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ABSTRACT

The presence of DG in the electrical distribution network provides some benefits, such as
power loss reduction, improvement of voltage profile and voltage stability. There is a need
to achieve optimality in allocating and sizing of DG in the distribution system network.
Although numerous studies have been conducted regarding this topic, recent trends indicate
that further improvements can be achieved using the multi-objective meta-heuristic
optimisation method. Hence, this research reviews and analyses different meta-heuristic
optimisation techniques to determine an effective approach to locating and sizing the DG
based on single and multi-objective functions. In addition, the voltage stability index (VSI)
has been considered by researchers as one of the key parameters in analysing voltage stability
in this field of study. Therefore, this research also investigates and compares the two
different VSIs that are widely used to determine the most suitable VSl that gives much better
optimisation results. The objective functions considered in this research are voltage
deviation, power loss and voltage stability index. As for multi-objective functions associated
with the optimisation problem, a weight-sum method is typically used to determine each
objective function's coefficient factors (CF). However, there are no exact calculations behind
the weight-sum method. On the other hand, this research proposes an Analytical Hierarchy
Process (AHP) for obtaining more reliable weights (w1, w2, w3) or coefficient factors based
on priority rank. The simulations of single and multi-objective function optimisations have
been carried out using MATLAB for meta-heuristic techniques on the IEEE 33-bus and 69-
bus radial distribution networks. The results showed that the Firefly Algorithm (FA)
performs much better for the optimal allocation and sizing of DG compared to the other
metaheuristic techniques, particularly based on convergence characteristics and standard
deviation. Finally, an AHP was integrated with FA to form Firefly Analytical Hierarchy
Algorithm (FAHA) to automatically calculate the weight of each objective function based
on the load flow outputs followed by the optimisation process. In the load flow analysis, the
optimisation and development of FAHA was implemented on the IEEE 118-bus radial test
network. The optimisation using FAHA was carried out with the regulated voltage at the DG
location during the load flow. The AHP was also found to yield accurate weights of the
coefficient factors for each objective function compared to the weight-sum method generally
used in studies. Moreover, the empirical results obtained showed that incorporating the AHP
into Firefly Algorithm improved the accuracy of weight calculations in the multi-objective
formulation of the optimisation process. Practically, this FAHA has great potential
applications for the optimal allocation and sizing of DG in the radial distribution network.



ALGORITMA HIERARKI ANALITIKAL KELIP-KELIP BAGI PERUNTUKAN
PENSAIZAN  OPTIMUM JANAKUASA TERAGIH DALAM RANGKAIAN
PENGAGIHAN JEJARI

ABSTRAK

Kehadiran DG dalam rangkaian pengagihan elektrik memberikan beberapa faedah, seperti
pengurangan kehilangan kuasa, penambahbaikan profil voltan dan kestabilan voltan. Oleh
itu, terdapat keperluan untuk penentuan dan pensaizan DG yang optimum dalam rangkaian
sistem pengagihan elektrik. Walaupun banyak kajian telah dijalankan mengenai topik ini,
perkembangan terkini menunjukkan penambahbaikan boleh dicapai dengan menggunakan
kaedah pengoptimuman meta-heuristik berbilang objektif. Oleh itu, kajian ini mengkaji dan
menganalisa beberapa teknik pengoptimuman meta-heuristik untuk menentukan lokasi dan
saiz DG berdasarkan fungsi tunggal dan berbilang objektif. Selain itu, indeks kestabilan
voltan (VSI) telah diambilkira sebagai salah satu parameter utama dalam menganalisis
kestabilan voltan dalam bidang kajian ini. Oleh itu, kajian ini menyelidik dan
membandingkan dua VSI berbeza yang digunakan untuk menentukan VSI yang paling sesuai
dalam memberikan hasil pengoptimuman yang lebih baik. Fungsi objektif yang
dipertimbangkan dalam penyelidikan ini ialah sisihan voltan, kehilangan kuasa dan indeks
kestabilan voltan. Bagi fungsi berbilang objektif yang dikaitkan dengan masalah
pengoptimuman, kaedah jumlah berat biasanya digunakan untuk menentukan faktor pekali
(CF) setiap fungsi objektif. Walau bagaimanapun, tiada pengiraan tepat di sebalik kaedah
jumlah berat tersebut. Sebaliknya kajian ini mencadangkan Analytical Hierarchy Process
(AHP) untuk mendapatkan pemberat (w1, w2, w3) atau faktor pekali yang lebih dipercayai.
Simulasi bagi pemgoptimuman fungsi tunggal dan berbilang objektif telah dijalankan
menggunakan MATLAB untuk teknik meta-heuristik pada rangkaian pengagihan jejari
IEEE 33-bus dan 69-bus. Keputusan menunjukkan bahawa Firefly Algorithm (FA)
berprestasi jauh lebih baik untuk peruntukan dan saiz DG yang optimum berbanding teknik
metaheuristik yang lain, terutamanya berdasarkan ciri penumpuan dan sisihan piawai.
Akhir sekali, AHP telah disepadukan ke dalam FA untuk menjadi Firefly Analytical
Hierarchy Algorithm (FAHA) untuk mengira secara automatik berat setiap fungsi objektif
berdasarkan keluaran aliran beban diikuti dengan proses pengoptimuman. Dalam analisis
aliran beban, pengoptimuman dan pembangunan FAHA diuji ke atas rangkaian IEEE 118-
bus. Pengoptimuman menggunakan FAHA telah dijalankan dengan voltan-terkawal di
lokasi DG semasa aliran beban. AHP juga menghasilkan pemberat tepat bagi factor pekali
setiap fungsi objektif berbanding kaedah jumlah berat yang biasanya digunakan dalam
kajian. Selain itu, keputusan empirikal yang diperoleh menunjukkan bahawa menyepadukan
AHP dan voltan-terkawal ke dalam FA dapat meningkatkan ketepatan pengiraan berat
dalam rumusan pengoptimuman pelbagai objektif. Secara praktikal, FAHA ini mempunyai
potensi aplikasi untuk penentuan lokasi dan saiz DG yang optimum ke dalam rangkaian
pengagihan jejari.
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CHAPTER 1

INTRODUCTION

This chapter provides an introductory background to the fundamental electric power system
and the application of distributed generation (DG). It also explains the objectives and
motivations behind the presented research. In addition to that, the research contributions are

highlighted in this chapter, followed by the organizational structure of the thesis.

1.1 Background of research

The growing demand for energy has increased electricity production much closer to
its capacity limit. Nonetheless, the power utilities must maintain sufficient reserve margins
of existing power generation. The conventional power plants have their limitations and one
of the issues is the long transmission distance, which leads to power losses (Muthukumar
and Jayalalitha, 2016; Fathi et al., 2019). Recently, utility providers have been actively
planning to expand their distribution and transmission networks to accommodate the
increased demand for electrical power. However, today’s economic and environmental
factors impose several restrictions on network expansion in the worldwide electricity
industry, even as power demand rises (Pesaran H.A et al., 2017). Besides, the constant
increase in demand will reduce the voltage profile and affect system stability, resulting in
power system network failure due to stressed conditions (Saadati, 2017; Mustaffa et al.,
2019). Developing new substations or extensions of those currently available is a typical and

conventional solution.



The technological advancement allows for a different approach to tackling the
aforementioned issues. Lately, DG integration into electrical system networks has been
widely used as an alternative solution (Kamaruzzaman et al., 2019). DG defines as the
decentralized generation of electric power generated and delivered to the user with a small
amount of power generation located close to the load centre (Badran et al., 2017; Pesaran
H.Aetal., 2017; Yusof etal., 2017; Ainna et al., 2019; Elkadeem et al., 2019). DG units can
be installed at any area in the distributed network to supply power locally or at the points of
demand.

DGs are commonly used to provide part of the significant power required to sustain
the network by increasing the system voltage profile, reducing power losses and improving
the distribution system’s overall performance (Hasan et al., 2014; Eltawil et al., 2018;
Elkadeem et al., 2019; Onlam et al., 2019; Raj et al., 2019; Azam Muhammad et al., 2020).
DG is used to supply real power (P) demand as a stand-by supply for the network system
and, simultaneously, maintain the voltage at a particular bus (Prakash and Khatod, 2016). It
is connected directly to the distributor network or end-user.

There are two types of DG resources which can be classified as non-renewable
resources (diesel) and renewable resources (solar, hydro, biomass, and biothermal). DG units
using renewable resources can effectively improve distribution systems' technological,
economic, and environmental characteristics (Jordehi, 2016). More importantly, solar power
is Asia's most widely available renewable resource due to being closer to the equator (Abdul
Kadir et al.,, 2019). The integration of solar power generation into a power system
distribution and transmission network is known as Photovoltaic (PV) distributed generation
or PVDG. It is also defined as Large Scale Solar (LSS) by TNB standard operating voltage

in Peninsular Malaysia grid system is 11 kV and 33 kV for distribution level while 132 kV,



275 kV and 500 kV for transmission level. Based on large-scale solar (LSS) guidelines,
1MW to 29 MW photovoltaic distributed generator (PVDG) injected into the distribution
network and 30 MW to 50 MW PVDG connected to the transmission network at 132 kV
only (Suruhanjaya Tenaga Malaysia, 2017). Therefore, the proper size of DG will
significantly improve the power system performance.

Depending on the operating features of the distribution system and the DG
characteristics, the incorporation of DG into the distribution system will have either a
positive or negative impact (Nguyen et al., 2016; Prakash and Sujatha, 2016; Rajendran and
Narayanan, 2018a; Saleh et al., 2018). DG can be functional if it fulfils at least the actual
system operating perspective and feeder design requirements (Daud et al., 2015). According
to Abdul Kadir et al. (2014), the DG's effect on the power quality depends on the type of
DG, its interaction with the utility system, the size of the DG unit, the total capacity of the
DG compared to the network, the size of the load generation at the interconnection point and
the feeder voltage regulation practice (Daud et al., 2015; Sarimuthu et al., 2017).

Many optimisation algorithms have been proposed to determine the optimal
placement and sizing of DG, inclusive but not limited to those inspired by mathematical
techniques, machine learning, heuristic, hybrid and metaheuristic techniques. This research
focused on implementing and analysing suitable metaheuristics algorithms for finding

solutions to the problems related to the optimal placement and sizing of DG.

1.2 Motivation of research

The growth of DG application in radial distribution system networks is due to its
benefits. However, several challenges occur due to the non-optimal location and size of the

DG, such as causing more power loss and voltage instability. The deployment of Solar



Distributed generation at the transmission and distribution level is known as LSS or PV
generation (Suruhanjaya Tenaga Malaysia, 2017). According to the TNB (2018), the size of
LSS or photovoltaic DG (PVDG) should be within the 1 MW to 50 MW for distribution and
transmission systems, while the DG size for the distribution level is within 1 MW-29 MW.
On the other hand, the desirable size for transmission level is within 30 MW-50 MW. Hence,
there is a need for research and development (R&D) in this area to facilitate the growth of
the DG application, especially in the renewable energy (RE) industry, to conserve the
environment for future generations.

Non-optimal location and size of DG will cause significant voltage deviation, higher
power loss, and voltage instability within the network that is linked closely to the load buses.
These problems will indeed affect the quality and continuity of the electrical power supply
to the consumers. When the electric power supply is compromised, it can lead to even worse
problems such as undesirable economic losses. Therefore, achieving optimal allocation and
sizing of DG has become a major concern in distribution system planning.

Moreover, the allocation and sizing technique should be planned adequately to
ensure that all the challenges are accounted for in the planning stage. Over the past years,
power system engineers have introduced many optimisation techniques for optimal
allocation and sizing of DG that considered a few challenges called multi-objective meta-
heuristic techniques. In multi-objective optimisation techniques, the weight of every
objective function is vital in ensuring the challenges can be overcome. Therefore, there is a
need to determine the proper weight or coefficient factor for each objective in multi-
objective optimisation to obtain DG's optimal location and size. However, there is a lack of
research on a common method to determine the aforementioned parameter, thus requiring

in-depth analysis.



1.3 Problem statement

The power loss and voltage deviation in the electrical distribution network may cause
the voltage instability problem. Regarding this issue, DG is used to maintain the voltage
within the network while reducing the power loss. However, improper allocation and sizing
of DG gives negative impacts such as increased voltage deviation and power loss, voltage
instability issues and decreased system efficiency. An optimisation technique is commonly
used for optimal placement and sizing of DG. However, there are rooms for improvement in
the meta-heuristic optimisation technique to provide an optimal solution. One of the negative
impacts of improper location and size of DG is the voltage instability issues. Therefore,
Voltage Stability Indices (VSI) indices are commonly considered in optimal DG allocation
and sizing to maintain the voltage stability within the network. Nevertheless, there is a lack
of studies comparing and analysing the indices to identify the most suitable VSI for DG
placement and sizing. Furthermore, the VSI suitable for transmission systems may not be
ideal for distribution systems due to the radiality structure.

Generally, there are single and multiple objective functions that the previous
researcher has considered in order to increase the power system operation performance.
Typically, the optimisation commonly comes with a set of objective functions known as
multi-objective functions. In the current research, the weighted-sum method is widely used
to prioritize the objective function and convert the multi-objective function into a single-
objective problem. However, there is no exact calculation behind the weighted-sum method
to verify its reliability.

The analytical hierarchy process is a multi-criteria decision-making approach to
assist the designer in making decisions for complex multi-objective problems in various

fields. However, it is rarely used in power system analysis. It will be proposed to integrate



AHP into the most effective meta-heuristic with a multi-objective function to overcome the
lack of a weighted-sum method in terms of calculation. The three objective functions that
will be studied are voltage deviation (Vpev), power 10ss (Pioss), and voltage stability index
(VSI). The Metaheuristic technique can only obtain the optimal location and size of DG,
while AHP can only calculate the weight of objective functions. Therefore, by integrating
the AHP into the most effective technique, develop a new hybrid technique to enhance the
accuracy of placement and sizing of DG's technique by taking advantage of the synergistic
relationship of two algorithms with multi-objective functions. Last but not least, the concepts
of load flow are commonly utilized when analysing the network’s performance. Hence, load
flow will again be used extensively for obtaining the required data for the optimisation

technique.

1.4  Research objective

This research aims to improve the method of the optimal allocation and sizing of DG
in a radial electrical distribution network. The main objectives of this research are as follows:
i To compare and analyse different meta-heuristic techniques for optimal placement

and sizing of distributed generation (DG) based on a single objective function

involving six techniques and a two-objective function involving the selected three
methods.

ii. To propose the suitable VVSI with power loss and voltage deviation based on the
weighted-sum method in the proposed three-objective function for the optimal

placement and sizing of DG using the selected three techniques.



1.5

1.6

To integrate the final chosen technique with Analytical Hierarchy Process (AHP) via
incorporating load flow technique in the proposed allocation and sizing of DG using

suitable VSI.

Scopes and limitations of research

The scopes and limitations of this research are as per below:

The studies were conducted on three test systems, namely IEEE 33-bus, IEEE 69-
bus and IEEE 118-bus radial distribution system, using MATLAB simulation
software to determine the optimal location and most suitable size for DG to be
installed in the radial distribution network.

The load flow analysis was simulated using MATPOWER tools in MATLAB
application software.

The research focused on the DG of type-1, which only injects the active power (P).
This research will study meta-heuristic techniques based on evolutional

programming, the food hunting process and natural phenomenon.

Contributions of research

The findings or outcomes of the research are expected to contribute to the field of

optimisation methods to enhance the operation of the power system. The main contributions

of this thesis are as follows:

The metaheuristic techniques provide reliable data for the distribution network in
terms of improvement of power loss reduction and voltage profile and the accuracy

of each optimisation technique.



i The comparison of VSI performance for the placement and sizing of DG aids in a
better choice of VSI for the related future distribution network.

hi. The multi-objective function with three objective functions provides more reliable
data compared to the two objective functions.

Iv. The AHP uses systematic calculations to determine each objective function's weight
or coefficient factor and increases the accuracy of multi-objective function

formulation.

1.7 Thesis outline

The thesis comprises five chapters: an introduction, literature review, methodology,
results and discussion, conclusion, and future recommendations. Chapter 1 presents the
background of the study, problems statement, objectives, scopes and limitations, and thesis's
organization. Chapter 2 is a literature review and presents various literature reviews on the
related studies of this research. Initially, the optimal location and sizing of DG using meta-
heuristic techniques in an optimisation problem and related studies on voltage stability
indices and AHP were also presented in this chapter.

Chapter 3 presents the research methodology developed to optimise techniques for
optimal location and sizing of DG using meta-heuristic techniques, voltage stability indices
and AHP. The results from selected meta-heuristic techniques will be analysed to choose the
best technique that can give an optimal solution. The preferred technique was applied to
analyse which is the most suitable VSI for optimal location and sizing of DG using a multi-
objective function considering voltage deviation, power losses and voltage stability index.
Then the AHP will be implemented to identify the proper weight of each objective function.

The evaluations were performed on the IEEE 118-Bus RDS. All the objective functions are



obtained from the load flow results.
Chapter 4 is results and discussion, including all the results and discussion for optimal
allocation and sizing of DG. Lastly, Chapter 5 presents the overall conclusion of the research,

followed by recommendations for future works.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

This chapter presents the concept of a radial distribution network (RDS), followed
by an overview of the distribution generator and its function in a distribution network. An
extensive review on metaheuristics in general, as well as its implementation to optimise the
placement and the size of DG in RDS, is also conducted. The algorithms were categorized
under three types, which are derived based on the evolutionary process. These algorithms
take inspiration from animals foraging for food and their swarm behaviours and those that
are inspired by natural phenomena such as gravity. In addition, voltage stability indices in
DG optimal placement are reviewed and analysed to be used as the key parameter in
evaluating the performance of power system operation. Next, this chapter discusses the AHP
model for weight calculation of each objective function involved in the optimisation problem
to be implemented as a decision-making tool in a multi-objective optimisation mechanism.
Finally, this chapter concludes by critically reviewing the relevant literature and providing a

summary with suggestions of important research gaps that warrant the proposed study.

2.2 Overview of distribution network
There are three essential elements in the electric power system which are the
generation station, the transmission system and the distribution system. Generally, the

electrical energy generated at the generation station was stepped up and transmitted through
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a transmission system with high voltage to the end-user in the distribution system (Hadi
Saadat, 2004; Asija et al., 2016). Transmission systems transfer electrical energy from the
generation station at various locations to the distribution system. In the United States, the
American National Standards Institute (ANSI) establishes a standard transmission voltage
range of 60 kV to 230 kV, while the distribution system’s operating voltage is 11kV to 33
kV. The distribution system is the backbone of an electric power system. It is the part that
receives the high voltage and steps it down to match the consumer’s need. In Malaysia, the
operating voltage for the distribution network is 33 kV, 11 kV and 400/230 volt (TNB, 2018),

as shown in Table 2.1.

Table 2.1: Operating condition of the distribution network (TNB, 2018)

Distribution network Nominal voltage Operating voltage limit
Low Voltage 230V, 400V +10 % and -6 %
Medium Voltage 11kV, 33kV 5%

The primary objective of the power distribution system is to provide consumers with
reliable electrical power. A few electricity supply’s related parameters, such as frequency,
uninterrupted, continuous supply, and voltage level, must be within the permissible limits to
provide satisfactory service for the end users while also meeting the increasing demands.
Therefore, the optimised Distribution System Planning (DSP) is introduced to ensure the
distribution system is optimally planned and able to meet future customer demand growth.
One of the objectives of DSP is to enhance the distribution system capabilities, needs, and
operational constraints by integrating Distribution Energy Resources (DERS) into the system

(TNB, 2012; Advanced Energy Economy, 2018). The important outcome of DSP is to
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encourage DERs to be placed where they can be most beneficial to the system. DERs
generally include all types of distributed generators and energy storage systems (Advanced
Energy Economy, 2018; IEEE Standard Association, 2018).

In general, distribution systems are classified into three types: the radial, mesh and
loop or ring distribution network system. Each system has its own advantages and
disadvantages in terms of voltage stability, reliability, and security. This research will focus
on the radial distribution network due to the structure, which only depends on a single source
in the network. The single-line diagram of a radial distribution system is shown in Figure
2.1. A radial system utilises a single energy source to serve a cluster of consumers.
Therefore, any power outage, short circuit, or faulty power line would disrupt the flow of

electricity throughout the line, which would have to be fixed before power could be restored.
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Figure 2.1: A single-line diagram of a radial electrical distribution system (Musa and
Tengku Hashim, 2019)
2.2.1 Losses in a distribution network
Power systems are implicit with power losses (Ma et al., 2019). Losses is defined as
the difference between the energy entering a system and the energy exiting a system (Council
of European Energy Regulators (CEER), 2017). Specifically, the power dissipation during
the electricity transmission process from supply to the user is known as distribution losses

(Elshahed et al., 2017; Koong et al., 2018). The main reason of power loss in the radial
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distribution system is its topology or the length of the distribution lines. Generally, the load
is randomly located over a large area; thus, 11 kV and 400 V lines are extended over a long
distance in order to cover as much area as possible, especially in rural areas. However, this
causes very high line resistance, which in turn causes high I°R losses in the line. Therefore,
the probability of failure (POF) will increase if the consumer is farther away from the source
and has a higher risk of interruption. This highlights one of the critical issues in distribution
networks where the distance from the power source is a significant cause of distribution loss
(Lin et al., 2020).

Hence, this is one of the greatest challenges for utility providers to continuously
provide satisfactory service to the users (European Commission, 2015; Priyadarshini et al.,
2017). Research shows that the proportion of loss can be up to 70 % of the total power
generated lost at the distribution level (Abbasi and Hosseini, 2016). According to CEER
(2017), Europe's distribution system energy losses range from 2% to 13.5 % of total energy
input. Meanwhile, from 2016 to 2020, the US transmission and distribution systems lost 5%,
equating to about seven billion megawatt hours of electricity (US Energy Information
Administration, 2021). More importantly for utility providers, these non-negligible losses
will directly have an undesirable effect or impact on the providers’ financial aspect and
indicate the efficiency of the utility’s electricity delivery to customers (Kavitha et al., 2014).
Hence, the losses in the distribution system need to be minimized to improve the power
system’s performance, which will reduce the voltage drop and directly improve the
efficiency of the voltage profile in RDS.

In Malaysia, the distribution Network, on average, contributes to approximately
between 5% to 10% of power losses of its total energy input. Annually (Ibrahim et al., 2019).

This loss is caused by a combination of technical and non-technical factors and averages
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around 10 per cent per year. It should be noted that this percentage, which once exceeded
13% and is now only 4%, has decreased significantly over time (Energy Commission, 2019).
Besides, according to data from TNB Distribution, Malaysia's power utility company, the
average technical loss for the distribution network is roughly between 3 per cent and 10 per
cent. While TNB integrated annual report, 2021 also reported that Malaysia’s distribution
losses increased from 6.21 % to 6.69 % from 2017 to 2020 (TNB, 2021). However, the
distribution losses decreased to 6.16 % in 2021 and reflect the Commission's efforts, which
is constantly looking for system improvements to reduce loss.

There are various loss reduction techniques, including reconfiguring feeders (Badran
etal., 2017), placing capacitors (Eltawil et al., 2018), grading conductors (Suvarchala et al.,
2018), and placing DG units (Suresh and Edward, 2020). Passive elements are used in these
methods except for DG unit placement. On a side note, both capacitors and the DG units can
minimize the power loss. Interestingly, several studies suggest that a distribution network
consisting of optimally placed distributed generators can contribute significantly to the
reduction of power losses (Alinejad-Beromi et al., 2007; Nasirah, 2015; Sudabattula and
Kowsalya, 2016; Daroj, 2017; Mustaffa, 2017; Mustaffa et al., 2017; da Rosa et al., 2018;
TNB, 2018; Quadri et al., 2018; M’hamdi et al., 2020; Nguyen et al., 2021).

In order to achieve maximum reduction of power losses, the distributed generators
must be stationed optimally in the feeder system. Therefore, the DG’s output is released
when the system is experiencing high power losses in order to compensate for the losses so
that the distribution network can continue operating at an optimum level of output power
(Shahzad et al., 2016; Prasanna et al., 2018; Muhammad et al., 2019). Therefore, optimizing
the location and size of the DG in the distribution system is paramount in achieving optimal

performance. However, having said that, it is almost impossible to manually determine the
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optimal placement of DGs. It is also equally impossible for a trial-and-error approach to find
this ‘sweet spot.” Hence, the proposed approach taken is to implement, analyse and compare
several metaheuristic algorithms that are able to find the optimal locations for the DGs to be

placed in the distribution network.

2.2.2 Voltage profile improvement in distribution systems

The voltage profile of a loaded distribution network feeder is generally designed such
that the voltage level is highest near the busbar and decreases as the feeder is loaded. In a
distribution system, operators are responsible for keeping each customer's voltage level
within a specified range. Different standards have been established to maintain acceptable
voltage profiles in distribution systems. In Malaysia, practically, utility providers strive to
maintain a voltage regulation range of + 5% (TNB, 2018). A few techniques are deployed
for voltage profile improvement in a distribution network, such as using capacitor bank and
distributed generation. The interest in utilising the effectiveness of DG in improving and
optimising the voltage profiles of distribution systems has seen a steady increase lately.
Installing DG at certain buses will inject active power (P) to the buses while maintaining the
voltage fixed and constant at any particular value. When the voltage increases, the current
will decrease, which can reduce power losses.

By altering the patterns of power flow, DGs can enhance the voltage profiles; at the
same time, the power losses are reduced. Considering this, the proposed study will
incorporate DG into the approach to improve the distribution network’s voltage profile.
Table 2.2 shows the type of bus used in power flow analysis (Gross, 1986; John J. Grainger
and Wiliam D. Stevenson Jr, 1994; Hadi Saadat, 2004). The generator-operating

characteristics require the system to stay within the allowable region. Hence the power
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output of DG (PDG) is constrained within Pmin < Ppc < Pmax. In this thesis, regulated
voltage means that the bus voltage at the DG location is kept constant at any particular value
from 1.0 to 1.05 p.u during the execution of the load flow analysis. Then, the location of the
DG becomes a PV-bus because the DG provides active power (P) with constant fixed voltage

magnitude |V|. Hence, the voltage at DG locations will be referred to Vpe throughout the

thesis.

Table 2.2: Bus type for power flow analysis (Gross, 1986; Hadi Saadat, 2004)

Bus type Known Unknown Approximate
number
Slack (Swing-bus) V|=1.0,6=0 P,Q 1
Load (PQ-bus) P,Q V|, & ~85 %
Generator (PV-bus) P, |V| 6,0 ~15%

2.2.3 Voltage stability index

Voltage Stability Index (VSI) are scalar magnitudes used to assess the voltage
stability state in the power network and observe the changes of this parameter in the system
(Modarresi et al., 2016; Alhamrouni et al., 2018). VSl is a voltage equation derived from the
two-bus system network to find the bus that is more prone to collapse (Srivasta et al., 2008;
Samuel et al., 2017). The VSI is also known as a mathematical formulation that calculates
and recognizes the possibility of a bus to voltage collapse in the distribution system if an
overload occurs (Srivasta et al., 2008; Hadavi et al., 2017; Sannigrahi and Acharjee, 2018;
Tang et al., 2018). This parameter is useful in determining the voltage stability in the

distribution network while also used to determine the distance from the voltage collapse
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point to the operational point. This highlights the importance of selecting suitable VSI in
power system operation and planning since continuous significant voltage deviation may
cause voltage instability that can indirectly increase the possibility of voltage collapse. The
following section reviews several VSIs used in the optimal allocation and sizing of DG in

the radial distribution network.

2.2.3.1 Application of voltage stability index for DG allocation and sizing

The voltage stability index (\VSI) is a popular tool used as an indicator to identify the
stability of the whole system during dynamic conditions. For example, VSI is used for
predicting line outages, VSI for determining the best location for the placement of the DG
units, improving line performance and voltage stability margin, and detecting voltage
instability (Moghavvemi and Omar, 1998; Modarresi et al., 2016). Several studies presented
a combination of VSI and power loss as a multi-objective function in order to enhance the
VSI and minimize the real power loss as well as enhance or at least maintain the voltage
profile to be within the minimum required level (Prakash and Khatod, 2016; Srinivas and
Kale, 2018).

The authors in Sultana et al. (2016) and Bhuyan et al. (2018) indicated that the
placement of DG considered the minimization of power losses, especially that of energy
losses and active power losses, which can at least maintain the bus voltage and voltage
stability index within specified limits. It is stated that the voltage profile and VSI are
improved significantly with the optimal placement of DGs (Mohandas et al., 2015; Irfan et
al., 2018). The authors shared that both the VSI value along with the voltage profile were

extremely poor before the insertion of DG.
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El-Ela et al. (2018) presented that optimizing the DGs' location and size is said to be
very effective in minimizing system power loss and improving VSI and voltage deviation,
supported by results showing a significant improvement in system performance. The VSI is
also used with the main objective of enhancing the voltage profile and VSI (Sridhar and
Prakash, 2019; Srinivas and Kale, 2018). However, the performance quality and the
effectiveness of the algorithms are very subjective and usually problem-dependent.

According to Eminoglu and Hocaoglu (2007) and Norazliani (2018), the authors
mentioned that Stability Index (SI) is based on transferred active and reactive power for the
radial distribution system. When the value of SI equals zero, the power system will reach an
instability condition. On the other hand, another author presented the Fast Voltage Stability
Index (FVSI), which gives priority of the weakest bus in instability conditions (Musirin and
Abdul Rahman, 2002; Yusof et al., 2017). The power system will reach an unstable state
when FVSI equals one. In addition, another type of VVSI is keep proposed by a researcher to
optimise the size and location of DG in order to improve the voltage stability index
(Kazeminejad et al., 2019). These results show that DG's optimal location and size are
superior in overcoming the voltage stability problem.

Table 2.3 summarizes the VSI applied for optimal placement and sizing of DG in the
distribution system. From this table, this research proposes SI and FVSI for optimal
allocation and sizing of DG in the distribution system. Although some research has been
carried out for other types of VSI in the DG placement and sizing, however in this research

has not been explored yet.
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2.3 Application of distributed generation

Generally, Distributed Generation (DG) is known as an on-site generation,
decentralized, dispersed generation, and embedded generation based on countries or regions.
The DG also can be described as a small electricity generator of up to 50MW that can either
be used in an isolated way as part of the distribution networks or to supply the consumer’s
local demand. Overall, it can be summarized that DG is a compact power generation that can
be commissioned within the power system network to support the current power supply from
conventional power (Ackermann et al., 2001; IEEE Standard Association, 2018; Bawazir
and Cetin, 2020).

The incorporation of DG in the power systems has gained traction lately due to
various advantages that utility providers and, more importantly, consumers will stand to
benefit while at the same time providing solutions for economic and environmental
challenges (Masaud et al., 2017; Irfan et al., 2018; Paul et al., 2019). Implementing DGs at
sensitive points is also much more cost-effective compared to replacing or building a new
power system. The primary goal of incorporating the DGs into the distribution network is to
enhance the power system efficiency and increase system continuity and reliability (Shalash
and Ahmad, 2013). This can be achieved via better and improved voltage profiles as well as
lower distribution system losses (Saad et al., 2017).

Renewable energy such as solar energy, tidal, geothermal heat, wind, and biomass
can be considered the DG source. At the same time, one can also consider the conventional
source such as diesel (Dulau et al., 2014). Four types of DG are available in the field, which
are types 1 to 4, as shown in Table 2.4 (Kaur and Jain, 2019). The PV-based DGs injecting

active power to the network are classified as DG type-1.
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Table 2.4: Types of distributed generation (Kaur and Jain, 2019)

Type DG Description
1 Capable of delivering only real power
Examples: Photovoltaic, microturbines, and fuel cells
2 | Able to deliver only reactive power
Examples: DGs based on the synchronous compensator
3 Able to deliver both real and reactive power
Examples: Cogeneration and gas turbine
4 | Capable of delivering real power but consume reactive power.
Examples: DGs are doubly-fed induction generator (DFIG) and
induction generators used in wind farms

The benefits of DG insertion can be classified into three: technical and management
benefits, economic and environmental benefits (Viral and Khatod, 2012; Badran et al.,
2017). From the operational point of view, the DG units will enhance the quality of the
power supply, voltage profile, and the performance of the distribution systems in general by
reducing the distribution network losses. DG units can also supply multiple loads, indirectly
reducing transmission network losses by reducing power flow to meet certain constraints,
thus improving the voltage profile. In an emergency or system failure, DG units can provide
backup power. Depending on the capacity, they could be installed on a medium or low
voltage network with proper sizing and placement. Figure 2.2 provides a summary of the
benefits of DG (Badran et al., 2017; Theo et al., 2017).

As seen in Figure 2.2, in an effort to attain the aforementioned benefits, the renewable
energy sources used to power the DG units must meet several operational criteria. Equally
important is for the units to be reliable and to be able to satisfy the customers’ demands.
However, some research suggests that installing DG could actually worsen the power
network’s performance, thus requiring a systematic planning strategy (Hadavi et al., 2017,
Oda and Abdelsalam, 2018). Therefore, the DG integration must be optimally located, and

the right size is chosen, or it will certainly defeat the purpose of implementation.
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Figure 2.2: The benefits of DG

The selection of DG technologies has a direct, significant impact on the size and
placement of the units. All DG technologies aim to improve efficiency and reduce insertion,
operating and maintenance costs (Badran et al., 2017; Balamurugan et al., 2018; Jiménez-
Fernandez et al., 2018). The recent increase in renewable energy generation aims to address
environmental concerns while lowering power plant construction costs. The International
Energy Agency (IEA) defines green energy sources as those that are largely non-depletable
(Ackermann et al., 2001). They are plentiful. However, the availability of various energy
resources varies by region, country, and technology. Photovoltaic systems and wind turbines
are two of the most promising and prominent renewable energy systems that are widely
available to be sourced (EI-Amin and Ahmed, 2014).

Wind energy is a cost-free, environmentally-friendly and limitless source of energy.
Wind turbine systems have been installed and are typically integrated into the power grid.
Moreover, some smaller wind turbines are usually ideally located and have a perfect size,
making them an attractive choice for distribution connection. Meanwhile, PVDG is scalable
and flexible in terms of size and location and is classified into four types: micro, small,

medium, and utility-scale. It has a number of advantages, including ease of operation and
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low maintenance. Renewable DG is known as a time-varying output source, with the output
varying according to the availability of the source, such as sunlight or wind. However, the
drawback is that the energy is inconsistent. However, the photovoltaic power output is more
predictable and reliable than wind power output because of the wind's highly intermittent
and uneven speed (Al-Muhaini and Heydt, 2013). As a result, PV-based DG is more

appropriate for distribution system planning.

2.3.1 Maximum allowable penetration level and importance of size and location of

DG

Maximum allowable DG penetration is a major concern in the power system because
if DG is properly located and sized with an appropriate penetration level, it can take on a
critical role in improving the voltage profile and reducing losses in distribution systems.
According to Mahmoud et al. (2016), the size of a DG is defined as the ratio of all DGs
connected to the system's total load to the total power supplied by all DGs connected to the
system. Raj et al. (2019) found that 40% DG penetration can reduce power losses up to 48%.

In addition to that, the DG penetration level in a distribution system that considers
the DG sitting and sizing was 40-50% to maintain the system efficiency and reliability
(Daud et al., 2016). The simulation results showed that when the DG penetration increases
or exceeds 50%, it will cause voltage violation. However, Chen et al. (2013) highlighted that
the location, type, and size of the DG installed play a major role in achieving optimum
penetration limit and staying within the desired voltage. Furthermore, it is suggested that the
network is unable to maintain the DG penetration level due to critical VSM level under peak
load conditions where it might only be able to sustain a DG penetration of approximately

20%although it should be achieving a DG penetration closer to 60% in this condition. A DG
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penetration is said to be low level if it is about 1 to 5 %. Having said that, this will not have
a significant effect compared to central power plants as DG units are smaller in capacity. On
the contrary, if the penetration level rises to about 20 to 30 %, then it may cause serious
effect (Atwa and El-Saadany, 2010; O. Mohamed et al., 2019).

Photovoltaic (PV) penetration will increase current injection into the low and
medium-voltage networks. As a result, there might be possibilities of excess voltage or also
known as overvoltage, in the events if the current injection is much higher compared to the
network’s load. In Malaysia, the PVDG penetration limits for medium voltage solar PV are
recommended to be 85 % of daytime through load at 132/11kV and 132/33kV networks.
One has to take note that when operating on an 11kV network, the maximum allowable
capacity of PVDG is set to approximately 50% of the cable capacity from the point of
connection to the source, with a maximum allowable capacity of 2MW (Technical
Guidelines for Interconnection of Distributed Generator to Distribution System, 2018). The
total sum of DG power in the network should be less than or equal to the total connected

load (TCL) in the network, as shown in Equation (2.1).

Poeyee < TCL (2.1)

The voltage profile and lower losses can be reduced by increasing the DG penetration
level (Esmaili, 2013; Ganguly, 2020; Rathore and Patidar, 2021). Several criteria, such as
the location, type, and size of DG, play a role in determining the maximum amount of
penetration level the DG units can be injected without exceeding the maximum boundary in

terms of total losses. Therefore, as a utility provider, it is crucial to ensure that the penetration
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of DG is within the permissible level. In this research, the minimum and maximum boundary

size, as well as the total sum of DG, will be the constraints in the optimisation process.

2.3.2 Optimal allocation and sizing of DG

A considerable number of researchers have mainly explored several distinct methods
in solving the problem mentioned above: analytical method (AM), numerical, and
optimisation methods, including meta-heuristic and hybrid techniques. The AM is derived
from calculations of fast and direct algebraic expressions. This approach is generally used
for optimisation problems such as reducing power loss and improving the voltage profile
(Sultana et al., 2018; Parizad and Hatziadoniu, 2020). Adding to this, the numerical methods
were also used to study and optimise the size and location of DG units in distribution
networks (Sa’adah Daud, Kadir, Lada and Gan, 2016). There are four of them: Ordinal
Optimisation (Wang et al., 2015), Sequential Quadratic Programming (Sfikas et al., 2015),
Nonlinear Programming (Mahmoud et al., 2015), and Dynamic Programming (Zad et al.,
2015). Next, the optimisation method is a process of achieving the best possible result under
given conditions. There are two types of optimisation problems which are minimization
problems and maximization problems. Variables, parameters, objective function, and
constraints will be used to design the problem formulation. Out of these three techniques,
the optimisation method was the most widely used in solving this problem due to being able
to adapt and solve the uncertainties involved in optimizing a power system.

Generally, the optimisation algorithms are divided into five main categories:
metaheuristic, hybrid, heuristic, machine learning, and mathematical. Figure 2.3 illustrates
the taxonomy of optimisation algorithms (Muhammad, 2020). Various researchers have

implemented these methods in order to enhance the voltage profile while also reducing
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power losses (Dorahaki, 2016; Ma et al., 2019). This suggests that optimisation algorithms
have been successful in locating the optimal placement and size of the DG units in the
distribution network, which is also being explored in this study. Out of these five types of
optimisation methods, metaheuristic techniques are widely used by researchers due to their
promising results compared to other techniques. These techniques are able to converge to
the optimal solution and usually do not require high computational power, unlike machine
learning or neural network (Muhammad, 2020; Somashekar et al., 2020).

However, the computational time varies depending on the problem being solved as
well as the size of the problem set or instances where the computational time may increase
exponentially with the increase in problem size. Other factors that may affect the
computation time are the parameters involved and the choice of the metaheuristic algorithm
itself. Optimisation using the metaheuristic technique is applied to various problems in
power system research, such as network configuration, load shedding, power system
restoration, power system splitting, and distributed generation placement and sizing
(Somashekar et al., 2020). These methods appear to be the most promising for resolving
complex problems in a variety of fields. Some of the metaheuristic algorithms that have been
implemented and suggested include the genetic algorithm (GA), particle swarm optimisation
(PSO), simulated annealing (SA), and invasive weed optimisation (IWO). Metaheuristic
algorithms are useful for solving multi-objective functions because they are robust as they
are problem-independent, able to locate global optima or high-quality solutions, to say the
least, and highly efficient. After all, the solution quality is random in every trial due to the

algorithms’ stochastic in nature.
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Figure 2.3: General classification of optimisation techniques

There are other new methods for optimal allocation and sizing of DG, such as the
JAYA algorithm (Rao, R., 2016), Water cycle Algorithm (WCA) (El-Ela et al., 2018;
Latreche et al., 2020), Moth Flame Optimization Algorithm (MFO) (Sabri et al., 2019;
Settoul et al., 2019), Grasshopper Optimization Algorithm (GOA) (Saremi et al., 2017) and
Grey wolf optimizer (Mirjalili et al., 2014). However, the basic established algorithm that is
frequently used was chosen in this research because there are possibilities for further
improvements by incorporating several strategies or basic algorithms that can enhance the
performance by taking advantage of the synergistic relationship of the two algorithms.

Recently, hybrid metaheuristic algorithms have been extensively explored in order
to be able to gain the benefits of both worlds in terms of optimisation algorithms
(Priyadarshini et al., 2017). As an example, the No Free Lunch (NFL) theorem indicates that
for any optimisation problem, there is no one single optimisation algorithm that is considered

superior to any other algorithms based on the average taken from all problems (Joyce and
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Herrmann, 2018; Lockett, 2020). Therefore, one metaheuristic algorithm may perform better
in a problem set but poorly in a different problem set. This strongly supports the claim of the
NFL theorem and hence opens up the opportunity for the hybrid approach. Hybrid
metaheuristic algorithms have been shown to have improved performance over traditional
metaheuristic or heuristic algorithms especially in minimizing the power losses such as EP-
PSO, GA-PSO, GSA-FA, Harmony Search and Particle Artificial Bee Colony Algorithm
(HSA-PABC), Chaotic Maps Integrated Stochastic Fractal Search 10 (CMSFS10) and Two-
stage Biogeography-based Optimization (TWO-STAGE BBO) (Bawazir and Cetin, 2020;
Muthukumar and Jayalalitha, 2016; Al Samman, 2020; Duong et al., 2021). As a result, the
proposed study utilizes the metaheuristic and hybrid approaches in determining the optimal

DG allocation and sizing in the distribution network.

2.4 Review of meta-heuristic techniques

There are three main algorithms in the metaheuristic approach: those inspired by the
evolutionary process, food hunting process, or animal colonial and natural phenomenon. An
extensive review is conducted in the following section that discusses the background of these

algorithms.

2.4.1 Meta-heuristic optimisation techniques inspired by the evolutionary process
There are numerous metaheuristic algorithms solely based on the evolutionary
process, including Differential Evolutionary Algorithm (DEA), Genetic algorithm (GA), and
Harmony Search Algorithm (HSA), to name a few. Storn and Price (1997) developed the
differential evolution algorithm (DEA) in 1997 as a search strategy that is stochastic in nature

as well as based on population. The differences among the individuals in the population will
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influence the size of the mutation. DEA has been proposed as an efficient optimisation
technique for solving the optimal size and location of a distributed generation unit within a
distribution network (Dhananjaya Babu and Lakshmi Devi, 2020; Huy et al., 2020). The
technique minimizes the real and reactive power losses and improves the system’s overall
voltage profile (Kumar et al., 2019). DEA has three advantages; firstly, the algorithm can
locate the global optima as it is not parameter-dependent. Secondly, the algorithm has a fast
convergence rate where it is able to converge to optimal or high-quality solutions quickly.
Lastly, DEA requires only a few parameters to be initialized (Rajalakshmi and Durairaj,
2021).

John Holland founded the Genetic Algorithm (GA) in 1975, where the framework of
the algorithm is to replicate the biological evolution process usually observed in natural
phenomena. It is a subset of evolutionary algorithms that makes use of natural selection,
crossover, and mutations where a better-fit individual will be more likely to reproduce
offspring. Generally, GA produces offspring over several generations. There are several
methods to choose the two fittest individuals to produce offspring, such as tournament
selection or roulette wheel. Meanwhile, the mutation is used to maintain population diversity
by producing offspring with slightly different genes compared to their parents. GA is
considered to be the most widely used optimisation technique in the literature for resolving
the problem of DG placement and sizing. It was proposed to minimize distribution network
losses and determine the correct size and placement of DG units in power distribution
systems (Nara et al., 1992; Hassan et al., 2017; Coello, 2018; Morshidi et al., 2018; Amran
et al., 2019). The proposed algorithm's effectiveness in solving the DG allocation problem
has been proven in improving the distribution network’s voltage profile while maintaining a

low, negligible power loss. However, GA is found to be extremely exhaustive in its search
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for an optimal solution, requiring a significant amount of computational time and a longer
convergence time (Alinejad-Beromi et al., 2007; Akorede et al., 2011; Abdul Kadir et al.,
2014; Pesaran H.A et al., 2017). This is indeed computationally burdensome. Numerous
other authors have adapted and improved this method for optimising distribution networks

(Shaaya et al., 2019).

2.4.2 Meta-heuristic optimisation techniques inspired by animal colonization or food
hunting process

Metaheuristic techniques inspired by animal colonization or food hunting process are
inclusive of particle swarm optimisation (PSO) (Kennedy and Eberhart, 2021), Firefly
Algorithm (FA) (Yang, 2010) and Cuckoo search algorithm (CSA) (Moravej and Akhlaghi,
2013). PSO and FA are considered the most widely used techniques for solving hard and
intricate optimisation problems in various fields and will be explored in this research. PSO
was made famous by Eberhart and Kennedy in 1995, taking inspiration from swarm’s
intelligent behaviours such as flocking of birds, school of fish swimming in the ocean, and
more interestingly. The social behaviours of a human being (Kennedy and Eberhart, 2021).

PSO is considered one of the best search algorithms with no selection method. Each
particle from the swarm explores the search space to discover the best food source. PSO was
proposed for DG placement and sizing optimisation by minimizing the power loss and
improving the voltage profile were accomplished in (Uniyal and Kumar, 2016; Mohan and
Albert, 2017; Eltawil et al., 2018; Avchat and Mhetre, 2020; Kamel et al., 2020; Parihar and
Malik, 2020; Haider et al., 2021). In numerous studies, PSO has been successfully
implemented, enhanced, and chosen as one of the components for hybrid methods. Optimal

DG planning involves different DG types, such as wind energy DG and PVDG. Most
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research indicates that PSO produces superior and quicker results and very few initial
parameters to be initialized. PSO is well-suited and applicable to a wide range of
applications. However, it lacks the components that maintain the population’s diversity, such
as mutation or crossover.

The Firefly Algorithm (FA), proposed by Xin She Yang in 2008, is a global
optimisation metaheuristic algorithm that takes inspiration from the firefly insect’s flashing
behaviours that they used to woo attractive fireflies, especially to win over the opposite sex.
However, due to reduced complexity, the artificial fireflies are homogeneous, meaning they
have the same behaviours and are unisex while also attracting same-sex fireflies. The
brightness of the flashing determines the attractiveness levels where the firefly that is lesser
in brightness will be attracted to the brighter firefly. In the event of no brighter firefly, it will
move randomly until it locates one that is higher in brightness. An important note is that the
brightness is determined by the search landscape. This iterative process is governed by three
key parameters, which are attractiveness which is based on the intensity of the light,
randomization determines the exploration and exploitation process of the algorithm, and
lastly, the absorption rate relates to the convergence rate of the algorithm.

The Firefly Algorithm can be used to determine the optimal allocation and sizing of
DG in the distribution system (FA) (Sulaiman et al., 2012; Kumar et al., 2019; Abdul Hamid
etal., 2020; Tukkee et al., 2020; Jalili and Taheri, 2020; Lakshmi et al., 2020). FA is capable
of locating the optimal location and the DG unit’s size concurrently by minimising the power
losses of the network and voltage deviation while also improving voltage stability.
Additionally, the FA was utilised in this field of study to optimise the location and size for
various types of DG, such as those powered by sustainable, renewable energy (PVDG, wind

DG) or fossil fuel (diesel). Overall, FA is a highly efficient algorithm that is able to explore
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and exploit the search landscape systematically in locating the optimal solution.

2.4.3 Meta-heuristic optimisation techniques inspired by natural phenomenon

The metaheuristic technique is inspired by natural phenomena, including Improved
Gravitational Search Algorithm (IGSA) (Abdul Kadir et al., 2014; Daud et al., 2016), Water
Cycle Algorithm (WCA) (Eskandar et al., 2012), Invasive Weed Optimisation (IWO)
(Mehrabian and Lucas, 2006) and Simulated Annealing (SA) (Kirkpatrick, 2014). GSA takes
inspiration from the law of gravity and the interactions of masses. In general, it is based on
the Newtonian gravity theorem, which states that any object has a gravity force that is
proportional to the mass of the object and inversely proportional to the square of the distance.
Rashedi et al. (2009) and Duman et al. (2012) apply the GSA to obtain an optimal power
flow in their research and found that the GSA approach can improve voltage stability in
power systems compared to the PSO algorithm. Other researchers used the GSA technique
to solve the placement and sizing of DG in distribution systems. However, they mentioned
that there are several flaws in the GSA process for finding the best solution and
recommending an improved GSA (IGSA) (Abdul Kadir et al., 2014).

IWO, proposed by Mehrabian and Lucas (2006), is inspired by the weed’s growth
process. Weeds proliferate naturally, and it is a nuisance and can pose a threat to other plants.
Naturally, weeds have high adaptability and robustness; hence, these characteristics serve as
the foundation of the IWO algorithm by mimicking the behaviour of weed clusters. IWO is
also used to solve the DG placement and sizing problem (Prabha and Jayabarathi, 2016;
Sultana et al., 2016; Mmary and Marungsri, 2019; Rajalakshmi and Durairaj, 2021). Based
on the findings, it can be concluded that the approach proposed in this study is well-suited

for optimizing the arrangements of DG units in the distribution networks.
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2.4.4 Allocation of DG based on a single objective function
Allocation of DG based on Single Objective Function (SOF) refers to a problem set
one is solving that has only one objective function that is subjected to equations of constraint

on equality and inequality.

Minimize f(x) (2.2)
Subjectto g(x)=0and h(x) <0 (2.3)
Xmin <x= Xmax (2-4)

where f(x)is the objective function that the proposed approach tries to maximize or
minimize g(x) is the equality constraint while h(x) represents the inequality constraint
where x is the design variables’ vector.

In general, all objective functions related to the DG units optimisation problem can
be optimised separately using SOF for every one of the objectives in relation to power losses,
voltage deviation and voltage stability (Quadri et al., 2018). The main objective of
consolidating DG to the distribution network is to reduce the overall system’s power losses,
including both active and reactive power from the equality and inequality point of view. One
way to enhance active power is by minimizing power losses (1R loss). Thus, the following
mathematical function can represent the objective function the algorithm is trying to
minimize: fmin(Pioss )=min(Pioss) (Wegar et al., 2018). This sort of optimisation is called a
single optimisation problem in contrast to multi-objective optimisation, where more than one

objective function is being optimised simultaneously, as illustrated in the following section.
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2.4.5 Allocation of DG based on multi-objective function

The single-optimization problem explained in section 2.4.4 deals with no more than
one objective. Therefore, a multi-objective function (MOF) optimisation concerns the
minimization of a vector of objectives while satisfying the number of equality and inequality
constraints or bounds. The fitness function of the multi-objective optimisation problem can

be mathematically formulated as in Equation (2.5).

Minimize f(x) = [fi(x), f2(x), ..., fir (X)] (2.5)
Subject to: hix)=0, i=12,..,n (2.6)
gix) <0, i=12,...,m (2.7)

where f(x) is a vector of k objective functions or also known as the fitness function. The
possible solution is any value of x = [x4, x5, ..... x,,] where a feasible solution is a solution
that is able to fulfil all the problem constraints.

Various researchers considered the optimal allocation and sizing of DG as a multi-
objective optimisation problem (Prakash et al., 2018a; Srinivas and Kale, 2018). The
objective of allocation and sizing of DG in the radial distribution system is to minimize
power losses, improve voltage profile, financial cost and voltage stability issues while
satisfying all operating constraints simultaneously (Quadri et al., 2018). The multi-objective
optimisation approach is said to be more precise as it takes all aspects of the optimisation
problem into account, thus allowing the algorithm to produce the optimal solution that fulfil
all constraints (Nowdeh et al., 2019). Sutthibun and Bhasaputra (2010) conclude that
converting the DG unit’s optimisation problem to a multi-objective problem will allow the

optimisation algorithm to achieve higher quality solutions that can directly reduce the power
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loss by about 22% compared with the system without DG. Based on these results, the multi-

objective optimisation will be implemented in this research.

2.4.5.1 Weighted sum method

Many real-world applications can be closely modelled and formulated into a multi-
objective problem. The most common approach in tackling multi-objective optimisation
problems is to formulate it into a single-objective problem, usually via the rank sum method,
pareto, or weight factors. The idea of most classical multi-objective optimisation methods is
to transform the optimisation problem from multi-objective functions into a single solution
using weights to solve the problem by using traditional scalar-valued optimisation methods.
The weighted-sum method is a classical method to represent the weight of each objective
function (Eslami et al., 2012; Abdul Kadir et al., 2013; Sheng et al., 2015; HassanzadehFard
and Jalilian, 2018; Prakash et al., 2018b; Jayasree et al., 2019).

Zadeh proposed the weighted sum approach, which is interestingly one of the
simplest approach of all available methods hence its popularity (Zadeh, 1963; Deb, 2011;
Coello, 2018). Many studies considered the sum weighted technique to solve fitness for
multi-objective problem sets (Abdul Kadir et al.,, 2013; Seifinajmi et al., 2014,
HassanzadehFard and Jalilian, 2018; Jayasree et al., 2019). The method works by
formulating and simplifying a single objective function from a set of objective functions. A
positive weighting factor is assigned to each objective to formulate and simplify. Choosing
weighting coefficients requires the decision maker to rank the multi-objectives in order of
importance (s). This results in a deeper comprehension of the utility function (or preference
function), which represents decision-makers preferences (Yang, 2014). Priorities can be

established based on the preferences of the researcher or objectives. The solution is
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significantly affected by the weighting coefficients employed. However, producing a set of
uniform points is typically challenging. In addition, objective scaling or normalisation is
frequently necessary to ensure that the ranges/values of each objective are comparable;
otherwise, the weight coefficients are not evenly distributed, resulting in bias. Equation (2.8)
explains the mathematical problem formulated based on incorporating the weighted sum

method (E. Mohamed et al., 2019; Hosseinnia et al., 2020).

minF = Y5, w;f(x); (2.8)

where; w;=0and Y5 w;, =1

The outcome of the fitness solution is a single point in the objective space or the
fitness landscape. El-Ela et al. (2018) considered several objectives, such as reduction in
power losses, voltage deviation, the cost of producing electrical energy, output from the DG
units, and voltage stability in implementing the weighted factor approach. On the other hand,
Sannigrahi and Acharjee (2018) suggested that converting multi-objective problems to a
single objective with a proper weight coefficient simplifies the problem set being solved.
Meanwhile, Badran et al. (2017) discussed using this approach in their study to minimize
similar objectives. The weighted sum method is also the choice used by Prakash and Sujatha
(2016) in their study to convert multi-objective functions into a single-objective function.
Otherwise, the researcher can use weights from previous studies. However, the values of
weights are subjective and biased to the researcher’s preference and did not have an exact
calculation to obtain the weight. Therefore, AHP will be integrated to obtain the reliable

value of weight for multi-objective formulation.
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2.5  Analytical hierarchy process in electrical power system

TL Saaty created the Analytical Hierarchy Process (AHP) Model in the 1970s as a
complex decision-making tool (Saaty, 1990). AHP model is inspired by human behaviour
when faced with difficult decisions to make. It involves developing a decision-making
hierarchy and comparing each possible combination in each cluster (as a matrix). Each
element within a hierarchy cluster is given weight in these steps, and the consistency of the
ratio is used to assess the reliability of the data. Mojaver et al. (2020) solve the multi-
objective problem using AHP based on the order preferences that can be applied to the
problem at hand. Additionally, the AHP was proposed for prime power system monitoring
as a combinatorial way of monitoring the prime power system components.

The weighted-sum approach solves the optimisation problem, and AHP optimises the
objective function weights (Babu and Maheswarapu, 2019). On the other hand, work in
Diahovchenko et al. (2019) applied AHP to calculate the resiliency scores to enhance
strategy in distributed energy resources and automated switches. Srikanth and Yadaiah
(2018) state that AHP is used for optimised tuning Modified Active Disturbance Rejection
(MADRC) and the weights of alternatives used and selected based on AHP.

The main contributions of AHP are that the fairly new algorithm is able to provide
maximum coverage to the system components via phasor measurement units (PMU)
monitoring with PMU monitoring using AHP and intelligent search technique. Some of the
objectives that the algorithm solved include but are not limited to locating optimal meter
location and minimizing the number of PMUs. Table 2.5 summarizes the application of AHP

in electrical power systems.
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Table 2.5: Summary of the usage of AHP in electrical power system

Author

Application

Goh (2010), Saleh
(2015), Sapari, N.M.
(2018)

Applied for load shedding scheme in electrical power
system problem to gain a scientific and objective
maintenance scheduling.

AHP used to remove load by ranking them according to
their priority; the first rank means that the priority is less as
the load shedding module aims to ensure power continuity
to only vital and most critical loads in the power system.

Pisani and Villacci
(2011)

Assist the decision-making in sustainable electrical power
systems planning.

To achieve coherent and more appropriate choices oriented
to a specific area’s energy sustainable development

Siagian (2013)

Risk assessment- determine the most common cause of
power system outages in the grid using AHP.

Suetal. (2014)

Distribution planning decision-solve comprehensive
decision problems which exist in power grid planning
Based on the actual case and calculate the synthesis
weights to achieve the decision results

Chatterjee et al. (2017)

To find a prior ranking of CB based on the placement of
PMU.

Srikanth (2018)

Optimised tuning of MADRC and the weights of
alternatives

Mirjat et al. (2018)

Assessment of the long-term viability of energy modelling
results for long-term electricity planning.

Wu et al. (2019)

AHP is used in the sustainability assessment of a wind
project among its alternatives for selecting the most
sustainable wind projects.

AHP rank the wind project alternatives considering the
functionality and proportionality of the system by
calculating the weights of evaluation indexes.

Diahovchenko et al.
(2019)

Analytical Hierarchy Process is used to calculate resiliency
scores in Distributed Energy Resources and Automated
Switches to improve strategy.

Ghosh et al. (2017)

Prepare a ranking for synchro phasor measurement unit
insertion based on component bus priority.

Maheswarapu, S.
(2019)

Converting the objective function weights, as the
optimisation problem is solved by the weighted sum
method

Mojaver et al. (2020)

Proposed an approach that monitors the power system
components over the entire period of the system under
observation.
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Based on Table 2.5, this research proposes the AHP to calculate the weight or
coefficient factors of each objective function in the multi-objective formulation. Several
methods were considered during the literature review stages. However, the AHP method was
ultimately chosen because it is unique in its ability to handle a situation with numerous
criteria to consider, making it the best method for enhancing the optimal allocation and sizing
of DG's method. AHP is found as the most pertinent and efficacious technique to figure out
composite decision problems (Moghadasi, Sarwat and Guerrero, 2016; Shetaya et al., 2018).
AHP also is a well-established method that can be used to determine the location and size of
DG for radial distribution systems.

Despite the numerous benefits provided by this approach, it also has a limitation. The
AHP technique generates and executes decisions without considering the mode of
uncertainty associated with the structure of human judgment, which may result in bias. In
this study, the AHP employs the outcome of load flow analysis to demolish human judgment
bias. This AHP-based algorithm for DG placement is more straightforward but systematic
in concept, as it determines the location of DG using information such as criteria and
alternatives. Integrating AHP into the formulation of multi-objective functions makes it
possible to obtain precise weights for each objective function, which aids the algorithm in

obtaining the optimal solution.

2.6 Critical review of meta-heuristic algorithms

Table 2.6 shows the critical review of the relevant literature studies related to meta-
heuristic techniques undergone in this research work. As can be seen in Table 2.6, voltage
deviation and line losses can be said as highly important problems, even more in today’s

modern power system. These days, it is a great challenge to maintain the distribution system
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within the permissible range.

Table 2.6: Summary of critical review

Reference Algorithm

Obijective

Remark

Evolutionary Programming

» Kumar et al. - DEA

(2019)

* Rajalakshmi
and Durairaj
(2021)

* Karuppiah et al.
(2021)

« Salkuti (2021)

* Minimize real and
reactive power losses

 Improve the system's
overall voltage profile

+ Voltage stability
enhancement, real and
reactive power loss
minimization, and
power system security
and reliability

Test network:
» |IEEE 15, 33, 69, and
85
* The population size is
30

» finding a global minimum

regardless of the initial
population parameter values

» converges fast

* Only a few control parameters

are needed

* More effective and superior
than GA and PSO

 wind and solar energy systems

» Musa and « GA
Tengku Hashim

(2019)

« Madhusudhan
etal. (2021)

Coello (2018)

 Minimization of total
active power losses
and voltage deviation

+ Considering only one
objective function will
improve only that
objective.

 Three DG is better for
voltage improvement,
reduction of the
voltage deviation, and
also total power loss

+ Derivative information is not
required

« Suitable for continuous and
discrete function optimisation
and multi-objective function

» GA is considered to be the
most widely used optimisation
technique

» Selvam et al. « HSA

(2017)

* (Agajie et al.,
2020)

+ Reduction of power
losses

* Improvement of the
voltage profile

* Improved performance
of the bus voltages

» The method requires
reordering the harmony
memory, especially if a new
harmony is produced to check
if it is fit to replace an existing
harmony.

« It will take more time to get an
optimal solution.

» The optimal placement of DG
units will take more time

* Rao, R. (2016) JAYA
* Venkaiah, C., &
Jain, R. V.

(2017)

Reducing power loss
Improving voltage
Improving voltage
stability

Jaya algorithm is superior than
GA, PSO, DEA

Test network:
 3-bus RDS, MOF
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Inspired by animal colonization or the food hunting process

Reference

Algorithm

Obijective Function

Remark

» Nguyen et al.
(2020)

» Balamurugan et

CSA

* power loss reduction

* Increase of balance
among feeders and
branches

* voltage deviation

 The proposed CSA scheme
can be applied to any size of a
distribution system.

* Increase the capacity of DGs
but also improves the

al. (2018) reduction technical factors
+ Enhance the bus * Accurate in identifying the
voltages, power factor optimal solutions from the
improvement, power presented results.
quality enhancement,
and reduces the Test network:
environmental threats | » 84-bus RDS, MOF
* Pop=30
* Iter=300
» Sabrietal MFO | Improve the distribution |+ The MFO method is more
(2019) networks voltage accurate and quicker in
stability and losses finding the solution compared
» Settoul et al. reduction to PSO
(2019) * Robust and reliable technique
Test network: in solving the objective
IEEE 33-bus, 69-bus, function
and 118-bus RDS
* Mirjalili et al. GWO minimize reactive power | GWO algorithm can provide
(2014) losses and improve the |  very competitive results
voltage profile compared to PSO, GSA, EP
* GWO is better than the GSA
69-bus
* Saremi et al. GOA » Improve voltage  Efficient and competitive in
(2017) profiles, minimize DG finding accurate estimated
» Ahmadi et al. costs, and maximize solutions are due to the high
(2021) energy transfer convergence
Test network:
* 33-bus
* 69-bus DS
» SOF/ MOF
* Tukkee et al. » Minimize power loss | « FA is better than GA
(2020) * FA
* GA Test network: » FA as good as GA
+ Sulaiman et al. FVSI * 33-bus » FA is highly efficient
(2012) * 69-bus DS » It gets closer to the global
» Jalili and Taheri » SOF/ MOF optimum solution than the
(2020) genetic algorithm.

» Lakshmi et al.
(2020)
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» Bhuyan et al. » PSO » Minimize power loss | « only efficient in solving
(2018) and improve voltage unconstrained optimisation
profile. problems
 Most research showed that
Test network: PSO demonstrates better and
69-bus and 33-bus radial | faster results and only requires
adjusting a few parameters.
Inspired by Natural Phenomenon
References Method Objective Remark
 Daud et al. * GSA |+ Minimize voltage Dip | ¢« GSA has a premature
(2016) * IGSA |+ reduces the total convergence
+ PSO power loss, average * IGSA has less computational
total voltage harmonic time than PSO.
 Abdul Kadir et distortion, and voltage | ¢ IGSA has better performance
al. (2021) deviation than PSO
* MOF /Weighted-sum method
Test Network: and GSA
*13-bus, 33-bus, 69-bus | ¢ IGSA provides a better
* n=50, iter= 300 solution with the highest
» trials= 20 performance
* El-Elaetal. « WCA » Real power loss * More excellent performance in
(2018) reduction terms of economic benefits
 Voltage stability and environment
« Latreche et al. enhancement « Pareto optimal
(2020)  Voltage profile  weighted sum aggregate
improvement (WSA)
 Weighted-sum method
Test Network: * Robust and efficient
+ 33-bus,
* 69-bus and 85-bus
« single and multi-
objective function.
* Prabha and » IWO » Minimizing real * The invasive weed algorithm

Jayabarathi
(2016b)

power losses,
operating cost

» Enhancing the voltage
stability

Test Network:

« |IEEE-33 bus and 69
bus

» n=100

e run=100

« MOF

is appropriate in terms of
global search.

» Good applicability and
performance
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The selection process of techniques used in this research from various metaheuristic
optimisation algorithms is based on basic algorithms frequently used by researchers from
three categories. They are optimisation algorithms inspired by Evolutionary processes, Food
hunting process or animal colonisation and natural phenomenon. The algorithms used in this
research are DEA, GA, PSO, FA, IGSA, and IWO. They are also chosen based on their
ability to locate the global optima, fast convergence rate, fewer parameters to be initialised,
and better performance in each category.

As the optimal location and size of DG may have a direct impact on the voltage
stability problem, different meta-heuristic methods will be applied in the following section
to optimise. For the test network, the IEEE 33-bus, 69-bus, and 118-bus radial distribution
networks were selected to be analysed in this research. Both 33-bus and 69-bus networks
are chosen as they are commonly used for optimal allocation and sizing of DG. While a 118-
bus network is used to apply the proposed method in the larger network to analyse the
performance of the proposed technique. From the literature, the weighted-sum method is

widely used to set up the weight of each objective function.

2.7  Summary

This chapter has presented an overview of distributed generation, its benefits, and its
impact on the power system network. It also discussed allocation and sizing techniques via
single and multi-objective approach. Apart from that, this chapter has discussed various
meta-heuristic techniques in DG placement and sizing in the distribution system. From this,
the DG placement and sizing based on VSI is presented. Based upon the literature review of
DG placement and sizing techniques based on VSI, it has been observed that not much work

focuses on comparing the performance of different VSIs implemented in the distribution
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system. Most previous works have used certain VVSI for DG placement and sizing purposes.
Hence, this research compares the performance of different VSIs in the placement of DG in
the distribution system. For multi-objective optimisation, the weighted sum method is
commonly practised. However, there is no details calculation on the weight identification of
each objective. Therefore, the AHP technique is proposed and integrated to identify the
appropriate weight for each involved objective function. On the other hand, the voltage
deviation and power loss in the electrical distribution network are the main factors that
decrease the operational performance of the system efficiency. While the voltage stability
index (VSI) is considered to stabilise the voltage within the network. Hence, the objective
functions of this study are minimizing the voltage deviation, minimization of power loss and

improving the voltage stability index.
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CHAPTER 3

METHODOLOGY

3.1  Introduction

This research aims to solve the allocation and sizing of DG using meta-heuristic
optimisation techniques. The algorithms considered are the DEA, GA, PSO, FA, IGSA, and
IWO, which are from 3 sub-categories of metaheuristics algorithms (refer to Figure 2.3 in
Chapter 2). The problem is formulated from both the single objective function (SOF) and
multi-objective function (MOF) point of view. The aforementioned techniques are tested on
the IEEE 33-bus network based on SOF, and the overall performance are compared against
each other. This is then followed by selecting three effective techniques tested on the 33-bus
network based on the MOF considering two objective functions. In addition to that, the MOF
considering three objective functions, including VSI will be tested on both 33-bus and 69-
bus networks to analyse further and validate the performance of the algorithms.

The AHP will be integrated into the most effective technique and applied to the 118-
bus network with regulated voltage at the proposed DG location. The proposed approach
will be implemented on MATLAB as it has widely available resources to perform analysis
in order to locate the optimal solutions. The voltage deviation, real power losses, and voltage
stability index were obtained from MATPOWER Newton Raphson load flow (Daud et al.,
2016; Zimmerman and Murillo-S"anchez, 2016). The detailed formulation of the DG

optimisation problem is presented in the following sections.
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3.2 Research methodology: optimal allocation and sizing of DG
The research methodology consists of three stages to fulfil all the research

objectives. The flow of the research works is shown in Figure 3.1 and Figure 3.2.

] <

Metaheuristic
techniques

A

A

A
Animal colonization/

Evolutionary process .
Food hunting process

Natural Phenomenon

—

6 techniques

FVSI/SI T -
DEA/GA/ PSO/ FA/ IGSA/ IWO

(oea | oA | [eso] [Fa |  [iesa] [ wo ]
A A A A
(fl > Single Objective Function (SOF) <
é i. Voltage Deviation ii. Power loss w
o (f= min(VDev) or f= min(Ploss) | Analyse performance of !
T Test Network: 33-bus RDS [~~~ "~ J} techniques based on: !
li. DG Location & size i
Lii. Fitness Function !
i iii. Power loss ;
Y v v { iv. Convergence characteristic !
DEA/GA PSO/FA ‘ ’ IGSA/IWO ‘ | V. Voltage profile |
1 vi. Standard deviation !
3 techniques i
F i Analyse performance of !
4 | techniques based on: |
Multi-Objective Function (2 OF) li. DG Location & size !
fmin = w1(VDev) + w2(Ploss) | 1} ii. Fitness Function 1
. o I iii. Power loss i
i. Voltage Deviation (VDev) | iv. Convergence characteristic |
il. Power loss (Ploss) v, Voltage profile }
Test Network: 33-bus RDS | vi. Standard deviation !
N _ l ...................... B L _
Multi-Objective Function (3 OF) }
fmin = w1 (VDev) + W2 (Ploss) + w3 (VSI) [ _____ Analyse VSI’s performance |
and three techniques: |
3 technique i. Voltage Deviation (VDev) i. Fitness Function i
] ii. Power loss (Ploss) ii. Power loss ;
; iii.Voltage stability index (VSI) iii. Convergence characteristic |
[_CI_)J Test Network: 33-bus & 69-bus RDS iv. Voltage profile }
NS v. Standard deviation i
j |

* v i Analyse performance of i
175} X | technique based on: |
; 1 technique ‘ Intergration of AHP and FA }’ ””””””” | i. Fitness Function |
Q ilwl,w2,w3 1
™ | iii. Power loss i
+ @ Liv. Voltage profile [

Figure 3.1: Flowchart of the research works
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Use the Firefly Algorithm
Use the SI
Test network: 118-bus RDS

!

Initiallization
i. Loadflow analysis (regulated buses)
ii. DG location = PV-bus

!

Power flow analysis
VDev, Ploss, Sl

!

Analytical Hierarchy
Process (AHP)

v

Weight (coefficient factor)
wl, w2, w3
(wl +w2 + w3 =1)

!

Optimal Solution (Output):
i. DG Location and size
ii. Voltage profile
ili.Power Loss
iv. Sl
v.Convergence charateristic

Figure 3.2: Flowchart of the research works for stage 3

Figure 3.2 shows the research’s flow which consists of three stages based on several

research objectives as follows:

Stage 1:

The first stage consists of two parts. The first part is the implementation and analysis
of the allocation and sizing of DG using a SOF formulation, followed by the analysis using
a MOF formulation by considering two objective functions. A comparative study involving

all six selected algorithms have been carried out to understand the working concept,
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advantages, and disadvantages as these techniques will be used for allocation and sizing of
DG initially based on a single objective-function formulation.

For single-objective formulation, two objective functions are to be optimised
separately in the process to choose the optimal location and sizing of DG. The objective
functions involve minimizing the voltage deviation and the active power loss of a radial
distribution system. The fitness functions are formulated as in Equation (3.3) and Equation
(3.4), where Pioss Is the total power loss of the system. | and R is current and resistance
throughout the line. V), is the different between the nominal voltage and bus voltage, V;..r
is nominal voltage value which is 1.0 and V(n) represent the voltage of each bus in the
network. The maximum Vpey represents the weakest bus with the largest voltage difference
from the reference voltage, 1.0 p.u, and needs voltage improvement.

Then, the performance of each technique will be analysed based on five parameters:
the fitness function evaluation, power loss after DG insertion, convergence rate, voltage
profile, and standard deviation. A comparison is conducted to identify an effective technique
from each category of the metaheuristic algorithm family. This optimisation approach aims
to obtain the minimum fitness, minimum power loss, fast convergence rate, better voltage
profile improvement, and smaller standard deviation. Therefore, one technique from each
category that meets the goals will be chosen as an effective technique. The three selected
effective techniques will then be used in the multi-objective formulation.

In the second part of Stage 1, the three selected techniques will be further analysed
by considering the combination of Vpev and Pioss as formulated in Equation (3.5). The
weighed-sum method was used in this part where w1 and w2 are weight or coefficient factors
for Vpev and Pioss respectively, and the total sum of wl and w2 should be equal to 1 (w1 + w2

=1).
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The simulation was performed on the IEEE 33-bus radial network. The performance
of the three selected techniques was analysed and compared in terms of the fitness function,
power loss reduction, voltage profile, convergence characteristic, and standard deviation to
identify the most effective metaheuristic techniques. For simulation purposes, the single-
objective and two-objective function formulations were tested on IEEE 33-bus RDS only
due to execution time for each technique and to sort only one technique from each category
which performed better from other when tested on the smaller network to the larger network

in the next stage.

Stage 2:

Stage 2 involves investigating the performance of two different VVSIs with voltage
deviation and power loss based on the weighted-sum method for the optimal placement and
sizing of DG using the three category-best algorithms chosen in Stage 1. The optimisation
process aims to locate the optimal placement and size of the DG that can reduce power loss,
reduce voltage deviation and improve VSI. Hence the problem is recognized as the multi-
objective function optimisation problem and formulated as in Equation (3.6). The w1, w2
and w3 are the weight or coefficient factors for Vpev, Pioss, and VS, respectively, where w1 +
w2+ w3 = 1. The result from this simulation also will be compared in terms of the fitness
function, power loss reduction, voltage profile, convergence characteristic, and standard
deviation to identify the single most effective metaheuristic technique and the best VSI for

optimal allocation and sizing of DG.
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Stage 3:

Figure 3.2 illustrates Stage 3, which was performed to fulfil research objective iii and
research objective iv. This stage involves integrating the most effective metaheuristic
technique with AHP in allocating and sizing DG using suitable VSI for multi-objective
function weighted calculation. AHP is proposed to determine the weight value or coefficient
factors that will be used in fitness function calculation. This is to provide systematic and
reliable calculation on the multi-objective formulation.

The next step is incorporating the load flow approach in optimal allocation and sizing
DG using the integrated technique with AHP. By referring to Grainger and Stevenson Jr
(1994) and Hasibuan et al.(2018), a bus that attaches to megawatt generation can control its
voltage magnitude and usually have a regulated voltage between 1.0 p.u -1.05 p.u. Hence,
the bus chosen by the algorithm to allocate the DG will be considered a voltage-controlled
bus (PV-bus) of the load flow. The fixed constant voltage at the DG location will be referred
as Vpe. The DG provides active power and improves the voltage at the DG location. Thus,
this study analyses the performance of the proposed technique based on several values of
Vpe.

In the simulation, the proposed location of DG changes to PV-bus from the original
PQ-bus and Vpg regulated to several values from 1.0 to 1.05 p.u to evaluate the performance
of the proposed technique with varying and fixed constant PV-bus at the location of DG.
From the simulation results, the location and size of DG, voltage profile, power loss

reduction, and minimum SI will be analysed.
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3.3  Problem formulations

This study expressed the problem formulation as single-objective and multi-
objective optimisation for allocating and sizing DG in a distribution network. The most
crucial objective is to obtain the optimal location and size of DG, which can minimize the
voltage deviation, minimize the power loss, and maximise the stability index (SI). All the
objective functions are based on load flow results, while each formulation used in this study

will be discussed in the next section.

3.3.1 Ohbjective function

The objective functions of this research are to minimise voltage deviation (Vpev),
minimise the total real power loss (Pioss), and improve voltage stability index (VSI) while
fulfilling the required system's operational constraints. The voltage deviation and power loss
in the electrical distribution network are factors that decrease the steady state operational
performance of the system. At the same time, the voltage stability index (VSI) is considered
to maintain the voltage stability within the network. The details of objective functions are

given in the following sub-section.

3.3.1.1 Voltage deviation

Voltage deviation (Vpev) is the difference voltage between the nominal value and the
specified bus voltage. The smaller value of Vpev is better for distribution network
performance. In comparison, the bus with maximum voltage deviation indicates the weakest
bus in the network. The continuous significant voltage deviation also causes voltage
instability. Therefore, the optimisation goal is to minimise the maximum voltage deviation

by locating the DG at the bus with a more significant voltage deviation. When the voltage
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increases, its current will decrease and hence reducing power losses. Voltage deviation is

given by Equation (3.1) (Muhammad et al., 2019):
Voey = Vyer — V(n) n=123..n (3.1)

The V(n) represents the voltage of each bus in the network and the V},,, indicates the
weakest bus, which has the maximum difference from the reference nominal voltage of 1.0

p.u, and needs voltage improvement.

3.3.1.2 Power loss

The power loss (Pioss) in the distribution system reduces the system's efficiency. It is
inevitable but can be minimised to improve the power system's performance. The
minimisation of power loss will reduce the voltage drop and directly improve the voltage
profile within the network. Therefore, Pioss should be as minimum as possible to increase
line efficiency. The total power loss in the distribution network is given as in Equation (3.2)

(Al Samman, 2020):

Pioss = (Zn_112R> (3.2)

where Pioss IS the total power loss of the system. 1 is the current that flows, and R is resistance

of the line.
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3.3.1.3 Voltage stability index

The voltage stability index (VSI) is considered an objective function in this research
to maintain the voltage profile within the minimum required level. Two types of VSI have
been analysed in this research: FVSI and SI, as will be shown in detail in Section 3.4.1
(Equation (3.14) for FVSI) and Section 3.4.2 (Equation (3.16) for SlI). The FVSI (Musirin
and Abdul Rahman, 2002) is the line index, and SI (Eminoglu and Hocaoglu, 2007) is the
bus index commonly used by researchers in the field. Therefore, improving the voltage
stability index is vital to be included as an objective function in this research because it

relates to voltage and losses, as shown by its equation.

3.3.2 Single-objective function

In the first section, an optimal DG allocation and sizing problem are investigated as
a problem with SOF only that concerned with equations of constraint on equality and
inequality. For SOF formulation, two objective functions are to be optimised in the process
to choose the optimal DG location and sizing, minimizing the maximum voltage deviation
and the total active power loss of a distribution system. The objective function or fitness

functions are formulated as in Equation (3.3) and Equation (3.4)
fmin = min (maxVp,,) = min (max (Vref — V(n))) n=123..n (3.3)

fnin = min (Puss) = (Y 1I°R) (34)

n=1

Where f,,in 1S the minimum fitness function, Vpey IS voltage deviation, Pjoss IS the total power

losses.
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3.3.3 Multi-objective function optimisation problem formulation

The multi-objective function optimisation is concerned with the minimization of
more than one objective function. The multi-objective function in this study consists of two
formulations involving two and three objective functions, respectively, according to the

research stage as formulated in Equation (3.5) and Equation (3.6).
fmin = min(wl(min (maxVpey)) + w2 (minPlOSS)) (3.5)
fmin = min(wl(min (maxVpey,)) + w2(minP,s ) + W3(VSI)) (3.6)

fmin 1S the minimum fitness function, Vpey is Voltage deviation, Pioss is the total power losses
in the distribution system, and Sl is the selected VSI are objectives function involved. While

w1, w2 are the coefficient factors, where (w1 + w2 = 1) and w1l + w2+ w3 = 1.

3.3.4 Operation constraints
All the optimization solutions should never violate any of the following operation

constraints.

3.3.4.1 Power balance
The supply of power in an electrical distribution network must equal the sum of the

load demand and power loss.

n
Psubstation + Z Pgi = Pioss + Pp (3-7)
i
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Psupstation 1S the generated power of the substation, Pg; is the generated of DG;, n is

the total number of DG in the network and Pj, is the network’s load demand.

3.3.4.2 Voltage constraint

The voltage constraint is a scenario where the bus voltage must remain within the

allowable range throughout the optimisation process and V; is defined as in

Vmin < VL’ < Vmax (3-8)

Where the V,,,;, and V4, are the lower and upper voltage boundary limits.

3.3.4.3 Distributed generation capacity

The generated power from each DG should have an acceptable output base on DG’s

characteristics. Hence, the generated power of DG should be within the allowable range as

in the following equation.

Ppgin = Ppc < Ppeg, (3.9)

Where, Ppg . and Ppg, are lower bound and upper bound of DG output.

3.3.4.4 Power injection

The total sum of DG power (Ppg,,,,,) installed in the network must be less than or

equal to the total connected load (TCL) in the network as in Equation (3.10).
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PpGype < TCL (3.10)

Where Py, .., 1s the total sum of generated power by DG, and TCL is the total
connected load in the network but one note of concern is that the DG should be located at

the PQ bus only.

DGy, # slackbus # PV, (3.11)

3.4  Voltage stability index for optimal allocation and sizing of DG

The third objective function is voltage stability improvement using the voltage
stability index (VSI) as a measuring tool. Two types of VSI will be compared to analyse
their performance in optimal allocation and sizing of DG. The VSIs involved in this study

are shown in Table 3.1 (Yusof et al., 2017).

Table 3.1: Summary of voltage stability indices used in this study

. Stable
No VSI Equation value
Fast voltage s_tgblllty index 4 Zijz 0, 0
1 | (FVSI) (Musirin and Abdul FVSI=———;
Rahman, 2002) Vs Xij
1
) Stability index (SI) SL. = 2V2V,2 — V.2 — V,2(PR + QX)
(Eminoglu and Hocaoglu, —1Z)2(P? + Q?)
2007)

3.4.1 Fast Voltage Stability Index
Musirin and Abdul Rahman (2002) discussed about the Fast Voltage Stability Index
(FVSI) based on the voltage quadratic equation of a two-bus system’s sending end. The

FVSI can be calculated for any lines in the power system network and basically relies on

56



reactive power. The line that provides an index value close to unity is considered to be the
bus's most critical line and can lead to instability throughout the power system. In the
meantime, it is also found that this index could also identify the weakest bus in the power
system. The classification of the weakest bus depends on the maximum load allowed on a
load bus (Reis and Barbosa, 2006). An index value that is closer to 1.0 indicates that the
instability limit of the line has been reached. This, in turn, can cause a drastic drop in voltage
of the corresponding bus due to the reactive load variation. The FVSI is calculated by the

current equation through a line in a 2-bus system, as illustrated in Figure 3.3.

Vis0° V2r0

T Pl._ Ql.. S1 T PE, QZJ Sz

Bus 1 R+ JX Bus 2

Figure 3.3: 2-bus system model

Where V1 and V> are voltage at sending and receiving buses, P1 and Qi are active and
reactive power at sending bus, and P2 and Q. are active and reactive power at receiving bus.
S1 and S2 represent the active and reactive power at sending bus, while the angle difference
between the sending and receiving bus is defined by ¢ = 1 — d2. The voltage at the receiving
end bus (bus 2) illustrated in Figure 3.3 can be calculated by (Musirin and Abdul Rahman,

2002):
V2 —[% sing cos 8| Vv + [x + 2] @, = 0 (3.12)

Rearranging Equation (3.10) gives
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472Q,X
VZ(R sin §+X cos §)>2

(3.13)

As 0 is extremely small. Sind ~0 and Xcosd =X; thus, by using the symbols ’i’ as the sending
bus and °j’ as the receiving bus. Hence, the fast voltage stability index FVSI can be defined

as;

FVSI;; = Ji (3.14)

Where Z and X are impedance and reactance of line, respectively. Vi is the sending-end
voltage, and Qj represents the reactive power at the receiving end. These indices are used to
ensure the voltage profile is within an acceptable range by ensuring the indices are at the

most stable value.

3.4.2 Stability Index

A stability index (SI) for radial distribution networks is developed by Eminoglu and
Hocaoglu (2007). It computes the proximity of the bus to voltage collapse in the distribution
network. For a distribution line model, given in Figure 3.4, the quadratic equation, which is
mostly used for the calculation of the line sending end voltages in load flow analysis, can be

written in general form as in Eminoglu and Hocaoglu (2007);

V4 + 2V2(PR + QX) — V2V2 + (P?2 + 02)]Z|?=0 (3.15)

Figure 3.4 shows the 2-Bus System. Where Vs, and Vi, are the sending-end voltages
and receiving-end voltages, respectively. &, and 6, are the sending phase and receiving

angle, while Z, X and 6 are line impedance, line resistance, line reactance and line impedance
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angle, respectively. P represents the active power at the receiving end and Q represents the

reactive power at the receiving end.

s 7= R+jX V20,
s r P+jQ

Figure 3.4: One-line diagram of two-bus distribution network

Referring to Figure 3.4, the stability SI can be calculated as shown in Equation (3.16)
which is formulated by rearranging Equation (3.13); hence it can be used as a bus stability

index for a distribution network (Eminoglu and Hocaoglu, 2007):

SL = 2V = V22V (PR + QX) — |Z)? (P* + Q%) (3.16)

From the load flow analysis, the voltages of all the branches and the nodes can be
determined. Then, the P and Q at the receiving end of each line can be calculated, and finally,
the SI can be obtained. The SI shows that the node that is most prone to voltage collapse has
a minimum value of the SI.

As summary, there are two stability indices (FVSI and Sl) that were used to evaluate
the voltage stability condition. In addition to that, these parameters were used to indicate the
improvement of the voltage profile by ensuring the indices were at the most stable value.
The comparison of the two indices in determining the most suitable index for optimal

allocation and sizing of DG was conducted to determine the best approach.
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3.5  Optimal placement and sizing of DG insertion using a meta-heuristic
technique
The method of optimal DG’s placement and sizing for IEEE 33 bus, IEEE 69, and
118-bus systems are discussed in this section. Several assumptions also have been made with
regard to the impact of DG insertion on voltage deviation, real power losses, and VSI in
selected test systems:
I. The snapshot while at the peak load condition is used as the basis of the simulation.
ii. The cost is not one of the objective functions taken into account in this study.
ii. The maximum number of DG inserted into the system is three for 33-bus and 69-
bus and four for the 118-bus system.
Iv. The maximum iteration for all techniques is 200, which is nominal to obtain an
optimal solution (Morshidi et al., 2018; Aravinth et al., 2019).
V. The population sizes of all techniques are set to 20 (Morshidi et al., 2018; Parihar
and Malik, 2020).
Vi. Twenty independent runs are conducted to measure the frequency of reaching the

optimum solutions (Ganesh and Kanimozhi, 2018).

Figure 3.5 depicts the flowchart of the proposed optimisation approach, where all the
six meta-heuristic techniques will be simulated in this study based on this flow. The network
information is pre-determined before the algorithm starts, followed by load flow analysis
and evaluation of objective function. The algorithm ends when the maximum number of
iterations is reached, and the fitness solution is printed. The maximum number of iterations
was chosen as the stopping criterion as it was used by most researchers to ensure the

algorithm completely converged for the optimal solution. The detailed flowchart of each
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algorithm, namely the DEA, PSO, FA, IGSA, and IWO algorithms, are shown in Figure 3.6

and Figure 3.10, respectively.

( Start )

Y

Getting network
information

A4

Apply optimizations method
(DEA/GA/PSO/FA/IGSA/IWO) [

\ 4

Load flow analysis
(MATPOWER)

A 4

SOF: foin = (Pross): fnin = (Vpey)
20F: fiin = wl{Vpgy) + w2(Pyoss)
30F: finin = W1(Vpgy) + W2(Pjoss) + w3(VSI)

Y

Maximum
iteration

Print results

Figure 3.5: Flowchart of the main simulation procedure
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Print the results
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Figure 3.6: Flow chart of the Differential Evolutionary Algorithm (DEA) (Ghaweta, 2019)

Figure 3.6 shows the flow of DEA in optimizing the DG location and size problem.
The DEA using the optimal parameters such as population size=20, maximum iteration=200;
lower bound, Smin = 0.2; upper bound, fmax = 0.8 and crossover probability = 0.2 (Heris,
2015). The general steps of the DEA are as follows:
I The generation counter is set up, mutation factor, F, crossover probability CR,

maximum population, and iteration are initialized.
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Set the minimum and maximum boundaries

This is then followed by a fitness solution evaluation and selection process
followed by memorizing the best fitness solution.

Checking the stopping criteria. If conditions are not true, repeat the evaluation and

compare the fitness. Then, print the results if the stopping criteria are met.

Figure 3.7 shows the flowchart of optimal allocation and sizing of DG using PSO. The

optimal parameters used for PSO are population size =20; maximum iteration=200; inertia

weight, w = 1; inertia weight damping ratio, wgsamp= 0.99; acceleration coefficient, C1=1.5;

global learning coefficient, C>,=2.0 (Heris, 2015). The procedures for implementing the PSO

algorithm in this study are described as follows:

Vi.

Vil.

The input network information such as bus, line, and generator data are obtained.
Initial positions within feasible solution combinations are randomly generated.

The initial Prest and Gpestare obtained and he PSO algorithm is improvised using the
optimal parameters.

MATPOWER load flow is activated in order to obtain the voltage deviation, power
loss, and VSI.

The bus voltage magnitude and constraints are checked to determine if both have
exceeded their limits. If yes, then step iv is repeated.

The fitness function is calculated and the Pupest, Grest, particle velocity and particle
position are updated.

The process is repeated until the stopping criterion is met with the intention of

locating a global optimum solution.
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Figure 3.7: Flowchart of the PSO algorithm (Daud, 2017)

Figure 3.8 shows the flowchart for optimizing the placement and size determination
using the Firefly algorithm (Sulaiman et al., 2012). The optimal parameters used for FA are
number of fireflies (swarm size) =20; maximum iteration=200; light absorption coefficient,
y = 1; damping ratio, adamp= 0.98; mutation coefficient, a=0.2; attraction coefficient base
value, =2 and uniform mutation range, o= 0.05*(Varvax-Varmin) (Heris, 2015). From the

figure, the general steps of FA can be described as follows:
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Vi.
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Variable to optimise (x) is inserted into load flow data.

The load flow is initiated and the objective function is evaluated.
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Figure 3.8: Flowchart of the Firefly Algorithm (FA) (Sulaiman et al., 2012)
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Figure 3.9 shows the flowchart of the Improved Gravitational Search Algorithm for
optimal allocation and sizing of DG (Abdul Kadir et al., 2014). The optimal parameter used
are population size=20; maximum iteration=200; overlap = 1; Kagent= 0; o = 20; initial

gravity, Go=100; and the last Kpest = 2% (Heris, 2015).
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sequence
— o e e e e e ==
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Figure 3.9: Flowchart of the Improved Gravitational Search Algorithm (IGSA) (Abdul
Kadir et al., 2014)
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The framework of IGSA for determining optimal placement and sizing of DG is
defined as follows:

I. The network information such as bus, line, and generator data are observed and
attained. Then, initial positions within feasible solution combinations are randomly
generated.

ii. The IGSA algorithm is improvised by using the optimal parameters and the
MATPOWER load flow is executed to obtain voltage deviation and power loss.

iii. The bus voltage magnitude is checked to determine whether it exceeded the
permissible limit.

Iv. The fitness function and the chaotic sequence are calculated while the gravity, G is
updated based on the best and worst agent’s performance or fitness value.

V. Mass (M) is updated by giving weightage in the range of 0 to 1 corresponding to their
fitness values and the condition for effectiveness force acting on an i" agent to k™
agent is checked.

Vi. The total force is calculated while Khuest IS updated, the acceleration factor a is
calculated, and the velocity and the position are updated. Then, the process is

repeated until the stopping criterion is achieved and the best solution is obtained.

The process flow of IWO for allocation and sizing of DG is shown in Figure 3.10
(Prabha and Jayabarathi, 2016). To simulate the habitat behaviour of weeds, optimal
parameters used are initial population size=10; population size=20; maximum iteration=200;
minimum and maximum number of seeds = 0 and 5; crossover probability =0.2; variance

reduction = 2; sigma initial and final = 0.5 and 0.001 (Heris, 2015).
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Figure 3.10: Flowchart of a flow chart of the Invasive Weed Optimisation (IWO) (Prabha
and Jayabarathi, 2016)

Some basic features of the process are considered as follows:

I. The system data are initialized, which includes the branch number, sending end bus,
receiving end bus, resistance (R) and reactance (X) of the line, real power (P), and
reactive power (Q) of each bus.

ii. The power flow of the entire system is calculated.

iii. The location and size of the DG to be installed are identified.
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Iv. The DG values (weed values) are randomly initialized. The weeds with the highest
fitness produce the maximum number of seeds and those with the lowest fitness
produce minimum seeds. Then, calculate the seed produced by a weed.

V. The produced seeds are randomly distributed near the parent weed with zero mean
and varying standard deviation.

Vi. The generated seeds are added to the solution set and calculated the fitness values.

vii.  The population is sorted in descending order of their fitness. The population with
minimum fitness is truncated until the maximum population is reached and the fitness
of the new solution set is calculated. The process is repeated until the maximum

number of iterations is reached.

3.5.1 Network test system

This research will use three types of IEEE test power systems as the reference power
system: the IEEE 33-bus, 69-bus, and 118-bus radial distribution network (R. Abu-hashim,
1999; Saadat, 2004; Latreche and Bouchekara, 2020). In this research, Type-1 DG is
considered to be installed in the IEEE radial distribution power system network and the
power factor is assumed as the unity power factor. The load flow analysis was performed in
a MATLAB environment.

The IEEE 33-bus radial distribution system network consists of 33 buses and 32
branches. The system operates at an 11 kV voltage level and all the loads are assumed to be
fed from the substation located at bus one, which is known as the slack bus. The system
consists of 32 loads with a total demand of 3.72 MW and 2.30 MVAr, respectively, real and
reactive power loads. For the IEEE 69-bus radial distribution system, the system loads are

considered spot loads, with a total load of 3.8 MW and 2.69 MVAr. The only supply source
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in the system is the substation at bus 1, which is a slack bus with constant voltage. Adding
to that, the IEEE 118-bus RDS is composed of 118 buses and 117 branches, with the total
connected active power load = 22.71 MW and the total reactive power load = 17.04 MVAr.
The total active power loss without installing DG is 1.2981 MW. The bus and line data of
this system are given and they are driven by Latreche et al. (2018). All the network data can
be found in Appendix A. The detailed flow of the research method is represented in the next

section.

3.6 Integration of AHP in the Firefly Algorithm

Generally, AHP is used for the multicriteria decision technique to rank the criteria
involved in the selection process. In this research, the AHP was integrated into the best-
selected technique from the previous section to identify the weight of each objective function
involved in the optimisation process. Therefore, the integration process is shown in Figure
3.11. As seen in Figure 3.11, the integration process starts from the FA and is followed by

load flow to obtain the values of voltage deviation, power loss, and SI.

—> —}C_PlOSS —> —> wl—Pp >
FA Ly L0M CVDev—y AHP —> w2 — Fitness ——»| FAHA —p| Optimal
flow > g "1 Solution

—> —5C VS —» —> W3 —> >

Figure 3.11: Block diagram of integration FA-AHP algorithm for determining optimal
placement and sizing of DG in a distribution system

The value from load flow’s results were inserted in AHP to be calculated and the

priority of each criterion was ranked. The criteria in this research are objective functions that
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involve in optimisation, namely voltage deviation (Vpev), power loss (Pioss), and voltage
stability index (VSI). Then, AHP will calculate the weight of each objective function. The
wl, w2, and w3 represent the weight of voltage deviation, power loss, and VSI, respectively
(wl + w2 + w3 = 1). The most significant value of weight indicates the most important
objective function in this optimisation process. After obtaining wl, w2 and w3, all the weight
will be used in fitness function calculation in FA to minimize the fitness for the optimal
solution. Then, FA will find the optimal solution for DG location and sizing.

In this research, the integration of AHP into FA developed a new way to
automatically calculate the weight or coefficient factors of each objective from load flow
results. The weight values will be fed into the FA automatically for optimal allocation and
sizing of DG to produce the best optimal solution. This integrated technique will be named

Firefly Analytical Hierarchy Algorithm (FAHA).

3.7 Weight calculation using AHP Calculation
A pair-wise comparison matrix is derived for criteria based on voltage deviation
(Vpev), power loss (Pioss), and maximizing voltage stability index (VSI). The pair-wise

comparison matrix PM is presented in Equation (3.17):

criteria

Vpey Ploss VSI

1 Gwev Cvpev]  Vou
CPloss CVSI
PM criteria — % 1 % Ploss
Cvpev Cvsi (3.17)
Lvst - Gyst
-CVDeV CPloss - VSI
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Due to its simplicity, the approximate method is applied to calculate the weights for

each criterion instead of the exact method. The normalization matrix (nwm,,,, ) is derived

from the comparison matrix from Equation (3.18) and Equation (3.19):

criteria,,,, =[>column, ¥ column, 3 column,] (3.18)
NM = (PM criteria )i (PM criteria )i (PM criteria )i (3- 19)
erie >column,  Ycolumn, ¥ column,

Where i=1, 2, 3 represents the number of criteria in rows. From this normalized matrix,
the weighting factors (w1, w2, w3) are calculated by the averaging value of each row using

the following equation.

W, > (NM iia ), /100. Of criteria
W, | = | 2(NMa ), /00. of criteria (3.20)
W, > (NM ria ); £ N0, OF criteria

where j=1, 2, 3 is the number of criteria in the column.

Once the weighing factors are calculated, it is imperative to check their consistency
in the final output. Therefore, AHP derives the consistency ratio (CR) utilizing the
consistency index (CI) and random index (RI) described in Table 3.2. It is worth mentioning
that a consistency ratio (CR) of 0.10 or less is acceptable to continue the AHP analysis. Table

3.2 presents the RI for matrices of different criterion sizes.

Table 3.2: Consistency Indices

Number of criteria 3 4 5 6

Random Index (RI) 058 | 0.9 | 1.12 1.24
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In this research, the consistency index (Cl) is carried out through the following steps:
I. Multiply each element of Equation (3.17) with the weighting factor calculated in
Equation (3.20).
ii.  Calculate the weighted sum by adding the values in each row of Equation (3.21).
Then calculate the weighted ratio by dividing each weighted sum by the

corresponding weighting factor utilizing the following Equation (3.23).

w, 0 O
WC = [PMieria]*| O W, O (3.21)
0 0 w
WS, > (Wwc),
Ws]=|ws, | = {z(vvc)k (3.22)
ws, zwce),

where k=1, 2, 3 is the number of rows.

Ws, 0 01w 0 0
WR=| 0 WS, 0 [//0 w, 0 (3.23)
0 0 WSs,[|0 0 w,

iv. Finally, determine Amax by averaging the quotients from Equation (3.23). Cl is

calculated using Equation (3.24) and Equation (3.25).

V.
Amex = (Z(ZWR))/ > no. of criteria (3.24)
A — NO. Of criteria
Cl = ™
no. of criteria—1 (3.25)
In AHP, the consistency ratio is defined as CR, where
CR=CI/RI (3.26)
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3.8  Optimal allocation and sizing of DG using Firefly Analytical Hierarchy
Algorithm

The proposed method has been tested on the IEEE 118-bus radial distribution system.
Basically, the algorithm is modified by Saaty (1990) to suit the DG allocation problem. This
test system data can be referred to in Appendix B. The total real and reactive power demand
of the 118-bus network is 22.71 MW and 17.04 MV A, respectively. The maximum numbers
of DG for this network are 4 DG due to the large network compared to 33-bus and 69-bus
network. The DG size range is between 0.5 MW to 4 MW (0.5 MW< Ppg <4 MW).

The flow of optimal allocation and sizing of DG using the Firefly Analytical
Hierarchy Algorithm (FAHA) is shown in Figure 3.12. By referring to Figure 3.12, the
algorithm starts with capturing the network information: bus data, line data, number of
populations, upper boundary, lower boundary, FA parameters, and number of iterations. The
initial location and size of DG are generated from the population that has been set up. Next,
the load flow analysis was executed to determine power loss, voltage deviation, and stability
index, Sl. The load flow results will be fed into AHP for weight calculation.

The next step is the weight calculation for each objective function using AHP. This
is the most important part of multi-objective optimisation, whereas each objective is
important in achieving the goal. The decision-making based on the AHP technique was
integrated to determine the weight value for all objective functions. There are three important
criteria or objectives to be considered; voltage deviation, power loss, and SI. The best
objective ranked is determined from the weight value obtained from the AHP. The decision

scheme of the AHP is shown in Figure 3.13.
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Figure 3.12: Flowchart of the FAHA algorithm for optimal allocation and sizing of DG in
a distribution system
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After the CR is obtained less than or equal to 0.1, the objective function of the optimal
allocation of DG is then included in the load flow data and the load flow is executed to obtain
the fitness function. The algorithm starts to find the optimal location and size of the DG unit
in the distribution system to minimize the objective functions. By minimizing the loss,
voltage deviation, and maximizing the stability index, the voltage profile for the whole
network is also expected to be improved. The procedure to obtain the optimal allocation of
DG requires load flow to be run iteratively until the maximum iteration. This process is
repeated until the simulation reaches the maximum iteration. Each algorithm conducted
twenty trials in order to obtain the optimal and not biased solution. Then after obtaining the
best location and size of DG simultaneously, the procedure is stopped.

The most minimum fitness among 20 independent trials was denoted as the best
fitness. The maximum fitness among 20 independent trials was recorded, thus known as
worst fitness in the results and analysis. The results obtained regarding the best fitness, such
as DG location, DG size, voltage profile, convergence characteristic, and simulation time,
have been recognized as the optimal solution for the optimisation using this proposed

technique.

Optimal DG location and sizing

Level 1
) v .
Voltage Power -
Level 2 Deviation Loss |
L 4
Results wl w2 3

Figure 3.13: The Analytic Hierarchy Process (AHP) scheme
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3.9  Summary

In this chapter, the performances of six meta-heuristic optimisation techniques from
three categories have been analysed based on single-objective function formulation to find
optimal DG sizing and locations in a radial distribution network. The three categories are
techniques inspired by evolutionary, food hunting or animal colonization, and natural
phenomena. The three effective techniques from each category were selected for multi-
objective formulation (20F and 30F). The real power loss, voltage deviation, and voltage
stability index were employed to minimize and maximize the objectives. The performance
of two types of VVSI was analysed to determine the best VVSI for optimal allocation and sizing
of DG. Then an AHP was integrated into FA to automatically calculate the weight value of
each objective function involved in multi-objective optimisation. The proposed method was
developed as Firefly Analytical Hierarchy Algorithm (FAHA). The load flow approach was
incorporated in this FAHA simulation, where the voltage at the DG location was regulated
to a fixed value between 1.0 and 1.05 p.u. The results of all cases were recorded and

discussed in Chapter 4.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the analysis related to the research objectives. They start from
optimal allocation and sizing of DG, considering a single-objective function for minimizing
power loss and voltage deviation initially using six different metaheuristic techniques. They
then narrowed down to 3 category-best algorithms, which are tested on multi-objective
functions (two objective functions). After that, the performance of two VSI in optimal
allocation and sizing of DG considering multi-objective function (three objective functions).
Finally, the integration of AHP with the most effective metaheuristic techniques and
incorporating a load flow approach with regulated voltage at DG location into an integrated
technique (FAHA) using the chosen VSI. For this reason, the simulations were carried out
on the IEEE 33-bus, 69-bus, and 118-bus radial distribution test systems, as shown in

Appendix A.

4.2 Simulation results of single-objective function

The optimisation aims to allocate DG at the proper location with the applicable size
that meets all the objective functions. Firstly, this section discusses the proposed approach
based on SOF optimisation and related results, while section 4.3 presents the results based
on MOF optimisation. The performance of six different meta-heuristic techniques from three

categories of metaheuristic techniques in solving DG optimal allocation and sizing were
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presented and analysed. The SOF function involved minimizes voltage deviation (Vpev) and
power loss (Pioss). The optimisation results have been recorded, including DG location and
size, system power loss, and voltage profile improvement for each technique before and after
DG insertion. The three algorithm’s performance in terms of minimum fitness, maximum

fitness, average fitness, and standard deviation also have been recorded.

4.2.1 Single-objective function with minimization of voltage deviation

The optimisation results of six different techniques to obtain the optimal location and
capacity of DG are shown in Table 4.1, where the optimal location is based on the maximum
difference of bus voltages. As seen in Table 4.1, the optimisation results for six different
techniques considering minimizing voltage deviation show a smaller voltage deviation of
0.0259 for all techniques except IGSA, which has a more significant voltage deviation. The
voltage deviations from all algorithms are similar except for IGSA (2 DGs). In the event of
a single DG unit, all the algorithms found an optimal location is bus eight except IGSA,
which found bus ten as the better location. Meanwhile, buses 15 and 31 were by all
algorithms for the optimal location when 2 DGs are to be placed in the distribution network,
but IGSA proposed buses 2 and 23.

Lastly, for the insertion of 3 DG units, the optimal locations found by the algorithms
are bus 15, 30, and 32, except for IGSA and PSO. The IGSA technique has obtained the
maximum voltage deviation when the number of DG is increased steadily compared to other
techniques. Next, the performance of 6 different algorithms in minimizing voltage deviation

for optimal DG placement and capacity are recorded in Table 4.2.
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Table 4.1: Allocation and sizing of DG with minimizing voltage deviation

Technique No. of | Location Capacity Fitness
DG (MW) (Voev)

Without DG 0 - - 0.0467
PSO 1 8 2 0.0537
2 15,31 0.7743,1.2254 0.0261

3 15,31,30 0.7762,0.7170,0.5067 0.0259

FA 1 8 2 0.0537
2 15,31 0.7741,1.2260 0.0261

3 30,15,32 0.6799,0.7774,0.5428 0.0259

DE 1 8 2 0.0537
2 31,15 1.2252,0.7742 0.0261

3 32,30,15 0.5373,0.6862,0.7759 0.0259

GA 1 8 2 0.0537
2 31,15 1.2288,0.7712 0.0261

3 32,30,15 0.5364,0.6861,0.7775 0.0259

IWO 1 8 2 0.0537
- 31,15 1.2256,0.7743 0.0261

3 32,30,15 0.5980,0.6247,0.7773 0.0259

IGSA 1 10 1.4523 0.0306
2 2,23 0.5009,0.5639 0.0484

3 25,32,20 0.3504,0.5653,0.2592 0.0351

Table 4.2 shows the performance of six different algorithms considering minimizing
the voltage deviation for optimal DG placement and capacity. As can be seen in Table 4.2,
the FA seem to provide very consistent result throughout the simulation with zero standard
deviation when tested with 1, 2, and 3 DGs network. The results also show that a minimum
voltage deviation of 0.0259 is obtained when FA is used to optimise with 3 DGs placement
compared to the voltage deviation without the implementation of DG, which is 0.0467. This
clearly indicates the advantage of utilizing DGs in improving the performance of the

distribution network.
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Table 4.2: The performance of algorithms considering minimizing voltage deviation

Technique no. of Fitness
DG Min Max Avg Std

DEA 1 0.0537 0.0537 0.0537 0.0000
2 0.0261 0.0264 0.0261 0.0001

3 0.0259 0.0262 0.0260 0.0001

GA 1 0.0537 0.0537 0.0537 0.0000
2 0.0261 0.0312 0.0267 0.0013

3 0.0260 0.0309 0.0264 0.0011

FA 1 0.0537 0.0537 0.0537 0.0000
2 0.0261 0.0261 0.0261 0.0000

3 0.0259 0.0259 0.0259 0.0000

PSO 1 0.0537 0.0571 0.0539 0.0006
2 0.0261 0.0263 0.0262 0.0001

3 0.0260 0.0296 0.0278 0.0017

IWO 1 0.0537 0.0537 0.0537 0.0000
2 0.0261 0.0535 0.0290 0.0083

- 0.0259 0.0367 0.0285 0.0027

IGSA 1 0.0306 0.0589 0.0399 0.0079
2 0.0484 0.0731 0.0561 0.0051

3 0.0351 0.1224 0.0612 0.0278

Figure 4.1 to Figure 4.3 show the voltage profile of the IEEE 33-Bus distribution
network after placement and sizing of DG at the proposed location using six meta-heuristics
optimisation techniques to minimize voltage deviation. These figures show the results of
DEA, GA, PSO, FA, and IWO techniques, which are almost close except for IGSA. The
presence of 1 DG was also insufficient to improve bus voltage to meet the voltage + 5%
voltage regulation as the minimum bus voltage is 0.9463p.u. Insertion of 2 DGs and 3 DGs
able to improve voltage profile above and equal to 0.95 p.u. However, 2 DGs give good

performance with a smaller number of DGs and less cost than 3 DGs.
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Voltage profile before and after 1 DG Insertion using DEA vs GA
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Figure 4.1: Voltage profile of DEA and GA before and after the DG insertion with
minimizing voltage deviation
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Voltage profile before and after 1 DG Insertion using FA and PSO
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Figure 4.2: Voltage profile of FA and PSO before and after DG insertion considering
minimizing voltage deviation
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Figure 4.3: Voltage profile of IGSA and IWO before and after DG insertion with
minimizing voltage deviation
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4.2.2 Single-objective function with minimization of power loss

In order to determine an effective technique for optimal allocation and size of DG in
the IEEE 33-bus test distribution system, the results of 6 different algorithms have been
compared and analysed. The simulation procedure of DG allocation and sizing is described
in the previous section. For fair comparison among the optimisation algorithms, the number
of populations, maximum iteration, and the number of independent trials have been
standardized to 20, 200, and 20, respectively. Table 4.3 shows the number of DG, proposed
locations, the capacity of DG, and power loss for six different algorithms, namely DEA, GA,
FA, PSO, IGSA, and IWO, based on a single objective function. The proposed location for
1 DG, 2DGs, and 3 DGs placement have been recorded.

Table 4.3: Optimal DG allocation and capacity using different meta-heuristic for
minimizing power loss

Technique no. of Location Capacity (MW) (Fitness)
- DG Ploss

DE 1 7 2 0.1080

2 13,30 0.8448, 1.1552 0.0859

3 25,31,14 | 0.5153,0.7914,0.6919 0.0792

GA 1 4 4 0.1080

2 29,13 1.1645 0.8334 0.0859

3 31,25,14 | 0.8255,0.5036,0.6708 0.0792

PSO 1 7 2 0.1080

2 13,30 0.8465,1.1534 0.0859

3 31,25,14 | 0.8140,0.5000,0.6848 0.0792

FA 1 7 2 0.1080

2 13,30 0.8445,1.1555 0.0859

3 25,14,31 | 0.5000,0.6907,0.8093 0.0792

IWO 1 7 2 0.1080

2 30,13 1.1556, 0.8444 0.0859

3 14,31,25 0.6897, 0.8103, 0.5 0.0792

IGSA 1 7 1.9602 0.1095

2 8,3 1.2476,0.6905 0.0547

3 9,29,17 0.6229,0.6058,0.544 0.0830
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From Table 4.3, bus seven was found to be the optimal location for the placement of
1 DG unit by all the algorithms. In the meantime, buses 13 and 30 were determined to be
optimal by all algorithms except GA and IGSA. In addition to that, all algorithms except
IGSA located buses 14, 25, and 31 as the ideal locations for placements of the DG units if
there are 3 units to be installed. The DG capacity proposed by optimisation was obtained
within the DG constraint limit. The convergence characteristics of DEA and GA for 1, 2,

and 3 DGs, when tested on the 33-bus system, are shown in Figure 4.4.
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Figure 4.4: Convergence characteristic of optimisation technique inspired by an

evolutionary process

Figures 4.4(a), 4.4(b), and 4.4(c) show that the convergence plot of both DEA and

GA is represented by the fitness value averaged over 20 trials when tested on 1 to 3 DGs. It

can be seen that both algorithms converge quickly for 1 DG setup, which is by iteration 20,

and 2 DGs unit placement which is by iteration 35. Lastly, as the problem size increased (3

DGs), the convergence rate became slower than expected due to the time taken to locate and

converge to optimal solutions where the algorithms converged only at the halfway point of

the optimisation process. In this 33-bus system, DEA performs better in terms of

convergence rate than GA even though the best fitness function values are the same, which

are 0.1080 for 1 DG and 0.0859 for 2 DGs, respectively. The performance of DEA, GA,

PSO, FA, IGSA, and IWO in obtaining the optimal solution is shown in Table 4.4.
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Table 4.4: Performance of six different techniques with minimization of power loss

. Fitness
Technique | No. of DG Min Max Avg STD

1 0.1080 | 0.1087 0.1080 0.0002

DEA 2 0.0859 | 0.0859 0.0859 0.0000
3 0.0792 | 0.0805 0.0797 0.0003

1 0.1080 | 0.1081 0.1087 0.0003

GA 2 0.0859 | 0.0863 | 0.0860 | 0.0001
3 0.0792 | 0.0808 0.0860 0.0006

1 0.1080 | 0.1087 0.1082 0.0004

PSO 2 0.0859 | 0.0938 0.0862 0.0014
3 0.0792 | 0.0804 0.0798 0.0003

1 0.1080 | 0.1087 0.1081 0.0003

FA 2 0.0859 | 0.0859 0.0859 0.0000
3 0.0792 | 0.0803 0.0792 0.0006

1 0.1080 | 0.1087 0.1083 0.0004

IWO 2 0.0859 | 0.0967 0.0869 0.003
3 0.0792 | 0.0805 0.0798 0.0006

1 0.1095 | 0.1095 0.1095 0.0000

IGSA 2 0.0547 | 0.0731 0.0561 0.0051
3 0.0830 | 0.1224 0.0612 0.0278

It can be seen that the fitness solution decreases with the number of DG increases and
from the comparison, the IGSA technique obtained the best optimal solution with the lowest
fitness at 2 DGs. Having said that, it also gives the worst fitness at 1 DG and 3 DGs. In terms
of standard deviation, DEA, FA and IWO give consistent results with minimum standard
deviation throughout the simulation for all DG capacity.

Figure 4.5 shows the power loss before and after the insertion of DG using six
different optimisation techniques. An important aspect that can be highlighted is that
installing 2 DGs gives a very significant loss reduction compared to installing only a DG or
even 3 DGs, interestingly. Additionally, after the insertion of DG, the power loss in the bus

system significantly dropped compared to a system without the insertion of DG. This is due
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to the insertion of additional power generation and it gives a significant impact on reducing
total power loss with the increasing number of DG. On average, all the algorithms except

IGSA produced a similar optimal solution for all the DG capacity setups.

Power Loss vs DG Number
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Figure 4.5: Power loss based on the number of DG

The voltage profile before and after DG insertion for the 33-bus system using DEA,
GA, PSO, FA, IGSA, and IWO techniques are shown in Figure 4.6 to Figure 4.8 to monitor

the impact of the DG insertion on the voltage profile.
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1.02 Voltage profile before and after 2 DGs insertion using DEA and GA
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Figure 4.6: Voltage profile before and after insertion of DG using DEA and GA
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Voltage profile before and after 1 DG insertion using FA and PSO
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105  Voltage profile before and after 1 DG insertion using IGSA and IWO
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Figure 4.8: Voltage profile before and after insertion of DG using IGSA and IWO
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Each profile in Figure 4.6 to Figure 4.8 shows a significant improvement in bus
voltage, especially on the weakest bus (bus 18) after adding DGs. From Figure 4.6(a), Figure
4.7(a), and Figure 4.8(a), it can be seen that adding 1 DG with the size of 50 % of TCL is
not enough to improve the bus voltages in order to meet the allowable voltage regulation.
The addition of 2 DGs and 3 DGs units give better voltage profile improvement. However,
the IGSA improves bus voltages compared to other algorithms. Nonetheless, this is
undesirable because it has a possibility of being unable to withstand the overvoltage problem
in the future. The permissible voltage regulation stated by the energy provider is + 5% and
the voltage profile between the permissible range is best at 2 DG for all techniques and were
shown in Figure 4.6(b), Figure 6.7(b), and Figure 6.8(b). Insertion of 2 DGs and 3 DGs
gives on average the same impact on the voltage profiles. Therefore, the 2 DGs can be
applied to reduce the number of DGs, indirectly reducing the setup cost and preventing

overvoltage.

4.2.3 Multi-objective optimisation with two objective functions

Multi-objective formulation considered the combination of voltage deviation (Vpev)
and power loss (Pioss). To obtain the optimal location and sizing of DG. In sections 4.2.1 and
4.2.2, the performances of six meta-heuristic techniques have been compared in terms of
fitness and standard deviation. From the results, only the best technique from each category
of optimisation methods have been chosen to be applied in a multi-objective formulation
where DEA, FA, and IWO were found as the best algorithms, respectively. This simulation
was carried out on an IEEE 33-bus network. The optimisation results for each technique
have been recorded, including the DG location and size, system power loss, and voltage

profile improvement before and after DG insertion. Additionally, the minimum fitness,
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maximum fitness, average fitness, and standard deviation of these three techniques were

evaluated.

4.2.3.1 Multi-objective DEA, FA and IWO

This section will present the performance of DEA, FA, and IWO for solving DG
optimal allocation and sizing based on combination of Vpey and Pioss. The optimisation
results concerning DG location and size, system power loss reduction, and voltage profile of
each algorithm before and after DG insertion have been studied. These three techniques'
performance in terms of best, worst, average, and standard deviation have also been recorded.
Several sets of weight combinations have been tested to obtain the minimum fitness function
for analysis. Then the results of optimisation, such as location and size of DG, the
performance of each algorithm in terms of fitness and power loss, voltage deviation, voltage
profile, convergence characteristic, and standard deviation, will refer to the optimal solution
given by the set which gives the minimum fitness function.

Table 4.5 shows the optimisation results of DEA, FA, and WO for obtaining the
DG's optimal location and size for several combinations of weights. As shown in Table 4.5,
all three algorithms give on average DG's exact location and size, which are bus 7 or 8 for 1
DG implementation. The proposed locations for 2DGs and 3 DGs were slightly different
based on their coefficient factors (CF). The results show that variation of weight
combinations did not significantly impact the DG location and size. However, the proposed
DG sizes by all three algorithms were within the minimum and maximum DG constraints.
Table 4.6 shows the performance of all three algorithms regarding the fitness function. This
study recorded the minimum fitness at every weight combination set as the optimisation

goal.
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Table 4.5: Optimisation results of multi-objective functions for different combinations of

weights

DG wil w2 DG's Location DG's Size
(Voev) | (Poss) | DEA FA IWO DEA FA IWO
0.1 0.9 7 7 7 2 2 2
0.2 0.8 7 7 7 2 2 2
1 0.5 0.5 8 8 8 2 2 2
0.8 0.2 8 8 8 2 2
0.9 0.1 8 8 8 2 2 2
0.7534 | 0.7534 | 1.2614
01 | 09 | 1430 | 3014 | 3014 | 1% 60 | 1.2462 | 0.7385
0.8233 | 1.1149 | 1.1761
0.2 0.8 | 1431 31,13 3L14 | 11767 | 08851 | 08235
1.2259 | 0.7741 | 0.7742
2 | 05 1705 | 3115 | 1531 | 1531 | yoouy | 10250 | 1.2258
1.2260 | 1.2259 | 1.2258
08 L it O SLI5 1 07740 | 0.7741 | 0.7742
0.7534 | 0.7741 | 1.2259
0.9 0.1 | 14,30 15,31 A B BB | 7710
0.5408 | 0.5305 | 0.5931
0.1 09 | 148,31 | 15318 |24,30,14 | 0.5646 | 0.8783 | 0.8770
0.8937 | 0.5912 | 0.5299
0.7469, | 0.6276, | 0.6245
0.2 0.8 | 15,2932 |291532 |293215 | 0.6170, | 0.7435, | 0.6318
0.6361 | 0.6289 | 0.7437
0.6829, | 0.6828, | 0.5439
3 0.5 0.5 |30,32,15 | 30,32,15 | 32,30,15 | 0.5427, | 0.5399, | 0.6787
0.7742 | 0.7774 | 0.7774
0.6644, | 0.5340, | 0.6776
0.8 0.2 |30,15,32 | 32,30,15 | 32,1532 | 0.7741, | 0.6827, | 0.7778
0.5613 | 0.7774 | 0.5446
0.5825, | 0.7774, | 0.5501
0.9 0.1 |3215.30 153230 | 32,30,15 | 0.7767, | 0.5428, | 0.6725
0.6404 | 0.6798 | 0.7774
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Table 4.6: The performance of multi-objective DEA for optimal DG placement and capacity

Number | Weight Combination Optimum Fitness
of DG (coefficient factor)
No. w1(Vpev) W2 (Pioss) DEA FA IWO
1 0.1 0.9 0.5964 0.5964 0.5964
0.2 0.8 0.6601 0.6601 0.6601
0.5 0.5 0.8462 0.8462 0.8462
0.8 0.2 1.0289 1.0289 1.0289
0.9 0.1 1.0898 1.0898 1.0898
2 0.1 0.9 0.4472 0.4471 0.4471
0.2 0.8 0.4649 0.4661 0.4649
0.5 0.5 0.5013 0.5013 0.5013
0.8 0.2 0.5354 0.5354 0.5354
0.1 0.9 0.5468 0.5468 0.5468
3 0.1 0.9 0.4272 0.4270 0.4270
0.2 0.8 0.4491 0.4488 0.4488
0.5 0.5 0.4896 0.4889 0.4889
0.8 0.2 0.5296 0.5285 0.5286
0.9 0.1 0.5421 0.5416 0.5417

As can be seen in Table 4.6, the results obtained found that the first set of weight
combinations (w1=0.1: w2=0.9) showed a minimum value of fitness compared to other
weight combinations. All algorithms located the same fitness solutions when tested on 1 and
3 DGs. In comparison, for 2 DGs, FA and IWO located better fitness solutions in contrast to
DEA. Table 4.7 shows the voltage deviation and power loss after the DG insertion, whereas
Figure 4.9 shows the power loss before and after the DG insertion using DEA, FA, and IWO.
The results showed that the number of DG located and sized in the network significantly
reduced the voltage deviation (3 to 6 %) and overall power losses (12%). However, all three

algorithms generally provide the same loss reduction at the same weight combination.
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Figure 4.9: Power loss without DG and with 1, 2, and 3 DGs using DEA, FA and IWO

Table 4.7: The Impact of DG using multi-objective optimisation

Weight Combination

I\(I)?' (coefficient factor) Ve (p.U) Pioss (MW)

DG | w1 (Voev) | w2 (Pioss) DEA | FA | wo | DEA | FA | woO
0.1 09 |0.0546 | 0.0546 | 0.0546 | 0.1080 | 0.1080 | 0.1080
0.2 0.8 | 0.0546 | 0.0546 | 0.0546 | 0.1080 | 0.1080 | 0.1080

1 05 0.5 |0.0537 | 0.0537 | 0.0537 | 0.1098 | 0.1098 | 0.1098
0.8 0.2 ~ |0.0537 | 0.0537 | 0.0537 | 0.1098 | 0.1098 | 0.1098
0.9 0.1 |0.0537| 0.0537 | 0.0537 | 0.1098 | 0.1098 | 0.1098
0.1 0.9 |0.0300 | 0.0297 | 0.0297 | 0.0863 | 0.0864 | 0.0864
0.2 0.8 |0.0268 | 0.0276 | 0.0268 | 0.0888 | 0.0881 | 0.0888

2 0.5 05 |0.0261| 0.0261 | 0.0261 | 0.0901 | 0.0901 | 0.0901
0.8 0.2 |0.0261| 0.0261 | 0.0261 | 0.0901 | 0.0901 | 0.0901
0.1 0.9 |0.0300| 0.0261 | 0.0261 | 0.0863 | 0.0901 | 0.0901
0.1 0.9 |0.0313| 0.0315 | 0.0315 | 0.0811 | 0.0810 | 0.0810
0.2 0.8 |0.0267 | 0.0267 | 0.0267 | 0.0848 | 0.0848 | 0.0848

3 05 05 |0.0260 | 0.0259 | 0.0259 | 0.0857 | 0.0857 | 0.0858
0.8 0.2 |0.0260 | 0.0259 | 0.0259 | 0.0858 | 0.0857 | 0.0858
0.9 0.1 |0.0259 | 0.0259 | 0.0259 | 0.0859 | 0.0858 | 0.0858
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Figure 4.10 (a), (b), and (c) show the voltage profile before and after optimal DG
placement in the network for w1=0.1 and w2 =0.9. These figures indicate that the voltage
profile improved significantly with the increase in the number of DG. The minimum bus
voltage without DG was 0.9131 p.u and the value improved after the insertion of DG to
0.9454 p.u, 0.9708 p.u, and 0.9687 p.u, correspondingly to the number of DG units.
Although the minimum bus voltage for 2 DGs was higher than 3 DGs, the coverage of 3DG
on bus voltage improvement was broader than 2DGs, which provided better voltage profile
improvement. Generally, the three algorithms have a similar improvement rate in regard to
the voltage profile. However, it is found that the variation of weight does not have any
significant impact on the voltage profile.

Figure 4.11 (a), (b), and (c) show the convergence characteristic of DEA, FA, and
IWO for 1, 2, and 3 DGs units at minimum fitness (w1=0.1: w2=0.9). From the results
obtained, it can be seen that FA converges faster in terms of number or time of iterations
compared to other algorithms for 1 DG and 3 DGs. In the meantime, for 2 DGs, DEA had
reached the constant minimum fitness faster than FA and IWO.

Table 4.8 shows the standard deviation of DEA, FA, and IWO, where the best
solution has the lowest fitness value while the optimal solution refers to the minimum fitness
value. Based on the results, FA has the lowest standard deviation at the selected weight for
1 DG and 2 DGs, while DEA has the lowest standard deviation for 3 DGs. The results
showed that FA was very consistent in providing the fitness function throughout 20 trials.
The summary of results was presented in Table 4.9, while the detailed results can be referred

at Appendix C.
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Voltage profile before and after inserting 1 DG using DEA, FA and IWO
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Figure 4.10: Voltage profile before and after DGs insertion using DEA, FA and IWO
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Convergence characteristic of DEA, FA and IWO for 1 DG
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Figure 4.11: Convergence characteristic of DEA, FA, and IWO
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Table 4.8: The standard deviation of DEA, FA, and IWO different weight combinations

DG wil w2 Standard Deviation
(Vbev) (Pioss) DEA FA IWO
0.1 0.9 0.0016 0.0000 0.0059
0.2 0.8 0.0025 0.0035 0.0092
1 0.5 0.5 0.0000 0.0062 0.0169
0.8 0.2 0.0000 0.0000 0.0145
0.9 0.1 0.0000 0.0000 0.0118
0.1 0.9 0.0003 0.0002 0.0190
0.2 0.8 0.0004 0.0004 0.0341
2 0.5 0.5 0.0009 0.0000 0.1045
0.8 0.2 0.002 0.0000 0.0883
0.1 0.9 0.0015 0.0000 0.0223
0.1 0.9 0.0012 0.0020 0.0108
0.2 0.8 0.0015 0.0015 0.0026
3 0.5 0.5 0.0019 0.0055 0.0229
0.8 0.2 0.0017 0.0103 0.0293
0.9 0.1 0.0022 0.0118 0.0443
Table 4.9: Summary table of performance of DEA, FA, and IWO
1 DG 2DG 3DG
Parameters. . "SEA | FA [ IWO | DEA | FA | IWO | DEA | FA |IWO
Fitness same | same | same | same | same | same | same | same | same
Standard deviation - / - - / - / - -
Voltage profile same | same | same | same | same | same | same | same | same
Convergence - / - / - - /| same | same
characteristic
Power loss same | same | same | / - - - / -

The results in Table 4.9 found that the best weight combinations to obtain the
minimum fitness were w1=0.1 and w2=0.9, which is w1l smaller than w2. However, the
slight weight variation applied in this study has not significantly impacted voltage profile,

convergence characteristics, and power loss reduction. Nonetheless, based on the
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performance analysis, FA and IWO showed better fitness solutions than DEA. Besides, all
algorithms indicate almost identical results for optimal location, DG size, voltage profile
improvement, and power loss. In addition, DEA, FA, and IWO satisfied the location and size
selection standard, with DEA and FA showing better performance in terms of convergence
characteristics and standard deviation. Above all, the FA showed the smallest standard
deviation and provided an optimal solution throughout the simulation consistently. The
results demonstrated that by considering two multi-objectives in this research, DG sizing
and allocation could increase the power loss reduction and thus reduce bus voltage deviation,

unlike only considering the single-objective function.

4.3 Simulation results of multi-objective optimisation with three objective
functions

From the findings in section 4.2, three algorithms have been identified to be applied
for multi-objective simulation: DEA, FA, and IWO. Meanwhile, from the findings in section
4.2.3, the combination of weight that produced minimum fitness was w1=0.1 and w2=0.9
(when w1 is smaller than w2). Therefore, in this section, a few combinations of weights have
been tested based on these findings using the DEA, FA, and IWO as shown in Table 4.10
which is based on w1 smaller than w2 and w3 between 0.1 to 0.3 as smoothing factors.

This section will encompass the whole results for the accomplished line voltage
stability indices. This research mainly focused on two indices, namely fast voltage stability
index (FVSI) and stability index (SI) to analyse their performance and identify which index
is the best for optimal allocation and sizing of DG. These indices will be correspondingly
implemented into the IEEE 33-Bus test system and IEEE 69-Bus test system. The objective

functions involved in this section are minimizing voltage deviation (Vpev) and power loss
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(Pioss) and at the same time improving voltage stability indices (VSI). The coefficient factors,

w1, w2, and w3 were for Vpev, Pioss, and VSI, respectively. Where, wl+w2+w3 =1.

4.3.1 Optimal allocation and sizing of DG in IEEE 33-bus network
This section presents the optimisation results and the performance of DEA, FA, and

IWO for several different combinations of weights.

4.3.1.1 Optimisation results of allocation and sizing of DG using DEA, FA and IWO
Table 4.10 to Table 4.12 show the optimisation results of 1 DG, 2 DGs, and 3DGs
for different weight combinations using DEA, FA, and IWO. From the results in Table 4.10,
overall proposed locations for 1 DG were bus seven or bus eight, while the proposed size of
DG was 2 MW. From the results in Table 4.10, overall proposed locations for 1 DG were

bus seven or bus eight, while the proposed size of DG was 2 MW.

Table 4.10: Optimisation results of 1 DG for different combinations of weight

Location of DG Size of DG

WEIGHT | ia IWO DEA FA IWO

FV[SI| RV [SI| RV [SI[FV[SI|FV]SI|FV] s

sI S S S sI sl
020701 7 | 7| 7 |7 7172 2]2]2]|2]2
040402 | 8|8 | 8 | 7| 8 |8 |2 |2 |22 2|2
0502203 | 8 |8| 8 | 7| g |8 |22 ]|2]|2]2]2
020602 | 7 18] 7 | 7] 7 | 7T | 2[2]2]2]2
020503 | 7 | 7| 7 | 7| 7 | 7|2 |2]2]2]2
040501 | 7 |71 7 [ 7] 7 |7 |22 |2]2]2
030502 7 | 7| 7 | 7| 7|7 |2 |2]2]2]2
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Meanwhile, Table 4.11 shows the optimal locations for 2 DGs with their optimal
sizes. The locations proposed by all three algorithms were mainly centred around buses 14,
30,31, and 32. However, the proposed locations differ slightly as the weight combination
changes. Importantly, the optimal sizes were within the DG power constraint.

On the other hand, for 3 DGs, the locations proposed by the algorithms are almost
the same: bus 8,14, 15, 30, 31, and 32, as shown in Table 4.12. Changes in the proposed
locations differ only slightly with the changes in the weight combinations. Crucially, the
total sum of DG power proposed by the algorithm meets the Ppc constraint. From the
observation, all the locations proposed by the algorithms for 1 DG, 2 DGs, and 3 DGs are
the same buses when FVSI and SI were used for optimal placement and sizing of DG. It
shows that the types of VVSI do not significantly impact the determination of the location and
size of DG. Overall, the proposed size of DG met the constraint successfully, where the total

sum size of DGs was perfectly within the DG’s size limit (Ppc <2 MW).

4.3.1.2 Performance of DEA, FA, and IWO using FVSI and Sl

The comparison of the algorithm’s performance for different weight combinations
considering FVSI and SI were shown in Table 4.13. From the results, the performance of
FVSI and Sl can be analysed to identify the suitable VSI for this research work. The results
show that the minimum fitness was achieved by the combination of 0.2:0.7:0.1. It is also
found that for 1 DG unit optimisation, SI managed to provide a better fitness solution and
standard deviation compared to the approach with FVSI. Table 4.14 and Table 4.15 show
the algorithm’s performance of 2 DGs and 3 DGs insertion for different weight combinations

using DEA, FA, and IWO using two different VSI, respectively.
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Table 4.13: Performance of DEA, FA, and IWO for 1 DG using FVSI and SI

Fitness

Weight Min Max Avg Std
(wl:w2:w3)

Alg.

FVSI Sl FVSI Sl FVSI Sl FVSI Sl

0.2:0.7: 0.1 | 0.5927 | 0.5856 | 0.6006 | 0.5895 | 0.5931 | 0.5858 | 0.0018 | 0.0009

0.2:0.6: 0.2 | 0.6335 | 0.6194 | 0.6405 | 0.6194 | 0.6342 | 0.6194 | 0.0022 | 0.0000

0.2:0.5:0.3 | 0.6743 | 0.6532 | 0.6799 | 0.6532 | 0.6754 | 0.6532 | 0.0023 | 0.0000

DEA

0.4:0.5:0.1 | 0.6119 | 0.6048 | 0.6119 | 0.6048 | 0.6119 | 0.6048 | 0.0000 | 0.0000

0.3:0.5: 0.2 | 0.6431 | 0.6290 | 0.6526 | 0.6414 | 0.6435 | 0.6296 | 0.0021 | 0.0028

0.2:0.7: 0.1 | 0.5927 | 0.5856 | 0.6006 | 0.5856 | 0.5939 | 0.5856 | 0.0029 | 0.0000

0.2:0.6: 0.2 | 0.6335 | 0.6194 | 0.6405 | 0.6194 | 0.6342 | 0.6194 | 0.0022 | 0.0000

FA

0.2:0.5:0.3 | 0.6743 | 0.6532 | 0.6799 | 0.6532 | 0.6745 | 0.6532 | 0.0013 | 0.0000

0.4:0.5: 0.1 | 0.6119 | 0.6048 | 0.6119 | 0.6049 | 0.6119 | 0.6048 | 0.0000 | 0.0000

0.3:0.5: 0.2 | 0.6431 | 0.6290 | 0.6526 | 0.6298 | 0.6435 | 0.6290 | 0.0021 | 0.0002

0.2:0.7: 0.1 | 0.5927 | 0.5856 | 0.6006 | 0.5856 | 0.5946 | 0.5946 | 0.0035 | 0.0041

0.2:0.6: 0.2 | 0.6335 | 0.6194 | 0.6405 | 0.6194 | 0.6366 | 0.6366 | 0.0036 | 0.0046

0.2:0.5:0.3 | 0.6743 | 0.6532 | 0.6799 | 0.6532 | 0.676 | 0.676 | 0.0027 | 0.0046

IWO

0.4:0.5:0.1 | 0.6218 | 0.6048 | 0.6347 | 0.6048 | 0.6257 | 0.6257 | 0.0060 | 0.0067

0.3:0.5:0.2 | 0.6431 | 0.6290 | 0.6526 | 0.6290 | 0.6464 | 0.6464 | 0.0046 | 0.0051

From the results in Table 4.14 and Table 4.15, the minimum fitness was given by the
combination of 0.4:0.5:0.1 for 2 DGs and 3 DGs, where the optimisation using S| gives
lower fitness solutions compared to FVSI. The main goal of this optimisation is to obtain the
minimum or optimum fitness function. This highlights the advantage of Sl that can produce
a very significant impact in providing optimal fitness functions. All the following results
will be presented based on the minimum fitness value achieved by the combination of

0.4:0.5:0.1, which is highlighted in the following results hereafter unless stated otherwise.
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For standard deviation, SI was also found to provide a smaller value which indicates the

algorithm's consistency in providing the optimal solution.

Table 4.14: Performance of DEA, FA and IWO for 2 DGs using FVSI and S

Fitness
? Weight Min Max Avg Std
(WL w22 w3) FVSI Sl FVSI Sl FVSI Sl FVSI Sl
0.2:0.7:0.1 | 0.4570 | 0.4453 | 0.4590 | 0.4470 | 0.4580 | 0.4461 | 0.0006 | 0.0005
0.2:0.6:0.2 | 0.5048 | 0.4812 | 0.5059 | 0.4820 | 0.5054 | 0.4815 | 0.0004 | 0.0003
é 0.2:0.5:0.3 | 0.5522 | 0.5158 | 0.5527 | 0.5273 | 0.5524 | 0.5166 | 0.0002 | 0.0025
0.4:0.5:0.1 | 0.4327 | 0.4205 | 0.4337 | 0.4214 | 0.433 | 0.4208 | 0.0003 | 0.0003
0.3:0.5:0.2 | 0.4925 | 0.4682 | 0.4935 | 0.4690 | 0.4928 | 0.4685 | 0.0003 | 0.0002
0.2:0.7: 0.1 | 0.4570 | 0.4451 | 0.4586 | 0.4466 | 0.4573 | 0.4455 | 0.0007 | 0.0006
0.2:0.6:0.2 | 0.5046 | 0.4810 | 0.5058 | 0.4812 | 0.505 | 0.4812 | 0.0004 | 0.0000
E 0.2:0.5: 0.3 | 0.5522 | 0.5158 | 0.5523 | 0.5169 | 0.5522 | 0.5158 | 0.0000 | 0.0003
0.4:0.5:0.1 | 0.4327 | 0.4204 | 0.4327 | 0.4205 | 0.4327 | 0.4205 | 0.0000 | 0.0001
0.3:0.5:0.2 | 0.4924 | 0.4682 | 0.4942 | 0.4686 | 0.4926 | 0.4682 | 0.0004 | 0.0002
0.2:0.7: 0.1 | 0.4570 | 0.4451 | 0.5566 | 0.5336 | 0.4630 | 0.4499 | 0.0221 | 0.0197
0.2:0.6: 0.2 | 0.5046 | 0.4810 | 0.5900 | 0.4906 | 0.5135 | 0.4821 | 0.026 | 0.0029
g 0.2:0.5: 0.3 | 0.5522 | 0.5158 | 0.6443 | 0.5271 | 0.5611 | 0.5180 | 0.0272 | 0.0041
0.4:0.5:0.1 | 0.4327 | 0.4204 | 0.5714 | 0.5709 | 0.4425 | 0.4356 | 0.031 | 0.0451
0.3:0.5:0.2 | 0.4924 | 0.4682 | 0.6050 | 0.5895 | 0.5157 | 0.4810 | 0.0455 | 0.0371

Figure 4.12 (a), (b) and (c) illustrate the comparison of fitness solutions using FVSI
and Sl for DEA, FA and IWO based on the histogram plots. It can be seen clearly that SI
managed to achieve lower fitness solutions compared to FVSI. The analysis of voltage
profile improvement using FVSI and Sl found that implementation of both VSI improved

voltage profile and maintained within the voltage constraint. However, there is no significant
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difference between both VSI. Therefore, the voltage profile of 1 DG, 2 DGs and 3 DGs for
DEA, FA and IWO using SI were presented in Figure 4.13 as samples from the analysis.
Based on this figure, there were also found that the three algorithms gave the same
improvement on voltage profile. Figure 4.13 shows the voltage profile with the present 1

DG, 2 DGs and 3 DGs for FVSI and Sl using DEA, FA, and IWO.

Table 4.15: Performance of DEA, FA and IWO for 3 DGs using FVSI and SI

Fitness

Weight _
Alg. | (wl:w2:w3) Min Max Avg Std

FVSI Sl FVSI Sl FVSI Sl FVSI Sl

0.2:0.7:0.1 | 0.4440 | 0.4322 | 0.4465 | 0.4343 | 0.4453 | 0.4332 | 0.0007 | 0.0007

0.2:0.6:0.2 | 0.4933 | 0.4688 | 0.4973 | 0.4713 | 0.4948 | 0.4698 | 0.0010 | 0.0007

DEA | 0.2:0.5:0.3 | 0.5417 | 0.5052 | 0.544 | 0.5070 | 0.5429 | 0.5059 | 0.0006 | 0.0005

0.4:0.5:0.1 | 0.4219 | 0.4088 | 0.4253 | 0.4151 | 0.4234 | 0.4111 | 0.0009 | 0.0013

0.3:0.5:0.2 | 0.4824 | 0.4573 | 0.4855 | 0.4617 | 0.4835 | 0.4585 | 0.0011 | 0.0011

0.2:0.7:0.1 | 0.4433 | 0.4319 | 0.4453 | 0.4336 | 0.4441 | 0.4322 | 0.0007 | 0.0004

0.2:0.6:0.2 | 0.4929 | 0.4684 | 0.4943 | 0.4710 | 0.493 | 0.4686 | 0.0003 | 0.0006

FA | 0.2:0.5:0.3 | 0.5414 | 0.5046 | 0.5414 | 0.5047 | 0.5414 | 0.5046 | 0.0000 | 0.0000

0.4:0.5:0.1 | 0.4212 | 0.4086 | 0.4225 | 0.4100 | 0.4214 | 0.4087 | 0.0005 | 0.0003

0.3:0.5:0.2 | 0.4817 | 0.4567 | 0.4881 | 0.4573 | 0.4822 | 0.4568 | 0.0014 | 0.0003

0.2:0.7:0.1 | 0.4687 | 0.4317 | 0.4705 | 0.4366 | 0.4690 | 0.4327 | 0.0005 | 0.0013

0.2:0.6:0.2 | 0.4929 | 0.4684 | 0.4988 | 0.4742 | 0.4941 | 0.4699 | 0.0017 | 0.0017

IWO | 0.2:0.5:0.3 | 0.5414 | 0.5046 | 0.5475 | 0.5132 | 0.5433 | 0.5071 | 0.0020 | 0.0032

0.4:0.5:0.1 | 0.4212 | 0.4086 | 0.4347 | 0.4222 | 0.4267 | 0.4155 | 0.0051 | 0.0058

0.3:0.5:0.2 | 0.4818 | 0.4567 | 0.4909 | 0.4701 | 0.4856 | 0.4616 | 0.0036 | 0.0047
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Figure 4.12: Minimum fitness for FVSI and Sl based on 1,2 and 3 DGs
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Figure 4.13: Voltage profile before and after DG insertion using DEA, FA and IWO
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Figure 4.14 to Figure 4.16 illustrate the convergence characteristic of DEA, FA, and

IWO for 1DG, 2DGs, and 3DGs using FVSI and SI, respectively.
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Figure 4.14: Comparison of convergence characteristics for 1DG using FVSI and Sl
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Convergence Characteristic of DEA using FVSI and SI1-2DGs
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Figure 4.15: Comparison of convergence characteristics for 2 DGs using FVSI and Sl
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Convergence Characteristic of DEA using FVSI and SI1-3DGs
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Figure 4.16: Comparison of convergence characteristics for 3 DGs using FVSI and Sl
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The results illustrate that SI has a lower fitness solution compared to FVSI. On the
other hand, algorithms that implement FVSI for 1DG converge faster than Sl in terms of
iteration numbers. However, for 2DGs and 3DGs, the algorithms that implement SI converge
faster FVVSI. While for optimisation algorithms, FA converges faster than DEA and IWO in
terms of iteration count for 2DGs and 3DGs. FA also provides consistent performance
throughout the 20-times simulation trials by achieving the lowest overall standard deviation.
Therefore, Sl and FA are chosen as the best VSI and the best optimisation algorithm for

optimal allocation and sizing of DG when tested on the IEEE 33-bus distribution network.

4.3.2 Optimal allocation and sizing of DG in IEEE 69-bus

The performances of DEA using FVSI and SI have been analysed for four
parameters: the fitness function, voltage profile, standard deviation, and convergence
characteristics. Table 4.16 to Table 4.18 show the optimisation results of 1 DG, 2 DGs, and
3 DGs for different weight combinations using DEA, FA, and IWO. The results in Table
4.16 shows that the location of DG that is proposed by all three algorithms is the same, which
was bus 61. Meanwhile, the optimal DG sizes proposed by those algorithms were from 1.95
MW to 2 MW. From the observation, the optimal location when using FVSI was the same
as when using SI for all combinations of weights.

Meanwhile, for optimal DG size, optimisation using SI proposed the smaller size of
DG at three combinations of weights. The optimal locations for 2 DGs with their optimal
sizes are shown in Table 4.17. The optimal locations proposed by all three algorithms were
at buses 17, 18, and 63, either when using FVSI or SI. The optimal sizes of DG were 0.5
MW to 1.5 MW, and the total sum of DG is still maintained within the DG power constraint.

The locations of 3 DGs proposed by the algorithms were tabulated in Table 4.18.
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The optimal location when using FVSI is also mostly the same as using Sl for all
combinations of weights. While the optimal sizes proposed were 0.5 MW, 0.5 MW, and 1.0
MW for both VSI and the total sum of DG met the DG power constraint. From the analysis,
all the locations proposed by the algorithms for 1 DG, 2 DGs, and 3 DGs were mostly the
same buses with FVSI or Sl. It shows that both VVSI can be applied for optimal allocation
and sizing of DG while meeting the DG’s size limit perfectly (Poc < 2 MW). The
performance of DEA, FA, and IWO using FVSI and Sl on the IEEE 69-bus network in terms

of fitness were tabulated in Table 4.19 and illustrated in Figure 4.17.

Table 4.19: Fitness of DEA, FA, and IWO using FVSI and Sl on IEEE 69-bus network

Weight/ Fitness
No. of | Coefficient
DG Factor DEA FA IWO
wl: w2: w3 | FVSI Sl FVSI Sl FVSI Sl

0.2:0.7:0.1 | 0.4155| 0.4060 | 0.4155 | 0.4060 | 0.4155 | 0.4060
0.2:0.6: 0.2 | 0.4653 | 0.4466 | 0.4653 | 0.4466 | 0.4653 | 0.4466
1DG | 0.2:0.5:0.3 | 0.5149 | 0.4871 | 05149 | 0.4871 | 05149 | 0.4871
0.4:0.5:0.1 | 0.4093 | 0.4001 | 0.4093 | 0.4001 | 0.4093 | 0.4001
0.3:0.5: 0.2 | 0.4621 | 0.4436 | 0.4621 | 0.4436 | 0.4621 | 0.4436
0.2:0.7:0.1 | 0.3898 | 0.3783 | 0.3898 | 0.3783 | 0.3898 | 0.3707
0.2:0.6:0.2 | 0.4458 | 0.4224 | 0.4458 | 0.4224 | 0.4461 | 0.4142
2DG | 0.2:0.5:0.3 | 0.5017 | 0.4651 | 0.5017 | 0.4651 | 0.5017 | 0.4581
0.4:0.5:0.1 | 0.3872 | 0.3749 | 0.3872 | 0.3749 | 0.3872 | 0.3666
0.3:0.5: 0.2 | 0.4445 | 0.4200 | 0.4445 | 0.4200 | 0.4445 | 0.4121
0.2:0.7:0.1 | 0.3828 | 0.3705 | 0.382451 | 0.3702 | 0.3825 | 0.3702
0.2:0.6: 0.2 | 0.4387 | 0.4140 |0.438498 | 0.4140 | 0.4388 | 0.4140
3DG | 0.2:0.5:0.3 | 0.4947 | 0.4582 | 0.494545 | 0.4578 | 0.4951 | 0.4578
0.4:0.5:0.1 | 0.3792 | 0.3670 |0.378232 | 0.3660 | 0.3802 | 0.3663
0.3:0.5: 0.2 | 0.4364 | 0.4126 |0.436388 | 0.4119 | 0.4373 | 0.4122
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The results in Table 4.19 show that the minimum fitness was given by the

combination of 0.4:0.5:0.1, while the optimisation using Sl has lower fitness compared to

FVSI for 1 DG, 2 DGs, and 3 DGs by all three algorithms. As illustrated in Figure 4.17, SI

(the red bar) has a lower fitness value than FVSI for all three algorithms used. As a result,

the voltage profile and convergence characteristics were presented based on the result yield

from the combination of 0.4:0.5:0.1.
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Figure 4.17: Fitness of DEA, FA, and IWO using FVSI and SI on IEEE 69-bus network

Figure 4.18 to Figure 4.20 show the voltage profile before and after DG insertion
using DEA, FA, and IWO with FVSI and SI. The voltage profile with and without DG for
DEA was shown in Figure 4.18, while the implementation using FA was shown in Figure
4.19, and the voltage profile using IWO was shown in Figure 4.20, respectively. From the
observation, the results show that the voltage profile improved significantly after the
insertion of 1 DG, 2 DGs, and 3 DGs in the network using both VSI. Overall voltage profile
increased to a greater 0.95 p.u and met the £ 5% voltage regulation. However, there was no
significant difference between using FVSI and Sl on voltage profile improvement; hence
both VSI indices can be used for voltage profile improvement without concern about other

parameters.
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using DEA
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Figure 4.21 to Figure 4.23 shows the Convergence Characteristic of DEA, FA, and

IWO using FVSI and S, respectively.
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Figure 4.21: Convergence characteristic of DEA with FVSI and Sl
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and Sl using FA

126



1.00 IWO: FVSI vs SI -1DG
0.90 \
080 © - = =0.4:0.5:0.1(FVSI) =——0.4:0.5:0.1(SI)

g 0.70

T 0.60
0.50
0.40
0.30

0 20 40 60 80 100
Number of iteration
(@ 1 DG
0.60 IWO: FVSI vs Sl -2DGs
0.55 - = =0.4:0.5:0.1(FVSI) =——0.4:0.5: 0.1(SI)
050 !

@ |

2045 !

T \(\\‘ 0.3874
040 | XSy SuE - _ B D e el W W\
0.35
0.30 0.3669

0 20 40 60 80 100
Number of iteration
(b) 2 DGs
0.70 IWO: FVSI vs S| -3DGs
- = =0.4:0.5:0.1(FVSlI) =——0.4:0.5: 0.1(SI)
0.60
£ 050
=
\ -—
0.40 N N e e e e e e e
0.30
0 20 40 60 80 100
Number of iteration

(c) 3DGs

Figure 4.23: Convergence characteristic for 1DG, 2DGs, and 3DGs allocation with FVSI
and Sl using IWO

127



The results in Figure 4.21 to Figure 4.23 demonstrate that the simulation using Sl
performed better than FVSI generally. Simulations using SI converged faster than FVSI in
regard to iteration count and have a smoother convergence curve. Table 4.20 shows the
standard deviation DEA, FA, and IWO throughout the simulation. The standard deviation
indicates the consistency and accuracy of each algorithm in producing consistent results
throughout many independent trials. From the observation, an approach with Sl has a lower

standard deviation compared to FVSI.

Table 4.20: Standard deviation of DEA, FA, and IWO using FVSI and SI

Weight of Standard Deviation
Coefficient DEA FA IWO
No. of factor
DG wl: w2: w3 FVSI Sl FVSI Sl FVSI Sl

0.2:0.7:0.1 0.0000 0.0000 | 0.0000 | 0.0000 | 0.1478 | 0.0000
0.2:0.6: 0.2 0.0000 0.0000 | 0.0000 | 0.0000 | 0.1146 | 0.0000
1 0.2:0.5:0.3 0.0000 0.0000 | 0.0000 | 0.0000 | 0.1051 | 0.0808
0.4:05:0.1 0.0000 0.0000 | 0.0000 | 0.0000 | 0.1756 | 0.0000
0.3:0.5: 0.2 0.0000 0.0000 | 0.0000 | 0.0000 | 0.0856 | 0.1219
0.2:0.7:0.1 0.0098 0.0072 | 0.0061 | 0.0091 | 0.0884 | 0.0417
0.2:0.6: 0.2 0.0061 0.0061 | 0.0081 | 0.0065 | 0.0177 | 0.0495
2 0.2:0.5:0.3 0.0051 0.0074 | 0.0051 | 0.0057 | 0.0738 | 0.0413
0.4:05:0.1 0.0079 0.0083 | 0.0089 | 0.0099 | 0.0126 | 0.0523
0.3:0.5:0.2 0.0060 0.0081 | 0.0051 | 0.0085 | 0.0106 | 0.0455
0.2:0.7:0.1 0.0006 0.0012 | 0.0038 | 0.0032 | 0.0432 | 0.0491
0.2:0.6: 0.2 0.0044 0.0011 | 0.0055 | 0.0033 | 0.0440 | 0.0450
3 0.2:0.5:0.3 0.0016 0.0018 | 0.0023 | 0.0027 | 0.0398 | 0.0500
0.4:05:0.1 0.0018 0.0030 | 0.0065 | 0.0020 | 0.0341 | 0.0423
0.3:0.5: 0.2 0.0028 0.0047 | 0.0055 | 0.0035 | 0.0543 | 0.0591

128



Overall, in sections 4.3.1 and 4.3.2, the performance of FVSI was compared and
analysed in order to choose the best VVSI for optimal allocation and sizing of DG. The results
and analysis were conducted based on 33-bus and 69-bus networks. Both results and analysis
showed that SI was better than FVSI in terms of lower fitness solutions, faster convergence
rate, and lower standard deviation. Therefore, it has been proven that Sl is the best of the
two VSIs and has been chosen to be used in the next stage of this research.

In addition to the selection of the best performing VSI, the most effective
metaheuristic algorithm also should be identified. Having said that, the FA was found to be
the most effective technique compared to DEA and IWO in the previous section (Section
4.3.1). On the other hand, the results of the 69-bus network were simplified and analysed to
determine the best technique that can provide optimal overall performance. Although all
three techniques give the same value of fitness solutions, it was found that the voltage profile
improvements, convergence characteristics, and standard deviations differ for each of the
algorithms. Figure 4.24 clearly shows the voltage profile of DEA, FA, and IWO using SlI.

FA provides better voltage improvement than DEA and IWO for 2DGs and 3 DGs.
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Lo \oltage Profile of DEA, FA and IWO using SI-2DGs
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Figure 4.24: Comparison of voltage profile for DEA, FA, and IWO using Sl

Meanwhile, the convergence characteristic for all techniques was shown in Figure
4.25, which indicates that the FA converges faster than DEA and IWO for 1 DG (a) and 3
DG s (c). Meanwhile, the standard deviation for all techniques using S1 was shown in Table
4.21. From the analysis, FA was found to give a smaller standard deviation compared to
DEA and IWO, which indicates the consistency of FA in producing consistent results

throughout the simulation process and also indicates the accuracy of this technique.
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080 , Convergence Characteristic of DEA, FA and IWO using SI-1DG
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Figure 4.25: Convergence characteristic of DEA, FA, and IWO using SI
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Table 4.21: Standard deviation of DEA, FA, and IWO using Sl

Weight of
NS'GOf Coefficignt factor

(wl: w2: w3) DEA FA IWO
0.2:0.7:0.1 0.0000 0.0000 0.0000
0.2:0.6: 0.2 0.0000 0.0000 0.0000
1 0.2:0.5:0.3 0.0000 0.0000 0.0808
0.4:05:0.1 0.0000 0.0000 0.0000
0.3:0.5: 0.2 0.0000 0.0000 0.1219
0.2:0.7:0.1 0.0072 0.0091 0.0417
0.2:0.6: 0.2 0.0061 0.0065 0.0495
2 0.2:0.5:0.3 0.0074 0.0057 0.0413
0.4:05:0.1 0.0083 0.0099 0.0523
0.3:0.5:0.2 0.0081 0.0085 0.0455
0.2:0.7:0.1 0.0012 0.0032 0.0491
0.2:0.6:0.2 0.0011 0.0033 0.0450
3 0.2:0.5:0.3 0.0018 0.0027 0.0500
0.4:0.5:0.1 0.0030 0.0020 0.0423
0.3:0.5:0.2 0.0047 0.0035 0.0591

From the results, SI has a smaller fitness function and standard deviation compared
to FVSI. While for optimisation techniques, FA converges faster than DEA and IWO in term
of iteration number and provide consistent result throughout 20-time simulation runs with
the minimum standard deviation. Therefore, this research chooses Sl and FA as the best VSI

and technique for optimal allocation and sizing of DG.

4.3.3 Capacity of DG in the radial distribution networks

This section presents the number and capacity of DG to be allocated in the system
with the constraint that the total sum of DG in the network must be less than or equal to the
total connected load (TCL). The Firefly Algorithm was based on the weight-sum method
(WSM) that had been applied for the optimal DG allocation and sizing in the 33-bus and 69-

bus of the IEEE radial distribution networks. The objective function involved in this
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optimisation are network power loss (Pioss), Voltage deviation (Vpev) and voltage stability
index (VSI).

For the simulation purposes in this section only, the total sum of DG is 2 MW which
is = 50 % of the total connected load (TCL) for the 33-bus system and 69-bus system,
respectively. On the other hand, Ackermann and Knyazkin (2002) state that the total sum of
DG in the network must be less or equal to the total connected load (TCL). Therefore, Table
4.22 show the comparison of impact between insertion of the optimised size of DG and
installing fixed DG size on power loss, while the results for 118-bus can be referred to in

Appendix D.

Table 4.22: Impact of insertion optimised and fixed DG size on power loss

Test Ircic DG | Location | Optimal Ploss Fixed Ploss
Network | (MW) size (MW) Size (MW)
(2MW)
33-bus | 3.715 | Without DG 0.2027 - -
1DG 7 2 0.1080 2 0.1080
2DG 14 1.2621 | 0.0864 212 0.1942
30 0.7379
3DG 29 0.6117 | 0.0839 | 22,2
14 0.7929 0.4344
32 0.5954
69-bus 3.80 - - 0.2298 - -
1DG 61 1.9410 | 0.0834 2 0.0853
2DG 61 1.4999 | 0.0746 2,2 0.1560
17 0.5000 6
3DG 17 0.5 0.0743 | 2,2,2 | 0.3462
64 0.5 9
61 0.9999

As can be seen in Table 4.22, the optimised DG size ultimately provides a reduced
loss reduction than the predetermined size of DG. The power loss reduces significantly with

the increased number of DG. For insertion of fixed DG size (2MW) at the optimal location
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proposed by the optimisation process, the power loss was reduced from 0.2027 MW to
0.1080 MW for 1 DG (2MW). However, the loss increases tremendously to 0.1942 MW
after installing two units of DG (4MW) but is still less than the power loss without DG. After
insertion of the 3 DGs (6 MW), the power loss keeps increasing to 0.4344 MW and higher
than power loss without DG, which is unacceptable.

Meanwhile, for the 69-bus network, the results show that the power loss reduced
significantly with the increased number of DG units. For insertion of a predetermined DG
size (2MW) at the optimal location proposed by the optimisation process, the power loss was
reduced from 0.2298 to 0.0853 for 1 DG (2MW). However, the loss increased to 0.1560 MW
after installing two units of DG (4MW). Nevertheless, the loss reduction is still less than
power loss without DG. After inserting 3 DGs (6MW) which is greater than TCL, the power
loss increased to 0.3462 MW and is no longer acceptable. The results show that the violation
of DG capacity constraint or non-optimal size of DG significantly impacts power loss
reduction. Thus, from the results, it is concluded that the maximum penetration limit of DG
without violating the voltage depends on the location, type and size of the installed DG, as

revealed in the literature review.

4.4 Simulation results of the integration of AHP into Firefly Algorithm (FAHA)
As FA was found to be the best technique out of 3 techniques that had been compared
for multi-objective optimisation, this algorithm will be used from here onwards. Sections 4.3
and 4.2.3 used the weighted-sum method to set up the weight of each objective based on the
researcher’s preference. However, there was no detailed calculation behind the weight value
that was chosen. Therefore, in this section, AHP was used to calculate the weight of each

objective to obtain the reliable weight for each objective function and to make sure the
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optimisation process provides the reliable proposed solution. To improve FA for optimal DG
allocation and sizing as an expert system based, AHP was integrated into the algorithm.
Hence, one of the research objectives (RO3) on integrating AHP to calculate the weight of
each objective function and perform optimal DG allocation and sizing based on the weight
obtained. The proposed integrated AHP with FA will be named as Firefly Analytical
Hierarchy Algorithm (FAHA).

At the next stage, the load flow approach was incorporated into the FAHA for optimal
allocation and sizing of DG. In this research, the type of bus at the location of DGs that the
FAHA proposed had been converted from PQ-bus to PV-bus with regulated voltage to
observe the impact of unregulated and regulated voltage at DG locations. The regulated
voltage at PV-bus will be known as Vpc from here onwards. The simulations were performed
using the proposed algorithm for several Vpg settings, which were Vpg at 1.0 p.u to 1.05
p.u. The best optimal solutions of FAHA are obtained after performing 20 independent runs.
The weights of each objective function and optimisation by FAHA on the 118-bus radial
distribution network are shown in Table 4.23.

By referring to Table 4.23, the results show the weights of each objective function
obtained from AHP. The weight of Vpey is represented by w1, w2 is the weight for Pjoss and
w3 is the weight of SI. From AHP calculation for 1 DG, 2 DGs and 3 DGs, Sl give the largest
weight, followed by Pioss and Voltage deviation. Out of the three objective functions, the
largest weight shows the most important objective out of 3 objectives. The weights were also
verified by calculating the consistency ratio, which was obtained to be less than 0.1. The
proposed DG location, size, and minimum fitness obtained from the optimisation process

are shown in Table 4.24.
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Table 4.23: Weight or coefficient factor calculation using FAHA

Vpe setting (PV-bus) | DG W1(VDev) W2 (Ploss) w3(SlI)
Vbe = Vaus 1 0.3074 0.3335 0.3591
2 0.3224 0.2899 0.3876

3 0.2172 0.3388 0.4440

4 0.2139 0.32549 0.4607

Voe =1.0 1 0.3174 0.3117 0.3709
2 0.3502 0.2288 0.4210

3 0.2382 0.2252 0.5365

4 0.2402 0.2041 0.5557

Voe = 1.02 1 0.3159 0.3150 0.3691
2 0.3458 0.2385 0.4157

3 0.2256 0.2485 0.5259

4 0.2224 0.2367 0.5409

Voe = 1.03 T 0.3174 0.3117 0.3709
2 0.3409 0.2492 0.4098

3 0.2205 0.2667 0.5128

4 0.2136 0.2646 0.5218

Voe =1.04 1 0.3124 0.3227 0.3649
2 0.3339 0.2647 0.4014

3 0.2212 0.2982 0.4806

4 0.2242 0.2887 0.4871

VoG =1.05 1 0.3100 0.3278 0.3622
2 0.3232 0.2883 0.3885

3 0.2448 0.3306 0.4245

4 0.2501 0.3161 0.4338
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Table 4.24: Optimisation results using FAHA

Vg setting

(PV-bus) DG Location Size (MW) Fitness

Vbc =Veus | 1 71 2.9785 0.7860
2 109, 71 3.1199, 2.9785 0.7238

3 50, 71, 109 3.0347,3.5058, 3.1201 0.5510

4 50,72, 96,109 | 3.2213, 2.6297,1.8208, 3.1217 | 5392

Vbe = 1.0 1 71 2.9986 0.7628

2 110,71 2.8736, 2.9986 0.6939

3 70, 48, 110 2.8411, 3.2632, 2.8736 0.4920

4 82, 110, 72, 33 1.7923, 2.8815, 2.7197, 4 0.4879

Vpc=1.02 | 1 71 3.6023 0.7660
2 110, 71 3.6720, 3.6023 0.6968

3 110, 71, 47 3.6720, 3.6023, 4 0.4910

4 | 50,70,42, 110 | 3.5259, 3.3052, 1.9629, 3.6720 | ( 4846

Vpoc=1.03 | 1 71 2.9986 0.7628
2 110, 72 4,3.7154 0.7008

3 72,110, 50 3.7154, 4.4 0.4953

4 1105 43; vn50 4,2.0172, 3.6945, 3.9046 0.4891

Vboe =1.04 | 1 74 3.6603 0.7739
2 111, 74 4, 3.6603 0.7080

3 | 1115074 4, 4,3.6603 0.5083

4| 50,99 74 111 4,2.8225,3.2934, 4 0.5043

Vbe =1.05 1 74 3.9243 0.7794
2 113, 74 4,3.9243 0.7226

3 113, 50, 74 4,4,3.9243 0.5440

4 |50,74,112,111 4,3.9244,2.2514, 2.5348 0.5342
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As seen in Table 4.24, the proposed DG location and the DG size that can minimize
the fitness function were obtained from the optimisation process. The location that had been
chosen by the algorithm were the buses with low bus voltage and have large voltage
deviations. So, when the DG power is injected into those buses, the voltage that particular
buses and nearby will increase. Therefore, when the voltage increase, the power loss will be
reduced, and the network voltage profile will be improved.

The power loss reduction after DG insertion in the 118-bus network is shown in Table
4.25. As can be seen in Table 4.25, the power loss is significantly reduced by the increasing
number of DG. In the case of DG type-1, the power factor is almost 1.0 (cos@ =1.0).
Therefore, the power is the sum of the multiply of voltage and current P=Vicosd =~ P=VI.
From the results, DG allocation and sizing are able to reduce power losses. At PV-bus, P
was generated and regulated the voltage. The line current will reduce when the voltage
increases at the particular bus (DG location). Therefore, the power loss is also reduced due
to IR losses.

In general, the regulated voltage at the DG location produces a smaller loss reduction
compared to unregulated voltage (Vboe = Veus). The results show that the loss reduction
percentage decrease with the increasing value of Vpe. Vpe regulated from 1.0 to 1.03 p.u
give a 65% to 72 % loss reduction compared to 48% at unregulated Vpc. On the other hand,
Vpe from 1.04 to 1.05 p.u give a smaller loss reduction, whereas Vpe =1.05 p.u give almost
the same loss reduction as unregulated Vpe. It indicates that Vps = 1.05p.u is too large for
the radial distribution system. Overall, for RDS regulated voltage from 1.0 p.u to 1.03 p.u
produce a greater percentage loss. Normally, the power loss is calculated by 1°R. However,
as the voltage magnitude increases (Vps=1. 05 p.u), the loss percentage becomes greater and

can be determined using VZ/R.
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Table 4.25: The power loss reduction after insertion of DGs in 118-bus network

Vbe setting Number of Loss re dLucz:StSi’on
(PV-bus) DG (MW) (%)
Without DG 0 1.2981 -
1 1.0168 21.7
2 0.8052 38.0
Ve = VBus
3 0.6748 48.0
4 0.6179 52.4
1 0.9200 29.1
2 0.5852 54.9
Vb =1.0
3 0.3638 72.0
4 0.3167 75.6
1 0.9342 28.0
2 0.6177 524
Vbe = 1.02
3 0.4069 68.7
4 0.3741 71.2
1 0.9496 26.8
2 0.6547 49.6
Vpe = 1.03
S 0.4480 65.5
4 0.4330 66.6
1 0.9682 25.4
2 0.7100 45.3
Vbe =1.04
3 0.5334 58.9
4 0.5096 60.7
1 0.9909 23.7
2 0.7987 38.5
Vbe =1.05
3 0.6681 48.5
4 0.6252 51.8

The minimum bus voltage, maximum bus voltage and stability index within the

network are shown in Table 4.26.
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Table 4.26: The power loss, minimum and maximum bus voltage and minimum SI

Vb setting Number | Pioss | Minimum | Maximum | Minimum Sl
(PV-bus) of DG | (MW) | Vbus(p.u) | Vbus(p.u)

Without DG 0 1.2981 0.8688 0.9963 0.5699
Vbe = VBus 1 1.0168 0.9053 0.9971 0.6758
2 0.8052 0.9095 0.9980 0.6872
3 0.6748 | 0.90563 0.9980 0.8365
4 0.6179 | 0.9589 0.9980 0.8458
Vo =1.0p.u 1 0.9200 | 0.9053 0.9982 0.6758
2 0.5852 | 0.9095 0.9992 0.6872
3 0.3638 | 0.9611 0.9992 0.8535
4 0.3167 | 0.9623 0.9994 0.8578
Voe =1.02 p.u 1 0.9342 | 0.9053 1.0172 0.6758
2 0.6177 0.9095 1.0192 0.6872
3 0.4069 0.9627 1.0192 0.8591
4 0.3741 0.9645 1.0192 0.8655
Voe = 1.03 p.u 1 0.9496 0.9053 1.0263 0.6758
2 0.6547 0.9095 1.0292 0.6872
3 0.4480 0.9626 1.0292 0.8586
4 0.4330 0.9647 1.0296 0.8662
Vbe =1.04 p.u 1 0.9682 | 0.9053 1.0393 0.6758
2 0.7100 0.9095 1.0393 0.6872
3 0.5334 0.9631 1.0393 0.8605
4 0.5096 0.9631 1.0393 0.8605
Vbe =1.05 p.u 1 0.9909 0.9053 1.0493 0.6758
2 0.7987 0.9095 1.0493 0.6872
3 0.6681 0.9636 1.0493 0.8623
4 0.6252 0.9636 1.0499 0.8623

As seen in Table 4.26, the results showed that voltage magnitude for PQ buses are
well within 0.95 p.u to 1.05 p.u (= 5%) for the minimum number of 3DGs. For the Sl value,
unregulated buses have much better SI compared to unregulated Vps and without DG.
Furthermore, for the regulated buses with a minimum DG of three reach an SI of more than

0.85. Overall, for regulated Vpg from 1.0 p.u to 1.03 p.u with the minimum number of 3
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DGs will produce a percentage of losses of 65 %, minimum bus voltage within 0.85 to 1.05
and SI of minimum, 0.85. The voltage profile without DG, unregulated Vpc and regulated

Vpe of the 118-bus network are shown in Figure 4.26 (a), (b), (c) and (d).

Voltage profile before and after DG allocation with regulated V5 (1 DG)
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Voltage profile before and after DG allocation with regulated Vg (3 DG)
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Figure 4.26: Voltage profile before and after DG insertion with regulated PV-bus
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As seen in Figure 4.26, voltage profiles without DG were low, with all the bus
voltages below 0.95 p.u. When the voltage is low, the current in the line will increase and
cause more power losses. Thus, when the DG is inserted at the proposed location, which is
the bus with a lower voltage, it will inject active power (P) to the bus and increase the bus
voltage. Consequently, the voltage profile will be improved. For example, in Figure 4.26 (a)
with Vpe=1.0 p.u, the proposed DG location was at bus 71. Bus 71 was one of the lower
buses in the network and had a large voltage deviation. When the DG power is injected into
the 71, the voltage at bus 71 and other nearby buses increases to more than 9.5 p.u. These
figures indicate that the DG was located in the optimal location.

For unregulated Vpg, the voltage profiles were lower than regulated Vpg, and many
buses are still lower than 1.0 p.u. When Vpg is regulated to 1.0 to 1.05p.u, the voltage at
particular buses increases better than unregulated Vpc. For higher regulated Vpg, there were
many buses increases between 1.02 to 1.05 p.u. When Vps = 1.04 p.u, the bus voltage
reaches an almost maximum value. The maximum bus voltage at Vpc = 1.05 p.u is too high
for a radial network. However, the required bus voltage is only around 1.0 p.u. Therefore, it
is proposed that only Vpgc equal to 1.0 to 1.03 p.u are suitable for a radial distribution
network. The sample of FAHA’s simulation codes can be referred to in Appendix E. In
comparison between the proposed FAHA with the works found in the literature for hybrid
algorithms HSA-PABC, CMSFS10, and TWO-STAGE BBO, the results of 3 DGs and 4
DGs are comparable. Therefore, from the observations and comparison, these results provide

a comparable approach for allocating and sizing DG in the distribution network.
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4.5 Summary

In this chapter, the results from six different metaheuristic techniques considering
single and multi-objective functions have been analysed to identify the best techniques for
finding the optimal location and sizing of DG. The objective function involved were
voltage deviation and power losses. Furthermore, the performance of two VSI has been
analysed to choose the most suitable VSI for this research work. For multi-objective
optimisation, the weighted-sum method was applied. Then, AHP was integrated with the
most effective technique and the best VSI to determine the optimal location and sizing of
DG. Finally, the load flow approach was incorporated into the integrated technique. In the

following chapter, the conclusion of this research will be presented.
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CHAPTER 5

CONCLUSION AND RECOMMENDATIONS

51  Conclusion

This research has analysed and compared the performance of metaheuristic
algorithms for optimal placement and sizing of DG in radial distribution networks. The
performances of two VSI were also compared to identify the most appropriate VSI for
determining the location and size of DG. These studies involved optimisation with single-
objective and multi-objective functions. The integration of AHP and incorporation of the
load flow approach along with the best-performing optimisation algorithm produced a hybrid
approach proposed to overcome the problems related to the distribution network. On a side
note, this study also tackles the lack of study in tackling the aforementioned problem from
the multi-objective optimisation point of view, where several criteria were taken into account
to achieve optimal performance rather than a single objective only. The simulation works
were conducted on the 33-bus, 69-bus, and 118-bus IEEE radial distribution system. The
following conclusions can be drawn with regard to the attainment of research objectives.

In the first objective, the performance of six metaheuristic algorithms, mainly DEA,
GA, PSO, FA, IGSA, and IWO for optimal allocation and sizing of DG based on a single
objective function were analysed. These algorithms are the representations of the
metaheuristic family consisting of those inspired by the evolutionary process (DEA and GA),
food hunting process or animal colonization (PSO and FA), and natural phenomenon (IGSA
and IWO), respectively. The objective function involved in the first research objective is to

minimize voltage deviation and power loss separately. The simulations were conducted on
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the 33-bus system, and the performance was compared based on a fitness function, power
loss reduction, convergence characteristic, voltage profile improvement, and standard
deviation. The results showed that DEA, FA, and IWO were the three most effective
techniques from each category. Then, the performances of these algorithms were analysed
again to identify the single most effective technique using multi-objective technique
formulation, which is a combination of voltage deviation and power loss. The performance
was also compared based on the same parameters as previous single-objective simulations.
The outcome led that all three techniques satisfy the location and sizing selection criterion.
However, the FA and DEA were better in convergence characteristics, standard deviation,
voltage profile, and minimum fitness. Overall, the FA was chosen as the most effective meta-
heuristic technique. It provided the minimum standard deviation by constantly providing an
optimal solution throughout the simulation. These results (Table 4.1 to Table 4.9) attained
the first research objective.

In the second objective, the performance of FVSI and Sl for optimal allocation and
sizing of DG based on multi-objective function formulation were analysed using the three
most effective techniques obtained in the first research objective as discussed above (DEA,
FA, and IWO). The objective functions involved in the second objective were voltage
deviation, power loss and voltage stability index. The simulations were done using the
weighted sum method for multi-objective formulation and tested for several combinations
of weights on 33-bus and 69-bus radial distribution networks. The findings showed that the
Sl gave a lower fitness function and standard deviation compared to the FVSI. Meanwhile,
for optimisation methods, the FA converged faster than DEA and IWO in terms of the
iteration count. The FA also provided consistent results throughout simulation runs with the
minimum standard deviation. Therefore, the S| was chosen as the most suitable VSI for this

research work. Meanwhile, the FA was chosen as the most effective metaheuristic algorithm
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for optimal allocation and sizing of DG. The results from Table 4.10 to Table 4.21 and Figure
4.12 to Figure 4.25 conveyed that the second objective has been achieved.

For the third objective, the AHP method was integrated with the FA considering
voltage deviation, power loss, and SI for the optimal allocation and sizing of DG. The results
showed that AHP could provide an accurate weight of each objective function in multi-
objective optimisation and obtained an optimal solution. The proposed algorithm was named
Firefly Analytical Hierarchy Algorithm (FAHA). The FAHA development had fulfilled the
research gap mentioned in Chapter 2, where there is a lack of common understanding or a
benchmark approach among researchers on the calculation or implementation of the
weighted sum method. The FAHA was tested for optimal allocation and sizing of DG in a
118-bus radial distribution network. Referring to Table 4.23 to Table 4.24, the proposed
algorithm is capable of providing the optimal location and size of DG, minimizing voltage
deviation and power loss while at the same time improving the stability index and voltage
profile within the network.

Moreover, the load flow approach was fully incorporated into the proposed algorithm
in this third objective. Most previous researchers did not change the type of bus at the DG
location and hence did not regulate the voltage at the DG location before executing the load
flow. However, in this research, at the location of DG, the FAHA proposed had been
converted to a regulated PV-bus to observe the impact of regulated voltage at the DG
location. The results shown in Table 4.25 to Table 4.26 and Figure 4.26 indicate that the
optimisation with regulated PV-busses (Vbg) produces a greater loss reduction percentage
compared to the unregulated PV-busses. Those findings show that regulated voltage from
1.0 to 1.03 p.u produces a significant loss reduction percentage. However, the loss reduction
decreased when the Vpc was regulated to greater than 1.03 p.u. For unregulated Vpg, the

voltage profiles were lower than when Vpg was regulated from 1.0 to 1.05p.u.

147



Meanwhile, on the Sl value, the regulated Vpc had much better SI compared to the
unregulated Vpg and without DG. In summary, this novel study proved that the regulated
Vpe from 1.0 p.u to 1.03 p.u with a minimum number of 3 DG would produce a percentage
of losses of 65 %. In addition to the minimum bus voltage profile of within 0.95 to 1.05 and
the SI of 0.85 as a minimum. Based on these findings, the regulated Vpc provided better
optimisation performance than the unregulated Vpe. For these reasons, the fourth research

objective was achieved.

5.2  Significance of research findings
The findings or outcomes of the research are expected to contribute to the field of

optimization methods to enhance the operation and control of the power system, especially

the radial distribution networks. The significance of the research findings are as follows:

I. The meta-heuristic techniques, especially FAHA proposed in this research, can be
useful for improving power loss reduction and voltage profile and the accuracy of
each optimization technique for allocation and sizing of DG in a radial distribution
network.

ii. The comparison of VSI performance for the placement and sizing of DG aids in a
better choice of Sl for the related future distribution network, and the multi-
objective function with the three objectives provides more reliable data compared
to the two-objective.

iii.  The FAHA uses systematic calculations to determine each objective function's weight
or coefficient factor, increasing the accuracy of multi-objective function formulation
and can be applied in local scenarios.

Iv. Regulated PV-bus at DG locations (1.0 -1.03 p.u) using power flow calculations

provides better optimization solutions for allocation and sizing of DG.
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5.3  Suggestions for future work
This research presents the new optimisation technique for optimal allocation and

sizing of DG insertion with the power system's loss minimization and voltage profile

improvement. There are several possible contributions to research that the researcher can
explore further for future growth. The following is a list of potential further development of
this research work:

I. The two-difference regulated PV-bus (Vpg) can be applied for 2 DG and above with
different sizes. The smaller size of DG is set to lower Vpg, such as 1.0 p.u to 1.01p.u.
While the higher voltage, such as 1.02 to 1.03 p.u, are set to the bigger size of DG.

ii. This research proposed the meta-heuristic optimisation technique, namely FAHA,
for single and multi-objective functions. This FAHA integrates the AHP with FA.
Hence, other integration of AHP with other techniques such as DE-AHP and GA-
AHP can be considered for comparative study.

ii. This research only performed a study on optimal allocation and sizing of DG in a
distribution network. For future work, the combination of two different DG types,
such as PV-DG and Wind-DG, can be considered for further analysis.

iv. This research proposed the new hybrid algorithm of other optimisation techniques

and an improved version of AHP or other multi-criteria decision (MCD) techniques.

This study has shown that the approach can significantly boost the performance of
the radial distribution network with the implementation of optimally located DG units with
the right capacity. It has created the fundamentals that can further be explored in various
ways. It may also be useful to study particular aspects in the list of recommendations

highlighted above that can improve the performance of the proposed approach further.
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i. IEEE 33-bus Radial Distribution Network
ii. IEEE 69-bus Radial Distribution Network

Ii. IEEE 118-bus Radial Distribution Network

190



Appendix A

IEEE distribution system’s data

1). IEEE 33-bus Radial Distribution system’s data (Hamada et al., 2010).
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Figure A.1: The IEEE 33-bus radial distribution system

*  Spae = 100 and Vipase. 12.66 kV

» The total active power load = 3715.0000 kW

» The total reactive power load = 2300.0000 kVAr
» The total active power losses = 202.6771 kW

» The total reactive power losses = 135.1410 kVAr

« The minimum voltage value in p.u. =0.913 The minimum voltage is at bus 18
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Table A.1: IEEE 33-bus radial distribution system

Bus Bus R X PL QL
Branch
From To (p.u.) (p.u.) (kW) | (kVAR)
1 1 2 0.0575 | 0.0293 | 100.00 | 60.00
2 2 3 0.3076 | 0.1567 | 90.00 | 40.00
3 3 4 0.2284 | 0.1163 | 120.00 | 80.00
4 4 5 0.2378 | 0.1211 | 60.00 | 30.00
5 5 6 0.5110 | 0.4411 | 60.00 20.00
6 6 7 0.1168 | 0.3861 | 200.00 | 100.00
7 7 8 0.4439 | 0.1467 | 200.00 | 100.00
8 8 9 0.6426 | 0.4617 | 60.00 20.00
9 9 10 0.6514 | 0.4617 | 60.00 20.00
10 10 11 0.1227 | 0.0406 | 45.00 | 30.00
11 11 12 0.2336 | 0.0772 | 60.00 | 35.00
12 12 13 0.9159 | 0.7206 | 60.00 | 35.00
13 13 14 0.3379 | 0.4448 | 120.00 | 80.00
14 14 1.5 0.3687 | 0.3282 | 60.00 10.00
15 15 16 0.4656 | 0.3400 | 60.00 20.00
16 16 17 0.8042 | 1.0738 | 60.00 20.00
17 17 18 0.4567 | 0.3581 | 90.00 | 40.00
18 2 19 0.1023 | 0.0976 | 90.00 | 40.00
19 19 20 0.9385 | 0.8457 | 90.00 | 40.00
20 20 21 0.2555 | 0.2985 | 90.00 | 40.00
21 21 22 0.4423 | 0.5848 | 90.00 | 40.00
22 3 23 0.2815 | 0.1924 | 90.00 50.00
23 23 24 0.5603 | 0.4424 | 420.00 | 200.00
24 24 25 0.5590 | 0.4374 | 420.00 | 200.00
25 6 26 0.1267 | 0.0645 | 60.00 25.00
26 26 27 0.1773 | 0.0903 | 60.00 25.00
27 27 28 0.6607 | 0.5826 | 60.00 20.00
28 28 29 0.5018 | 0.4371 | 120.00 | 70.00
29 29 30 0.3166 | 0.1613 | 200.00 | 600.00
30 30 31 0.6080 | 0.6008 | 150.00 | 70.00
31 31 32 0.1937 | 0.2258 | 210.00 | 100.00
32 32 33 0.2128 | 0.3308 | 60.00 | 40.00
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il). IEEE 69-Bus Radial Distribution System

Single line diagram of 69-bus distribution system:
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Figure A.2: IEEE 69-bus radial distribution system (Latreche and Bouchekara, 2020)

© Spue = 100 and Visee— 12.66 kV

» The total active power load = 3802.1000 kW

» The total reactive power load = 2694.7000 kKVAr
» The total active power losses = 225.0007 kW

» The total reactive power losses = 102.1648 kVAr
*  The minimum voltage value in p.u. = 0.909

* The minimum voltage is at bus 65
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Table A.2: Data of IEEE 69-bus system

Branch Bus Bus R X PL QL
From To (p.u.) (p.u) | (kW) (kVAR)
1 1 2 0.0000 | 0.0001 0.00 0.00
2 2 3 0.0000 | 0.0001 0.00 0.00
3 3 4 0.0001 | 0.0002 0.00 0.00
4 4 5 0.0016 | 0.0018 0.00 0.00
5 5 6 0.0228 | 0.0116 2.60 2.20
6 6 7 0.0238 | 0.0121 40.40 30.00
7 7 8 0.0058 | 0.0029 75.00 54.00
8 8 9 0.0031 | 0.0016 30.00 22.00
9 9 10 0.0511 | 0.0169 28.00 19.00
10 10 11 0.0117 | 0.0039 | 145.00 | 104.00
11 11 12 0.0444 | 0.0147 | 145.00 | 104.00
12 12 13 0.0643 | 0.0212 8.00 5.50
13 13 14 0.0651 | 0.0215 8.00 5.50
14 14 15 0.0660 | 0.0218 0.00 0.00
15 15 16 0.0123 | 0.0041 45.50 30.00
16 16 g=r. 0.0234 | 0.0077 60.00 35.00
17 17 18 0.0003 | 0.0001 60.00 35.00
18 18 19 0.0204 | 0.0068 0.00 0.00
19 19 20 0.0131 | 0.0043 1.00 0.60
20 20 21 0.0213 | 0.0070 | 114.00 | 81.00
21 21 22 0.0009 | 0.0003 5.30 3.50
22 22 23 0.0099 | 0.0033 0.00 0.00
23 23 24 0.0216 | 0.0071 28.00 20.00
24 24 25 0.0467 | 0.0154 0.00 0.00
25 25 26 0.0193 | 0.0064 14.00 10.00
26 26 27 0.0108 | 0.0036 14.00 10.00
27 3 28 0.0003 | 0.0007 26.00 18.60
28 28 29 0.0040 | 0.0098 26.00 18.60
29 29 30 0.0248 | 0.0082 0.00 0.00
30 30 31 0.0044 | 0.0014 0.00 0.00
31 31 32 0.0219 | 0.0072 0.00 0.00
32 32 33 0.0523 | 0.0176 14.00 10.00
33 33 34 0.1066 | 0.0352 19.50 14.00
34 34 35 0.0920 | 0.0304 6.00 4.00
35 3 36 0.0003 | 0.0007 26.00 18.60
36 36 37 0.0040 | 0.0098 26.00 18.60
37 37 38 0.0066 | 0.0077 0.00 0.00
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38 38 39 0.0019 | 0.0022 24.00 17.00
39 39 40 0.0001 | 0.0001 24.00 17.00
40 40 41 0.0454 | 0.0531 1.20 1.00
41 41 42 0.0193 | 0.0226 0.00 0.00
42 42 43 0.0026 | 0.0030 6.00 4.30
43 43 44 0.0006 | 0.0007 0.00 0.00
44 44 45 0.0068 | 0.0086 39.20 26.30
45 45 46 0.0001 | 0.0001 39.20 26.30
46 4 47 0.0002 | 0.0005 0.00 0.00
47 47 48 0.0053 | 0.0130 79.00 56.40
48 48 49 0.0181 | 0.0442 | 384.70 | 274.50
49 49 50 0.0051 | 0.0125 | 384.70 | 274.50
50 8 51 0.0058 | 0.0030 40.50 28.30
5151 51 52 0.0207 | 0.0070 3.60 2.70
52 9 53 0.0109 | 0.0055 4.30 3.50
53 53 54 0.0127 | 0.0065 26.40 19.00
54 54 55 0.0177 | 0.0090 24.00 17.20
55 55 56 0.0176 | 0.0089 0.00 0.00
56 56 57 0.0992 | 0.0333 0.00 0.00
57 o 58 0.0489 | 0.0164 0.00 0.00
58 58 59 0.0190 | 0.0063 | 100.00 | 72.00
59 59 60 0.0241 | 0.0073 0.00 0.00
60 60 61 0.0317 | 0.0161 | 1244.00| 888.00
61 61 62 0.0061 | 0.0031 32.00 23.00
62 62 63 0.0090 | 0.0046 0.00 0.00
63 63 64 0.0443 | 0.0226 | 227.00 | 162.00
64 64 65 0.0650 | 0.0331 59.00 42.00
65 11 66 0.0126 | 0.0038 18.00 13.00
66 66 67 0.0003 | 0.0001 18.00 13.00
67 12 68 0.0461 | 0.0152 28.00 20.00
68 68 69 0.0003 | 0.0001 28.00 20.00
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iii). Single line diagram of 118-bus radial distribution system:
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Figure A.3: Single line diagram of the 118-bus radial system (Latreche and Bouchekara,

2020)

. Shase = 100 and Vbase = 11 kV

. The total active power load = 22709.7200 kW

. The total reactive power load = 17041.0680 kVAr
. The total active power losses = 1298.0916 kW

. The total reactive power losses = 978.7361 kVAr
. The minimum voltage value in p.u. = 0.869

. The minimum voltage is at bus 77
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Table A.3: Data of IEEE 118-bus radial distribution system

Branch Bus Bus R X PL QL
From To (p.u.) (p.u) | (KW) (kVAR)
1 1 2 0.0298 0.0107 133.84 101.14
2 2 3 0.0273 0.0098 16.21 11.29
3 2 4 0.0372 0.0134 34.32 21.85
4 4 5 0.0124 0.0446 73.02 63.60
5 5 6 0.0124 0.0446 144.20 68.60
6 6 7 0.0124 0.0103 104.47 61.73
7 7 8 0.0149 0.0116 28.55 11.50
8 8 9 0.0174 0.0521 87.56 51.07
9 2 10 0.1372 0.1111 198.20 106.77
10 10 11 0.0926 0.0652 146.80 76.00
11 11 12 0.1545 0.2587 26.04 18.69
12 12 13 0.1174 0.1250 52.10 23.22
13 13 14 0.1488 0.0975 141.90 117.50
14 14 35 0.1240 0.0372 21.87 28.79
15 15 16 0.1322 0.1488 33.37 26.45
16 16 S 0.1298 0.1413 32.43 25.23
17 11 18 0.1802 0.2355 20.23 11.91
18 18 19 0.0975 0.1529 156.94 78.52
19 19 20 0.1322 0.1620 546.29 351.40
20 20 21 0.0992 0.1562 180.31 164.20
21 21 22 0.0992 0.0652 93.17 54.59
22 22 23 1.1653 0.5975 85.18 39.65
23 23 24 0.2421 0.1114 168.10 95.18
24 24 25 0.1099 0.0860 125.11 150.22
25 25 26 0.1471 0.1107 16.03 24.62
26 26 27 0.1471 0.1107 26.03 24.62
27 4 28 0.0124 0.0245 594.56 522.62
28 28 29 0.0099 0.0228 120.62 59.12
29 29 30 0.0992 0.2286 102.38 99.55
30 30 31 0.1736 0.2008 513.40 318.50
31 31 32 0.0992 0.0446 475.25 456.14
32 32 33 0.1471 0.1934 151.43 136.79
33 33 34 0.1471 0.1934 205.38 83.30
34 34 35 0.1273 0.1339 131.60 93.08
35 30 36 0.1545 0.2157 448.40 369.79
36 36 37 0.1099 0.0818 440.52 321.64
37 29 38 0.2727 0.1603 112.54 55.13
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38 38 39 0.2562 0.1603 53.96 39.00
39 39 40 0.1074 0.1603 393.05 342.60
40 40 41 0.2314 0.1240 326.74 278.56
41 41 42 0.9752 0.7025 536.26 240.24
42 42 43 0.3471 0.2013 76.25 66.56
43 43 44 0.2231 0.0803 53.52 39.76
44 44 45 0.2802 0.1009 40.33 31.96
45 45 46 0.2231 0.1470 39.65 20.76
46 35 47 0.1736 0.1143 66.20 42.36
47 47 48 0.0992 0.0652 73.90 51.65
48 48 49 0.1240 0.0816 114.77 57.97
49 49 50 0.1240 0.0816 918.37 | 1205.10
50 50 51 0.1983 0.1307 210.30 146.66
51 51 52 0.0992 0.0652 66.68 56.61
52 52 53 0.3347 0.1205 42.21 40.18
53 53 54 0.3347 0.1205 433.74 283.41
54 29 55 0.3231 0.1165 62.10 26.86
55 55 56 0.3355 0.1207 92.46 88.38
56 56 il 0.3355 0.1207 85.19 55.44
57 57 58 0.5835 0.4513 345.30 332.40
58 58 59 0.2793 0.1007 22.50 16.83
59 59 60 0.2793 0.1007 80.55 49.16
60 60 61 0.1711 0.0617 95.86 90.76
61 61 62 0.2041 0.7374 62.92 47.70
62 1 63 0.0231 0.0345 478.80 463.74
63 63 64 0.0967 0.1666 120.94 52.01
64 64 65 0.2107 0.0759 139.11 100.34
65 65 66 0.1736 0.0627 391.78 193.50
66 66 67 0.3165 0.1140 27.74 26.71
67 67 68 0.4165 0.2730 52.81 25.26
68 68 69 0.3355 0.1207 66.89 38.71
69 69 70 0.7950 0.6289 467.50 395.14
70 70 71 0.1364 0.0496 594.85 239.74
71 71 72 0.2504 0.0902 132.50 84.36
72 72 73 0.2504 0.0902 52.70 22.48
73 73 74 0.1702 0.1190 869.79 614.78
74 74 75 0.1926 0.0694 31.35 29.82
75 75 76 0.4884 0.1465 192.39 122.43
76 76 77 0.1041 0.0374 65.75 45.37
77 64 78 0.4620 0.3047 238.15 223.22
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78 78 79 0.1537 0.1014 294.55 162.47
79 79 80 0.1537 0.1014 485.57 437.92
80 80 81 0.2149 0.1149 243.53 183.03
81 81 82 0.1273 0.1223 243.53 183.03
82 82 83 0.1901 0.1058 134.25 119.29
83 83 84 0.2083 0.0876 22.71 27.96
84 84 85 0.1488 0.1223 49.51 26.52
85 79 86 0.1322 0.1504 383.78 257.16
86 86 87 0.1653 0.1901 49.64 20.60
87 87 88 0.1322 0.3248 22.47 11.81
88 65 89 0.5529 0.1993 62.93 42.96
89 89 90 0.2198 0.1014 30.67 34.93
90 90 91 0.2198 0.1014 62.53 66.79
91 91 92 0.2198 0.1014 114.57 81.75
92 92 93 0.2198 0.1014 81.29 66.53
93 93 94 0.1926 0.0950 31.73 15.96
94 94 95 0.4099 0.1140 33.32 60.48
95 91 96 0.1620 0.1488 531.28 224.85
96 96 7 0.1620 0.1488 507.03 367.42
97 97 98 0.1542 0.1008 26.39 11.70
98 98 99 0.0617 0.2628 45.99 30.39
99 1 100 0.0517 0.0219 100.66 47.57
100 100 101 0.1240 0.1934 456.48 350.30
101 101 102 0.1113 0.0734 522.56 449.29
102 102 103 0.1907 0.0994 408.43 168.46
103 103 104 0.3694 0.1329 141.48 134.25
104 104 105 0.1349 0.0486 104.43 66.02
105 105 106 0.2727 0.0818 96.79 83.65
106 106 107 0.1289 0.0464 493.92 419.34
107 107 108 0.3156 0.1136 225.38 135.88
108 108 109 0.1344 0.0483 509.21 387.21
109 109 110 0.3156 0.1136 188.50 173.46
110 110 111 0.2021 0.0726 918.03 898.55
111 110 112 0.1726 0.0622 305.08 215.37
112 112 113 0.1902 0.0684 54.38 40.97
113 100 114 0.5043 0.1815 211.14 192.90
114 114 115 0.1542 0.1050 67.01 53.34
115 115 116 0.3084 0.2033 162.07 90.32
116 116 117 0.3347 0.3033 48.79 29.16
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Appendix B
Weight calculation using AHP Calculation

A pair-wise comparison matrix is derived for criteria based on voltage deviation (Vpev),
power loss (Pioss) and maximizing voltage stability index (VSI). The pair-wise comparison

matrix PM ... IS presented in (1):

Vpev Ploss VSI

1 CVDeV CVDEV_ Ve
CP]oss CVSI
PM ioria = Ceioss 1 % Ploss
Cvpev Cysi 1)
Lvst Gvs
-CVDeV CP]oss - VSI

The approximate method is applied to calculate the weights for each criterion instead

of the exact method due to its simplicity. The normalization matrix (Nnv__ ) is derived from

criteria

the comparison matrix from (2) and (3):

criteria,,,,, =[>column, ¥ column, ¥ column,] (2)
NM . — (PM criteria )i (PM criteria )i (PM criteria )i (3)
eetd 1 s column,  xcolumn, X column,

where, i=1, 2, 3 represents the number of criteria in rows. From this normalized matrix,
the weighting factors (w,,w,,w,) are calculated by the averaging value of each row using

the following equation.
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= | 2(NMa ), /n0. O criteria 4

> (NM i ), / 1. O criteria

w, ¥ (NM g ), /100 Of criteria
W3

where, j=1, 2, 3 is the number of criteria in the column.

Once the weighing factors are calculated, it is imperative to check their consistency
in the final output. Therefore, AHP derives the consistency ratio (CR) utilizing the
consistency index (CI) and random index (RI) described in Table B. It is worth mentioning
that a consistency ratio (CR) of 0.10 or less is acceptable to continue the AHP analysis. Table

1 presents the RI for matrices of different criterion sizes.

Table B: Consistency Indices

Number of criteria 3 4 5 6

Random Index (RI) | 0.58 | 0.9 | 1.12 | 1.24

In this research, the consistency index (Cl) is carried out through the following steps.

i. Multiply each element of equation (1) with the weighting factor calculated in equation (4).

w, 0 O
WC = [PM criteria ]* O WZ 0 (5)
0 0 w

ii. Calculate the weighted sum by adding the values in each row of equation (5). Then
calculate the weighted ratio by dividing each weighted sum by the corresponding weighting

factor utilizing the following equation (7).

ws, rwe),
ws]= wszl = |zwc), (6)
WS, > (Wwc),

Where k=1, 2, 3 is the number of rows.
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Ws, 0 0 [w, 0 0
WR=[ 0 WS, 0 |/0O w, 0 ©)
0 0 WS,||0 0 w,

iii. Finally, determine Amax by averaging the quotients from equation (7). CI is calculated

from equation (9).

A = (Z(ZWR))/ 3 no. of criteria (8)
Anax — NO. Of criteria
Cl = — 9)
no. of criteria—1
In AHP, the consistency ratio is defined as CR, where
CR=CI/RI (10)
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Appendix C

Results of simulations

Table C.1: Results of multi-objective function with two objective functions using DEA
(fmin:min (Wl (VDev) + W2 (Ploss)))

ngé L wl | w2 | Location Cg\r;la\l/(\:/l)ty Fitness (I\F;R/s\s/) \(/\D/;V Time (s)
0.0 1.0 7 2 0.5327 0.1080 | 0.0546 | 11.68296
0.1 0.9 7 2 0.5964 0.1080 | 0.0546 | 11.58144
0.2 0.8 7 2 0.6601 0.1080 | 0.0546 | 11.52457
0.3 0.7 7 2 0.7238 0.1080 | 0.0546 | 11.67591
0.4 0.6 8 2 0.7852 0.1098 | 0.0537 | 11.51471
1 0.5 0.5 8 2 0.8462 0.1098 | 0.0537 | 11.56174
0.6 0.4 8 2 0.9071 0.1098 | 0.0537 | 12.98688
0.7 0.3 8 2 0.9680 0.1098 | 0.0537 | 11.70624
0.8 0.2 8 2 1.0289 0.1098 | 0.0537 | 11.51776
0.9 0.1 8 2 1.0898 0.1098 | 0.0537 | 11.47355
1.0 0.0 8 2 1.1508 0.1098 | 0.0537 | 11.6804
1.1553
0.0 1.0 30,13 0.8447 0.4238 0.4238 | 0.0859 0.0316
0.7534,
0.1 0.9 14,30 1.2462 0.4472 0.4472 | 0.0863 0.0300
0.8233,
0.2 0.8 14,31 1.1767 0.4649 0.4649 | 0.0888 0.0268
1.1762
0.3 0.7 31,14 ,0.8238 0.4784 0.4784 | 0.0888 0.0268
1.2258,
0.4 0.6 31,15 0.7742 0.4900 0.4900 | 0.0901 0.0261
5 1.2259,
0.5 0.5 31,15 0.7741 0.5013 0.5013 | 0.0901 | 0.0261
1.2257,
0.6 0.4 31,15 0.7743 0.5127 0.5127 | 0.0901 0.0261
0.7741,
0.7 0.3 15,31 1.2259 0.5241 0.5241 | 0.0901 0.0261
1.2260,
0.8 0.2 31,15 0.7740 0.5354 0.5354 | 0.0901 0.0261
1.2259,
0.9 0.1 31,15 0.7740 0.5468 0.5468 | 0.0901 | 0.0261
1.1553
0.0 1.0 30,13 0.8447 0.5582 0.4238 | 0.0859 0.0316
3 0.5008
0.0 1.0 25,30,14 | ,0.8453, 0.3911 0.3911 | 0.0793 0.0424
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0.6532

0.1

0.9

15,8,31

0.5408,
0.5646,
0.8937

0.4272

0.4272

0.0811

0.0313

0.2

0.8

15,29,32

0.7469,
0.6170,
0.6361

0.4491

0.4491

0.0848

0.0267

0.3

0.7

30,15,32

0.6764,
0.7824,
0.5410

0.4631

0.4631

0.0857

0.0260

0.4

0.6

15,30,32

0.7731,
0.6652,
0.5592

0.4769

0.4769

0.0858

0.0260

0.5

0.5

30,32,15

0.6829,
0.5427,
0.7742

0.4896

0.4896

0.0857

0.0260

0.6

0.4

32,30,15

0.5831,
0.6412,
0.7744

0.5033

0.5033

0.0859

0.0260

0.7

0.3

29,30,32

0.7760,
0.6199,
0.6029

0.5163

0.5163

0.0860

0.0260

0.8

0.2

30,15,32

0.6644,
0.7741
,0.5613

0.5296

0.5296

0.0858

0.0260

0.9

0.1

32,15,30

0.5825
,0.7767
,0.6404

0.5421

0.5421

0.0859

0.0259

1.0

0.0

31,15,8

0.8717
,0.5594
,0.5636

0.4278

0.4278

0.0811

0.0317
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Table C.2: Results of multi-objective function with two objective functions using FA
(fmin=min (W1 (Voev) + W2 (Pioss)))

no. of . Capacity . Ploss .
DG wl [ w2 | Location (MW) Fitness (MW) Voev (V) | Time (S)
01| 0.9 7 2 0.5964 0.1080 0.0546 1.8435
0.2 | 0.8 7 2 0.6601 0.0546 0.1080 1.837405
0.3 | 0.7 7 2 0.7238 0.0546 0.1080 2.857633
04 | 06 8 2 0.7852 | 0.0537 | 0.1098 | 2.963359
1 05| 05 8 2 0.8462 0.0537 0.1098 3.06546
06| 04 8 2 0.9071 0.0537 0.1098 3.086034
0.7 | 0.3 8 2 0.9680 0.0537 0.1098 2.536465
0.8 | 0.2 8 2 1.0289 0.0537 0.1098 2.704824
09| 0.1 8 2 1.0898 0.0537 0.1098 2.035051
0.7534

0.1 1] 0.9 30,14 12462 0.4471 0.0297 0.0864 112.5172
1.1149

0.2 | 0.8 31,13 0.8851 0.4661 0.0276 0.0881 180.6009
0.7741

0.3 | 0.7 15,31 19959 0.4786 0.0261 0.0901 114.7176
0.7741

04 | 0.6 15,31 19959 0.4900 0.0261 0.0901 113.1961

2 05| 05 15,31 gg;gé 0.5013 0.0261 | 0.090099 | 111.5428
1.2259

06 | 04 31,15 0.7741 0.5127 0.0261 | 0.090099 | 180.8171
0.7741

0.7 | 0.3 15,31 19959 0.5240 0.0261 | 0.090099 | 181.1925
1.2259

08 | 0.2 31,15 0.7741 0.5354 0.0261 | 0.090099 | 113.5803
0.7741

09| 0.1 15,31 19959 0.5468 0.0261 | 0.090099 | 113.2746
0.5305,

0.1 0.9 15,31,8 0.8783, 0.4270 0.0315 | 0.0810 | 280.8373
0.5912
0.6276

0.2 | 0.8 | 29,1532 0.7435 0.4488 0.0267 | 0.0848 | 268.4654
0.6289
0.5400

0.3 ] 0.7 32,30,15 0.6826 0.4625 0.0259 | 0.0857 | 268.5923
0.7774
0.7774,

04| 0.6 | 15,30,32 0.6829 0.4757 0.0259 | 0.0857 | 272.9788
0.5397
0.6828

05| 05| 30,3215 8??32 0.4889 | 0.0259 | 0.08574 | 155.3723
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0.6

0.4

32,15,30

0.5398
0.7774
0.6828

0.5021

0.0259

0.08574

143.5597

0.7

0.3

15,30,32

0.7773
0.6789
0.5438

0.5153

0.0259

0.085751

146.1205

0.8

0.2

32,30,15

0.5340
0.6827
0.7774

0.5285

0.0259

0.08574

153.3074

0.9

0.1

15,32,30

0.7774
0.5428
0.6798

0.5416

0.0259

0.085749

151.3746
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Table C.3: Results of multi-objective function with two objective functions using IWO
(fmin=min (W1 (Voev) + W2 (Pioss)))

no. of

Capacity

DG wl | w2 | Location (MW) FITNESS | LOSS DeltaVv time
01 09 7 2 05964 | 0.1080 | 0.0546 | 15.2550
0208 7 2 0.6601 | 0.1080 | 0.0546 | 9.7177
03] 07 7 2 0.7238 | 0.1080 | 0.054629 | 17.87541
04 06 3 2 0.7852 | 0.1098 | 0.053741 | 12.15259
1 (0505 3 2 0.8462 | 0.1098 | 0.053741 | 17.8687
06| 04 3 2 0.0071 | 0.1098 | 0.05374 | 115271
07103 3 2 0.9680 | 0.1098 | 0.05374 | 11.5246
0802 3 2 1.0289 | 0.1098 | 0.05374 | 11.5710
09| 01 3 2 1.0898 | 0.1098 | 0.05374 | 11.5362
1.2614,

01]09 | 3014 | 2% 0.4471 | 0.0864 | 0.0297 |39.26327
11761,

02|08 | 3114 | ;2% 0.4649 | 0.0888 | 0.0268 | 33.3301

03| 07| 1431 | 98234 0.4784 | 0.0888 | 0.0268 | 34.8113
1.1765
1.2250,

04|06 | 3115 | 22> 0.4900 | 0.0901 | 0.0261 | 33.7812

2 |os5|05 | 1531 | 97742 05013 | 0.0901 | 0.0261 | 32.9883
1.2058
1.2250,

06| 04| 3115 | 522> 0.5127 | 0.0901 | 0.0261 | 34.8532
1.2258,

07|03 | 3115 | 20 0.5241 | 0.0901 | 0.0261 | 34.6458
1.2258,

08|02 | 3115 | 520 0.5354 | 0.0901 | 0.0261 | 32.7844
1.2259,

09| 01| 3115 | 520 0.5468 | 0.0901 | 0.0261 | 33.7744
0.5931.

01| 0.9 | 243014 | 0.8770, 0.4270 | 0.0810 | 0.03153 | 24.5498
0.5299
0.6245,

02| 0.8 | 293215 | 0.6318, 0.4488 | 0.0848 | 0.02669 | 39.7064
0.7437
0.6804.

3 03|07 |303215 | 05420, 0.4626 | 0.0857 | 0.02592 | 37.1654
0.7774
0.6828.

0.4 | 0.6 | 303215 | 0.5399, 0.4757 | 0.0857 | 0.02591 | 64.7325
0.7773
0.5439.

05| 05 | 323015 | 0.6787, 0.4889 | 0.0858 | 0.02591 | 25.6610
0.7774
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0.6

0.4

15,32,30

0.7773,
0.5392,
0.6834

0.5021

0.0857

0.02592

56.1627

0.7

0.3

32,30,15

0.5429,
0.6798,
0.7772

0.5153

0.0857

0.02591

42.0503

0.8

0.2

32,15,32

0.6776,
0.7778,
0.5446

0.5286

0.0858

0.02592

27.2438

0.9

0.1

32,30,15

0.5501,
0.6725,
0.7774

0.5417

0.0858

0.02591

25.4226
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Appendix D

Capacity of DG in the IEEE 118-bus

radial distribution network
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Appendix D

Table D: Capacity of DG in the 118-bus radial distribution network

Network | TCL DG | Location | Optimal Ploss Fixed Ploss
(MW) DG size Size
(AMW)
118-bus | 22.7 - 1.2981 - - - -
1DG 74 2 1.0168 4 1.043
111 0.7808 0.8052 4,4 0.8458
2DG 74 1.2191
50 3.0347 0.6748 444 0.7261
3DG 71 3.5058
109 3.1201
50 3.2213 0.6179 | 4,444 | 0.7876
72 2.6297
HDiE 96 1.8208
109 3.1217
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Appendix E

Simulation codes of Firefly Analytical Hierarchy

Algorithm (FAHA)
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Appendix E

Simulation codes

i 118-bus Radial distribution network

function mpc = casell8

%% MATPOWER Case Format : Version 2
mpc.version = '2';

FE————= Power Flow Data -----%%

%% system MVA base
mpc.baseMVA = 100;

% bus i type Pd Qd Gs Bs area Vm Va DbaseKV zone Vmax Vmin
mpc.bus = [

1 3 0 0 0 0 1 1 0 11 1 1 0.8

2 1 0.13384 0.10114 0 0 1 1 0 11 1 1 0.8

3 1 0.016214 0.011292 0 0 1 1 0 11 1 1 0.8

4 1 0.034315 0.021845 0 0 1 1 0 11 1 1 0.8

5 1 0.073016 0.063602 0 0 1 1 0 11 1 1 0.8

6 1 0.1442 0.068604 0 0 1 1 0 11 1 1 0.8

7 1 0.10447 0.061725 0 0 1 1 0 11 1 1 0.8

8 1 0.028547 0.011503 0 0 1 1s 0 11 ‘il 1 0.8

9 1 0.08756 0.051073 0 0 1 1 0 1191 1 0.8

10 1 0.1982 0.10677 0O 0 1 1 0 11 1 1 0.8

11 1 0.1468 0.075995 0 0 1 1 0 = 1 0.8

12 1 0.02604 0.018687 0 0 1 1 0 111 1 0.8

13 1 0.0521 . 0.02322 0 0 1 1 0 11 1 1 0.8

14 1 0.1419 0.1175 0 0 1 1 0 11 1 1 0.8

15 1 0.02187 0.02879 0 0 1 1 0 =1 1 1 0.8

16 1 0.03337.0.02645.0 0 al s 0 ], o 0.8

17 1 0.03243 0.02523 0 0 1 1 0 R i 1 0.8

18 1 0.020234 0.011906 0 0 1 1 0 111 1 0.8

19 1 0.15694 0.078523 0 0 1 ik 0 Lk 1 0.8

20 1 0.54629 0.3514 O 0 1 1 0 11 1 1 0.8

21 1 0.18031 0.1642 O 0 1 1 0 11 1 1 0.8

22 1 0.093167 0.054594 0 0 1 1 0 11 1 1 0.8

23 1 0.08518 0.03965 0 0 1 1 0 11 1 1 0.8

24 1 0.1681 0.095178 0 0 1 1 0 11 1 1 0.8

25 1 0.12511 0.15022 0 0 1 1 0 11 1 1 0.8

26 1 0.01603 0.02462 0 0 1 1 0 11 1 1 0.8

27 1 0.02603 0.02462 0 0 1 1 0 11 1 1 0.8

28 1 0.59456 0.52262 0 0 1 1 0 11 1 1 0.8

29 1 0.12062 0.059117 0 0 1 1 0 11 1 1 0.8

30 1 0.10238 0.099554 0 0 1 1 0 11 1 1 0.8

31 1 0.5134 0.3185 O 0 1 1 0 11 1 1 0.8

32 1 0.47525 0.45614 0 0 1 1 0 11 1 1 0.8

33 1 0.15143 0.13679 0 0 1 1 0 11 1 1 0.8

34 1 0.20538 0.083302 0 0 1 1 0 11 1 1 0.8

35 1 0.1316 0.093082 0 0 1 1 0 11 1 1 0.8

36 1 0.4484 0.36979 0 0 1 1 0 11 1 1 0.8

37 1 0.44052 0.32164 0 0 1 1 0 11 1 1 0.8

38 1 0.11254 0.055134 0 0 1 1 0 11 1 1 0.8

39 1 0.053963 0.038998 0 0 1 1 0 11 1 1 0.8

40 1 0.39305 0.3426 O 0 1 1 0 11 1 1 0.8

41 1 0.32674 0.27856 0 0 1 1 0 11 1 1 0.8

42 1 0.53626 0.24024 0 0 1 1 0 11 1 1 0.8

43 1 0.076247 0.066562 0 0 1 1 0 11 1 1 0.8

44 1 0.05352 0.03976 0 0 1 1 0 11 1 1 0.8

45 1 0.040328 0.031964 0 0 1 1 0 11 1 1 0.8
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46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113

PR R, R RERRRRRPRRERERRRRRERRRR R RERRRR,RRRRRRRRRERRRRRRERRRPRRRRERRRPRRRERRRRRRBERRRRE

[ecNeoNeoNeoNoNoNolNeoNoNoNoNololNoNoNoNoNoNoNoNoBoleoNoNoNooNeoNoNoloNeoNoNoloBoBoNoNoNoloNoNoNoNoloNoNoNoBo o NeoNoNoloNoNoNoBo oo NoNoNoNo e Neo Nol

.039653 0.020758

.066195 0.042361

.073904 0.051653

.11477 0.057965

.91837 1.2051 O
.2103 0.14666 O
.06668 0.056608

.042207 0.040184

.43374 0.28341 O
.0621 0.02686 O
.09246 0.08838 0
.085188 0.055436

.3453 0.3324 O
.0225 0.01683 O
.080551 0.049156

.09586 0.090758 0
.06292 0.0477 O 0
.4788 0.46374 0 0
.12094 0.052006 0
.13911 0.10034 0 0
.39178 0.1935 0 0
.027741 0.026713

.052814 0.025257

.06689 0.038713 0
.4675 0.39514 0 0
.59485 0.23974 0 0
.1325 0.084363 0
.052699 0.022482 0
.86979 0.614775 0
.031349 0.029817

.19239 0.12243 0
.06575 0.04537 0
.23815 0.22322 0 0
.29455 0.16247 O 0
.48557 0.43792 0 0
.24353 0.18303 0 0
.24353 0.18303 0 0
.13425 0.11929 0 0
. (BL 1D | GRARGEY 0
.049513 0.026515

.38378 0.25716 O 0
.04964 0.0206 O 0
.022473 0.011806

.06293 0.04296 0 0
.03067 0.03493 0 0
.06253 0.06679 0 0
.11457 0.081748 0
.081292 0.066526

.031733 0.01596 O
.03332 0.06048 0 0
.53128 0.22485 0 0
.50703 0.36742 0 0
.02639 0.0117 O 0
.04599 0.030392 0
.10066 0.047572 0
.45648 0.3503 O 0
.52256 0.44929 0 0
.40843 0.16846 0 0
.14148 0.13425 0 0
.10443 0.066024 0
.096793 0.083647

.49392 0.41934 0 0
.22538 0.13588 0 0
.50921 0.38721 0 0
.1885 0.17346 0 0
.91803 0.89855 0 0
.30508 0.21537 0 0
.05438 0.04097 0O 0
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114 1 0.21114 0.1929 © 0 1 1 0 11 1 1 0.8

115 1 0.067009 0.053336 0 0 1 1 0 11 1

116 1 0.16207 0.090321 0 0 1 1 0 11 1 1

117 1 0.048785 0.029156 0 0 1 1 0 11 1

118 1 0.0339 0.01898 0 0 1 1 0 11 1 1 0.8
17
%% generator data
% bus Pg Qg OQOmax Qmin Vg mBase status Pmax Pmin
Qclmax Qc2min Qc2max ramp_agc ramp 10 ramp 30 ramp g apf
mpc.gen = [

1 0 0 0 0 1.00 100 1 0 0 0 0 0 0
0 0;
1
%% branch data
% fbus tbus r X b rateA rateB rateC ratio
angmin angmax
mpc.branch = [
1 2 0.029752066 0.010710744 0 0 0 0 0 0 1 -360
2 3 0.027272727 0.009818182 0 0 0 0 0 0 1 -360
2 4 0.037190083 0.01338843 0 0 0 0 0 0 1 -360
4 5 0.012396694 0.044628099 0 0 0 0 0 0 1 -360
5 6 0.012396694 0.044628099 0 0 0 0 0 0 1 -360
6 7 0.012396694 0.010330579 0 0 0 0 0 0 1 -360
7 8 0.014876033 0.011570248 0 0 0 0 0 0 1 -360
8 9 0.017355372 0.052066116 0 0 0 0 0 0 1 -360
2 10 0.137190083 0.11107438 O 0 0 0 0 0 1 -360
10 11 0.092561983 0.065206612 O 0 0 0 0 0 1 -360
11 12 0.154545455 0.258677686 0 0 0 0 0 0 1 -360
12 13 0.117355372 0.124958678 0 0 0 0 0 0 1 -360
13 14 0.148760331 0.097520661 O 0 0 0 0 0 1 -360
14 15 0.123966942 0.037190083 0 0 0 0 0 0 1 =360
15 16 0.132231405 0.148760331 O 0 0 0 0 0 1 -360
16 17 0.129752066 0.141322314 O 0 0 0 0 0 1 -360
11 18 0.180165289 0.23553719 O 0 0 0 0 0 1 -360
18 19 0.097520661 0.152892562 0 0 0 0 0 0 1 -360
19 20 0.132231405 0.161983471 0 0 0 0 0 0 1 -360
20 21 0.099173554 0.156198347 0 0 0 0 0 0 u -360
21 22 0.099173554 0.065206612 0 0 0 0 0 0 1 -360
22 23 1.165289256 0.597520661 0 0 0 0 0 0 1 -360
23 24 0.24214876 0.111404959 0 0 0 0 0 0 il =360
24 25 0.109917355 0.085950413 0 0 0 0 0 0 1 -360
25 26 0.147107438 0.110743802 0 0 0 0 0 0 1 -360
26 27 0.147107438 0.110743802 0 0 0 0 0 0 1 -360
4 28 0.012396694 0.02446281 O 0 0 0 0 0 1 -360
28 29 0.009917355 0.022809917 0 0 0 0 0 0 1 -360
29 30 0.099173554 0.228595041 0 0 0 0 0 0 1 -360
30 31 0.173553719 0.200826446 0 0 0 0 0 0 1 -360
31 32 0.099173554 0.044628099 0 0 0 0 0 0 1 -360
32 33 0.147107438 0.19338843 0 0 0 0 0 0 1 -360
33 34 0.147107438 0.19338843 0 0 0 0 0 0 1 -360
34 35 0.127272727 0.133884298 0 0 0 0 0 0 1 -360
30 36 0.154545455 0.215702479 0 0 0 0 0 0 1 -360
36 37 0.109917355 0.081818182 0 0 0 0 0 0 1 -360
29 38 0.272727273 0.160330579 0 0 0 0 0 0 1 -360
38 39 0.256198347 0.160330579 0 0 0 0 0 0 1 -360
39 40 0.107438017 0.160330579 0 0 0 0 0 0 1 -360
40 41 0.231404959 0.123966942 0 0 0 0 0 0 1 -360
41 42 0.975206612 0.702479339 0 0 0 0 0 0 1 -360
42 43 0.347107438 0.201322314 0 0 0 0 0 0 1 -360
43 44 0.223140496 0.080330579 0 0 0 0 0 0 1 -360
44 45 0.280165289 0.100909091 0 0 0 0 0 0 1 -360
45 46 0.223140496 0.147024793 0 0 0 0 0 0 1 -360
35 47 0.173553719 0.114297521 0 0 0 0 0 0 1 -360
47 48 0.099173554 0.065206612 0 0 0 0 0 0 1 -360
48 49 0.123966942 0.081570248 0 0 0 0 0 0 1 -360
49 50 0.123966942 0.081570248 0 0 0 0 0 0 1 -360
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55
56
57
58
59
60
61
62
63
64
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72
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77
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79
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82
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95
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105
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.198347107
.099173554
.334710744
.334710744
.323140496
.33553719

.33553719

.583471074
.279338843
.279338843
.17107438

.204132231
.023140496
.096694215
.210743802
.173553719
.316528926
.416528926
.33553719

.795041322
.136363636
.250413223
.250413223
.170247934
.192561983
.488429752
.104132231
.461983471
.153719008
.153719008
.214876033
.127272727
.190082645
.208264463
.148760331
.132231405
.165289256
.132231405
.552892562
.219834711
.219834711
.219834711
.219834711
.192561983
.409917355
.161983471
.161983471
.154214876
.061652893
.051652893
.124049587
.111322314
.190661157
.369421488
.134876033
.272727273
.12892562

.315619835
.134380165
.315619835
.202066116
.172561983
.190165289
.504297521
.154214876
.308429752
.334710744
.404132231
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.130661157
.065206612
.120495868
.120495868
.116528926
.120743802
.120743802
.451322314
.100661157
.100661157
.061735537
.737355372
.034545455
.16661157

.075867769
.062727273
.114049587
.272975207
.120743802
.62892562

.049586777
.090247934
.090247934
.119008264
.069421488
.146528926
.037438017
.304710744
.101404959
.101404959
.114876033
.12231405

.105785124
.087603306
.12231405

.150413223
.190082645
.324793388
.199338843
.101404959
.101404959
.101404959
.101404959
.095041322
.114049587
.148760331
.148760331
.100826446
.262809917
.021900826
.19338843

.07338843

.099421488
.132892562
.048595041
.081818182
.046363636
.113553719
.048347107
.113553719
.072644628
.062231405
.068429752
.181487603
.104958678
.203305785
.303305785
.361983471
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ii. Firefly Analytical Hierarchy Algorithm (FAHA)

function [BestSol]=faSI ahp 118 1DG v2()
%% Problem Definition

CostFunction=@ (x) Sphere faSI ahp 118 1DG v2(x); % Cost Function
nVar=2; % Number of Decision Variables

VarSize=[1l nVar]; % Decision Variables Matrix Size

VarMin (1) =2; % Lower Bound of Variables

VarMax (1)= 118; % Upper Bound of Variables

VarMin (2)=0.5; % Lower Bound of Variables

VarMax (2)= 4.0; % Upper Bound of Variables

%% Firefly Algorithm Parameters

MaxIt=200; % Maximum Number of Iterations
nPop=20; % Number of Fireflies (Swarm Size)
gamma=1; % Light Absorption Coefficient
betal=2; % Attraction Coefficient Base Value
alpha=0.2; % Mutation Coefficient

alpha damp=0.98; % Mutation Coefficient Damping Ratio
delta=0.05* (VarMax-VarMin) ; % Uniform Mutation Range
m=2;

if isscalar (VarMin) && isscalar (VarMax)
dmax = (VarMax-VarMin) *sqgrt (nVar) ;
else
dmax = norm(VarMax-VarMin) ;
end

%% Initialization
% Empty Firefly Structure
firefly.Position=[];
firefly.Cost=[];

% Initialize Population Array
pop=repmat (firefly,nPop, 1) ;

% Initialize Best Solution Ever Found
BestSol.Cost=inf; % TUKAR SINI FROM inf--TO--0

% Create Initial Fireflies
for i=1:nPop
pop (1) .Cost=50000;
while (pop (i) .Cost==50000)
pop (i) .Position=unifrnd(VarMin, VarMax,VarSize) ;

[pop (i) .DeltaV2,pop(i) .loss,pop(i) .SI,pop(i).SI2,pop(i).V,pop (i) .Cost,pop (i)
pop (i) .w2, pop(i).w3]=CostFunction (pop (i) .Position);
end
if pop (i) .Cost<=BestSol.Cost % TUKAR SINI FROM <=--TO-->=
BestSol=pop (i)
end
end

% Array to Hold Best Cost Values
BestCost=zeros (MaxIt,1);
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%% Firefly Algorithm Main Loop
time=tic;
for it=1:MaxIt

newpop=repmat (firefly,nPop, 1) ;
for i=1:nPop

newpop (i) .Cost = inf; % TUKAR SINI FROM inf--TO--0
newpop (1) .Deltav2 = [];

newpop (1) .loss = [];

newpop (i) .SI = [];

newpop (1) .SI2 = [];

newpop (1) .V = [];

%$sulas added

newpop (1) .wl = [];

newpop (1) .w2 = [];

newpop (1) .w3 [1;

for j=1:nPop
if pop(j).Cost > pop(i).Cost
rij=norm (pop (i) .Position-pop(j) .Position) /dmax;
beta=betal*exp (-gamma*rij”m) ;
e=delta.*unifrnd(-1,+1,VarSize);
%$e=delta*randn (VarSize) ;

newsol.Position = pop(i).Position
+ beta*rand (VarSize) .* (pop(]j) .Position-pop (i) .Position)
+ alpha*e;

newsol.Position=max (newsol.Position,VarMin) ;
newsol.Position=min (newsol.Position,VarMax) ;

o
°

[newsol.FVSI,newsol.V,newsol.Cost]=CostFunction (newsol.Position);

[newsol.DeltaV2,newsol.loss,newsol.SI,newsol.SI2,newsol.V,newsol.Cost,newsol.wl,
newsol.w2, newsol.w3]=CostFunction(newsol.Position);

while (newsol.Cost==50000)
newsol.Position=unifrnd (VarMin,VarMax,VarSize);
newsol.Position=max (newsol.Position,VarMin) ;
newsol.Position=min (newsol.Position,VarMax) ;

[newsol.DeltaV2,newsol.loss,newsol.SI,newsol.SI2,newsol.V,newsol.Cost,newsol.wl,
newsol.w2, newsol.w3]=CostFunction (newsol.Position);
end

if newsol.Cost <= newpop (i) .Cost % TUKAR SINI FROM <=--TO-->=
newpop (1) = newsol;
if newpop (i) .Cost<=BestSol.Cost % TUKAR SINI FROM <=--TO-->=
BestSol=newpop (i) ;
end
end

end
end
end
% Merge
pop=[pop
newpop]; %#ok
a=find ([pop.Cost]==inf);

pop(a)=[];
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% [~, SortOrder]=sort ([pop.Cost], 'descend'); % when use single

% objective only

[~, SortOrder]=sort ([pop.Cost]);
pop=pop (SortOrder) ;

% Truncate

pop=pop (1:nPop) ;

% Store Best Cost Ever Found
BestCost (it)=BestSol.Cost;

% Show Iteration Information
disp(['Iteration ' num2str(it) ': Best Cost = ' num2str(BestCost(it))]);

oe

o)

% Damp Mutation Coefficient
alpha = alpha*alpha damp;

end
BestSol.time=toc (time) ;
BestSol.BestCost=BestCost;
%% Results

figure;

%plot (BestCost, 'LineWidth', 2);
semilogy (BestCost, 'LineWidth', 2);
xlabel ('Iteration');

ylabel ('Best Cost');

grid on;
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ii.  Power flow analysis

function
[Deltav2,loss,SI,SI2,V,com,wl,w2,w3]=Sphere faSI ahp 118 1DG v2 (x)

mpc = casell8;
bus no=118;
R=mpc.branch(:, 3)
X1=mpc.branch(:, 4
Z=sgrt (R.”"2+X1."2

)7
)’
X (1)=round(x (1)) ;

mpc.gen (2, :)=mpc.gen(l,:);
mpc.gen(2,1:2)=x;

[Y bus,V,Vr,loss,success,MVAbase, bus, gen,branch, et] = runpf (mpc) ; %
power flow

vmin=Vr (2) ;

Vmax=Vr (1) ;

vbus=V;

for j=1:5
for n=1l:bus no
DeltaVl (n)=abs (1.0-V(n)) ;
end
averageDeltaVl=sum(DeltaVl, 1) ;
end
DeltaV2=max (max (averageDeltaVl)) ;

for i=1:117
if (branch (i, 15)>branch(i,17))
else
templ=branch (i, 17);
branch (i, 17)=branch (i, 15);
branch(i,17)=templ;
end

if (branch (i, 14)>branch(i,16))
else

templ=branch (i, 16);
branch (i, 14)=branch (i, 16);
branch(i,16)=templ;

end

end
Pl=branch(:,14)/100;
Ql=branch(:,15)/100;
vV1i=v;

R1=R;
X11=X1;
Z21=7;
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P=branch(:,14) *1e6;
Q=branch(:,15) *1e6;

for i=1:117
SI (branch (i, 2))=2*V1l (branch(i, 1)) "2*V1l (branch(i,2))"2-
V1 (branch (i, 2))"4-2*V1 (branch (i, 2))72*(P1 (i) *R1(i)+Q1 (i) *X11(i)) -
(PL(1)72+Q1(i)"2)*21(i)"2; Snormallize value @ all value in per unit
SI1l (branch(i,2))=2*V(branch(i,1))"2*V(branch(i,2))"2-

V(branch (i, 2))74-2*V (branch(i,2))"2* (P (i) *R(1)+Q (i) *X1 (1)) -
(P(1)72+Q(1)"2)*Z(1)"2; % non-normallize value @ all using actual value
(Ohm)
end
SI2=SI;
if (success ==0 || min(SI)<0)
SI=50000%*el5;
else
SI= min(SI(2:end));%asal
% SI= (1-min(SI(2:end)));
end
% if (Vmin <0.94)
% 1loss=50000;
% end
if ( (max(abs(Vmax))>1.05) || (min(abs(Vmin))<0.90)) %penalize the
solution
SI=50000;
end

%% AHP added

CVdev = DeltaVv2/0.1312;
CPloss = loss/1.2981;
CVsi = 1/(SI1/0.5699);

[wl, w2, w3] = AHP vl (CPloss, CVdev, CVsi);

% [wl, w2, w3,CR1] = AHP vl (CPloss, CVdev, CVsi,CR);

% 3 OF

% Fitness = wl (OF1) w2 (OF2) w3 (OF3)

com = wl* (Deltav2/0.1312)+ w2* (loss/1.2981)+ w3*(1/(SI/0.5699));

if (success ==0)

com=50000;
end
if ( (max(abs(Vmax))>1.05) || (min(abs(Vmin))<0.90)) %penalize the
solution
com=50000;
end
end
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Iv.  Analytical Hierarchy Process (AHP)

function [wl, w2, w3] = AHP vl (cploss, cvdev, cvsi)

%% AHP

% Number of criteria 3 4 5 6

% Random Index (RI) 0.58 0.9 1.12 1.24

CvVdev = [ 1 cvdev/cploss cvdev/cvsil];

CPloss = [cploss/cvdev 1 cploss/cvsi];

CVsi = [cvsi/cvdev cvsi/cploss 1 1;

RI = 0.58;

PMcriteria = [CVdev; CPloss; CVsi];

[1i,J] = size (PMcriteria);

Criteria = [sum (PMcriteria(:,1)) sum (PMcriteria(:,2))
sum (PMcriteria(:,3))1;

NMcriteria = PMcriteria./Criteria;

w = [sum(NMcriteria(l,:)) sum(NMcriteria(2,:)) sum(NMcriteria(3,:)) 1;

weighting factor = w./3j;

wl = weighting factor(l);
w2 = weighting factor(2);
w3 = weighting factor(3);

o\
o\

Calculate consistency
Consistency = PMcriteria.*weighting factor; % WC

weighted sum = [sum(Consistency (1, :)) sum (Consistency (2, :))
sum (Consistency(3,:)) 1; SWS

weighted ratio = weighted sum./weighting factor; S$WR

lambda max = sum(weighted ratio)/Jj;

CI (lambda max - J)/(j=1);
CR = CI/RI;
% CR1=CR;
if CR > 0.1
fprintf ('CR = %d\n', CR); %display CR if CR <= 0.1

end

end
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