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OVERVIEW OF THE PHOTOVOLTAIC SYSTEM

GENERAL INTRODUCTION
1. INTRODUCTION

Energy is the basis of all human activity. Today, a large proportion of global energy
demand is met by fossil fuels. However, fossil fuel reserves are limited. Some developed
countries have turned to nuclear energy, although this is not within the reach of all nations,
particularly developing countries, and carries the risk of serious accidents. Indeed, the growth
in global energy demand, the inevitable depletion of fossil fuel resources in the medium to long
term, and the environmental damage caused by these energy sources have prompted the
development of new, renewable energy sources, thereby ensuring sustainability and

environmental protection, which has become a matter of great importance. [1]

The use of photovoltaic solar energy appears to be a necessity for the future. Indeed, solar
radiation is the most abundant energy resource on Earth. The amount of energy released by the
sun (captured by the Earth) in one hour could be sufficient to meet global energy needs for a
year. In order to make better use of this energy and optimise its collection by photovoltaic
panels, it is necessary to know the distribution of solar irradiance at the proposed site for the

photovoltaic installation, under different orientations and inclinations. [1]

A photovoltaic generator can operate within a wide range of output voltage and current,
but it can only deliver maximum power at specific values of current and voltage. Indeed, the
generator’s [-V characteristic depends on solar irradiance and temperature. These climatic
variations cause the maximum power point to fluctuate. Because of this fluctuation, one or more
controlled static converters are often inserted between the generator and the load to track the
maximum power point. [2]

These controllers, known as MPPT (Maximum Power Point Tracking) controllers, are linked
to the inverter, which acts as the interface between the PV generator and the load by ensuring
that the former delivers its maximum power. MPPT techniques are used in photovoltaic systems
to maximise the power output of the photovoltaic panel by continuously tracking the maximum
power point, which is not easy to achieve; indeed, this tracking problem remains the subject of
much research. Consequently, several methods have been developed and utilised. In this work,
we develop an intelligent and innovative method, combining intelligent (neural) techniques

aimed at tracking the maximum power point, as well as improving the responses obtained with

~1~



OVERVIEW OF THE PHOTOVOLTAIC SYSTEM

previously developed classical algorithms, regardless of variations in climatic conditions
(sunlight, temperature, etc.)etc.), even under the most unfavourable conditions. The simulation
results obtained have shown that the neural network technique yields good results and that this

controller is efficient and highly robust.[ 2]

2. Organisation of the thesis

This thesis, comprising three chapters, is organised as follows:

e In the first chapter, we detail the principle of photovoltaic conversion, including the
photovoltaic effect, photovoltaic cells and photovoltaic generators. We then describe in
detail the mathematical model of the PV system. Next, we present simulations showing the
effects of irradiance and temperature on the PV system’s performance.

e In Chapter 2, we examined maximum power point tracking (MPPT) techniques, focusing
on the Perturb and Observe (P&O) algorithm and neural networks, whilst explaining the
working principle and characteristics of each technique.

¢ In Chapter 3, we simulated the P&O algorithm and neural networks and applied them to the
photovoltaic system, presenting the results and conducting a comparative study of the two
techniques in terms of tracking speed, stability and maximum power point extraction
efficiency.

e At the end of this thesis, we provide a general conclusion
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CHAPTER 1 GENERAL INFORMATION ON PHOTOVOLTAIC GENERATORSPHOTOVOLTAIC

I.1. Introduction

The conversion of solar radiation into electricity through the photovoltaic process is
one way of harnessing solar energy. Generating electricity using clean methods has become a
vital necessity in a world where the environment is threatened by pollution and the greenhouse
effect [3]. Photovoltaics (PV) is a clean and inexhaustible energy source. It is an essential
component of renewable energy that can help the world meet its ever-growing energy needs,

whilst limiting the rise in greenhouse gas emissions and reducing environmental pollution.

In other words, photovoltaics is an intermittent energy source. It is an attractive solution as a
replacement for or complement to conventional sources of electricity supply due to its many
advantages [3]:

- It is a reliable source that requires little maintenance;

- It provides electricity using the sun’s free and renewable energy;

- It requires no fuel;

- It is silent, non-polluting and environmentally friendly;

- It has a lifespan of around 25 year;

I.2.Principle of photovoltaic conversion

In the next section of this chapter, we will examine and analyse the electrical properties
(current, voltage and power) of PV cells. First, we will briefly outline the structure and
operation of a PV cell and module; we will also examine the electrical behaviour of these

cells, which form the basic building blocks of PV generators. [4]

1.2.1.Photovoltic effect

This involves converting the energy contained in sunlight into electrical energy using
a sensor made of materials sensitive to the energy contained in photons. At the most basic
level, this sensor takes the form of a cell known as a PV cell. The photovoltaic effect was first
observed by the French physicist Edmond Becquerel [3]. However, it was not until the 1950s
that researchers at Bell Laboratories in the United States succeeded in manufacturing the first

photovoltaic cell, the primary or basic component of a photovoltaic system [4].
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1.2.2. Photovoltaic cells

A PV cell, also known as a photovoltaic cell, is an electronic component made using
semiconductor materials that have the unique property of generating electricity when exposed

to light. It is generally made from silicon in its various forms. [5].

1.2.2.1. Structure and operating principle of a cell

The basic structure of a PV cell consists of two layers of silicon, one P-type (doped
with boron) and the other N-type (doped with phosphorus), thus creating a PN junction with
a potential barrier. The N-type region is covered by a metal grid which acts as the cathode,
whilst a metal plate (back contact) covers the other side of the P-type region of the crystal and
acts as the anode [3]. When photons are absorbed by the semiconductor, they transfer their
energy to the atoms at the PN junction. Thus, the atoms are bombarded by the photons
constituting the light (Fig. (I.1)), and under the effect of this bombardment, the electrons in
the valence layers tend to be knocked out of their orbits. This then creates a potential
difference between the two layers. This potential difference can be measured between the

positive and negative terminals of the cell, via a load.

[1] Fig. I.1: Operating principle of a PV cell

A photovoltaic cell is therefore, by definition, a basic electrical generator.

It directly converts light into electricity.

Different types of cells :

Various solar cell technologies are currently being developed; over 90% of annual solar cell

~5~
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production is based on crystalline silicon [5]. Depending on their base material, cells can be
divided into three groups:

- Monocrystalline silicon cells
- Polycrystalline silicon cells

- Amorphous silicon cells

Monocrystalline cells :

These have the highest efficiency (15-22%) but are also the most expensive

due to their complex manufacturing process. [4]

Polycrystalline cells :

As they are simpler to manufacture, their production costs are lower; however, their

efficiency is lower (13-20%) [5].

Amorphous cells :

They have a low efficiency (5%) [5] but require only very thin layers of silicon and are
inexpensive. They are commonly used in low-power devices such as solar-powered
calculators.

It should be noted that, regardless of the material used, the efficiency of PV conversion can
reach up to 40% [5]. These low efficiencies, linked to the materials technology, constitute the
first major problem in the exploitation of solar energy [3]. Thanks to new materials such as
cadmium telluride (CdTe), gallium arsenide (GaAs) and copper indium selenide (CIS), solar

cells with efficiencies of 40% have been developed in the laboratory [3].

1.2.2.2. Electrical model of a PV cell

A. Equivalent circuit of a cell :
Modelling the behaviour of a PV cell draws on the properties of solar radiation and those of
semiconductors.
In the literature, there are several mathematical models of a photovoltaic cell, the aim of which

is to obtain the current-voltage (I-V) characteristic for the analysis and evaluation of

~6~
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photovoltaic module performance. These models differ from one another in terms of the chosen
structure of the PV panel and the number of parameters involved in calculating the current-
voltage pair. The single-diode model is the most traditional and the most commonly used. It
employs a current generator to model the incident light flux and a diode to account for the cell’s
polarisation phenomena. To account for physical phenomena at the cell level, the model is
supplemented by two resistors, a series resistor Rs and a shunt resistor Rsh. The series
resistance is due to the contribution of the base resistances, the junction front, and the front and
rear contacts. The shunt resistance characterises the leakage currents from the junction along
the cell’s periphery: it is reduced as a result of the penetration of metallic impurities into the
junction (especially if it is deep), during the deposition of the metal grid or the contact pads on
the back surface of the cell [4]. Fig. (I.2) shows the electrical equivalent circuit of a cell. This

figure demonstrates that the current generated by a cell is equal to the sum of three currents.

L ——

I IRsh 1
D RS

D Vb RSh

Fig. 1.2: Equivalent circuit of a PV cell [4].
B. Electrical characteristic (current-voltage) of a cell :

As shown in Fig. (1.3), the static characteristic of a cell is that of a photodiode but in
generator mode [5,7]. The I(V) curve of the solar cell passes through three important

points:
- The short-circuit current/cc ;
- The open-circuit voltageVco ;
- Point M, which represents the point of maximum power.
The I(V) characteristic of a PV cell is divided into three parts [8]:

- Region (a), where the cell behaves as a current generator/cc proportional to the

irradiance G;
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- Region (b), where the cell behaves as a voltage generatorVco ;

- Region (c), where the internal impedance of the generator varies rapidly.

M |——— e

icc I(A)

(@) /

[Muminance G i t

N P=0

G162

- G163

=1

III IV

Fig. 1.3: Static I(V) characteristics, (a) I(V) of a photodiode, (b) I(V) of a PV cell [6].

A.Determination of the various parameters :

A cell is characterised by various parameters that help us plot the I(V) and P(V)

characteristics of a PV cell. These parameters can be internal or external. Internal parameters

These are parameters derived from equations that allow us to obtain the I(V)
characteristic of a photovoltaic cell. When the sides of the circuit are connected to a

load R, a current I flowing through the circuit causes a potential difference to arise.

~8~
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Kirchhoff’s law allows us t write the following relationship:

Where:
I=Iph—ID - IRsh (L.1)

-1 is the current supplied by the cell;

- Iph is the photocurrent, which is proportional to the illuminance G; it also

corresponds to the short-circuit current ICC, defined as follows:

Ioh = Lec (=) (1.2)

- ID represents the bias current of a diode; it is given by:
V—RsT

Ip=Is(e vt —1) (L3)

Where:

IS: is the current dependent on temperature T and the electrical parameters of the

junction.

VT: is the thermodynamic potential defined by:

Vr= % (1.4)

T: is the actual cell temperature in Kelvin

- Irsnis the current flowing through the resistor Rsh. It is given by:

IRsh = (IS)

From equation (I.1), we obtain the expression for the I(V) characteristic of the chosen model:

= lce (55) ~Is (e"(((V — Rs)/VT) 1) - LE0

These parameters can be determined from the I(V) curves, or from the

characteristic equation (I.6). The most common are as follows:

1. Short-circuit current Icc :

This is the current obtained by short-circuiting the cell terminals (taking V = 0 in the
equivalent circuit). It increases linearly with the cell’s irradiance and depends on the
illuminated area, the wavelength of the radiation, and the temperature [9].This current
is identical to the photocurrent/pn. By setting the voltage V to zero in equation (1.6), we

obtain [8,9].

Rslcc

Le=In—Is(evr -1) -2

Rsh

(1.7)

~0~
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Rslcc

For photovoltaic cells with low series resistance, the term Is (e vt -1)

in front of I,n. The approximate expression for the short-circuit current then

becomes:

Tec = PR (L8)

1+Rsh

2. Open-circuit voltage Vo :

This is the open-circuit voltage at which the current output by the cell is zero (it is
the maximum voltage of a photovoltaic cell). It depends on the potential barrier and the
shunt resistance. It decreases with temperature and varies slightly with light intensity. It

is expressed analytically by the following formula [4]:
Vo= Vi *In 2 41 (L9)

If the series resistance is zero and the shunt resistance is infinite, expression (1.9) becomes:

Veo= V1 # In 22 (L10)
It is noted that for a silicon photovoltaic cell, the Vco voltage is in the range of 0.55 to 0.6.

3. Optimal power and form factor [8,9] :

The maximum effective powerPm =Vmlnm is obtained by optimising the product of current and
voltage.

IM

= ()M (L11)

As for the form factor FF (also known as the curve factor, fill factor, or (fill factor)), it is

defined by:

__ VM.IM
Vco.Icc

FF

(L12)

This factor shows the deviation of the (V) curve from a rectangle (of length Vo
and width I ) corresponding to the ideal photovoltaic cell. The values of In and
Vm are obtained from equations (I.7) and (I.11). To do this, we distinguish between
two cases:

- If Rsn 1s infinite, the derivation leads to the r

- solution of a non-linear equation in/m using a numerical method, and thus enables

~10 ~
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the calculation of Vu ;
- If Rsnis considered finite, the derivation leads to the solution of a non-linear equation

in Vwm using a numerical method.

4. Efficiency :

The power P = I V is zero in short-circuit and open-circuit conditions. It reaches
a maximum when tracing the I(V) characteristic. This maximumPwm can be
determined by plotting the I(V) characteristic and the hyperbolas of constant power
on the same graph. The optimal operating point corresponds to the point of

tangency of the two curves, as shown in Fig. (1.4).

Load line

V()
Fig. 1.4: Optimal operating point of a PV cell [8]

The efficiency of the photovoltaic cell is given by:

n= 7o (L13)

PO is the incident power. It is equal to the product of the irradiance and the total surface area
of the photovoltaic cells. For silicon, the efficiency is less than 14%. The line passing through
the origin and the point of maximum power has a slope that corresponds to the optimal load of

the photovoltaic cell, as shown in Fig. (1.4)[3, 8, 9].

B. Parameters influencing the current-voltage (I-V) characteristic :

Four parameters influence the electrical behaviour of a photovoltaic cell or generator:

> Series resistance Rs,
» Shunt resistance Rsn,
» Illuminance G ,

» Temperature T .

~11 ~
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Influence of series and shunt resistances

The performance of a photovoltaic cell deteriorates in proportion to the magnitude of the
series resistance or the smallness of the shunt resistance [8, 9]. Fig. (I.5-a) shows the influence
of the series resistance on the cell’s I(V) characteristic. The dotted curve corresponds to a non-
zero value of rs. This influence is reflected in a decrease in the slope of the curve in the region
where the cell operates as a voltage source. The corresponding voltage drop is related to the
cell’s internal resistance.

In the case of shunt resistance, which is directly linked to the manufacturing process, its
influence is only noticeable at very low current values. Fig. (I.5-b) shows that this influence
results in an increase in the slope of the cell’s power curve in the region corresponding to
operation as a current source. This arises from the fact that, in addition to the diode forward
current, an additional current varying linearly with the applied voltage must be subtracted from
the photocurrent.The shunt resistance is generally very high; if it decreases, a slight slope is
observed near the short-circuit current point on the I(V) characteristic (Fig. [.4). A shunt
resistance that is too low will affect the cell’s open-circuit voltage: a photovoltaic cell with a

shunt resistance that is too low will no longer produce voltage under low illumination.

L I®

@) ()

Fig. L.5: Effect of resistors, (a) in series, (b) in parallel, on the I(V) characteristic [10]
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Influence of temperature :

Temperature is a very important parameter in the behaviour of photovoltaic cells. Indeed,
if the temperature increases, The increase in temperature also results in a decrease in the
maximum available power, of the order of 5.! WX per cm?of cell, i.e. a variation of 0.35% per
degree. The parameter T can be introduced into equation as shown by the following equation
[6,9]

q(V+RsD) V+RsI

G
I=lec( =) +a(T-Trep) — Is (¢ mrT ) 1) - —=

(L14)

a : Coefficient characterising the variation in power as a function of temperature.

Tref : Module temperature under standard conditions (T =298.15 K,G = 1000 W/m?).

1IA)

B Constant irradiance
= G=1000 W/m?
L T=328.15K
B T=318.15K
L T=308.15K
B T=298.15K
B T=288.15K

0| ] ] ] ] ] ] ] [ v(V)

Fig. 1.6: Effect of temperature on the I(V) characteristic [9]
Effect of illuminance

The photocurrent Ipn is practically proportional to the illuminance or luminous fluxG .
The current/a (V4 ), which by definition is the forward current of the junction in the dark,
normally remains unchanged. This applies only to cells that do not utilise solar radiation
concentration or that operate under low concentration. In fact, the carrier density and the
saturation current are affected by variations in temperature and irradiance. The photocurrent
generated in a photovoltaic cell is also proportional to the surface area S of the junction exposed
to solar radiation. However, the open-circuit voltage is independent of these factors and depends
solely on the quality of the material and the type of junction in question. Fig. (I.7) shows the
I(V) characteristics of a photovoltaic cell (PN junction on 57 mm diameter monocrystalline
silicon) at 25°C and under various illuminance levelsG . Each of these values of luminous flux
corresponds to a maximum electrical power that the solar cell could supply. Note also the slight

decrease in open-circuit voltageV co following a drop in luminous flux [6,9].
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 1(A)

.

- G=1000 W/m?

Constant

constant

- G=800 W/m=

L G=600 W/m?

G=400 W/m?

G=200 Wm*

Fig. 1.7: Effect of irradiance on the I(V) characteristic[9]

I.2.3.photovoltaic generator

A single cell measuring a few dozen square centimetres delivers a maximum of a few
watts at a very low voltage (in the region of 0.6V to 0.8V), as this is the PN junction voltage.
In order to increase the operating voltage and thus the power available across the entire array
of cells. The cells are connected in series/parallel, resulting in what is known as a photovoltaic

generator (PVG) [11].

1.2.3.1. PV module

A. Structure of a PV panel :

Connecting several PV cells in series and/or in parallel results in a photovoltaic generator
(PVG), also known as a PV module or panel. When cells are connected in series, the voltages
of each cell add together, increasing the total voltage of the photovoltaic generator. On the
other hand, if the cells are connected in parallel, it is the current that increases [9]. Fig. (1.8)

shows a series/parallel connection of PV cells.
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1 2 NeM Ty

| | —
D--E-- G-
2 M

A

| | |
A

® b)

Fig. 1.8: PV panel consisting of NSM cells in series and NPM cells in parallel

(a) Panel structure (b) Photovoltaic solar panel [9].

The I(V) operating curve of a module is derived from the operating curve of a single
cell by scaling the x-axis. The performance of a PV generator is determined from these

characteristic curves. Fig. (1.9) shows the electrical characteristics I(V) and P(V) of a PV

panel.
Current (A) Power (W)
A A
Icc
Im P P, :Point de puissance
— maximale
Voltage (V) " Voltage (V)
Vi Veo Vin Vo
(@) (b)

Fig. 1.9: Characteristics of a PV panel, (a) I(V) characteristics, (b) P(V) characteristics [9]

It should be noted that in order to apply the I(V) and P(V) characteristics of a panel that
will be homothetic at every point to the I(V) or P(V) curve of a PV cell, all the cells must be
identical [6]. Thus, the I(V) characteristic of a photovoltaic generator (GPV) has a point of

maximum power (pm).
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Note :

The power of photovoltaic modules is expressed in peak watts. This represents the power
that a module can supply when connected to its nominal (optimal) load, under an irradiance of
1000 W™ and at a temperature of 25°C. For a silicon photovoltaic cell with a diameter of 10 cm,

the peak power is Pc=z 1 W [11].

B. Connection of photovoltaic cells :

Series connection :

In a series connection, the same current flows through all the cells, and the resulting
characteristic of the series connection is obtained by adding the voltages at a given current [4].

Fig. (I.10) shows the resulting characteristic obtained by connecting » identical cells in series

Current (A)
r 3

Characteristic of a
Iscc = Iec

cell

Characteristic of
ng cells

> Voltage (V)

Veo Veo = nVseo
Fig. 1.10: Characteristics of a series array of PV cells [4]

This figure shows that for a series array ofns s, the voltage vco of the array
increases by a factor of [4.9]:
Vsco =nsVco (I.15)
Parallel connection :
When identical cells are connected in parallel, the voltage across the branch is equal to the
voltage of each module, and the current increases in proportion to the number of cells in parallel

in the branch. The resulting characteristic is shown in Fig. (I.11) [8].

This figure shows that fornp cells in parallel, the group current ;cc increases by a factor

of [9]:
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Ipcc = nplec (I.16)

Current (A)

Characteristic of

Ipcc = nplcc
n pcells

Characteristic of a

/

cell

Voltage (V)

Vpco = Veo

Fig. I.11: Characteristic of a parallel array of PV cells [4]

C. Advantages of a module :

PV modules perform the following functions [12]:
- Protection of cells against weather conditions;
- Mechanical protection and support;

- An electrical connection between the cells and the outside.

D. Positioning of solar panels :

One of the methods for increasing the overall efficiency of a PV system by 17aximizing the
solar energy received is to improve energy capture efficiency through the correct orientation of
the photovoltaic array modules. Solar panels should be positioned perpendicular to the sun,
facing south in the northern hemisphere and north in the southern hemisphere. Solar collectors
should be installed on the ground or on the roof, facing south, away from shaded areas. They

must be tilted at an optimal angle to achieve the best possible result (maximum energy) [12].

1.2.3.2. PV fields

Currently, the power output of a module ranges from a few peak watts to several tens of peak
watts. To increase the voltage and current to achieve higher power outputs, modules must be
connected in series and/or in parallel via the connections in the junction box, which is equipped
with the necessary safety features, thereby forming a PV array. As illustrated in Fig. (I.12), a
PV array is, by definition, made up of modules of the same technology and with identical
characteristics, electrically connected to one another either in series or in parallel [1].
Therefore, the current and voltage of a PV array consisting of ns modules in series and np

modules in parallel are:

Vrv=Ns Vm (L.17)
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Ipv=NsIm (I.18)

Np

Fig. 1.12: PV array consisting of N modules in series and N branches in parallel [7, 13]

1.2.3.3. Efficiency of a GPV photovoltaic generator

As with a cell, the efficiency of a photovoltaic generator (GPV) is the ratio of the
maximum available power to the input power of the PV array, given by:

_Pu
no=—" (L19)

Where:

PM=ImVMm et Pe=GNsNpS

S: total surface area of the photovoltaic generator GPV.

NS and NP: number of modules in series and in parallel.

I.3. MATLAB Simulation of a photovoltaic generator

The PV generator essentially consists of one or more PV modules. These modules are
formed by a series or parallel arrangement of PV cells that convert photovoltaic solar energy
into electricity. To model a solar panel, we used MATLAB software as a testing and
simulation tool. We implemented a programme in the form of a script file containing equations
[[.17]-[1.31] from the equivalent circuit, which are necessary for plotting the I(V) and P(V)
curves of a solar panel. According to [12], the shunt resistance can be neglected since it is
usually very large compared to the series resistance, particularly for monocrystalline silicon

cells; therefore, the circuit in Fig. (I.2) becomes:
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ID RS A
Iph D Vp VPV

Fig. 1.13: Equivalent circuit of a PV cell without shunt resistance [14].

Thus, equation (I.14) can be written as:

(V+RsI)

I=lcc(—=)-Is(e vT -1) (1.20)

The equation relating the current delivered by a PV module consisting of Ns cells

connected in series and the voltage across its terminals is given :

(V+RsI)

G
I:ICC(m)—IS(G vT -1) (121)
Nsn KT
As: VT = p

Taking into account the influence of irradiance and temperature, the steps to follow to plot

the I(V) curve of a PV panel are:

»  Calculation of the irradiance current jpi:

For a given temperature 7, we have:
Iph =Iph (Tr) [ 1 + a AT] (1.22)
where: AT =T -Tr

Tr: Reference temperature, 298 K (25 °C).

a: coefficient of variation of the current as a function of temperature, as specified by the

manufacturer.
Iph(Tr) = Iec (Tr) = (1.23)

Go : Reference illuminance (1000 W/m? ).
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Therefore:

lee = Iec (Tr)[1 + a AT] (1.24)

»  Calculation of the saturation current [15]:

Is = Is (Tr) (;-)3\e > (1.25)

Where: b and c are constants defined as follows:

b= 222 (1.26)
1 1
C= T Tr (127)

Calculation of the series resistance Rs :

Various methods are proposed for calculating the series resistance [4,9], including:

_ 4 1
Rs=- dlvee  Xv (128)
Where:
cc(Tr) I. 29
V== é;(g;w?)e‘lllﬂ'l?r) ( )
» Calculation of Vc:
Ve=2¢% (130)

Ns
Finally, to solve the non-linear characteristic equation (1.27), the following Newton-Raphson

numerical method is used:

F(X
X, =Xn- F,((X’:) (1.30)

Where Xn represents an iteration, Xn+1 represents the next iteration, and f(Xy) is the

derivative of the function f(X,) = 0.

V+Rsl

F)=I-Iph-Is(e vt —1)=0 (1.31)
The current I is therefore calculated as:

| V+Rsl
Is(e VT -1)

V+RsI Rs
—-1-Iox(e VT -1 7
T(T)

n+1=In
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1.3.1. Choice of panel

We have chosen the BP-SX150S photovoltaic module because it offers the highest
efficiency when compared with panels from other manufacturers; furthermore, its maximum
voltage is higher, and it provides cost-effective power for general use through the direct
operation of DC loads, or AC loads on systems equipped with an inverter. The module consists

of 72 polycrystalline silicon cells connected in series to produce 150W of power.

1.3.1.1. Technical specifications of the BP-SX150S panel

Solar panel manufacturers specify the performance of their equipment under the
following standard test conditions (STC).
-An AM 1.5 spectrum;
- An irradiance of 1000 W/m?;
- An ambient temperature of 25°C.

Based on the technical data sheets provided by the manufacturer and available in the
appendix, we have determined the parameters of the selected panel, which we have set out in

Table (I.1).

Rated Power Pnom 150 W
Voltage at maximum power Vmax 34.5 \Y%
Current at maximum power Ipm 435 A
Open-circuit voltage Veo 435 \Y%
Short-circuit current Iec 475 A
Temperature coefficient (i) a | 0.065+0.015 | mA/°C

Table 1.1. Parameters of the BP-SX150S panel under STC conditions

Solar panel manufacturers specify the performance of their equipment under the
standardised conditions mentioned above (STC). Based on these data and following the steps
outlined in the previous paragraph, we have presented results for the modelling of the

BP-SX150S panel.
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1.3.2. Influence of Different Parameters

1. Effect of irradiance :

In Fig. (I.14) and Fig. (I.15), we present the results concerning the I(V) and P(V)

characteristics of the panel at 25°C, obtained for various illuminance values.

Comparing these with the characteristics provided by the manufacturer (see the
appendix), we observe good agreement between the actual (experimental) characteristics and
those derived from simulation. For each different illuminance level, there corresponds a
maximum power that the panel could supply; note also the slight decrease in open-circuit
voltage following the decrease in luminous flux.

We also observe that the current is directly proportional to the irradiance at these

illuminance levels.

60
G =1000 W/m?
G =800 W/m?*
50 I G =600 W/m? =
G =400 W/m?
T= e o~
=
S 30| i
=
o
a.
20 | B
10 | B
o : : i i\
0 5 10 15 20 25

Voltage (V)

Fig. (I.14): P-V characteristics of 50 W PV array with variation of irradiance

- G =1000 W/im*
asl S =500 Wimn

G =800 W/m?=
G =400 W/m=

1 - .
M \
o . \ 1 1

o s 10 15 20 25
Voltage (V)

Current (A)
N

Fig. (I1.15): I-V characteristics of 50 W PV array with variation of irradiance

~ 22 ~



CHAPTER 1 GENERAL INFORMATION ON PHOTOVOLTAIC GENERATORSPHOTOVOLTAIC

2 . Influence of temperature :

Temperature is a very important parameter in the behaviour of PV cells. Fig. (I.16) and
Fig. (1.17) illustrates the behaviour of the module under a fixed irradiance of 1000 W/m?, and at
temperatures ranging from 25°C to 100°C. We observe that the current decreases with
temperature, whereas the open-circuit voltage increases. This results in a reduction in the

maximum available power.

60

v
T =25-c
T =S50 =c
T =75°C B
T =100 *c

G = 1000 W/m*=
40 - -1

S0 |-

30 | -1

Power (W)

20 - -1

o s 10 1s 20 2s
Voltage (V)

Fig. (1.16): I-V characteristics of S0 W PV array with variation of irradiance

T
G = 1000 Wim= =25 -c
3.5 =50 -c -
=75 *C
o — — T =100 "c | |
___ 25 s
=
g 2r -
=]
S
1.5 1
PR R -
0.5 - -
o
o] 5 10 15 20 2s

YWoltage (W)

Fig. (I.17): P-V characteristics of 50 W PV array with variation of temperat
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1.4. Conclusion

In this chapter, we are primarily interested in the operating principle of a PV cell and the
analysis of its equivalent circuit. We then considered the various parameters of the equivalent
circuit that enable us to plot the I(V) and P(V) characteristics of a photovoltaic cell and a
photovoltaic generator. We have observed that the performance of a photovoltaic generator
(PVQ) is strongly influenced by meteorological conditions (temperature, irradiance), as well
as by internal parameters such as series and parallel resistance. This study was carried out using
MATLAB software, which is reliable for presenting results; we developed calculation
programmes in the form of mathematical equations to plot the I(V) and P(V) characteristics.
These studies were conducted on a BP-SX150S solar panel. The objective is to test the effect
of key parameters that influence the modelling of a GPV.
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I1.1. Introduction

The output characteristics of a photovoltaic generator are non-linear and directly
dependent on operating conditions such as: the level of solar irradiance and the ambient
temperature. Furthermore, for a given operating condition, there is a single operating point at
which the power supplied by the photovoltaic generator is at its maximum, known as the
maximum power point (MPP). This point is, in turn, heavily dependent primarily on the level

of solar irradiance and the ambient temperature.

I1.2. Direct connection between the PV array and the load

Connecting a photovoltaic solar panel directly to a load remains the cheapest and
most widespread operating principle. This approach essentially involves a photovoltaic
array with a voltage ' determined by the nominal voltage of the load to be powered. This
choice is primarily due to the simplicity, reliability and low cost of the system. The
presence of a reverse-current diode is essential to prevent the flow of reverse current

towards the PV module (Fig. IL.1).

A
Vs
< >
DOVQ G

Back-fee

=T

|

o~
—

Load
DC

Fig. II.1: Direct connection between a GPV and a load.

I1.3. Optimal operation of a GPV

Optimal operation of a PV system is important for increasing the efficiency of solar
panels. The performance of a PV system is non-linear and varies with ambient
temperatures and irradiance. Consequently, MPPT technology is required to obtain the
maximum power from a PV system in order to improve its efficiency. In other words, to

maximise the power delivered to the load connected to the generator terminals.
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I1.4. (DC/DC) Converter

Switches are static DC-DC converters that generate a variable DC voltage from a fixed
DC voltage source. The chopper consists of capacitors, inductors and switches. Ideally, none
of these components consume power, which is why choppers have high efficiency. Generally,
the switch is a MOSFET transistor, a semiconductor device operating in either the cut-off or
saturation mode. [19].

If the semiconductor device is in the cut-off state, its current is zero, hence its power
dissipation is zero. If the device is in the saturated state, the voltage drop across its terminals

will be almost zero and consequently the power loss will be very small. [19].
I1.5. Modelling of the boost chopper

Also known as a step-up chopper or booster. It allows the PV voltage to be adapted to
the load requirements by varying the duty cycle D. The input to the chopper is a DC current
source and the output is a DC voltage load (energy sink); see Figure I1.8 (a).

-3/ >4

L1
| I L i le ¢ Io
Diode

Vi Switch ‘“< ¢ —/— R Vo

Fig. 11.2: Ideal circuit of the boost chopper.

Fig. I1.3: Equivalent circuit for the closed switch
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—>-H T

v c == r||lVo

Fig. IL.4: Equivalent circuit for the open switch

- Relationship between voltage and current [20] :
The following constraints are assumed:
1. The steady-state condition holds.

2. The switching period is T, and the time DT for the switch to be closed and open
for (1-D) T.

3. The current through the inductor is continuous (always positive).
4. The capacitor is very large, and the output voltage Vo remains constant.
5. The components are ideal.
- Analysis for the closed switch [20] :
When the switch is closed, Figure (I1.9), the diode is blocked, and by applying
Kirchhoff’s law to a loop containing the source, the inductor and the closed switch, we

obtain:

Vi=Vs=L 2 (11.2)

The rate of change of current is constant, so the current increases linearly as long as the switch is

closed, as shown in Figure (II.11). The change in current across the inductor is calculated by:

AL _dl_ s (IL3)

The solution for Al when the switch is closed

Vs Dif,

(AiL)closed = (I1.4)
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VL
i
Vs 2 "
Imx-
Closed Open
DT T f I
min [~
o
Vi-Ve DT 7 t
(a) (¢)
i ic
- €3
! \
o RN
/A DT T
. . 1% y }Q 7
DT T ! _R__o // 7 // /T
(b) (d)

Fig. I1.5: Waves in boost converters. (a) the voltage across the inductor; (b) the current through the

inductor; (c) the current through the diode; (d) the current through the capacitor.

- Analysis for the open switch :

When the switch is open, Figure (I1.10), the current through the inductor cannot

change instantaneously; therefore, applying Kirchhoff’s law to a loop containing the

source, the inductor and the closed switch, we obtain:

Vi=Vs-Vo=LZ% (IL5)

The rate of change of current is constant, so the current varies linearly as long as the switch

is open. The change in the current through the inductor is calculated by:

Vs-Vo _ AiL

. " (1IL.6)
We solve for AlL :
Aib. AL _Vs—Vo (H 7
At (1-D)T L 7
, (Vs=Vo)(1-D)T
Bijgpen =l (IL.8)
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For steady-state conditions, the change in the inductance current must be zero. Using

equations (II.4) and (I1.8).

(AIL) Closed+ AiLopen = 0 (II'9)
vspT (Vs=Vo0)(1-D)T (IL.10)
L L
The solution for Vo :
V,(D+1-D)-Vy(1-D)=0 (IL11)
Vs
Vo = -D) (I1.12)

Thus, the average voltage across the inductor must be zero for a periodic operation.
The expression for the average voltage across the inductor over a switching period:
VL=VsD+ (Vs—Vo)(1-D)=0 (I1.13)
The average current through the inductor is determined by comparing the average power delivered
by the source with the average power absorbed by the load, where the two powers must be similar.

The output power is :

2
Po="C =Volo (IL14)

Andthe input power is Vg Ig = Vg I}, . We equating the input power with the

output power and using equation (I1.9) :

2 _ 2 2
VSIL — & — [VS /(1 D)] — VS
R R R(l—D)z

(IL.15)
By solving for the average inductor current, the current IL can be expressed as :

vs _voz Yoo
R(1-D)2 VSR Vs

IL= (IL.16)
The maximum and minimum currents through the inductor are determined by using the

average value and the variation in current from equation (I1.4) :

_ AiL _ Vs Vs DT
Iwax =T+ =5 = o= b (1.17)

_q AL__vs vsDT
MmN =1L - 2 RaDR 2L (I.18)

quation (I1.9) is derived on the assumption that the inductance current is continuous, always
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positive. Therefore, it is necessary for the current IMIN to be positive for the inductance
current to be continuous; thus, the range between the continuous inductance current and the

discontinuous inductance current is determined by [21] :

N Vs Vs DT
=0 == - == (I1.19)

Vs  VsDT _VsD (H.ZO)

R(1-D)2 2L 2Lf

The minimum value of the inductance and the switching frequency for a DC current in the boost

converter is :

M2
(L)MIN =225 R (11.21)

Lf)MIN = 24=2° 11.22
2

- Output voltage ripple :

The preceding equations are derived on the assumption that the output voltage is
constant; this implies an infinite capacitance. In practice, infinite capacitance results in a
fluctuation in the output voltage, or ripple.

The output voltage ripple can be calculated from the form of the capacitor current,

shown in Figure (I1.7) (d):

|AQ| = % DT = CAV, (I1.23)
_ VoD _ %D
AV, =2 =2 (11.24)
This implies
_ D
C = R@mmor (I1.25)

I1.6. Maximum Power Point Tracking Method

To achieve better efficiency in the operation of photovoltaic generators, the
technique known as maximum power point tracking (MPPT) is used; this involves
optimally transferring all the electrical power to be extracted from this photovoltaic

energy source to the load to be powered. It must be used in any application utilising
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these generators, and becomes necessary and even indispensable according to the
theory of optimal power transfer. The control techniques employed for maximum

power point tracking are [16]

I1.6.1. Definition of MPPT in a photovoltaic solar system

MPPT technology is a control system combined with a matching stage that enables
a non-linear electrical generator to operate in such a way as to continuously produce its
maximum power. MPPT systems are generally used with photovoltaic generators or wind
turbines. An MPPT controller is then used to control the power converter linking the load
and the photovoltaic panel, so as to continuously supply the maximum power to the load
[17].
Fig. (I1.2) shows a photovoltaic conversion chain with a static converter controlled by an MPPT

controller and an arbitrary load.

A N
WY
<( o ' \U/
DVQ

GPV

MPPT

L Controll

Fig. I1.6: Basic photovoltaic conversion chain with a static converter

controlled by an MPPT controller on any load [18].

I1.6.2. Summary of the various MPPT encountered in the literature

Various publications on the operation of MPPT-type controllers have appeared regularly
in the literature since 1968, the year the first control law of this kind was published,
adapted for a photovoltaic renewable energy source. Given the large number of

publications in this field, we have classified of the various existing MPPT techniques,
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grouping them according to their basic principle. In addition to the principle, the
classification was carried out according to criteria such as the accuracy of the search or

its speed, in order to make a comparative evaluation [18].

I1.6.3. P&O Perturbation and Observation Algorithm

The P&O method works by periodically perturbing the py panel voltage, with a small
amplitude around its initial value (AV), and observing the resulting variation in PV
power.

Thus, it can be deduced that if a positive increase in the ypy voltage results in an
increase in the Ppy power, i.e. AP > 0, as illustrated in Fig. I1.3, the voltage disturbance
shifts the operating point towards a point closer to the MPP, and the voltage is continued
to be disturbed in the same direction. This will shift the operating point until the MPP is
reached.

If, on the other hand, the power decreases, AP < 0, the operating point moves away
from the MPP. In this case, the voltage must be perturbed with an algebraic sign opposite
to the previous one to move the operating point until the MPP is reached.

Based on these various analyses of the consequences of a voltage variation on the
power-voltage characteristic Pev (Vpv ), it is then easy to locate the operating point
relative to the PPM, and to make the latter converge towards maximum power through

an appropriate control command.

In summary, if, following a voltage disturbance, the PV power increases, the direction of the

disturbance is maintained. Otherwise, it is reversed to resume convergence towards the new MPP [17].

£ Py

PPM

Le systéme s’éloigne de PPM
Le systéme Jconverge d

Puissance (W)

Fig. I1.7: Application of the P&O algorithm to the PPV(VPYV) characteristic [17].
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Choice of MPPT algorithm :

Table (II.1) shows a comparison of the various MPPT techniques, the principles
of which we have outlined above.

An analysis of these various research methods shows that the performance of an
MPPT controller cannot be reduced to a single parameter ,lvppr  which is defined as the

MPPT efficiency.

11.6.4. P&O ALGORITHM

The P&O method is a widely used approach in the field of MPPT techniques because it is simple.
It requires only measurements of the PV panel’s output voltage VPV and its output current [PV , and
can therefore immediately identify the maximum power point by generating a reference voltage Vref at
its output.
As its name suggests, the P&O method works by varying VPV and observing its impact on the
change in the PV panel’s output power.

Figure (11.6) is a flowchart of the P&O algorithm. This algorithm is designed to run on
a computer, and so at each cycle of the algorithm, vev and 1pv are measured to calculate Ppv(k).
This value of Ppv(k) is compared with that of Ppv(k—1), which was calculated in the previous
iteration. If the output power has now increased since the last measurement, the output voltage
disturbance will continue in the same direction as that taken in the last cycle.

If the output power has decreased since the last measurement, VPV is perturbed in the
opposite direction to that of the previous iteration. VPV is thus perturbed at each MPPT cycle.
When the maximum power point is reached, VPV oscillates around the optimal value vop. This
causes a power loss that increases with the size of the perturbation step. If this step size is large,
the MPPT algorithm will respond quickly to sudden changes in operating conditions, but power
losses will be significant when operating conditions are stable or changing slowly. In other
words, if the step size is small, power losses under stable or slowly changing operating
conditions will be lower, but the system will not be able to respond quickly to rapid changes in
temperature or sunlight [19].

The disadvantage of the P&O MPPT technique is that, in the event of a rapid change in

illumination conditions, this method may shift the operating point in the wrong direction.
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Fig. I1.8: P&O MPPT algorithm.

As shown in Fig. (II.7), during the operation of the chopper, the switch is closed for a
closing time equal to DT, and opened for an opening time equal to (1-D) T, where:

» Test the switching period, which is equal to 1/f.
> D is the duty cycle of the switch (D € [0.1]).

N40)

l«— (1 —D)T —»

A 4

0 Closed DT  Open T t

Fig. I1.9: Ideal switch voltage over a switching period Ts.
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I1.7. Biological al foundations

The brain consists of approximately 10'* interconnected neurons, with 1,000 to
10,000 synapses per neuron. Not all neurons are identical, nor do they behave in the same
way. In our work, we focus on the fundamental principles necessary for understanding

how neural networks function [23].

I1.7.1. Biological Basics

A neuron is a particularly complex cell specialised in processing electrical signals.
Its role is to receive, store and transmit information, Fig. I1I.1. A neuron can be divided

into three main regions: the cell body, the dendrites and the axon [23].

Dendrite Axon
terminal
“'\ button { /-

Soma (cell body)

Nucleus

Myelin sheath

Fig. I1.10: Biological neuron.

I1.7.2.Structure of the biological neuron

I1.7.2.1The cell body :

It contains the neuron’s nucleus as well as the biological machinery necessary for
enzyme synthesis. This spherical or pyramidal cell body thus contains the other

molecules essential to the cell’s life. It measures a few micrometres in diameter [23,24].
I1.7.2.2 The dendrites :

These are fine extensions that branch out from the neuron and form a vast
network of branches. The signals sent are received by the dendrites. They are a few

tens of micrometres in length [23,24].
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11.7.2.3 The axon :

The processed information is transmitted outwards along the axon; the signals
leave the neuron via the terminal tree of the axon. Unlike the dendrites, which branch

out around the neuron, the axon is longer and branches at its.
I1.8. Principles of an artificial neural network
* no concept of time
* synaptic weight: real coefficient
» summation of signals arriving at the neuron

* output obtained after applying a transfer function

Function
X2 deactivation
Signals < i o(
d9input ) Output
Yi

Summing unit

Fig. IL.11: principle of an artificial neuron [23].

There is a clear analogy (Table III-1) with biological neurons:

Biological neurons Artificial neurons
Synapses Weighted connections
Axons Outputs

Dendrites Inputs

Summator Activation function

Table III-1. The analogy between biological neurons and artificial neurons.
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I1.8.1. Activation functions
This function allows the internal state of the neuron to be defined based on its

total input. We cite a few functions that are frequently used as examples [25].

I1.8.1.1.Binary threshold function :

Heaviside function Fig. (II1.2) defined by:
I,x=0
h(x) = (IIL.1)

0,if no

Sign function Fig. (II.3) defined by:

sgr(x) = (II1.2)

Sgr(x) 1 h(x)

+1 +1

A 4
v

Fig. I1.12: Heaviside function [26]. Fig. II1.4: Sign function [26].

The threshold introduces non-linearity into the neuron’s behaviour; however, it limits
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the range of possible responses to two values [25].

I1.8.1.2.Linear function :
This is one of the simplest activation functions; its function is defined by [25]:

f(x)=x (1IL.3)

Y

R

Fig.I1.13: Linear function [25].

I1.8.1.3.Linear function with a single threshold or multiple thresholds :

It can be defined as follows:
X, X € [u,V]

f(x) = V,ifx=>v (T11.")

uifx<u

11.8.1.4.Sigmoid function :
It is equivalent to the continuous linear function. Being continuous, it is differentiable;

moreover, its derivative is simple to calculate. Fig. (II1.5) shows that it is defined by:

1
1+e™*

fix)= (IIL.5)

1
1+e™*

fix®)= (I1L.6)
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ﬁl ,Ez

A J

[P
L}

21

Fig. I1.14: Sigmoid function [25].

11.8.2.Architecture of neural net s

I1.8.2.1.Non-recurrent networks :
These are unidirectional networks with no feedback (feedforward). The output signal is
obtained directly following the application of the input signal. If not all neurons are output

neurons, they are referred to as hidden neurons [27].

Input layer Hidden layer Output layer

Fig. I1.15: Non-looped network [26, 25].

11.8.2.2.Looped networks :
These are neural networks with feedback (feedback networks or recurrent

networks) [26, 25].
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Fig. 11.16: Loop network [26,25].

I1.8.3.Learning

11.8.3.1. Types of learning :

Learning and adaptation are two essential characteristics of neural networks. The
role of learning is to optimise the weights of each connection. There are numerous rules
for modifying connection weights and thus achieving correct learning once the training
phase is complete. The network must be capable of making the correct associations for
input vectors that it has not learnt. This is one of the key properties of neural networks,
as it enables the recognition of similar patterns; this is the recognition phase. Learning

techniques can be classified into three categories [26,25]:
I1.8.3.2. Supervised learning :

A supervisor or teacher provides the network with input/output pairs. They train
the network on all these pairs using a learning method such as backpropagation of the
error gradient, by comparing the actual output of the network with the desired output for
each pair. Learning is complete when all input-output pairs are recognised by the

network. This type of learning is found, amongst others, in the perceptron [26].
11.8.3.3. Unsupervised learning :

This type of learning involves automatically detecting patterns present in the
examples provided and adjusting the connection weights so that examples with the same
pattern characteristics produce the same output. Kohonen’s self-organising networks are

the best-known examples of unsupervised learning networks [26].
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11.8.3.3.1. Self-supervised learning :

The neural network evaluates its own performance without the help of a ‘teacher’.
An object is presented at the input of the neural network, and the class to which this
object belongs is specified. If the network does not classify it correctly, it measures the
error itself and propagates this error back to the input. The network performs as many

iterations as necessary until the correct answer is obtained [25].

I1.8.3.4Learning methods :

In expert systems, the expert’s knowledge is in an enumerated form; it is expressed as
rules. In the case of neural networks, knowledge is distributed. It is encoded in the connection
weights, the network topology network, the transfer functions of each neuron, the thresholds
of these functions, and the learning method used. There are a number of learning methods
[26]:

11.8.3.4.1. Hebb’s rule :

This is the oldest learning method (1949), inspired by biology. It reflects the
strengthening of connections linking two activated neurons. If at least one of the two

neurons is not activated, the weight of the connection remains unchanged [25].
11.8.3.4.2. Backpropagation of Error Gradient Algorithm :

This algorithm is used in feedforward networks, which are layered neural networks
comprising an input layer, an output layer, and at least one hidden layer. There is no
recursion in the connections, and no connections between neurons within the same layer.
The principle of backpropagation involves feeding an input vector into the network,
calculating the output by propagating through the layers from the input layer to the output
layer via the hidden layers. This calculated output is compared with the desired output,
yielding an error. From this error, the error gradient is calculated and propagated from
the output layer back to the input layer, hence the term ‘backpropagation’. This allows
the network weights to be adjusted and thus enables learning. The operation is repeated

for each input vector until the stopping criterion is met [26,25].
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11.8.3.4.2.1.Advantages and disadvantages of error gradient backpropagation :

» Advantages :

This was one of the first algorithms developed for training feedforward multi-layer
neural networks. It addresses a shortcoming of the perceptron algorithm, which is unable
to modify the weights of the hidden layers, where computational implementation poses no
difficulties.

»  The Drawbacks :
Regarding the algorithm:
The error gradient backpropagation algorithm follows the descent of the error

gradient: a local minimum can quickly halt the search for global optima:

The importance of choosing the learning rate. If the learning rate is too high, the
network dynamics will oscillate around the optimum,; if it is too low, convergence is

slow.

11.8.3.4.3.The LEVENBERG-MARQUARDT algorithm :

Among the quasi-Newton family of algorithms, the LEVENBERG-MARQUARDT
method [28-29] is a standard algorithm for optimising the quadratic error due to its
properties of rapid convergence and robustness. It is based on non-linear least squares
techniques and the GAUSS-NEWTON algorithm with restricted neighbourhood.

The main reason for choosing the LEVENBERG-MARQUARDT (LM) algorithm
is the size of the Hessian matrix, which depends on the amount of data in the training set,
the lower computational cost, and the guarantee of rapid convergence to a minimum such

that:
P« = [JakJa + p, I, 17t Jakr, (I111.7)

Among the neighborhood-restricted methods, the FLETCHER method [30-29] was
selected and developed.

The variableux , which appears in the positive-definite modified Hessian
Hk =Gk +py Ik, is controlled by the ratio R = Ak
AQk

AJk =J(Wk)-J(Wk +Sk) (IIL.3)
Where
AQk =Q(0) - Q(Sk) (111.9)
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and the elliptic function:
Q(S) =J(Wk) + g(Wk)TS= % ST Hk (W) S (I11.10)

This ratio tends towards 1 as the cost function approaches the osculating quadratic curve.
Training is terminated when a minimum is reached, either based on a stopping criterion on the
cost function or on the minimum value of the gradient norm.

Algorithm :

Initialisation of the weights Wo by a uniform distribution according to Beale’s rule [29]
with uo> 0

The solution is given by the algorithm for the k™iteration:
1) Derive from Wk et ux , calculate gk et Hx
2) Solve -gk = HkSk
3) Review byJ (Wk +Sk )etRx

Calculate the parameter uK

1. If Rk <0.25 alorspx+1 = 4k

2. If Rk <0.75 then Wk+1 = Wk otherwise Wk+1 =Wk + Sk

The constants for the threshold values of Rk are empirical.

Where:

J: Is the cost function.

Hy = Gg + ugl, wherelInisann X nidentity matrix (1I1.11)
T . _ari

gi = Jagri (Gradient), avec Ja;; = pr (1I1.12)

Gk=Jalr, (Hessien), et Sk =X 1, V27 ¢ (111.13)

Where the residual vector:rix =tix =Oi,x ,i=1........ Sk=1..... N, ri=|ri|

r vector i k ,instantaneous error between the theoretical response tz and the calculated
response0; of the i output neuron and 1°me stimulus.N is the number of stimuli.S is the
number of network outputs. The gradient and the Hessian are derived from the Jacobian matrix

of the residual vector of dimension Nix W (total number of weights) for the K¢me iteration.
I1.8.4. The -perceptron

Since the results of the work by McCulloch and Pitts (1943) [26,25], which led to the
definition of the formal neuron, as well as those of Hebb, explaining the effects of learning,

memory and conditioning based on groups of cells. To explain these learning effects, Hebb
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proposed that cells learn to modify the strength of the connections linking them, depending on
their simultaneous activity. Some researchers had the idea of using models of neurons and
synaptic development to simulate neural networks. The first robust model was presented in
1959 by F. Rosenblatt; this was the perceptron, in other words a network reduced to a single

formal neuron [25].
11.8.4.1. Description :

Perceptrons are feedforward networks with the following structure: a layer of fixed
connections situated between the input units (the retina) and the association units. The second
layer connects the association units and the output units: it is on these weights that the
adaptation acts. In the perceptron, there is only one layer that varies as a result of adaptation.
In the perceptron neuron, a threshold activation function is used. The model of the perceptron’s
linear threshold neuron, comprising a decision cell connected to N input cells, is shown in Fig.

(11L.9).

X1
;20—» “+1 _
I s @y
Xj @ -1
o—(Wa)
Xn

Fig. I1.17: Linear threshold neuron with a single decision cell [25].

The linear threshold neuron therefore partitions the input vectors submitted to it into two

domains. The boundary between these two domains is defined by the condition:
S=X;WjXj (111.14)

Where S denotes the threshold of the decision cell. Indeed, for }; WjXj > S, the neuron

outputs 1.

For v WjXj <S, it responds with -1
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The boundary separating these two domains will therefore be a hyperplane.

11.8.4.2. Multilayer Perceptron (MLP) :

Perceptrons are the most common type of artificial neural network; they consist
of three layers: the first is the input layer, the second is known as the hidden layer, and
the last is the output layer. The first layer is made up of feedforward neurons, whilst the
other layers are composed of several neurons known as hidden neurons; the neurons
from one layer to another are connected by synaptic weights. Each hidden neuron acts as
a cell that performs a weighted sum of theinpusXijto neuron j, using the synaptic weights
Wijcorresponding to these inputs. Its output is then obtained via the functionf () known
as the activation function. This function is generally increasing, monotonic and
bounded. The most commonly used are saturating functions and sigmoid functions. We
have added input termsXicorresponding to the bias. There is no fixed rule for
determining the network architecture; the number of neurons in the input and output
layers is determined by the number of inputs and outputs, respectively. Thus, it has been
It has recently been shown that networks with a single hidden layer serve as an
approximation tool. In our case, information propagates from the input layer to the output
layer, which provides a real response () corresponding to the desired output (y ). In
summary, to teach a task to this network (weight adaptation), we must present it with a
pair of examples (inputs/outputs) or (Ucom,y ).

Weight learning is achieved through backpropagation of the error (x) between the
network’s output ()) and the desired value (y ) (minimisation criterion). The algorithm
enabling such learning is known as the Windrow—Hoff ‘backpropagation algorithm’; it is
based on the gradient method. All these methods involve minimising a function relating to
the mean squared error. This learning algorithm enables the determination of the changes
in synaptic weights AW1(k) and biases Abl(k). It can be expressed by the following
relations [26-25]:

0F,

AW™; ; (n) = nej(n) s (U™ () (Xi(n)" (IIL.15)
AB™ ; () = nej(n) Fma (U™} () (IIL16)

Xi(n): represents the input vector of neuron (i) in layerm ; the update equation for these
synaptic weights and biases is based on the following relationship:

W (0t 1) = W () +AW! () (17
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b™ (n+1) = b™ (n) +Ab™ (n) (II.18)

The calculation of the activation values of the input units is expressed symbolically as:

Netf (n) 3F_, W (n)Ugy,(n) + bj(n) (II1.19)
Y/(n) = Fi[Net] (n)] (I11.20)

11.8.4.2.1. Implementation of PMC networks :

Consider a network comprising an input layer withn neurons, an output layer
withm neurons, and one or more hidden layers. Suppose we have a training set consisting
ofk pairs of vectors: We will follow an approach adopted by Wierenga and Kluytmans
(1994), which consists of four main steps [25]:

> Step 1: set the number of hidden layers.

Step 2: determine the number of neurons per hidden layer.

>
> Step 3: Select the activation function.
>

Step 4: Select the learning programme.
I1.9. Choosing the network St :

Fig. (II.2) clearly shows that our network consists of three layers, namely:

» An input layer consisting of two neurons, whose role is to transmit the input
values corresponding to the variables (G, T) to the next layer, known as the ‘hidden
layer’;

» A hidden layer with ten neurons, each with a selected activation function of the
tangent sigmoid type

» An output layer with a single neuron representing the reference voltage of the
PV module, whose activation function is of the identity or ‘linear’ type
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I
RIE,

Input layer Hidden layer Output layer

Fig. I1.18: Architecture of the proposed neural network.

The number of neurons in the hidden layer was optimised empirically during the
training phase. Indeed, tests showed that the most stable structure is one comprising ten

neurons.

It should also be noted that the choice of activation function for the hidden layer was
not made arbitrarily, but was selected following several tests which showed that the tangent
sigmoid function converges more rapidly than the exponential sigmoid function during the
training phase.

In addition, two other parameters must also be optimised, namely:

The number of epochs, which represents the duration of training, and the training
performance, which is the minimum difference between the values presented to the network
(or ‘input-output patterns’) and the values obtained. This training was carried out using the
backpropagation algorithm, which will be detailed later.

Furthermore, the second stage, after proposing the optimal architecture obtained—

which consists of selecting the number of hidden layers, the number of neurons per layer, and
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the activation functions of our neural network—involves training it offline using two different

algorithms. To this end, the general structure of the neural network in Simulink is illustrated

in Figures (III.11) and (II1.12).
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Fig. 11.20: Internal structure of the first layer with a hidden layer of the neural network in

MATLAB Simulink.
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As a third step, we decided to examine the impact of the choice of training algorithm on
training performance in terms of convergence speed (minimisation of the quadratic error), using
two different algorithms, namely:

the backpropagation algorithm and the Levenberg-Marquardt algorithm.

I1.9.1. Presentation of the two algorithms used for training the
proposed neural network

As previously mentioned, once the architecture has been chosen, the ANN must undergo
a training phase. This involves calculating the synaptic weights in such a way that the outputs
of the neural network, for the examples used during training, are as close as possible to the
‘desired’ outputs. These correspond to the values of the data for the function we wish to
approximate or to the output of the process we wish to model.
The training of our network was carried out using two different algorithms:
» Backpropagation algorithm;
» Levenberg-Marquardt algorithm.

I1.9.2. Training using the backpropagation algorithm

The development of the network is based on supervised learning using the
backpropagation algorithm. It should be noted that this algorithm has been used with great
success in a number of complex applications. During this phase, the backpropagation error
gradient backpropagation algorithm seeks the weights Wi that minimise the mean (MSE) between the

target value and the value estimated by the model, governed by the following equation:

EQM ==X (Vo VES)?

In other words, the weights Wi are continuously adjusted as long as the EQM error

exceeds a certain threshold value corresponding to the acceptable output accuracy.
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Performance is 7.43115e-008, Goal is D
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Fig. I1.21: Evaluation of the mean squared error as a function of the number of training

iterations (using the backpropagation method).

The adjustment of the connection weights, represented by the matrices [W1] and
[W2], is carried out based on the stimuli present at the network’s input. The aim is to find
the connection weights appropriate to the data that ensure convergence towards the

desired output.

Once the learning process is complete, the weights are no longer modified, which

corresponds to the optimal ANN structure.

I1.9.3. Training using the Levenberg- -Marquardt algorithm

On the other hand, and with a view to comparing performance with the previous
backpropagation method, the system will now be trained using the Levenberg-Marquardt

method.
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Fig. I1.22: Training error during neural network training (using the Levenberg-Marquardt

method).

The results clearly show that the target error was achieved by this method with a high
convergence rate and a high approximation capacity. For this reason, we will adopt this

algorithm for the remainder of the work.
11.9.4. Validation: “ generalisation ability”

The evaluation of the network’s generalisation ability is carried out on the
validation set, using input-output pairs not belonging to the training set. That is to say,
after completing the training and determining the network weights required to calculate

to assess the network’s generalisation ability.

The photovoltaic system used comprises the following blocks:
A photovoltaic generator, a boost chopper, a current regulator, a voltage regulator and a

neural MPPT controller
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11.10.Conclusion

In this chapter, we have studied the photovoltaic module and its performance, as well as
DC-DC converters used in photovoltaic systems, such as the boost chopper. We also
described the Maximum Power Point Tracking (MPPT) control of these converters in order to
determine the point at which the photovoltaic generator power is maximized, using the

Perturb and Observe (P&O) algorithm.

Results concerning the output power of the photovoltaic generator and the output
voltage were obtained. However, this technique has some drawbacks, such as response time

and oscillations in steady-state operation at the maximum power point.

In contrast, the Artificial Neural Network (ANN) algorithm is considered one of the
modern intelligent approaches that offers superior performance in tracking the maximum
power point. It is characterized by its ability to learn and adapt to rapid changes in
environmental conditions such as solar irradiance and temperature, which helps reduce
oscillations and improve response speed compared to the P&O algorithm. Moreover, this
technique allows for higher accuracy in identifying the maximum power point, thereby
improving the overall efficiency of the photovoltaic system. However, it requires greater
complexity in terms of design and training, as well as sufficient data to ensure good

performance.
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II11.1. Introduction

In this chapter, a maximum power point tracking (MPPT) system will be simulated
using MATLAB/Simulink, whilst examining the performance of artificial neural networks by
analysing response speed, tracking accuracy, and the stability of power output under various
operating conditions, with the aim of improving the performance of photovoltaic systems and

increasing their efficiency.

Maximum power point tracking (MPPT) systems are of great importance within
photovoltaic systems, given the impact of climatic variations, such as changes in solar
irradiance and temperature, on the efficiency of solar cells and the electrical power extracted
from them. It has therefore become necessary to rely on control techniques capable of
ensuring that the system operates as close as possible to the maximum power point with the

greatest possible accuracy, whilst minimising energy loss and improving system stability.

Artificial neural networks are among the most important artificial intelligence
technologies used in MPPT systems, due to their ability to handle non-linear systems and
rapid changes in operating conditions. This technology also relies on the principle of learning
and training to predict optimal values and control the system with high accuracy, thereby

improving response speed and reducing oscillations compared to traditional methods

Through this study, a complete model of the photovoltaic system will be developed,
incorporating the photovoltaic generator, a DC-DC converter, and a neural network algorithm
within the MATLAB/Simulink environment. The system will be subjected to various
operating conditions to evaluate its performance and study the behaviour of power, voltage,

and current as climatic conditions change.
Finally, this study aims to highlight the effectiveness of artificial neural networks in

improving the performance of photovoltaic systems, and to demonstrate the role of intelligent

control techniques in enhancing the efficiency and stability of modern solar energy systems.
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II1.2. Simulation
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IIL. 2. Output power at standard conditions with neural network controller

and conventional algorithm (P&O)

To further assess system performance, additional simulations were carried out under

variable irradiance levels of 800 W/m?, 900 W/m?, and 1000 W/m? at a constant temperature
of 25 °C.

The corresponding results are presented in the following figures, demonstrating the

ANN controller’s ability to adapt effectively to changes in irradiance while maintaining

stable power output and high tracking accuracy. Second Scenario: To evaluate the proposed
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system’s performance, simulations were conducted under varying solar irradiance levels (800
W/m?, 900 W/m?, and 1000 W/m?) while maintaining a constant temperature of 25 °C. The
corresponding results demonstrate the capability of the neural network controller to respond
effectively to changes in solar input while preserving stable output power and accurate

maximum power tracking.
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I11.3. Output current at standard conditions with neural network controller (ANN)

and conventional algorithm (P&O)
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I11.4.0utput voltage at standard conditions with neural network

controller (ANN) and conventional algorithm (P&O)
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IIL.5. Output power at different irradiance values and fixed temperature of 25 °C with neural

network controller (ANN) and conventional algorithm (P&O)
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IIL.6. Output current at different irradiance values and fixed temperature of 25 °C with

neural network controller (ANN) and conventional algorithm (P&O)
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IIL.7. Output voltage at different irradiance values and fixed temperature of 25 °C with neural

network controller (ANN) and conventional algorithm (P&O)
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I11.8. Output power at different temperatures and fixed irradiance of 1000 W/m? with
neural network controller (ANN) and conventional algorithm (P&O)
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IIL.9. Output current at different temperatures and fixed irradiance of 1000 W/m? with neural

network controller (ANN) and conventional algorithm (P&O)
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IIL1.10. Output voltage at different temperatures and fixed irradiance of 1000 W/m? with neural
network controller (ANN) and conventional algorithm (P&O).

In the third test case, the impact of rapid temperature fluctuations on system
performance was examined while maintaining constant solar irradiance a G = 1000 W/m?.
The PV array temperature was varied between 25 °C, 37.5 °C, and 50 °C, as depicted in the
corresponding figures 18-23. The obtained results indicate that the ANN-based MPPT
controller preserves stable power delivery and consistently achieves accurate tracking of the
maximum power point despite thermal disturbances.

Overall, the findings demonstrate that the ANN-driven MPPT strategy effectively
adapts to changing environmental conditions. Compared with the conventional perturb and
observe method, the neural-network-based controller exhibits faster transient behavior,

enhanced tracking capability, and significantly reduced steady-state oscillations, highlighting

its practical applicability in real photovoltaic systems.
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III-1. The analogy between biological neurons and artificial neurons
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I11.4. CONCLUSION

This work introduces an artificial neural network-based MPPT technique designed to improve
the dynamic response and energy extraction efficiency of photovoltaic systems. The PV module was
modeled using a single-diode representation derived from the electrical characteristics of its equivalent
circuit. A DC-DC boost converter was integrated with the PV model to enable implementation of the
ANN-based tracking mechanism.

The converter topology was analytically described to establish the relationship between
duty cycle, load conditions, and the effective input impedance seen by the PV array. This
configuration was subsequently developed and evaluated within the MATLAB/Simulink
simulation environment.

Simulation results confirm that the proposed ANN-based MPPT approach delivers superior
dynamic performance compared to the traditional P&O method. Specifically, it ensures faster
convergence to the maximum power point, improved operational stability, and reduced oscillatory

behavior under varying operating condition.
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GENERAL CONCLUSION

General conclusion:

In conclusion, this dissertation has presented a comprehensive and integrated study of
photovoltaic (PV) systems, beginning with the fundamental operating principles of the PV cell
and the analysis of its equivalent circuit, and extending to the modeling of the photovoltaic
generator and the investigation of its electrical characteristics (I-V and P—V) under varying
environmental conditions. The influence of key factors such as solar irradiance, temperature,
and internal parameters, including series and shunt resistances, has been thoroughly examined.
Simulation results obtained using the MATLAB/Simulink environment have demonstrated the
significant impact of these parameters on the overall performance of the PV system, highlighting
the necessity of adopting efficient techniques to optimize energy extraction.

Furthermore, DC-DC converters, particularly the boost converter, have been studied for
their essential role in power adaptation and energy transfer optimization. Special attention has
been given to Maximum Power Point Tracking (MPPT) techniques. The conventional Perturb
and Observe (P&O) algorithm was analyzed, and its main limitations—such as steady-state
oscillations around the maximum power point and relatively slow dynamic response—were
identified.

In contrast, an Artificial Neural Network (ANN)-based MPPT approach was proposed
and implemented as an advanced intelligent solution. Simulation results have confirmed its
superior performance in terms of faster response, reduced oscillations, and higher accuracy in
tracking the maximum power point, even under rapidly changing environmental conditions.
Despite its higher complexity and the requirement for adequate training data, this method
represents a promising and effective approach for enhancing the performance of photovoltaic
systems.

Overall, photovoltaic energy stands out as a clean, renewable, and sustainable energy
source capable of meeting the increasing global energy demand while mitigating
environmental impacts. This work opens promising for future research focused on the
development of more advanced intelligent control strategies and their validation under real

operating conditions to ensure improved efficiency, reliability, and robustness of PV systems.
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General Introduction :

This thesis focuses on optimizing energy extraction from photovoltaic (PV) systems
by presenting a comparative study between the conventional Perturb and Observe (P&O)
algorithm and an intelligent approach utilizing Artificial Neural Networks (ANN). The work

is structured into three core chapters:
Chapter I (Modelling of a Photovoltaic Generator):

Covers the principles of PV conversion and the mathematical modeling of solar cells
and arrays (I-V and P-V characteristics). MATLAB simulations analyze environmental
impacts, showing that output current is directly proportional to solar irradiance, while rising

temperatures degrade the open-circuit voltage and decrease overall maximum power output.
Chapter II (MPPT Control and the DC-DC Converter):

Investigates the modeling of a DC-DC boost converter used to step up voltage and
match the PV array to the load. It outlines the classic P&O tracking mechanism and its
limitations, such as steady-state oscillations and slow dynamic response. It then introduces
the biological foundations of artificial neurons and details the proposed multi-layer
perceptron architecture, trained offline using Backpropagation and Levenberg-Marquardt

(LM) algorithms—where the LM method demonstrated superior convergence speed.
Chapter III (Simulation and Comparison):

Implements the full PV string simulation in MATLAB/Simulink under dynamic
climate scenarios (varying irradiance and sudden temperature fluctuations) to evaluate

current, voltage, and power responses.
General Conclusion:

Simulation results confirm that the ANN-based MPPT controller offers significantly
better performance than the traditional P&O algorithm. The intelligent neural network
exhibits faster transient response, minimizes steady-state oscillations around the Maximum
Power Point (MPP), and yields a higher tracking efficiency of 95% to 99% (compared to
P&O’s 81.5% - 96.5%). Despite its structural complexity and heavy reliance on substantial
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training datasets, the ANN strategy proves to be a robust and highly efficient solution for

modern renewable solar energy applications.
Keywords

Photovoltaic System (PV) /Maximum Power Point Tracking (MPPT) /Artificial
Neural Networks (ANN) /Perturb and Observe Algorithm (P&O)/ DC-DC Boost Converter
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