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ABSTRACT

Due to the large demand of the electrical energy in the world, the photovoltaic systems take
increasingly an important aspect as a new energy source. From this context, it has been interested
recently by several scientific researches in the purpose to improve its efficiency, decrease its cost
and extend its lifetime. Particularly, our interest is on the stand-alone photovoltaic systems where
the aim of this thesis is to give an optimal management to these systems. The optimization of
these systems can be divided into two main ways: the first way is the optimization in the solar
panel level that can be done through the maximum power point tracker (MPPT). The second way
is passes by management of the energy storage systems, especially the battery. The good
prediction and the modelling can play an important role in our purpose. Hence, we have
proposed an enhancement of the CIEMAT battery model by the automatic extraction parameters
using both Levenberg-Marquardt and genetic algorithm. The improvement presents good results
compared to the real measurements. Moreover, a monitoring interface of the battery using
LabVIEW has been proposed that can be used for many applications such as the monitoring and
the fault detection. A new fast MPPT algorithm has been proposed also in this thesis. A new
modelling of the fuzzy logic algorithm by using the M5P model tree is proposed. This new
algorithm presents a good agreement with the former fuzzy algorithm with providing of a simple
if/else code which will be easy to be implemented. Furthermore, we have proposed a new robust
battery charge regulator that is based on the estimation of the battery stat of charge (SOC)

mathematically. The new MPPT algorithm is also integrated in this regulator.



RESUME

En raison de I’évolution exponentielle des besoins énergétiques mondiaux, les sources d’énergies
renouvelables (notamment ’énergie solaire photovoltaique) commencent a devenir de plus en
plus un acteur incontournable pour répondre a ces besoins en énergie. Dans ce sens, la
communauté scientifique de par le monde affiche un intérét particulier pour le suivi de cette
évolution en proposant un ensemble de mesures visant a améliorer 1’efficacité de ces structures.
Notre projet de thése s’inscrit dans cette démarche et concerne essentiellement les systemes
photovoltaiques (PV) autonomes avec comme objectif, la gestion optimale de ces installations.
Cet objectif est atteint de deux facons: la premiére concerne I'optimisation du fonctionnement du
générateur photovoltaique par le développement d’une stratégie de suivi du point maximale de
puissance (MPPT : Maximum Power Point Tracker). Le deuxiéme point est consacré a la gestion
optimale du systéme de stockage d'énergie (Batterie). Toutefois, pour atteindre ces objectifs, il
est primordial de passer par une modélisation précise des phénomenes, fortement non linéaires,
qui régissent le fonctionnement de ces applications. A partir de cela, nous avons proposé
d’améliorer le model de la batterie CIEMAT en passant par 1’identification des parametres liés a
son fonctionnement en utilisant deux algorithmes: Levenberg-Marquardt et l'algorithme
Génétique. Les résultats obtenus de la comparaison avec des mesures réelles confortent
I’efficacité des algorithmes proposés. De plus, une interface LABVIEW dédiée a la surveillance
et au diagnostic des défauts de I’installation (en particulier la batterie) a été proposée. Une
nouvelle stratégie de suivi du point maximale de puissance est aussi proposée. Celle-ci consiste
en la modélisation de l'algorithme réalis¢ en logique floue en utilisant un mode¢le d'arbre de
décisions M5P. Ce nouvel algorithme nécessite une charge de calcul insignifiante et corrobore
parfaitement avec 1’algorithme réalisé en logique floue. Au final, un régulateur de charge de la
batterie est construit sur la base de I’estimation de 1’état de charge (SOC : State Of Charge) de

cette derniére.
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INTRODUCTION

In the last years, the needs of energy increase dramatically with the requirements of the
biggest industries and other uses in the world. Consequently, large emissions caused by the
several kinds of energy stations which cause environmental pollution. For this reason, it’s
necessary to thinking to find an environmentally friendly and clean energy source. The
photovoltaic (PV) energy can be the alternative energy that responses to the new challenges and
ensures the energy abundance in the word. The PV cell is composed of two semiconductors
doped positively and negatively; if the two semiconductors receives a sufficient gape of light
energy, the electrons are liberated from the valence band to the conduction band that creates a
potential difference between the two semiconductors [1]. However, in addition to its low energy
conversion efficiency, the PV module in any configuration presents a nonlinear power
characteristic depending strongly to the continuous change of irradiation and temperature, where
the load must be adapted in which the module working in the maximum power point (MPP) [2-
4]. From there, many research works have been proposed in the literature based on the
introduction of dynamic load by using DC/DC converter. Perturb and Observe (P&O) is the
basic and the classical method used to track the MPP. It based on the introduction of a
perturbation of specific step in some control variable as voltage, current and duty cycle, and
observes the power obtained until fall in the MPP [5]. The Hill Climbing (HC) method used in
the P&O by the perturbation in the duty cycle [6-7] when the P&O use typically the perturbation
of the voltage [8]. The both algorithms are similar in which combine information in the direction
of the power variation. They are the commonly used technical result to the facility of
implementation, the simplicity and the low cost [9-11]. The disadvantage of these approaches is
the slow convergence. In other hand, with the bad choice of the step size perturbation the
algorithms present oscillation in the steady-state regime [7, 8, 10, 12]. The incremental
conductance (IncCond) is another conventional technic based on the camper of the variation of
the both voltage and the current by calculating of the derivation up to fall in the MPP. While the
IncCond is principally share with P&O the operating bases, is considered as implementation of
P&O by different way. By consequence, the IncCond presents the same disadvantages including
speed and the oscillations in the steady-state [13]. The Artificial Neural Network (ANN) MPPT

approach is an intelligence technique that provides a non-parametrical model. The training of this
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model is based on the environmental condition data. More the experimental data are significant,
more the model is robust. The Fuzzy logic technical is another intelligence MPPT technique that
uses Fuzzy Logic approach [14-15]. Two inference models for the fuzzy logic are applied for the
MPPT: Mamdani and Sakagi-Sugino. Sakagi Sugino inference model is the most popular
because it minimizes rules and the ease of implementation in the real time systems 16]. The
fuzzy logic technique can provide a high accuracy by the introduction of more number of
membership functions; however, also the trade-off between the accuracy and the convergence
speed appears. In this context, we propose a new fast MPPT algorithm by modeling of the fuzzy
logic MPPT using machine learning technique namely M5P model tree. The M5P model tree is a
reconstruction of Quinlan's M5 algorithm [17] that is based on the conventional decision tree
with introducing of linear regression function at the leaves nodes. The decision tree is a
representation of the algorithms by a tree form trained through a data to form nodes. The nodes
constituting the decision tree are divided into three types: The root nodes, internal nodes and the
leaves nodes. Each node is interconnected with each other by branches until reaches the leaves
[18-19]. This simple, high speed and low cost algorithm gives good results in terms of accuracy,
where the model algorithm was trained for an irradiation of 500 W/m? and tested with different

other irradiations. Moreover, the algorithm is easy to be implemented for real time MPPT.

In the photovoltaic systems especially the stand-alone systems, the storage is still the major
problem in order to store the electrical energy to be released in case of lack of the sun. A several
storage devices systems have been used in the history such as pumped hydro [20], compressed
air [21], flywheel [22], super capacitors [23] and also electrochemical storage [24]. However, the
electrochemical storage namely storage using the battery is still the most used in the photovoltaic
application. Because of its low cost, the lead-acid battery is the most used in the photovoltaic
systems and it takes a largest part in the scientific research. In addition to its electrochemical
complexity, the lead-acid battery in the photovoltaic applications is subject to a random working
related to the continuous changes of the solar irradiation and the temperature besides to its
limited cycle lifetime. Therefore, it still plays a critical role in different work in order to achieve
a deep understanding of its behavior. Consequently, many approximates models of battery have
been proposed in literature based on practical tests varying in the method that has been taken for
obtaining the equations which expresses the battery’ behavior. Several models were proposed to

predict the batteries characteristics behavior from different bases such as electrochemical,
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analytical and electrical. Based on electrochemical approach Ryan Ahmed et al. [25, 26] have
given an improved model for battery by parameters identification of reduced-order
electrochemical model. This proposed enhancement can to estimate the state of charge (SOC)
and voltage for old and healthy batteries. Woosuk Sung et al [27] have proposed also an
electrochemical model for the automotive battery management systems. This model is able to
predict the battery voltage as function of the current density, solid-phase potential, electronic and
ionic resistances. The validation of this model for constant current presents good results
compared to the real measurements. From the analytical approach, Jingzhi Xun et al [28]
introduced thermal behavior prediction for lithium ion battery. This model takes into
consideration the heat and temperature variation according to battery volume. From the electric
approach for which we are interested, Ziyad M. Salameh et al [29] have developed an electrical
model through modification of Thevenin model by adding nonlinear components. After that, J.B
Copetti et al [30-31] proposed an empirical electrical model for PVS application called CIEMAT
model. This model presents good dynamic performances and takes into account Battery output
variation as a function of current and temperature. Whereas, the disadvantage of this model is the
large number of parameters that taken as constants; therefore, this model is not adaptable with
any types of batteries. Another improvement is given by D. Guasch and S. Silvestre et al. [32] by
the identification of 11 parameters of Copetti model using Levenberg—Marquardt algorithm and
the addition of the State of health factor (SOH). For the stand-alone PVS system simulation,
Rafael Illanes et al [33] have introduced a modification in CIEMAT model by adding linear
components in the battery electrical circuit with keeping the former model parameters. Later on,
Wiladislaw Waag et al [34] have proposed an online estimation of battery state of charge (SOC)
and capacity based on the open circuit voltage after stabilization time. Static validation has been
given in this work. In other application of electric vehicle, Guangming Liu et al [35] have given
a predictive-adaptive model from electrical equivalent circuit for the estimation of the energy
stored in the battery. The validation of this model shows good matching with the real
measurements. Robert L. Fares et al [36] have, proposed a dynamic model based on electrical
circuit formed of open circuit battery voltage source varying as function state of charge and
constant voltage drop due to the battery internal resistance. In another improvement of Thevenin
model, Massimo et al. [37] have given electrical battery equivalent circuit by adding components

of n order. This model presents good matching with the real measurement from the validation
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given in [38]. Wenhua H et al. [39], have proposed a simpli ed equivalent circuit model that can
predict both the voltage and the impedance of the Battery. In this context, we are interested in
the CIEMAT model, where we propose in the first step, an enhancement of this model by the
extraction of its parameters using Levenberg-Marquardt. After that, we propose an improvement
of 21 parameters by using the genetic algorithm. Furthermore, we propose an improvement also
of 4 parameters for the estimation approximately of the gassing and the saturation areas by new
static method using genetic algorithm (GA). This was done relying on static measurements when

the battery has been charged by different current.

The GA can be a suitable algorithm for the parameters extraction of this model in terms of its
complexity and the large number of its parameters. This algorithm is a stochastic method that is
used to solve mathematical optimization problems [40]. Basically, four principal steps
constituting this algorithm, that start through the generation of initial population; in this step, the
algorithm generates a population of chromosomes that represent the information holder namely
the genes. By analogy, the genes are the parameters extracted of the cost function to be
optimized [41]. In the second step, the algorithm selects the chromosomes that participate as
parents in the next process (crossover and mutation) after the evaluation of the fitness for each
one. The chromosomes that have a good fitness obtain a better chance to be selected [42-43].
After that, the selected chromosomes play a role of the parents by the crossover two by two for
generation of children. Finally, in the Mutation process the children generated in the previous

step are randomly subjected to a change of some characters [44-45].

Moreover, a real time validation of the improved model has been carried out by the
acquisition of real battery measurements (Current, temperature and voltage) taken as input and
output of the model for a real time validation using LABVIEW Language. Also, we propose
battery monitoring and simulation using the improved model with the parameters extracted on

off-line.

The management of the lead-acid battery is very important in terms of extending its lifetime
and the maximum benefit to its capacity. Therefore, the name of the battery in the photovoltaic
systems is usually related with the charge regulator. Several method of charge existing varying
according to the application such as: off-on, constant current and constant voltage method. From

this context, we propose a new and robust charge regulator based on the estimation of the battery
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state of charge (SOC) with the application of a constant voltage when the battery achieves the
full charge. Moreover, a new developed MPPT is integrated in this regulator based on the

modeling using M5P model tree.
The content of the thesis is organized as follows:

As a first chapter, we provide briefly a background and history about the storage systems
with more details about the storage in photovoltaic systems specially the stand-alone systems.
While the battery is widely used in these systems, this chapter highlights the batteries types
especially the lead-acid type. The management and the charging modes of the lead-acid battery
are also highlighted. Furthermore, the technology and the types of the battery charge regulator
are discussed in this chapter. In the second chapter, the lead-acid battery modeling is given with
an enhancement by the parameters extraction using Levenberg-Marquardt and genetic algorithm.
In the third chapter we give more details about the battery monitoring systems and the realization
of the real time acquisition. Finely, the new proposed MPPT algorithm and the charge regulator
are highlighted in the fourth chapter.
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CHAPTERI

BACKGROUND IN THE STORAGE SYSTEMES AND
STORAGE IN PHOTOVOLTAIC ENERGY

1. 1 Introduction

The generation of the electrical energy increases around the world to meet the large
demand due to the expansion of industry and the public requirements. In the case of lack in
electrical energy supply, the storage systems play the role to ensure certain autonomy by saving
the extras electricity for using when it is needed. According to the suitability with different
applications, various storage system technologies have been developed such as pumped hydro,
compressed air, flywheel, Supercapacitors and electrochemical storage. Where, almost all of
them pass by the conversion to another form of energy. This chapter provides a brief overview
on the stationary storage with more details for battery technology and its application in stand-
alone photovoltaic systems. Furthermore, the battery charging modes and charge regulator

types are highlighted in this chapter.

1.2 Overview in the storage devices

1.2.1 Pumped hydro storage (PHS)

Pumped hydro storage is the most common storage method used in large scale electrical
stations. These systems represent more than 99% of worldwide bulk storage capacity and have
been used since 1929 [20, 46]. As the Figure (1.1) shows, this technique is based on the
movement of water from the higher to the lower basin through hydraulic turbine that turns the
electrical generator during the peak periods.

The pumped hydro can be coupled with renewable energy source such as wind or solar for
grid connected or micro-grid applications in order to adopt the renewable energy source in the

networks [47].

1.2.2 Compressed air
Compressed air is a pneumatic energy storage technique based on the keep of compressed

air under certain pressure that can be released to a generator during the peak demand [21]. In
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Figure 1.2 Compressed air system schematic diagram

the case when the network have a low load power demand, the surplus electricity drives a
reversible motor/generator unit in turn to run the chain of compressors for injecting air into a
storage vessel. The figure (1.2) shows the process of this technique.

The first compressed air energy storage facility was used the E.ON-Kraftwerk’s 290MW
plant built in Huntorf, Germany in 1978 [48]. Compressed air system can be built to have small
or large scale of capacities. The most common practical use are the compressed air systems
involve grid applications for load shifting, peak demand, frequency and voltage control [49].

Also, the Liquid air energy storage is another technical developed principally similar to the

compressed air [50].
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1.2.3 Flywheels

Flywheels are a mechanical storage device that can store the kinetic energy of a rotation
movement from inertia. This technique can be very effective storage method for the short
duration cycle [22]. This energy stored can be used for the rotation of turbines to produce
electrical energy. The Figure (1.3) shows the simplified structure of flywheels energy storage

system.
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Vacuum pump
Magnetic
bearing

Figure 1.3 Flywheel energy storage system

In order to increase the rotation speed that improves the efficiency of the system, new
developed researches include the use of new materials in the flywheel to reduce energy loss

caused by air resistance and the friction [51].

1.2.4 Capacitor and Supercapacitors

The capacitor is a component that contains two electrical positive and negative conductors
separated by a dielectric. The capacitor saves electrical energy in the dielectric on an
electrostatic field form. When it is charged, a positive charge is gathered in one conductor and a
negative charge is gathered in the other [23].

Supercapacitor is a storage device with high electrical capacity that contains double-layer
capacitors. As shown in Figure (1.4), the supecapacitor is composed to electrodes, an
electrolyte and a porous membrane separator [52]. This device can provide a high flow of
energy whereas it is not a stationary device. In another meaning it cannot provide energy for a
long duration comparing with the conventional batteries. This device is commonly used in
motors start-up for electrical cars application, where the motor needs a high energy for starting

[53].
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1.2.5 Superconducting Magnetic Energy Storage (SMES)

The superconducting magnetic energy storage is a technical based on the superconductors
properties. The SMES system saves electrical energy in the magnetic field created by Direct
Current (DC) in the superconducting coil which has been cooled to temperature below its
superconducting critical temperature. [54]. Basically, the SMES systems is composed to a
vessel that include superconducting coil and cooling material such as helium or nitrogen. The
passage of the cooling material through the superconducting coil creates an electrical energy in
the magnetic field. The figure (1.5) describes briefly the SMES system.

Superconducting coil can be classified into two principal categories: the first is the coil of low
critical temperature which works near to 5 K; the second is of high critical temperature which
works at temperature nearly to 70 K. This technique is used for relatively high scale energy

storage and increasingly it becomes more mature [55].
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Figure 1.5 The diagram of the SMES system.
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1.2.6 Hydrogen storage and fuel cell

This technique is composed of two main processes; the first is the produce of hydrogen which
is done by water electrolysis unit. This unit produces the hydrogen from water by receiving
electricity. Hence, the obtained hydrogen will be stored in containers with high pressure for use
when needed. In the second process, the hydrogen saved is transmitted to the fuel cell by a
pipeline which will be converted from chemical to electrical energy. With the same principle of
conventional batteries, the fuel cells have positive cathode and negative anode that contain
oxygen and generated hydrogen respectively. The both are separated by an electrolyte [56].
According to the nature of the electrolyte, it exists various types of fuel cells. The figure (1.6)

describes briefly the process of this technique.
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Figure 1.6 The diagram of hydrogen storage and fuel cell.

This technique presents many advantages in terms of the efficiency, less pollution and quieter
[57]. Moreover, the fuel cell combined with hydrogen production can provide high capacity for
stationary power distribution. The hydrogen storage and fuel cell technique is used also for

renewable energy storage such as solar and wind energy.
1.2.7 Electrochemical storage

The electrochemical storage, that we are interested in, is based on the keep of electrical
energy on electrochemical form and providing it when it is needed. Basically, these storage
systems are composed of positive and negative cathode and anode respectively separated by an
electrolyte [24]. The rechargeable batteries are the most common electrochemical storage

systems used for the storage of electricity. The battery is composed of one or more
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electrochemical cells; each cell contains two electrodes (anode and cathode) with the
electrolyte that can be liquid, solid or other states. The battery cell is a reversible system that
can be charged or discharged. It converts the electrochemical to electrical energy in the
discharge process. In this process, the electrons are provided from the anode and collected at
the cathode through the external load. In the charge process, the electrochemical cell can
convert the electrical energy to electrochemical energy when it is supplied by an external
source. In this process, the inverse reaction is happen. According to the desired voltage and
current, the cells are collected in series and parallel. However, the battery devise presents two
main drawbacks that somewhat obstructed its progress, the first is its complex electrical
behavior due to its electrochemical interaction that makes the battery difficult to be modeled.
Thus, the batteries are still a major problem for the stand-alone systems. Due to electrochemical
effects and its internal variation, the second drawback of the battery is the capacity degradation,
in which the battery can be unqualified after its lifetime finished. The recent researches are
devoted to cope with the aforementioned problems in order to extend, predict and optimize the
batteries lifetime. Based on the material included in electrodes and the electrolyte, many types
of batteries have been designed such as Sodium—sulfur, Nickel-cadmium, nickel hydride,

Lithium-ion and lead-acid battery [58].

Nickel-cadmium (NiCd): This rechargeable battery type contains electrodes of nickel
hydroxide and metallic cadmium and the aqueous alkali solution as an electrolyte. This type
presents a good robustness and low maintenance. However, cadmium and nickel are toxic
metals; hence the NiCd batteries are not environmentally friendly. Moreover, their capacity can
be decreased rapidly if they are repeatedly recharged after partial discharge that called the
“memory effect”. In addition NiCd batteries have a high self-discharge current. These batteries

are commercially used for the starter systems and standby service [59, 60].

Nickel-metal hydride (NiMH): This type is similar with Nickel-cadmium type in terms of
size, cell voltage and design. Whereas, the NiMH based batteries contain hydrogen-absorbing
alloy in the negative electrode instead cadmium to avoid its toxic effect which make them
friendlier for the environment. Furthermore, the NiMH batteries present other advantages such

as low internal resistance and relatively high cycle durability. However, the NiMH like the
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NiCd batteries have a high self-discharge current rate, also the memory effect still appears in

NiMH batteries type [59, 60].

Lithium-ion (Li-ion): For this batteries type the cathode is made of lithium metal oxide such
as LiCoO, and LiMO», whereas the anode is made of graphitic carbon. The electrolyte is
composed of dissolved lithium salts such as LiClO4. The Li-ion batteries occupy a large use in
many applications especially the electronic applications such as smart phones, camera,
laptop...etc. This batteries type has many attractive performance advantages that make them in
the good ranking according to the other types. The first advantage is that the Li-ion batteries
possess a high energy density. Also, they have deepest discharge and lowest self-discharge
current compared with the other types. Their electrolyte is not liquid that means that they are
immune from leaking. However, the Li-ion based batteries are very affected by high depth of
discharge (DOD) cycle that accelerates their lifetime degradation. Added to this, the Li-ion
batteries pack requires an electronic on-board monitoring that make them relatively costly [59,

60].

Type Voltage Energy Power Self- Cycle
cell (V) Density Density Discharge Durability
(Wh/kg) (W/kg) rate
Nickel- 1.2 40-60 150 20% 1500
Cadmium
Nickel- 1.2 30-80 250-1000 20% 1000
Metal
Hydride
Lithium-ion 3.6 160 1800 5%-10% 1000- 1200

Table 1-1: Properties comparison among the batteries types [60]
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1.3 Lead-acid Batteries

Because of their low cost, the rechargeable lead-acid batteries are the most widely used type
for many stationary and large scale applications. The cathode and the anode of these batteries
are made of lead dioxide (PbO;) and of lead (Pb) respectively, while, their electrolyte is
composed of sulfuric acid. The advantage of this design is that the electrolyte takes part in the
reaction of the both electrodes and vice versa. The lead-acid batteries type can accept deep
discharge and have lower self-discharge current rate. Added to this, the lead-acid based
batteries have no problem of memory effect phenomena comparing with nickel batteries type.
However, as any batteries type the lead-acid batteries have a limited lifetime inconvenience and
their capacity decreases with the time due to the internal interactions. Moreover, the lead-acid

batteries must be recycled as the active material “lead” is toxic to the environment [60].

1.3.1 Lead-acid cell design

As shown in figure (1.7), the lead-acid cell is composed of active materials. The positive
plate (positive electrode) is made of lead dioxide (PbO;) and the negative plate (negative
electrode) is made of sponge lead (Pb). These two electrodes are dipped in a solution composed
of sulfuric acid (H2SO4) and water. The reaction during charge and discharge of the lead-acid

cell is given in the following chemical equation:

h
charge

PbO, + Pb+2H,S0, ——> 2PbSO, + 2H,0 an

discharge .
Pb PbO,
Negative _ | Positive

electrode: | —e e | electrode:

Porous Lead-dioxide

lead
H,0 HeSOs
Electrolyte: Sulfuric acid and water

Figure 1.7 lead-acid battery design
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The lead and lead-dioxide materials have a good electrical conduction, where the conduction
is done via the jumping of electrons between the atoms. The conduction within the electrolyte
is done via the ions transport and diffusion. At the negative electrode that is composed of lead,
the charged sulfate ions are approaching to the uncharged lead atoms and stabilize at the
surface of the negative electrode. Therefore, the lead atoms become ionized and form an ionic
bond with the sulfate ions. In this case, two electrons are liberated at the lead atom as given in
the equation of the chemical reaction (1.2). The figure (1.8) shows the reaction process at the

negative electrode.
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Figure 1.8 the conduction at the negative electrode

Pb+SO,” —>PbSO,+ 2o~ (12)

Solid aqueous Solid Conduction

At the positive electrode composed of lead-dioxide, the charged sulfate and hydrogen ions are
approaching to the ear-dioxide molecule and stabilize at the surface of the positive electrode.
Lead-dioxide atom becomes ionized and forms ionic bond with sulfate ion. Two electrons are
removed from conduction band at the electrode. The reaction is expressed in the equation (1.3).

The figure (1.9) shows the reaction process at the positive electrode.

PbO,+SO;* +4H+ 2e — PbSO,+2H,0 (13)

solid aqueous aqueous Condution Solid liquid

When the battery cell is discharging, the negative electrode behaves as anode and the positive
electrode behaves as cathode. The connection between the two electrodes by an external wire or

load leads to a movement of excess electrons in form of current from the anode to the cathode.
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When the battery is subjected of an external source namely in charging process, the electrons
are forced backwards against the electrodes potential and the reaction is driven backwards. In

this case, the negative electrode behaves as cathode and the positive electrode behaves as anode
[58-60].
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Figure 1.9 the conduction at the positive electrode
1.3.2 Lead-acid batteries design types and technologies

To improve the advantages of lead-acid batteries, several designs have been manufactured
either by addition of other materials in the plats such as lead-calcium and Lead-antimony
batteries or by the internal design modification such as Manchex, tubular and pasted flat plate.
Furthermore, other external design technologies exist such as Valve Regulated Lead-Acid

(VRLA) and Vented Lead-Acid Batteries [58-60].
1.3.2.1 Modification in the electrodes

In order to develop and optimize various aspects of lead-acid batteries performances, there

are two main modifications: introduction of calcium and the antimony additives.

Lead-Calcium Battery cells: the addition of calcium to the electrodes lead provides several
advantages: the battery becomes more resistant to corrosion, overcharging, gassing, water
usage and self-discharge. Furthermore, the battery obtains large electrolyte reserve area above
the plates. The Lead-Calcium Batteries are recommended for applications that require deep

discharge cycling [58-60].
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Lead-Antimony Battery cells: in addition to their low cost, the batteries modified with
Antimony addition present also several advantages. The first advantage is the reduction of heat
and water loss at the gassing working zone. Moreover, the Lead-Antimony batteries have
longer lifetime comparing with the Lead-Calcium type. The main disadvantage of these
batteries kind is a higher self-discharge comparing with Lead-Calcium model [58-60]. Lead-
antimony cells are recommended for applications requiring very long lifetime under cycling

discharge depths greater than 20% of their rated capacity.

1.3.2.2 Modification in the internal design
To obtain more advantages for lead-acid battery type, Manchex, tubular and pasted flat plate
are three main internal designs existing. Each form gives more benefits according to the

applications use.

Manchex type: As shown in figure (1.10), the Manchex batteries are formed of a grid casted
with low antimony lead alloy. The buttons pressed into the grid holes are obtained by the
winding of pure lead ribbon into a spiral form. These are. All are soaked in the sulfuric acid.
Due to the heavyweights of grid, these batteries give long lifetime that can reach 25 years with

a good management.
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Figure 1.10 Manchex lead-acid battery design

Tubular type: as shown in the figure (1.11), the tubular batteries are composed of a grid that
contains series of low antimony lead spines. Pipes of plastic or glass are centered on each spine

where the active material is situated. These batteries are used for applications that require deep
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discharge in the average of 70 to 80 % such as lift truck and material handling. This type is
used also for the starting of diesel central. Tubular batteries lifetime can reach ten years for

applications requiring 80% deep discharge.

Pasted flat plate: figure (1.12) shows that the grid of the pasted plate type is formed of pure
lead, lead-calcium or lead-antimony depending on the size of the plate and application. The
active material is situated in the grid holes. The grid plate is wrapped by glass mats and
perforated plastic to minimize the loss of active material. This wrap has a similar role of tubes
used in tubular plate type. According to the application, the pasted plates are made of thin or
thick grids. The thin grids design is used for applications which require high current in a short
time such as car starter application. Whereas, the thick grids are used for the applications where

the current is relatively low and for long time such as photovoltaic applications.
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Figure 1.11 Pasted Plate lead-acid design Figure 1.12 Tubular lead-acid batteries design

1.3.2.3 Modification in the external design
For more advantages, two main external modification design types exist: the open lead-acid

battery type and the Valve Regulated Lead-Acid battery (VRLA) type.

Open Lead-Acid Battery: due to its low cost and easy maintenance, Open or vented Lead-

Acid Battery type is the most used. The term open is because the battery can be open for the
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addition of lost water. These batteries have several advantages: the first advantage is the
possibility of water addition in maintenance; the second is the easy tests and faults diagnostic
by measuring of electrolyte density. However, the loss of water in this battery type accelerates
considerably its capacity degradation. Figure (1.13) shows the design form of an open lead-acid

battery.

Valve Regulated Lead-Acid (VRLA) battery: called also “sealed” lead-acid battery; this type
is popular in several applications such as motor cycles. These batteries have low water
electrolyte evaporation comparing with the vented types. The loss of electrolyte is largely
avoided thus the lifetime is prolonged considerably. The VRLA battery contains regulated
valve used for water liberation if the battery reach overcharge level. The electrolyte is designed
to be immobilized as gel materials, so it will not leak if the battery is inverted, pierced or
broken. For this, VRLA batteries can be installed in any orientation position. The use of this
battery type leads to maintenance free (no water addition). Figure (1.14) shows the design

shape of this battery type.

Figure 1.13 Open lead-acid batteries design Figure 1.14 VRLA lead-acid batteries design
1.3.3 Temperature effect

The working temperature of lead-acid battery must be taken into account as an important
factor in terms of lifetime or characteristics variation such as capacity and voltage.
Theoretically, the lead-acid battery voltage decreases by 5 millivolt per cell if the electrolyte
temperature increases by 1 ‘C. Moreover, the electrolyte temperature increases if the battery

charge reaches the overcharge zone which causes liberation of hydrogen that affects
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considerably its lifetime. A typical approximation is that for every 10 ‘C of temperature
increment, the useful lifetime of the battery decreases by half (rule of thumb). Therefore, a

cooling system must be installed in the working environment.
1.4 Photovoltaic systems and storage

The photovoltaic (PV) energy can be the alternative energy that responses to new challenges
and ensures the energy abundance in the word. The PV cell is composed of two semiconductors
doped positively and negatively; if the two semiconductors receive sufficient gape of light
energy, the electrons are liberated from the valence band to the conduction band which create a

potential difference between the two semiconductors [1].
1.4.1 Modeling and characterization of the PV array
In the most common equivalent circuit of one diode, the PV cell is represented by:

- source of current, that represents the current intensity generated by the cell,
- in parallel with diode,

- and both serial and parallel resistances taking into account the losses in cell.

Figure (1.15) shows the cell equivalent circuit [61].

.
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Figure 1.15 One diode equivalent circuit

From the electrical representation aforementioned, the current of cell / is the sum of /,;, and
Ly, that represent the photo-generation and shunt current respectively. Equations (1.4)-(1.7)
describe the evolution of cell current and voltage. Where, K is the constant of Boltzmann, q is
the electrical charge, T is the temperature of the cell, 7 is the factor of ideality of the diode and

1y 1s the saturation of current due to diffusion and recombination.
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I=1,-1,-1, (1.4)
_ q(V+R1)
=1y {GXP{ nKT 1 (1.5)
_V+RI (1.6)
sh R

By replacing the equations (1.5) and (1.6) in equation (1.4), we obtain the following equation:

V+RI
Izlph_l() exp M _1 _V+Rs1
nKT, R, (1.7)

Lon, 1o, R, Ryn and n are parameters of the model given previously that will be identified.

By varying the load from short-circuit to open circuit states; the PV module in any
configuration presents a nonlinear [-V characteristic. It represents the variation of current as
function of voltage that depends strongly to the irradiation and temperature. Consequently, the
PV array for certain irradiation and temperature possesses an optimum point in which a
maximum of power can be extracted [62]. Figures (1.16) show characteristics for different
irradiations and temperatures. Where, Figure (1.16) (a) and (1.16) (b) show the I(V) and P(V)
characteristics respectively according to the variation of irradiation; Figure (1.16) (¢) and (1.16)

(d) show the influence of the temperature in the characteristics I(V) and P(V) respectively.

In order to extract the maximum power that the PV module can provide in any case, it is
necessary to adapt the load in the maximum power point MPP. Therefore, a dynamic equivalent
resistance must be introduced to keeping the working point in the MPP. The DC/DC converter
controlled by algorithm may be used to find and track the MPP by dynamically. It enables us to
avoid any loss of energy caused by the continuous change of the working irradiation and

temperature.
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Figures 1.16 PV panel characteristic for different irradiations and temperatures.

1.4.2 The photovoltaic systems type

Two main systems of photovoltaic exist according to the path of the energy from the source

until the load:

a)

b)

Grid-connected PV systems: they are designed for providing the energy to the
distribution network during the peak demand and get absorb the energy from the
network when it is needed. These systems do not rely strongly on the storage unless for
the compensation in the case of a hollow in the energy provided. The most important
part in these systems is the inverter that consists of the conversion of DC energy
generated by the PV to the AC energy needed by the line. Figure (1.17) shows that the
grid-connected system is composed of PV array, DC/AC converter and automatic
isolation [63].

Stand-alone PV systems: they are the most popular which provide energy even in the
case of lack of solar irradiation. The stand-alone PV systems rely completely on the
storage system. The solar energy is stored and released when it is needed to the load.

The simple configuration of these systems is described briefly in the figure (1.18).



37

Where we can see that PV generator connected to the storage system, this connection

may include conditioner and protection device. DC/AC converter is connected to the

load for AC case. For the case of DC load, the storage system is connected directly. The

stand-alone systems are widely used in water pumping application in the isolated areas.

However, the storage of energy is still the major problem for these systems [63].
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Figure 1.17 Grid-connected system design
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1.4.3 The storage in photovoltaic systems

Figure 1.18 Stand-alone system design
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As aforementioned in the previous section, the PV storage is still a major issue for the

recent searches as the PV energy is provided only in the day. Especially, in the isolated areas

this problem is widely faced. Hence, many storage systems have been used in the PV systems

more precisely in the stand-alone systems such as hydrogen storage, fuel cells and the
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Supercapacitors. However, the stationary batteries are still taking a large place in the PV
storage because of their low cost, their ease of maintenance and relatively their high capacity.
Where the battery can provide the energy to the load in case of lack of radiation, and behave
as a load when the PV power is available as is described in figure (1.19). The lead-acid

battery is the most popular in the PV systems due to the aforementioned advantages [63].
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Figure 1.19 Battery position in the PV system

Despite this, in addition to its complex electrochemical behavior, the lead-acid battery in PV
systems is subjected of random working condition due to the continuous change of solar
irradiation and temperature. This makes its modeling or prediction more complex. Moreover,
the lead-acid battery has a limited lifetime caused by the capacity degradation. However, good
management and control of battery energy flow can extend its lifetime. Hence, the name of the
battery in stand-alone systems has been associated with the charge controller. Further to the
effective management and optimization of energy flow advantage, a robust charge controller

can prolong considerably the lifetime of the battery.

1.5 Battery charging modes and charge controller types

According to applications, there is several lead-acid batteries charging modes such as on-off,
constant current, constant voltage and pulsed charge modes. This enables us to prolong the
lifetime and benefit of the maximum use of capacity. Therefore, various batteries charge
controller have been introduced.
1.5.1 Battery charging modes
In order to obtain better management, good performance and optimal lifetime, specific
conditions should be respected for charging lead-acid batteries. Mainly, the working

conditions are:



39

e The charge current should not exceed the value that overheats the battery (C/4).
e The good estimation of the safe working zones to avoid the dangerous one:
Overcharge and over discharge.

e The good estimation of battery state of charge.

Furthermore, the good PV system sizing plays an important role for an effective management
of battery energy and optimization of stand-alone PV system power. For this end, several
charging modes of batteries have been introduced in the literature for the purpose to response to
the aforementioned conditions. Mainly, the most common modes are: on-off, constant current

and constant voltage charging mode [64].
1.5.1.1 On-off charging mode

This charging type is parameterized by four voltage thresholds controlled as hysteresis. In
the charge step, the source is disconnected at the gassing voltage level called also “end of
charge”. The source is reconnected at the recharge voltage level when the battery can be
recharged again. In the discharge step, the load must be disconnected at the level of end of
discharge voltage and reconnected when the battery can provide energy to the load. Figure

(1.20) describes the on-off mode evolution [64].

This charging mode is recommended for the systems of high storage capacity when the
current is less than C/20 (where C is the battery capacity). However, in the case of high
charging current, this current multiplied by the internal resistance creates voltages higher than
the commutation thresholds. Therefore the charge stops before the battery full charge. If the
voltage threshold of end of charge is increased the battery exceeds the gassing level.
Moreover, the choice of discharge thresholds is another major problem in term of the

maximum extraction of battery capacity [64].
1.5.1.2 Constant current charging

This charge method is applied to the control systems that ensure a constant charge current. It
can be applied to different controlled levels of charging current. In the first charging step, the
voltage starts to increase rapidly. When the battery is near to its charge voltage threshold, if

the charge current is low we can consider that the state of charge is near to 100%. Then, it is
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recommended to stop the charge by a low current near to C/100. Figure (1.21) describes both

the current and voltage evolutions for this charging method [64].

1.5.1.3 Constant voltage charging

In this charging mode, the voltage is maintained at the same value almost throughout the
process of the charge. This charging mode provides an important initial current due to the
difference of the voltage between the discharged battery and the source. Thus, the battery
charge increases until 70% at 30 minutes. For the systems of high charging current according
to the storage capacity, it is recommended to use the constant voltage charging. However, in
photovoltaic systems the current is unpredictable, then modified methods of the constant
voltage is called in order to limit the current either in the start or in the end of the battery

charging process as described in figure (1.22). These exists methods are:

e Modified charging of constant voltage with a constant current in the start of charging
process.

e Modified charging of constant voltage with a constant current in final phase.

e Modified charging of constant voltage with a constant current in the start and the end

of charging process.

These types use a PWM controller’s technology based on DC/DC converter for the
maintaining of the voltage or the current at a constant value. The PWM controllers enable us

to integrate the MPPT for PV systems [64].

End of charge |
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reconnection
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Figure 1.20 On-off charging
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Figure 1.22: Modified constant voltage charging
1.5.2 Battery charge controllers and their technologies

At the beginning of use of photovoltaic energy systems, mainly two types of battery charge
controller have been used: serial and shunt models. These models have commonly used the
battery voltage characterization to determine the state of charge and thus reduce or stop the
charging process. Although the wide enhancements of the calculators and the appearance of
new technics to manage the battery energy flow using other battery characteristics. The
PWM- MPPT charge controllers provide fast and effective solutions for an optimum battery

charge and discharge mode and ensure good performances for solar applications [64].
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1.5.2.1 Series type regulators

Figure (1.23) shows that the switch in this type is integrated in series with source. It is
opened when the battery full charge is achieved. Another switch is integrated after the battery
to control the load current. According to the size of the photovoltaic installation, one or
multiple relays can be used. Hence, for the systems using output currents higher than 50
amperes, the controller should include more than one relay. The opening and closing of the
relay is performed according to the predetermined maximum and minimum voltage
thresholds.

Switch  Blocking diode Switch
oo Pl o

Sol 1
olar pane Load

|
|

Battery

Figure 1.23: Series type controller.

Practically, stationary batteries that work in the fixed position may risk losing the
homogeneity of charge in the electrolyte. The charge concentration may be situated in the
bottom of the battery. Therefore, the regulator, every month, should overcharge the battery at
the equalization voltage threshold to create gasification that homogenizes the electrolyte.
This is an automatic Homogenization manner without moving the battery. At this end, another

controlled switch can be added in parallel with the serial switch [64].

1.5.2.2 Shunt type regulators

This type is the most widely used due to its easy realization in which the switch is placed in
parallel with the solar panel and the battery. Where, the current is provided from the panel
through the diode in the charge process. When the battery is full charged, the parallel switch
is closed to disconnect the source. For the discharge process, the second switch is closed in
order to provide the current to the load. Figure (1.24) describes briefly the principle of this
regulator type [64].
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Figure 1.24: Shunt type regulator.

Among the shunt type controllers, there is the linear shunt controller type. This model
maintains the battery in a constant voltage when its full charge is achieved. The linear shunt
controller ensures the full charge of the battery. However, the unused power of the panel,
when the battery is full charged, may be dissipated in a parallel transistor (switch). For this

dissipation, this type of controller is limited for small currents [64].

1.5.2.3 PWM controller

Using the Pulse Width Modulation feature, PWM controllers benefit to the advantages of
the two previous techniques. It is a DC/DC converter that uses MOSFETSs or power transistors
operating at high frequencies in order to generate the specific pulses which control the battery
voltage. The PWM controllers have an excellent charging characteristic for PV systems in
which the battery full charge can be rapidly achieved. However, the commutation with high
frequencies can cause a power loss at the switches. Figure (1.25) shows the PWM regulator

design.

Solar Pin Pout

panel DC/DC
Conveter

-+
Battery

Figure 1.25: PWM regulator
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Among the advantages of PWM regulator is that it can maintain the battery voltage in
constant value to achieve the full charge. Furthermore, these regulators can integrate the
maximum power point tracker by using the same DC/DC converter. This ensures that the

maximum energy provided by the solar panel is recovered [64].
1.6 Conclusion

In this chapter, we give a background about the energy storage techniques such as: pumped
hydro, compressed air, flywheel, Supercapacitors and electrochemical storage. While our
interest focuses on the storage in the photovoltaic systems, the lead-acid battery type was taken
an important part of this chapter because of its wide use in this domain. For an optimal use of
battery energy and prolonged lifetime in photovoltaic systems the integration of controller is
required. For this end, the battery charging modes and charge controller types have been also

highlighted.
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CHAPTER 11

LEAD ACID BATTERY MODELING AND PARAMETERS
EXTRACTION

2.1 Introduction

In Photovoltaic Systems (PVS), particularly in stand-alone systems, the battery remains one
of the most important components for energy storage. In addition to its complexity due to the
electrochemical behavior, the battery in PVS is subjected to dynamic state caused by
continuous change in irradiation and temperature. Therefore, the battery is considered as a
major problem in PVS and it has been interested in by several researches in order to achieve a
deep comprehension of its interaction. To obtain a best prediction, which gives a good
agreement with real battery behavior, it is necessary to establish an accurate battery model.
Several models have been proposed in the literature based on the electrical approach and other
different approaches like electrochemical, analytical and stochastic models. The electrical
approach allows us to have a profound comprehension for behavior analysis. In this chapter,
we propose the modeling and the improvement of CIEMAT electrical model by the extraction

of its parameters using genetic algorithm and Levenberg-Maquart algorithm.
2.2 Lead-acid battery modeling

The equivalent electrical circuit of a lead acid battery is illustrated in Figure (2.1) [31-32,
65, 66]. The battery is represented by an open circuit voltage Vo, which models the
electromotive force resulting from electrochemical activities of the solution and an internal

resistance Ry, that represents all losses during charge/discharge process.

R, (I, SOC, T) 1
—Nv\/\_-ol

+
V,.(SOC) C) Viat

*]

Figure 2.1. Equivalent circuit for the battery

The voltage at the output terminals can be expressed by the following expression:

V,.=V_+IR, @D

bat
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I is the charge/discharge current. This current is positive during charge process and negative

during discharge process.

2.2.1 Battery internal resistance

Due to the internal behavior inside the battery, the internal resistance term appears as one of
its characteristics that expresses the energy losses in different mode (charge, discharge). It is
mainly caused by the electrolyte, the electrode resistance and the material constituting the
battery and varies strongly according to the temperature. There are many methods for
measurement of this resistance as the current pulse, the period of rest and the milliohm-meter
method. An empirical relationship has been established by Copetti et al which represents the
battery resistance for both charge and discharge mode as shown in expression (2.2) [31-32,
65-67].

R =| —H 5 + P, |(1-ap (T-T,

1+1(1)*  (1-soc(r))" "

)) 2.2)

Where: P; to Ps and ar are empirical parameters that will be identified for the enhancement
of this model, I is the current that pass from and to the battery, SOC is the battery state of

charge, T is the electrolyte temperature and Trer is the reference temperature of 25 °C.

2.2.2 Battery state of charge and level of energy

The battery state of charge (SOC) is an indicator that describes the charge storage in the
battery as a percentage varied in the range 0 < SOC < 1. It is obtained by calculating the sum
of amperes that pass through the battery according to its instantaneous capacity and initial
state of charge (SOCy). In the same concept, the level of energy (LOE) expresses the energy
storage in the battery according to the maximal capacity for I equals to 0 and temperature in
the range [-40, +40]. Equations (2.3) to (2.7) describe the evolution of both SOC and LOE
[31,32, 68].

SOC(f)=SOCo+%t)I;m (1)1 (t)ot @3

(2.4)

C (t): Cnominal'ctcaef — (1+ aLAT + ,BCATZ)

1+ 4, [|1 (t) J

nominal
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(2.5)
Cnominal
nominal -

n

1 : (2.6)
LOE(t) = LOE, +C_J'7" (¢)1(t)or

n 0

=0 2.7)

C, =max(C)

T=[-40,+40]

Where, Cicoef, Acap, Beap, Oc, Pc are parameters that will be identified for the development of
this model, Chominat 1S the nominal capacity, 7. is the coulomb efficiency and C, is the
maximal capacity for current equals to 0 and temperature in the range [-40, +40]. For reducing
the number of parameters, we assume that the capacity varies linearly with the temperature

therefore B¢ is equal to 0 [31, 68].
2.2.3 Terminal voltage and working zones variation

Battery voltage exhibits different behavior depending on its operating mode (charge or
discharge mode). In charge mode, there are three operating zones: charge zone, overcharge
zone and saturation zone. While in discharge mode; the output voltage transits through
transition zone, over-discharge zone and exhaustion zone [68-69]. Time evolution of battery

output voltage during charge and discharge phases is given in Figure (2.2).

over dischayge

] | | ] ! exhaustion
0 5 10 15 20 25 30 35
Time[h]

Figure 2.2 Voltage areas variation
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2.2.3.1 Charge, Overcharge and Saturation zone

During the phase of charge, the battery receives energy from the source to be stored, which
increases its voltage and state of charge. It is considered as the best working zone to prolong
the battery lifetime. Equation (2.8) gives the relationship of the output battery voltage as a

function of state of charge, battery current and electrolyte temperature.

P,

+ - +P, |(1-a, AT (t
Comna | 1+1(1)™  (1-SOC(1))™ e |(1-@.aT (1)) (2.8)

V,= (V. +K,,.SOC(t))+ 1) b

boc boc

Coulomb efficiency 7 ¢, which denotes charge efficiency and given by equation (2.9), is

taken into account in case of charge mode and depends strongly on the charge rate. Its value is
close to 1 for low charge currents and low state of charge. However, when a full charge is

reached, Coulomb efficiency will decrease to zero.

Where Vioe, Kboe, @cmt, bemt, Pic to Psc and o are empirical model parameters to be
identified, SOC(t) is actual battery’s state of charge, I is battery charge current, AT is the

temperature variation according to the reference of 25 °C.

(2.9)

7, =1-exp T (5OC(1)-1)
I
)

nominal

When the battery reaches gassing voltage level Vg, it can start to saturate, and the charge
current starts to decrease. Thus, acceptance of charge decreases due to the effect of gassing
electrolyte. This phenomenon appears when battery charge is near to its maximum (95%).
This level varies according to the charge current and electrolyte temperature. Expressions

(2.10)—(2.14) give equations related to this particular zone:

V. (f)= {Agm +ngjln(l+ﬂﬂ(lagmAT(t)) (2.10)

nominal

2.11)

‘nominal

V()= {Afm +Bf0meln[l+ 1) ﬂ(laﬁAT(t))
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V()= (04 (7 ()7, (0) ] 1-exp ‘(SOC(I)CI(zf)‘TiZCVg WO o

A B

z(t)= B 2.13)
1+B_. (I(t)]

nominal

S0C, = SOC @14

V=,

Where Vg, Ve, Vs are gassing, saturation and overcharge charge voltage respectively. Agas,
Bgas, Afonse, Bfonse, Atse, Brse and Cre, are model parameters, t is the time constant in
overcharge zone, SOCy; is the battery state of charge when the voltage achieves the gassing

level. Vg is the overcharge voltage.

In saturation zone, the battery cannot accept more energy. Nevertheless, terminals voltage
reaches the maximum level at this zone and its value varies according to the charge current
and the electrolyte temperature as given in Eq. (2.11). State of health is considerably affected

in this charge zone. The feeding source must be immediately disconnected [31-32, 63, 69].

2.2.3.2 Discharge zone, Overdischarge zone and Exhaustion zone

In the discharge zone, the battery provides energy to the load. The limits of this zone is
while Vipat > 0.9VN, with Vn is the nominal voltage of the battery. Equation (2.15) describes

the evolution of battery voltage in this zone:

(2.15)

LA/ O PR

+P, |(1-a,, AT (¢
Cominat 1+|[(1)P“” SOC(t)P”" Sde ( d ())

Vie = (Vbodc —Koue (1 - SOC(t))) -

Viode, Kbode, P1de to Psqc and awgc are empirical model parameters to be identified, SOC is
actual battery’s state of charge, I is battery discharge current, AT is the temperature variation

according to the reference of 25 C.

In the over-discharge zone when the battery voltage reach 90% of nominal voltage, the
battery starts to discharge rapidly and it becomes nearly empty. This area affect the battery
health, therefore the load must be disconnected. The exhaustion zone is the very dangerous
area for the battery. It can damage the battery, when Vpat < 0.7Vn. A voltage remainder can

appear, but there is no extractable energy stored in the battery [31-32, 63, 69].
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Due to the battery internal resistance [68, 69], the charge battery voltage V. and the

discharge battery voltage V4. are different as given in expression (2.16). In this transition, the

battery presents a voltage drop which causes a discontinuity in the model for the dynamic

working mode.

Veliso = Vael o (2.16)
Battery voltage | Working zone Zone extremities
Ve Saturation zone I>0 | Vpa= Ve Ne=0
Overcharge zone Ve <Vpat<Vec 0<mc<l
Ve Charge zone Vbar<Vg
Vede Changing from charge to discharge | [=0 | Vgc< Vpar <Ve
or from discharge to charge
Ve Discharge zone I[<0 | Vpae>0.9VN ne=1
Overdischarge 0.7VNSVbat <0.9VN
Exhaustion Vat<0.7VN

Table 2.1.Battery working zone extremities

Chomina=110 Ah Pisc=4 Vah Pic=6 VAh Afonse=2.45V
n=10h P2gc=1.3 P2 = 0.86 Bfonse=2.011Vh
Cicoet =1.67 P33c=0.27Vh P3.=0.48 VAh Awc=17.3h

o = 0.005° C! Pagc=1.5 Psc=1.2 Buse =852 h
B=0°C"~ Ps¢c=0.02 Vh Psc=0.036Vh Cuse = 1.67
Acap=0.67 acmd=20.73 Ags=2.24V drde = 0.007° C!
Beap = 0.9 bemd=0.55 Bgs=1.970 Vh ore = 0.025° C!
Vbode=2.085 V Vboe =2V Ogas = 0.002° C' | [5=0.0001 A
Kbode=0.12 V Kboe=0.16 V afe = 0.002° C!

Table 2.2 Values of the CIEMAT model parameters
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If the current /s is sufficiently small (Table 2.1, 2.2), which define a transition band when
Ivac<|Is|, we can avoid the discontinuity at this transition by a linear function represented in the
equation (2.17). The voltage model at this limit is taken as linear transition [32, 69].

V\Ly - Vdc‘lo- 4

A
Vcdc: - [+ C‘O

21,

(2.17)

+ Vdc‘lly

Table (2.1) resumes the working zone thresholds and transition conditions of battery output

voltage. The parameters given by CIEMAT are given in Table (2.2)

According to the description mentioned previously, we note that the control and the
monitoring based on the accurate estimation of the battery voltage areas leads to extending its

lifetime by avoiding of the dangerous zones.

2.2.4 Static simulation

A simulation of lead-acid battery model in Matlab/Simulink environment in static mode for
constant current charge and discharge is given. This simulation is running for battery capacity

of 110 Ah and +10A/-10 A charge and discharge current.

For each battery’s output variation, different temperatures were provided, where T= 10° 20°
30° 40° 50°. The results are given in figures (2.4). Where, (a) is the charge and discharge
current, (b) is the variation of the battery output voltage, (c) is the variation of the battery’

state of charge and battery’ level of energy for different temperatures.

The simulation for constant current shows that whenever the temperature increases the
battery‘s output voltage decreases considerably as it is shown in figure 2.4 (b), also for the
state of charge and the level of energy. The temperature is an effective factor for the evolution

of battery output.

2.3 parameters extraction

In order to improve the accuracy of the model aforementioned, an enhancement of the
empirical parameters is proposed in this section by using automatic extraction parameters. At
first, we have used Levenberg-Maquart with a toolbox in Matlab/Simulink. After that, we
have proposed an improvement by genetic algorithm. This algorithm is suitable in terms of

model complexity and large number of parameters in which it is based on stochastic research.
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Figures 2.3: (a) the battery’ current for charge and discharge. (b) Variation of voltage as
functions temperature. (¢) Variation of SOC as functions temperature. (d) Variation of LOE as
functions temperature.

2.3.1 Model extraction parameters by Levenberg-Marquardt algorithm

In this step, we have used the Levenberg-Maquart algorithm toolbox in Matlab / Simulink.
It consists to minimize the cost function that represents the error between the model and the
actual measurement. This classical algorithm collects both Gauss-Newton and gradient

algorithm developed by Kenneth Levenberg and published by Donald Marquardt.
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2.3.1.1 Algorithm process
Taking the cost function given in expression (2.18) that represents the sum of the squares of
error between a certain number of real data d and an approximate function f{P|¢) which

contains a certain parameters to be identified [70].

1 (ot (2.18)
S®) =1 (@—r2y)
Where: L is the number of samples and d is the real measurement.
The process of this algorithm starts by an initial value of parameters P'=[a; a, ..... an], and

for each iteration P is replaced by p+q. For determine the q, the functions fi(p+q) approached

being linearized then equation (2.19) is obtained.

fo+a)= fp)+Jq 2.19)

Where, Jq is the Jacobian of fin p
For a minimum of the sum of squares S, the gradient of S equal to zero, by derivation of

expression (1.18) the following equation is obtained:

" Dg=J" 61} o

Where, q is obtained by the inversion of the matrix jTj [70].

In our case, the f function represents the battery output voltage and d is the real

measurements that are the both current and temperature of the battery.
2.3.1.2 Results

From the model described previously, 20 parameters were included in the identification
algorithm, where a simulation has been carried out using Matlab/Simulink. The control and
estimation tool manager in Matlab/Simulink used for the extraction parameters is given by

figure (2.6)

For the real measurements of four days taking one sample every 1 minute, a stand-alone
string composed of solar panel SORALWORLD, Lead-acid stationary battery and 4 DC
lamps used in the experimental study with the characteristics given in Table (2.3). An

extraction of parameters has been carried out taking the current and the temperature as model
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input and the voltage as output. Figures (2.7) show the battery input measurement, where: (a)

is the current measure and (b) is the ambient temperature.

Simulation running Levenberg-Maquart algorithm for parameters extraction of the battery
model was carried out using the real measurements given previously. The model presents a
good agreement with the real measures by applied the new parameters given in table (2.4).
Figure (2.8) (a) shows the matching between the estimated and measured voltage and (b)

shows the estimated state of charge by applied the new extracted parameters.

2.3.2 Extraction of Model’s parameters using the Genetic algorithm

Genetic algorithm (GA) is an inspiration of biological genetic process to find approximate
optimal solutions for mathematical problems. As in natural concept, the chromosome is the
information holder, which represents the genes that the child can get from his parents. In real
optimization problems, genes are the variables of a mathematical function. Basically, GA
randomly generates N chromosomes, in where each one is a vector of the variables
representing a solution to the suggested optimization problem. GA imitates the process of
biological evolution, including selection, crossover, and mutation based on the principle: good

individuals survive and breed good individuals [44-45].

Battery model given by the previous mathematical equations has 21 unknown parameters
for charge and discharge zones, which are extracted by GA based adjustment in order to get
best matching of the model with experimental measurements. These parameters are divided
into two groups. First group as given in Table (2.6) contains temperature independent
parameters and the second group as depicted in Table (2.7) contains temperature dependent
parameters. Thus, parameters of the first group are identified for a fixed temperature.
However, parameters of the second group are identified separately. Equation (2.21), given
bellow, is a measure of the mean error between measured and evaluated output battery
voltage.

LV,

1
Mean error =— LR (2.21)
L Zz:] V

m

Where, Vi and V; are the measured and evaluated battery voltage respectively and L is

number of samples.
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Figures 2.5 Battery input measurements. (a) The battery current. (b) The ambient temperature.



PV module characteristics Battery’s nominal parameter | DC Lamps
Voe=21.8V Lnpp=7.67 A | Vpar = 12V V=12V
Le=8.17 A Pmpp=135 W | Ci0=110Ah P=30W
Vipp=17.7 V

Table 2.3 PV module, battery and the load characteristics

57

Chomina=110 Ah P1gc=9.5044 VAh | P1.=6.0809 VAh Kbode= 0.2190 V
Cieoet =0.5361 P24c = 4.9361 P2.=1.6701 Orde = 0.0167° C!
o = 0.1320 °C"! P3¢c=0.9311 Vh |P3=0.3375 VAh Kboe=0.16 V
Bc=0 °C Pagc=0.037 P4c=0.9853 Vbode=2.1612 V
Acap= 0.3031 Ps¢c=1.8837 Vh | Psc=1.7838Vh

Beap = 0.5027 Vioe = 1.9016 V ore = 0.01° C!

Table 2.4 Extracted parameter values by Levenberg—Marquardt algorithm
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Figures 2.6 Battery output: (a) battery voltage. (b) Battery state of charge
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2.3.2.1 Generation of initial population

GA program starts with a randomly generation of N chromosomes coded in binary in where
each chromosome contains a group of parameters. The length of chromosome string M 1is
given by Equation (2.22), where n is the number of parameters and Np is the length of the sub-
string, which represents a number of bits for each parameter in our case (ao ai . . . . anp-1). The
length of integer part n of the vector Conv limits the search domain of GA in the decoding
process as expressed in Equations (2.23, 2.24), where Pi is a parameter. The string of

individual contains the parameters as shown in the Figure (2.9).a.
— (2.22)
M =nxN,
Cony = |:2ni -l 7051 z(ni—N,,+l):| (2.23)

P :[ ay a,...ay } x Conv' (229

2.3.2.2 Fitness

After decoding of the strings on parameters randomly generated in the precedent step, they
will be placed in the model to calculate the mean error, which represents the cost function.
The fitness value of each string is the solution of the parameters in the cost function f(x) to be
optimized. Its value is mathematically expressed in Equation. (2.25); where f(x) is the mean
error calculated by Equation (2.21).

Fitness (x) = ; (2.25)

1+f(x)

2.3.2.3 Selection

In this process, the algorithm chooses the chromosomes that participate as a parent in the
reproduction to give birth to a child in the next generation. All chromosomes of the
population can be chosen, but that corresponds to the good fitness has strongest probability.
The roulette wheel selection method, presented in Figure (2.9).b, is used. This method

calculates the selection probability Ps of each chromosome. It is obtained by the cumulative
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sum of the fitness orderly relative to the sum of all fitness S as shown in Equation. (2.26). P:is
a probability randomly generated for drawing [44-45]. The first chromosome corresponds to

P.< Ps is selected for the next generation (Crossover, Mutation).

Z Fitness (k) (2.26)

Where: j is a counter varies from 1 to N (number of population) and k is a counter that

varies from 1 to the current individual.
2.3.2.4 Crossover

In this step, the algorithm generates a children from the chromosomes selected as parents in
the precedent step by performing a crossover two by two. To draw chromosomes for
crossover, P; is a probability randomly generated. If the parent have a probability P,<Pc, it will
be chosen for the crossover. P¢ is the probability of crossover. Otherwise, it keeps the same
bits for the next generation. The method used is the crossover by point. It consists of
randomly choosing one point in the string, then the part after these points are simply swapped

as illustrated in Figure (2.9).c.
2.3.2.5 Mutation

In a random manner and with a low probability Pn, this operator introduces a change in
some characters of the chromosome namely mutation. This change explores all of the search
space and made another change if the initial generation does not fall in the global optimum.
For a binary code of chromosomes, the bit changes from 0 to 1, and vice versa. To draw the
character that will be affected by the mutation, we generate randomly a probability P; for each
character. Then, the one, that corresponds to P,< Pn, is selected. When Py, is the probability of

mutation taken by experience. Figure (2.9).d illustrates the processing of this operator.

The developed identification process for the battery model parameters is given in the

organogram of Figure (2.10).



60

: Pl N : Pn :
(rfofaf-[-[-Jafafaf-[-]-JaJafaf-]-]-Jof1]1]
a. Individual string
m chromosome 1 ® chromosome 2
= chromosome 3 ® chromosome 4
b. Example of the roulette wheel
Parent 1 Child 1
[1]oft]1ofoftf1]of1]of1] [1]of1f1]ofofof1[1]of0]1]
Ny 4
Parent 2 Sy Child 2
[01fof1]of1]of1]1]0j0[1] [0[1fof1jof1[1]1]of1[o]1]
c. Crossover operation
Child 1 after crossover Child 1 after mutation
(1fo[1[t]ofolo]1[1]ol0]1] (tfofof1fofolo[t][1]0fo]1]
Child 2 after crossover Child 2 after mutation
(oftfoftfoftliftfof1l0]1] (oftfoftfoftl1]1Jof1]o]o]

d. Mutation operation

Figure 2.7: Genetic algorithm steps



Initialization

- Read Measurements files(Vbat, Ibat and T).

- Initializes The integer Part for cach parameter,
AMOB876543210-1-2-3-4-5-6-7-8];
= Pm, Pc and paramelers are taken as fixed,

- Population size (N,M), max number of cycle.

- Generation of initial population randomly.

- Iteration = 0; Sample Numhber SN,

MSOLUTION = Best Chromosome
Parameters extracted = MSOLUTION(, 1: M P*Cony

L

l P is the position of maxF(i)
MSOLUTION = Population(P,:);

h 4

Ps= cumsumb(i) /sumF(i);
Py =rand(1,N);

3
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Figure 2.8. Flowchart of GA applied for parameters extraction process

GA parameters

Value

Number of cycle

100

Population length

500

Crossover probability

0.7

Mutation probability

0.2

Table 2.5. The GA parameters taken in program
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2.3.2.6 Simulation results

The Simulation study has been carried out with the algorithm parameters given in Table
(2.5). The characteristics of both PV module and battery used in the experiment are illustrated
in Table (2.3). The parameters of the battery model proposed by CIEMAT used in the

comparison study are given in Table (2.2).

Simulation running GA for parameters extraction of the battery model was carried out using
real measurements for 2 days taking one sample every 1 minute. After 100 cycles (Table (2.5)
and figure (2.11)) we get the following results. The figure (2.12) shows respectively the
current provided by PV panel, the ambient temperature, the matching error and the mean error

between the simulated model results and real measurements.

The new parameters extracted by GA are shown in Table (2.6), for those which are

temperature independent and Table (2.7) for dependent temperature parameters.

Parameters Extracted value | Parameters | Extracted value
SOCo 0.7597 Pigc 0.406 VAh

Pic 7.234 Vah Pagc 3.041

Py 0.667 P3gc 1.218 Vh

Psc 0.078 VAh Padc 0.7812

Pac 0.492 Psdc 0.484 Vh

Psc 0.7421 Vh Vbode 2.148V

Vboc 1.781V Kbode 0.1270 V

Kboc 0.5313V Beap 0.513

Acap 3.351

Table 2.6: Extracted Temperature Independent Parameters

Parameters | Extracted value
O 0.0081 C!

Creoer 1.7871

Olrde 0.0197C"!

Olre 043 !

Table 2.7: Extracted Temperature Dependent Parameters
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Figure 2.9. Parameters extraction process by GA

In order to validate the developed model in real conditions, different measurements
provided by PV modules (Current and Temperature) for different days are taken as battery
input to compare the measured terminal battery voltage with that given by both the developed
and the former CIEMAT models. A simulation was done with the lead-acid battery model
taking the new extracted parameters after applying a GA, and for a real current and
temperature measure provided by the PV panel in different regimes (charge and discharge).
We note that the energy provided by the PV system varies randomly due to the continuous
change of radiation and temperature which gives a validation of the model in real condition.
Figures (2.13) show both the current provided by PV model that passes through battery and

ambient temperature for three measurements in different days.

Figures (2.14) show the simulation provided by the improved battery model with extracted
parameters using GA, compared with the experimental measurement and the simulation
model with parameters given by CIEMAT in Table (2.6) and (2.7). It is visible that the
improved model with new extracted parameters presents a good matching with the
measurement according to the model with the former parameters and gives a lowest mean
error as depicted in Table (2.8). Furthermore, Table (2.8) presents a comparison between the
mean errors obtained by simulation with parameters extracted using GA and simulation

results from nominal parameters.

Simulation 1 2 3

Mean error with parameters given by CIEMAT | 1.54% | 1.84% | 1.52%
Mean error with parameters extracted by GA 0.50% | 0.48% | 0.46 %

Table 2.8 Mean error simulated vs measured Voltage
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2.4  Extraction of gassing and saturation voltage parameters

As is described above in Equations (2.10, 2.11), the gassing and saturation voltage level
varies strongly as function to the charge current, therefore, in these steps, we considered the
variation of gassing and saturation voltage according to the Current in the charge and
overcharge zones. From the static practice test illustrated in Figures (2.15) (a) and (b) where
the battery was charged by different constant currents for 5, 10, 15, 20 A, we identified
approximately the parameters of voltage equation in these areas (gassing and saturation) using
GA. This approach allows estimating this dangerous area (Overcharge) in order to avoid it in

the real time control and monitoring.

X226
Y701 X301

1681 -
F i 16.59
{ { {m
X716
16 xie g v. 15.5“
E.ﬁs:sz 5 /
§ § i 3?92 /
1) /
/i / . 451 /
/ Vi 1402

Y
“é/—'

Voltage [V]
>

-

100 200 300 400 500 600 700 800

Time [min]

Voltage [V]

Current [A]

Figures 2.13 battery gassing and saturation level. —a- Battery charge Voltage for different
Current. —b- Variation of the gassing and saturation voltage as function to charge current.
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After applying the GA in the static approach, we arrived to identify an approximate four
parameters of the gassing and saturation voltage zones in Equations (2.10) and (2.11). Table

(2.9) illustrates the new parameters in this area.

Parameters Extracted value
Agas 23101V
Bgas 1.8902 Vh
Afonse 25 102 A\Y
Bfonse 2.1103 Vh

Table 2.9: Extracted parameters of overcharge area

The improvement of CIEMAT model using parameters extraction by GA gives a high ability to
represent the battery behavior with the continuous variation of the Current (charge and
discharge) and temperature. The matching with real measurements is considerably checked if we
compare the mean error calculated for different experiences according to the former parameters.
This makes model accurate and satisfactory, which will solve many problems of simulation or

management in the PVS especially in stand-alone systems.

2.5 Conclusion

In this chapter we have proposed an enhancement of CIEMAT model by automatic extraction
parameters, in the first step an improvement of 21 parameters by Levenberg-Maquart using
toolbox in Matlab/ Simulink have been done, in the second step an enhancement of this model
have been done by using genetic algorithm. Furthermore, we have proposed an improvement of 4
parameters to estimate approximately both gassing and saturation levels through the use of new
static method. The improved model has been validated by comparing with both real
measurements and the former CIEMAT model. The new model shows a good agreement and low

mean error comparing with previous model.
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CHAPITRE III

BATTERY MONITORING,
MANAGEMENT AND REAL
TIME ACQUISITION



70

CHAPITRE 111

BATTERY MONITORING, MANAGEMENT AND REAL
TIME ACQUISITION

3.1 Introduction

As described previously, the working condition of the battery affects its behavior and its
robustness; where the areas that the battery is employed as storage device is still a critical
issue. Furthermore, the battery has a limited lifetime in which it cannot offer sufficient
power/energy after its capacity degradation, where it should be replaced after a certain time.
Therefore, the management and the monitoring based on the good estimation of its state of
charge, leads to extend the battery lifetime and benefit to its full capacity. For this purpose,
we propose in this chapter a real time monitoring interface using LabVIEW software, as well
as real time validation of the improved model by acquisition of real input measurements

(Current, temperature) for comparing the output model with real measured voltage .
3.2 System description and test bench

As depicted in Figure (3.1) —a-, the system used in the proposed modeling and monitoring is
formed of: simple stand-alone PV chain composed of one solar panel of 135 Watt power,
battery of 110 Ah and DC lamps used as load. The monitoring has been carried out by using a
simple computer, acquisition system for measuring of the current, temperature and voltage.
For showing the evolution of all battery’ characteristics in real time manner, LabVIEW
language has been used for simulation and validation of the developed model taking real time
measurement of current, temperature and voltage as input. Figure (3.1).-b- illustrates the

experimental test-bench.
3.2.1 Measurement and acquisition

For the real time validation and monitoring of the battery behavior, three necessary
variables are considered to be measured. Current and ambient temperature have been
measured as inputs of the model implemented in LabVIEW language; hence they are used to
calculate the battery state of charge (SOC) and the instantaneous capacity. Moreover, the
battery voltage has been measured for the comparison with the output given by the improved

model. The NI_USB 6008 acquisition card is used for associated with the PC (Figure 3.2).



« @ « . P
Load
PV .
Current )
—
Measurement | Voltage
¢ A
* ‘_V
pC Acquisition
4 Battery

Figure 3.1 —a- System description. —b- The test bench

PV Panel Battery Load

hd

NI_USB 6008

Figure 3.2 PV system and data acquisition
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3.2.2 The sensors

In the acquisition board, three sensors have been used; for the measuring of the battery
voltage, the LEM LV 25-P sensor is used. The Hall e ect ACS 712 sensor and the LM335
sensor have been used for the measurements of the current and the temperature respectively.
For each measure, a signal conditioning circuit based on operational amplifier is used for

making the signals compatible associated with the PC.
3.2.2.1. Current measuring

For the measurement of current that passes from and to the battery, the ACS 712 Hall effect
sensor is used. This linear sensor provides a good precision and low-offset. In addition to its
low cost, the ACS712 contains a signal conditioner that allows to avoid the addition of other
circuit. Figures (3.3) shows the simple pinout where this sensor requires only a 5 volt supply

voltage and capacitor as filter.

As is described in figure (3.4), the sensor used accepts -20/420 A as maximum current and
provides a positive output voltage contains an offset in the range of [0, 4.5] volt with a linear

characteristic. For more details the datasheet of this sensor is given in [76].

+5V
1 CAN—
p+ VCC B =
2 IP+ VIOUT OOUT Cove
T 01uF
I ACS714 s
6 =
3
p— FILTERC—)
4 F
|_+:|P— a3 I1nF
-a- -b-

Figures 3.3 ACS712 sensor: -a- the sensor design. -b- the sensor pinout
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Figure 3.4 Input output characteristic.

3.2.2.2. Voltage measuring

For the measurement of the battery voltage, the LEM LV 25-P sensor is used. This sensor
provides an excellent accuracy, good linearity, optimized response time and wide frequency
bandwidth. The LEM LV 25-P accepts a primary current less than 10 mA, therefore an
adequate primary resistance should be chosen according to the maximum measured voltage.
Also, this sensor requires a +/-12 V or +/-15 V supply voltage. Figures (3.5) (a) and (b) show
the design and the out pin of this sensor respectively. For more details the datasheet of this

sensor is given [77].

Vin
R, LV 25-p
+Vee
+HT * Vout
0
-V
-HT Ve s
-a- -b-

Figures 3.5 LEM LV 25-P sensor. -a- the sensor design. -b- the sensor pinout
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Figure 3.6: the differential amplifier

In order to amplify the measured voltage provided by the sensor and obtain a real potential
difference, a classical differential amplifier circuit is added in the output of the voltage sensor
based on operational amplifier and resistor. The figure (3.6) shows the used signal

conditioning circuit.
3.2.2.3 Temperature measuring

For the ambient temperature the LM335 sensor is used. This sensor is an accurate sensor
and can be easily calibrated. This linear sensor provides a low voltage proportional with the
temperature with a factor of +10 mV/K. It can works from -40°C to 150 °C under current vary
from 400 pA to 5 mA and provides 2.28 V voltage at 25°C. The most common broaching
used with this sensor as given in figure (3.7) (b). Figure (3.7) (a) shows the design of this
sensor. At 25°C and for a current of ImA, the typical value of the voltage is 2.98V. Then, the
resistance R1 should be calculated according to the V. supply in which the sensor is traversed

by a current of 1 mA. Therefore, the resistance R1 is given by the following expression:
R =(Vce—2.98)/1mA (.1)
The relationship between the voltage and temperature is given in the following equation (3.2):

V(T)=W(T;)+0.01x(T-T) (3.2)

Where: V(T) is the voltage provided by the sensor, T is the ambient temperature and V(To) is
the voltage reference for temperature To=25°C, V(To)= 2.98V. Then the temperature is given

by the expression (3.3). For more details about this sensor the datasheet is given in [78].
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T(°C)=100xV(T)-273.15 (3.3)
For amplifying the measured voltage provided by the sensor and obtaining more accuracy, a

classical differential amplifier circuit is added in the output of the voltage sensor. It is the

same differential amplifier given in the figure (3.6).

Output
10mV/°K

-a- -b-

Figures 3.7 -a- the LM335 design. -b- the LM335 broaching used.

3.2.3 Supply circuit

In order to provide the supply voltage for the used sensors, a supply circuit has been
realized that is composed of 220/24V transformer, rectifier and regulators. This supply
provides +/-12 Volt for the LEM LV 25-P voltage sensor and also for the polarization of the
operational amplifier used in the signal conditioning circuits. Supply of 5 volt is provided also
for the Ve of the ACS712 current sensor and the LM335 temperature sensor. The figure (3.8)
shows the circuit of the realized supply. The measurement board of current, voltage,

temperature and the supply circuit is shown in the figure (3.9).

+12

|

IN  our
_ F1 220V/24V L1 L_eno T ? GND
iNe I ] L I
Electrical o _LC4
Network x 1 Y Gw%UT_l_ I ? +5
“BND -’
z 0O — cs5
— - 12
GND T ?

IN ouT

Figure 3.8 Supply circuit design.
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Power supply
board

Measurements
board

Figure 3.9 Measurements and power supply boards
3.2.4 Acquisition
The acquisition of data has been carried out by using NI-USB 6008 multiplexer
manufactured by National Instruments. This module contains eight Single-Ended signal
channels and four Differential input in which the interfacing with the PC was done by using
LabVIEW Language through USB. The Figure (3.10) shows the NI-USB 6008 multiplexer
used for the data acquisition. For more details about this card, the datasheet is provided

in [79].

Figure 3.10 NI-USB 6008 multiplexer data acquisition.
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3.2.4.1 Acquisition and calibration in LabVIEW language

The software acquisition has been carried out with LabVIEW language using DAQ assistant
tool. This tool is adaptable with the NI-USB 6008 multiplexer to provide the analogue signal
given by the input of this multiplexer as measurements. By the window of DAQ assistant tool
shown in figure (3.11) (a) the type of reading and the input used are selected. Once the
measurement signals is ready to read in the LabVIEW language, the calibration is done to
make the measurements signal in their real values using simple calculating box. The screen

shot in figure (3.11) (b) shows the VI program of the data acquisition.
3.2.4.2 Model implementation in LABVIEW

For the model validation in short term (without integration of the capacity degradation) and
the setting up of supervision interface, the improved battery model has been implemented in
the VI interface in LABVIEW using the calculating box as shown in figure 3.12 (a) . The
diagram of Figure 3.12 (b) shows the simulation process which is used to predict and estimate
of all battery characteristics behavior and its performance in real time. The acquisition
provides the measurements of current, voltage and temperature to use them as model inputs
and outputs. Furthermore, the estimation provides the whole battery variables such as: state of
charge (SOC), Level of energy (LOE), instantaneous capacity (C) and gassing voltage level in

the real time manner.
3.3 Model validation

For the validation of model, the real time comparison has been done between the output
voltage or the model with the new extracted parameters Table (2-6) and the measured battery
voltage in the charge and discharge mode using a new healthy battery. In dynamic manner,
the model provides the charge and discharge equations according to the current direction. The
obtained result presents a good matching and lowest absolute error between simulated and
measured voltage as is shown in the Figures (3.13) (a) and (b) respectively. The gassing
voltage is also estimated in order to provide approximately information for the voltage
working when the battery crosses this dangerous area. We note that the gassing voltage is

considered only in the charge mode.
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Figures 3.13: -a- Measured vs simulated voltage and representation of gassing voltage.
-b- Absolute error of measured vs simulated voltage

3.4 Monitoring and Simulation LabVIEW interface

In the following front panel, the implementation of the model provides an interface which

gives information for different battery variables and characteristics. As is illustrated in Figure
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(3.14) taking by a screen shot, the window provides much information for the battery working
in real time. The user can observe and control the characteristics of battery such as: the battery
current provided by PV panel, battery state of charge estimated by model, ambient
temperature, and battery measured voltage and the instantaneous capacity estimated by the

model as is shown in Figures (3.15).

3.5 Conclusion

In this chapter, we have proposed a real time monitoring by simulation of the developed
model using LabVIEW language. Thus provides online estimation and measurements of all
battery data and characteristics in stand-alone photovoltaic system by real time interface.
Furthermore, a validation of the model has been proposed in this section. Moreover, the
proposed robust and low-cost method of simulation and monitoring can be applied for the

study of battery fault detection in photovoltaic systems.
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Figure 3.14: LabVIEW monitoring interface.
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CHAPTER IV

DEVELOPMENT OF NOVEL MPPT AND BATTERY
CHARGE CONTROLLER

4.1 Introduction

In addition to its low energy conversion efficiency, the photovoltaic modules in any
configuration present a nonlinear power characteristic depending strongly on the continuous
change of irradiation and temperature, where the load must be adapted in which the module
working in the maximum power point (MPP). Therefore, in this chapter we propose a new
fast maximum power point tracker (MPPT) by modeling of the fuzzy logic algorithm using
MS5P model tree. Furthermore, in the second section we propose a novel battery charge

controller integrates the new MPPT.
4.2 The proposed algorithm for the MPPT

In the purpose to develop a fast and robust maximum power point tracker (MPPT) algorithm,
we propose a novel modeling of fuzzy MPPT by MS5P algorithm. Thus it gives simplicity and
high speed progress in the implementation. Based on the input and the output data given by
fuzzy MPPT algorithm, a non-parametric model is extracted by the M5P algorithm. This
allows minimizing the algorithm complexity and improving the speed of the algorithm. The
training of the model has been carried out by using Weka software. The dataset used to train
the model is based on the fuzzy logic algorithm as shown in Figure (4.1). To create this
dataset, we firstly run the simulation of control algorithm for tracking the maximum power
point for a solar panel which is based on the use of the fuzzy logic and save the data collected
in 20 milliseconds. The selected attributes are the error, the variation of the error and the
target that represents the output of the fuzzy logic. The dataset contains 20000 samples
directed for the training and testing the model. 66% of the dataset used for training of the
model, means that 13200 are used for the training phase and the remaining data are used for
test of the model. The phase of data preprocessing in this case is passed because the data set

are obtained by the simulation.



85

p
E | Fuzzy logic D
AE algorithm '
=
Target /7~ learning
Attribute 2| Store the | Predictive
Arnribute 1 N dataset model Test and
— Validation

Figure 4.1 The dataset stored for modelling

As shown in figure (4.2), the system is composed of PV panel with the characteristics given
in the table (4.1), single DC/DC boost converter as an interface between the PV panel and the
proposed algorithm that provides the duty cycle D for the control of the IGBT by PWM
signal. The DC/DC parameters are given in the table (4.2). Equation (4.1) expresses the input
voltage Vi, of the DC/DC converter as function the output voltage Vour.

Vour = ; in (4' 1)
1-D
PV module characteristics Value
Voc 435V
Lsc 475 A
Vmpp 345V
Tinpp 435A
Pupp 150 W

Table 4.1 PV module characteristics

o o\ ( R
- IEI > e "1 Load
_ Boost
Calculate
fe PWM
| Vv - D
y The proposed algorithm ]—
e ¢

Figure 4.2 the block diagram of the system
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DC/DC boost converter parameters Value

Output Capacitor Cout 470uF
Input Capacitor Cia 220uF
Inductance L 5 mH
Switch frequency 20kHZ

Table 4.2 DC/DC boost converter parameters

4.2.1 Fuzzy MPPT algorithm

The role of the fuzzy MPPT is the control of the current and the voltage provided from the
PV panel by the DC/DC converter in order to extract the maximum of power. While the
inference (min-max) model chosen is Mamdani type, the fuzzy MPPT has as input £ and AE
that are the error and the variation of the error respectively as is described in the equations

(4.2-4.5) [71].

AP, (n)= P, (n)= P, (n-1) (42)
AV, (n)=V, (n)=V, (n-1) (4.3)
E(n)= % (4.4)
AE(n) = E(n)—E(n—l) (4.5)

As shown in the flowchart given in the figure 4.3, the fuzzy algorithm has three main steps:
fuzzification, Inference and defuzzification. In the fuzzification step, the algorithm replaces
the numerical input in the linguistic variables presented as memberships function. The
inference rules is the most important step, it provides the output that corresponds to the
current input. In the defuzzification, the algorithm transforms the output to numerical value.

For a good precision, five triangular and trapezoidal membership functions have been taken
for each input in the Fuzzification step also for the output duty cycle. NS (negative Strong),
NL (negative low), ZE (zero), PL (positive low) and PS (positive strong). After applying the
min-max rules the fuzzy MPPT provides the duty cycle signal in the Defuzzification by using
center of gravity method. Figures (4.4) (a), (b) and (c¢) show the membership function for E,
AE and the output respectively. Where the range of the error is (-50 to +30 W/V), whereas the
range of the variation of the error is (-50 to +50 W/V) and the range of the duty cycle is in the
range (-3 to +3).
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The inference step is the most important in which the decision is making, the
correspondence between the input and the output is given in inference table (table (4.3)) by
linguistic variables. The fuzzy algorithm reverses the input for make the error tends to zero.
Where, for the error equal to strong negative (NS) and the variation of error equal to strong
negative (NS) that mean the error in negative and decrease rapidly, in this case the decision is

positive strong and so on.

E\AE |NS |NL |ZE | PL | PS
NS PS |PS |PL |PS |PS
NL PS |PL |PL |PL |PS
ZE NL |NL |ZE | PL | PL
PL NS |NL | NL | NL | NS
PS NS |NS |NL | NS | NS
Table 4.3 Inference table [71]

4.2.2 M5P model tree

The proposed algorithm is based on the training of a non-parametric model called model
tree. This model is trained from the numerical dataset namely the attributes and target [72].
Basically, the model tree is composed of two algorithms, the first is the decision tree that
gives a representation of the model in a tree form. This tree is formed of three parts: the Root
node, the internal node and the leaves, where the nodes are interconnected between them by
the branches. The second is the multi linear regression (MLR) that represents the algorithm
applied to the leaves of the tree [17, 18]. The assembly of these two algorithms makes the
model tree algorithm more powerful, efficient and provides a good accurate prediction.
Moreover, the model builded by M5P algorithm is converted to a simple rules based on <if ...
else> which make it easy for the real time implementation. The aim of this approach is to

build a simple model by modeling the fuzzy logic MPPT algorithm data [73].
4.2.2.1 Decision tree

Decision tree is a classification in form of a tree structure. It is consist of building a tree
branches by training through a dataset that composed of the attributes and the target. The
decision tree is split into three principal nodes: roots node, internal nodes and the leaves. The
building passes by the reduction of the dataset into smaller subset in the standard deviation
reduction (SDR) process after calculating the standard deviation (SD) of each attribute with

the target. The attribute that has the maximum SDR is considered as roots node [17].
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Standard deviation: The criterion of top-down splitting for the building of decision tree
passes through the calculation of the SD of the target before the SD of each attribute with the
target. For determining which attribute can be considered as roots node, its SD is treated as
measures of error at this node and it is tested by calculating the reduction in error. The
following equations (4.6-4.7) expresses the value of the SD for one attribute that applied to
the target.

Where, T is the target instance, u is the average of the instances and N is the number of

samples.

The calculation of SD between the attribute and the target is taken as sum of product of
probability of each class in the attribute with the SD of the target values corresponds to this

class. Equation (4.8) describes the calculation of this value.
SD(X,T)=> P(x).SD(x,T) (4.8)

Where, x is the class of the attribute, P(x) is the probability of each class in the attribute and

SD(x, T) is the standard deviation of the target values corresponds to each class.

Standard deviation reduction: For choosing the attribute that has been taken as roots node,
the expected error reduction is calculated by standard deviation reduction (SDR). The
attribute that have maximum SDR is placed in the beginning of splitting. The SDR of each
attribute is described by equation (4.9) which consists of subtraction between the SD of the

target and SD of each attribute with the target.

SDR =SD(T)-SD(X,T) (4.9)

Let’s the example given in table (4.4) that contains two attributes
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Attribute 1 | Attribute 2 | Target
True Cool 10
True Medium 30

False Medium 215
False Cool 5
True Medium 15

Table 4.4 example of dataset
First step: the calculation of the SD of the target:

2 2 2 2 2
D)= \/(10 163)° +(30-16.3) +(21.5516.3) +(5-16.3) +(15-163)" _ f3853.8:8'76

Second step: the calculation of the SD between each attributes and the target:

a) Between Attribute 1 and Target table (4.5)

Attribute 1 | Target
True 10
True 30
True 15

False 21,5
False 5

Table 4.5 Attribute 1 and Target

SD(T, Attributel) :%xSD(T, True)+§><SD(T, False) :%x8.49+§x8.25
SD(T, Attributel) =8.39

b) Between Attribute 2 and Target table (4.6)

Attribute 2 | Target

Cool 10

Medium 30

Medium 21,5

Cool 5

Medium 15

Table 4.6 Attribute 2 and Target
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SD(T,Atz‘ributeZ) zgxsd(T,Medium)jL%xsd(T, Cool) :§><2.5 +§><6.14

SD(T,AttributeZ) =3.96
Third step: The calculation of the SDR for the two attributes
a) For Attribute 1:
SDR (T,Attributel) =8.76 -8.39=0.37
a) For Attribute 2:

SDR (T,Attribute 2) =8.76 -3.96 =4.8
Fourth step: Choose the attribute that maximizes the SDR

In this example the Attribute 2 has a maximum of SDR, then it is taken as roots node in the

decision tree.
Attribute 2

P o
I,_:L/__1 adihs
] Medium | | Cool

“

Figure 4.5 decision tree

In our case, all attributes are numeric with continuous values, therefore, the method used for
calculating the standard deviation reduction passes by one more step.
Before the previous steps, another method is proposed by Brieman [74] for more accuracy. It
consists of the conversation of numeric attribute to synthetic binary for the possibility to
treating these attributes. For K values of attribute, the algorithm creates K-/ synthetic binary

attributes ~ or  thresholds  after  arranging  ascending of  these  values.

Thus, each two successive values V, and V,,; are replaced by S, that is calculated by equation

(4.10), where the thresholds are the average of two successive values.

VitV 4.10

S, >
However, the synthetic value corresponds to the S, <@, takes the binary outcome true,

otherwise false [74]. Consequently, the SDR is calculated for each outcome, then the
outcomes have the biggest SDR are taken as roots nodes by the same approach of nominal

values.
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4.2.2.2 Multi-linear regression model (MLR)

One of the advantages of M5P algorithm is the utilization of a linear regression algorithm at
the leaves that make the final model small, simple and more accurate [72]. Basically, the
MLR is an introduction of linear prediction model in each leaf. Equation (4.11) describes the
general form of the linear model at the leaves for independents numerical attributes. In order
to calculate the weights of the MLR model, the algorithm minimizes the least square error
between the predicted and the real values of the training data as expressed in Equation (4.12),
where T and T’ are the real and the predicted target values respectively. The vector of the
weights corresponds to the minimal error is given in equation (4.13), where 4 is the attribute

values vector.
IM =w,+wa +®a +...+0.a, (4.11)
Where: 4,104, are the attribute values and wy to wy are the weights of the Multi-linear model.
Min Y (T-T"'Y (4.12)
W =(A"A)"A'T (4.13)
Figure (4.6) shows an example of the linear regression approximation of a nonlinear

function for one dimension.

Targer

Nonlinear function

|
||
l'l|
s
ljl'
|I| >

/ T \ Attribute

Leafl Leaf2 Leaf3

Figure 4.6 Example illustrates the linear regression

Pruning the tree: The pruning of the initial model is an important phase in order to increase

the accuracy of prediction model and decreases the size of the tree. Basically, in this phase the
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algorithm compares between unpruned and the pruned model by the comparison of the
estimated mean absolute error (MAE) between the predicted and the real values that reaching
this node using the equation (4.14). The initial model obtained by M5P algorithm might have
unnecessary sub-trees nodes that must be replaced by leaf node in order to minimize the size

of the tree, this processes is called pruning.

1 & (4.14)
MAE = —> |T - T
N ‘o

N is the number of samples.

For each internal node, the algorithm applies the MLR for the unpruned tree in order to
estimate the MAE based only on the attributes includes in the subtree tested until reach a
minimal MAE, otherwise, the algorithm continuous to divides the tree into other internal
nodes. Also, the MAE is calculated to underestimate the anticipated error of unseen samples.
A compensation process used to minimize the estimated error based on the multiplication by
the factor (n+c)/(n-c), where n is the number of learning samples that arrived to the node and
¢ is the number of weight in the linear model obtained in the same node that predicts the
target values [ 18].

Smoothing: The third fundamental process in the MSP algorithm is the smoothing. The
approximation of the leaves by the linear model presents a discontinuity between each two
adjacent linear models. In this step the algorithm improve the accuracy of the model by
avoiding this discontinuity in the leaves of pruned tree by the introduction of the smoothing
factor p’ expressed in equation (4.15). In particular case, some linear models are builded from
few number of instances in the training data, in this case the smoothing is recommended. Also
the smoothing is most affect where the training data contains instances widely different in

terms of scenarios.

p':np—|—kq (4.15)
n+k
Where p is the prediction passed the current node from below, ¢ is the model predicted

value in the current node, # is the number of learning samples that arrived to the node and & is

a constant used by smoothing taken as default value 15 [18].
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4.3 Training model results

After running of the fuzzy logic MPPT algorithm for 500 W/m? irradiation, its input that
consist of the error £ and the variation of the error 4E, and output that consist of the duty
cycle was recorded in order to use them as attributes and target respectively for the training
and the test. Where 66% of the data are used for the training and the remainder of data are
used for the test. The building phase of the new model is done by using M5P algorithm before
the evaluation of this model by unseen dataset. The construction of the model was carried out

by using the Weka software for 20000 data samples.

4.3.1 Modeling results

After running of the training process using Weka software, a simple model tree is obtained
that composed of nodes which will be translated to <if...else> instructions program. That’s
make the model easy to implemented for the real time MPPT. Figures (4.7) illustrates the
correspondence input/output of the dataset, where figure (4.7)-(a) shows the variation of the
target as function the error E; as is clearly highlighted the model obtained from the target(E)
is linear. Also the data based on E provides a good information about the target. However,
from the figure (4.7)-(b) it is visible that the variation of the error AE data is not widely
significant in the progress of the algorithm, therefore, it has not been appears widely in the
decision tree. As shown in figure (4.8), the algorithm gives simple model tree that is
composed of nodes and leaves that will be translated to <if...else> program.

As is shown in table (4.7), the training and testing algorithm gives good results in terms of the
rapidity and the accuracy. The algorithm takes low time to build the model, which allows us
also to use it for the on line modeling for other applications. In other hand, good precision
matching between the fuzzy and the new model is given as is highlighted from the different
parameters as: correlation coefficient, mean absolute error, root mean squared error, relative

absolute error and root relative squared error.
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Figures 4.7 Training model results: (a) Target as function the Error E, (b) Target as function

the variation of Error AE
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Figure 4.8: The model tree for MPPT obtained by the M5P algorithm
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Parameters Value

Time taken to test model on training split | 10.4 seconds
Time taken to build model 20.1 seconds
Correlation coefficient 0.9977
Mean absolute error 0.0029

Root mean squared error 0.0109
Relative absolute error 4.8084 %
Root relative squared error 6.9359 %
Total Number of Instances 3400

Table 4.7: Result of training and testing of the final model:

4.3.2 Modeling robustness results

After running the two model simultaneously, the new model is implemented with the fuzzy
algorithm, the new model presents a good matching with the former fuzzy model on the
power variation as illustrated in figure (4.9) (a). Figure 9 (b) shows the error between the new
model and the former fuzzy model. Furthermore, the matching between the two models in the
voltage, current, and the duty control is highlighted in figures (4.10) (a), (b) and (c)

respectively.
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Figures 4.9: Power obtained from fuzzy algorithm vs Power obtained the new model: (a)
fuzzy algorithm VS new model. (b) The error between fuzzy algorithm and new model
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Figures 4.10: Results obtained from fuzzy algorithm vs new model:
(a) The voltage (b) the current (c) the control

4.4 Simulation results and discussion

In this section, we propose to test of the new model with an unseen data obtained for
different irradiation. As it’s known, the training of the model has been carried out for the
irradiation 500 W/m?, also has been tested with 34 % for this data. Moreover, now we propose
to test this model for different unseen irradiation, therefore, a simulation of this model was
done with an invariant irradiation for 1000 W/m?> 900 W/m> 800 W/m?> 700 W/m2, 600
W/m?, 400 W/m> and 300 W/m? in which also the two models has been simulated
simultaneously. It’s noticed that the two model present a good matching for the power,
voltage, current and the control as is shown in figures (4.11-4.17) where (a), (b), (¢) and (d)

are the power, the voltage, the current and the control respectively.
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Figures 4.17: Results for irradiation 300 W/m2: fuzzy logic algorithm vs new model
(a) power (b) voltage (c) current (d) control

The new algorithm gives also a good agreement with the former model under the fast variation

of the irradiation. In the fellow results the algorithm was tested also for different unseen data

under a variation from 300 W/m? to 1000 W/m?, 600 W/m?, 800 W/m? and 400 W/m? where it

presents a good response as shown in figures (4.18) where (a), (b), (¢), (d) and (e) are the solar

irradiation profile, power, the voltage, current and the control respectively.
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4.5 The battery charge controller

In this section, we propose a PWM battery charge controller that based on the battery state of
charge estimated mathematically from the equation (2.3). This controller used the constant
voltage charging method where the voltage is kept in its value when the estimated battery state of
charge achieves 95%. Furthermore, the new MPPT algorithm is integrated in the proposed
controller. Only one DC/DC buck converter is used for both the MPPT and the regulation of the
voltage. The figure (4.19) shows the description of the control system.

_2 Ibat
+
Vbnt

DC/DC Buck Battery Load
PV Converter : [:

| T
Control and MPPT
algorithm

Figure 4.19: the control system description.

4.5.1 Description of the controller

In the charging phase, the system works as MPPT in order to extract the maximum of power
from the PV panel. When the estimated SOC reaches the 95% the system works as a regulator to
fix the voltage in the reference value correspond to maximum SOC reached by using PI
controller. When the voltage is fixed, the current starts to decrease until zero value. In the
discharging phase, the system works with on-off mode. The discharge process is stopped when
the battery SOC reach 40% and resume the discharge at 60% in order to minimize the switching
frequency. Figures 4.24 and 4.25 describe the progress of the regulator for the charging and
discharging process.

4.5.2 Design and implementation
4.5.2.1 Design

For the required variables measurement for the MPPT and the charging control, two boards

that described in the chapter III are used. Two voltage sensors are needed for the measure of the
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PV voltage Vv and the battery voltage Vpa. Two current sensors are needed for the measure of
the PV current I,y and the battery current Iya. For the temperature compensation the measurement
of the ambient temperature is required in the calculation of SOC.

A simple DC/DC buck converter shown in Figures (4.20) (a) and (b) has been realized for both
the MPPT and the charging control with parameters and the characteristics given in the table
(4.8). The TLP 250 isolator and driver given in figure (4.21) is used for the control of the
MOSFET IRF640.

(a)
IRF640 L3m
o PPN - Y Y Y\
%Iy
PV Control
RUR15100 C220 pF —= R1000Q Load
Source
O
(b)

Figures 4.20: realized DC/DC buck converter.

DC/DC buck converter parameters Value
Output Capacitor Cout 470uF
Inductance L 3 mH

Switch frequency 20kHZ

Table 4.8. DC/DC buck converter parameters



108

1[ ]8
g[ BE:
3[}_’ > 6

a.L] ]5

Figure 4.21: TLP 250 driver.

4.5.2.2 Implementation of the controller

For the control of both MPPT and the charge regulation the STM32F407 kit shown in figure
(4.22) is used. This kit contains high performance microcontrollers with an internal register of
168 MHZ clock frequency, 32 bit, 1-Mbyte Flash memory and 192-Kbyte RAM. Also this
device provides 16 analogs input multiplexed with ADC resolution of 12 bits, 2 DAC for the
analog output and 6 PWM numerical outputs.

The most important advantage of this board is the library provided by Matlab/Simulink that
allows to programing it easily. As shown in figure (4.23) the control program has been

implemented in STM32F407 through the Matlab/Simulink environment

Figure 4.22: STM32F407 kit.
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Figure 4.23: The MPPT and the charge regulation control program in Matlab/Simulink
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Figure 4.24: Charging mode progress
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Figure 4.25: Discharging mode progress
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4.6 Conclusion

In this chapter we have proposed the contributions that will be introduced in the enhanced
charge controller. Firstly, a novel fast MPPT has been proposed by the new modeling of the
fuzzy MPPT by using the M5P model tree. This allows obtaining a more advantages such as the
ease of implementation and the less computational time with keeping the advantages of the
former fuzzy algorithm such as the speed of convergence and the accuracy the steady-state. In
other hand, we have proposed a novel method of battery regulation that’s based on constant

voltage charging mode from the estimation of the battery state of charge SOC.
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Conclusion

The aim of this doctoral thesis is to provide an optimal management of the stand-alone
photovoltaic systems that meets the future challenges, and to provide solutions some problems

encountered in these systems.

The optimal efficiency of the photovoltaic systems is based on the good management that
start by the optimization in the solar panel level. This can be obtained by the introduction of the
good strategy of the maximum power point tracker (MPPT). The trade-off among the speed of
convergence, the calculating time, the stability in the steady state and the ease of implementation
is still widely appears. Therefore, we have proposed a new fast MPPT by modelling the Fuzzy
logic algorithm using M5P model tree. The purpose has been to take advantages of the fuzzy
logic algorithm such as the speed of convergence and the stability in the steady state regime to
improve it by elimination of its disadvantages such as the complexity and large calculating time.
This has been realized by using simple if/else code of M5P model tree. This method gives good
results in terms of the matching of the new model with the former Fuzzy logic algorithm. Also,
the proposed MPPT has been tested with an unseen data for different solar irradiation and for the
fast variation of the weather conditions. We believe that this new algorithm can be much
recommended for the real time applications. Furthermore, while the algorithm is based on a

simple if/else code can be also used for the embedded systems applications such as the FPGA.

Because of its electrochemical complexity, the battery in the stand-alone photovoltaic
systems has always been a major issue either in the purpose to its management or to the
prediction of its characteristic. The modeling of the lead-acid battery is still the major problem in
the recent researches. Therefore, many models have been proposed for different approaches. In
this context, we are interested to the CIEMAT model. This model takes into account all
phenomena’s of the lead-acid battery in addition to its suitability with photovoltaic working. Our
proposition has been the improvement of this model by the extraction of its parameters to give it
more usefulness and accuracy. As a first step, we have proposed automatic extraction parameters
with Levenberg-Marquardt algorithm. This gives good results in terms of the matching with the
real measurements. After that, in order to provide a method that can be implemented easily, we

have proposed an enhancement of 21 parameters by using the genetic algorithm. This method
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presents good results in terms of the good matching and lower error between the real
measurement and the enhanced model. Furthermore, by using static measurement method, we
have proposed an improvement of this model for predicts approximately the gassing and the
saturation areas. It is recommended to introduce the battery degradation capacity in this model as

future works

A real time monitoring interface using LabVIEW has been proposed also to provide
usefulness to the improved battery model. This robust and low-cost simulation method provides
all battery characteristic to the user. Also, it is can be used for the data acquisition and for the

battery fault detection in the future.

In order to extend its lifetime, it is necessary to provide the adequate management of the
battery. After a long study about the battery behavior, it is clearly visible that the good estimation
of its states leads to extend considerably its lifetime by avoiding to achieve the dangerous
charging zones. We conclude that the best indicator of the charge of the battery is the state of
charge (SOC) highlighted in chapter 2. From this, we have proposed a robust PWM charge
regulator based on the SOC indicator. The new MPPT algorithm developed is also integrated in
this regulator.
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