planning and operation of the system, in this research is proposed a tool
for photovoltaic power forecasting using an artificial neural network (ANN). The ANN was chosen because of its
capacity to deal with hard non-linear problems, as is the case of photovoltaic power. Furthermore, these networks
emulate the human brain’s ability to solve problems and present a high level of success in many applications. Once
the photovoltaic power is forecasted, operators of the distribution system can take correct decisions to diminish the

negative impact of photovoltaic installations.
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1.1 Work organization

The structure of this works is divided in the next chapters:

e In the chapter “Introduction” (chapter 1), firstly a discussion will be held on the negative impacts that the
large scale insertion of photovoltaic systems generates in the distribution network, in section 1.2. Then, the

main goals of the study will be explained in section 1.3;

e In “Important concepts in photovoltaic systems” (chapter 2), is made an explanation about the functioning

and implementation of photovoltaic systems;

e The chapter "Methods for photovoltaic power forecasting” (chapter 3) presents a literary review that brings
together the main works of the present day that deal with the subject of photovoltaic generation forecast.

Then, in section 3.3, the theory about artificial neural networks is presented;

e The ”Aplication of the method” chapter (chapter 4) introduces the methods and techniques that were used to
carry out the forecast of photovoltaic generation. In this section, an analysis is made on the implementation

of ANNs and on obtaining the data used to train these networks;

e In “Results and discussion” (chapter 5), the forecast results are shown and, based on its results, a critical

analysis is made on the validity of the proposed forecast method;

o The last chapter, "Conclusion” (chapter 6), presents the general and partial conclusions developed during the
development of the work. Also, is presented a compilation of scientific productions published on the topic

by the research group.
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1.2 Definition of the problem

As pointed out in the previous section, photovoltaic systems have received strong incentives for their imple-
mentation due to their capacity to generate energy using renewable sources. In addition, other advantageous of
such systems are the low maintenance required, the low operating cost and the long service life [11]. In regard
to this last feature, a lot of researches have been performed to increase the life and efficiency of the photovoltaic
panels. In [12], a study is accomplished to deal with the reduction of losses in the photovoltaic system and to create
a cost-benefit relation that is increasingly more advantageous for the consumer. It is supported because each day

new panels with greater efficiency and lower cost are launched in the market.

In addition to the environmental and economic advantages aforementioned, some studies show the benefits
that the integration of photovoltaic systems can bring to the distribution network. In [13] is shown a case where
the insertion of the solar generation in the network improves the oscillatory stability of the system. That research
evaluated the distribution network before the integration of solar generation, in this case the system presented
unstable modes which characterizes the lack of damping torque. However, after the photovoltaic system was

inserted, damping torque to the unstable modes was provided allowing the system to recover its stability.

Even for high load simulations, that situation was still repeated. The study also concluded that the benefits
created by solar generation are stronger when this resource is accomplished in a distributed way. That is, instead
of large photovoltaic systems (such as a solar farm), several small distributed systems installed in a large area are

better [13].

However, even with all the advantages aforementioned, the massive insertion of photovoltaic systems can cause
negative impacts that must be studied and analyzed in order to create solutions or forms of mitigation for these

problems. In [2], some impacts are cited:

Reverse power flow in distribution systems;

Reduction of energy quality levels: unacceptable levels (fluctuations) of voltage and frequency;

Reduced service life of certain elements of the distribution system, such as voltage regulators;

e Increase in losses in distribution system lines;

Difficulties in planning the operation of the distribution system.

The reverse power flow occurs in situations where the power generated by the PV system exceeds the demand

of the distribution system. Thus, a bidirectional power flow is verified in the network. This bidirectional flow
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affects the system protection because the current protection systems is not prepared for this new reality, that is,
many devices do not work in a bidirectional way. In addition, the voltage regulation is also affected, because
the increased flow can cause damage to the voltage regulator equipment, reducing its life [14]. Furthermore, the
increasing active power available in the network can reach such high levels that the flow can be directed to the

transmission lines [14, 2].

In [8] is verified the impacts caused in the distribution network voltage regulation when considering 20% of
photovoltaic generation insertion. That study showed that in normal operation, without photovoltaic generation, the
grid voltage regulator performed the change of the tap 40 times, for a sampling interval of 1 minute for the voltage
variation, considering a period of three days. However, when inserting the photovoltaic generation, the intermittent
nature of this triggered an increase in the number of changes of the tap of the voltage regulator, reaching 160
changes in the same time interval (three days). That is, there was an increase of 4 times in relation to the previously
registered value. This rise is due to the movement of the clouds over the panel, which influence its generation and

consequently cause fluctuations in the voltage levels.

These fluctuations require that the voltage regulator acts to guarantee the stability of the system and, conse-
quently, these fluctuations can reduce the useful life of the voltage regulating equipment due to the wear of its
physical parts. Moreover, the study suggested that phenomena such as flicker can be observed in the system due to
the insertion of PV generation. However, to substantiate this claim, further studies should be developed considering

other sampling rates for the system voltage (with intervals of seconds rather than minutes) [8].

In [10], voltage and frequency fluctuation were observed for high penetration levels of photovoltaic generation.
Nevertheless, that it is possible to increase the level of PV generation with small impact in the system when the
increment is made through small PV systems distributed over a large area [10, 13]. In addition, [10] showed that it
is better to PV systems to be implemented in distribution networks with fast response, because these networks do

not present so many variations in their frequency levels.

However, for energy quality, not only voltage and frequency fluctuations must be observed, but also the reduc-
tion in energy security that PV systems introduce into the grid. This lack of security is linked to the difficulties of
planning the operation of the system. The uncertainty in photovoltaic generation makes it impossible to carry out
a correct generation planning in relation to the system load, using traditional methods. This scenario affects the

stability of the system and ultimately affects the consumer, who does not have the supply of his demand guaranteed.

Therefore, it is important to create solutions for the technical impacts on the network, such as voltage and
frequency fluctuation and damage caused to feeder cables and equipment. For these problems, solutions can be

applied, such as the implementation of PV systems through distributed micro systems ([13, 10]), the use of energy
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storage systems to mitigate variations in generation levels ([11]) and the updating of certain equipment of the
network, that can operate in these new conditions. In addition, it is also extremely important to develop solutions
to the impacts caused to network operation planning. In this aim, methods of photovoltaic power forecast became
relevant. These methods can be used to predict the power that will be generated by the PV system with a suitable
time window, so that the system operator can allocate loads, control the use or not of storage systems, control the

rotating reserves, and made all other decisions about the system in a conscious way.



22 CHAPTER 1. INTRODUCTION

1.3 Goals of this work
The main objective of this work is to carry out the forecast of the generation of a photovoltaic system using
techniques of artificial neural networks. This forecast can be used as an aid for the planning and operation sectors

of the power distribution system. This main aim can be divided into some specific aims:

Verify the validity of forecasting methods that use artificial neural networks (ANN) to forecast photovoltaic

power;

Analyze the performance of different ANN approaches applied to the problem in question;

Observe the effects caused in the forecast due to changes in training algorithms and data sets;

Propose a forecasting method that can later be transformed into a simple software that can be used by com-

panies of the electric distribution system.



Chapter 2

Important concepts in photovoltaic systems

2.1 Technology review

The interest in photovoltaic solar energy began around the year 1839, when the photovoltaic effect was discov-
ered by Edmond Becquerel. The first solar cell was created in 1876, but for a long time the technology development
was restrict to studies on the field. Only in around 1960 this type of technology started to be produced on a industrial

scale [15, 16].

There are two landmarks that boosted the development of this technology. The first was based on the search for
energy sources that could supply energy to isolated locations. The second one was the ”space race”, that used this

type of technology to provide energy to equipments in space [15, 16].

The oil crisis in the 1970s also propelled this development. The search for new sources of energy has made
companies from countries like the United States invest in the area. In the early 2000s the Asian market began to

invest in the production of photovoltaic modules, achieving leadership in 2009 [15].

According to CRESESB, between 2003 and 2014, the growth of this industry reached the mark of 54.2%
per year. This growth occurred mainly due to the incentives for the use of renewable sources rather than those
dependent on fossil fuels [15]. In 2016 there were 294 GW of photovoltaic power installed in the world, with China

having the highest installed power, followed by the United States and Japan [17].

China has invested heavily in the production and exportation of photovoltaic cells and, currently, Asia is the
biggest producer of photovoltaic cells. However, even with increased production, the cost of photovoltaic modules

is still a barrier to the deployment of this technology [15]. To overcome this challenge, governments in several

23
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countries have created incentives for research and technological development. In addition, government aid is being

provided to increase the installed power levels.

In Brazil, the technological development was more restricted to theoretical studies in research centers and did
not evolve to the manufacture of cells and modules. However, despite not producing its own technology, Brazil
invested heavily in the installation of photovoltaic systems. The mainly type of system installed in Brazil was to
supply energy to areas that were isolated from the National Interconnected System (or Sistema Interligado Nacional,

in portuguese (SIN)).

In 2012, Aneel with its Normative Resolution n® 482/2012 set the parameters for the implementation of photo-
voltaic systems connected to the distribution network. And created a great impulse for the installation of mini and

micro producers. [6].

The power installed in Brazil in 2017, related to these systems, was 438.3MW distributed in 15.7 thousand
initiatives [17]. Brazil currently seeks to encourage the growth of these facilities through the application of tax
free policies on photovoltaic systems equipments, support plans by government agencies and banks, such as the
Brazilian Development Bank (or, in portuguese, Banco Nacional do Desenvolvimento (BNDES)), and incentives
for micro and distributed mini-generation systems. With such actions, it is expected that in 2050, solar energy will

correspond to 9% of the total national energy supply [17].

One can notice the great interest in this type of generation. The increasing in the efficiency of these systems is
related to this interest and also is due to the incentives for research and development. In the 1950s the efficiency of
a photovoltaic panel was around 5% and the cost of its energy was US $1.785/Wp. However, the module efficiency

currently reaches values of 15%, with prices around US $1.20/Wp [17].

In relation to the manufacture of the cells of these systems, silicon is the material most used for this type of
application. About 95% of all cells manufactured in the world are made of this material [16, 17]. This is because, in
addition to being a cheap material that exists in great quantity, the cells made from it already have a well-known and
developed manufacturing process. Commercially there are three major types of photovoltaic cells: monocrystalline

silicon, polycrystalline silicon and thin silicon film [16]. The characteristics of each type are shown below:

e Monocrystalline silicon: Monocrystalline photovoltaic cells are made from ultra pure silicon. Currently, this
is the technology with the highest cost of manufacturing and also with more efficiency in the market, with

values varying between 15 and 18% [16, 18].

e Polycrystalline silicon: This type of cell has a cheaper manufacturing process than that of monocrystalline
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silicon because it has a less stringent control [18]. However, their efficiency levels are lower, varying between

13 and 15% [16].

e Thin films: This is a new type of technology that has very low manufacturing costs. For this type of technol-
ogy there is no distinction between a cell and a panel. Therefore, the panels of this technology are composed
by a large cell. The advantage of this approach is that the system becomes less susceptible to the effects of
partial shading. However, the efficiency of these modules is very low compared to other technologies. Also,
this panels have accelerated levels of degradation [16]. Among the thin film technologies, amorphous silicon

cells can be cited.

2.2 Operation of photovoltaic system

To understand how does a PV cell works and, consequently, to understand the operation of a PV panel, two
concepts are important: solar radiation and irradiance. Solar radiation is defined as the solar energy that reaches
the earth in the form of electromagnetic radiation. This can be divided into two categories, the direct radiation
and the diffuse radiation. The first directly hits a horizontal surface on the planet through a straight path traveled
by sunlight. The second corresponds to the light that hits the surface indirectly, that is, after being reflected and

diffracted during its course.

The solar irradiance or irradiation is a measure of solar radiation. Its units are W/m?, that means that the
irradiance measures the solar radiation power in relation to the area. The value of 1000 W /m? is used as a reference

to evaluate PV panels performance.

Figure 2.1 shows the basic model of a photovoltaic cell. This model was built based on those presented by [16]
and by [19].

Sun Light

Electrical contacts

Load
P-type

Figure 2.1: Photovoltaic cell model
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Analyzing the Figure 2.1, one can notice that the photovoltaic cell is formed by the union of two types of
semiconductors materials: the N-type and the P-type. There are also electrical contacts on both sides of the cell,

used to close the electrical circuit in which the current flows.

The operation of a photovoltaic cell is based on the photovoltaic principle. This principle describes the process
of transforming the incident solar electromagnetic radiation on the surface of the cell into electricity and will be

explained in the following paragraphs.

When the light hits the surface of the cristalin silical, some of it is absorbed. If the energy of the incident light
is low, it only causes the material to warm up, but does not cause the electrical properties of the material to be
affected. However, if the light has enough energy, it can change those properties. In this way, when it reaches the

crystal, it excites the electrons of the valence layer allowing them to move through the crystal.

When it detaches itself from the valence shell of its atom, an electron leaves a hole. Like electrons, holes
also move through the crystal. This occurs because valence electrons located near the holes are attracted by those,
leaving other holes when moving. The higher the radiation energy the crystal receives, the greater the shaking of

electrons and holes.

To transform this excitation of electrons and holes into electric current, the potential barrier is needed. This
barrier separates the free electrons from the holes, causing one side of the photovoltaic cell to have more electrons
and the other to have more holes. In this way, a electric potential difference in the cell that can be used to obtain

current is created.

The potential barrier in a photovoltaic cell is created through the junction between a negatively doped silicon
shell and a positively doped silicon shell. Pure silicon has 4 electrons in its valence layer. When negatively doped,
the material receives atoms of elements with five electrons in this shell. An example of an element that can be
used as a dopant is phosphorus. Upon receiving an atom with more electrons in the last shell, there are more
free electrons inside the cristalin silical. Thus, its electrical characteristics are altered and it can be called n-type

material, with the electrons as the majority carriers and the holes as minority.

For the formation of the potential barrier, it is still necessary to use another material: a shell of silicon positively
doped. A positively doped material is obtained when an atom is inserted which, relative to the original element,
has one less electron in the valence shell. In this way, the crystal has an excess of free holes and thus can be called

a p-type material, having the holes as major carriers and the electrons as minority carriers.

When the n-type and p-type material are brought into contact, the free electrons of the n-type material are

attracted to the p-type material, filling in their holes. In addition, the valence electrons of the n-type material are
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also drawn into the holes on the other side of the barrier, leaving holes in the n-type material. This process can be
seen as if the holes pass from the p-type material to the n-type material. This movement of charges occurs through
the junction between the materials. As it occurs, a cluster of positive charges on the side n of the junction begins to

form, and a cluster of negative charges on the side p of this junction begins to form.

However, as the charge transfer continues, an electrical barrier in the junction begins to form that prevents the
flow of new charges. This is because the holes that migrated to the negative side created a positive potential near
the junction, which attenuates the migration of new positive charges, the opposite also happens with the electrons.
Thus, over time, the transfer of charges ceases, the equilibrium is established and the potential barrier described

above is created.

When the light reaches the surface of the n-type material, it creates a dissociation of electrons. The free electron
remains on the n side of the junction. However, the holes are accelerated through the barrier, seeking to recombine
with the electrons that form the negative charge of the barrier on the side of the p-type material. When they reach
the p-side of the junction, the holes do not find free electrons to recombine, and the p-type material is left with
excess holes. The opposite happens when the light hits the p-type material, causing the excess of electrons in the

n-type material.

When connecting an electric circuit to the cell, an electric current is created through the electrons leaving the n-
type material and passing through the circuit going to the p-type material to recombine with the holes. The amount
of current produced is proportional to the energy of the electrons and, therefore, to the light energy received by the

cell.

Without this electric circuit, there is no current. However, there is still a voltage between the sides of the cell.
This voltage is approximately 0.6V and it is cause by the potential barrier [16]. An isolated cell produces a low
voltage level, therefore, several cells must be connected in series to generate practical voltage levels. A photovoltaic
module is formed by a group of electrically connected cells. Depending on its voltage level it can reach up to 60
cells [16]. Regarding the electric current, it depends strongly on the level of incident solar radiation on the surface
of the panel. Thus, the area of the cell is a factor that influences the production of current because it determines

how much radiation the cell will receive.

The voltage and current of a photovoltaic module are dependent on each other. They can be related through the
I-V (current vs. voltage) curve (shown in the image to the left of Figure 2.2). Each point on this curve determines a
panel operating point and this point depends on the load connected to the terminals of the panel. Also, the curve has
three important points, with values given by the manufacturer: point A - short circuit current; point B - maximum

power; point C - open circuit voltage.



28 CHAPTER 2. IMPORTANT CONCEPTS IN PHOTOVOLTAIC SYSTEMS

A
B

= =
< =
-— (0]
5 8
‘g o
&) Q
Qo 8
8 e
8 2
w 2

o

C Cc
A A A d
Voltage [V] Voltage [V]

Figure 2.2: Photovoltaic panel I-V curve

The short-circuit current point characterizes the maximum current value that the panel can reach, this occurs
when the terminals of the module are short-circuited. At this point, the voltage value is zero. Since the open circuit
voltage point characterizes the maximum panel voltage, which occurs for the null current, this voltage is obtained

for the panel operating with the open terminals.

The last important point is the one of maximum power, this is the desirable point of operation because it
characterizes the greater generation of energy. To ensure that the photovoltaic system always operates at this point,
inverters with Maximum Power Point Tracking (MPPT) inputs can be used. This type of device allows the system

to produce its maximum power which improves generation levels and also reduces losses [16].

The modules of a grid connected photovoltaic system can be interconnected in series forming a structure known
as “’string” [16]. In a system that has an inverter with MPPT input, this string can be connected directly to this input.
If you want to increase the efficiency of the system, you can use inverters with more MPPT inputs, so the total set
of modules can be divided into more strings and each one can be connected to the MPPT. In this way, each MPPT

ensures that its string operates at the maximum power point.

Another curve that characterizes the functioning of these modules is the P-V curve (power x voltage). The three
points described above can also be found in this curve. The knowledge of these points is important for the sizing

process of photovoltaic systems and also assists in certain studies on these systems.

The I-V curve of a module can undergo through changes due to the influence of the climatic variables on the

voltage and current behavior of the panel. The current is sensitive to variations in the irradiance levels on the panel:
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the lower is the irradiance values, the lower will be the short circuit current values. This is presented in Figure 2.3.
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Figure 2.3: Irradiance influence over the photovoltaic power generation

In this way, shading has a strongly negative impact on photovoltaic power generation. The shading characterizes
the reduction of the incidence of solar radiation on the system, and can affect the generation even when it occurs
partially, that is, when only part of the module is shaded. This occurs because the electrical connection between
the cells of the module is done in series, which leads to a cascade effect, which means that if a cell is disconnected
from the system, all will be. To solve this problem, manufacturers have implemented by-pass diodes in a set of
cells, so if one set is shaded, the others will not have their operation stopping. However, even with this solution, it

is a fact that shading negatively affects the generation level.

Another climatic variable that influences photovoltaic generation is temperature. The change in temperature
causes changes in the value of the open circuit voltage of a panel. The higher are the temperatures, the lower will

be the voltage values, that is, the dependence is inversely proportional, as shown in Figure 2.4.
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Figure 2.4: Temperature influence over the photovoltaic power generation

Given this, one can see how climatic variables influence the generation levels of a photovoltaic system. Con-
sidering that the behavior of such variables is chaotic, it is inferred that the generation of photovoltaic energy also
exhibits a volatile behavior. Figure 2.5 shows the one-day generation profile of a real photovoltaic system installed
in the Department of Electrical and Computer Engineering. It can be seen the influence of the intermittent behavior

of the photovoltaic source and how abrupt variations occur in the profile, due to changes in the climatic variables.

Photovoltaic Power (Watt)

06:00h ) 19:00h
Time (Hours)

Figure 2.5: Photovoltaic generation daily profile of the photovoltaic system installed in the Department of Electrical

and Computer Engineering



Chapter 3

Methods for photovoltaic power forecasting

Due to the necessity of ensuring the safe and planned operation of the distribution system in which the PV
system is connected, numerous studies of photovoltaic power forecast have been developed. Most of those studies
evaluate which method has the highest accuracy and at the same time is more easily implemented in practical

situations.

This chapter presents the main works analyzed during the literature review. Such review was performed to
collect information on various forecasting methods and to show examples of application and comparative studies
between two or more methods. Therefore, the section is divided in two subjects: initially the classification of
the methods proposed by some researchers will be explored; after that, studies dealing with different forecasting
techniques will be presented, focusing mainly on research using artificial neural networks, which is the subject of

this study.

3.1 Classification of photovoltaic power forecasting methods

In [11], is made a study of advances in the area of photovoltaic forecasting, where is suggested the division
of methods into the following main categories: persistence method, physical techniques, statistical techniques and
hybrid models. This study still suggests another category that encompasses new forecasting techniques. For Raza
et al. (2016), the techniques of numeric weather prediction are into the category of physical techniques, while the

use of artificial neural networks and time series for prediction are into statistical techniques.

However, this classification is not absolute. For [20], forecasting methods can be divided into three broad

categories: direct methods, indirect methods and hybrid methods. The indirect methods are those that normally

31
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forecast the global irradiance that reaches the photovoltaic plant and not the power generated by this plant, for this
reason they receive this name. These methods also receive other names, such as PV performance, physical method,
parametric and “white box”. Direct methods encompass statistical techniques and machine learning techniques,

generally known as “black box” methods.

Hybrid methods come from mixing or joining two or more different methods. Theoretically, any methods can
be combined in order to create a hybrid method. Thus, these can be subdivided according to the methods that
were combined to create it, as an example can be mentioned the hybrid-statistical method that joins two or more

statistical forecasting techniques in a single method [20]. In [21] such methods are called “grey box”.

Another form of classification found is defined in [22]. In that study, the forecasting methods are classified
into four approaches: statistical approach, artificial intelligence approach, physical approach, and hybrid approach.
Differently as stated in [11], [22] separates the class of methods that use artificial intelligence techniques from the
statistical approach. For [22], this last one is composed by the persistence method and the time series methods.

This also differs from what was presented in [11], where a single category is created for persistence methods.

It is worth emphasizing that for this research, the approach presented in [20] will be used. However, it should be
noted that even though there are different forms of classification, the techniques to be classified remain the same. In
the next section, the most relevant prediction techniques for this work will be discussed following the classification

seen in [20].

3.1.1 Indirect approaches or parametric methods

This approach uses a model based on equations that describe the behavior of the system. This approach is also
named “white box”, as aforementioned. In this technique, usually the prediction of the global irradiance is initially
obtained at the place where the photovoltaic system is installed. From this information it is possible to predict the

generation of energy using a physical model of the photovoltaic system.

This method does not use historical data, instead it uses numeric weather predictor (NWP), and technical data
of the photovoltaic system [20, 11]. The NWP consists in a set of equations that model the weather conditions of
the PV system installation site [11]. According to Raza et al. (2016), the accuracy of the model is closely related
to the stability presented by the climatic conditions. The more the variation of these conditions, the worse the

prediction of the method.

Dolara et. al. (2015) states that these methods have advantages when compared with statistical approaches

in cases where only fast results for simple systems are required. However, the disadvantage of these methods
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lies at the point of the complexity level of the system, in other words, when the system becomes very complex

mathematically, the results tend to be less precise [21].

3.1.2 Direct approaches or non-parametric methods

Statistical techniques

This approach uses statistical techniques to make the prediction. The model of this approach is called “’black
box” because is not based on equations. Statistical techniques use historical system data to determine the relation-
ship between the input and output information of the model [20, 22]. Such methods are based on learning and error
reduction techniques, and are very dependent on the quality of the historical data available [11]. The statistical

models can be divided into two subgroups:

a Regressive methods:

They are strongly based on the concepts of linear regression”, establishing relations between the dependent
variables and the independent variables. Within this class, the main methods are: multiple linear regres-
sions, auto-regressive models, autoregressive moving average, autoregressive integrated moving average,
auto-regressive moving average with exogenous variables, non-linear AR-exogenous model, among others

[20, 11].

b Artificial Intelligence techniques:

The main method in statistical techniques is artificial neural networks (ANN). Such networks are based on
the functioning of the human brain and imitate its capacity for learning and generalization. In this way, they
can be applied successfully in solving several problems, including non-linear problems [23]. Thus, ANNs
have been successful when applied to solve complex problems. However, the disadvantage of such networks
comes mainly from the fact that they require a large historical set of data [21]. Other artificial intelligence

methods that can be cited are: k-nearest neighbors, support vector machines, and random forests [20].

3.1.3 Hybrid models

Hybrid methods have been applied successfully in several researches, usually presenting better performance
than traditional methods [21]. Hybrid methods are generally considered more efficient than other types of methods
because they unite the strengths of the techniques that compose them, while seeking to reduce the negative points

of these techniques [22].
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The main features of the classification of photovoltaic power forecast can be summing up in the next figure:

Indirect methods Direct methods

Works with nonlinear equation systems; A Works with nonlinear Relationships;

] Hybrid \ i
Convergence problem; method There is no convergence problem;
No heavy dependence on historical data. RS Needs historical data.

Figure 3.1: Classification of photovoltaic power forecast

3.2 State-of-art of forecast methods

As previously mentioned, several studies were developed with the objective of exploring the methods of fore-
casting photovoltaic power. In [11, 20, 22] an extensive literature review on such methods was carried out. In those
studies each prediction method was explained and some examples were shown. In addition, basic concepts, such

as forecast horizon and techniques to analyze the methods were developed.

In [20], an interesting concept was presented: the skill score concept (ss). That index is used to evaluate the
performance of the model in relation to persistence models (simpler models, or reference models, used as a basis

for comparison) [20].

Besides studies that analyze different forecasting techniques, there are also researches that focus only on the
analysis of a single type of method, such as [24], or in the comparison between two or more methods, in order to

evaluate the most appropriate for a given task. With respect to the latter type, one may [25] as an example.

In [25] a comparative study is made between the perfomance of the method using artificial neural networks and
three physical methods: Osterwald, Araujo-Green and Single Diode Model. The study applied the methods to 3
different photovoltaic systems, using as input, irradiance and temperature data. Thus, the researchers were able to
derive as output typical V-I curves of the photovoltaic panel for different input values. The results corresponded to

the period of one year.

In all three PV systems analyzed by [25], the ANN method presented smaller prediction errors (errors between
6% and 8%), while the other methods presented errors between 6% and 30%. The justification presented by
Almonacid, et. al. (2011) for better performance of ANNSs is based on the fact that such networks, when executing

the forecast, take into account a greater variety of losses present in the photovoltaic system, such as losses caused
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by temperature, irradiation, inclination angle of the panel, among others. Contrary to classical methods, which

consider only temperature losses, being more distant from reality [25].

The photovoltaic power generation prediction through the use of ANN techniques has also been reported in
[26]. In this, a comparative study was carried out to evaluate the performance of two neural networks applied in
this task. The ANNs used were the Multilayer Perceptron and the Elman Neural Network. The Elman Network is a
recursive network that contains “reaction connections” between the neurons of the same layer or of different layers

[26].

Both networks used the Backpropagation training algorithm. For the prediction, the input data used was the
historical output power values of the PV system. This data was handled as a time series and the adjustment between
the input and desired output samples was done using a moving window. In this window, t samples of the series
were initially chosen as input to the network, and the sample (r 4- 1) was set as the desired output. After this step,
the window moved one position forward and the new range of input samples was built by rejecting the first element
of the previous window and including the sample (¢ + 1) [26]. The results were considered satisfactory by the
researchers, reaching errors around 0.5%. Also, the researchers inquired that if climatic factors were taken into

account in the input variables, the accuracy of the method could be improved [26].

Another comparative study was carried out in [27], where the accuracy of two neural networks applied in the
prediction task was compared. The neural networks used in such research are considered dynamic neural networks,
which, in contrast to static networks (such as MLP), require less historical data for their full functioning. The

networks used were the Focused Time Delay Neural Network and the Distributed Time Delay Neural Network.

The input data used was also based only on the historical data of the time series of the system’s power output
power, making use of a moving window, as in [26]. Thus, unlike what normally occurs in studies using ANN, it
was not necessary to use historical climatic data, such as irradiance and temperature, from the system installation

site.

The results obtained were satisfactory and the argument that this approach is more applicable in reality was
raised, because this method does not require a large number of historical data and is not linked to the installation
site of the photovoltaic system [27].However, this conclusion contradicts the point raised in [26], which argues that

the use of climate data would improve the performance of the forecasting system.

Also, in the application of ANN techniques, an example is given by [28], this work, unlike the previous ones,
does not consist of a comparative study. Ding et. al. (2011) forecasts the generation of a photovoltaic system with

a forecast window of 24 hours. Using a feed-forward neural network (MLP) and historical power generation data
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from the system, it was possible to directly predict the power output [28].

It is worth mentioning two interesting points of such research ([28]). The first one is that the network was
trained from the improved backpropagation algorithm. This algorithm consists of an optimized version of the
standard backpropagation algorithm and aims to overcome certain difficulties and defects presented by this one.
For this, a variable learning rate was implemented, this learning rate was modified according to the proximity
between the network and the optimal solution of the problem (minimum prediction error), that is, according to the
learning level of the network. This improvement of the algorithm avoids problems such as: convergence to a local

minimum of the mean square error function and network instability around the optimal solution [28].

Another interesting method used in [28] is the use of Similar Day Selection Algorithm. This algorithm allows
to find historical data of days with similar climatic characteristics with those of the day in which the forecast is
wanted, so that this data can be used as input of MLP. This allows improvements in forecasting, especially for days

when there is not much solar radiation (non-sunny days) [28].

Another research that explores the use of ANN is [24]. Lo Brano et al. (2014) makes a comparative study
between the performance of three different topologies of artificial networks applied in the prediction of a photo-
voltaic system generation. These topologies are: multilayer perceptron with one hidden layer, recurrent neural
network multilayer perceptron and gamma memory artificial neural network. The results presented by Lo Brano
et al. (2014), indicate the validity of the use of these networks in the forecast of photovoltaic generation, with

prediction errors lower than 1% of the peak power value measured in the real PV system [24].

Also in [24], an interesting approach to input data preprocessing is presented. In this approach a correlation
analysis is made between the possible input variables and the desired output variable: the generated photovoltaic
power. Therefore, it is possible to verify which input variables have the greatest effect on the output variable.
Thus, the entries chosen for ANNSs are: air temperature; cell temperature; solar irradiance; wind speed; open circuit

voltage and short circuit current [24].

Ronay et. al.(2017) developed an interesting research involving ANNs. This study is interesting because it goes
beyond the prediction of the output power generated by the PV system. In this, a solution is proposed for the best
operation of a micro-grid composed by a photovoltaic system and by a reversible hydroelectric plant [29]. This
solution consists in using the forecasting system to allow the planning of the use of the reversible hydroelectric and

consequently of the operation of the whole micro-grid [29].

This approach presented in [29], is interesting because, as explained in [11], a PV system without an energy

storage mechanism, that can be used to absorb the oscillations of photovoltaic generation, is detrimental to the
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stability of the distribution network. Thus, Ronay et. al.(2017) uses the reversible hydroelectric plant as this
storage mechanism. This works as follows: in case of photovoltaic supply failure, the hydroelectric plant starts
working, supplying power to the grid. If, on the other hand, the PV system generates more energy than the demand
requires, the hydroelectric plant stores this surplus energy in the form of gravitational potential energy. This avoids

the lack or excess of active power in the distribution network [29].

The application of a hybrid technique can be observed in Dolara et. al. (2015). In this study it is proposed the
union of a parametric technique and a statistic to make the forecast, creating a ”grey-box” method. The parametric
or physical technique consists of the Clear Sky Solar Radiation Model (CSRM) method. It performs the modeling
of the irradiation incident on the installation site of the photovoltaic system, this irradiation is modeled considering
that the sky is clean, that is, without any clouds. With these considerations the CSRM can determine the period
during which the photovoltaic system receives irradiation daily and what the maximum value this irradiation [21].

After such parameters are obtained, a neural network is used to predict the energy generation.

Dolara et. al. (2015), still performs the comparison between the performance in the prediction made by the
hybrid method and by the use of an ANN (MLP) alone. For both situations the algorithm used for ANN training
was the BackPropagation (BP) with the Levenberg-Markquard. The results indicate a better performance of the
hybrid method. The author affirms the importance of a method of predicting climatic conditions to improve the

efficiency of the photovoltaic generation forecasting [21].

Another interesting approach using hybrid models is presented in [9]. In this, Ogliari et. al. (2013) develops
a hybrid prediction method that associates Dynamic Genetic Swarm Optimization (GSO) with ANNs trained with
the BP algorithm. This union was made with the objective of increasing the accuracy of the forecast by reducing the
defects presented by the EBP algorithm. The results obtained by the hybrid approach were considered satisfactory
for a practical application of the forecast. In addition, these results were superior when compared to ANN results

acting alone.

After analyzing this set of studies that was presented, some conclusions can be made:

e The treatment of the input data of the forecasting system is extremely important and directly influences the

accuracy of the results;

e The inclusion of meteorological data usually helps to improve forecast accuracy. For this reason, techniques
like the Similar Day Selection Algorithm are interesting because they include the meteorological factors in

the analysis of the problem;

e As previously noted, hybrid methods excel at forecasting tasks, by joining the forces of other methods;
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e The choice of input variables for the forecast model that are consistent with the problem is very important.

Therefore, correlation analyzes between variables are interesting in the initial stages of the research.

3.3 Artificial neural networks

3.3.1 Basic aspects

According to Jain et. al. (1996), in its history the artificial neural networks (ANN) have gone through three
landmarks. The first in 1943 with the work of McCulloch and Pitts, who were the first to address the subject and to
develop the initial concept of artificial neurons. Later, in 1960, the Perceptron network won space for Roseblatt’s
work, but was soon discredited because of its limitations in dealing with problems that are not linearly separable, the
disadvantage of the single layer perceptron network was highlighted by Minsky in his work. After this drawback,

just a few researches were developed in the area until the 1980s.

However, in that decade, the development of the backpropagation algorithm has rekindled researchers’ interest
[30, 23]. After that, advances in the area have been notable, new algorithms have been developed and these
networks have been used in many different areas, such as economics, health, computing, engineering, among

others.

The artificial neural networks, have their basic structure and functioning based on the human brain. Their aim
is to emulate the brain’s ability to solve problems [23, 31]. Haykin (1999), defines these networks as follows:
“A neural network is a massively parallel distributed processor made up of simple processing units, which has a
natural propensity for storing experimental knowledge and making it available for use” [31]. These networks have
been applied in several tasks, such as: pattern’s classification, functions approximation, prediction of parameters,

systems optimization, among others [23].

By simulating the behavior of the human brain, these networks have the capacity to learn, to adapt by experi-
ence, to adapt to changes in the environment, to generalize solutions, besides being resilient to internal situations
of failure [23]. The network learns how to generalize when it can find reasonable outputs to unknown inputs, that

means, inputs that were never presented to the network [31].

There are numerous different architectures of neural networks. Each one performs its functions in a character-

istic way. However, all of them have their construction based on a basic unit: the artificial neuron.
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Artificial Neuron

The artificial neuron is the fundamental processing cell that makes up the ANN. It is based on the biological
neuron, so that various analogies can be made regarding the functioning of both. Each ANN neuron receives infor-
mation on its input channels, performs the weighting of such information and, if certain predetermined requirements

have been met, passes them on to the next neurons through its output.

This process is analogous to the one performed by the human brain, in which the biological neurons receive
the information through their dendrites and pass this information through synapses to the other neurons, using an
output structure called the axon. It is worth mentioning that as in artificial neurons, the information is weighted and
its passage to other neurons or to the external environment is directly affected by this weighting. This is the most
important aspect for the ANN, since the learning process occurs by adjusting the synaptic weights that weighted

the inputs of the neurons [23, 31].

The Figure 3.2 is based on the artificial neuron structure, and will be used to explain in detail the functioning
of these cells and the characteristics of each one of its parts. In Figure 3.2 one can see the structure of a neuron k.
In this figure, it might be noticed the existence of the input signal. This input signal can be represented by a vector
X;. This input vector can have information from the external environment (inputs of the problem) or information

from the output of other neurons in the network.

It is worth mentioning that, when such information comes from the external environment, it is interesting to
apply a treatment in them, such as the normalization of its values [23]. As stated in chapter 3, several authors stress

the importance of this preprocessing of input data for the good performance of the network.

X, — > Wk g(.)4)yk

Figure 3.2: Artificial neuron model
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After the inputs, are the sets of synaptic weights. Each input has its own synaptic weight, so that all inputs
are weighted as them enters the neuron. The synaptic weights impress relevance on the input variables, adjusting
the influence of each of them on the functioning of the neuron [23]. It is worth mentioning that the ”Activation
Threshold” (—8) was considered as an input to facilitate the notation of the problem. According to theory, the
value of 0 can be set to —1 and it will be weighted by the synaptic weight wyg, which will represent the value of

the activation threshold [23].

After going through the weights, the inputs pass through what Haykin (1999) calls ”Summing Junction” and
what Silva et. al. (2010) calls "Linear combiner”, regardless of the name, this block has the function of performing
the sum of the already weighted inputs and relate them in order to generate in its output the ”Activation Potential”
(ur) [23, 31]. According to Silva et. al. (2010), the linear combination between the weighted inputs and the
activation threshold should result in a value of u; greater than or equal to zero for the activation potential to be
considered excitatory, otherwise it will be inhibitory [23, 30]. The activation potential can be represented by the

following relationship:

n
uk:ZWki'xi 3.1
i=0

The last block that makes up the neuron is the block of the activation function, it will process the data to generate
the output (yx) of the neuron k. This block is represented in Figure 3.2 by g(.). The function implemented in this
block takes as argument the activation potential (i) and has as output, the parameter y. This step is also necessary
to limit to an allowable value the amplitude of the output of the neuron, usually this value is in the intervals between
[0,1] or [-1,1] [31]. The parameter y; can be either the final output of the network, ie, the solution of the proposed
problem, or an intermediate output, which will be used as input by another network neuron [23, 31]. The relation

that makes up the output signal of the network is given by:

y=g(u) (3.2)

There are several types of functions (g(.)) that can be implemented in the neuron. The choice between them
depends on the type of application for which the network will be used and the type of network architecture chosen.

In Figure 3.3 the main partially differentiable functions can be seen.
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Figure 3.3: Activation functions: partially differentiable functions

The functions step, bipolar step and ramp, represented by figures (A), (B) and (C), respectively, are functions
that are partially differentiable, ie, they do not have first-degree derivatives throughout their domain. The logistic,
hyperbolic, Gaussian, and linear tangent functions (presented in Figure 3.4 (A), (B), (C) e (D), respectively) are
considered to be fully differentiable [23, 30].

The choice of function is based on whether it is totally differentiable or not. Depending on the architecture of
the chosen network and the training method used, certain operations require that the function is fully differentiable,
which explain this choice. According to Jain et. al. (1996), the type of function most used, due to its properties, is

the sigmoid function (logistic function and hyperbolic tangent) [30].

e N\

Figure 3.4: Activation functions: fully differentiable functions

This section described in detail the functioning of the artificial neuron. This is the basic cell of a artificial neural
network and its understanding is of vital importance for the complete understanding of the next steps of this study.

Thus, the functioning of the neuron can be summarized by the following system of equations:
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u= iwki - Xi (33)
i=0
y=g(u) (3.4)

Neural networks architecture

Silvaet. al. (2010), presents the differences of definition between architecture and topology of neural networks.
While the first deals essentially with the arrangement of the network neurons and how information flows between
these neurons, the second covers more technical details attributed to the architectures, such as the number of

neurons, number of layers of the network, type of activation function of neurons, among others factors [23].

A simple classification between types of architectures is proposed by [30]. In this, the architectures are divided
into two categories, defined in relation to the form of connection between the neurons of the network. The difference
between these categories is that the one of them encompasses networks that do not have feedback connections
between their neurons, while the other deals only with networks that have such connections. These categories are

[30]:

e Feedforward networks;

e Recurrent networks.

A more detailed classification was proposed by [23]. This classification has taken into account more aspects to
define the categories, such as: the direction of the information flow in the network, the types of layers and the form

of interconnection between the neurons. Therefore, for [23] the categories are:

Single layer feedforward architecture, example: Perceptron and Adaline;

Multi-layer feedforward architecture, example: Multilayer Perceptron;

e Recurring networks, example: Hopfield network;

Self-organizing map networks, example: Kohonen.

In this paper the classification made by [23] will considered. Regarding the number of layers (single or multi-

ple), ANNSs can have three types of layers [23]: the input layer, the hidden layer, and the output layer.
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As its name implies, the input layer is the one that receives the preprocessed input data from the external envi-
ronment (the input data of the problem that is going to be solved, for example). The hidden layers are intermediate
layers, their neurons have as inputs the outputs of neurons from the preceding hidden layer. And its outputs are
used as input from neurons from another hidden layer. The output layer is the last to receive the network data from
previous layers. Its output is the network’s output, ie, is the solution to the proposed problem. The number of

neurons that make up this layer are determined by the number of outputs required for the problem [23, 31].

Therefore, a single layer network has no hidden layers. This type of network, such as the single layer Per-
ceptron, for example, consists of only the input layer and the output layer, and only the output layer has neurons.
Hence, when referring to a single-layer network, only the output layer is considered. The input layer is not consid-

ered because no mathematical operations occur in it [23, 31].

In a multi-layer network, in addition to the input and output layers, there are also hidden layers. The neurons
of these intermediate layers, act in the construction of the relation between the inputs and outputs of the network.
Technically, the greater the number of neurons hidden, the greater the number of connections and, consequently, the
greater the generalization capacity of the network [31]. Ergo, a multi layer network can be employed in complex
problems that a single layer network would not be able to solve [23]. An example of a multilayer network is the

Multilayer Perceptron (MLP).

In relation to the direction of the information flow, feedforward networks have a unidirectional flow, which
always follows the path between the input layer and the output layer [23]. These networks are known as static
networks” because they produce only a closed output set, rather than a sequence of output values. Furthermore,
because they do not have feedback, the past state of the network does not affect its current state, that is, such

networks have no memory [30].

Another type of networks are the recurrent ones, these networks have feedback connections between their
layers, so that the output of one neuron can be used as input to another [23]. In order for a network to be considered
as recurring, it must have at least one feedback connection [31]. This type of network is also known as dynamic
network and is widely used in systems that vary with time, since the past outputs can be used to produce the current

outputs [30].

Finally, in the reticulated networks the input information is inserted in all the neurons of the network and each
one has its own output. In this type of network there is no division into layers, the spatial arrangement of the

neurons is what defines the adjustment of the synaptic weights [23].

The training algorithm of a network is related to its architecture [31]. Many basics concepts about neural
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network training are common to different algorithms. Therefore, the following section will present such concepts.

Training the neural network

It is through training that the network learns. Earlier, it was stated that the ability to learn and adapt through
experience was characteristic of ANN, this means that the network learns as if there was a process of ’study” to

develop knowledge.

For the network learn about the behavior of a system, examples that model the characteristics of this system
must be presented to the network. From such examples, the network has its internal parameters changed and starts
to respond differently to its inputs [31]. The ability to learn by example is considered one of the advantages of
ANNSs over classical methods that depends on equations to model the system [30]. It is considered that the network
”learned” when it absorbs the relations given by the examples of the problem and is able to generalize the solutions

to this problem, ie, when it returns responses close to those expected [23].

The training process is precisely used to create in the network this capacity of generalization. During the
training the synaptic weights and the activation thresholds of the network are altered so that the outputs produced

by it approximate the outputs expected for the problem [23, 30].

It is important to note that training is done from a set of samples, examples. Such samples should express the
behavior of the treated problem in the best possible way, ie, they should reflect the characteristics of the system that
will be studied by the network [23]. It is imperative that the maximum and minimum values of the input variables
are part of the training set, since only knowing these values, the network can generalize over the entire domain of
the problem. If the network encounters values outside of that domain during its operation phase, its responses will

be unpredictable [23].

Another important aspect is that there should be a set of samples for the training, where the network will learn
the relationships between the samples, and another set (totally different) for the validation phase of the network.
In this last phase it is verified if the network is able to generalize its knowledge, ie, if it returns valid outputs for

unknown input samples [23].

Another concept widely used during the training process is the concept of epochs of training. A training epoch
occurs after all the input-output pairs of the training set are presented to the network. The number of epochs can
be used as a training stop criterion. Another stop criterion that can be used is to check if the tolerance for the error

has been reached.
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In order to execute the learning process a training algorithm is necessary. There are several algorithms, each
one with their characteristics. The basic difference between the training algorithms is the way in which the changes
in the synaptic weights of the network are made. Also, the way in which the network receives interacts with the
environment also differs between algorithm types. This way of receiving information is called by Haykin (1999)

as ’learning paradigm” [31].

The two main learning paradigms are: supervised training and unsupervised training. In supervised training,
also known as ”learning with a teacher”, the network outputs for a certain set of inputs are compared to the desired
outputs (optimal values) for this same set. Therefore, it is possible to check the error between the desired value and
the value obtained by the network. Thus, the training algorithm works by adjusting the internal parameters of the
network in order to reduce this error and ensure that the network obtains answers that are closer to the desired ones

[23, 31].

Normally the mean square error function is used to evaluate the training. The objective of learning is to “walk”
through the surface of this function in search of its global minimum, which would be the optimal value, since it
is desired to reduce the error as much as possible [31]. The training is completed when it is considered that the
network is presenting sufficiently satisfactory answers to the inputs that are imposed to it, ie, when it reaches a

satisfactory minimum value of the function error.

In the other hand, the unsupervised training does not have the desired output values to be compared to the output
values generated by the network. Learning is done through the network self-organization, the network searches for
similarities between input samples and tries to create patterns and sets with them. Based on this categorization the

network changes its synaptic weights internally [23, 30, 31].

Reinforced training is another type of learning paradigm. This type of training is considered by Haykin (1999)
as a sub-category of unsupervised training and by Silva (2010), as a sub-category of supervised training. In any
case, training with reinforcement seeks to interact with the external environment, extracting from it all possible
information. This information is used to measure network performance, however, it should be noted that this
information does not include the desired network outputs. The information only include parameters to indicate
whether the network response is satisfactory or not and the network adjusts its weights based on this indication [23,

31].
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Topology of the neural network

The performance of a neural network in a given problem depends on many factors besides the choice of its
topology, such as data set characteristics and initial values chosen for the weight matrices. But network topology

can also greatly influence this performance.

To decide which network topology to use, some methods can be applied. The most common is cross-validation.

According to [23], there are three types of cross-validation methods:

e random subsampling cross-validation:

In this method, the data set of the problem is randomly divided into two other sets: the training set and the
test set (or validation set). Usually, in literature [23, 31], this division is made considering from 60% to 90%

of the input-output patterns for the training set. And the others 40% to 10% are assigned for validation.

For each topology the training can be repeated several times, for each time the division of the sets is randomly
remade. In the end, the global performance of the topology is obtained based on the performance in each

time.

e k-fold cross-validation:

For this approach the data set is divided into k parts, where one part is used for the validation set and the
others compose the training set. For each topology the training-testing process is repeated k times, until all
parts are used as test set. As before, the global performance is given in relation to the performance for each

training-testing process.

e leave-one-out cross-validation:

For this method, only one input-output patterns is used as the test set, while all the other patterns stay in the

training set. The learning process occurs until all the patterns are used as test set.

Other considerations about artificial neural networks

In literature is stated that more the number of neurons, more the network can generalize and therefore, lower is
the training error. This statement is true as long as the network overfitting does not occur. In other words, a network
with to few neurons will have trouble in generalizing and its errors during the training phase and the test phase will

be very high.
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In the other hand, the overfitting is the situation where the network has an unnecessarily large number of
neurons and end up decorating the responses during the training phase. Thus, the network has a very low error
during this phase. However, this does not mean that the network has a good level of generalization, it just means
that it has memorized the data, so when it receives unknown data (as it happens in the test phase) it will present a

very high error [23, 31].

Also, the initial guess of the network’s weights is very important, because it can highly affect the convergence.
During its learning and its operation, the network “walks” through the surface of the mean square error function in
search of its minimum value, which is called global minimum, this is the optimal solution and it is the one that the

network designer wants to find.

However, the path that the network travels depends on its starting point and this point is defined by the initial
values of the synaptic weights of the network. Depending on these values, the network may travel a path that takes
it to a local minimum point and it may not be able to get out of this point, considering that this is the optimal
solution. To avoid this situation, the network might be trained a few times so that the starting point of operation is

changed and different paths are traveled.

The last important topic that should be checked for the implementation of neural networks is the normalization
that should be applied to the input data. This normalization process is necessary because it avoids saturation of the
network activation functions. With this process, the output values obtained by the network will also be normalized

and must go through the opposite process to be used in practical situations.

3.3.2 Multilayer perceptron

To solve the problem proposed in this study, the artificial neural networks technique was chosen. The Multilayer

Perceptron Network (MLP) is the most commonly used network within the feedforward architecture [30].

This network was already successfully applied to several problems in different areas and is considered one of
the most versatile architectures. Thus, this network was selected to be used in this project to solve the problem of
photovoltaic generation forecast. This choice was also based on the existence of an extensive number of researches

that have already used such networks to perform this same task.

This section will present basic concepts about this network, discussing its structure, its training algorithm and

explaining its characteristics of operation.
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Basic concepts

Multilayer Perceptron are networks that have an input layer, an output layer and also hidden layers. This
network is part of the feedforward architecture class and, therefore, the information that flows through it follows

only one way, the one from the input layer to the output layer, without feedback [23, 31].

In Figure 3.5, an example of a generic MLP is shown. In the figure, the net has as input a vector X; with n
elements. In addition, there are k hidden layers composing the net, the first one has n1 neurons, and the k;j, layer

has nk neurons.

Figure 3.5: Generic model of Multilayer Perceptron Network

The output layer could contain as many neurons as needed to correctly represent a particular problem. In this
example it was chosen to use only one neuron. Also, it is worth mentioning that the knowledge of the network is
distributed in all its neurons, and the generalization task is performed mainly by the neurons of the intermediate
layers [23]. Thanks to these layers the network is able to perform more complex tasks than Single Layer Perceptron

networks and to extract more relations between the input-output pairs [31].

Another important feature of these networks is that their neurons have non-linear and totally differentiable
activation functions, such as the logistic function. According to Haykin (1999), the non-linearity of the activation
function is what differentiates the processing done by the MLP network from the processing done by the Single

Layer Perceptron network [31].

The MLP training is done using the learning paradigm of supervised learning. Therefore, all the samples in the

data set must have the input values and also the desired output. For the training, the Back-Propagation algorithm, or
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some of its variations are used [23, 31]. In the next section the development of these algorithms will be presented.

3.3.3 Multilayer perceptron learning algorithms

In this section will be presented the MLP learning algorithms. First the traditional backpropagation algorithm
will be described, then, another method will be introduced, the Levenberg-Maquardt method. To facilitate the
calculation development, it is necessary to have a well-defined index set for the network. Therefore, Figure 3.6

shows the network parameters with the indexes that will be used throughout this section.

Figure 3.6: Multilayer Perceptron Network indexes

The backpropagation algorithm (BP) is a traditional training method to neural networks. It is used in a lot off
application, but it is a know fact that the BP is a algorithm with slow convergence. The slow convergence of this
method is due to the step size of the algorithm. The step size, also know as learning rate, determines how much the
algorithm will move towards the optimal solution. When the learning rate is large, it can cause oscillation around
the optimum solution, without reaching it. However, a small step size leads to a slow convergence, even when the

gradient is smooth [32].

The Gauss-Newton method can improve the BP, because in this method the step size for each direction is chosen
using second-order derivatives of the error function. But this method only works when the error function can be

approximated by a quadratic function [32].

The Levenberg-Maquardt (LM) unites the BP and Gauss-Newton methods. It has the fast convergence of the
Gauss-Newton method, but is more robust than this, converging to more complex surfaces. Also, LM has the
stability of the BP method, but is much faster. By joining both methods, LM works as follows: When the error

surface has a complex curvature, the LM works as the BP, but when the curvature approaches a quadratic function,
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the method behaves as the Gauss-Newton algorithm, converging faster to the optimal solution [32].

Backpropagation algorithm

The algorithm is divided into two phases: the forward phase, where the network outputs (function signals) are
obtained and the errors signals are calculated; the backward phase, where the weights are updated. It is important to
note that the first layer to have its weights updated is the last layer. After this, the other layers’ weights are updated

in reference to the subsequent layer.

Also, the weights are usually updated on a pattern-pattern basis (online basis). That means that for each pattern
from the training set, the weights have their value adjusted in accordance with the errors computed for that specific
pattern. After all the patterns in the training set are presented to the network, a epoch is computed. The average

error is calculated for each epoch.

Forward phase

For the forward phase, the input (x) and the desired output (d) matrix are presented to the net, both of these
matrices are composed by p vector. Where p is the number of samples in the training set. For the first layer, a}- (p)
is the input vector of the j;;, neuron of the first layer, for the p;, sample and w;’i(p), for: (i =1,...,n) is the synaptic
weight between the input i, from the input layer, and the neuron j, from the first hidden layer. And x;(p) is the iy,

line of the network’s input matrix (x), for sample p:

aj(p) = ;)W},i(p) -xi(p) (3.5)
1=
For the other layers:
k L k—1
dj(p) =Y Wii(p) ¥ (p) (3.6)
i=0
One can notice that for ylg_] =—1and W’;',o = 0. The output of the j;; neuron of layer & is:
Yi(p) = f4(di(p)) 3.7)

Considering a M layer network, for a neuron in the output layer, it will be considered Haykin (1999) notation:
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Y (p)=0;(p) (3.8)

The error signal at the output of neuron j (considering the p,, sample) is given by:

ej(p) = (dj(p) —o;(p)) (3.9)

The quadratic error function will measure the performance of the network, this function is defined, over all

neurons in the output layer, as:

1 nM )
E(p)=5 ). €ip) (3.10)
j=1
And the average squared error is obtained by:
1 P
m=1

Where P is the total number of samples in the training set. One can notice that E(p) and E,, are functions of
the free parameters. These are the synaptic weights and the bias level, that in this study was considered also as a
synaptic weight. Since (3.10) and (3.11) measure the error of the network, they also assess the learning performance
of this net. Hence, looking at this as a optimization problem, the function given by (3.11) is the cost function of the

problem, and the learning algorithm has to minimize this function.

Backward phase

JE(p)
J Wj,i(p)

In the backward phase the weights values are updated proportionally to . This partial derivative may

be expanded using the chain rule:

JE(p) _ 9E(p) dei(p) 9y,(p) 9da;(p) (3.12)

dw;i(p)  dei(p) dyi(p) daj(p) Iw;ilp)

Where:
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Using equation (3.10):

Using equation (3.9):

Using equation (3.7):

Using equation (3.6):

Therefore, the adjustment of the weight is:

o) =~ g

JE(p)

ow j,i(p)

Where 71 is the learning rate and

(3.13)

(3.14)

(3.15)

(3.16)

3.17)

is the gradient of the error function. The minus sign represents that

the weights’ update is made in the direction that minimizes the value of E(p). Replacing in (3.17) the expressions

found in (3.13), (3.14), (3.15) and (3.16):

Awji(p) =n-(ej(p)-f'(aj(p))-yi(p))

Defining the “local gradient” (6) as:

It can be shown, using (3.13), that:

Then:

Aw;i(p) =n-6;(p) yi(p)

(3.18)

(3.19)

(3.20)

(3.21)
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Nevertheless, the local gradient is not the same for a neuron j in the last layer and for a neuron j in a hidden
layer. That happens because the error signal (e;(p)) is not related in the same way to both neurons. Hence, the
weights adjustment has to be divided into two steps: first, the last layer weights are updated; second, the hidden

layers, one by one, have their weights updated.

e Last layer weights update:

For a neuron j in the last layer, the error can be obtained in the same way as shown in (3.9). Therefore,

considering a net with M layers and using the development presented above, the local gradient is given by:

8/ (p) =ej(p)- f'(d} (p)) (3.22)

And, equation (3.17) for the last layer is given by:

Awii(p) =m-8(p)- 3" (p) (3.23)
e Hidden layers weights update:

Using the definition of the local gradient presented in (3.19), this may be obtained to a neuron j in a hidden
layer k:
OE(p) _ 9E(p) 9%(n) _ 9E(p)

k — — . = — . f ak. .

Since the error is relative to the values of the last layer, the considerations previously used can not be made.

Therefore:
JE(p) X5 9E(p) da,(p)

I(p) mgl dd (p)  IVi(p)

Where m is the index of a neuron in the layer (k+ 1).

(3.25)

Considering (3.6),

aaﬁfl(l?) o k+

ok(p) ™ (7)

And, since:

dE(p) _ JE(p) 9y, '(p)
day ! (p)  Iyk(p) dak(p)

That is equal to —85t!(p).
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Equation (3.25) is given by:

JE(p)
y,p

Z 5k+1 k-H (p) (326)

And following the definition given in (3.19), the “’local gradient” of a hidden layer is:

5(p) =~ jf,;iii (Z 5" (p k“(p)) 1 (@) (3.27)

Then, (3.17) for the hidden weights is:
Ak (p)=—-n-8(p)-y: (p) (3.28)

Levenberg-Marquardt algorithm

The Levenberg-Marquardt method is a optimization technique that can be applied to the BP method to speed
up its convergence. The LM algorithm is derived from the Newton method. For the Newton method, a function

V(z) can be minimized with respect to the parameter vector z using the following procedure:

—1

Az=—(V?V(z)) -VV(z) (3.29)

Where V2V (z) is the Hessian matrix and VV (z) is the gradient of V (z).

m

If V(z) is a sum of squared functions (V (z) = Z e?) , the following relations are true:
i=1

VV(z)=J"(z)e(z) (3.30)

V2V (z) =J"(z)-J(z) +S(z) (3.31)

Where S(z) is given by:
m
S(z) = Z ei(z) - VZei(z)
i=1

For the Gauss-Newton method, the term S(z) is considered zero. And J(z) is the Jacobian matrix, given by:
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[dei(z) dei(z) dei(z) 7
dz dzmy T _9dz,
8e2(z) 8e2(z) 8e2(z)
J(z)=| 9z dn T O (3.32)
den(z) dep(z) den(z)
L dz dzn  dzy

Where m is the number of square functions and n is the number of elements of vector z. Replacing equations

(3.30) and (3.31) in equation (3.29), the Gauss-Newton update is:

Ve=—(1"(z)-J(z))  -J'(z) e(z) (3.33)
The Gauss-Newton method is already faster than the BP algorithm, but it has a problem: the matrix J” (z)J(z)
may not have a inverse matrix. To solve this problem, Levenberg-Marquardt proposed the following approximation

to the Hessian matrix:

AV (z)=J"(2) J(z)+u-1 (3.34)

Where u is called combination coefficient and I is the identity matrix. Therefore, to LM method, equation

(3.33) turns into:

A=—("(2)-J@) +u-1) " T (2) e(z) (3.35)

The setting of the u parameter is what defines the direction followed by the method. If after an iteration, the
error of the current output is greater than that obtained previously, the parameter u is multiplied by a factor 8. Thus,
the LM method approaches to the steepest descent method. However, if the error decreases between two iterations,
the value of u must be divided by the factor . With this decrease of the parameter u, the method approaches the
Gauss-Newton method. It is desired that the LM method turns into the Gauss-Newton method as soon as possible,

since this method has a faster convergence [33, 32]. In literature, the value of 3 is usually defined as 10.

To the training of the neural network, z will be the vector with all the weights of the network:

_ P r . 2. LM T
7= [W171,W172,...,W171,...,WnM7n(M_1)]
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In this vector, nM is the number of neurons in the last layer and n(M — 1) is the number of neurons in the pre-
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