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Resumé

Les défauts dans les systémes photovoltaiques autonomes provoquent une perte de puissance
significative et mettent le systéme dans des situations critiques et dangereuses. Afin d'apporter plus
de sécurité et d'augmenter I'efficacité, la fiabilité et la durée de vie des composants du systeme,
cette these vise a proposer de nouvelles méthodes de détection et de classification des défauts dans

les systemes photovoltaiques autonomes et les batteries. Ces méthodes permettraient de surmonter



les limites des analyses de défauts existantes ainsi que les lacunes des dispositifs de protection
électrique tels que les fusibles. Deux types de défauts uniques sont traités dans cette these, celui qui
se produit dans les modules PV et celui qui évolue dans les cellules de la batterie, qui n'ont pas été
étudiés dans la littérature. La quantité de données disponibles du systéme ainsi que l'intérét
croissant pour les techniques d'apprentissage automatique encouragent l'application de ces
méthodes comme détection de défauts dans les systémes photovoltaiques autonomes. Plusieurs
techniques sont adoptées pour la détection et la classification des défauts, telles que le réseau
neuronal artificiel, la détection d'anomalies et la machine a vecteurs de support. Leurs
performances ont été validées en utilisant des données provenant de plateformes de simulation et
expérimentales. A cette fin, une simulation adéquate a été développée pour la recherche de défauts
dans un systéme photovoltaique autonome, et un systéme de référence a été mis en place pour
expérimenter les défauts dans des conditions de travail réelles. Les résultats des tests démontrent la
faisabilité des méthodes d'apprentissage automatique proposées pour détecter et classer les défauts
dans les systemes photovoltaigues autonomes qui pourraient étre orientés vers une application

pratique.

Mots clés : systemes photovoltaiques autonomes ; batterie ; détection des défauts; données ;

apprentissage automatique.

Abstract

Faults in the stand-alone photovoltaic systems cause a significant power loss and put the system in
critical and hazardous situations. To bring more safety features and increase the system efficiency,
reliability, and lifetime of the components, this thesis aims to propose new fault detection and

classification methods in the stand-alone photovoltaic systems as well as battery. These methods



would overcome the limitations of existing fault analysis as well as the shortcoming of electrical
protection devices such as a fuse. Two types of unique faults are treated in this thesis, the one that
occurs in PV modules and those that evolve in battery cells, which have not been studied in the
literature. The amount of data available from the system as well as the growing interest in machine
learning techniques encourages the application of these methods as fault detection in stand-alone
photovoltaic systems. Several techniques are adopted for fault detection and classification such as
Artificial Neural Network, Anomaly detection, and Support Vector Machine. Their performance
has been validated using data from both simulation and experimental platforms. For this purpose,
an adequate simulation has been developed for fault investigation in a stand-alone photovoltaic
system, and a benchmark system has been set up to experiment the faults in real working
conditions. The test results demonstrate the feasibility of the proposed machine learning methods to
detect and classify the faults in stand-alone photovoltaic systems which could be directed toward

practical application.

Keywords: stand-alone photovoltaic system; battery; fault detection; data; machine learning.
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General Introduction

Numerous key challenges facing PV systems to become a major source of electricity
around the world: lowering the cost, improve the PV system reliability, integration challenges with
the grid, and political decisions. Nevertheless, PV systems keep growing in most countries due to a
number of advantages such as emission-free energy, low maintenance required and constitutes an

alternative energy source in places where grids are not yet developed [1].

PV systems can be classified into three main categories: grid-connected system, stand-
alone photovoltaic system, and hybrid system. A grid-connected system is designed to feed the DC
energy of PV modules into the grid via the inverter, this category is the most dominated in the PV
market [2]. A Stand-alone photovoltaic system works independently from the grid, it is used
together with the storage battery element to feed a specified load and bring electricity to people
having difficult access to the grid. A hybrid system combines the advantage of both PV systems
and additional electrical generator sources such as diesel generators, wind turbines, etc. It is used to
supply a large varied load. In this thesis, different operational issues related to the stand-alone

photovoltaic system will be considered as well as fundamental approaches addressing them.

Despite the fact that stand-alone photovoltaic systems provide flexible use and require a
little maintenance, they are still subject to various faults along with a PV system, battery, wiring,
power conditioning units, etc. Faults in stand-alone photovoltaic systems influence the output
power performance by a large amount of power lost as well as lead to critical situations and
potential safety issues such as fire hazard, DC arcs, electrical shock hazard, and battery explosion.
To avoid these damages, this thesis proposes fault detection and classification in stand-alone
photovoltaic systems, where it is considered that the PV modules and battery are the only sources
of the fault.

Fault detection and isolation have an important role to increase the system's reliability,
efficiency, availability, and safety, furthermore, it reduces the maintenance and replacement cost.
As the PV system output change according to the environmental condition (irradiance level and
temperature), fault in the PV system under low irradiance may not produce a large enough current
to blow the fuse sized at 1.56 Isc [3] to protect the PV modules and conductors. In this case, the
fault remains undetected and leads to unexpected problems. The other safety concern is situated in
the battery, this last represents the higher risk since the battery fault may not be detected by

conventional protection devices due to the complexities in selecting the right sizing fuse and the



problem of its location [4]. Moreover, fault detection in Stand-alone photovoltaic systems has not

been enough reported in the literature before.

Nowadays, most installed PV systems include a data logger board, thus various data are
becoming available from PV modules, battery, charge regulator, weather station, etc. The excessive
data enable the evaluation and calculation of power losses over a long period of time. Hence, the
new proposed fault detection algorithm will be developed using historical data readily available
from a stand-alone photovoltaic system, in which machine learning approach is one of the best
ways to identify the fault types. In addition, machine learning methods have been widely used for

fault detection and diagnosis for grid-connected PV systems [5].

The proposed machine learning algorithm for fault classification has the potential to
provide accurate results, more generalization features, and easy hardware implementation.
Furthermore, it only uses readily available measurements such as voltage and current of PV
modules, battery, and load without requiring additional sensing circuits. Machine learning
algorithms extract information from a data set, where this data contains a number of instances that
refer to the measurements. Each instance contains certain variables (features or attributes) that
characterize an instance, and have a class label that determines which category belongs (Normal or
Faults). In summary, a data set with a class label is called labeled data, and the learning using
completely this data is supervised. Otherwise, it is unlabeled data and the learning with only

unknown classes is unsupervised.

Artificial Neural Network has been proposed as supervised machine learning fault
detection and classification in a stand-alone photovoltaic system. To demonstrate their
effectiveness, some typical fault has been considered such as short-circuit of PV module, open
circuit PV module and external battery short-circuit. The proposed method has been validated using
both data of experimental and simulation, in which the effect of maximum power point tracker on
the fault has not been considered. Two small-scale experimental stand-alone photovoltaic
benchmark system is studied in this thesis. The first system has been set up in Centre de
Développement des Energies Renouvelable (CDER), whereas the second system is developed at

the University of Médéa.

Battery internal faults have been addressed in this work as part of fault detection in a stand-
alone photovoltaic system. The study of battery fault may be complex due to the difficulty of
obtaining the labeled fault data. For this reason, Anomaly detection has been proposed as an
unsupervised machine learning algorithm for internal fault detection in the battery. The algorithm
uses only Normal data to build up the fault prediction model. Also, this thesis proposes internal

fault identification using Support Vector Machine algorithm that requires a few numbers of labeled



fault data. The performance of fault detection and identification has been validated using

simulation data.
The thesis is organized as follows:

Chapter 1 presents the results of the literature review. Chapter 2 focuses on the modeling,
development, and simulation of a stand-alone photovoltaic system. Chapter 3 discusses the internal
short detection and identification in the battery using the learning algorithm: Anomaly detection
(AD) and Support Vector Machine (SVM) respectively. Chapter 4 develops the proposed fault
diagnosis in the stand-alone photovoltaic system using a supervised Artificial Neural Network
(ANN).

Chapter 1 : Literature review

e Overview on previous literature work in fault evaluation for PV system, specifically for
stand-alone photovoltaic system.

e Show the advantages and inconveniences of existing fault detection approaches.
Chapter 2: Stand-Alone Photovoltaic System: Generalities, Modelling, and Simulation.

o Development of the simulation platform able to use irradiance level and ambient
temperature as input to predict the system output, as well as it is applicable to predict the
interconnection of PV modules and battery under fault scenarios.

e The simulation model output is verified with the real measurement of a small-scale

benchmark stand-alone photovoltaic system for proof of model validity.
Chapter 3: Battery Internal Fault Monitoring.

e Simulation of battery fault behavior using the basic configuration of series assembled
battery cells, in which the battery cell is represented by a battery unit due to the modularity
and flexibility of simulated battery block.

e Development of appropriate internal short detection and identification methods in the
battery using respectively Anomaly detection and Support Vector Machine algorithm.

e Based on simulation data, test validity is performed to verify the effectiveness of proposed

methods to correctly detect and identify the internal fault.

Chapter 4: Fault diagnosis in stand-alone photovoltaic system using Artificial Neural Network.

e The fundamental mathematical approach of fault diagnosis based ANN is given in detail.
o An experiment of typical fault has been carried out in a small-scale benchmark stand-alone

photovoltaic system for collecting the labeled fault data.



The development of fault classification model based on ANN and using real data, the
proposed approach is integrated with the benchmark system using Graphical User
Interface (GUI) Matlab.

Enhancement of fault analysis by using ANN and power loss parameters as inputs to better
predict the performance of the stand-alone photovoltaic systems.

In addition, to overcome the limitations of having labeled data for supervised ANN, the
simulation environment developed in chapter 2 is used to generate the different faulty
data, whereas the steady-state is obtained from the real working condition.



Chapter: 1  Litterature review

1.1 Introduction

One of the biggest problems facing a SAPV system is the detection and isolation of faults
occurring during its operation. These faults may have undetectable by electrical protection devices
(OCPD and OVPD), and cause a large amount of energy loss that reduces its efficiency and
profitability. In addition to affecting the whole system performance, the effects of faults could be
devastating as the risk of fire hazards and explosion is increased and therefore the system reliability
and security is reduced. This chapter explores the main typical faults in the SAPV system as well as
a literature review for different fault detection and diagnosis approaches in a PV system, battery,
and whole SAPV systems. The chapter ends with troubleshooting guidance given by Sandia
Laboratory for finding problems in the SAPV system.

1.2 Typical fault in SAPV system

The standard configuration of the SAPV system is shown in Figure 1.1, it includes mainly
PV modules, battery, load as well as a charge regulator. Plenty of electrical faults can occur in the
SAPV system as given in Figure 1.2, where these faults are situated on the PV system side as well
as a battery side. These faults are mainly due to corrosion, delamination, and manufacturing defects
within a PV module or battery. In this thesis, some faults have been examined such as short-circuit
and open-circuit of PV module as well as short-circuit and increasing internal resistance of the

battery. Note that, the effect of MPPT has not been considered in this work.

PV system “, Charge regulator

-
. aEre
25

rre

.s.Battery DC Lamp
‘"'?E

Figure 1.1 Basic Configuration of SAPV system. 5
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1.3 Faults on PV side

Mismatch fault such as partial shading, hot spot, etc is the most frequent fault in a PV system, this
fault occurs when the expected PV power of one PV module differs from the rest of PV modules
due to the environmental conditions (irradiance and temperature). Mismatch fault causes local
heating on the PV module (hot spot) and could lead to irreparable damage as well as a large power

loss. Bypass diodes can be placed on each PV module to prevent this fault [5], [6].

Open circuit fault is an accidental disconnection in the PV array through cracking of a PV
module, conductor wires in the bus, or junction box. This fault could be caused by periodic thermal

stress, hail, and damage during processing and assembly[5], [7].

A ground fault is an accidental electrical short-circuit implying ground and one or more normally
designed current-carrying conductors. For a grounded system where conductors are intentionally
grounded, only one ground fault causes the fault current. However, for an ungrounded system, a
double ground fault causes this fault. The ground fault could happen when a cable in a module

junction box contacts a grounded conductor accidentally or unexpected insulation failure of cables.

[51-[8].

A short-circuit fault is a low-resistance connection unintentionally formed between PV modules
or array cables with different potential. The main reasons for this fault consisting of incidentally
short-circuiting current-carrying conductors as a coincidentally nail driven through unprotected
wirings. Another reason is the insulation failure of cables caused by animals chewing. Finally, the

fault could happen within the junction box through corrosion and mechanical damage[5], [8].

14 Faults on Battery side

Battery ground fault is an accidental ground common in the batteries due to the leakage of
electrolyte to supporting structures. Similar to the PV module, if one ground is developed in a

grounded battery, this fault is happening [4].

Battery short-circuit fault is a low-resistance connection at the battery terminal (external) or cell
terminal (internal). The battery external short circuit is allowed when a fault at a charger or other
external circuits, while the internal short circuit happens through the uncontrolled formation of
crystalline marring the separator (sulfatation). Other reasons could be the shedding effect of lead,
corrosion, and poor manufacturing [4], [9]. The magnitude of short-circuit fault current depends on

a number of factors, more details can be found in chapter 3.



The battery’s internal resistance is associated with the electrochemical reaction rate since the
process of charge and discharge goes to the end as the battery ages or after a long cycle service
(sulfatation and grid corrosion). The active sites on the battery plates decrease with time triggering
an increase in electronic resistance which impacting the efficiency and lifetime of the battery [4],

[10]. As shown in Figure 1.3, the internal resistance act as the gatekeeper of the battery, the lower

e

g

High resistance Low resistance

Figure 1.3 Effects of internal battery resistance [8].

the value, the less restriction the pack encounters. The elevated internal resistance causes the
voltage to collapse and the battery to heat up, especially with heavy loads and high current pulses
[11].

An open-circuit fault of the battery is a disconnection that removes it from the line, open circuit
intercell connectors caused by mechanical damage or manufacturing defect lead to this fault. The

battery terminals could also corrode which results in an open electrical connection[4], [9].

1.5 Visual inspection of PV modules

Visual inspection is used as the first step of the analysis, it allows to determine some
defaults by sight. Yellowing, delaminations, bubbles, cracks in cells, misalignments, and burnt cells
are the defects mostly detected using this method[8], [12], [13]. This first step decides whether a
PV module requires further tests or not. The visual inspection should be performed under natural
sunlight that emits a good quality intense light. Also, Reflections can result in defective images
which leads to a false conclusion. To avoid such a problem, the inspection should be performed

from different angles to check the layer where the defect could occur.

1.5.1 Yellowing and browning



This defect consists of the degradation of the EVA (ethylene vinyl acetate) or the adhesive
material between the cells and the glass. The color of the material changes from white to yellow
and in some cases from yellow to brown. It causes a change in the transmittance of the light
reaching the solar cells and thus a decrease in the power generated. This change affects the
transmittance of the light reaching the solar cells and thus a decrease in the power generated. The
main cause of this defect is UV radiation and water exposure combined with temperatures above 50
Ce that cause a change in the chemical structure of the polymer. Figure 1.4 shows an example of
the browning effect on a cell.

Figure 1.4 browning effect on a PV cell

1.5.2 Delaminations

Delamination consists of the loss of adherence and detachment between different layers of
the PV module. This default appears between polymeric encapsulant and cells or between cells and
the front glass. Two major effects can result from delamination: a light decoupling where reflection
increases as well as water penetration inside the module structure. Delamination can be more
critical if it occurs in the borders of the module causing electrical risks to the module and the

installation. Figure 1.5 shows an example of delamination default appears on the PV module.

Figure 1.5 Delamination default of a PV module [12] 9



1.5.3 Bubbles

This default is similar to delamination in which the loss of adherence of the EVA affects
only a small area and is combined with the blowing of areas. A bubble usually is due to a chemical
reaction where some gasses are released. When it occurs in the back side of the PV module, a bulk
appears in the polymeric encapsulant or the back cover, forming a bubble. Bubbles are not very
common on the front side of the PV module. But it can also appear between the glass and the cells.
In this case, the bubbles are caused by a detachment between the part of the cell and the glass.
Bubble causes an overheating of the cell which reduces its life. Also, in the case of bubbles on the
front side, the reflection is increased as there is a decoupling of the light which can reduce the light
reaching the cell. Figure 1.6 shows an example of a bubble defect on the front and back side of a
PV module.

10



Figure 1.6 Bubbles on the front and the back side of PV module

1.5.4 Cracksin cells

This default consists of small cracks in the cells often not visible by sight that may affect
both sides of the cell. The reduction of thickness and the increase in the area, make the cells more
fragile and susceptible to fractures during their manipulation, module lamination, and storage.
Apart from the risk of power loss, there is also the chance of hot spots being formed. This can
happen when a cracked cell has a localized reverse current path in the still active cell part. Figure

1.7 shows a clear example of cell cracks.

11

Figure 1.7 Cracks ina PV cell [13]



1.5.5 Defect in anti-reflective coating (ARC)

To improve the performance of PV cells, an ARC (anti-reflective coating) is added to
maximize the light that reaches the active area of the cell. The materials normally used are silicon
dioxide and silicon nitride, and the thickness is chosen such that only a minimal part of the light
escapes. A change in the ARC coloring can happen during the life service of the PV module, this
color change should not cause a decrease in the wavelength radiation that the cell uses, but rather
only affect a part of the visible radiation. This defect is related to the oxidation of the ARC which
could cause loss of adherence between the cells and the glass. Figure 1.8 shows a color change of
ARC in a PV module.

Figure 1.8 discoloring effect due to a change of ARC [12]

1.5.6 Hot spot

A hot spot is an area of a PV module featured by a very high temperature that could
damage a cell or any other element of the module. Several cell failures may cause hot spot such as
partial shadowing, cells mismatch, or failures in the interconnection between cells. A shadowed
cell could operate in reverse mode in which the cell consumes energy and thus can overheat and
hot spot cell, consequently, damage can occur in the cell or module. Bypass diodes are placed in
connection boxes, which limits the reverse voltage that can reach a shaded cell. Figure 1.9 shows

an example of how a hot spot affects a cell.

12



Figure 1.9 Hot spot damage on PV cell

1.6 Performance evaluation of SAPV system based on power loss parameters

Energy balance together with energy efficiency and indices of performance has been
proposed in [14]-[16] to evaluate the overall performance of the SAPV system. The analysis
method based on the normalized power loss parameters gives a good indication of the SAPV
system performance. The main power loss parameters are : Yr, Ya, Yf, Lc, Ls and the system
performance indices are: PR, PF, and MF [17]. Figure 1.10 illustrates how to obtain the parameters
Yr, Ya, and YT from a SAPV system.

To
estimate
Yf

To
estimate
Ya

[ To estimate Yr ]

Irradiance PV
Temperature Array Charge Load
Reg
\ 4
Storage
element
(Battery)

Figure 1.10 Scheme of getting energy parameters.
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1.6.1 Reference yield

Yr is the number of hours per day that the sun's intensity has to shine with GO=1000W/m2 to
irradiate the energy Ep onto the PV panels.

Y :% [Wh/(d*Wp)] or [h/d] (L.1)

At )
E,=[ Gdt [Whid*m?] (12)

Where G is the irradiance, dt is a period of time (min).

1.6.2 Array yield

Y, the number of hours per day in which the PV panels have to operate with nominal power

Po to generate array energy E..

Y =% [Wh/(d*W,)] o [h/d] (1.3)

E, = 1.V, dt [Whyd] (14)

Where I, and V, are the output current and voltage of PV arrays, P, is the peak power.

1.6.3 Finalyield

Y; the number of hours per day which the PV panels have to operate with nominal power P,
to generate the useful output energy E s pv-

Y, :E“;ﬂ [Wh/(d*W,)] or [h/d] (L5)
E
Euse,PV = EL [VVh/d] (16)
a5

Where E py is the useful PV contribution energy, which denotes the energy supplied by the PV
modules. Egy is the buck-up energy and E, is the energy consumed by the load.

1.6.4 Capture losses

L. is defined as the difference between the yields: Y, and Y, where many losses can be

flagged like (wiring, maximum power point, failure, thermal losses, etc).

L =Y, =Y, [Whi/(d*W,)] or [h/d] L.7)

14



1.6.5 System losses

L, is defined as the difference between the yields Y, and Y;, where this parameter indicates

the storage losses in the battery.
L =Y,-Y; [Wh/(d*W,)] or [h/d] (1.8)

1.6.6 Performance ratio

PR is the ratio between the useful energy and the energy that would be generated by a

lossless.

PR=_ (1.9)

1.6.7 Limitations of power loss fault analysis

The above-mentioned parameters could be affected by all kinds of lossless into the system,
this could add complexity to distinguish the loss due to the faults. For instance, a SAPV system
without MPPT causes an augmented Lc due to the Maximum Power Point losses, where Lc could
be augmented due to the faults [18]. The judgment of the system using the Lc parameter could be
misleading, furthermore, the discrimination of fault losses is hard. Also, an oversized SAPV system
proceeds a frequent disconnection of the PV system to protect the battery from overcharge, this last

reduce certain parameters and leads to false information about the system [14].

An example showing the progress of power parameters in the presence of faults has been
established. The simulated system has been used for this purpose and the parameters Yr, Lc, and Ls

have been calculated and plotted on a bar graph. The results are shown in Figure 1.11, in which the

354 - -
— Cyr
3.0 - ELc
Ls
2,5
o 2,0
=
S
§ 15 4 I
1,0 -
0‘5— 1
0.0 1 T T T T T
Steady day PV fault Battery fault Cloudy day

Figure 1.11 Diverse daily indices of performance.
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Lc is increased in PV and battery fault case indicating a failure. However, this value is small on a
cloudy day due to the low value of Yr. The value of Ls is significantly decreased in the battery fault

case indicating a problem in the storage battery.

The above example shows the limitation of power loss parameters to determine the type of the fault

and could confound with different losses.

1.7 Aliterature fault detection and diagnosis

1.7.1 Pv system case

1.7.1.1 1-V characteristics analysis

Current-voltage (1-V) curve offers most of the operating points of a PV module, string, or
array. The analysis of PV characteristics makes possible the detection and location of faults such
as mismatch fault, series losses, shunt losses, and reduced current or voltage due to a fault [7],
[19]-[21] As shown in Figure 1.12.

Normal |-V curve
------------------- OR Pmp
.

73
0

Reduced
current % Series

losses
.

Current

Mismatch losses -
(including shading)

Reduced voltage «--4--

Voc
Voltage

Figure 1.12 The IV characteristic affected by different classes [21].

1.7.1.2 Power comparison analysis

Several evaluation yields have been proposed for this method, the first one consists to
compare the actual power yield (Pawa) With the expected one (Psim) under real-time. A significant
difference between the measured and simulated power yield may indicate a fault, where weather
information such as solar irradiance and temperature are gathered and fed into the simulation model
to expect the PV power output [7], [19], [21]-[23]. An example of a fault detection system is
shown in Figure 1.13 where solar irradiance and ambient temperature are gathered from the

satellite to predict the output power Psim and compare it with the monitored actual P,cua [23].

16



The second evaluation parameter is the performance ratio (PR) as a normalized power yield,
this parameter considers the overall effects of system losses where faults take part. In normal

operation, Its value ranges between 0.65 and 0.8, However, in the presence of fault this value is
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the operator an
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automated daily
performance check

Figure 1.13 Overview system of PV fault detection using

power comparison [18].

significantly reduced [16], [24].

The third performance index is capture losses (L) that represent the losses due to PV array
operation. L. can be divided into thermal capture losses (L) and miscellaneous capture losses
(Lem)- An automatic supervision of PV system based on the analysis of capture losses has been used
to identify three groups of faults: faulty PV modules in the string, faulty string and a group of fault
(partial shadow, aging, and MPPT error) [16], [24]-[26].

1.7.1.3 Time domain reflectometry

Time domain Reflectometry (TDR) is a diagnostic method that works by injecting waveform
signals (steps or impulse signals) and observing the reflected waveform. The reflected waveform is
compared to those generated from standard or, given impedance, therefore TDR can determine the
faulty wires or cables as well as it is able to locate the fault. The TDR method has been used for PV
diagnosis in [27]-[29], where some drawbacks are noted such as the system PV must be off-line to
make the test. This property impacts the power yield and requires human experience to observe and

learn the reflected waveforms, which impact its effectiveness as an automatic fault detection.
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1.7.1.4 Infrared thermography

Infrared (IR) Thermography has been largely used as a thermal camera to identify
Mismatch fault such as a hot spot on the PV module as shown in Figure 1.14. This method is based
on the principle that all materials emit infrared radiation in a range of wavelengths that depend on
the temperature of the material [30] [31]. The disadvantage of this method consists of needing a

regular and repetitive inspection, which costs in terms of PV maintenance personal over the

Figure 1.14 Infrared thermal image of short-circuited PV cell [26] .

lifespan of PV modules.

1.7.1.5 Residual current detector

Residual Current Detector (RCD) or Differential protection is the most method used in
power systems like a transformer, motor, or generator. RCD works like a differential relay by
monitoring the input and outputs current, where if the current difference is higher than a threshold,

the fault alarm will be sent out. RCD has been proposed for fault detection in a PV system [17].

1.7.1.6 Internal series resistance

The equation current of one diode model for PV module is described in Chapter 2 eq.2,
where the internal series resistance Rs could be used to detect the degradation inside a PV module.
The actual Rs could be estimated using the 1-V curve and then compared with Rs in Normal cases.
Generally, the degraded PV module results in increased Rs which could be very useful for fault
detection [32].

1.7.1.7 Machine learning

Machine learning algorithms aim to extract information (knowledge) from the historical data
set of the system, in which prediction models are built. Many fault detection and diagnosis methods
for PV systems have been proposed in the literature using these approaches such as ANN [33]-
[35], BNN [36], decision tree [37], K-nearest neighbor, and SVM [38].
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1.7.1.8 Statistical methods

A statistical method has been introduced for fault detection and real-time monitoring in a
grid-connected PV system, where the energy output of inverters is utilized as input data [39]. The
proposed approach has been validated using a real PV installation, where the test shows a

successful in detecting a wiring mistake.

1.7.2 Battery case

The life span of PV modules is expected to be twenty years, however, the battery is less than
ten years and tends to be shortened if it operates under poorly maintained conditions. For this
reason, the battery represents 43% of the lifetime cost for the SAPV system [40], therefore
monitoring the battery status to avoid overcharge and deep discharge is essential to extend the total

system service life [41].

1.7.2.1 Internal resistance monitoring

Lead-acid battery internal resistance (IR) monitoring was proposed in [41] for a real system
installed on a remote island in Korea, where IR could be a good indicator to monitor the battery
aging. The method adopted to measure IR is a current interrupt technique that disconnects the
battery during charge or discharge for 2 or 3 s every 30 min. The IR is calculated using ohm's law,
IR=AV/AI, where AV and Al denote respectively the voltage and current differences between
those of Normal operation and current interrupted period. The results show that the IR of the
battery increases after a long cycle service, where continuous checking of IR is strongly

recommended.

1.7.2.2 Short and Long term evaluation

A short and long-term evaluation of a PV-diesel hybrid system involving battery has been
proposed in [42]. Short-term evaluation is carried out every day and it is based on the analysis of
the battery voltage graph. This last indicates failures in the battery and possible errors as well as
unfavorable operation of the system and degradation. Figure 1.15 shows the battery voltage graph,
with different voltage levels that could be used to examine the battery operation. The white area is

good, the grey area is acceptable for a shorter period, however, the black area is rare. Further
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analysis with the load and generation curves could be done if necessary.

A long-term evaluation is performed every month, where many evaluated parameters have
varied over the year. Yearly evaluation and comparison of the different years allow us to
understand if there are changes in the power system over time or errors in the system that are
difficult to detect by short-term evaluation. For the long-term evaluation, average values for each
month are calculated and noted to put in the graphs. The parameters that will be evaluated are
battery voltage, the load and generation, the share of PV, the normalized PV yield, the system

losses, and the fuel consumption.

1.7.2.3 Method based on Estimation of Solar Radiation

Estimation of solar radiation to check the fault that occurs in a lead-acid battery for the PV
system has been proposed in [43]. The GISTEL (Solar Radiation by Teledetection) model has been
chosen as a satellite image to estimate the hourly global solar radiation. The data estimated are
introduced into a PV array simulation to produce the output power. The battery in this case stores
the energy to ensure the autonomy of the SAPV system, and on the other side, it allows to study its
behavior under different situations. The work shows the effect of increasing internal resistance on
the degradation of storage unit capacity as shown in Figure 1.16. The second effect is overcharging
of the battery that reduces the level of water, which affects the whole system performance as

illustrated in Figure 1.17 and Figure 1.18.
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Figure 1.16 State of charge (SOC) with different internal resistance
values [38].
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1.8 Manual troubleshooting of SAPV system

General guidance is given by Sandia Laboratory for finding problems in the SAPV system
[44] is is illustrated by the flowchart in Figure 1.19 and summarized by:

1- Simple visual checking

The first thing is to look for blown fuses, tripped breakers, and bad connections. Repair as

necessary and check the status lights, if any, on the charge regulator.
2- loads checking

The appliances, pumps, or other loads may have blown a fuse or failed. For this reason, check the
load input voltage and current to verify their rightness. Another same load can be plugged into that
circuit to see if it will work, if it does, the original appliance is suspect. If the correct voltage is not

present, then we move to the next step.
3- Battery checking

Check the battery voltage, if a correct voltage is present at the output, then the circuit between the
battery and the load must be inspected.

If the battery voltage is low, it must be recharged as well as the voltage and specific gravity for
each cell is checked for looking the weak cell and repair it if necessary. If the battery voltage is still

low, the problem may be with the charge regulator.

4-charge regulator checking
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Check the input voltage at the charge regulator and ensure whether it is equal to the battery voltage
or not. If yes, the charge regulator has the PV array connected to the battery that we should verify if
the charging current is flowing from the PV array. If yes, the load must be disconnected to let the
PV array charge the battery. If no current is flowing or the charge regulator input voltage is equal
to the open circuit PV array, the charge regulator may have failed. If the charge regulator is okay,

the problem could be with the PV array.
5-PV array checking

Check the PV array voltage at the output and check the PV array current by bypassing the charge
regulator in which the PV array is directly connected to the battery. Shade each PV module and see
if the current changes, repair if necessary, and make sure to return the system to its original

configuration when you have finished troubleshooting.

1.9 Conclusion

This chapter explores the main typical faults in the SAPV system, where these faults could
be divided into PV system faults and battery faults. Also, a literature review for fault detection,
diagnosis, and performance evaluation is given for the PV system, battery, and whole SAPV
systems. The benefits and drawbacks of each approach are discovered, in which the limitations of
the proposed methods could make its application in real-world PV system weak.

The chapter concludes with troubleshooting guidelines given by Sandia Laboratory for
manually finding and checking problems in the SAPV system. This method adds an extra cost to
the PV installation and exposes human labor to the risk. Furthermore, the method could be

inaccurate in finding the exact fault in the SAPV system.
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Figure 1.19 Troubleshooting guidance [39].
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Chapter: 2 Stand-Alone Photovoltaic System:
Generalities, Modelling and Simulation

2.1 Introduction

This chapter introduces a new simulation tool suitable for fault analysis in a stand-alone
photovoltaic system using Matlab/SimPowerSystem environment. The simulation schemes use
individual modules assembled in series-parallel to build the system, in addition, the simulation
model takes as an input solar irradiance level and ambient temperature to predict the different
system output. A small-scale experimental SAPV benchmark system has been established in
simulation, in which the developed model shows an accurate output compared to the results of the
experiments. Note that the first section of this chapter is dedicated to describing the main devices
related to the stand-alone photovoltaic systems, explaining their operating mode, and show the

impact of using such technologies on the system.

2.2 Stand-Alone photovoltaic system

Stand-alone Photovoltaic (SAPV) systems remain the most popular system worldwide,
although the current interest is on the grid-connected system [1]. This system is designed to cover
the electricity needs of the load with a continuous energy supply and store the electricity for the
period of low generation. The off-grid system refers to the system not connected to the public grid,
and it can be distinguished by the system containing batteries (SAPV system) or not (DCPV:
Directly Coupled PV system). In the case of DCPV, the PV system is directly connected to a motor

or pump which is used mainly for agricultural purposes [45].

The basic configuration of the SAPV system is shown in Figure 2.1, in which the PV
modules are connected to the battery and load via the charge regulator as a protective element for

the battery. Depending on the load profile, the supply can either in direct current (DC) load or

Charge regulator

Battel’v —_ Load
PV —_—

panels

Figure 2.1 Typical SAPV system
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alternating current (AC) load or both. In this case, some other elements such as DC-AC converters

and AC-DC converters can be added.
2.3 Basic Elements for Stand-Alone photovoltaic system

2.3.1 PV system

The PV system converts directly the light or solar irradiance into electric energy, where
silicon solar cells as a basic element are assembled and connected usually in series to form the PV
module. The series and parallel connection of PV modules constitute a PV array (Figure 2.2),
whereas a PV string consists of a series connection of PV modules according to the required output

voltage. The number of PV string in parallel depends on the needed output power [46].

2.3.1.1 Fuse

An electrical protection device from overcurrent of PV modules and conductors. It is
usually placed in series with PV string and has a rated current to 156 percent of rated short circuit
current (Isc) at STC of PV module [3].

2.3.1.2 Blocking diode

Blocking diodes are used to prevent the reverse current coming from the battery or other
sources. The battery delivers reverse current when PV modules are shading, low irradiance, or
failure of PV modules [47]. It is recommended to place one blocking diode in each PV string to

protect the weak string (due to failure or low irradiance) from the strong one [48].
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Figure 2.2 Basic structure of PV system
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The PV cell is available with different types and technologies, Table 2-1 compares the most two

familiar technologies: Crystalline-Silicon (C-Si) and Thin-film.

Tableau 2-1 Solar cell technologies comparison [7]-[11]

Crystalline-Silicon (C-Si) Thin film

e Cadmium Telluride (CdTe)
Type and conversion (7-12%)

efficiency e Mono C-Si (25.3%)
e Poly C-Si (21.3%)

o Copper Indium Gallium
Selenide (CIGS) (10-15%)

e Amorphous silicon (5-7%)

e More conversion * Reduced cost

i e Less sensitive to
Advantages efficiency
e Takes up less space temperature
e Flexible support
* More expensive e Less conversion efficiency
Disavantage * Sensitive to e More space is required
temperature
e Limited application
PV market availability Around 85% Arround 25%
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2.3.2 Static characteristic of PV module

As shown in Figure 2.3, a PV module has a non-linear curve of current _voltage (I_V),
along this graph contains all the possible operating points of the PV module. Three main
parameters situated on the graph are: short-circuit current (ls), open-circuit voltage (Vo), and
maximum power point (MPP). The MPP represents the maximum provided current, voltage, and

power respectively by the PV module.

lee
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5 MPP 1

Current (l)
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1
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Voltage (V)

Figure 2.3 I-V curve of a PV module

2.3.2.1 Influence of irradiance and temperature on PV module

To illustrate the effect of irradiance on the PV module, Figure 2.4 shows the variation of
I_V and P_V curves with different levels of irradiance ranging from 200 W/m? to 1000 W/m? and a
fixed temperature (25 C°). It can be seen that the higher level of irradiance results in increased PV

output current and power reflecting a direct correlation.

The influence of the temperature on the PV module is indicated in Figure 2.5, in which for
a fixed level of irradiance (1000 W/m?), a different temperature level ranged from -25 C° to 75 C°.

It can be observed that the lower temperature level gives a rise in voltage and power.
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Figure 2.5 Temperature effect on I_V and P_V characteristics

2.3.3 The Battery

The storage battery element is placed between the PV modules and the load (Figure 2.1)
and can be interpreted as capacitive load [49]. Figure 2.6 shows that the battery voltage Vbat is

common to all the components, whereas the current flowing is given by: I,y = lpat + liag.

The battery supplies the load at low PV modules generation or during the night, in this case
the battery discharges and I,y has a negative sign. In contrary, when the PV generation is availble

during the day, the battery charges and the sign of Iy is positive.
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Figure 2.6 Basic SAPV system element

2.3.4 Battery type

The battery is formed of series-connected cell devices with a low voltage value ranging

from 1.8 V to 3.8 V. The battery is constructed with different materials and structures. The main
technologies used are Lead-acid, Nickel-cadmium (Ni-Cd), Nickel-metal hybrid (Ni-MH), and

Lithium-ion (Li-ion). Other rechargeable battery technologies are under development and not yet

commercially available, Table 2-2 compares the main used type of battery.

Tableau 2-2Main battery technologies comparaison [50], [51].

] Ni-Cd (Nickel | Ni-MH (Nickel Li-ion (Lithium
Lead-acid ) ] )
cadmium) metal hybrid) ion)
Number of cycles 200-300 1500 300-500 500-1000
Weight energy
) 30-50 48-80 60-120 110-160
density (Wh/kg)
Self discharge rate /
5% 20% 30% 10%
month
Cost Low High High Verry High
. e small portable Electric vehicl
e stationary battery _ * Electric venicles
Applications area | 4 otart engine o PV system electronic e portable electronic
devices L
o PV system application
e PV system
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e resistance to e High weight

¢ eleminating
e adaptation with extremely the cadmium energy density
Main advantages different use high & low | more compact | Tate
e Low cost temperature than (Ni-Cd) | ® deepest discharge
current

e Cadmium is

Main disadvantages deep-discharge. environment diScharge rate ) RquUIre fm:f/tlon
e require more space * Capacity and memory ement or. .
decreased by system application
and heavy. effect.

memory effect

A lead-acid battery among other types is the most common accumulator since it covers a
wide range of application areas involving the PV system. This technology has many advantages
such as robustness, simplicity, and relatively low cost compared to the Ni-Cd type. The battery cell
is formed of two plates, positive and negative immersed in a dilute sulphuric acid solution. The
anode (or positive plate) is made of lead dioxide (PbO,) while the cathode (or negative plate) is
made of lead (Pb).

The chemical reaction in charge and discharge is given below:

discharge

Pb02 + Pb + 2HZSO4 h(:) 2PbSO4 + 2H20
charge

The lead-acid battery is available with different types such as liquid electrolyte, gelled
electrolyte, sealed, or flooded. Battery with liquid electrolyte can be sealed or open with caps
allowing distilled water to be added to the electrolyte. A sealed battery or valve-regulated battery
permits the release of hydrogen gas and doesn’t allow the electrolyte to be added, it can be either

AGM (Absorbent Glass Mat) or Gel [48][52].

The application of a Lead-acid battery as energy storage for PV system benefits from its
best rate quality/price as well as its low self-discharge rate and has no memory effect. However, the
overcharge and deep discharge may affect the battery and could cause its failure. To protect the
battery from excessive charge and deep discharge, a charge regulator is used to maintain the battery

voltage operation between two voltage limits.
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2.3.5 Charge and discharge Curve

The two main operating modes of storage Lead-acid battery is charge and discharge mode.
In the following, the difference of potential at its terminal is graphically shown with time where the
battery used is 12 V / C= 50 Ah.

2.3.5.1 Charge curve
In charge mode, the accumulator receives a current from the PV module where its voltage

is shown in Figure 2.7. The voltage increases slightly during charge up to 14.5 then increased
rapidly to reach the overcharge mode.
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Figure 2.7 Charge curve

2.3.5.2 Discharge curve

In discharge mode, the accumulator gives a current to the load as shown in Figure 2.8. The

voltage drops from its nominal voltage up to 10.5 V, from that value it will rapidly drop in
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Figure 2.8 Discharge curve 33



undercharge mode.

24 The charge regulator

Two common types of charge regulators firstly used for PV system application: series and
shunt regulator. Both types use the measured voltage level to estimate the battery state of charge
and therefore control the charge and discharge. The development of microprocessors has led to the
emergence of new technics called MPPT that better manage the battery energy flow. The MPPT
technic allows getting the best performance from PV module, in which Pulse Width Modulation
(PWM) charge regulator constitutes a fast and effective solution for reach a battery fully charge
[53].

2.4.1 Series regulation

The series charge regulator as shown in Figure 2.9 includes two or more switches (or relay)
placed in series with the battery [54]. This configuration prevents the battery from working outside
the recommended low (Vmin) and high (Vmax) Voltage. The charge regulator work by disconnecting
the load when the battery reaches V., whereas the reconnection is done when the battery is
sufficiently charged. On the other side, the charge regulator disconnects the PV modules from the

battery when achieving Vnax and reconnects it when the battery is enough discharged.

Switch 1 e Switch 2

+

PV Battery _
modules

Load

34

Figure 2.9 Series type charge regulator



2.4.2 Shunt regulation

The shunt charge regulator as shown in Figure 2.10 is made with one switch in parallel
with the battery and another switch in series with the load. When the battery reaches the onset of
the overcharge mode, switch 1 is closed and a shunt path for the current of PV modules is
activated. In discharge mode, the load is supplied with current therefore the switch 2 is closed, once

the battery is enough discharged the switch 2 is opened [53].

> -

Switch 2

. — Load
PV | switch 1 —— Battery

modules

L

Figure 2.10 Shunt type charge regulator

2.4.3 PWM regulation

The PWM charge regulator uses an interrupt modulated by a pulse of variable width to
control the battery voltage. MOSFET or power transistor is used for this regulator regarded the
high frequencies operating required to maintain a constant voltage of the battery. The configuration
of the PWM charge regulator is shown in Figure 2.11, in which a DC/DC converter is used. This
last incorporates the MPPT to (harvest) pull out the maximum energy of PV modules and

consequently achieving rapid and effective battery fully charge[53].
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Figure 2.11 PWM type charge regulator

2.5 Modeling of Stand-alone photovoltaic system

2.5.1 Model for PV cells

Due to the non-linearity of the I_V characteristic of PV cells, this last couldn't be modeled

with a constant current source. The addition of a parallel diode describes an ideal behavior of PV

solar cells originally derived from that of the P-N junction. The real behavior of PV cells includes a

series and parallel resistance as known as the one-diode model that is shown in Figure 2.12.
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Figure 2.12 Equivalent circuit for one diode model

The solar cell current equation for the one diode model is given by [55]:

Where

Ipy

AKT R

p

V, R 1 V, R 1
Iy =1, _|{exp(m.qj_1}_m

| —

o Ip

solar cell output current (A)

solar cell output voltage (V)

2.1)
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I = light generated current (A)

I = diode current (A)
Ip = parallel resistance current (A)
lo = diode saturation current (A)
Rs = series resistance of PV cell (ohm)
Rp = parallel resistance of PV cell (ohm)
T = ambient temperature (Kelvin)
A = diode ideality factor (1 <A <2)
q = electron charge (1.602 x 10™°C)
K = Boltzmann’s constant (1.38 x 107 J/K)

The equation model describing the behavior of the PV module that consists of Nsseries PV cells is
given by [56], [57]:

Ve +Rl Ve, +Rl
I, =1 —1 exp[u.q}l}u (2.2)
v { AKT .Ng R

p

The light generated current |, is described as:

G
I =G_'[|L,STC+B(T _TSTC):| (2-3)
STC
Where
G = solar irradiance (W/m?)

Gste = reference solar irradiance (1000 W/mz)

B = temperature coefficient of the light generated current (A/K)
I_stc = reference light generated current (A)

Tstc = reference temperature (K)

The diode saturation current |y is expressed by [58]:
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Where Iy rer IS the reference diode saturation current and Eg is the bandgap energy that depends on

the material semiconductor, for crystalline silicon, it is approximately 1.12 eV.

2.5.2 Lead-acid battery modeling

The modeling of lead-acid batteries, as well as the estimation of battery state of charge, is
one of the most complicated tasks [59]. In this section, the implemented Matlab/SimPowerSystem
battery dynamic model for lead-acid type is adopted and described. The battery electrical circuit
model as shown in Figure 2.13 represents the battery as a variable voltage source V in series with a

resistor R to represent the internal losses during charge and discharge mode. In each operation

R <!
YW %
En +
) C) Watt
o)

Figure 2.13 Equivalent circuit for battery model

mode, a different expression is assigned to the values of V and R.

The voltage equation model used for charge and discharge of the implemented dynamic lead-acid

battery is given as follows [60]:

e For charge :

Vban=EO—R~i—k$-i*—k%~it+exp(t) (25)
e For discharge :
V. = EO—R-i—ki_t-(it+i*)+exp(t) (2.6)

Where
Viar = the battery voltage (V)
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E, = the battery constant voltage (V)

k = polarization resistance (ohm)
Q = the maximum battery capacity (Ah)
it = the extracted battery capacity (Ah)

i = the battery current (A)

i* = the battery filtered current (A)

exp(t) = the exponential zone voltage (V)

2.5.3 Load representation

To simulate the load characteristic, a controlled current source is used for this purpose. The
controlled signal current is set t0 (Pioad / Viar), Where Pj,q is the constant load power and Vi is the

variable measured battery voltage. Otherwise, a resistive load is simply represented by resistance in
parallel with the battery.

2.6 Simulation in Matlab/Simulink

A whole SAPV system model is built using a toolbox Matlab/SimPowerSystem as illustrated
in Figure 2.14. The simulation scheme consists of typical components such as PV modules, storage

battery, DC load, series switch controller, blocking diode, grounding system, and connection wires.

To simulate the behavior of the SAPV system under real working conditions, the simulation
takes as input a real daily profile of solar irradiance and ambient temperature captured from CDER

to predict the system output. Note that the SimPowerSystem toolbox integrated with
Matlab/Simulink environment has also the following advantages:

- The modeling tool consists of physical components and blocks such as battery block, diode
block, resistance, etc.

- The environment offers also a simple and flexible interface, including numerical and
control system tools.

- The modularity and scalability of each component (PVV modules, battery, and load) allow
creating the different configurations of the SAPV system.

Regarded the advantages and flexibility offered by this environment, the interconnection studies of
PV modules, batteries under normal and fault condition is possible.
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Figure 2.14 SimPowerSystem based model of SAPV system

2.6.1 SAPV benchmark system

A small-scale SAPV system installed at CDER has been established for verification purposes
with our previous simulation model. Figure 2.15 illustrates the experimental SAPV system used, as
well as the acquisition system. Note that the real SAPV system has the same schematic diagram as
the simulation model in Figure 2.15. The detailed electrical parameters for PV modules, battery,
load, and the acquisition data system are given in Table 2-3. The PV system parameters such as
(Rs, Rp, etc.) can be tuned by the test-error method, whereas the battery parameters are extracted

using the actual battery discharge curve.
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Battery
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Figure 2.15 SAPV system experimental set-up at CDER, Bouzareah, Algeria

Tableau 2-3 Electrical parameters of main component SAPV system and acquisition system

Individual component Electrical parameters

AT STC: Ppax=255 Wc (3 X 85 Wc)
PV modules

. V=179 V Impp=14.31 A

(Poly C-Si) e e

Vo=22.0V I.=15.6 A
Battery C=70 Ah AGM valve regulated lead-acid Battery
(Lead-acid) V=12 V
Load .

o 75 W/ 12 V muli-LED lamp

(Lighting system)

. #. Analog input: 20
Data acquisition

Max. voltage Input: 50V
(Fluke NetDAQ 2645A)

Accuracy on DC volts : 0.02%




2.6.2 SAPV system validation model

The SAPV system developed model is compared with the experiments. For this reason, the
simulation input takes a real solar irradiance level and ambient temperature captured from the site
of CDER\Bouzareah. The meteorological profile is illustrated in Figure 2.16, where four days are

taken in December 2017. The simulation approach assumes that all the PV modules work under the

)

—
=
=
=

500

Irradiance (W/m 2

3 |
o :
B :
@ :
= :
= :
o :
Ll :

16 1 ] i I

24h 48h ¥2h 96h
Time (h)

Figure 2.16 Captured profile of solar irradiance and ambient temperature
same solar irradiance and temperature, and have identical electrical characteristics.

The comparison between the simulation results and the experimental measurements is
summarized in the graphs of Figure 2.17. Figure 2.17(a) shows the expected Ipv (in blue) and real
(in red) PV current respectively, in which the results indicate a good agreement between these two.
Figure 2.17(b) shows the simulated and measured battery current (IBat), in which a good matching
is noted for both charge and discharge mode. Figure 2.17(c) shows the estimated and experimental
battery voltage (VBat), where a slight difference is observed in battery voltage for charge and
discharge mode due to the aging phenomenon of a real battery.

Figure 2.18 shows the simulated and experimental load power (Pload), it can be seen that the
load power is maintained at 75 W by both simulation and measurement which validate the
simulation approach.
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Figure 2.18 Simulated versus experiment of load power

2.7 Conclusion

In this chapter, the most common technology for SAPV system constituted elements is
presented. Regarding the cost and performance, C-Si is the most used technology for PV modules,
whereas the lead-acid battery technology occupies this place together with the PWM type charge

regulator.

Mathematical modeling of PV module and battery has been given, where a SAPV
benchmark system has been built under Matlab/SimPowerSystem. The simulation uses the
developed one diode PV model, battery SimPwerSystem based model, and a controlled current
source for the DC load. The created simulation model uses the daily captured solar irradiance and
ambient temperature as input to estimate the output of the SAPV system in real environmental

conditions.

The simulation is experimentally verified using the benchmark system installed at CDER/
Bouzareah, in which the real measured output voltage/current of PV modules, battery, and load is
compared to the simulated one. The results show a similarity of results revealing the ability of the
created simulation to predict the real output. Based on the developed simulation model, some fault
scenarios will be created on a PV module or battery in order to simulate and study the system under

these typical fault conditions.
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Chapter: 3 Battery Internal Fault Monitoring

3.1 Introduction

Nowadays, the battery is regarded as a black box or maintenance-free element since it
powers the load for a number of cycles until showing the sign of inability before replacing them.
As a result, the system cost will increase and the battery becomes a potential safety concern.
Therefore, battery problems should be found and corrected before affecting the system operation.
The battery internal short is known as the most important failure influencing reliability, efficiency,
and lifetime. This fault is unnoticeable, hardly detectable by conventional protection devices such
as fuse and causes premature aging and damage of the battery. To solve this issue, this chapter
introduces two machine learning techniques, namely Anomaly detection, and Support Vector
Machine as battery internal fault detection and classification respectively. The advantages of
adopting such methods consist basically of using unlabeled data for the training rather than the
hardly labeled data in a real battery. Anomaly detection algorithm use completely unlabeled data or
healthy data for developing battery fault detection. Support vector machine requires a few numbers

of labeled data in order to build the battery fault classification. Simulation data have been used to
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develop and validate both algorithms using the implemented simulation in Chapter 2. The
simulation environment considers the battery unit as series-connected battery cells that form the
battery, this allows simulating different internal faults in the battery. The effectiveness of the
proposed methods is verified in test real-time with data that have not been used in the training
phase. The results show the capability of both methods to detect and classify the fault occurrence in

the battery.

3.2 Lead-acid battery constitution

The lead-acid battery constituted of several cells connected in a series configuration to
obtain the anticipated voltage of 12 V, in which the cell nominal voltage is 2 V. The battery cell as
shown in Figure 3.1 is composed of an alternately assembled group of positive plates (PbO,) and
negative plates (Pb), in which the number of plates and their dimensions characterize the cell
capacity. An insulating separator is used between different polarity plates to avoid possible short-
circuit. Positive plates are placed together in a pack as well as negative plates, then these packs are

gathered together and put in a container with electrolyte to form a cell [61]. The electrolyte is a

Positive
cell
onnection

Positive
plate pack

Negative
plate

Microporous
separateur

Positive
plate

Negative
terminal

Negative
cell

Q
Negative '
connection

plate pack

Figure 3.1 The internal structure of a flooded lead-acid battery [1]

mixture of sulfuric acid (H,SO,) and distilled water.

3.3 Causes of internal short-circuit

3.3.1 Corrosion
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The phenomenon of corrosion or known as ‘‘shedding or softening’” appears on the grids,
in which chunks of lead fall off and reduce the performance. Figure 3.2 illustrates an innard
corroded battery. When the battery sheds its lead to the bottom of the container, a conductive layer

forms that gradually fill the allotted space where with time, it reaches the plates creating a shorting

Lug Position

ol

Positive Plate Negative Plate

Figure 3.2 Corroded plate of lead-acid battery

effect. The term “‘elevated self-discharge’’ or “‘soft short’’ describe better this fault condition [9].

3.3.2 Mossing

This happens when the separator and plates are slightly misaligned as a consequence of
poor manufacturing and this causes a part of the plates to become naked. The exposed part of plates
promotes the formation of conductive crystal moss around the edges, which leads to elevated self-

discharge.

3.3.3 Leaddrop

Another cause of the short may occur, in which pieces of lead are detached from the
soldered bars connecting the plates. Differently, from previous soft short that develops through
corrosion, this fault could occur earlier in the battery life due to a manufacturing default causing a

persistent voltage drop.

3.3.4 Mechanical failure

The most potent form of short consists of mechanical failure, where the suspended plates
becoming detached accidentally and touch each other. As a result, a sudden high discharge current
happens that leads to excessive heat accumulated. Generally, poor manufacturing, as well as brutal

shock and vibration, are the main reason for this fault.

34 Key Factors

The complex behavior of an electrochemical battery due to a number of phenomena inside it

makes the fault analysis more complicated and harder than any other energy source. The electrical

47



short-circuit cells developed may not cause significant overcurrent because of the following factors

[4]:

- The battery terminal voltage at the time of the fault, as well as the external circuitry, can influence

the fault currents.

- The positive and negative plates are designed to be immersed in the electrolyte, where the loss of
electrolyte leads to reduced battery capacity, and therefore the intern short-circuits current may be

lower.

-The State of Charge (SOC) is expressed in fraction or percentage to denote the capacity still
available in the battery. Depending on the SOC value, the current of short-circuit cells may be

higher or lower.

3.5 Limitations of the electrical protection device

The battery protection against internal short-circuit using conventional electrical protective
devices such as a fuse or circuit breaker is a pretty complicated task due to the lack of a clear rule
to rate a fuse [4]. Moreover, assuming that the right sizing fuse is available, the location of this fuse
involves additional complexity in the circuit. Figure 3.3 shows two common placements of fuses in
the battery circuit, terminal protection line (Figure 3.3(a)) and midpoint fuse (Figure 3.3(b)). As the
short-circuit could occur between the upper and lower cells as shown in Figure 3.3(a), this will not
be sensed by the main terminal protection. However, the midpoint fuse circuit will prevent
(interrupt) such fault. Many battery installations employ midpoint fuse to bring more protection
from battery failures, however, the location of fuse in this way is not the answer in all situations.
As an example of serious damage results from a battery fire, the reason was a charger fault that led
to short-circuit the main battery terminals and therefore the midpoint fuse failed to interrupt this
fault. Many midpoint fuses could exist rather than a single fuse (Figure 3.3(b)), however, the
increase of fuse within a line circuit is accompanied by an increase of series resistance and a

greater probability of defected fuse that would remove an unfaulty battery from the operation.

The study in [4] concludes that the fuse, wherever located, is of limited value in ensuring battery

protection against internal short-circuit.
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Figure 3.3 Battery protection using : (a) terminal protection fuse, (b) midpiont fuse

3.6 Battery model considerations

Based on the simulation model developed in chapter 2, a small SAPV system composed of 2
PV modules (212 Wp) connected with a battery of 200 Ah and a resistive load of 50 W is
considered. To simulate the battery cell interconnection under normal and fault scenarios, the
battery unit is viewed as basic cells connected in series. The cells consist of identical batteries of
2V/200 Ah to represent the battery cells as shown in Figure 3.4. In this way, the modeling and

simulation of the battery become a key step for fault analysis.

The PV panel used is Isofoton 106W-12V, where the extracted parameters are obtained from
[26] and the general electrical characteristics of the adopted SAPV system are summarized in Table
3-1. The configuration of the battery used in the simulation model allows creating different short-
circuit cells (from 1 to 6 cells) as shown in Figure 3.5 with 1 cell in short-circuit. Table 3-2 shows

the established faults as well as the symbol to denote these faults.

49



Interpreted MATLAB
Function?

Scoped

—-

Ic

S
- B—HZ-I: ::I—
Ia !
Ideal Swichl _ __ __—n
Cel L~ Scoped
- I | ®
=
!

Scope™l

41 va E | I SR PR
* @
I _—

I Module 1 I

| I =

| 1 3_D|1 Teramr

L] [ ] . K

I I Diode

I Module 2 I

' !

E i a—[>|£ Teminator1
g ke

I I Diode1l

l |

[

PV panels

I m
Battery of 12 V ¢ @ o
~6cellsof 2V

Continuous;

powergui

e —
I T 1+
'<m@ N I

Clock

Intepreted ()
MATLAB Fcn

Scoped

Resistive
load

Figure 3.4 Battery cells configuration for fault analysis

Tableau 3-1 Electrical characteristics of SAPV system component
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3.7 Proposed battery fault detection

This chapter attempts to effectively detect the battery's internal short-circuit that leads to
taking immediate and adequate action concerning the defective cells. Regarding the previously
discussed battery issues as well as the difficulty of obtaining battery fault data, unsupervised
machine learning methods handling unlabeled data address better the faults in the battery. Anomaly
detection algorithm is proposed as battery internal short-circuit fault detection. The method has
been largely used for fault detection [62], specifically for PV systems [63], [64]. The method
benefits from using only unlabeled data during its development. The unlabeled data consist of
healthy data or Normal data, this would bring more simplicity, safety, and easy application for a
real battery. In addition, the proposed approach basically using only the readily available battery
voltage and current to build the anomaly detection model, which will limit using extra sensor
circuits. The validation of the method has been done using the simulation data of the previously

described battery model included in the simulation.

3.7.1 Anomaly detection

Anomaly detection or known as novelty or outlier detection is one of the most machine
learning techniques used in fault detection [65] [66]. Anomaly detection aims to detect abnormal or
unusual or wrong data. Anomaly detection assumes that the data are distributed under Gaussian (or
Normal) distribution and this last can be modeled using two parameters: the mean x and the
variance ¢°. As a result, the normal data are situated near the mean p and the outlier data are far
away from them as illustrated in Figure 3.6, in which the green dots represent the normal data and
the red dots represent the outlier one. Also, it can be seen from this figure that the normal data have

a higher Gaussian probability density compared to the outlier data.

Three main steps are required to build the anomaly detection model, the first is the training
step, in which the Gaussian distribution is estimated by the parameters x and ¢°. The second is the
validation step, in which some threshold ¢ is selected as a limit of being an anomaly (outlier)
compared to the Gaussian probability function. The third is the testing step, in which a test is

performed to check the performance of the model.
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3.7.1.1 Gaussian distribution
Fit a Gaussian model from data relies on the assumption that a huge number of data used is
normal. For each feature x; (j=1,...,n), an estimated Gaussian distribution parameters z; and ajz, the

Gaussian probability density is defined as:

P(x) = \/%G exp(— 2(172 (X—,u)zj (3.1)

3.7.1.2 Estimation parameters for Gaussian distribution
The parameters of Gaussian distribution g; and a,~2 for the jth feature are respectively

estimated as follow:

1&g
H; :EZXE) (32)

1 , 2
o == (¢ -u) (3.3)

a.  Choosing the value of threshold ¢
To determine if a sample is an anomaly or not, the procedure consists to compare its Gaussian
probability density value to a threshold or a limit. If the probability is lower than a certain threshold

&, then this sample is an anomaly. Hence, the selection of the threshold ¢ could be done by a trial-
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error method using the criteria F1 score metric given in equation 3.4. The trial-error method as
illustrated in Figure 3.7 proceeds to try several values of &, in which the selected ¢ value
corresponds to the maximum F1 score [62].

F1- 2. prec-rec (3.4)

prec+rec

Where prec and rec defined below is the precision and the recall respectively:
tp

prec = (3.5)

tp+ fp
rec = L (3.6)

tp+ fn

Where tp is the true positive which means that the algorithm successfully classifies it as positive or
anomaly. Fp is the false positive which means that the algorithm incorrectly classifies it as
positive or anomaly. Finally, fn is the false negative which means that the algorithm wrongly

classifies it as not an anomaly.

Initialization
(g, F1_Max)
F1 score
calculation
No
yes
y
update € < F1=F1_Max
Eps=¢
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3.7.1.3 Results and discussion
A real profile of irradiance and temperature is captured from CDER, Bouzareah, Algeria as

shown in Figure 3.8. The profile corresponds to nine clear days and used as simulation input to
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Figure 3.8 Captured irradiance and temperature profile

generate faults and normal data.

To show graphically the ability of the Anomaly detection algorithm to detect the faults in
real-time, some faults have been tested. For this purpose, the time evolution of the probability

density function is plotted along with the threshold ¢ before and after the fault occurrence.

The first test performed consists to check the normal operation of the battery as shown in
Figure 3.9. The figure shows that the Gaussian probability doesn’t drop below the threshold &
which confirms the not presence of a fault. Note that, a small decrease under the threshold into

three different regions is marked which can be interpreted as false alarms.

The fault F3 is tested and the result is illustrated in Figure 3.10, in which the graph of the
Gaussian probability decreases under the threshold ¢ after a certain time of the fault occurrence.

A test is performed for the fault F2 as shown in Figure 3.11, in which the graph of the
probability density decreases under the threshold & with a much spent time than F3.

55



The test of fault F2 is repeated with Rf=0 as illustrated in Figure 3.12, in which the graph

of the probability density instantly drops below the threshold & and the battery has a high current

flow.

The fault F4 is tested and the result is displayed by the graph of the probability density in

Figure 3.13, in which the detection of fault is done after a specific time of occurring the fault.
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The last test is dedicated to the fault F5 as shown in Figure 3.14, in which the graph of the

probability density drops below the threshold after the fault occurrence at a faster time compared to

F4, F3, and F2.

The above results demonstrate the capability of the Anomaly detection algorithm to detect

all the internal short-circuit fault types. The time of detection of the faults is noted to differ from a
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fault to another according to the number of the infected cells and the resistance of the fault circuit.

3.7.2 Proposed battery fault classification

The battery fault classification is an important task that aims to determine the fault types in
the battery. Similar to fault detection, fault classification faces the problem of obtaining labeled
data of battery faults. To resolve this issue, a supervised Machine learning algorithm based on
Support Vector Machine (SVM) is proposed. The method has the advantage of requiring a few
numbers of labeled data for training [67] . Another benefit of the method is their higher ability of
generalization beyond that of the ANN and HMM algorithm [67]. SVM algorithm has been used in
many research areas involving fault diagnosis [68]-[71]. The few numbers of training data required
by the SVM are obtained from the battery simulation model described above. In addition, the

performance evaluation of the SVM method has been performed using simulation data.

3.7.3 SVM algorithm

As shown in Figure 3.15, SVM aims to find the optimal hyperplane that maximizes the
margin distance separating the two classes. The data lies on the margin are the support vectors and
those that create a limit boundary. SVM is intended for binary classification, however, it can be
extended to multi-class using several ways, such as “one vs one”, “one vs all”, etc. In this work,
the”’one vs one’’ is used to construct a C (C-1) /2 binary SVM, where C is the number of classes.
Note that each class C represents one type of fault or the healthy state when considering the fault

classification problem.

support
vectors

class 1

Figure 3.15 Schematic of separating binary class by svm
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3.7.3.1 Mathematical formulation
Let the input data x, (n=1,...,N) , in which N is the number of sample data and y, is the
corresponding output belong to {1,-1} indicating the first and second class. To find the optimal

hyperplane separating data, the following minimization problem must be solved [72].

N

1 N
min J (6?):E Z&nemynymk(xn,xm) —Z&n (3.7)

n,m=1 n=1

N
Subjectto > 6,y,=0 0<@ <D for n=1..,N

n=1

Where the Gaussian kernel function is defined as:

_Hxn_me2

k(x ,x )=exp
nem 202

o,
} and 9:{ : ] are the Lagrange multipliers.
On

The optimization problem in equation (3.7) that would be solved, in which the support

VeCtors Xy,Xs,...,Xs and the corresponding v, ,6, are saved, where s is the number of support vectors.

For a new example given x:

S
1 if Sign(ZHnynk(xn,x) +b) >0
n=1

h(x) = (3.8)

-1  otherwise

Where b is the bias value.

3.7.3.2 Results and discussion
A real meteorological profile (irradiance and temperature) captured from the site of CDER
as illustrated in Figure 3.16, has been used as simulation input. Note that the simulation of battery

faults is carried with R,=0.10hm.

The battery fault classification approach is described in the flowchart in Figure 3.17, in
which the fault detection using the previous Anomaly detection is running before the adopted SVM

algorithm. The data collected from the simulation are 12947 samples which would be used for
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training, validation, and test the Anomaly detection and SVM algorithm.

Table 3-3 shows the fitted parameters and the accuracy obtained from both algorithms. As
shown in the table, the number of training data for SVM is less than for Anomaly detection, which
is a property of the SVM algorithm. In addition, the high accuracy obtained reveals the

effectiveness of both methods as well as the well-fit parameters.

Tableau 3-3 Main training parameters for AD and SVM

# of training and Fitted Accuracy (%)
validation data parameters
AD 7193 Th=0.0051 98.22
D=1
SVM 1439 97.96
o =10

| Start |

B
L
L

Obtain data of
Batterv:Ibat &V bat
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Algorithm!1 (AD)
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Fault classification
Algorithm?2 (svm)

h 4

Alarm

Figure 3.17 Flowchart of the proposed fault diagnosis process
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b.

Real-time test

A graphical faults monitoring is proposed by showing the progress of faults diagnosis in real-
time. For this purpose, the time-variant of the probability density function and the SVM output are
plotted separately before and after the faults” occurrence. The predicted classes by SVM are
represented by a scatter plot together with the actual classes as a reference to clearly show the
difference. Note that in all the tests the SVM algorithm is intentionally running before and after the

faults to provide more precision about the faults diagnosis.

The first test is dedicated to the Normal operation, in which the graph of the probability density
in Figure 3.18 shows no decrease under the threshold except in two positions which indicate two
false alarms. The plot of SVM output is shown in Figure 3.19, in which the Class N is indicated

along the test with some misclassified data.

The first tested fault is F1 as illustrated in the fault detection and classification in Figure 3.20
and Figure 3.21 respectively. The graph of the probability density in Figure 3.20 shows a decrease
under the threshold after a certain time of fault occurrence. In the meantime, the plot of SVM

output in Figure 3.21 spots the fault F1 that mark some delay and misclassified data.

The second tested fault is F3, in which the results of fault detection and classification are
shown in Figure 3.22 and Figure 3.23 respectively. The graph of the probability density decreases
below the threshold more quickly after the fault occurrence. As well, the plot of SVM output

denotes the fault F3 with some delay and misclassified data.

The third tested fault is F6, in which the results of Anomaly detection and SVM algorithm are
shown in Figure 3.24 and Figure 3.25 respectively. The graph of the probability density in Figure
3.24 descends immediately after the fault occurrence. The plot of SVM output indicates the fault

F6 with some classification errors.

The above faults monitoring graphs show clearly the ability of Anomaly detection and the
SVM algorithm to detect and classify the faults in real-time. Considering that some errors in
classification and delay in detection are noted, Table 3-4 gives the accuracy value for each fault test
to quantify the marked errors. The table shows that the accuracy of Anomaly detection and SVM
algorithm to identify the Normal operation is high and is about 98%. Whereas, the accuracy to
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assess the faults F1 to F6 ranges from 95% to 98%, in which an elevated battery self-discharge

increases the accuracy.
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Figure 3.21 SVM Test result : F1

Figure 3.23 SVM Test result : F3
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Figure 3.25 SVM Test result: F6

Tableau 3-4
Individual class
Battery AD SVM )
aceuracy State # of good Accuracy # of good Accuracy with AD and
SVM classification | (%) | classification (%) algorithm.
N 12813 98.97 12714 98.20
F1 12332 95.25 12411 95.86
F2 12585 97.21 12507 96.60
F3 12678 97.93 12592 97.26
F4 12725 98.29 12583 97.19
F5 12752 98.50 12667 97.84
F6 12777 98.69 12799 98.86

3.8 Conclusion

The battery in the PV system can fail or degrade in a number of ways, which makes fault

detection and isolation a very complicated task. This chapter proposes battery short-circuit cell

faults monitoring using anomaly detection and SVM algorithm. The proposed methods present

several advantages over other training algorithms. The anomaly detection is developed through
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Normal data that can be easily obtained, furthermore, the data consists simply of battery voltage
and current taken for a period of time. The SVM classification algorithm requires a few numbers of
training data for its development and has a high generalization ability. Both methods are very

consistent with the battery faults cases.

The proposed methods have been developed and validated using simulation data of the
battery, in which an adequate battery simulated model has been adopted. Real-time monitoring is
carried out to demonstrate the feasibility of both methods to recognize the faults, in which the
anomaly detection and SVM output are plotted in real-time before and after the fault. The results
show the ability to detect the faults with fewer errors that are quantified by the accuracy metric for

each fault class.

Chapter: 4  Fault diagnosis in stand-alone photovoltaic
system using Artificial Neural Network
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4.1 Introduction

The fault that occurs in a stand-alone photovoltaic system can affect the entire system’s
performance, leading to a possible fire hazard, battery explosion, and DC arc. A fault classification
approach using supervised machine learning Artificial Neural Network (ANN) is proposed to
properly detect and identify the fault in the system. The method has been validated using
experimental data of the set up small-scale SAPV system at the university of Médea. The
established faults experiment consists of a short circuit of PV module, an open circuit of PV
module, and an external battery short-circuit. The effectiveness of the proposed fault detection and
classification (FDD) has been verified, in addition, Graphical User Interface (GUI) Matlab has

been created to achieve an automatic fault diagnosis.

Section two attempts to enhance the previous FDD based on ANN by using power loss
parameters as input networks. Furthermore, because of the difficulties in obtaining data of fault
from a real SAPV system, an improvement in obtaining data has been made. Data of normal
operation is obtained from a real measurement, when simplicity and safety are concerned, whereas,
fault data are obtained from the simulation using the developed model environment in chapter 2.
Three common types of ANN were trained, tested, and compared to choose the most efficient
network to predict the faults in the system. The results indicate that Multi-Layer-Perceptron (MLP)
network type is the most accurate network to recognize the faults with 95%. In addition, some test

has been carried out in real-time to show its effectiveness.

4.2 ANN and the brain (motivation)

Artificial Neural Network (ANN) is originally inspired by a biological neural cell, where this
last as shown in Figure 4.1 is constituted of three main elements: dendrite, nucleus, and axon. The
role of the dendrite is to carry the information to the neuron, whereas the axon transfers the
information to the other neurons, and finally the cell body that contains the nucleus connects the
dendrite and axon. The concept of ANN returns to mimic the human brain as this one can learn to
process all our senses, like sight, hearing, touching, etc. Also, the brain can learn to do many other

things such as calculus and language.
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Figure 4.1 Schematic of a biological neuron

A famous experiment has been done by neuroscientists called ‘‘Neuro-rewiring
experiments’’, in which they cut in animal brain the wire from the ears to the auditory cortex (a
part of the brain responsible for hearing). This wire takes the sound signal from the ears and
processes to hear, then they rewire the auditory cortex part with the eye wire that was previously
connected to the optic nerve (the part of the brain responsible for seeing). Therefore, the signal

from the eyes is getting routed to the auditory cortex.

The results of this experience reveal that the animal performs really a visualization task
which explains that the auditory cortex truly learns to see. A similar result can be obtained if we
rewire with another part of the brain, such as the somatosensory cortex that processes the sense of
touch. In this case, the somatosensory cortex will learn to see. From these examples, it can be
concluded that if the same physical part of the brain can process sound or touch, or sight, then it
might be one learning mechanism that can perform all these senses and that which makes the brain

learn by itself.

ANN is an approximation to the brain learning mechanism interpreted by a computer
implementation of a learning algorithm that deals with the different types of data and learns from it.
Nowadays ANN is becoming the state of art for many applications, in which ANN strongly

benefits from the progress of computer tools in terms of speed to run a large scale ANN.
4.3 The basic concept of ANN

4.3.1 Single neuron Perceptron

The first artificial neuron was introduced by McCulloch and Pitts [73] to compute any
arithmetic or logical function. Then Rosenblatt developed the perceptron class to solve pattern
recognition problems [74]. The perceptron constitutes a building block for the Neural network, in
which, it consists mainly of weights (w), bias (b), and activation function (f (a)) as shown the

Figure 4.2. The input x; are multiplied by the weights w; and then pass to the summing unit as well
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as the bias b. Then an activation function f (a) is applied to the resulting sum in order to calculate

the neuron output as given below:

f(a)= f(znlwixi+bj 4.1)

i=1

Iy
\\%
I SRR " YR .
nput Y - f — Ouput "0O”
: -"'J:J;\‘-u__ . __,f/; . /
W :
.J-f.. J.f'.J. 'Q
Ty

Figure 4.2 Neuron perceptron model

If the activation function takes the form of a step function, then the output of a neuron can be either
0 or 1. In this case, the perceptron performs a classification task of input data x; that divides it into
two regions as shown in Figure 4.3. The linear boundary (hyperplane) that separate the two regions

is defined by:

D wx +b=0 4.2)

i=1

The key contribution ported by Rosenblatt was the introduction of learning rule, that adjust the
weights and biases of the network in order to correctly classify all the input data into two categories

as shown in Figure 4.3.
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Figure 4.3 Decision boundary for two input

4.3.2 Multi layer perceptron

The single layer perceptron showed some limitations when generating a linear boundary,
since many classification problems are not linearly separable. To overcome this limitation
Rosenblatt proposed a more complex network called Multilayer Perceptron (MLP), in which this
network consists of one input layer, one or more hidden layer, and one output layer [75]. Note that
the output of each layer is the input to the next layer as shown in the example of MLP with a three-
layer in Figure 4.4. Rosenblatt has failed to extend their learning rule to the MLP network, which

caused the suspension of ANN for a decade until the discovering of the backpropagation training

Input Hidden Output
layer layer layer

Figure 4.4 Three layer Network
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algorithm for the MLP network in 1980 to solve many non-linear problems [76].

4.3.3 Backpropagation Training algorithm

The backpropagation (BP) algorithm for training MLP networks has played an important
role in the resurgence of neural network interest. To date, the BP training algorithm remains the
most widely used [77], [78]. The algorithm will adjust the weights and biases of the network by
minimizing a cost function (quadratic error) using essentially a numerical optimization gradient

descent.

The errors between the targets and computed output network can be expressed in terms of
mean square error (MSE) or sum square error (SSE). The most widely used is MSE that is defined

for Q training data as follows:

SSE _ 1
Q Q
The summarized feedforward BP algorithm [79] for the input data set P= [Py, P,,..., Po] with the

Q
E = MSE = > (T, -0,) (4.3)
g=1

targets T= [Ty, T,,..., Tq] and computed outputs O= [0, Oo,..., Og] is given below:

1. Propagate the input forward the network, by computing all the activation:

a’=P (4.4)
am+1 — Gm+l(Wm+1 am +bm+1) (4.5)

for  m=01..,M-1. and z™!=w"la™+pm+
a=a" (4.6)

Propagate the sensitivities backward the network:
sM=—26™M(M)(T -a) (4.7)

s" =G™(z") (Wm+1)T gm+l (4.8)
2. Update the weights and biases by the following gradient descent:
W'k +1) =w"(k)—as™ (@™ )’ (4.9)
b™(k+1) =b™(k) —as™ (4.10)
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where o is the learning rate.

The basic BP with gradient descent suffers from its long time of convergence resulting in
choosing a small value of learning rate a. To improve the convergence speed of the algorithm, the
researcher looks for fast training algorithm by developing heuristic techniques such as varying the
learning rate using momentum and rescaling variables [79]. Other research has focused on standard
numerical optimization algorithms since the training of MLP refers to a numerical minimization
problem. These methods have been successfully applied in this context [79], in which Levenberg-

Marquardt and conjugate gradient algorithm provide fast convergence of BP.

4.3.4 Levenberg-Marquardt algorithm

Levenberg-Marquard (LM) algorithm is a well-suited training algorithm for neural networks.
This technique uses a modification to the Gauss-Newton’s method [75], [79]-[81], in which the

mean square error defined below is used as a performance metric.

Q

E= Z(T -0,)' (T, O)_Ze &, —zz(e,q)z 4.11)

g=1 j=1

For Q training data and C neurons at layer M, where g; is the j™ element of the error in the g™

input/target.

The modification to the Gauss-Newton method is given as:
Ax=[3700 Ix)+ 1] IT () V() 4.12)

where J(X) is the Jacobian matrix expressed as follows:

B avl(x) avl(x) avl(x) W
OX OX OX
1 2 n
avz(x) avz(x) o avz(x)
= *% % x, 4.13)
BVN (X) BVN (X) . BVN (X)
OX OX OX J
L 1 2 n

The key step in the LM algorithm is the computation of the Jacobian matrix that returns to compute

the derivatives of the errors, for this last, we put:

A :[V1V2 vV ] [11 21 181,2'"ecM,Q] (4.14)
X' =[x % X ] =W W, o w, Rbll...bilwfl...bc“('ﬂ 4.15)
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In the following , a summarized BP training method with the LM algorithm is given [79]:

1. Propagate all the input to the network in order to compute the corresponding output using
(Eqg.4) and (Eq.5).
2. Calculate the errors e, =T, - O, and the error E in (Eq.11).

3. Compute the sensitivity vector as:

sy =-G™(z") (4.16)

Sg =G (zg) W s (4.17)

4. Compute each element of the Jacobian matrix for weight and bias respectively as follows:

_ th aek,q m om-1

D], =—=—=5"3a] (4.18)
"ok ow” b
ov.  0g
[0}, ==—t=—2=5 (4.19)
" ox b

5. Solve the (Eq.12) to obtain AX.
6. Update the new value X+AX and recompute E of (Eqg.11), if the error E is smaller than
computed in step 1, then reduce u by factor B, let Xx= x+Ax and go back to step 1, if the

error E is not reduced, then increase u by factor B and go back to step 3.

4.4  Application of ANN for FDD in SAPV system

ANN has been widely utilized for fault detection and classification [82] due to its high
ability to approximate any non-linear function and its strong resistance to noise data [83]. The
ANN provides an excellent discriminative tool for data using the historical data and the learning
property. Over the past decade, most research on FDD using ANN in the field of PV systems has
conducted for the grid-connected and DCPV system [35], [84]-[88]. Hence, this chapter proposes
FDD in the SAPV system using ANN. The ANN detection model classifies the data into *’Faulty’’
and “’Normal’’, whereas the ANN diagnosis model classifies the data in one of the following fault
types: ‘‘short circuit of PV module’’, ““Open circuit of PV module’’, ‘‘external battery short-
circuit’’. The proposed ANN method has been validated using experimental data issued from the
benchmark SAPV system installed at LREA, University of Médéa, Algeria. The data collected
from the system are pre-processed and randomly divided into training-set and test-set. Figure 4.5

shows the main steps to build both ANN fault detection and diagnosis from the top to the down.
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Figure 4.5 Steps to develop ANN prediction model

4.4.1 Data acquisition

4.4.1.1 Experimental SAPV system

The mounted benchmark SAPV system at the university of Médea is composed of 2 PV
modules connected with a battery and a load by means of a charge regulator as described in Figure
4.6. The PV module is a monocrystalline type with a nominal power of 90 Wp, whereas the battery
is a lead-acid type of 12 V in which the charge regulator does not integrate the MPPT. A Halogen
lamp is used as an appliance, which is considered as DC load. The intentionally created faults on
the system as illustrated in Figure 4.7 consist of the short-circuit of PV module (F1), open-circuit of
PV module (F2), external battery short-circuit (F3). The electrical characteristics of each

component are given in Table 4-1.

lpy

-+ Charge
Regulato =+
L
o
PV PV + - a
- Battery d

Figure 4.6 Small SAPV System
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Tableau 4-1

Electrical Characteristics of
] Component Electrical characteristics
experimental SAPV System
Pmax=180 Wp (2x90)
PV modules Vmpp=18.25 V,Impp=9.86 A,

Vsc=21.98 V, Isc=11.08 A
70 Ah (C20) AGM Battery

Battery

VS=12 V
Charge

30 A PWM Charge Regulator
Regulator
Load 50 W Halogen Lamp

lpv

-+ Charge
Fault? Regulato -+
L
o)
PV PV + - a
- Battery d
Faultl
— Fault3

Figure 4.7 Faults Created in SAPV system

4.4.1.2 Data acquisition facilities

DSpace DS 1104 controller board is used to acquire the data from the experimental SAPV
system as illustrated in Figure 4.8. This acquisition card offers a Real-Time Interface (RTI) that
allows interfacing with the different sensors of the SAPV system. Also, DSpace provides
ControlDesk software that allows to monitor and control the measurements in real-time. Finally,
the DS 1104 board has 8 ADC channels in total which connect with a computer via a PCI slot.
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Figure 4.8 Data aquisition facilities from SAPV system

The data acquired consists of the electrical voltage and current of PV modules, battery, and load
using the current and voltage sensor Fluke i30s and GW Instek DDP-100, respectively. Figure 4.9

shows the acquisition system facility, in which the acquisition sampling time was set to 1 min to
better cover the system operation.
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Figure 4.9 Experiment facilities at LREA, Médéa University (Algeria)

4.4.2 Data pre-processing

The data collected from the operation of the SAPV system under Normal and faulty
conditions must be pre-treated and cleaned firstly. The total number of data collected is 1746
samples which correspond to their respective class. Data Normalization is applied to speed up the
ANN algorithm convergence, this can be done by making the data in the same scale generally

between [-1,1] using the formula below:

— (ymax ~ ymin) (X_ Xmin)

(Xmax - Xmin)

y + ymin (420)
Where y is the normalized data limited between ym.,=1 and ymin= -1, X is the initial data which has a

maximum value Xmax and minimum value Xuyin.

4.4.3 ANN Configuration

Three layer feedforward ANN is adopted as a structure for ANN FDD in the SAPV system.
The input layer contains 6 neurons that correspond to the electrical variable voltage and current of
PV modules, battery, and load. The output layer corresponds to the number of faults class together
with The Normal class. The hidden layer contains 25 neurons obtained from the trial & error
method. The structure of both ANN fault detection and diagnosis is shown in Figure 4.10 and
Figure 4.11, respectively. The activation function used is tangent sigmoid (tansig) in the hidden
layer and log sigmoid (logsig) in the output layer that has a binary output (1 or 0) [77]. A binary
code at the output layer is resulted to specify each class as indicated in Table 4-2 and Table 4-3.
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Figure 4.11 ANN structure for fault diagnosis

The size of the training data set is 1397 samples distributed into Normal and faulty operation.

Backpropagation with the Levenberg-Marquardt algorithm (BPLM) is used to train both networks,

where the value of the error goal is fixed in 0.01 which is sufficient to give a good classification

accuracy.

Tableau 4-2 Output vector of ANN fault detection

State of SAPV Specified vector
system
Y Y, Y,
Normal 1 0
Fault 0 1

Tableau 4-3 Output vector of ANN fault diagnosis

State of SAPV Specified vector
system Y, Yo | Ya | Yy
Normal (N) 1 0 0 0
F1 0 1 0 0
F2 0 0 1 0
F3 0 0 0 1
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444 Training, and Test results

To check the performance of training, a learning curve is established for both networks of
detection and diagnosis as shown in Figure 4.12 and Figure 4.13 respectively. The result of the
ANN detection model in Figure 4.12 achieves the value of the error goal after 26 iterations,
whereas the ANN diagnosis model in Figure 4.13 reaches the target after 29 iterations. Both results
indicate that the network's parameters (weight and bias) are adopted and the structures are
adequately designed.

To evaluate the performance of both networks, a test using the confusion matrix metric is
considered as shown in the first test with 394 samples in Figure 4.14 and Figure 4.15. The
confusion matrix shows the percentages of correct and incorrect classified data. The rows
correspond to the predicted class (Output class) and the columns correspond to the actual class
(Target class). The matrix diagonal in green squares corresponds to the correct classified
observations. The off-diagonal matrices in the red squares correspond to the incorrect classified
observations. Each cell has both numbers of observations and percentages of the total number of
observations.

The column on the far right with grey squares shows the percentages of all the examples
predicted to belong to each class that is correctly and incorrectly classified. These two metrics
correspond respectively to precision (or positive predictive value) and false discovery rate. The row
at the bottom with grey squares shows the percentages of all examples belonging to each class that
is correctly and incorrectly classified. These two metrics correspond respectively to recall (or true
positive rate) and false-negative rate.

The classification accuracy obtained for the first test is 95.1% and 96 % for the ANN fault
detection and ANN fault diagnosis respectively. Figure 4.14 shows that the misclassified data (4.9
%) are wrongly distributed into a fault (2.6%) and a Normal (2.3%). Figure 4.15 marked 4% of
misclassified data mostly situated in the first class (2%) followed by the second and third class

whether by 0.9 %, while the fourth contains the less misclassified data (0.2%).
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A confusion matrix of total data (training and test) is performed, in which the results are illustrated
in Figure 4.16 and Figure 4.17 for ANN fault detection and ANN fault diagnosis model,
respectively. The figures indicate a classification accuracy of 98.3% and 97.4% for the detection

and diagnosis model, respectively. The results show the high ability of ANN to predict the faults in
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Figure 4.12 Learning curve of ANN fault detection

the SAPV system.
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Figure 4.14 Confusion matrix of test ANN detection model
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Figure 4.16 Confusion matrix of test ANN diagnosis model
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Figure 4.15 General accuracy of ANN detection model

79



Confusion Matrix

Output Class

Target Class

Figure 4.17 General accuracy of ANN diagnosis model

4.45 Matlab GUI Integration with the system

A Graphical User Interface (GUI) using Matlab/Simulink is created for predicting the faults
in the SAPV system using the trained ANN models. Instead of obtaining directly the ANN output
that consists of the binary code, the interface shows the classification result in an easy manner as
shown in Figure 4.18. The process of FDD associated with GUI Matlab is described in the
flowchart in Figure 4.19. The flowchart proceeds by obtaining and normalizing the data, then a
fault detection is executed using ANN. If a fault occured, a classification by ANN is performed and

the result is displayed through the interface. Otherwise, the procedure is repeated from obtaining

the data.
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Figure 4.18 Computer implementation of GUI matlab
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Figure 4.19 Flowchart for fault detection and diagnosis by ANN

4.5 Enhacement of power losses analysis by ANN

4.5.1 Background

Due to the limitations of power loss parameters to determine the fault type in the SAPV
system (see Section 1.3.7). ANN is proposed to predict the fault using power loss parameters as
ANN inputs. The main advantages of the proposed method are the utilization of two technics:
power loss parameters to determine the losses in the system, and ANN to predict the faults.
Another benefit is the flexibility of obtaining data from simulation and experimental to build an
ANN fault prediction model. Faults data are obtained from simulation which can be more secure
and different fault scenarios can be run. Normal data are obtained from the real experiment, in

which simplicity and availability are the most common.
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4.5.2 Methodology

The supervised machine learning ANN has been used in many research subjects of
regression and classification[80]. Regarding the complexity to diagnose the failure in the SAPV
system using power loss analysis, ANN is used to remove that uncertainty. The steps to build up
the improved ANN fault diagnosis are described in Figure 4.20. First, data extraction is done from
the measurements for normal operation of the system, and from the simulation for the created
faults. Second, a calculation of the main power loss parameters such as Yr, Ya, Yf, Lc, and Ls for
different days. Third, data normalization is applied using equation 4.20 to speed up the ANN
convergence. Finally, train the ANN model and test it for validation.

Normal Data from Faults Data from
real measurements simulation

N/

Energy Parameters
Calculation

v

Pre-processing
Parameters

ANN Train & Test

Figure 4.20 Block diagram of construction improved faults

daignosis

In addition to the previous studied faults, another fault inside battery has been considered
in this section. The fault consists of the unusual battery aging, this fault is generated by increasing
the internal resistance of the battery in the order of 100 %, 200%, and 300% of its nominal value.

Table 4-4 presents the established faults.
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Tableau 4-4 Different faults created in simulation environement

Fault Symbol Description
F1 Short-circuit of PV module.
F2 Open-circuit of PV module.
F3 Battery External Short-circuit.
F4 Battery aging (Increasing of Internal
resistance to: 100% , 200% and 300%).

Three neural network types have been explored for improving the fault evaluation process, MLP,
PNN network (Probabilistic Neural Network), and RBFN network (Radial Basis function

Network). The most efficient network is chosen after a performance comparison of each network.

4.5.3 Structure design

The MLP network used has a three layer (Figure 4.21a), one input layer that have a number
of neurons correspond to the power loss parameters. One hidden layer that contains a number of
neurons obtained by trial & error and one output layer that correspond to the faults class. The
activation function used is tangent sigmoid in the hidden layer and log sigmoid in the output layer.
Levenberg-Marquardt with backpropagation algorithm is used to train the MLP [75], [81], [89].
The training criteria used are given by the value of MSE of 107, the number of epochs of 1000 and

the minimum gradient of 107,

The PNN architecture is similar to the MLP (Figure 4.21b), it consists of one input layer
that corresponds to the power loss parameters, pattern layer that has the same number of neurons as
the input layer. The summation layer that contains a number of neurons equivalent to the class
number, in which they calculate the Probability Density Function of each class. The output layer
with only one neuron, decide the high probability class [90], [91]. PNN network uses the
exponential function as an activation function, whereas, the spread o of Gaussian function is

obtained by trial & error.

The RBFN structure consists simply of one input layer that corresponds to the power loss
parameters, one hidden layer with a number of neurons obtained by trial & error. Finally, one
output layer that has a number of neurons corresponding to the class number as shown in Figure
4.21c. The kernel function used is Gaussian function computed in each neuron in the hidden layer,

in which the mean and variance parameters are computed by the K-means clustering algorithm.

84



The method pseudo-inverse matrix is used to compute the weights between hidden and output layer
[92].

Input Patern Summation
layer layer layer

Input Hidden Output
layer layer layer

output
layer

. » N or F1.F4

NeNrons

Input Hidden Qutput
layer layer layer

— N

NeNrons

Figure 4.21 ANN structure for : (a) MLP network, (b) PNN network , (c) RBFN network

45.4 Network selection

The three network types have been trained and tested using respectively 6727 and 1682
samples. The classification efficiency for each network can be evaluated using the accuracy metric
to measure the rate of good classified data, and the prediction quality indices (PcObs (C) and
Pcpred(C)) metrics [93] defined below.

Accuracy = # all correctclassified Class <100 (4.21)

= all data class

# correctclassifiedClassC N
# observed Class C indataset

pcObs(C) = (4.22)
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lassified ClassC
cPred(c) = = Sorrecte 100 423
P © # predicted ClassC g (4.23)

Predicted (Pcpred(C)) is the percent of correct classified class C with regard to all predicted class C
by ANN.

Observed (PcObs (C)) is the person of correct classified class C with regard to all observed class C

in the data set.

The accuracy results for each network using test data are summarized in Table 4-5. The results
indicate that by using MLP architecture, the accuracy achieves 95.9% which is higher than PNN
and RBFN. Considering other more fault scenarios, the accuracy of the new trained MLP network
could be affected. Nevertheless, the results will not significantly change due to the possibility of

obtaining more learning data on related faults.

Tableau 4-5 Test accuracy for MLP, PNN and RBFN network

MLP PNN RBFN

Accuracy (%) 95.9% 76.8% 72.9%

To test the quality of prediction and interpret the obtained accuracy for each network, Figure 4.22,
Figure 4.23 and Figure 4.24 shows in a bar graph the correct classified data with respect to
observed and predicted (PcObs (C) and Pcpred(C)) Class.
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Figure 4.22 reveals that by applying the MLP network, the observed and predicted class score more
than 85%. These large values justify the best achievable accuracy from the MLP network in
Table 4-5. The predicted and observed values are high and close to each other for all classes which
increases the MLP chance to properly classify all the faults. However, a little overprediction is

noted for the class F2 that has a small influence on the accuracy.

Figure 4.23 shows the results of the predicted and observed class by using PNN, the proportions are
about 60% for the class N, F1, and F2 whereas more than 95% for the class F3 and F4. The
discrepancy between the two results affects the PNN classification accuracy as given in Table 4-5.
The most notable rate of predicted and observed class only lies on one side which leads to an
increase in the PNN efficiency to recognize the faults F3 and F4. However, the rest of the faults are

not well classified making PNN a partly good classifier.

Figure 4.24 illustrates the results predicted and observed class using RBFN, in which an important
difference is noticed (30%) between the percent of observed and predicted for the class F3. The
correctly predicted positions are less than 60% of class N, F1, and F2, and reach 0% for the class
F4. The results reveal that RBFN has less validity over all the classes compared to MLP and PNN

networks.

The results from the test quality indices provide evidence of the inadequacy of PNN and RBFN to
identify the faults in the SAPV system. Consequently, the test proves that MLP network is the most

accurate to classify all the faults.
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455 Online MLP test

The last test consists to perform some faults in real-time and examine the ability of the
best-selected ANN to find these faults in real-time. Noting that, the variation of power loss

parameters in real-time due to a failure cannot be appropriately evaluated. However, the trained
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ANN fault detection model can determine this abnormality. In this view, some faults have been

tested and its class is verified online using simulation fault data.

Figure 4.25 shows the time variation of the Lc parameter and the ANN output in the presence of
fault F1. Figure 4.25a illustrates the rise of the simulated Lc curve when the fault F1 occurs and
falls when it disappears as illustrated in the shaded region. Figure 4.25b demonstrates that the ANN
curve changes according to the fault, in which it rises to F1 and levels off until it disappears. The

present test reveals the ability of ANN model to correctly and timely identify the fault F1.

Figure 4.26 shows the variation along time of the Ls parameter and the ANN output when the fault
F2 is occurring. Figure 4.26a highlights the change to the simulated Ls curve due to the fault in the
shaded region. Figure 4.26b shows the rise of ANN curve to F1 firstly before moving to F2 that
maintains it until the fault end. The results indicate that the first sample is misclassified, however,

all the rest samples are correctly classified.
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Figure 4.27 shows the variation in time to the Ls parameter and the ANN response when the fault
F3 is developed. Figure 4.27a illustrates the diminish of the Ls parameter during the fault
appearance. Figure 4.27b exhibits ANN curve rising to F3 in the shaded region corresponding to
the fault. The results from this test clearly show that the fault F3 is properly determined by the

trained ANN fault diagnosis model.

The findings from Figure 4.25, Figure 4.26 and Figure 4.27 confirm the ability of the trained ANN

model to realize online fault prediction.
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46 Conclusion

This chapter discusses the application of ANN to detect and identify the fault type in the
entire SAPV system. First, the fundamental of the ANN approach has been explained in detail,
where it is shown that over other training algorithms, BPLM algorithm offers good performance in

term of convergence rapidity and precision.

In the second part of the chapter, ANN is directly employed for FDD using SAPV
benchmark system data, in which their effectiveness is demonstrated in the separated test set. In
addition, a Matlab GUI is created to integrate FDD within the SAPV benchmark system. The
proposed method presents the advantages of needing only explicit readily available measurements
such as voltage and current to predict the fault. Moreover, the trained ANN could be easily
implemented in Hardware (charge regulator) for practical application. However, the supervised
ANN method had several drawbacks such as requiring a large amount of learning data that could be
difficult to collect in typical fault under real working conditions. Furthermore, the diagnosis is

limited to the specified fault in the training.

To overcome the limitations of the previous ANN method as well as the existed fault
evaluation using power losses analysis, the last part of the chapter develops new FDD in SAPV
system. This new method uses the most relevant power loss parameters and ANN to build-up the
FDD, in which the healthy data are gathered from the experimental measurements, while the fault
data are obtained from the simulation platform. The improved fault evaluation will bring more
security features, accuracy, the generality of ANN fault diagnosis, and save time. Three ANN
types have been trained similarly to get the most efficient network, the result reveals that MLP is
the most appropriate network to successfully identify the fault. Furthermore, online test monitoring

has been realized to check in real-time the effectiveness of the proposed method.
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General Conclusion

Nowadays photovoltaic systems are becoming the most popular energy source due mainly
to the newly discovered material, improved solar cell efficiency, and reduced cost fabrication. This
development of PV panels has driven an increasing interest in the SAPV system as an independent
homemade energy source. SAPV system has the advantage to be a silent and free-emission energy
source and a good alternative for feeding rural areas, islands, maritime zone, and aerospace
applications. However, this system remains without appropriate electrical protection devices,

including fuses and circuit breakers.

The fault current in the SAPV system is complicated due to the association of many factors
such that the varied environmental condition, fault location, and battery complex internal reactions.
As a result, the exact rating of fuse and circuit breaker becomes a pretty complicated task. Faults in
the SAPV system have been grouped into two main categories: 1) faults on the PV modules side
and 2) faults on the battery side. Both of fault causes a high energy loss and increase the risk of fire
hazard and explosion. The main focus of this thesis is to develop efficient fault detection and

diagnosis approach for both fault cases.

The data collection under faults and normal operation of the system is quite important to
build up the fault diagnosis model. However, the data of fault are hardly and costly obtained from a
real SAPV system. To address this issue, an accurate simulation model of the SAPV system is
developed under Matlab/Simulink to generate the faulty data. The simulation model is able to take
solar irradiance and temperature as inputs to estimate the system output, the model is also flexible
to run different fault scenarios in the battery. The simulated output data is tested with the
experimental data of the installed SAPV system at CDER, Bouzareah. The irradiance and
temperature profile are captured from the CDER site to run the simulation using the same
meteorological condition. The results show a good agreement between the simulation and

measurement which promotes the study of faults using the developed simulation model.

In order to address the gap in finding the faults in the battery for the photovoltaic system,
two machine learning methods have been proposed to supervise the internal short-circuit faults.
Anomaly detection has been proposed as fault detection, whereas Support Vector Machine is
proposed as fault classification. Both methods present several advantages such that: the high
precision and the use of only normal data to train Anomaly detection and a few numbers of fault
data to train Support vector machine. The performance of the proposed methods is evaluated using
the accuracy metric, in which the results are found to be very accurate for each class. To test the
feasibility of the methods to recognize the fault in real-time, several tests are carried out in real-

time where the evolution of PDF and the SVM output are plotted separately before and after the
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fault occurrence. The monitoring graphs demonstrate the ability of the proposed methods to
observe the faults in real-time with some delay that vary greatly with the number of cells infected

and the circuit resistance of the fault.

Prediction, investigation, and detection of faults in the whole SAPV system involving PV
modules and battery are proposed in the last chapter. Two fundamental approaches of fault
detection based on the ANN technique have been introduced in detail, The first fault approach
handles experimental data to train and test the ANN FDD. In this case, the ANN input consists of
electrical measurements such as voltage and current of PV, battery, and load, in which typical
faults experiments have been carried out to extract these measurements under real working
conditions. The trained ANN model shows highly accurate results to recognize the fault in test
data. The second approach uses simulation and experimental data to train and test the ANN FDD,
in which the data of faults are obtained from the simulation, whereas the healthy data are obtained
from the experiment. Unlike the first approach, power loss parameters are used as ANN input and
three common types of ANN were trained, tested, and compared to choose the most efficient
network to predict the faults in the system. The test result reveals that MLP is the most accurate
network to recognize the faults, moreover, some fault test has been conducted in real-time to

examine their ability to recognize these faults.

Several improvements that result from the introduction of the second approach to detect the
fault in the SAPV system: 1) power loss parameters provide relevant information about the losses
in the system. 2)The flexibility of obtaining data from the simulation and experimental to build the
ANN fault prediction model.3) The high ability to perform real-time monitoring based on power
loss parameters and ANN fault prediction.

The findings encourage the application of the proposed method in real-word by an implementation
of the ANN into a charge regulator. Also, further research might explore artificial intelligence
methods to select the best ANN inputs and other network parameters to allow a more accurate

prediction in the SAPV system.
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