UlP[M

UNIVERSITI PUTRA MALAYSIA

MULTI-OBJECTIVE OPTIMAL DESIGN OF STANDALONE HYBRID
RENEWABLE ENERGY SYSTEM USING EVOLUTIONARY
ALGORITHMS

By

HUSSEIN MOHAMMED RIDHA

Thesis Submitted to the School of Graduate Studies, Universiti Putra Malaysia,
in Fulfilment of the Requirements for the Degree of Doctor of Philosophy

May 2024

FK 2024 26



All material contained within the thesis, including without limitation text, logos, icons,
photographs, and all other artwork, is copyright material of Universiti Putra Malaysia
unless otherwise stated. Use may be made of any material contained within the thesis
for non-commercial purposes from the copyright holder. Commercial use of material

may only be made with the express, prior, written permission of Universiti Putra
Malaysia.

Copyright © Universiti Putra Malaysia



Abstract of thesis presented to the Senate of Universiti Putra Malaysia in fulfilment
of the requirement for the degree of Doctor of Philosophy

MULTI-OBJECTIVE OPTIMAL DESIGN OF STANDALONE HYBRID
RENEWABLE ENERGY SYSTEM USING EVOLUTIONARY
ALGORITHMS

By

HUSSEIN MOHAMMED RIDHA

May 2024

Chairman : Associate Professor Hashim bin Hizam, PhD

Faculty . Engineering

The most popular options for remote applications where a grid connection is not
available are wind turbine (WT) generators and solar photovoltaic (PV) power
systems. Selecting a desirable design of the WT/PV/Battery system among a wide
range of configurations, particularly at a favorable level of reliability, lowering the
total cost, and reducing surplus energy, remains a challenging task. Therefore, this
study seeks to first explore the acquired approaches to solve the nonlinearity of the
three-diode PV model’s equation utilizing actual measured laboratory data collected
at a variety of environmental conditions. Then, the optimum design of the hybrid
standalone WT/PV/Battery system is chosen while considering three conflicting

techno-economic criteria for power-isolated dwellings in Malaysia and South Africa.

The research presented in this thesis is divided into two phases, namely, modeling of
the PV module and optimal sizing of the entire system to obtain reliability, cost-

effectiveness, and reduce surplus energy for the WT/PV/Battery system. The robust



adaptive arithmetic optimization algorithm based on the adaptive damping Berndt-
Hall-Hall-Hausman (RAOAAagsHHH) approach is used to efficiently determine the
parameters of the three-diode PV model using two types of experimental data of the
PV module technologies. In optimal sizing of the hybrid standalone WT/PV/Battery
system, a unique improved two-archive approach was presented to develop diversity
and convergence independently to find four optimum sets of Pareto front (PF)
solutions. Additionally, a new integration based on the best-worst method (BWM) and
preference ranking organization for enrichment evaluations (PROMETHEE II)
method, along with a group decision-making (GDM) mechanism, was addressed to
sort and rank the optimal sets of PF solutions. The objective functions were loss of
load probability (LLP), life cycle cost (LCC), and dump power (Pdump) to analyze
and evaluate the performance of the selected optimum design using hourly
meteorological data for one year in Malaysia and South Africa. Finally, the proposed

improved two-archive algorithm is verified using a hybrid numerical method.

The experimental results for the parameter extraction optimization problem
demonstrate that the proposed RAOAadsHHH approach successfully minimizes error
to zero with rapid convergence, as determined by different statistical criteria and
compared to experimental data of the two PV technologies. On the other hand, the
theoretical results based on actual hourly meteorological data in Malaysia and South
Africa indicated that the proposed improved two-archive-BWM-PROMETHEE I1-
GDM method is not only able to construct a uniform set of Pareto optimal solutions
with fast convergence and high diversity but can also rank and select the most desired
design for the WT/PV/Battery system. The optimum configurations of the two case

studies are composed of a single WT, 105 PV modules, 69 battery storages at zero



LLP, 60185 ($) of LCC, and 13548018 (KWh) of Pdump for the Malaysia case study.
Meanwhile, it consists of 16 WTs, 80 PV modules, and 69 battery storages at zero
LLP, 66073 ($) of LCC, and 31371 (KWh) of Pdump for the South Africa case study.
Furthermore, the proposed improved two-archive-BWM-PROMETHEE 11-GDM
method is verified by utilizing a hybrid numerical method, which shows a high level
of reliability, lowering overall cost, and reducing wasted energy. Therefore, the
employment of WT in the Malaysia scenario is not recommended, while the WTs may

considerably incorporate in supplying energy for the required load demand.

Keywords: Hybrid renewable energy; PV; Wind, Multi-objective optimization;
Multi-criteria decision-making.

SDG: Parameter Extraction Accuracy, Conflicting Triple Objective Optimization,
Techno-economic Perspectives.



Abstrak tesis yang dikemukakan kepada Senat Universiti Putra Malaysia sebagai
memenuhi keperluan untuk ijazah Doktor Falsafah

REKABENTUK OPTIMAL PELBAGAI OBJEKTIF SISTEM TENAGA
BOLEH DIPERBAHARUI HIBRID STANDALONE MENGGUNAKAN
ALGORITMA EVOLUSI

Oleh

HUSSEIN MOHAMMED RIDHA

Mei 2024

Pengerusi . Profesor Madya Hashim bin Hizam, PhD

Fakulti : Kejuruteraan

Pilihan paling popular untuk aplikasi jauh di mana sambungan grid tidak tersedia ialah
penjana turbin angin (WT) dan sistem kuasa fotovoltaik solar (PV). Memilih reka
bentuk yang diingini bagi sistem WT/PV/Bateri pelbagai konfigurasi, terutamanya
pada tahap Kkebolehpercayaan yang baik, mengurangkan jumlah kos dan
mengurangkan lebihan tenaga, kekal sebagai tugas yang mencabar. Oleh itu, kajian
ini berusaha untuk terlebih dahulu meneroka pendekatan yang diperoleh untuk
menyelesaikan persamaan tidak lurus model PV tiga diod menggunakan data makmal
terukur sebenar yang dikumpul pada pelbagai keadaan persekitaran. Kemudian, reka
bentuk  optimum sistem WT/PV/Bateri kendiri hibrid dipilih  sambil
mempertimbangkan tiga kriteria tekno-ekonomi yang bercanggah untuk kegunaan

kuasa kediaman terpencil di Malaysia dan Afrika Selatan.

Penyelidikan yang dibentangkan dalam tesis ini terbahagi kepada dua fasa iaitu

pemodelan modul PV dan saiz optimum keseluruhan sistem untuk mendapatkan



kebolehpercayaan, keberkesanan kos, dan mengurangkan lebihan tenaga untuk sistem
WT/PV/Bateri. Algoritma pengoptimuman aritmetik adaptif teguh berdasarkan
pendekatan Berndt-Hall-Hall-Hausman (RAOAAdBHHH) redaman adaptif
digunakan untuk menentukan parameter model PV tiga diod dengan cekap
menggunakan dua jenis data eksperimen teknologi modul PV. Dalam saiz optimum
sistem WT/PV/Bateri kendiri hibrid, pendekatan dua arkib unik yang dipertingkatkan
telah dibentangkan untuk membangunkan kepelbagaian dan penumpuan secara bebas
untuk mencari empat set optimum penyelesaian hadapan Pareto (PF). Selain itu,
penyepaduan baharu berdasarkan kaedah terbaik-terburuk (BWM) dan organisasi
penarafan keutamaan untuk kaedah penilaian pengayaan (PROMETHEE II), bersama-
sama dengan mekanisme membuat keputusan kumpulan (GDM), telah ditangani
untuk mengisih dan menyusun set optimum Penyelesaian PF dengan nisbah ketekalan
penuh pendapat tiga pakar dan tahap kestabilan yang tinggi dalam konfigurasi
kedudukan. Fungsi objektif ialah kehilangan kebarangkalian beban (LLP), kos kitaran
hayat (LCC), dan kuasa pembuangan (Pdump) untuk menganalisis dan menilai
prestasi reka bentuk optimum terpilih menggunakan data meteorologi setiap jam
selama setahun di Malaysia dan Afrika Selatan. Akhir sekali, algoritma dua arkib yang

dicadangkan telah disahkan menggunakan kaedah berangka hibrid.

Keputusan eksperimen untuk masalah pengoptimuman pengekstrakan parameter
menunjukkan bahawa pendekatan RAOAAdBHHH yang dicadangkan berjaya
meminimumkan ralat kepada sifar dengan penumpuan pantas, seperti yang ditentukan
oleh kriteria statistik yang berbeza dan dibandingkan dengan data eksperimen kedua-
dua teknologi PV. Sebaliknya, keputusan teori berdasarkan data meteorologi setiap

jam sebenar di Malaysia dan Afrika Selatan menunjukkan bahawa kaedah dua arkib-



BWM-PROMETHEE I1-GDM yang dicadangkan bukan sahaja mampu membina set
seragam penyelesaian optimum Pareto dengan penumpuan pantas dan kepelbagaian
tinggi tetapi juga boleh menentukan kedudukan dan memilih reka bentuk yang paling
diingini untuk sistem WT/PV/Bateri. Konfigurasi optimum bagi dua kajian kes terdiri
daripada satu WT, 105 modul PV, 69 storan bateri pada sifar LLP, 60185 ($) LCC dan
13548018 (KWj) Pdump untuk kajian kes Malaysia. Sementara itu, ia terdiri daripada
16 WT, 80 modul PV, dan 69 storan bateri pada sifar LLP, 66073 ($) LCC, dan 31371
(KWj) Pdump untuk kajian kes Afrika Selatan. Tambahan pula, kaedah dua arkib-
BWM-PROMETHEE II-GDM vyang dicadangkan telah disahkan dengan
menggunakan kaedah berangka hibrid, yang menunjukkan tahap kebolehpercayaan
yang tinggi, mengurangkan kos keseluruhan dan mengurangkan tenaga terbuang. Oleh
itu, penggunaan WT dalam senario Malaysia tidak digalakkan, manakala WT
mungkin banyak menggabungkan dalam membekalkan tenaga untuk permintaan

beban yang diperlukan

Kata Kunci: Tenaga boleh diperbaharui hibrid; PV; Angin, Pengoptimuman
berbilang objektif; Membuat keputusan pelbagai kriteria.

SDG: Ketepatan Pengekstrakan Parameter, Pengoptimuman Objektif Tiga
Bercanggah, Perspektif Techno-economic.
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CHAPTER 1

INTRODUCTION

1.1 Research background

In the last decades, the population growth, global industrialization, and energy crisis
around the world has resulted in huge usage of energy resources. Due to the ultimate
progresses in all aspects of human life, the need to develop the renewable energy
sources such as nuclear, wind turbine, and photovoltaic renewable energy sources is
essential [8]. Therefore, the governments and scholars are motivated to change the
strong dependability on the fossil fuels to clean, economical, inexhaustible, and
efficient renewable energy resources. However, there are a number of economic and
technical barriers must be overcome in order to improve the dependability and lower
the capital cost of the hybrid PV systems [9]. In addition, the electrical hybrid systems
have various benefits and drawbacks to balance between each involved component.
This is attainable by accurately predicting the PV cells’ output current utilizing
genuine experimental data gathered at a range of environmental conditions. The
performance of the PV system can be evaluated by extracting the parameters from the
predefined PV model. Such parameters are strongly influenced by the solar irradiance,
ambient temperature, wind speed, humidity, dust, and type of the PV technology. The
degree of agreements between simulated and experimental currents using 1-V and P-

V curves indicates the correctness of the PV model [10].

The combination of wind turbine (WT) and photovoltaic (PV) energy systems is
considered as a very economical option to generate electrical energy especially for

remote areas owing to the complimentary nature and widely abundant, where the



utility grid is expensive. These renewable energy sources are heavily impacted by the
speed of the wind and amount of solar radiation, which are site-dependent. This system
depends on the WT and PV technologies that converts the wind and solar radiation to
electrical energy in order to fulfill the load demand energy. In addition, the use of
batteries storage allows to store the excess energy during the day and restore it at the

night.

1.2 Problem statement

The solar cells’ performance under outside weather conditions are strongly dependent
on their physical characteristics. Therefore, it is very necessary to address these
parameters precisely while taking the range of environmental circumstances into
consideration utilizing real experimental data [11]. In addition to that the nonlinearity
behavior between each component of the standalone WT/PV/Battery system, and
nonuniformity between the renewable energy sources and load demand make the
selection to the optimal design more challenging and intricate. The high initial costs
and loss of load are the major drawbacks of expansions of these systems. The system’s
dependability can be strengthened by utilizing an energy storage device as a backup

supply, such as batteries, where the surplus energy can be stored [12].

To plot the I-V and P-V curves, the parameters of these models must be optimally
estimated. As an outcome, such parameter may be determined either by minimizing
the error between the simulated model and real experimental data, or by obtaining the
three main reference points under ideal conditions: open-circuit (OC), short-circuit
(SC), and maximum power point (MPP) [13]. Thus, the PV module’s parameters take

essential impacts on modeling and designing of the WT/PV/Battery system which can



influence the availability and overall cost of the system [14]. Extracting the unknown
parameters of the PV models utilizing actual experimental data gathered at a variety
of weather circumstances is regarded to be more suitable and accurately represents the
actual behavior of the PV cells. However, a significant hurdle to using these methods
is a lack of broad and varied experimental data across a range of weather conditions
[15]. The literature describes a number of approaches to parameter extraction
optimization, involving analytical, numerical, stochastic, hybrid, and software tools
[16,17]. The methods were utilized for modeling the PV model in the WT/PV/Battery
systems are inaccurate and simple [18]. However, Hybrid methods have been proven
their ability in extraction the parameters of the PV module in terms of efficiency, fast
convergences, reducing the time of execution. The values of the parameters and 1-V
characteristics curve are determined under different weather conditions [19].
Consequently, inefficient modeling of the PV system can lead to undesirable
performance and design of the WT/PV/Battery system which means that the system

will be not only unreliable but also costly [20].

Another challenge is the current designing methods of the off-grid freestanding
WT/PV/Battery system. Few research papers have considered multi-objective
optimization (MOQ) methods along with multi-criteria Decision making (MCDM)
methods for optimal configuration of the WT/PV/Battery system in order to construct
set of Pareto Front (PF) solutions and rank the configurations from the best to worst
one. The MOO methods can be classified into single-objective methods which convert
more than two objectives into single-objective, or optimizing more than two objectives
synchronously by achieving a trade-off between them. The MOO methods generate

two sets of solutions known as dominated and non-dominated solutions. In the



dominated concept, the objectives are optimized without depriving the others. While,
the non-dominated principle, the objectives cannot be further improved without
prejudicing others [21]. Therefore, the set of PF solutions contains the best trade-off
in the non-dominated solutions. Majority of researchers optimize the reliability and
total cost of the system, while few of them address the reduction of the surplus energy,
which may have a considerable impact on the overall system cost while ensuring a
high level of dependability. Following that, It has observed that some of MCDM
methods such as TOPSIS and VIKOR do not allow the decision maker to deal with
unquantifiable facts in circumstances where the conflicting objectives are challenging
to be organized [22]. Moreover, TOPSIS and VIKOR fail in ranking the set of optimal
PF solutions when the dealing with complex three conflicting objectives due to their
utilized structure. Finally, few research works pay attentions on how to choose the
most appropriate configuration from a pool of optimal PF solutions’ rather than
providing further details on the consistency ratio of the expert or durability of the

MCDM technique [23].

Therefore, an appropriate modeling method to identify the unknown parameters of the
PV module is necessary to predict the output current of the WT/PV/Battery system.
Optimization of the WT/PV/Battery system based powerful on multi-objective method
is required to increase system reliability, minimizing the capital cost, and reducing the
surplus energy. Finally, lack of studies were performed considering the selection of
the best optimal solutions from the Pareto front set, especially when the objectives are
complex and conflicting. Thus, the multi-criteria decision-making (MCDM) methods

are very useful to handle this dilemma.



1.3

Objectives

The objectives of this research study can be highlighted to achieve the following:

1.

1.4

To develop an accurate method of parameters extraction of the PV module’s
model based on robust adaptive arithmetic optimization algorithm integrated
with Berndt-Hall-Hall-Hausman technique (RAAOAAdBHHH).

To optimize the size of the WT/PV/Battery system using improved two-
archive algorithm by addressing convergence and diversity individually
based on technoeconomic criteria considering Malaysia and South Africa
case studies. The most desirable design of the WT/PV/Battery system from
four sets of optimal PF solutions using advance hybrid multi-criteria decision

methods.

To validate the proposed improved two-archive method for sizing of the
WT/PV/Battery system using hybrid numerical method.

Significance and contribution of the study

According to the previous objectives, there are several theoretical gaps have been

observed in this topic, which are summarized as follows:

In this study, we have developed both methodology (algorithm itself) and

objective function formulation by using innovative RaAOAadeHHH Model.

This research study presents a new MOO principle by addressing

convergence and diversity individually.

This research introduces a fusion of the BWM and PROMETHEE Il method

groups.

Finally, the proposed method is verified by combining with BWM-TOPSIS-
GDM and BWM-PROMETHEE 11-GDM methods, and the performance is
assessed by hourly environmental data collected over the course of a year

period in two distant places in Malaysia and South Africa.



1.5 Scope and limitations of work

This thesis considers the improvements and developments of the WT/PV/Battery
system by presenting a novel methodology to estimate the output current of the TD
PV model based on real experimental data and an innovative hybrid improved two-
archive algorithm for optimal sizing and selecting of the most desirable configuration
from different sets of optimal PF solutions. The optimal design of hybrid standalone
WT/PV/Battery system is strongly dependent on the availability of the meteorological
data. In this study, we utilized the only the available data of the Malaysia and South
Africa. In addition, it can support the viability, correctness, and capacity of the
proposed method to solve three contradictory techno-economic criteria in diverse

locations.

The scope of this work can be highlighted as follows:

e  The RaAOAadsHHH Model is employed to estimate the nine parameters TD
PV model of the standalone WT/PV/Battery system. The proposed
RaAOAAdsHHH approach made significant advances in terms of methodology
(algorithm itself) and design of the objective function. In terms of
methodology, the improved opposition based learning (IOBL) was
maintained to prevent local minima while teaching learning (TL) is obtained
to improve the local search capability. Secondly, the exploration stage was
developed by the use of complement division (D) and subtraction (S)
operators, along with Covariance Matrix based Migration (CMM) and levy
flight (LF) techniques. Besides, the exploitation stage was augmented via the
use of complement multiplication (M) and addition (A) operators, as well as
three unique vectors picked randomly from the population. Finally, winner
principle was considered, which is based on two robust mutation procedures,
in order to gradually improve the search capability. The RaAOAadsHHH
model’s objective function was introduced for the first time for resolving the

PV model’s equation and to efficiently predict the initial roots of the PV
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models utilizing only first order derivative and half space expectation

movements.

e A new fusion based on improved bi-archive multi-objective optimization
algorithm for findings four well-constructed groups of optimal PF solutions
and BWM-PROMETHEE 11-GDM for sorting and ranking the optimized
designs of the freestanding PVV/WT/Battery system in two different locations:
Malaysia and South Africa. The most desirable configurations for the
freestanding PV/WT/Battery system are determined based on techno-
economic-reliability assessments: LLP, LCC, and Pqump using hourly
meteorological data over the course of one year. The improved two archive
algorithm is presented to overcome the restrictions of the previous multi-
objective methods by assigning two different selection concepts: Indicator-
based and Pareto-based to the archive [24]. Furthermore, the diversity into
the archive is increased by addressing the L,-norm-based (p < 1) scheme.
The description of the CA and DA are given in the Ref. [24]. In addition to
that the hybrid MCDM method based on BWM-PROMETHEE I1-GDM is
presented to weight the three conflicting objectives based on three opinions
of the three experts with full consistency ratio, to rank the configurations
conducted by four optimal PF sets, and selecting the most desirable solutions

by considering all opinions of the three experts.

e Finally, the proposed improved bi-archive multi-objective optimization

method is validated by the usage of hybrid numerical methods.

The major limitations of this research work are given in the following:

e In extraction the parameters of the TD PV model, the proposed
RaAOAAdsHHH Needs more execution time owing to the complexity to
determine its nine parameters. However, the accuracy, stability, and
robustness are more important as the determined nine parameters of the TD

PV model are based on off-line experimental data.

e  Computing the output power of the WT is based on sequence of mathematical

equations. More precise output power prediction of the WT can be performed
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using machine learning models. However, real experimental data of the

output power of the WT is not available in this study.

e  Dynamic behavior of the charging, discharging, and state of charge of the
battery storage can be further developed in order to simulate the actual
behavior of the battery storage.

1.6 Thesis outline

This thesis consists of five chapters, where chapter 1 includes an overview of the thesis
and contains the introduction, research problem, objectives, research questions,

significance and contribution of the study, and scope and limitations of work.

Chapter 2 contains the literature review, which includes types of the PV models, the
employed methods to extract the parameters of the PV modules. In addition, kinds of
typologies of the WT/PV/Battery system, the advantages and disadvantages of the
WT, and optimal sizing methods of the WT/PV/Battery system. Finally, the weakness

and challenges of the WT/PV/Battery system’s performance are summarized.

Chapter 3 presents the methodology of this study. The proposed RaAOAagsHHH Model
to extract the parameters of the TD PV model is discussed. The verification and
assessments of the accuracy, stability, and reliability of the proposed RaAOAAdBHHH
model are presented. Moreover, the proposed improved two-archive algorithm to
construct set of optimal PF solutions is explained. The hybrid BWM-PROMETHEE
I1-GDM method is explained to weight and rank the configurations from best two
worst. Loss of load probability (LLP), life cycle cost (LCC), and power dump (Pdump)

are obtained to as techno-economic objectives to be optimized. Finally, the hybrid



intuitive-numerical-MOO-BWM_TOPSIS-GDM method is employed to verify the

accuracy of the proposed optimization method.

In chapter 4, the results and findings to determine the parameters of the TD PV model
using two sets of the experimental data are presented. The proposed RaAOAAdBHHH
model is verified by comparing with various well-published methods available in the
literature under various conditions of the weather data using different statistical
criteria. The optimization size of the WT/PV/Battery system using improved two-
archive-BWM-PROMETHEE 11-GDM is discussed using hourly meteorological data
for one year with considering two case studies: Malaysia and South Africa. The most
desirable optimal configuration is chosen for both scenarios and validated using hybrid
numerical approach. The results and discussion are shown with figures and presented

with tables in this chapter.

Chapter 5 summarizes the contributions of the is study and how the objectives are

achieved. Finally, this chapter ends with future work direction of this study.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

Countless aspects have contributed to the rise in the energy consumption, indicating
rapid population expansion, global warming, economic development, and
industrialization. These changes can be attributed to major problems associated with
the use of conventional fossil fuels, such as oil, gas, and coral [25]. In addition,
commencement of the utility gird power for the remote areas has a number of technical
and economic challenges, owning to lower energy consumption and costly initial
expenditures. As a consequence, adopting alternative energy sources is crucial for
reducing reliance on the fossil fuels and environmental damage [26]. Although
renewable energy resources seem to be an excellent option, they still have many
shortcomings, including their intermittent nature, weakness in some regions, and high
initial expenses. Governments, research institutions, and businesses have spent
decades developing renewable energy resources in order to enhance their

dependability while maintaining low capital costs [27].

Both PV and WT generators are most widely utilized renewable energy sources, with
733 GW and 714 GW installed global capacity by the end of 2020 [28]. However,
because to the intermittent nature, it is not practical to rely solely on the PV panels for
the whole of the day. Therefore, the hybrid wind-photovoltaic system have been
considered to remedy this issue. To provide more dependable and cost-effective
options, the storage batteries are integrated in this system [29]. Designing hybrid

systems is a difficult endeavor owning to nature’s stochastic behavior, integration
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between the components, and nonlinearity that directly impacts on the renewable
energy sources. Moreover, such systems require to identify of the wind speed ratio
and availability of the solar irradiation which are location dependent. Therefore,
several researchers and designers have developed methodologies for determining the

optimal designs depending on multiple objectives [30].

This study presents a review on parameters extraction of the PV models using different
formulations of the objective functions. In addition to that, the methodologies for
optimal sizing of the WT/PV/Battery system are explained. Finally, the limitations

and challenges of the hybrid off-grid WT/PV/Battery system are discussed.

2.2 Hybrid off-grid WT/PV/Battery system

In general, the hybrid freestanding WT/PV/Battery system composes mainly of wind
turbine, PV panels, bidirectional inverter, charge controller, storage battery, and load
profile. According to a variety of variables, such as the accessibility of meteorological
data, techno-economic criteria, and the desired power demand, these might vary
significantly. The hybrid WT/PV/Battery system may be categorized based on system
operation into two topologies: series topology [31,32], and parallel topology [33], as
seen in Figure 1 and 2. In the series topology, the WT generator is connected to
rectifier and PV panel linked to the charge controller. The battery storage can be
charged through WT and PV panels through charge controller. The WT here cannot
provide energy to the load demand directly. There several limitations in this topology
and given by the following:

e  The efficiency is low owning to energy loss during the changeover between
the AC and DC busses.
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e  The capacity of the inverter should be large, which is substantially larger than

the maximum peak energy of the load demand.

e  This topology is much expensive.

Wind turbine AC bus
Rectifier

B

Acload

Inverter

Charger
PV module controller {'

Y Y Y Y
PV
Cells

> v
Modul

Storagebattery

\ 4

Figure 2.1 : Diagram of series topology for hybrid PV/WT/Battery system

On contrast, the parallel topology provides a superior performance compared with the
previous one. This is because the WT can directly supply electricity to the required
load demand, indicating a higher total efficiency for the WT/PV/Battery system, as
illustrated in Figure 2.2. The main benefits of the this hybrid topology are [34]:

e  There is no need to use many changeovers between the AC and DC busses,

where the bi-directional allows the flow of electricity in both ways.
e  Overall cost of the system is reduced.

e  The capacities of the renewable energy sources, charge controller, and bi-

inverter are minimized.
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Figure 2.2 : Diagram of parallel topology for hybrid PV/WT/Battery system

In this chapter, the modeling components of the freestanding WT/PV/Battery system,
optimization methods, and MCDM methods will be explored, and the challenges to

this topic will be outlined in this chapter.

2.2.1 PV array model

In general, PV mathematical models are grouped into three broad categories: single
diode (SD) model, double diode (DD) model, and three diode (TD) model. To plot the
I-V and P-V curves, the parameters of these models must be optimally estimated. As
an outcome, such parameter may be determined either by minimizing the error
between the simulated model and real experimental data, or by obtaining the three
main reference points under ideal conditions: open-circuit (OC), short-circuit (SC),

and maximum power point (MPP) [13].
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e Single-diode PV model

The single diode model is the most often applied in prediction the output current of
the PV cell in the literature owning to its simplicity, needing only five physical
parameter to be optimality extracted. The five physical parameters are as follows: an
ideality factor d linked in opposite direction to represent the PV cell’s output voltage,
a parallel-connected photovoltaic current source Ip, in (A) parallelly connected, a
diode saturation current I,, a small series resistance R in (L), and a large shunt
resistance R, in (€2 ) linked in parallel to describe the saturation current of the diode.
Figure 2.3 illustrates the physical parameters of the SD PV model. Therefore, utilizing
Kirchhoff’s rule, the output current of the cell I in (A) can be calculated as follows:

I = IPh - Id - Ip, (21)

where I, represents the current flowing through diode in (A) and I,, refers to the

current flowing through the shunt resistor in (A). The I; may be computed by deriving

Shockley diode law in the following manner:

1=1, [exp (VJ;IRS) — 1], (2.2)

t

where V is the output voltage (V) and V; refers to the thermal diode voltage (V). The

V; can be computed as follows:

d c
Ve =525 (2.3)

where KB is the Boltzmann’s constant (1.38 x 10723 J/K), T, refers to the cell
temperature (K), and g is to the electron charge (1.60 x 107'°C). The I, is expressed

by the following:
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I, = (2.4)

As a result of solving Equations (2.1)-(2.4), the I is described using the following

equation:
V+IR V+IR
I =1Ip, —1 —)-1|-—— 2.
o= o (455) 1] -5 29
Therefore, the five parameters (d, Ipp, I,, Rs, and R,,) must be determined in order to

plot the I-V and P-V characteristics curves [35].

Figure 2.3 : The electrical circuit of the SD PV model

e  Double-diode PV model
The DD PV model is employed to compensate the preceding PV model’s poor
accuracy. This model has a superior accuracy, especially at high solar irradiance
conditions [35]. A second diode d, is inserted to reflect the recombination losses that
occur in the depletion zone. Figure 2.4 depicts the physical electrical components of

the DD PV model, whereas the output current is represented as follows:

[ =1p, — 1,y [exp (%) — 1] —1,, |exp (VHRS) — 1] DR (2.6)

t1 Vi2 Ry
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where I,; and I,, are reverse diode saturation currents, and V., and V., are diode

thermal voltages written as follows:

_ d4KBT, _ dKBT,
Vi = 7 Ve = P (2.7)

where d; and d, denote to the first and second ideality factors of the diodes,
respectively. It is worth noting that extracting the seven parameters from the DD PV

model involves additional computing time.

Rs

Figure 2.4 : The electrical circuit of the DD PV model

e  Three diode PV model
The TD PV model has garnered more attention from scholars and academics due to its
great accuracy in compared to prior PV models, which included another diode ideality
factor d; and saturation dark current I,5. Figure 2.5 exhibits the electrical equivalent

circuit of the TD PV model, while the output current may be described as follows [35]:

=t o (C28) 1] s o (202 1] s (25 -

t1 Vi2 Vi3

1|2 (2.8)

Rp

where V,4, Vi, and V5 are the diode’s thermal voltage and expressed by the following:
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d1KBT, d,KBT, d3z KBT,
Vt1= 1q C,Vtzz Zq C,anth3=—3q < (29)

This model is complicated, and needs more computing time to extract its nine

parameters.

—

A 2% vy y Ins v b Rs 44

Figure 2.5 : The electrical circuit of the TD PV model

2.2.2 Objective function formulation

The PV model’s equation is multivariable, nonlinear, and has multiple local minima
owning to the impact of the natural behaviour of the solar radiation and ambient
temperature. The majority of authors in the literature develop the methodology
(algorithm itself) and immediately substituting the algorithm-estimated parameters
into the main PV model’s equation, resulting poor degree of accuracy [36]. On the
other hand, the NR and LW function are most frequently utilized methods for solving
this problem. The NR has fast convergence, whereas the LW function has a
considerable accuracy, especially at heterogeneous operating temperature. However,
the authors in [6] improved the NR method using LM’s constant parameter [37]. The
Root Mean Square Error (RMSE) is lowered by approximately 50% in this research.

The following are the mathematical models of these approaches:
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A. NR method

For the SD PV model:

[=1-

Rsl Rgsl
IPh_I_Io(exp(V;Vts )_1)_V+_$

Rp

S

—1—10( R

av

For the DD PV model:

I=1-

IPh_I_Iol(exP(

V+Rgl
diVi

V+RsI)
0) exp( gy,

Rs

Rp

)l

_V+Rgl
Rp

R
_1_101(d1‘sft) &

For the TD PV model:

V+RsI) Rs
p( diVe ) 102<d2Vt) exp

daVe

(V+RSI)_ﬁ !
Rp

-1,

Bt ) (o e
ol ool o) sai) o)

B. INR methods

1G+1) = 1()—ox %

For the SD PV model:

P> = b= 1o o (5320) 1) =35,

F () =1y g (exp (7)) -2 - 1

For the DD PV model:

PO = s (o0 (S552) = 1) s (oo (52) 1) =52

PO =it o (S522) - o (452) -2 -1
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For the TD PV model:
F(D) = Ipp — Iy (eXp (W;—Ié)) - 1) — Iz (exp (V;ZIZ) - 1) —los (eXp (%) -

1) __V+IRs 1’ (2.18)

Rp

PO = (o (220 o (52) -

Iy3 Rs (exp (M)) &9 (2.19)

d,V; d,V; Ry

where « is a static damping parameter and set to be 0.05 in the INR method. In the

[38], the « is given as follows:

4.5ci>2-5

;= (5, , (2.20)

where C; is the current iteration and M; is the maximum iteration.

C. Lambert W function method
For the SD PV model:

[ = Ry(Ippt+lp)—V h Z—Z [dW(,B)], (221)

Rp+Rs

For the DD PV model:

[ = Rp(IPh;'I(-J:_I:-IOZ)_V _ % [d1W(,31) + dZW(,BZ)]I (222)
pTis s
For the TD PV model:
Rp(Ipp+lo1+lpz+Ip3)—V
[ = Sollentlortlotlo Ve [g.1y3,) + W (B) + daW (8] (2.23)
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where

Io1RsR Ry, (RsIpp+Rslg1+V
ﬂ1 — ol1fisfip { p( s'Ph sfol )}, (224)
d1Ve1(Rs+Rp) d1Ve1 (Rs+Rp)
Io2RsR Ry (RsIpp+Rslp2+V
ﬂz — 02fsfip { p( s'Ph sfo2 )}, (225)
d2Vi2(Rs+Rp) d2Ve2(Rs+Rp)
I,3RsR Ry (RsIpp+Rslp3+V
ﬂg — o3fisfip { p( s!Ph sto3 )}, (226)
d3Ve3(Rs+Rp) d3Vi3(Rs+Rp)

Anyway, the PV array’s output current is strongly affected by the meteorological data
conditions. Therefore, the parameters of the TD PV model can be estimated based on
the datasheet information given by the manufacturer under standard test conditions
(STC). The manufacturer typically provides information for open-circuit (V,.), short-
circuit (I5.), and maximum power point (,,,,,) at standard test conditions (STC) [39].

Following the determination of the optimum parameters of the d,_3, Ry, and R,, the

Ip, and I,,_5 parameters are computed as follows [39]:

Io.4Bslsc_Voc_
sc* Ry Rp
101 - exp( qVoc )_e p( qRslsc )’ (227)
d1kbNoTe d1kbNcTe
Rslsc_Voc_ ( aVoc ) _ ( qRslsc )
Isc* Rp Rp 101<exp aikbneTe) )~ lo| ¢¥P\ G kb T 298
102 - exp( 4Voc )_e p( qRslsc ) J ( : )
A kbNoTe dpkbNTe
I3 =

Rslsc_Voc_ ( aVoc ) _ ( qRslsc ) _ ( aVoc ) _ ( qRslsc )
Iset Ry, Ry I°1<exp a kbNete) |0t e¥P\ G kbn o) | o2\ eXP\Gipn ot/ | o2\ eXP\G kbn T,

aVoc )_ ( qRslsc )_ ( aVoc )_ ( qRslsc )
exp(dzkbNCTC EXP\a,kbNoTo) ~ C¥P\azkbneTe)  €*P\azkbN T,

, (2.31)
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o = Lox (exp () = 1) + Tox (exv () = 1) + s (e (Zinmy) -

1) + Relse (2.29)

Rp

To construct 1-V and P-V characteristics curves, the extracted nine parameters are
substituted in the three key points: open-circuit [0, V,.], short-circuit [I4,0], and

maximum power point [Ly,,, Vinpp]l. The mathematical equations of the three key

pp’

points are represented as follows [39]:
Boc = lox (exp () = 1) + o (exp (iners) = 1) +1os (o2 (7 ) -

1)+ o= Ipn, (2.30)

Bre = lse + loa (exp (3g5) = 1) + 1o (e (Gs) — 1) +

I,s (exp (q(Vmpp"‘RS’mpp)) _ 1) _ Vmppt+Rslmpp I

d3kbN,T, i A (2.32)

The objective function is formed by adding the squared errors of the three critical
points as given below:

Er = Eo” + Est” + Eppp”, (2.33)

This enable us to extract and evaluate any type of the PV technology or mathematical

PV model without requiring real experimental data.
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There are several approaches in the literature for parameter determining optimization
problem exist, including analytical, numerical, stochastic, hybrid, and software tools
[16]. The analytical approaches are fast and straightforward, relying on a series of
mathematical equations to derive each parameter of the PV model. However, such
methodologies acquire manufacturer’s ideal datasheet information at standard test
condition. Moreover, any tiny inaccuracy in derivation of one of these equations may
conduct a substantial error. Finally, the intricacy of these approaches is evident when
the DD and TD PV models are implemented [40]. The numerical procedures are more
accurate and are recommended for solving the PV model’s equation. In addition, these
methods may uncover a large portion of the feature space of the problem due to their
ability to handle the nonlinear and multivariable equations effectively. These methods,
however, need a lengthy execution time and adequate initial solutions [6]. By contrast,
the stochastic approaches are extensively employed to determine the parameters of the
PV models due to their numerous advantages, including the following: the set of
solutions is randomly generated from the search space of the problem, and control
parameters, if used, can synchronously balance between exploration and exploitation
phases [41]. However, these methods have a number of drawbacks, such as the
following: they the problem as a black box, with their accuracy dependent on the
formulated objective function, number of evaluations, population size, the
inappropriate usage of control parameters, and exploration/exploitation stages [42].
Additionally, robust and powerful strategies for dealing with a large number of
nonlinear and multimodal variables, especially for extracting the parameters of the TD
PV model. This is because these methods are inspired by the nature, physics, biology,
swarm, and evolutionary algorithms with their own strengths and weaknesses based

on their inspirations [43]. Therefore, the hybrid approaches are developed to address
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all the limitations of the prior methods by combining two or more than benefits and
lessening the negatives [44,45]. The readers may refer to the recent a comprehensive
overview of the meta-heuristic and hybrid methods for the parameter extraction of the

PV models [46].

The hybrid approaches can be classified into parts: the first one is by improving the
algorithm itself by enhancing the control parameters, and exploration and/or
exploitation stages. While there are a few approaches concentrate on developing the
objective function, the resultant degree of precision is restricted. Some of the most
well-published methods that concern on only the methodology include the
performance-guided JAYA (PGJAYA) algorithm [47], hybrid symbiotic differential
evolution moth-flame optimization (HSDEMFQ) algorithm [48], improved brain
storming optimization (IBSO) algorithm [49], locomotion hybrid salp swarm
algorithm (LHSSA) [50], shuffled frog leaping with memory pool parameter (SFLBS)
[51], similarity-guided evolutionary multitask optimization with DE (SGDE) [52], and

more research works can be found in [41,46,53].

In PGJAY A [47], quantifies the probability parameter in order to self-adapt individual
solutions and balance the exploration and exploitation tactics. While the chaotic
mechanism is handled in order to explore more promising solutions and replace them
with worst ones. The HSDEMFO is improved by dividing the population into two
groups: soybean group focuses on exploration in the DE algorithm, and rhizobium
group emphasizes on the exploitation in the MFO algorithm. Furthermore, chaotic
strategy is established to refine the solutions’ quality. The IBSO performs two

significant improvements: it uses improved periodic individual clustering (IPIC) in
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conjunction with K-means to compute the distance between the solutions, and it
utilizes improve individual generation (11G) to share the information among the
population [49]. In LHSSA, the opposition-based learning (OBL) is addressed to
enhance the exploratory process [54]. Moreover, the leader particle based on particle
swarm optimization (PSO) is introduced in serialized scheme to provide more valuable
information [55]. The SFLBS has been equipped with crossover and mutation
mechanisms. In addition, the memory-pool is obtained in order to store the high-
quality of the solutions. The SGDE is advanced by subdividing the population into
subpopulations, each of which performs a specific task. The DE is employed for
improving the subpopulations, whereas the local search technique is defined to
discover a better solution [52]. An improved equilibrium optimizer (IEO) for
determining unknown parameters of the SD, DD, and TD PV models is presented in
[56]. The improvements in IEO are achieved by employing the back propagation
neural network for predicting the output current of the PV model. In addition, various
selection probabilities are addressed for enhancing the solutions quality. The statistical
results indicated that the IEO outperformed well-published methods mentioned in the

literature.

The second categorization of the hybrid approaches is accomplished for the purpose
of formulating the algorithm and objective function [57]. Since extracting the
parameters of the TD PV model requires a sufficiently robust explorer-exploiter
mechanism capable of avoiding stagnation in local minima and obtaining high-quality
of solutions, as well as reliable objective function to precisely solving PV model’s
equation. Several numerical methods have been utilized to solve PV model’s equation,

including Newton Raphson (NR) method [58], Lambert W function (LW) [59],
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Levenberg-Marquardt (LM) method [60,61], and special trans function (STF) method.
In addition, the ant lion optimizer in linked with LW function (ALOvrw) in [62]. The
authors of [63] improved PSO algorithm by incorporating chaotic with heterogeneous
comprehensive learning processes and then integrating it with NR method
(CHCLPSOnR). The DE algorithm is based on electromagnetism (EM) method
concept of attraction-repulsion [64]. The mutant and crossover control parameters are
adjusted using logistic sigmoid function. Then, the DEAMNnr algorithm is associated
with NR to solve the PV model’s equation. The authors of [55] alleviated the
premature convergence of the PSO algorithm by using five successive mutation
scheme, then the NR is obtained as objective function (ELPSOnr). An updated
LSHADE algorithm is presented in [6] using chaotic-guided tactic with improved NR
method (ELSHADE nR). The authors of [65] proposed farmland fertility algorithm and

linked with NR method (FFANR).

El-Fergany [66] improved slime mould algorithm utilizing levy flight (LF) and
random distribution strategies and the output current equation is solved based on LW
function (IMSMALw). Marine predators algorithm is associated with LW function to
estimate unknown parameters of the PV models in [45,67]. In [68], mutation scheme
is hybridized with PSO algorithm and the PV model equation solved by NR method
(MPSOnr) [68]. The authors of [69] and [70] present manta ray foraging optimization
and the PV model’s equation is handled by NR method (MRFOngr). In [71], two
control parameters are updated based personal and social acceleration using PSO and
the PV model’s equation is treated by NR method (TVACPSOnr). A modified flower
pollination algorithm is presented using dynamic switch probability and step size

function to enhance overall performance of the local and global search. The output
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current is using NR method [72]. Despite the contributions made to algorithm itself
and objective function formulation, the aforementioned research investigations do not
provide realistic performance of the PV model. This is because of that the classic NR
and LW methods struggle to present adequate initial root solutions, especially at MPP
and hard edges regions. The methodologies of extraction the parameters of the PV
model can be illustrated in Figure 2.6. As a reason, we will discuss the methodology
and OFD concurrently in this research study. The existing work and their contributions

as presented in Table 2.1.

@aram eter extraction methodologiea

v

Types of PV models:
Single diode Double diode Three diode

v
/ Experim ental and/or m anufacturer data /

v
Tvpes of methods:

Numerical Analytical - Stochastic Hybrid

Software
tools

e T N

Evolutionary algorithms

Swarm-based algorithms
Objective function
Physics-based algorithms design

Bio-based algorithm

Nature-based algorithm
Types of methods used to design the objective function:
Linear i ) f-solve
method method
Tayler LM Bezier .
series method curve R

Extracting the parameters of the PV model and
plotting the I-V and P-V curves

Figure 2.6 : Diagram of parameter extraction methodologies
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2.3 Wind turbine

It is necessary to select the appropriate model for forecasting the performance of a
single WT, which is characterized by its power curve. To precisely evaluate wind
energy potential, specific statistical characteristics of wind speed should be
considered. For example, the Weibull probability distribution function is employed
for finding the monthly frequency distribution of the wind speed measurement. Huang
et al. [154] assumed that the wind turbine velocity at various height ranged between
10-12 m. The output of the WT generators is strongly dependent on their types,
heights, and speed of wind. In general, the WT output can be computed based on its
start power generation at the cut-in wind speed, after that the power increases linearly
according to the speed of the wind from the cut-in wind speed to the rated value. The
WT will be shut down if the produced rated power is more than the cut-out wind speed
for safety considerations [155]. Some of authors assumed the calculation of the WT

output power as follows [156]:

Kinetic energy:% MV?, (2.34)
% = V(m/s) Ay, (m?) air density (kg/m?), (2.35)

where M is the mass of wind molecules (kg), V is wind speed (m/s) [157]. Substituting
(2.34) in (2.35), the output power of the wind hitting wind turbine for a certain swept

area is presented as follows:

Pyr = % air density r2mV3, (2.36)

The above formula is based on linear calculation, which cannot reflect the actual

behavior of the WT performance [158].
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The advantage of WT generator are:

e It is a free, environmental friendly, and inexhaustible renewable energy

source.

e  Wind flow naturally occurs, and utilizing wind motion has little effect on

wind currents and cycles.

e It lessens the greenhouse impact.

The disadvantages of WT generator are:

e  Wind speed is changeable in nature.

e  When load power is required, wind may not always blow at the anticipated

time.

2.4 Charge controller

In partial shading cases such as trees, clouds, building cover or planets, the sunshine
is entirely or partially absent. Therefore, the charge controller has three main
functions: first is to track the maximum power point (MPP) at peak value during the
day. The second function is to reduce the battery charging time to fast back up the PV
array. Finally, it can be used to protect the battery from overcharged, hence increasing
its efficiency and longevity. The battery power delivered to the load through the charge
controller and inverter may be stated as follows [159,160]:

P, = Epqe X nbatt X ninv X nch, (2.37)

This charge controller is chosen to regulate the voltages differences between the

produced power from inverter and the battery voltage.
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2.5 Inverter

The primary usage of the inverters are conversion of DC into AC, modifying the
frequency of conducted AC power, and controlling the effective output voltage value.
The main features of a PV inverter are the reliability and efficiency. In general, the
inverter output waveform can be categorized into three types: a square wave inverter,
modified sine wave inverter, and pure sine wave inverter. The square wave inverter is
simple and it has poor efficiency owing to the large harmonics content, which may be
connected with electromagnetic filed in conductive components. The modified sine
wave inverter offers higher level of accuracy than previous one. However, this kind of
inverter is expensive and more suitable for the grid-connected applications [161].
Finally, the pure sine wave inverter has been utilized in many applications due to its
several benefits: higher efficiency, reducing the needed numbers of DC voltage
source, and less cost and complexity. The efficiency of the inverters are assumed

within ranges of 90% to 97% at full load demand [162].

2.6 Battery storage

The intermittency of the WT generator and PV array is due the output power reduction
caused by low wind speed and motion of clouds over PV panels. The intermittency
results undesired effects such as voltage variations, increase the losses and power
factor modification, and overall cost of the system. Therefore, a reliable battery
storage size design for the hybrid WT/PV/Battery system is required to ensure the
stability of the generated power, efficiency, and prevent high costs. The primary
purpose of using battery storage is to deliver the stored power when the WT generator

or PV array is not enough to meet the required load demand.
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There are several kinds of the batteries storage regarding to their applications. The
lead-acid battery is mostly utilized in the standalone PV system due to high-reliability
and low cost. The lead-acid batteries can be categorized into three types which are:
flooded type, gelled electrolyte sealed type, and absorbent glass mat (AGM) type
[161]. The flooded batteries are economically and widely used in the hybrid
WT/PV/Battery system. However, these type of batteries require continuous
maintenance and must be placed in ventilated area. The gelled electrolyte and AGM
types are more economical owning to few maintenance and free of venting [163]. Deep
cycle batteries are required in the renewable energy system as they can provide
consistent performance, longer life time, over/under charging or discharging, higher
temperature, and good maintenance [29]. Lately, the usage of the lithium-ion batteries
have been broadly increased due to their high reliability and long lifetime [164].
However the main obstacle of these kind of batteries storage are very costly compared
with lead-acid batteries. Moreover, the lithium-ion batteries are more suitable for grid-
connected systems due to their highly reliability in terms of highly variations in

currents and voltages.

2.7 Sizing methods of hybrid WT/PV/Battery system

The freestanding hybrid WT/PV/Battery system is economical and reliable feasible
solution for providing areas where the grid utility is not accessible. There are many
difficulties associated with optimization of the hybrid renewable energy system such
as large variable, fluctuation of renewable energy sources, and meeting the load
demand at reliable and economical perspectives. All of the above complexities make
the optimal sizing of the WT/PV/Battery system more challenging. The aim of

utilizing the optimization methods in this system is to reduce the overall cost and
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increasing the reliability [165]. The sizing optimization methods can be classified into
intuitive, numerical, analytical, stochastic, hybrid, and software tools [166]. The
optimal sizing of the WT/PV/Battery system can be achieved by using singe-objective
or multi-objective method. In single-objective method, only technical or economic
criteria is obtained to be optimized [167]. In these methods, one optimal solutions is

conducted at each execution.

The multi-objective optimization methods can be categorized into: aggregation
methods that combine two objective or more objectives and convert them to a single-
objective, such as Penalty-Based boundary Intersection (PBI) [168-170] and e&-
constraint method [171], or by simulating several objectives concurrently by
generating a set of PF optimal solutions [172]. The reliability and efficiently of the
MOO methods can be verified by their capacity to create the Pareto optimal solutions
with high levels of convergence, coverage, and diversity [173]. The PF optimization
methods are categorized in single set PF solution and two sets PF solutions such as
non-dominated sorting genetic algorithm (NSGA-II) [174], multi-objective particle
PSO (MOPSO) [175], strength Pareto evolutionary algorithm (SPEA2) [176], multi-
objective evolutionary algorithm (MOEA/D) [168], improved multi-objective
evolutionary algorithm method by developing a diversity-maintained scheme
(MOEA-DM) [33], archive micro GA (AMGA) [177], reference points guided
evolutionary algorithm (RVEA) , Bi-goal evolution (BiGE) [178], @-dominace-based
evolutionary algorithm (@-DEA) [179], multi-objective metaheuristic R indicator-11
(MOMBI-II) [180], and two sets PF solutions [181-183]. Selecting desirable
configuration from a collection of PF solutions is considered a difficult undertaking,

much more so when conflicting objectives require a trade-off. As a result, Multi-
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criteria Decision-making (MCDM) methods are essential for boosting the energy
efficiency and lowering the capital costs of the system by guiding to designer to the
most optimum solution [184,185]. The most well-known MCDM methods are: multi-
attribute border approximation area comparison (MABAC) [186], decision making
trial and evaluation laboratory model (DEMATEL) [187], multi-objective
optimization by ratio analysis (MORRA) [188], integrated analytic hierarchy process
(AHP) [189], technique for order preference by similarity to ideal solution (TOPSIS)
[189], weighted aggregated sum product assessment (WASPAS) [190], preference
ranking organization method for enrichment evaluations (PROMETHEE) [191],
Vlsekriteriterijumska Optimizacija | Kompromisno Resenje (VIKOR) [22], complex
proportional assessment method (COPRAS) [192], best-worst method (BWM) [193],
criteria importance though intercriteria correlation (CRITIC) [174], and full
consistency method (FUCOM) [194]. The sizing methodologies of the hybrid

WT/PV/Battery system are presented in Figure 2.7.
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Figure 2.7 : Sizing methods of the hybrid standalone WT/PV/Battery system
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A. Intuitive method
The simplest method for developing the WT/PV/Battery system is the intuitive
method, which ignores the interaction between multiple subsystems and randomness
of solar radiation and wind speed. This method utilizes information about the weather,
such as the worst month’s average, monthly data, or the yearly average. During the
sizing procedure, which is based on the safety factor given by the designers, the
production of the WT and PV model is calculated. This method only covers the
necessary need load demand, which results in an expensive/unreliable system.
Therefore, this method is helpful for preliminary estimation and an approximate

assessment of the design of the WT/PV/Battery system [195].

Borowy and Salameh [196] presented an intuitive method for finding an optimal
combination of the WT/PV/Battery system based on long-term information data for
typical load campus of the University of Massachusetts Lowell. The average output
power of WT and PV module is computed based on average monthly production. At
desired level of loss power supply probability (LPSP), the optimum design is selected.
In [197], a simple methodology based on only two seasons: summer and winter is
presented to find optimal design of the WT/PV/Battery system. However, this method
do not present accurate capacity of the renewable energy sources, which is not flexible

and it is based on different approximations.

B. Numerical method
The iterative method is assumed to be quite accurate, since it can generate multiple
configurations in the design space of the WT, PV, and battery. Then, based on hourly

climatic data, each configuration is simulated, and the dependability is first computed
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for all potential system configurations. The optimum design is selected based on the

required reliability and low cost. This approach, however, takes very long time [198].

Kellogg et al. [199,200] proposed simple iterative method to minimize only the cost
of the hybrid WT/PV/Battery system using hourly environmental data for a
hypothetical site in Montana. The optimal design is chosen based on required storage
capacity to satisfy the load demand. The authors of [157] proposed an iterative
procedure for optimal size of the WT/PV/Battery system in Kula Terengganu,
Malaysia. The loss of load probability (LLP) is used to evaluate the system’s
reliability. Then, the optimum design is determined based on lowest cost. However,
simple mathematical models were obtained for estimating the output power of the WT
and PV module. Ferrer-Marti et al. [201] proposed a mixed integer linear
programming for optimal size and location of the WT/PV/Battery system in EIl
Alumbre and Alto Peru, which are located in Spain and USA, respectively. The
objective function is to reduce the initial cost of the system. However, the reliability
assessment is ignored in this project. Yang et al. [27] presented an iterative method
for sizing of WT/PV/Battery system in China. The LPSP and levelized cost of energy
(LCE) are employed as a techno-economic criteria. The best optimal solution is chosen
based on the intersection of the two curves of LPSP and LCE values. However, the
authors stated that increasing the number of PV arrays and WTSs is better choice than
only increasing the number of batteries. Diaf et al. [202] proposed optimal sizing
numerical method for the hybrid WT/PV/Battery system to supply residential house
located in Corsica Island. The LPSP is set to be zero, while the optimal design is
chosen based on minimum LCE. In [203], an iterative procedure is presented to find

optimal size of the hybrid renewable energy system for the site Pompuhar, India. The
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reliability of the system is verified by deficiency power supply probability (DPSP),
unutilized energy probability (UEP), and relative excess power generated (REPG).
While the economic criteria are LCE and life cycle unit cost (LUC). However, the
optimal design is chosen based on the interest of designer. Giallanza et al. [204]
proposed an iterative procedure based on fuzzy logic interface system to optimal size
of the WT/PV/Battery system to provide electricity for three different areas in Sicily.
The annualized cost of system (ACS), LLP, and seasonal LLP are considered as
techno-economic objectives to be minimized. However, average monthly weather data
were obtained in this study, which may results over/under sizing. Ma et al. [205]
optimize the size of the WT/PV/Battery system using numerical method to supply
energy for the required load demand located near Shanghai in China. The LPSP is
used as a technical parameter, while NPC and simple payback time (SPB) are
considered as economic criteria. Different WT sizes were investigated in this study.
The performance results indicated that the WT with 2kW is most viable choice for the

proposed system.

C. Analytical method
The relationship in algebraic equation methods is related to the system’s size and
dependability. The performance of the WT/PV/Battery system is assessed by utilizing
several sets of feasible-sized components of the system. The optimal design is then
chosen by comparing one or more performance indicators from various
configurations’ combinations. The advantages of these methods are simple, use
sequence of mathematical equations, and do not need prolong processing time.
However, these method suffer from provide accurate equation’s coefficients of the

WT/PV/Battery system in local site [166].
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In [206], an analytical procedure for optimal design of the hybrid renewable energy
system is presented in Kandla, India, in an effort to lower the system’s overall cost.
The results are verified by the use of the analytical method and Monte Carlo simulation
(MCS). The system is verified using two technical parameters: loss of healthy
expectation (LOHE) and loss of load expectation (LOLE). The results indicated that
the proposed method needs less computational time with reasonable accuracy. The
authors of [207] proposed an analytical method to optimize the size the of the PV/wind
system in South Africa. The equations of the PV and WT variables are used to
minimize the LCE. However, the technical assessment has not been mentioned, which
makes the reliability of the system questionable. Rathore et al. [208] proposed a
probabilistic upper reservoir multi-state model (MSMug) to maintain reliability for
WT/PV/pumped storage hydro system in Kandle, India. Loss of load expected (LOLE)
and expected energy not served (EENS) criteria are used as technical indicators based
on analytical method and MCS. However, there is no economic evaluation in this
study, which may make the results questionable. Kerboua et al. [209] proposed an
analysis meteorological data and load demand to find optimal size of the
WT/PV/Battery system based on hourly 16 days in February to supply energy for the
required load demand in Algeria. Techno-economic criteria are derived, including
LPSP and LCE. The results indicated that investing in hybrid system requires a
significant increase in the quantity of the batteries storage. Inaddition to that, the LEC
analysis stated that the batteries’ cost represented 52% of the total cost, while the WT
and PV panels required 42% and 2%, respectively. Hadi et. al [31] proposed
WT/PV/Battery system for rural area in Sarawak, Malaysia, with lowering two
objectives: LPSP and LCC. On the basis of monthly average data, the probabilistic

method is used for sizing the hybrid system. Due to the fact that the Ref. [31] proposes
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a probabilistic method based on analytical assumptions, few optimal solutions are

obtained.

D. Stochastic method
In order to overcome the limitations of the previous approaches and to address the lack
of the weather data, stochastic approaches may use heuristic and metaheuristic
methods. These methods can indeed handle the nonlinear solar irradiation
intermittentness. These method fall under the category of population-based methods

that explore a search space for the best possible solutions [210].

The authors of [211] proposed a GA to find optimal size of hybrid PV/WT/battery
system using hourly weather data in Spain. The NPC is addressed as an objective
function to be minimized. However, the technical objective has not defined in this
study. Maleki et al. [212] proposed PSO based on constriction factor (PSO-CF) to find
optimal size of the WT/PV/Battery system in three typical regions in Iran. The
objective function is based on TAC as an economic criteria. However, the authors do
not consider the reliability of the system. In [213], presented grey wolf optimizer
(GWO) to optimal size of the WT/PV/Battery system. The TAC is used as an objective
function to be minimized, while considering the power balance constraint (PBC) and
LPSP as a static technical criteria. Tito et al. [214] proposed GA to find optimal size
of the hybrid renewable energy system to supply power for load demand in New
Zealand. TAC is defined as an objective function to be optimized, while addressing
LPSP at 0. The authors also investigated the influence of the socio-demographic
factors on sizing of the system. The results indicated that optimizing the system to the

customers socio-demographic factors can considerably savings the cost. In [215],
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imperial competitive algorithm based on multi-objective optimization method is
presented to optimize the size of the WT/PV/FC system for supplying energy for the
required load located in the northwest region of Iran. Based on hourly weather data
for one year, the NPC is used as an economic factor, while equivalent loss factor
(ELF), LPSP, and loss of load expectation (LOEE) are considered as reliability
parameters to be optimized. These objectives are normalized and converted to a single

objective using fuzzy logic approach.

In [216], mine blast algorithm (MBA) is implemented to find optimal design of the
WT/PV/FC system to meet the requirement of the load demand in a remote area in
Egypt. The output power of the PV module is computed using DD PV model. Based
on hourly weather condition, the total cost of the system is minimized. However, the
authors do not consider the reliability of the system. Hassan et al. [217] proposed
modified PSO (MPSO) to size optimization of the WT/PV/Battery system for
providing energy in Mansoura University, Egypt. Monthly average data were used in
this study to minimize the total investment cost (TIC) without considering the
technical perspective. In addition, simple mathematical models of the WT and PV
array, which may significantly impact of the generated power. Naderipour et al. [218]
proposed artificial electric filed algorithm (AEFA) to optimize the size of the
WT/PV/Battery system to meet required load demand using hourly weather conditions
at Ardabil region in Iran. Two types of batteries storage were carried out in this study,
which are lead-acid battery (LAB) and vanadium redox battery (VRB). The objectives
function to be optimized are energy not supplied probability (ENSO) and cost of
system lifespan (CSLS). The two objectives are normalized and converted to a single

objective function. The performance results indicated that The optimal design of the
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proposed system is cost-effective and more reliable with VRB than using LAB. Javed
et al. [219] proposed GA to optimal the size of the WT/PV/Battery system to supply
required energy in rural area located near Shanghai in China. Based on average
monthly weather conditions, the LPSP and COE are considered as techno-economic
criteria. The results showed the superiority of the GA against HOMER software in
terms of less computational time, precise results, and more flexibility. In [220], GA
based on multi-objective optimization method is proposed to find optimal size of the
WT/PV/Battery system. Based on hourly climatic conditions, the LPSP and LCE are
employed as techno-economic criteria. However, the LPSP and LCE are converted

into single-objective.

E. Hybrid method
The shortcoming of the sizing previous methods have been improved by combining
two or more separate methods. Since the WT/PV/Battery system design might be seen
as a multi-objective optimization, the hybrid technique is much better to precisely
handle the constraint objectives [164]. However the major obstacle of these methods
is complexity to design the components of the hybrid system since they rely on

intricate algorithms [221].

Maleki et al. [222] combined MCS and PSO in order to optimize the size of the
WT/PV/Battery system using hourly meteorological data to provide energy for
required load demand in Iran. MCS is used to generate stochastic demand and supply
profiles, while PSO is used to optimize the total annual cost (TAC) of the system.
However, the reliability of the system is not mentioned. In [223], proposed an

improved NSGA-I11 to find optimal design of the WT/PV/Battery system using hourly
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weather data in Iran. The INSGA-II is developed by utilizing a new diversity
maintenance method based dynamic crowding distance, simulated binary crossover
(SBX), and polynomial mutation (PM). The INSGA-II is used to optimize the
reliability index, cost of the system, and cost of the environmental. Then, fuzzy
decision-making (FDM) is applying to sort the set of PF solution from best to worst.
The authors of [224] proposed NSGA-II to find optimal design of the WT/PV/Battery
system using historical hourly data from 2000-2008 to supply load for a household in
Kent, UK. The TAC and DPSP are used as techno-economic criteria. The results
indicated that proposed method yields a higher reliability compared with MCS. The
authors of [225] proposed cuckoo search (CS) algorithm based on Pareto e-constraint
multi-objective method to find optimal design of the WT/PV/Battery system in
Algeria. The technical and economic objectives required to be minimized are grid
power absorption probability (GPAP) is considered as a technical indicator and total
cost of the system. The proposed method outperformed PSO in terms of higher

accuracy, faster convergence, and less processing time.

Ahmadi et al. [226] combined big-big crunch algorithm with PSO to discover optimal
design of the WT/PV/Battery system utilizing hourly weather data for one year to
supply electricity to a village in Qazvin, in Iran. The mutant scheme is employed for
local minima avoidance and exploring new promising area. The total present cost
(TPC) is considered as an objective function to be optimized, while the technical
indicator is based on energy not supplies (ENS) based on minimum and maximum
charge quantity of the battery storage. The results of the proposed method is compared
with PSO and discrete harmony search (DHS). Fetanat et al. [227] proposed ant colony

optimization based on integer programming (ALORr) for size optimization of the
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WT/PV/Battery system. The objective function is addressed by the minimizing the
total design cost. However, the reliability indicator is not considered in this study. In
[228] combined the binary-coded GA (BCGA) with support vector machine (SVM)
to investigate a proper power management for the WT/PV/Battery system for a typical
residential house located in Turkey. However, this study optimized only the total cost

of the system, while ignored the technical parameter.

In [229], a chaotic simulated annealing algorithm (HSA) for size optimization of the
hybrid renewable energy system for increasing the fresh water availability and to
provide load demand using hourly climatic data in Fedeshk, Iran. LPSP and LCC are
designed as techno-economic objectives to be minimized. The proposed method is
verified its superiority by comparing with CS and SA. The authors of [230] combined
chaotic search (CS), SA, harmony search (HS), and ANN algorithm to optimal size of
the WT/PV/Hydrogen system to supply electricity in Iran. LCC and LPSP are
employed as economic and technical objectives based on hourly weather data. The
performance results are compared with basic methods mentioned in the literature.
Ghorbani et al. [231] proposed a hybrid GA-PSO to size optimization of the
WT/PV/Battery system to supply energy for a house in Teheran, Iran. Based on hourly
environmental data, the total cost and LPSP are employed as techno-economic criteria.
The results of the GA-PSO are compared with HOMER software results. However,
simple PV model is utilized to predict the output power. The authors of [232] proposed
Iterative-Pareto-Fuzzy (IPF) method to find optimal size of WT/PV/Battery system to
provide energy for the location of Kula Terengganu, Malaysia. Total cost of the
system, energy index of reliability (EIR), and minimizing dump power are the

objective function to be optimized.
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Ma et al. [233] a multi-objective optimization based on natural selection PSO and
weight coefficient transform method to find optimal size of the WT/PV/battery
system. The load demand is randomly generated using probability density function.
Using hourly weather data for one year, the LPSP, loss of energy probability and LCC
are objectives function to be optimized. The penalty function and a weight function
transformation method are used to optimize the techno-economic criteria. Tahani et
al. [234] combined flower pollination algorithm (FPA) and SA (FPASA) to optimally
size of the WT/PV/Battery system using hourly weather data to supply power building
located in Tehran, Iran. Computational fluid dynamics (CFD) is presented to predict
the speed of the WT. LPSP and cumulative hybrid system savings (CHSS) are
considered techno-economic factors to be optimized. Weighted sum method is applied

to convert the two objective to single objective.

Houssem et. al [168] proposed a hybrid system for establishing a set of optimal
configurations for a limited number of dwellings in Yanbu, Saudi Arabia using multi-
objective evolutionary algorithm (MOEA/D). Loss of power supply probability
(LPSP) and the cost of electricity (COE) are obtained as objective functions to be
optimized. However, the obtained set of PF solutions is unequally distributed along
with objectives and lacks of diversity. In addition, there was no consideration of
MCDM methods, which casts doubt on the selection of the desirable optimal designs
for decision makers. In Ref. [174], a modified NSGA-I1 algorithm using reinforcement
learning method is addressed to optimize the WT/PV/hydrogen system in Gansu
province, China. LCE, LPSP, and power abandonment rate (PAR) are the criteria to
be optimized for lowering the capital costs and enhancing the reliability. The criteria

importance though correlation (CRITIC) method is then included for weighting the
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objectives, and order preference by similarity to ideal solution (TOPSIS) method is
used to choose the most optimal configuration. Sun et al. [235] presented mix of
MOPSO and TOPSIS approaches in order to develop a collection of optimum PF
solutions and to select an optimal design in Inner Mongolia, China. The pollution
emissions and COE were objectives to be reduced for the PV/WT/Battery system.
However, there is no mentioned to the technical aspect casting doubt on the

dependability of the system.

F. Software tools method
The size of the standalone WT/PV/Battery system has recently optimized by the use
of a variety of software tools. These tools have benefits of being user-friendly, able to
solve multi-objective optimization methods, and suitable for studies of feasibility,
sensitivity, and other factors [236]. However, these tools are unable to improve the

components of the system [237].

Hybrid Optimization by Genetic Algorithm (HOGA) [238], Integrated Simulation
Environment Language (INSEL) [237], Hybrid Optimization Model for Electric
Renewable (HOMER) [239], In [238], HOGA software is presented to size
optimization of the hybrid renewable energy system based hourly environmental data
for two different locations in Zaragoza Airport and Jaca. The HOGA software uses
SPEA and SPEA 2 methods, which are employed to minimize the costs and emissions,
while GA method is used to choose the best control strategy with lowest cost for each
pair of components. The objective function to be minimized are: LCE, CO,, and life
cycle emissions. However, the reliability indicator has not considered in this study.

The authors of [240] proposed a simulation based on propriety simulation optimization
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engine (OptQuest) software for optimal design of the WT/PV/Battery system for
supplying load demand in Izmir Institute of Technology Campus area, Turkey. The
LLP is obtained as a technical criteria, while the optimal design is chosen based on
different auxiliary energy unit cost. Ma et al. presented [241] a feasibility of the
WT/PV/Battery system using HOMER software to provide electricity in in remote
island. Nest present cost (NPC) and cost of energy (COE) are employed as technical
criteria, whilst the cycles-to-failure curve of the battery is used as a technical
parameter. Abbes et al. [242] proposed NSGA-II to size optimization of the
WT/PV/Battery system using Matlab/Simulink to provide energy to a residential
home. Based on half-hourly information data, LPSP, LCC, and embodied energy (EE)
are considered objectives function to be minimized, then these objectives are
converted to a single objective. However, simple mathematical models of WT and PV
array were obtained, which may significantly affect on the generated power. Khan et
al. [239] proposed optimal sizing of the WT/PV/Battery system using HOMER
software based on average hourly environmental conditions to meet the required load
demand in rural Indian area. The simulation optimization method is carried out using

techno-economic-social parameters.

The summary of optimal design methods for sizing of WT/PV/Battery system is listed

in Appendix 1.

2.8 Summary

In this chapter, more than 200 articles in the period of 2013-2022 related to the
parameters extraction of the PV model and sizing of the WT/PV/Battery system were

reviewed in this chapter. The focus in this chapter is on the developing in the parameter
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extracting optimization problem in terms improving the algorithm itself and objective
function formulations. In addition, the optimal sizing methods of the WT/PV/Battery
system have been covered. Prior analysis and studied is required for the availability of
the meteorological data and load demand for the selected site in order to determine
proper components of the WT/PV/Battery system. The technical and economic criteria
that employed to evaluate the performance of the hybrid renewable energy sources
system have been considered. The intuitive methods are rarely used to optimizing the
size of the WT/PV/Battery system, while the numerical methods are considered very
accurate and recommended to be utilized for validation of other methods. Most of the
multi-objective optimization methods are based on single-objective principle, which
produce only one solution during the optimization process. In addition to that these
methods are subjective to the weights given to each objective. Finally, most of authors
use hybrid methods owning to their ability to handle nonlinear, complex, and multi-
variable optimization problem. However, the employment of the MCDM methods are

limited on the use of the AHP, TOPSIS, VIKOR methods.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

The combination of wind turbine (WT) and photovoltaic (PV) energy systems is
considered as a very economical option to generate electrical energy especially for
remote areas owing to the complimentary nature and widely abundant, where the
utility grid is expensive. These renewable energy sources are heavily impacted by the
speed of the wind and amount of solar radiation, which are site-dependent. In addition,
the use of batteries storage allows to store the excess energy during the day and restore
it at the night. This integration can significantly reduce the total cost of the system by
reducing the amount of the batteries storage and efficiently meet the required load
demand. The nonlinearity behavior between each component of the system, and
nonuniformity between the renewable energy sources and load demand make the
selection to the optimal design more challenging and intricate. The high initial costs

and loss of load are the major drawbacks of expansions of these systems.

An accurate modeling of the PV module is necessary to accurately reflect the actual
behavior of the output. The mathematical model of the PV equivalent circuit has
several physical factors that influence directly on the performance of the PV cell.
Therefore, these parameters must be optimally extracted based on advanced
methodology which includes the developments in the algorithm and objective function
design. The optimal design based on techno-economic criteria can not only reduce the
total cost of the system and increasing the reliability, but also contribute in mitigating

the world crisis such as global warming, reducing the dependability on the traditional
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energy sources, and these resources are free and inexhaustible. In this chapter, there
are two main sections to explain the methodology of this research, as depicted in
Figure 3.1. The first section is the parameter extraction of the TD PV model’s method.
The proposed a robust adaptive Arithmetic Optimization Algorithm based on the
adaptive damping Berndt-hall-hall-Hausman (RaAOAadsHHH) approach is employed
to determine the parameters of the TD PV module under various weather conditions
of the real experimental data. The second section is optimal sizing of the
WT/PV/Battery system using improved two-achieve algorithm to construct sets of the
optimal PF solutions for two cases study: Malaysia and South Africa. The most
desirable configurations from the sets of optimal PF solutions is chosen based on
integration of BWM-PROMETHEE 11-GDM method. Finally, the proposed method is

validated based on intuitive-numerical-MOO-BWM-TOPSIS-GDM method.
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3.2 Modeling of the PV system output power

There are primarily mainly three types of PV models described in the literature: single-
diode (SD), double-diode (DD), and three-diode (TD) PV models [151]. The simplest
PV model is the single-diode, which requires only five physical parameters to define
the electrical equivalent circuit. The double-diode PV model is sophisticated and
precise than the previous one, which needed optimal estimation of seven physical
parameters. On the other hand, the third-diode PV model is more complicated and
needs an extensive computation in order to extract its nine parameters. This model is
appropriate for practical and industrial applications of the PV system, exhibiting good
accuracy at low and high solar radiation levels [243,244]. In the literature, simple
mathematical PV models were employed to predict the output power without
considering their physical factors elements that were directly influenced by the
fluctuations of the nature. Whereas, the TD PV model has not applied yet for sizing of
the hybrid standalone WT/PV/Battery system, which is considered the most realistic
and accurate model to date. The RaAOAadsHHH approach has never been utilized in
the literature and its presented to extract nine unknown parameters of the TD PV

model using actual measured experimental data.

3.21 Three-diode PV model

The analogous circuit of the TD PV model is illustrated in Figure 3.2. The TD PV
model consists of nine physical properties: a parallel current source I, in (A), diodes
ideality factor d,_5, connected in the reverse way to mirror the output voltage of the

PV cell, three diode absorption current I,,_5, in (A), a small series resistor R, in (Q),
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and a big shunt resistance R,, in (€2). Kirchhoff’s law may be used to compute the PV
cell’s output current in (A), which is denoted as follows [245]:

I = IPh - Id - Ip, (31)

where I, is the forward diode current in (A) and I, is the shunt resistor current in (A),
respectively. Therefore, the output current of the TD PV model can be described by

the following equation:

1= =t o (22) 1] frp (2) - 1] 1 o (2 - 1] -

t1 t2 t3

LR (3.2)

b
Rp

where V,, _;5 define the thermal voltage of the diodes and computed as follows:

(3.3)

where KB denotes to constant of the Boltzmann (1.38 X 10‘23]/K), T, is the cell

temperature (K), and q refers to the electron charge (1.60 x 1071°C).

¥ Iny Y

VAV v 8

Figure 3.2 : The electrical circuit for the TD PV model
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It must be highlighted that the nine parameters of the TD PV model are dependent on
operating environment and must be estimated appropriately to plot I-V and P-V curves

[246].

3.3 Proposed method for extracting the parameters of the TD PV model

In this thesis, we present a robust adaptive Arithmetic Optimization Algorithm based
on the adaptive damping Berndt-hall-hall-Hausman (RaAOAadsHHH) approach to

efficacity determine the parameters of the three diode PV model.

331 Arithmetic optimization algorithm (AOA)

The AOA is developed to determine the parameters of the TD PV model [247].
Algebra, geometry, and analysis are the main inspiration of the numerical theory and
the essential aspects of the modern mathematics. The four arithmetic operators:
(Division “/”, Multiplication ”x”, Subtraction ”—", and Addition ”+”") are employed
to represent the exploration and exploitation phases [247]. The following outlines the

procedure and modalities of the AOA:

A. Initialization
At first, a random collection of solutions is generated (X). The most optimum solution
is kept, along with its position, for the next step.

X ¥ XL + Tand(XU - XL), (3.4)

where rand is a randomly number between [0,1], X, and X, define problem’s the
upper and lower boundaries. The AOA selects the exploration and exploitation stages

using Math Optimizer Accelerated (MOA) function as follows:
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MOA(C;) = Min + C; X (M“""”””),

(3.5)

i

where MOA(C;) is the function’s value in the current iteration. Max and Min are
minimum and maximum values of the MOA function. The changeover between the
exploration and exploitation strategies is handled according to the random value of r;

and MOA function value.

B. Exploration stage
The Division (D) and Multiplication (M) operators are responsible on the exploratory
process, with D executing when the r, > 0.5, M acting otherwise. The AOA traverses
the search space randomly between the lower and upper variables, as modelled in the

following equation:

best(xj) + (MOP + €) X ((Uj - Lj) XU+ Lj) r, > 0.5

x,;(C+1) = : (3.6)

best(xj) X MOP X ((Uj - Lj) XU+ Lj) otherwise

where best(xj) is the most optimum solution, r, is randomly selected value, € is a
small value, U; and L; are the lower and upper bounds of the j th position, and MOP

is Math Optimizer Probability coefficient and it is expressed as follows:

Cil/oc
Mil/oc!

MOP(C) =1-— (3.7)

where o is a critical parameter set to 5 and determine the exploration accuracy across

iterations.
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C. Exploitation stage
In this step, the Subtraction (S) and Addition (A) operators are utilized to search
propensity. The S and A operators are constrained by the random r; value to conduct

in-depth search in various dense locations and to produce high-quality solutions.

best(x;) — MOP x ((U; — L;) x  + L;) 3> 0.5

x,;(C+1) = : (3.8)

best(x;) + MOP x ((Uj —L)xu+ Lj) otherwise

The original AOA has several limitations such as:

e Its exploration and exploitation phases are not mature, it can easily trap in

local minima.

e The D and M operators are highly scattering, presence a large number of
improper random solutions in the feature space during the optimization

process.

e  The population’s updating structure is strongly depend on the lower and
upper limits, convergence to nonlinear and multivariable optimization

problems is challenging.

e  There is no effective mechanism to obtain high-quality solutions. Therefore,

being trapped in suboptimal solutions is much easily.

3.3.2 The proposed robust adaptive AOA procedure

The classical AOA has a number of shortcomings, such as premature convergence and
stagnation in local minima, which are exacerbated when employed to solve the
multivariable and high-dimensional optimization problems. From this vantage view,
the proposed developments try to overcome the previous restrictions, beginning with
newly modified control parameters and modified explorer-exploiter mechanisms and

ending with the lunch of innovative strategies to ensure a high capability of
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discovering new regions with globally convergence. The following details the

subsequent developments:

»  An adaptive explorer-exploiter mechanism

Opposition based learning is considered one of the most promising techniques for
effectively discovering unknown areas in the search space [248]. This technique may
be further refined by drawing inspiration from levy flight (RL) motion. The improved
OBL (IOBL) is able of escaping from non-optimal areas by concurrently searching
both randomly directions and its opposites. The IOBL is employed to explore the first
half of population, whereas the teaching learning (TL) mechanism is proposed for the
rest iterations. Hence, the TL technique is successful at exploitation by learning from
other neighbourhood particles [249]. The adaptive explorer-exploiter mechanism is
expressed as follows:

xnew; + RL; X (rand X (A + B) — xnew;) i>N/2
xnew; + MOP X (best(x) — rand - (X;eqn) ) Otherwise’

(3.9)

xnew*®V = {

where xnew]**” € [A,B];j = 1,2,...,D

where RL; is the LF mechanism, A and B are the iteration’s lowest and maximum

values, and X,,,.4» IS mean of the X matrix.

» Improved exploration stage
The original AOA’s four operators are highly reliant on the design variables bounds,
which may converge prematurely to non-optimality areas. It should be noted that the
optimization problem of the PV model requires large step sizes for solution movement

in the feature space. To alleviate the weaknesses and deficiencies of searching based
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on only upper and lower bounds, the Covariance Matrix based Migration (CMM)
strategy is integrated with D and M arithmetic operators. The CMM’s fundamental
component is the rotation of the original coordinate solutions into eigenvector-based
solutions, which enables efficient information sharing between the particles. The

mathematical model for the CMM is as follows [250]:

N Ci _—Ci)( Ci _—Ci)
Zk=1(xnewi'k xnewi xnewk'j xnew’].

CMMi’j =

i , (3.10)
where ¥mew, ' = Y.N_, xnew, . / N refers to the variables in the current iteration. The

covariance matrix is stated as follows:

CMM;; = [CMMi,j]DxD, (3.11)

where D is the problem’s dimension. The eigenvector is computed by factoring the

covariance into its canonical formulas, as shown in [250]:

CMMi,j = anewanergneW! (3-12)

where Q,new 1S the D X D matrix containing the eigenvector, A,,.,, IS the diagonal
matrix. Following eigenvector decomposition, the coordinate solutions are rotated into
eigenvector-based solutions. The migration is then performed and structure is rotated

back to its original shape as follows [250]:

CMM,; = eigxnew, " X Qlyen, (3.13)

where the rotating habitant is denoted by eigxnewf,i. Each iteration in the exploration
step is tuned by only D and M factors, along with upper and lower boundaries,

resulting very poor convergence. These D and M operations always conduct
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indisputable solutions that are beyond the search space. The results of loss several
rounds without increasing the exploration inclination, hence limiting the population
diversity. To address these shortcoming, the D and M operators have been revised to
include a complement rule that enabling broader exploration while preventing
diversity loss throughout the optimization process [251]. Additionally, the new
strategy is not dependent on the bounds variable of the optimization problem, which
may substantially aid in avoiding convergence difficulties. The newly singed D and
M operators are as follows:

xnew®V =

best(x) — (—1) - MOP x (RLi x ((CMM; — xnew,) + rand - (xnew; — xnew3))) r, > 0.5
best(x) — MOP x (RLi X ((CMM; — xnew,) + rand - (xnew; — xnew3))) otherwise

(3.14)

» Improved exploitation stage
In the exploitation stage, three distinct vectors are picked up from the current iteration
in order to enrich the diversity of population while maintaining high-quality solutions.
Therefore, the MOP and LF techniques are included to prevent stagnation in the
locality. As a consequence, a more robust explorer-exploiter tactic is involved for the

four arithmetic operators, as written:

xnew[®" =

{best(x) +(—1)-MOP x (RL,- X ((xnew; — xnews) + rand - (xnew, — xnewi))) 3 >0.5

best(x) + MOP X (RLi X ((xnew1 — xnews) + rand - (xnew; — xnewi))) otherwise

(3.15)

In this upgraded algorithm, the exploration is carried out by the complement D and S

operators as a result of their moves into new optimal regions. Whereas, the
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complement M and A operators perform the exploitation stage as a result of their
motions to near-optimal and best-optimum positions discovered so far, as
demonstrated in Figure 3.3. The iteration is classified to promote the diversity in the
first half of iterations using the CMM mechanism, while increasing the capacity to

explore in small regions surrounding the most optimum solution.

R2>05

Exploration stage

‘ Optimum area
. Complementﬁ

. Subtraction §

O Complement.‘?

@ aaaition 1

4= Movement

Figure 3.3 : Mathematical model of RaAOA operators to optimal regions

»  Winner-based mutant schemes
Two schemes: DE/current/1 and DE/best/2 are proposed in this study based on the
minimum cost function. In the current iteration, the winning mutation strategy is
selected. In the other sense, the proposed RaAOAadsHHH pProcesses in two directions,
simultaneously using the advantages of the local and global searches [252,253]. If
none of these strategies produces a winner, the best-optimal fitness and its position

will be placed in the current iteration, as expressed by,
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x;(C; + 1) = xnew; — rand X (xnew; — xnew,), (3.16)
x;(C; + 1) = best(x) — L X (B + (xnew, — xnewz)), (3.17)
The main aims of proposing the RaAOAadsHHH Model is overcome the shortcoming

in the original AOA. The flowchart of the proposed RaAOAAadsHHH IS illustrated in

Figure 3.4.

| Define PV specifications, Ie, Ve, C iter, M_iter, MOP, aipha and size (X) |

y
I Initialize Population Eq. (3.4) I
y

| Compute objective function based on AdBHHH method Eq. (3.18) I

Fe
| For eachviteration H Return stolnﬁm—

——

| Compute TLEq. (3.9) Compute IOBL Eq. (39) |

if

4 C iter < M iter/?2 o
No ).QS‘NO
| 1 l

Applying D Applying § Applying M Applying A4
operator Eq. (3.14)] |operator Eq. (3.14) operator eq. (3.15) operator eq. (3.15)

I I | !

lmpute objective function based on AdBHHH method Eq. (3.18) I

| DE/current] Bq. (3.16)|

| DEmest2Rq. (3.17) |

Compute objective function based on AdBHHH method Eq. (3.18) |

Y
| Update the population | o[ C iter=C itert1

Figure 3.4 : Flowchart of the proposed RaAOAadsHHH approach
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This benefits of the proposed improvements can be highlights as follows:

e The balancing between the exploration and exploitation tendencies are
achieved by addressing the powerful IOBL mechanism at first-half of
iterations, while TL is considered in the second one.

e  Promoting a new and successful explorer tactic for ensuring the local minima
avoidance. The CMM and complements of the D operators are presented.

The LF strategies can significantly enhance the diversity of the population.

e  The complement M operator along with three distinct-mutant vectors are
applied in the exploitation stage. The high-quality of solutions is included for

the rest of optimization process.

e  The winner-principle is defined by including the best fitness function found
so far. If there is no winner from Equations (3.15) and (3.16), the best optimal
solution and its location will be obtained in the current iteration. This process
can affectively assist the decision-maker to choose most optimum solution in

the search space.

e  The novel objective function formulation is proposed based on AdBHHH
method in order not only to reduce the oscillations and noise effects, but also
half-space distance in the search space will be chosen to provide very

precisely initial root solutions.

e  The nonlinearity and intermittent of the nature are handled by employing
adaptive damping control parameter of the LM’s method. This formulae

assists to minimize the error between the experimental data points to zero.

3.3.3 The novel Berndt-Hall-Hall-Hausman based on adaptive damping
parameter (AdBHHH) method

The BHHH is one of the numerical methods and similar to the NR method, but it uses
only the first derivative order to efficiently solve the nonlinear equations, restricting

its model to small mathematical steps. The BHHH method computes minimum
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distance estimator rather than maximum likelihood, which it selects the half-space as
a direction at each iteration. If the process moves intentionally toward critical point
(local maximum), several initial root variables are chosen to figure out the actual shape
of the objective function carefully until the global maximum is located. The

mathematical model of the BHHH can be represented as follows [254]:

Bisr = Bi = 4 22 (B, (3.18)

top

where B; is the parameter estimate at current iteration and A; is calculated within a

current iteration as follows:

A= [Z 22 (g 2 gy ] (319)

The main advantages of the ADBHHH are: it requires only first-order derivative. Also,
it computes the variance-covariance matrix (A;) from the previous iteration, which the
initial solutions are provided by RaAOA algorithm. The convergence of the (4;)
matrix is depicted in Figure 3.5. The adaptive nonlinear damping parameter (cc;) of
Eqg. (7) enables the search direction to global region. The RMSE is calculated as

follows:
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Performance of the TD PV model
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Figure 3.5 : Performance of the variance-covariance matrix (4;) at (a) first
iteration, (b) 500 iteration, and (c) 950 iteration for the TD PV model

1
RMSE = \/EZ?’ﬂP(Ie — I,)?, (3.20)

where N is the total number of the I-V characteristic data curve, I, and I, signify the

experimental and proposed currents with considering the experimental length of

voltage V, for the PV model, respectively.

3.4 Output current and voltage of the TD PV model using datasheet
information

The experimental data for the Yingli PV module are not readily available in this study.
The manufacturer typically provides information for open-circuit (1,.), short-circuit
(Isc), and maximum power point (/,,,,,,,) at standard test conditions (STC) [39]. To
solve this dilemma, the parameters of the TD Yingli PV module are extracted by using
the methodology of the GCAOA to minimize the errors at the three main points. The

following equation of the TD PV model based on Yingli module at MPP is used to
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forecast the output current and voltage for the given solar radiation and ambient

temperature at any location [255]:

I qdq vK) I qd2
I(k) frd ISC . A(k) f— q+dcl . [enCKBTC(k) . eVoc f— 1 —_— +§2 . [enCKBTC(k) .
ocKBT (k) ecKBT (k)
40) ads v
eVoc — 1| — +§3. [encKBTC(k) - eVoc — 1] _ VU +seRs (3.21)
ecKBT (k) Ry

where A is the variation of the solar radiation, T, =273+T , T is the ambient

temperature, V is determined by the following:

V=Yg + Ve In () + - (T = T;), (3.22)

where A, and T, are the reference values for solar radiation and ambient temperature,

respectively. S is the open-circuit coefficient (V/K). The authors of [255] ignored the

V(k)+IscRs

effects of in Equation (3.21), resulting in erroneous current and voltage

D

outputs predictions.

35 Wind turbine model

Wind is a renewable energy source that is accessible for free. WT generator converts
the wind speed to electricity. In this research, a small-scale WT generator with 800 W
is considered for the design of the WT/PV/Battery system due to its low start-up wind
speed, where the WT generator can operate efficiently. Since wind speed varies with
height, it is necessary to position the WT at a specified hub height. The following

formula is used to determine the wind speed at a 20-meter height [256]:

2 (12) (3.23)

vl h1l
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where v2 denotes the WT’s speed at the hub height (h2) and v, refers to the WT’s
speed at reference height (h2). « is the friction coefficient parameter (Hellmann
exponent), which is typically between 0.14 and 0.25 [257,258]. The WT generator’s

output power may be computed as follows:

0 V<V V> Vg,
P V&
wr ={v? (W> _pr (@) Ve <V <Vr, (3.24)
Pr Vr <V <V,

where 1 refers to the current wind speed, V; and V., are the cut-in and cut-out wind
speeds, respectively. Pr and Vr are the rated power and nominal wind speed. Table

3.1. contains the specification for the WT generator.

Table 3.1 : WT’s specifications [1]

Parameter Characteristic
Model SS-800
Rated power 800 W
wheel diameter 1.3m
Start-up wind speed 1.3 mf/s
Rated wind speed 13 m/s
Survival wind speed 50 m/s
Number of blades 6
Blades length 580 mm
Design life 20 years
3.6 Battery mathematical model

Due to its acceptable degree of reliability, efficiency, and cheaper cost than other types
[259,260], the lead-acid battery is chosen for the proposed system [4]. Whenever the

electrical power supplied by the renewable power sources: PV panels (Ppy ,,)) and WT
generator (Pyr(y)), is inadequate to meet the required power demands, the storage

battery will be utilized, where its capacity is calculated as follows:
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Chate = o e (3.25)

DoD*Npg*niny’

where E; is the average daily amount of energy needed, DoD refers to the depth of the
discharge, 1,4 indicates the battery efficiency equal to 85%; ninv denotes to the
inverter efficiency equal to 95%, A, is the number of the autonomy (usually 3 days),
and Cp4;: 1S the battery’s nominal capacity. The battery’s charging, discharging, and
state of charge (SOC ) status are represented as follows :

For charging:

Epatt iy = S0C(n-1) + [(PWT(n) + PPV(n)) E PL(n)] X Npat (3.26)

For discharging:

Epatt gy = SOCtn-1) + [Priny = (Pwrcmy + Pevimy)] X bt (3.27)
For the SOC status:
SOCmin Ebatt < SOCmin
SOCeny = {Epatt SO0Cmin < Epger <SOCrpx, (3.28)
SOCmax Ebatt > SOCmax

For the minimum SOC value:

Epin = SOCpax X (1 — DoD), (3.29)

where Ep 1t ) refers to the battery’s current capacity and P,y denotes to the energy

demand. The terms SOC,,;, and SOC,,,, represent, respectively, the lowest and

highest battery’s capacities.
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3.7 Charge controller

The battery power supplied to the load requirement through the charge controller and
inverter can be expressed as follows [159,160]:

P, = Epqte X nbatt X ninv X nch, (3.30)

where nch is the efficiency of the charge controller, which is 99 %. The charge
controller is used to protect the battery from overcharged, hence increasing its
efficiency and longevity. This charge controller is chosen to regulate the voltages
differences between the produced power from inverter and the battery voltage. The

specifications of the charger controller is given in Table 3.2.

Table 3.2 : Specification of the charger controller [2]

Parameter Characteristic
Model MPP 250/100-Tr VE.Can
Battery voltage 12/24/48 V
Rated charge current 70/85/100 A
Max. efficiency 99%
3.8 Bidirectional inverter

To save costs and simplify the optimization process, the use of converters is omitted.
The PV generates DC current and WT generates AC power, the bidirectional inverter
converts the DC electricity to AC power to satisfy the required load profile, while
converting the AC power to DC power to charge the battery. This bidirectional inverter
has various features, including DC/AC power, input/output protection, internal over
temperature, and battery over temperature. The inverter/charger’s specifications are
given in Table 3.3. The amount of energy supplied to the load is expressed as follows
[258]:
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P, = (Epaee + Pwr + Ppy) X ninv, (3.31)

Table 3.3 : Specifications of the bidirectional inverter [3]

Parameter Characteristic
Model SL-3000
Inverter mode Input voltage range 9~17Vv DC
Max. DC input current 400 ADC
AC output power 3000 VA
Max. efficiency > 90%
Output voltage 12V AC
Charger mode AC input voltage 120V AC
AC input current 5~50 A
AC nominal current 18 A
Charger efficiency 85%
Charging current range 0~125 A
3.9 Data collection and techno-economic assessments

Two hourly climatological collected data for a one year period in South Africa and
Malaysia are investigated in this research. The effectiveness and potency of the
suggested approaches for optimal sizing of the PV/WT/Battery system are examined
via two different case studies.
e Load profile

This study produces a constant load requirement for 24 hours then duplicated for an
entire year in a distant Malaysian area. In order to power the client appliances such as
lamps, TVs, fans, laptops and refrigerator, this load may only use up to 5 KW of

electricity [261].

e  Malaysia
The Subang climatic center in Malaysia, which is situated at longitude of a 101.6° east
and latitude of 3.12° north, was responsible for the data collection in Kang Valley.

The solar radiation transmitter has a high-stability PV sensor with a +/-1 %, type
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WE300. The PV array’s surface has a detector temperature precision of 0.25 °C. The
WE700 type air thermometer has an accuracy of +/-0.1°C across an ambient
temperature of +/-50 °C. The electrical transducer model of the CTH-50 type,

including an output range 4-20 mA and an input range of 0-50 A DC [262].

e  South Africa
Every hour, time-stamped data were collected at neighboring station in Johannesburg,
South Africa, at -26.2° latitude north and -28° west longitude using the HOMER™

and RETScreen software, from a neighboring [263,264].

In order to improve the dependability, lower system costs overall, and use less energy,
three competing factors were considered for the freestanding PVV/WT/Battery system
[265]. The problem formulation of the three conflicting objectives is given is as
follows:

Min F(X) = {LLP, LCC, Pgymp}, (3.32)

X = (WT,Ns, NP'BS)

where X represents the vector of the decision variables: WT, Ng, Np, and B that must

be optimized by improved bi-archive algorithm.

e Loss of load probability
The LLP define as the percentage of the annual load demand power to the total

electricity shortfalls across a time period as follows:

8759 7, i i
_ Y8739 deficit energy: (3.33)

~ y'8759 J
Y23’ demand energy;

LLP
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e  Dumped power
One of the key constraints in building an off-grid PV/WT/Battery system is surplus
energy. As a result, the second technical objective is to decrease lost energy via
resistive loads while simultaneously boosting system dependability. The following

model is obtained to compute the dumped power:

p _ {252?760 Pyr(t) + Ppy(t) — P, (t) if Pyr(t) + Ppy(t) > Pu(t)
dump — )

otherwise 0

(3.34)

e  Life cycle cost
The second objective is Life Cycle Cost (LCC), which is applied for computing the
overall expense of the power produced by the freestanding PV/WT/Battery system for
a specific amount of time. The initial outlay (I.), operation and maintenance (OM,),
and the replacement cost (R.) make up the LCC, which is computed as follows
[224,232]:

LCC($) = I, + OM, + R,, (3.35)

The initial investment of the independent PVV/WT/Battery system, in addition to the
cost of cabling, construction, and civil work, are included, which are presented as
follows:

I. ($) = Upy X Cpy + Uyr X Cyr + U X Cp + Upny X Ciyp + Ucp, X Cepp + Co,

(3.36)

where Uy and Cy are the unit cost and capacity of the battery bank, Uy, and Cy, are
the unit cost and capacity of the wind turbine, Up, and Cpy are the unit cost and

capacity of the PV array, U,,, and C;,,, are the unit cost and capacity of the bi-
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directional inverter, U, and C., are the unit cost and capacity of the charge controller,
and C. indicates the civil work and outlay cost which is considered to be 6000 $
[224,266]. Additionally, the cost of operation and maintenance is calculated
throughout the system lifespan (LT). The following formulas are utilized in the OM,

to determine the inflation rate (f,.) and interest rate (I,.) [265]:

1+f, [ LT)
om,(§) = { OMre ™ () (1 P for fr # 1. (3.37)
OMs. X LT for f,. =1,

where OM; . represents first-year operating and maintenance expenses. The following

is the calculation of the replacement cost:

1+1,

Re (§) = U, X ( o [ﬁ](;F_)> (3.38)

where U, is the is the element’s initial purchase price. N is the total number of times
an unit will need to be changed over the course of the system’s life [267]. The financial

statistics for the WT/PV/Battery system is given in Table 3.4.

Table 3.4 : Financial statistics for the WT/PV/Battery system [4]

Component Unit cost ($) LF oM R Ing Ir,
WT 0.33345 20 0.02 0 0.04 0.08
PV 0.91836 25 0.01 0

Battery 0.12544 2 0.03 0.042

Inverter 0.45833 20 0 0

Charge controller 0.84798 10 0 1
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3.10 The proposed methodology sizing for the WT/PV/Battery system

This section is divided into three phases: the energy power flow management of the
proposed freestanding PV/WT/Battery system is given in phase 1. Phase 2 includes
the improved bi-archive algorithm to construct two sets of PF solutions while
optimizing the three conflicting objectives. Phase 3 presents the selection of the most

desirable design using hybrid MCDM method for both case studies.

3.10.1  Energy management procedure of the proposed WT/PV/Battery
system

The energy-management is set up to satisfy the necessary load requirements while
considering the dynamic energy flow of all the system components. The simulation
firstly starts checking the state of conducted energy by the WT generators, PV

modules, and SOC of the battery. There are three possible status for the net energy

(Enet):

e  Scenario 1: if the E,,,; is equal to O, the PV models (Ep,) and wind turbines
(Eywr) completely satisfy the needed load demand (E;,,4), eliminating the

requirement for the battery storage. There is either surplus or deficit energy.

e  Scenario 2: the Epy and Ey,; provide the Ej, .4, if the E,,,; is higher than 0.
Any excess energy will be used to recharge the battery bank if the SOC is

below than SOC,, 4y, otherwise, it will be kept as Pyymp-

e  Scenario 3: if the E,,,; is less than 0, the system will check the SOC whether
it is larger than SOC,,;,,, if it is yes, the Ep;, and Ey,+ will provide the Ej, .4
with the help of the battery bank. Meanwhile, if the SOC is less than SOC,;,,
the system falls to provide the needed energy to the load demand. Each cycle
routinely computes the LLP, LCC, and Paump Objectives. The proposed
PV/WT/Battery system’s operational flowchart process is shown in Figure
3.6.
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Figure 3.6 : Energy management of the hybrid PV/WT/Battery system

Obtain battery
soc

The energy management of the PV/WT/Battery system is essential to address the

power flow during the optimization process.

3.10.2  The improved bi-archive algorithm

Maintaining the multi-objective optimization methods poses challenges in terms of

convergence, diversity, and efficiency in developing a collection set of PF solutions.
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Most MOO method attempt to enhance the diversity and convergence concurrently,
resulting unsatisfactory optimal PF solutions in the large objectives optimization
problem. Therefore, the core idea of the bi-archive algorithm is to focus on
convergence and diversity separately. The bi-archive algorithm employs two archives
during the optimization process named as: Convergence archive (CA) and diversity
archive (DA) [268]. Despite the fact that the idea is attractive, the original bi-archive
algorithm has limited performance in large scale optimization problems such as: the
CA does not include diversity maintenance during the convergence process, where the
CA and DA cannot be updated when they are full. Therefore, the improved two archive
algorithm is presented to overcome the restrictions of the original one by assigning
two different selection concepts: Indicator-based and Pareto-based to the archive [24].

Moreover, the diversity into the archive is increased by addressing the L,,-norm-based

(p < 1) scheme. The description of the CA and DA are given in the following

subsection [24].

A. Convergence archive
The primary principle selection of the CA is based on indicator I, in Indicator-based
evolutionary algorithm (IBEA) [269], which computes the minimal distance required
for one solution to dominate another one in the objective feature. The following is the
mathematical model of the I, [24]:
I (xq,x5) = ming(fi(x) — e < fi(xy), 1 <i <m), (3.39)

F(x,) = ZxZEP\{xl} —e~'e+(x4,%,)/0.05, (3.40)

where m is the number of objectives. The Equation (3.39) is the measure of the I, if

x, is omitted from the population. To update the CA, the offspring are firstly included
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in the CA, then the two archive algorithms eliminate the extra solution depending on
their fitness. The solution with the smallest I, is discarded from the archive, and the
I, values of the remaining solutions in the CA are updated for in each iteration

according to the predetermined number of solutions in the archive.

B. Diversity archive
It is challenging with MOO methods to maintain the diversity of solutions distributed
over the whole high-dimensional design space in order to handle all conceivable
information in the PF. The diversity mechanism of the two archive is performed by
firstly selecting the minimum and maximum solutions of each objective. Then,
additional different solutions are chosen and incorporated to the DA. As a result, the

improved two archive algorithm employs the L,-norm based (p < 1) scheme, where

p = 1/m. Both CA and DA are updated independently in each iteration. The final set

of PF solutions are included in DA because the diversity of the CA is limited [24].

3.10.3  Hybridization of the MCDM methods

A decision-maker is essential to determine the independent PV/WT/Battery system’s
optimal design based on different techno-economic perspectives. The decision-maker
gives the ability to rank these optimal solutions in accordance with the opinions of the
three experts. The three objectives are weighted by BWM, while the PROMETHEE
Il is obtained for ranking these solutions. Finally, the GDM concept is applied to select
the most ideal design and the analysis its performance and feasibility for the case

studies, leading to a final and more reliable solution.
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3.10.3.1 The BWM method

Rezaei et al. first proposed BWM, which is a comparison-based technique that uses
two vectors of pairwise comparisons for weighting the objectives, in 2015 [193]. The
first vector pits the best (highest important) criteria against the rest, and the worst
(lowest important) criteria against the rest [270]. In contrast to the AHP technique,
which needs n(n — 1) / 2 paired comparisons to weight the criteria, the BMW gives a
high degree of stability and only needs for only 2n — 3 pairwise comparisons. As a
consequence, the BWM can provide more trustworthy outcomes since each
objective’s priority is determined by view of experts. The following is a description
of the BMW’s steps:

e  Deciding on a set of criteria for making decisions (Cy, C,, ..., C).
e  The decision-maker identifying the best criteria and worst criteria.

e  The numbers between 1 to 9 are used to rank the importance of the best
criteria in relation to others. The following expression explains the vector of

the best criteria to others:

Ap = (agy, agy, ..., agy), Where ag, refers to the importance of the best criteria B over
criteria Gj,j = 1,2, ..., m.

e  Resolving the preceding model to determine the optimal weight for each

criteria:
. Wg w;
min max {( W, ag;|, |W_M], - aWj|>, (3.41)
S.t.
Wg % .
|7j—a3,- <& forallj

w;
J * .
|WW aW]| &, forall j
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W; = 0, forall j.

where £ denotes to the consistency ratio, the more closely zero value of £*, the more

consistently judgement is made, as shown by the following:

consistency Ratioz% , (3.42)

where the CI stands for consistency index and is given in Table 3.5.

Table 3.5 : Values for the consistency index CI

Apw 1 2 3 4 5 6 7 8 9
Consistency index (max ¢) 0.00 044 100 163 230 300 373 447 523

3.10.3.2 The PROMETHEE Il method

The PROMETHEE method, which includes PROMETHEE I and I, is well-known
outranking MCDM model that was firstly developed by Brans [271], The
PROMETHEE I can be applied for partial ranking, but the PROMETHEE Il may be
utilized for a complete ranking of coordinate alternatives. Due to their ease-of-use,
simplicity, and stability, they have been implemented in a wide range of applications.
The steps of the PROMETHEE 1l method are given as follows [272]:

e  Define the decision maker matrix as well as criterion j, alternative m, and the

weights for each objective.

e The type of the preference function to be employed. Here, the regular
preference function is optimally chosen after several attempts to achieve

better stability.

e  Calculate the preference function of each criterion for each alternatives’ pair,

as follow:
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PGy xe) = Py (106 — () ) = P8y, (343)

where P; is the preference function, u;(x;) — u;(x,) correspond to the objective value

j for the alternatives x; and x,. The §;, refers to the difference in performance of the
alternatives considering the criteria j, and its equation is given below:

6 = w;(x0) —w;(xe), (3.44)

Calculate the preference index &;, by comparing the alternatives, where the sum of P;

in which x; is preferable to x;. Then, the sum is weighted as presented by the

following:

_ 2jwjP;(8ir)
Ljwj

Oit : (3.45)

The positive (¢*) and negative (¢ ™) are calculated for each alternative, where ¢ +
denotes to how the x; alternative surpasses others, while ¢~ refers to how the x;

alternative is surpassed by others, as shown below:
1
o =52 8ulxi — ),

o7 =% 6 (wy — x¢), (3.46)

e  Compute the overall net flow for each alternative, as follows:

Q;=9f —¢f (3.47)

The largest ¢; is the most dominated alternative to others.
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3.10.3.3 GDM technique

It is difficult to exclude or depend just on one expert. Therefore, the GDM makes a
decision from a list of alternatives by compiling final decisions that are not specific to
one expert and considering the knowledge and judgement of all experts [273]. The
PROMETHEE 11 algorithm is extended to a group aggregation scenario, where it
depends on the three experts’ differing viewpoints. To lessen the differences in the

final weights assigned to each expert, the arithmetic mean is addressed [274,275].

3.11 The numerical method for validation of proposed sizing method

The WT/PV/Battery system is designed optimally utilizing intuitive-numerical-MOO-
BWM-TOPSIS methods for validation of the improved two archive-BWM-

PROMETHEE 11-GDM method.

3.11.1 Intuitive method

To reduce the very long computational time and processing of the numerical method,
the intuitive method is employed. The intuitive can be successfully applied to estimate
the initial ranges of the search space for the WT/PV/Battery system. Therefore, the
numbers of the WT generators, PV modules, and storage batteries are computed

intuitively as follows:

Pyr &= %Air density r2nV3, (3.48)

where r is wind turbine rotor radius and air density s around 1.23 Kg/m? [276]. The

number of the PV modules is computed as follows:

Ep
3 SF1
PSH*ninvsnbatt*A

Npy = (3.49)
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where PSH is the peak sunshine hours, Sy is the design safety factor, and A is the area
of the PV array. The capacity of the storage battery is computed according the
Equation (3.25). Moreover, the number of the storage batteries in series and parallel

may be determined as follows:

Vbus Cpart
Nepase = 24 and Nppgpp = —288— 3.50
Sbatt Vbatt batt Cbatt‘Wh, ( )

where Vs and V,,;; are the voltages of the bus system and battery, respectively.

Cpart» Wh is the days of autonomy and Wh is the capacity of the battery.

3.11.2 Numerical method

The optimization process of the numerical method is boosted by roughly determining
the ranges of the search space of the proposed system. The numerical method starts by
iterating each variable (WT, Ns, Np, Batt), from minimum to maximum based on
defined ranges. To compute the output energy from renewable energy sources, the
energy management system is configured to satisfy the required load demand with a
high degree of reliability and at the lowest possible total cost. After specifying each
component of the WT/PV/Battery system, the simulation checks the state of conducted
energy by using the WT and PV models. The net energy (E,,.;) may take one of three
forms:

e Case 1:if the E,,; equals 0, the load demand (E},,4) is fully met by the wind
turbines (Ey,r) and PV models (Ep,), without requirement for a storage

battery. The surplus and deficit energy are zero.

e  Case 2: if the E,,,; is greater than 0, the E,,+ and Epy provide the Ej 4. If
the state of charge is less than SOC,,,,, any surplus energy will be utilized

for charging the battery; otherwise, it is stored as dump energy.
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Case 3: if the E,; is less than O, the E\,+ and Epy, provide the E; .4 With
storage battery after ensuring that the SOC is more than SOC,,,;,,. If the SOC
is less than SOC,,;,,, the system cannot supply the required load profile with
the energy available, and the deficit energy is stored. The LLP, LCC, and
Pdump Objectives are regularly computed at each iteration. The management
flowchart procedure for the proposed WT/PV/Battery system is depicted in
Figure 3.7.
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Figure 3.7 : Energy management of the hybrid numerical method for the
WT/PV/Battery system
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3.11.3 MOO

In this study, a multi-objective based on non-dominated Pareto Front concept is used
to maintain the three objectives required to be optimally minimized. The numerical
method can accurately discover all possible solutions in the search space. The number
of configurations that resulted by the numerical method is very large which is 315337
configurations. Therefore, it is essential to choose the most optimum configurations
by constructing set of optimal PF solutions. This concept is derived from the study of
Coello Coello et. al [277]. The implementation steps of the proposed multi-objective
optimization method are presented as follow:

e  Atfirst, we have divided the huge number of configurations into eight groups
and each group has approximately 40000 configurations to be processed by

multi-objective optimization method.

e The initialization of population is performed by including resulted groups of

the numerical methods with their objectives individually.

e A dominated concept is introduced for the three objective functions: LLP,

LCC, and Pqump, as given below:

Rule: X; (solution 1) is dominated over X, (solution 2) if: 1;
fi (X;) < fi (X,) for the three objectives from 1 to i; 2. f; (X;) < f; (X;) for at least
one of the three objectives from 1 to i.

e The non-dominated solutions are separated and stored in the archive

(repository).

. When the number of solutions in the achieve are exceeded, the most crowded

and dominated solutions are removed.
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This process will continue until examined all possible solutions of all eight groups.
Then, the eight sets of optimal PF solutions will be obtained to select the most

optimum configuration by using MCDM methods.

3.11.4 TOPSIS method

The TOPSIS method is a MCDM method which as firstly developed by Hwang and
Yoon and has been successfully applied in tackle various applications [278,279]. The
main concept of this method is that the best alternative must have the shortest distance
from the positive-ideal solution (v;) simultaneously and the farthest distance from the
negative-ideal solutions (v;”). Therefore, the positive-ideal solution maximizes the
benefit and minimizes the cost criteria, whilst the negative-ideal solution has reverse

process. The steps of the TOPSIS method is expressed as follows:

e Normalize the decision matrix (F = [£;] ) The normalized decision

nxm
matrix is defined as H = [hif]nxm' and the normalized criterion value h;;

may be computed as follows:

h = —JU

ij = T
1’27;1(]%]')2

e The weighted matrix (W;) by BWM method is normalized V = [Vif]nxm and

ywherei =1,2,...,mj =12,...,m. (3.51)

can be expressed as follows:

Vij = Wihy; (3.52)

e  The positive-ideal and negative-ideal solutions are then computed by the

following equations:

. . maxvy;| . minv;;
A*={v1,...,vn}={( ; ”|l€ﬂb),( Y
i

i€q.)}, (353)
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A =i, .., v} = {(mi?v”|i € Qb),(mafv”li € QC)}, (3.54)

wherei =1,2,..,n;j = 1,2,...,m.

e  Compute the Euclidean distance from the ideal-positive and ideal-negative

solutions. The Euclidean distance is determined as follows:

B = \/zz;l(vi,- - )" where j = 12,...,m, (3:55)

B = \[Z?=1(vu —v;)", wherej = 1,2, ..,m, (3.56)

e  Closeness to the ideal solution is then computed as follows:

¢; = ﬁ;?ﬁ]’ wherej = 1,2,..,m,and 0 < ¢; < 1. (3.57)

e Ranking the solutions based on the relative closeness to the ideal solution.

The best solution is the one that has large ¢; value.

In this step the solution with the largest ¢; value is sorted along with their criteria. In
this regard, the best solution is the one that has a very short distance from g; and
definitely furthest distance from B;. The explanation of the proposed intuitive-

numerical-MOO-BWM-TOPSIS-GDM methods are illustrated in Figure 3.8.
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Figure 3.8 : Flowchart of the proposed hybridized numerical model

3.12 Summary

This chapter presents the methodology of extracting the parameter of the TD PV

module’s model using RaAOAAadsHHH Method in the first phase, while the second one

presents the methodology of sizing hybrid WT/PV/Battery system using improved

two-archive-BWM-PROMETHEE 11-GDM method, and its validated by intuitive-

numerical-MOO-BWM-TOPSIS-GDM method. The proposed RaAOAAdBHHH

approach developed the (algorithm itself) and design of the objective function. In

terms of methodology, the IOBL was maintained to prevent local minima while TL is

obtained to improve the local search capability. Secondly, the exploration stage was

developed by the use of complement D and S operators, along with CMM and LF
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techniques. Besides, the exploitation stage was augmented via the use of M and A
operators, as well as three unique vectors picked randomly from the population.
Finally, winner principle was considered, which is based on two robust mutation
procedures, in order to gradually improve the search capability. The RaAOA adBHHH
model’s objective function was introduced for the first time for resolving the PV
model’s equation and to efficiently predict the initial roots of the PV models utilizing
only first order derivative and half space expectation movements. In second phase, a
unique improved bi-archive approach to develop the diversity and convergence
independently in order to find four optimum sets of PF solutions. In addition, a new
integration based on BWM and PROMETHEE Il method along with GDM
mechanism are addressed to sort and rank the optimal sets PF solutions with full
consistency ratios of the three experts opinions and high degree of stability in ranking
configurations. Finally, the proposed two-archive-BWM-PROMETHEE 11-GDM
method is validated based on by intuitive-numerical-MOO-BWM-TOPSIS-GDM

method.
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CHAPTER 4

RESULT AND DISCUSSION

4.1 Introduction

The parameters extraction of the TD PV model based on RaAOAadeHHH approach and
optimal sizing of the WT/PV/Battery system based on improved two-archive
algorithm integrated with hybrid MCDM method have been presented in this chapter.
In modelling phase, the RaAOAadsHHH approach is proposed to determine the
parameters of the TD PV model via R.T.C France experimental data and validate the
findings using a variety of statistical criteria and comparisons to previously
approaches in the literature. Moreover, the most desirable configuration of the
WT/PV/Battery system has been optimally determined utilizing hybrid improved two-
archive algorithm to construct four sets of optimal PF solutions using three conflicting
techno-economic criteria. The BWM is obtained to determine the weights value for
each objective with full consistency ratios, and then the PROMETHEE-II method is
utilized to rank the four sets of optimal PF solutions from best to worst according to
the opinions of the experts judgements. Finally, the best design is chosen using GDM
with considering all experts’ view. The validation of the proposed optimal sizing

method is accomplished via intuitive-Numerical-BWM-TOPSIS-GDM method.

4.2 Experimental data description

The parameters extraction of the TD PV models are evaluated and determined using
two kinds of the experimental data. The first set is based on seven weather conditions
using A Kyocera KC120-1 multi-crystalline (Multi-Si) of 120 Wp PV module [7]. The

technical specifications and experimental data points of the proposed PV module at a
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variety ranges of the environmental conditions are demonstrated in Tables 4.1 and

Figure 4.1 [7].

Table 4.1 : Kyocera KC120-1 PV module’s technical specifications [7]

Characteristics Value
Maximum power at STC (Pyy) 120 Wp
Open-circuit voltage (V,.) 16.9V
Short-circuit current (Ig.) 7.45 A
MPP’s current (L) 71A
MPP’s voltage (V) 16.9 V
Number of connected cells in series 36
Nominal Operation Cell Temperature (NOCT) 43.6 °C
Temperature coefficient of I, («) 1.325 mA/k
Temperature coefficient of Vi, (8) -77 mV/k
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Figure 4.1 : Experimental data under seven climatic conditions [7]

The second experimental data set is from R.T.C France a 57 mm diameter silicon PV

cell operating at 1000 W/m? solar irradiance and 33°C ambient temperature [5]. The I-
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V and P-V curves of the R.T.C France PV module are shown in Figure 4.2, while the

its technical specifications is tabulated in Table 4.2.
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Figure 4.2 : The I-V and P-V data curves of the R.T.C France PV module [5]

Table 4.2 : R.T.C France silicon PV module’s technical specifications [5]

Characteristics Value
Open-circuit voltage (V,.) 0.5728 V
Short-circuit current (Ig.) 0.7603 A
MPP’s current (L) 0.6894 A
MPP’s voltage (V) 0.4507 V
Number of connected cells in series 1

The hourly meteorological data of the sizing of the WT/PV/Battery system considers
two case studies: Malaysia and South Africa. Figure 4.3 displays Their hourly wind
velocity, solar irradiance, and temperature difference for one year for the Malaysia

and South Africa.
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Figure 4.3 : Hourly weather data for the Malaysia and South Africa via a year

4.3 Performance of the Kyocera KC120-1 TD PV module

The proposed RaAOAadsHHH Model is applied to forecast the nine parameters of the
TD PV model at various climatic conditions utilizing several criterion analyses. In
addition to the experimental data from the Kyocera (KC120-1) PV module,
comparisons are made with four distinct objective function design for the RaAOA,
which are: RaAOAmsHHH, RAAOAgHHH, GCAOAINR, RaAOANR, and RaAOALw,
respectively. Meanwhile, the papers are selected from literature according to their
synchronous dealing with the methodology and objective function design. These
methods are: AEOnr [125], ELPSOnr [55], ELSHADEnR [6], MPALW [45,67],
MPSOnr [68], MRFOnr [69], ALOLw [62], CHCLPSOnr [63], and DEAMnr [120].
The utilized statistical criteria to experimentally assess the performance of these
methods are: RMSE, MBE, d;, R?, TS, AE, and CPU-execution time. All
environmental settings are assumed to be the same for fair comparison, including the

search space of the nine variables [6,67], where the maximum number of iterations
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(M;¢er) 15 500, size of the population is 30 (N), dimension (Dim) of the problem is 9,
and each algorithm is executed 30 times for each level of weather conditions (S;_-).

The search space of the TD PV model are given in Table 4.3 [67,120,280].

Table 4.3 : The search space ranges for the TD PV model

Parameter Three PV diode
LB UB
ds 1 5
Ipy, 0.5 8
BN e 12 le™®
Ry 0.1 2
R 10 8000

pl

The estimated nine parameters of the TD PV model at variety of sunshine and ambient
temperature conditions utilizing the proposed RaAOAAadeHHH Model and other peers
are given in Table 4.4. For the diode ideality factors RaAOAadsHHH Model, the
extracted parameters are within the predefined physical upper and lower boundary
ranges. The Ip;, is proportionally correlated with the increases of solar irradiance
within range of 0.8703-6.4222 A. Keeping in mind that these parameters are
determined by pairings of I-V data points and the obtained RaAOAadsHHH Model. The
differences in parameters from one execution to the next are due to natural
fluctuations, where the RaAOA always provides the most suitable initial conditions
and the AJBHHH explores the feature space of the PV model optimization problem
in great depth. The I,,_5 are substantial influenced by the ambient temperature and

the values of the diode ideality factors. Finally, the R; and R, values tend to decrease

as the solar irradiance increase, with the exception of the S,, where their values are

somewhat larger than other levels.
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The extracted parameters using NR and LW methods almost exhibit the similar values
and level of accuracy, while the parameters values are changed when the objective
function method is changed. This variation is belong to the ability of each objective
function’s method on discovering the search space for providing most accurate initial
root solutions for the main equation of the TD PV model. Therefore, both the optimizer
and nonlinear PV model equation’s method play an important role in increasing the
accuracy, stability, and convergence rate to simulate the real behaviour of the PV
model and can practically simulate each data point at I1-V and P-V data curves. This
issue encourages the scholars and researchers to further develop the optimization

problem of the PV model in terms of methodology and OFD.
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Several statistical metrics, including RMSE, MBE, R?, d;, TS, and CPU, are obtained
to verify and assess the models’ correctness, stability, and reliability, as presented in
Table 4.5. The proposed RaAOAAadsHHH Model states zeros values for RMSE, MBE,
d;, TS, and one for the R?. This experimental findings confirms that the proposed
RaAOAdsHHH Model dominates other contemporaries in every quantifiable criterion
assessments except for the CPU-execution time, where it is 10 times slower than the
faster one which is ELSHADEnr. This is due to the proficient linear reduction
strategy obtained by the ELSHADEr. However, the commotional of the
RaAOAadsHHH Model is still acceptable, with an average time value of 88.60 s.
Furthermore, in such optimization problems applicable to real-world PV applications,
the accuracy, stability, and reliability are more important than computing speed.
Hence, this problem is considered as off-line measurements, while the online

measurements take very prolong time and are highly costly.

The RaAOA&HHH is ranked second, followed by GCAOAnR, and ELSHADE g, with
average RMSE values of zero, 0.0056, 0.0057, respectively. The RaAAOAagsHHH has a
higher level of accuracy compared with other models. This is due to the employing an
efficient nonlinear damping control parameter of LM method. In addition, this
variation is belong to the ability of each objective function’s method on discovering
the search space for providing most accurate initial root solutions for the main
equation of the TD PV model. This confirms the effectiveness and superiority, and
well-employing methodology and objective function design to solve the TD PV model
optimization problem. This, however, illustrates the powerful, economical, and
successful employed exploration and exploitation strategies, which can deliver

improved precision and a guaranteed convergence rate. The RaAAOALw came in sixth
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rank, followed by MPALw, RaAOAnNR, DEAMnNR, MRFONR, CHCLPSOnR, ELPSOnR,
ALOLw, and MPSOnr, with average RMSE values of 0.0563, 0.0579, 0.0584, 0.0586,
0.0589, 0.0593, 0.0594, 0.0610, 0.0623, respectively. Previous results demonstrate
that the conventional LW has superior prediction initial root solutions than the basic
NR method, as observed between the GCAOALw and GCAOAnNr models. Despite
using NR as OFD, the AEOnr is ranked as poorest method owning to the inadequate
methodology, as given in Table 4.5. Similar analysis and ranking can be observed for
MBE, d;, TS, and R? statistical criteria, with the exception of the CPU execution time,

which is strongly reliant on the intricacy of the methodology and resulting OFD.
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The best optimizer model is chosen to simulate the I-V and P-V data curves, where
the planned and experimental data points completely overlap, as illustrated in Figure
4.4. The proposed RaAOAadgsHHH model has an exceptionally high degree of
correctness to predict all the experimental current even at sharp and zigzag edges. This
is a result of the effective hybridization of the RaAOA algorithm (itself) and the
mechanism of the BHHH algorithm in estimating the initial roots solutions of the TD
PV model. This optimization problem is not a simple process, therefore using solely
numerical, analytical, or stochastic methods without addressing the nonlinearity and
multidimensionality of the PV model’s equation might result in extremely low
accuracy. Keeping in mind that the complexity of predicting the parameters of the TD
PV model is notably increased when the number of the parameters are large and the I-
V and P-V experimental data points curves are not straightforward and include various

stochastic distributions, as seen in zoomed-figures of Figure 4.4.
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I-V characteristics of PV Module
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Figure 4.4 : The experimental and proposed I-V and P-V data curves for the TD
PV model under various environmental circumstances
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The average AE values of the proposed RaAOAadsHHH and other models under seven
environmental conditions is given by Table 4.6. There is no doubt that the proposed
RaAOAadeHHH Offers an efficient methodology and a distinctive OFD, as confirmed
by promising results. RaAOAgHHH has the second lowest average AE value according
to the developed objective function values, followed by GCAOAInrR, ELSHADE R,
RaAOALw, MPALw, RaAOANr, DEAMnR, CHCLPSOnr, MRFOnRr, ELPSOnr,
ALOrLw, and MPSOnr. Their average AE values are as follows: 0.0039, 0.0075,
0.0382, 0.0410, 0.0412, 0.0413, 0.0420, 0.0422, 0.0423, 0.0434, and 0.0465,
respectively. AEOnr once again has worst average AE, with a value of 0.1452. This
is owing to the poor performance of the utilized methodology of the AEO model. Form
these findings, it can be analyzed that the damping control parameter of the LM plays
a crucial rule in simulating the nonlinearity behavior of the TD PV model’s equation

by reducing the oscillations and noise effects to trivial errors values.
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Figure 4.5 shows the development convergence speed to the optimal solutions of the
proposed RaAOAadsnHH Model and alternative approaches at variety of the
environmental scenarios. It is evident that the proposed RaAOAAadsHHH €NdS With zero
values for all meteorological circumstances. The RaAOAadgsHHH model has the
quickest convergence rate when compared to other models, where its RMSE values at
the first iteration under seven weather circumstances are 2.98e8,2.04e8,2.54e°, 5.61¢”
5, 4.05e® 8.26e* and 5.49e®, respectively. As depicted in Figure 4.5, the
RaAOAAdsHHH Model only requires 16, 18, 21, 16, 18, 37, and 38 iterations to achieve
RMSE of zero. Therefore, the RaAOAadsnHH mModel presents a potent hybrid
stochastic algorithm and a unique objective function design for forecasting the TD PV

model’s output current.
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4.4 Performance of the R.T.C France silicon TD PV module

The second data set is based on experimental 1-V data gathered from R.T.C France a
57 mm diameter silicon PV cell operating at 1000 W/m? solar irradiance and 33°C
ambient temperature [5]. The RaAAOAAdsHHH Model is compared to peer-reviewed
research publications using a number of statistical criteria that take into account
assessments of accuracy, dependability, consistency, and stability. The proposed
RaAOAAdsHHH approach is also verified with five versions objective function
formulations: RaAOAsHHH, RaAOAInr, RaAOAnr, RaAOALw, and RaAOA..
Whereas the peer-reviewed approaches are chosen from the literature according to the
utilized objective function design, they are as follows: AEOnr [125], ALOLw [62],
CHCLPSOnr [63], DEAMwgr [64], ELPSOnr [55], ELSHADE g [6], FFANR [65],
HSDEMFO. [48], INSMALw [66], MPALw [45], MPSOnr [68], MRFONr [69,70],

PGJAYA. [47], and TVACPSOnr [71].

For fair comparisons, all algorithms are performed in the same environment, with
population size (N) set to 30. The maximum iterations number (M;) set is 1000.
Besides, each algorithm is run independently for all algorithms, and the results are
selected based on best optimum fitness function identified so far. The ranges of TD
PV models is given in Table 4.7 [45]. It is necessary to emphasize that the NR
approach described in the literature solves the PV model equation suing a set of
vectors, and its drawback is that it does not take into account the individual
imperfection between couples of the I-V data curves. As an outcome, the individual

pairs of the data points is computed for the RaAAOANr and RaAOAINR.
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Table 4.7 : Search space ranges for the TD PV models [6]

Parameter TD
LB uB
d, d, 1 2
ds 1 5
Io1, Io2, 103 0 le™®
Ry 0 0.5
R 0 100

p

This thesis focus on the parameters extraction of the TD PV model as it has a far higher
degree of precision due to the inclusion of two extra parameters. Furthermore, this
model is better suited for industrial PV systems since it provides a high current value
and the current degrades very slowly, even during the partial shading and overcast
days. Table 4.8 provides the determined unknown parameters of the TD PV model
utilizing the RaAOAAadeHHH Model and other approaches. Their 1-V and P-V curves
are displayed in Figure 4.6. Despite the intricacy of the TD PV mode, the
RaAOAAdsHHH extracts the nine parameter affectively, as seen by the 1-V and P-V
curves. In accordance to the Table 4.8, the majority of the algorithms determine the
parameters within the feasible search space ranges. However, the algorithm’s the
accuracy, stability, and reliability can be indicated by the manner in which it simulates
the whole experimental data points domains. The zoomed-in graphics in the Figure
4.8 indicate that the RaAOAaqdsHHH Model is definitely overlapped all the experimental
data points, which may be derived with confidence for the practical applications of the

PV systems.
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I-V characteristics of TD PV Module
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Figure 4.6 : The I-V and P-V data characteristic curves using the RaAOAadsHHH
and alternative approaches based on experimental data
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Another perspective to verify the efficacy of the proposed RaAOAadsHHH Model and
other methods is by addressing the statical analysis quantitively as tabulated in Table
4.9. According to this table, the RaAOAadeHHH has zero values for all statistical
criteria, and the R? is one, indicating the originality of the proposed approach for
extracting the parameters even for the complicated model. In contrast, the
RaAOAAadsHHH requires a substantial amount of processing time owning to its
structure’s complexity in terms of algorithm and the objective function formulation.
Note that the CPU execution time is somewhat unimportant in this optimization
problem. This is due to the offline nature of the measured experimental data. In
comparison, online measurement is initially costly and time-consuming. The
RaAOAadeHHH differs in that it has quick convergence and the extracted parameters
are more stable, allowing it to affectively imitate real current at different voltages
ranges. Importantly, the basic BHHH approach presents very accurate initial root
values by computing half-distance in the search space without any further
improvements, as evidenced by the RaAOAgHHH findings, where RMSE is 2.9894E-
07. The ranking of the approaches are as follows: RaAOAadeHHH, RAAOABHHH,
RaAOAINrR, ELSHADE\NR, RaAOANR, RaAAOALw, DEAMnNR, AEOnNR, ELPSOng,
MRFOnr, TVACPSOnr, CHCLPSOnr, FFANR, MPALw, IMSMALw, ALOpw,
RaAOAL, PGJAYAL, HSDEMFO., and MPSOnr as observed in Table 4.9,

respectively. The faster method is DEAMnr with only 17.8 second.
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Figure 4.7 illustrates the IAE of the between each data points between the forecasted
currents and experimental currents utilizing the RaAOAAadeHHH and other models for
the TD PV model. According to Figure 4.7, the RaAOAagdsHHH May plainly deteriorate
the errors up to zero for all measured data points. The 1AE value for the RaAAOABHHH
is 2.1911E-07, which represents an acceptable level of accuracy when compared to
other models. The MPALw method clearly demonstrates the difficulties of extracting
the parameters of the TD PV model, since its performance is marginally with an IAE
of 5.7424E-04. The worst IAE value is registered with MPSOnr method, where its
value is 8.6430E-04. Therefore, the solving the parameter extraction optimization
problem must be solved by efficiently considering the exploration and exploitation
phases in terms of algorithm and by accurately picking initial root solutions from the
search space in terms of the formulation of the objective function, as indicated by the

RaAOAadsHHH approach.
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Figure 4.7 : The IAE of current and power for the TD PV model using differernt
models

Figure 4.8 depicts the convergence velocity of the RaAAOAAadeHHH and its counterparts.
The RaAOAAagsHHH Mmay swiftly converge, followed by RaAOAgHHH. The RMSE
value for the first iteration is 0.000468; however, it drops drastically as the number of
iterations increases, eventually reaching zero after 838 iterations. The RaAAOAAdBHHH

beats other methods in terms of accuracy, stability, and convergence rate.
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Evolution of fitness function for TD PV model
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Figure 4.8 : The development of the fitness function for the TD PV model under
varoius methods

As a result, the proposed RaAOAadsHnH exhibits an excellent performance in
extracting the parameters for the three types of the PV models. This is a sufficient
application of IOBL and LF techniques for avoiding local minima, and strong use of
exploitation tactics to improve the quality of the solutions offered by CMM and winner

principle.

4.5 Optimization of the standalone WT/PV/Battery system

The optimal design of the freestanding PV/WT/Battery system is presented in this
study to illustrate the most effective way to meet the load requirement for two
scenarios in Malaysia and South Africa. The experimental data of the Yingli PV

module is not available. Therefore, the GCAOA is employed to estimate the
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parameters of the TD PV model by minimizing errors at three critical points using
information given by the manufacture at STC. The population size (N) is 30, the
number of maximum iterations is 1000, and the problem dimension is 5. The d; _5, Rq,
and R, are successfully optimized by the GCAOA approach, while the parameters I,
and I,,_5 are then mathematically computed form the optimized parameters. The
extracted parameters of the TD PV model based on three key points are given in Table
4.10. The I-V and P-V curves of the TD PV model of the Yingli PV module at MPP
are depicted in Figure 4.9. The most optimal solutions are determined by their lowest

error value over a period of 30 individual runs.

Table 4.10 : The extracted parameters of TD PV model of the Yingli PV module

dl dz d3 IPh 101 102 103 Rs Rp ER
1.0045 1.9999 4.9997 8.6457 2.02E-06 2.29E-14  4.73E-14  0.0429 67.7787 2.361E-19

9 T T T 300

250 ¢

£ 200

150

Current of PV module (A)
.
Power of PV module (V)

Voltage of PV module (V) Voltage of PV module (V)

Figure 4.9 : I-V and P-V data characteristics curves of the TD PV model of the
Yingli PV module

The output power of TD PV model of the Yingli PV module across a one-year period

using climatic data from Malaysia and South Africa are demonstrated in Figure 4.10.
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Figure 4.10 : The output power average (daily) of the TD PV model of the Yingli
PV module for Malaysia and South Africa

4.6 Results on the improved bi-archive algorithm

In this section, the improved two archived algorithm is employed to construct four
collections of optimal PF solutions of the proposed independent PV/WT/Battery
system for both Malaysia and South Africa scenarios. The improved two archived
method has a parameter setting of 100 for population and archived sizes, as well as
the maximum iteration. The upper and lower boundaries variables are derived based
on mathematical analysis equations for the WT, PV (N7) (in series (Ns) and parallel
(Np)), and battery storage (Bs) are [1,17], [2,35], and [3,69], respectively. For the
Malaysia case study, the results of four sets optimal PF solutions based on the
improved two archive algorithm are illustrated in Figure 4.11. (a) for the three
objectives: LLP, LCC, and Pq4ump, and their corresponding solutions for the WT, PV,
Battery storage are presented in part (b). The final output optimal solutions are

maintained in DA, which contains the most diversified solutions, while the CA directs
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to the fastest converge. Thus, the interaction between DA and CA may notably impact
on the efficiency of the improved two archive algorithm. It can be clearly seen that the
optimal sets of the DA has the most desirable solutions of the proposed system. This
is due to the efficient use of the I, indicator and mutation mechanism, where the I,

indicator prevents the stagnation and the mutation scheme delivers some of best

solutions in DA to guide CA.
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Figure 4.11 : Results of the multi-objective improved two archive algorithm in
Malaysia (a) LLP, LCC, and Paump, and (b) WT, PV, and battery storage

For the South Africa scenario, the four sets of the optimal PF solutions are exhibited
in Figure 4.12, where the three competing objectives are demonstrated in part (a) and
their variables are shown in part (b). From Figure 4.11, both the diversity and
convergence are successfully achieved by taking the benefits of the I, indicator for
boosting the convergence and L,,-norm based distance for increasing the diversity. The
justification of that is clarified in Figures 4. 11 and 4. 12 part (b), where the DA is

well-distributed along the dimensions of the search space.
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Figure 4.12 : Results of the multi-objective improved two archive algorithm in
South Africa (a) LLP, LCC, and Pdump, and (b) WT, PV, and battery storage

4.7 Results on Intuitive-Numerical-MOO method

The bottom and higher search spaces for the WT, PV modules, storage batteries are
determined by the intuitive method. The numerical method is then employed to iterate
these variables, conducted by intuitive method, from 1 to 17 for the WT, 2 to 35 for
the PV module in series and parallel, and 3 to 69 for the storage batteries. With
predefined ranges, the numerical method may exactly find all possible configurations

in the search space. The ranges of the LLP is between 0 to 0.01, which is regarded as
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the most desirable value for an off-grid system. The numerical technique yields
configurations of 624045 and 668884 for Malaysia and South Africa, whereas their
CPU processing times are 276883.98 s and 145547.45 s, respectively. Figure 4.13
demonstrates the search space (left) and the design space (right) of the numerical
findings for the both Malaysia and South Africa. According to the Figure 4.13, the
search space comprises several optimum solutions for the WT, PV modules, and
storage batteries, while their LLP, LCC, and Pqump Objectives illustrate the simulation
iterations of the numerical approach. In addition, this optimization problem for the
hybrid WT/PV/Battery system is multivariable, nonlinear, and consists of several local
minima. Therefore, the challenging task is to pick a single best design to reflect the
performance of the Malaysia and South Africa. From this perspective, the non-
dominated multi-objective concept is obtained to construct sets of optimal PF

solutions and excluding the undesirable solutions from the vast search space.
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Figure 4.13 : The exploratory numerical results analysis of the storage batteries,
PV modules, and WT along with their LLP, LCC, and Paump 0Objectives for (a)
Malaysia and (b) South Africa

The non-dominated principle is implemented afterwards by including approximately
40.000 configurations to conduct only one optimal set of the PF solutions. As seen in
Figure 4.14, there are 16 optimal sets of PF solutions generated by this method for the
Malaysia case study, and there are 17 optimal sets of the PF solutions for the South
Africa. There optimal sets PF solutions for the Malaysia and South Africa differ due
to the greater likelihood of including optimal solutions with LLP values smaller than
1% in South Africa than Malaysia, confirming that this optimization problem is highly
sensitive on the availability of the meteorological data. Despite the non-dominated
concept has reduced the number of optimum solutions, it is still difficult to choose the

most unique solution for each case study, where each set has 100 optimal PF solutions.
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In this regard, the MCDM method is essential ranking these solutions according to

their importance, considering the opinions views of the three experts.
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4.8 Results on the improved bi-archive-BWM-PROMETHEE 11-GDM
methods

The hybrid MCDM methods are applied for the best optimum group PF solutions for
the improved two archive and hybrid numerical-nondominated methods. The weights
of the objectives are given to each objective using BWM method by considering full
consistency ratios of the three experts opinions. Firstly, the weights of the objectives
are assigned by the judgements of the three experts. Full consistency ratios are
achieved, as tabulated in Table 4.11, indicating a high stability to select the most
desirable configuration. The consistency ratio demonstrates the stability of the BWM
method; hence, when one objective is improved, the other objectives deteriorate.
These assigned weights are included into PROMEHEE Il method in order to overcome
its constraints. According to Table 4.11, the first expert view gives the LLP a higher
priority than the LCC and Paump in order to ensure that the WT/PV/Battery system
operates with a degree of confidence and that the provided energy does not fluctuate
throughout the year, while paying more attention to the total cost of the system. The
second expert favors reducing the total cost of the system while maintaining an
favorable levels of dependability. The main obstacle of the off-grid WT/PV/Battery
system is that the wasted energy is large, resulting over sizing and the system become
more expensive. Consequently, the Pqump should take into account. Lastly, the third
expert is more concerned with the system’s reliability than the first exert, with

lowering the overall cost of the system.
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Table 4.11 : BWM’s evolutions of the three criteria based on three experts’

opinions

1% expert Best to others LLP LCC Pdump
LLP 1 2 4
Others to worst LLP LCC Pdump
I:’dump 4 2 1
Weights 0.5714 0.2857 0.1429
& 0.0000

2" expert Best to others LLP LCC Pdump
LLP 3 1 9
Others to worst LLP LCC Paump
Pdump 3 9 1
Weights 0.2307 0.6923 0.07692
& 0.0000

3" expert Best to others LLP LCC Paump
LLP 1 3 9
Others to worst LLP LCC Pdump
I:)dump 9 3 1
Weights 0.6923 0.2308 0.0769
i 0.0000

GDM Weights LLP LCC Pdump

0.4982 0.4029 0.0989

The top ten designs in Malaysia and South Africa are selected according to the three
experts’ opinions, as seen in Table 4.12 (a) and (b), respectively. From Table 4.12, it
can be clearly observed that the three experts and BWM-PROMETHEE-II method
favor configurations with a high number of batteries storage in both scenarios. This is
because the stored and conducted energy in batteries storage have a lower overall cost,
high degree of dependability, and less lost energy rather than increasing the quantity
of renewable energy sources. In this regard, the over/under sizing is guaranteed to be
avoided. Furthermore, the employment of the WTs is not advised in the Malaysian
case study owing to the low potential of the wind speed and conducted energy,
however it WTs may considerably assist to provide energy in the South Africa

scenario. Finally, the ¢; is almost high, with a value more than 0.96, indicating that

reflects the hybridization of the MCDM methods is very reliable and stable.
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The new sorted top 10 configurations is given in Table 4.13 based on GDM technique,

with the most optimum design highlighted in black boldface. In most desirable

configuration, the PVV/WT/Battery system operates with high confidence, at a minimal

cost, and with little wasted energy. It is vital to notice that this optimization problem

has numerous variables and multiple local minima. This is owning to the three

conflicting objectives, wherein improving one objective causes the others to

deteriorate.

Table 4.13 (a) : Ranking of improved two archive-BWM-PROMETHEE I1-GDM
method in Malaysia

oF ' @, WT Nr Ns Np Bs LLP LCC Poump T
0.9890 0.0060 0.9831 12 104 8 13 69 0.000000 64362.20 13535.46
09777 00223 09553 7 105 5 21 68 0.000031 62320.09 13724.89
09756 0.0219 0.9537 15 102 34 3 69 0.000252 65011.63 12941.75
09700 0.0275 0.9426 10 102 6 17 69 0.000252 62984.25 12841.84
09686 00301 09385 5 104 8 13 69 0000032 6152387 1336674 , .
09658 0.0317 09340 9 102 34 3 69 0000252 62578.78 1282349
09641 00346 09295 4 104 8 13 69 0.000032 6111840 13324.97
09560 0.0353 09207 1 105 7 15 69 0.000000 60185.47 13548.02
0.9560 0.0353 0.9207 1 105 7 15 69 0.000000 60185.47 13548.02
0.9560 0.0353 0.9207 1 105 35 3 69 0.000000 6018547 13548.02

Table 4.13 (b) : Ranking of improved two archive-BWM-PROMETHEE I1-GDM
method in South Africa

o} o7 @, WT Nr Ns Np Bs LLP LCC Poump T
0.9953 0.0010 0.9943 17 108 6 18 68 0.000000 6722533 32772.66
0.9937 0.0063 0.9875 16 114 6 19 63 0.000089 67029.67 35472.44
0.9897 0.0038 0.9860 17 105 21 5 69 0.000000 66673.07 31370.82
0.9897 0.0038 0.9860 17 105 5 21 69 0.000000 66673.07 31370.82
09897 0.0038 09860 17 105 7 15 69 0.000000 6667307 3137082 o,
0.9850 0.0150 0.9699 2 126 6 21 69 0.000179 66544.40 3855041
0.9840 0.0160 0.9679 14 108 6 18 68 0.000179 66008.91 32288.38
09839 0.0161 0.9679 10 114 6 19 67 0.000179 65789.76 34361.17
0.9832 0.0165 0.9667 17 102 17 6 69 0.000096 65822.58 30010.81
09762 0.0231 09531 17 105 7 15 65 0.000182 65480.13 31370.82
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4.9 Results on validation of the proposed hybrid MCDM method

The BWM-TOPSIS-GDM methods are developed to in order to justifiably rank the
sets of optimal PF solutions for the WT/PV/Battery system. The outcomes of the
BWM-TOPSIS method based on the view of the three experts for both Malaysia and

South Africa are presented in Table 4.14 (a) and Table 4.14 (b).

The 16 and 17 sets optimal PF solutions for Malaysia and South Africa are ultimately
narrowed down to 10 configurations. The largest ¢;values denotes to the best ideal
solutions found so far. Regarding the ranked top 10 configurations, the differences in
¢;values are negligible, and the clients has option to choose the configuration that best
meets their needs. From Table 4.14 (a) and (b)., it can evident that most of
configurations have favorable levels of dependability, with primary objective being to

choose the configuration with the lowest LCC.
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To arrive at the final decision, it is fair to apply GDM by computing the weighted
mean of all experts views. It may be justified on the justified that it is unreasonable to
rely just on expert and exclude the others. Therefore, it is possible to identify the most
desired option in the expert’s list. The sorted solutions based on BWM-TOPSIS-GDM
methods for both case studies are presented in Table 15 (a) and (b). The best ideal
solution is selected with the highest ¢; value of 0.9121, which is rated second for
Malaysian scenario, and the first optimal solution with the highest ¢; value of 0.8848

for South African scenario; both best solutions are highlighted by black boldface in

Table 4.15.
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From Tables 15, it can be clearly seen that the hybrid off-grid WT/PV/Battery system
operates at a high degree of confidence and almost same economic outlook, while
minimizing the excess energy to the greatest extent feasible. In contrast, the South
Africa scenario operates at almost identical levels of system dependability and total
cost. Moreover, the majority of the variables and their competing techno-economic
optimization criteria are identical. Due to the usage of the BWM method in terms of
weighted objectives by the three experts view and TOPSIS method in terms of ranking
the ideal solutions, a trivial difference exists. Noting that this optimization problem
involves several variables and non-linearity, which are directly impacted by the
weighted objectives values and ranking structure. As an outcome, the picked optimum
configurations are addressed based on a complete consistency ratio for both methods
to guarantee that the system performance is evaluated based on very high degree of

stability.

4.10 Evaluation the performance of optimal design for Malaysia and South
Africa

The performance of the independent PV/WT/Battery system is assessed and verified
during a one year period based on the most desired configurations selected utilizing
the improved two archive-BWM-ROMEETHEE 11-GDM method. For the Malaysian
case study, the most desired design is consisted of a single WT, and 105 PV modules
(7 in series and 15 in parallel), and 69 batteries storage with zero LLP, 60185.5 $ of
LCC, and 13548.02 of P4ump, respectively. Therefore, the usage of the WT generator
is not recommended in Malaysian zone. The monthly performance of solar radiation
(W/m?), ambient temperature °C, WT generator (W), PV modules (KWh), SOC of the

batteries (KWh), load demand (KWh), dumped energy (KWh), and deficit energy
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(KWh) is shown in Figure 4.15. The maximum and minimum conductivities of the of
the solar radiation was occurred in March and December with values of 5131.5 (W/m?)
and 3779.8 (W/m?), respectively. Therefore, the maximum produced energy by PV
modules was 110.50 KWh, while the lowest energy was 79.86 KWh in November.
The challenge in sizing of the off-grid PV/WT/Battery system is not only to increase
the dependability and reducing the overall cost, but also to reduce the surplus energy
to minimum. Thus, the values of the Pdump for the aforementioned dates were 56.13
KWh and 23.59 KWh, respectively. The minimum and maximum conductivities of
the WT were occurred in January and June with values of 39 W and 106.32 W. The
large number of the batteries storage plays a crucial rule in boosting dependability,
lowering overall cost, and keeping the lost energy at minimum, where the SOC levels

are high throughout the year and there is no deficit energy.
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Figure 4.15 : Monthly performance of the G, T, Pwrt, Ppv, SOC, Pioad, Pdump, and
Pdeficit during a one year period in Malaysia
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On the other hand, the most desirable selected design of the independent
PV/WT/Battery system for the South Africa case study is composed of 17 WT
generators, 105 PV modules (21 in series and 5 in parallel), and 69 batteries storage
with zero LLP, 66673.07 $ of LCC, and 31370.82 of Paump, respectively. The monthly
performance based on the optimum design for the G (W/m?), T °C, WT generator
(KWh), PV modules (KWh), SOC of the batteries (KWh), Picad (KWh), Pgump (KWh),
and Peficit (KWNh) is illustrated in Figure 4.16. The highest and lowest solar radiation
levels were 7028.93 (W/m?) and 3906.66 (W/m?) in December and June, respectivly.
For the aforementioned dates, the conductivity of the PV modules were 167.23 KWh
and 87.77 KWh, while the wasted energy were 122.29 KWh and 38.53 KWh,
respectively. As previously indicated, the WTs have made a significant contribution
in increasing the reliabily, cutting total costs, and reducing the surplus energy of the
system, where its maximum and minmim conductivies recorded in October and May,
respectivly, with values of 14 KWh and 5.82 KWh. As a result, the aim of the study
is to select the most desirable configuration by merging improved two archeive
mathod with BWM-PROMETHEE II-GDM method in order to maximize reliability,

deccrease overall cost, and minimize the surplus energy.
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Figure 4.16 : Monthly performance of the G, T, Pwr, Ppv, SOC, Pioad, Paump, and
Paeficit during a one year period in South Africa

The simulation starts synchronously computing the three objectives: LLP, LCC, and
Paump, respectively for input variables came from optimization algorithm. The best
optimum configurations based on BWM-PROMETHEE I1-GDM approach is obtained
to assess the performance of the WT/PV/Battery system during a one-year period in
Malaysia and South Africa as shown in Figures 4.17 and 4.18. In Malaysian scenario,
the total energy generated by a single WT, referred by purple color, during one year is
27.31 KWh, while the energy generated by 105 PV modules, referred by dark orange
color, is 3.3902e* KWh. As can be clearly seen, the PV modules are far recommended
for meeting the required load demand in Malaysia than wind turbine installation. The
total energy needed to meet the load demand during the same period of time is 22.298
KWh as demonstrated in Figure 4.17. The storage batteries ensure that the reliability

of the system operates at very high degree of assurance throughout the year without
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any deficit energy, with energy stored in the storage batteries totaling 6.5364e> KWh.
The dump’s energy content is 1.3548e* KWh, as seen by green hue. At 1 WT, 105 PV
modules, and 69 storage batteries, the freestanding WT/PV/Battery regimen performs

excellently in terms of availability, overall cost, and surplus energy.

5 Optimum configuration in Malaysia
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Figure 4.17 : Daily productivity of the optimal design of the WT/PV/Battery
regimen in Malaysia

In the South African scenario, the total energy carried by the 17 WT is 3.308e® KWh,
whereas the total energy generated by 105 PV modules is 4.814e* KWh. WT
generators can notably help to strengthening the dependability of the WT/PV/Battery

system, as well as PV modules and storage batteries. Bearing in mind that increasing
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the number of the PV modules above the optimum number results in an increase in the
system’s capital cost and wasted energy. Therefore, the optimum amount of the WT
and PV modules should be carefully addressed to prevent over- or under-sizing. With
69 number of storage batteries, the energy produced by the storage batteries over a
year is 6.979e> KWh. As demonstrated in Figure 4.18, there is no deficit energy during
the year based on the optimum design, whilst the dump energy is 3.137e* KWh.
According to earlier findings, the optimum designs in both Malaysia and South Africa

are strongly reliant on the availability of the solar irradiance and wind speed ratio.

Optimum configuration in South Africa

SOC (Wh)

Edeﬁcit (Wh)

Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Time (Daily)

Figure 4.18 : Daily productivity of the optimal design of the WT/PV/Battery
regimen in South Africa
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4.11 Summary

In this chapter, an innovative RaAOAageHHH model for accurately determining the
parameter of the TD PV model utilizing experimental data form Kyocera (KC120-1)
and R.T.C France PV modules. The results of the proposed RaAOAadsHHH Model
were validated by comparing it to well-known published approaches using numerous
statistical criteria. The proposed approach made significant advances in terms of
methodology (algorithm itself) and design of the objective function. In terms of
methodology, the IOBL was maintained to prevent local minima while TL is obtained
to improve the local search capability. Secondly, the exploration stage was developed
by the use of complement D and S operators, along with CMM and LF techniques.
Besides, the exploitation stage was augmented via the use of M and A operators, as
well as three unique vectors picked randomly from the population. Finally, winner
principle was considered, which is based on two robust mutation procedures, in order
to gradually improve the search capability. The RaAOAAadeHHH Model’s objective
function was introduced for the first time for resolving the PV model’s equation and
to efficiently predict the initial roots of the PV models utilizing only first order
derivative and half space expectation movements. With the exception of the CPU
processing time, the experimental results indicated that the proposed RaAOAadBHHH

beats all well-published models in terms of accuracy, reliability, and convergence rate.

In the second phase of this thesis, a new fusion based on improved bi-archive multi-
objective optimization algorithm for findings four well-constructed groups of optimal
PF solutions and BWM-PROMETHEE 11-GDM for sorting and ranking the optimized
designs of the freestanding PV/WT/Battery system in two different locations:

Malaysia and South Africa. The most desirable configurations for the freestanding
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PV/WT/Battery system are determined based on techno-economic-reliability
assessments: LLP, LCC, and Pq4ump using hourly meteorological data over the course
of one year. Full consistency ratios of the experts’ judgements are attained using the
BWM, along with a high stability of the outstanding PROMETHEE 11 procedure for
rating the top ten configurations. The best optimal solution in Malaysia consists of a
single WT, and 105 PV modules (7 in series and 15 in parallel), and 69 batteries
storage with zero LLP, 60185.5 $ of LCC, and 13548.02 of Paump, respectively.
Therefore, the employment of WT in this scenario is not recommended. In South
Africa case study, the best optimal configuration composes of 17 WT generators, 105
PV modules (21 in series and 5 in parallel), and 69 batteries storage with zero LLP,
66673.07 $ of LCC, and 31370.82 of Pqump, respectively. This scenario stated that the
WTs may considerably incoorpatrate as in supplying energy for the required load
demand. The integration of the hybrid numerical BWM-TOPSIS-GDM approach is
utilized to verify the improved bi-archive-BWM-PROMETHEE 1I-GDM approach.
The results indicated that both aforementioned hybrid methods can be applied to find
the most suitable design for the PV/WT/Battery system at any site. However, the
PROMETHEE Il offers a high stability and less sensitivity rather than TOPSIS

method, owning to the simple normalization of the TOPSIS method.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

51 Conclusion

In this thesis, the parameters determination of the TD PV model and optimal sizing of
the WT/PV/Battery system have been presented and the results are discussed.

According to the findings, the following conclusion are carried out.

The RaAOAAadeHHH Model was presented to optimally estimated unknown parameters
of the TD PV model using two sets of the experimental data under various
environmental conditions. First, an improved generalized opposition based learning
and teacher learning are proposed to mitigate the premature convergence and low-
quality of solutions. Moreover, complements of the D and M operators are employed
to generate more desirable solutions rather than using the simple D and M operators
of the AOA. In addition, complement D and S operators are retained to perform
exploratory mechanism in the early stages of the optimization process, while
complement M and A operators execute the exploitation phase in order to maintain a
balance between the explorer-exploiter tactics. Furthermore, the CMM algorithm and
LF mechanism are proposed to address information from rotated solutions and
stagnation in local minima avoidance. Finally, the winner concept based on two
mutant schemes is used to ensure globally solutions during the optimization process.
The objective function is further developed by using BHHH algorithm, which can
roughly search for the initial root solutions in the feature space with minimum number
of iterations. Additionally, a nonlinear damping parameter of the LM technique is

proposed to reduce the oscillations and noises in the PV model and to simulate its
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outdoor behavior. Finally, only first order derivative of the NR method is considered
to simply the computations with guaranteed convergence. The results of the proposed
RaAOAAadsHHH Model the error is reduced to zero for both of sets of the experimental
data and accurately predict the output current of the PV model. With the exception of
the CPU processing time, the experimental results indicated that the proposed
RaAOAAadsHHH beats all well-published models in terms of accuracy, reliability, and

convergence rate.

In the second phase of this thesis, a unique improved bi-archive approach is presented
to develop the diversity and convergence independently in order to find four optimum
sets of PF solutions. In addition, a new integration based on best worst method (BWM)
and preference ranking organization for enrichment evaluations (PROMETHEE II)
method along with group decision making (GDM) mechanism are addressed to sort
and rank the optimal sets PF solutions with full consistency ratios of the three experts
opinions and high degree of stability in ranking configurations. The theoretical results
based on actual hourly meteorological data in Malaysia and South Africa indicated
that the suggested improved two-archive-BWM-PROMETHEE [1-GDM method is
not only able to construct a uniform set of Pareto optimal solutions with fast
convergence and high diversity, but can also rank and select the most desired design
for the PV/WT/Battery system. The most desirable configurations for the freestanding
PV/WT/Battery system are determined based on techno-economic-reliability
assessments: LLP, LCC, and Paump indicators. The best optimal solution in Malaysia
consists of a single WT, and 105 PV modules (7 in series and 15 in parallel), and 69
batteries storage with zero LLP, 60185.5 $ of LCC, and 13548.02 of Pgump,

respectively. Therefore, the employment of WT in this scenario is not recommended.
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In South Africa case study, the best optimal configuration composes of 17 WT
generators, 105 PV modules (21 in series and 5 in parallel), and 69 batteries storage
with zero LLP, 66673.07 $ of LCC, and 31370.82 of Pqump, respectively. This scenario
stated that the WTs may considerably incoorpatrate as in supplying energy for the
required load demand. The integration of the hybrid numerical BWM-PROMETHEE
[1-GDM and BWM-TOPSIS-GDM approaches are utilized to verify the improved bi-
archive-BWM-PROMETHEE 11-GDM approach. The results indicated that both
aforementioned hybrid methods can be applied to find the most suitable design for the
PV/WT/Battery system at any site. However, the PROMETHEE 1l offers a high
stability and less sensitivity rather than TOPSIS method, owning to the simple

normalization of the TOPSIS method.

5.2 Future Work

The research studies carried out in developing new method to estimate the parameters
of the TD PV mode using two sets of the experimental data at various weather
conditions. In addition to that an improved two-archive-BWM-PROMETHEE 1I-
GDM method to select the most desirable solution for the WT/PV/Battery system for
the two case studies: Malaysia and South Africa. However, more advancement of this
research study can be accomplished by the following future directions:

1. The parameters extraction of the PV model can be optimized using multi-
objective optimization problem by solving the PV mode’s equation in terms

of current and voltage outputs.

2. The optimization of the WT/PV/Battery system can be further developed by
considering the grid-connected system. It can significantly increase the
investment of the employing renewable energy sources with considering the

feedback time for returning the total cost of the system.
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3. Hybrid energy storage such as hydrogen fuel cell (HFC) can be investigated
in order to increase the reliability, lowering the total cost, and reduce the

wasted energy.
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