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Abstract

This thesis addresses the Optimal Reactive Power Dispatch (ORPD) problem in electrical
power systems, which plays a key role in enhancing voltage stability, reducing power losses,
and improving power quality. Several metaheuristic algorithms were evaluated, including the
Genetic Algorithm (GA), Grey Wolf Optimizer (GWO), and the recently proposed Tunicate
Swarm Algorithm (TSA).

These algorithms were applied to IEEE 30-bus and 57-bus test systems, with objective functions
focusing on minimizing active power losses and Total Voltage Deviation (TVD). The results
demonstrated that TSA offers a strong balance between exploration and exploitation, achieving
superior performance in terms of convergence speed and optimization accuracy compared to
the other methods.

Key words: Optimal Reactive Power Dispatch (ORPD), Total Active Power Losses (Pioss), Total
Voltage Deviation (TVD), Tunicate Swarm Algorithm (TSA).

Résume

Ce mémoire traite du probléme de répartition optimale de la puissance réactive (ORPD) dans
les systemes électriques, un enjeu crucial pour améliorer la stabilité de tension, réduire les pertes
d'énergie et garantir une qualité de service optimale. Plusieurs algorithmes métaheuristiques ont
été comparés, notamment 1'algorithme génétique (GA), l'optimiseur du loup gris (GWO) ainsi
que le nouvel algorithme Tunicate Swarm Algorithm (TSA).

Ces méthodes ont été appliquées sur les réseaux tests IEEE 30-bus et 57-bus, en visant des
fonctions objectifs telles que la minimisation des pertes actives et de la déviation de tension
totale (TVD). Les résultats ont montré que I’algorithme TSA fournit un bon équilibre entre
exploration et exploitation, avec une excellente performance en matiere de rapidité de
convergence et de précision des résultats.

Mots clés : répartition optimale de la puissance réactive (ORPD), pertes totales de puissance
active (Pioss), déviation totale de la tension (TVD), algorithme de I’essaim des tuniciers (TSA).
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GENERAL INTRODUCTION

Electrical power systems are among the most critical infrastructures in modern societies,
supporting all sectors from daily life to industry and advanced technology. As these systems
grow in size and complexity with increased energy demand, network expansions, and the
integration of renewable energy sources it becomes essential to manage power flow efficiently
to ensure a balance between generation and consumption, while maintaining system stability
and reliability. One of the major operational challenges in power networks is reactive power
management, which directly affects voltage control, power loss reduction, and overall system
performance. This highlights the importance of Optimal Reactive Power Dispatch (ORPD),
which seeks to determine the most efficient operating conditions while satisfying technical and
operational constraints. Traditional optimization techniques often fall short in solving the highly
non-linear and multi-dimensional nature of ORPD problems. Consequently, recent years have
witnessed a growing interest in metaheuristic algorithms, known for their ability to find near-

optimal solutions within complex search spaces without requiring derivative information.

This thesis aims to introduce and implement the Tunicate Swarm Algorithm (TSA) as a
novel metaheuristic for solving the ORPD problem, and to compare its performance with well-
established algorithms. Through simulation on standard IEEE test systems which are 30 and 57
bus in different mono objectives active power losses (Pioss), total voltage deviation (TVD)
minimizations. demonstrating TSA’s superior convergence speed and the best lowest results in
both objectives. this study contributes to advancing optimization strategies in power systems

and opens the door for more intelligent and adaptive control mechanisms in future smart grids.
The following is a synopsis of the thesis's structural organization.

Chapter 1: Electrical Grid

It gives a comprehensive foundation of the electrical grid, delineating its models and
elucidating the function of power flow analysis in power grids and its formulation.
Chapter 2: Optimal Reactive Power dispatch

This chapter derives the bus admittance matrix for power flow analysis using classical
methods, it focuses on Optimal Power Flow (OPF), and the mathematical formulation of
Optimal Reactive Power Dispatch, with detailing its objectives (active losses, voltage deviation)

and constraints. Furthermore, it sets the stage for metaheuristic techniques.
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Chapter 3: The Meta-heuristics
Describes three metaheuristic algorithms as optimization methods: the Genetic Algorithm
(GA), the Grey Wolf Algorithm (GWO), and our new metaheuristic Tunicate Swarm Algorithm

(TSA), outlining their biological inspirations, modeling, and solution steps.

Chapter 4: Simulation Results and Analysis
In this chapter, the TSA algorithm is applied to IEEE 30 and 57 bus test systems, presenting
and analyzing results against other methods to assess its performance and effectiveness in

achieving ORPD objectives.
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CHAPTER 1 Electrical Grid

CHAPITER 1
Electrical Grid

I-1. Introduction

Firstly, the term “electricity system” generally denotes the entire network of electrically
interconnected installations responsible for delivering kilowatt-hours to end users, with power
generated from primary energy sources such as hydroelectricity, fossil fuels, nuclear fission,

direct solar energy, and wind energy.[4]

Additionally, electrical power is generated and consumed at the same time, it is
imperative that power of production be continuously adjusted to ensure it aligns with demand
[5]. What is more, an electrical network is composed of power lines that function at various
voltage levels. These lines are interconnected the function at different voltage levels. These
lines are interconnected through the substations. The management of this network is entrusted
to four specialized divisions: generation, transmission management, distribution, and the system
operator, which implements settings to ensure the stability and reliability of the entire system

[6] this integrated system known as electrical grid [5].

rticul
\ /Vpa icular

/Cemer of \
Ci

onsumption
/‘\/w;onu industry

particular

Center of
Consumption
industrial

>

Transport network Foreign liaison
H Interconnection network

iy Distribution network

Figure (1.1): general structure of an electrical network
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Generating
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Figure (1.2) Simplified Diagram of the Electrical Power Grid

I-2. Topological Structure of Transmission Networks:
It has been demonstrated that all elements of an electrical network can be organized in
different structures, with varying levels of complexity that influence both the availability of

electrical energy and the investment cost.

The network must guarantee the secure transfer of electrical energy. The enhancement of
supply security can be achieved by:

= Using more robust equipment for the power lines.

= Increasing the number of circuits.[7]
It is important to note that, the choice of architecture for each application is based on the

criterion of achieving the optimal technical and economic balance.

I-2-1. Radial Networks:
These networks originate from a power supply station and consist of multiple branches, each
extending outward without reconnecting to a common point. Radial networks have a simple

structure and can be managed and protected using basic equipment [8].

Additionally, there are two main configurations to be considered here:
= Artery-cut structure: Typical of underground networks, designed for potential loop
operation.
= Tree structure: These are frequently utilized in rural overhead networks and are
incorporating with loop points to ensure medium-voltage backup. As illustrated in

Figures (I.3) and (I.4) examples of radial networks.
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e Advantages:
v' Easy to design and construct.
v/ Maintenance operations can be carried out easily by opening the isolating device
(disconnector, switch, etc.) at the starting of the network.
e Disadvantages:

v A fault at a main outlet affects all secondary outlets and the terminal distribution [6].

«---1

HT HT

PN

+ Distmbution post

> Repartition post
1-Podt HVMV
2-Post MV/BV
3-Line MV
4-Line LV
Figure (1.3): tree structure Figure (1.4): artery cut structure.

I-2-2. Looped Networks:

Looped networks are supplied by multiple sources simultaneously, with stations connected
through artery cut-offs. This configuration ensures service continuity in the event of a power
interruption.

In addition, the presence of multiple parallel sources enhances the reliability of the power
supply, particularly in the event of a transformer failure or a fault in one of the loops. In such
cases, the damaged section is isolated, dividing the network into two parts.

However, compared to radial networks, looped networks are more complex. Additionally,
their control and protection require more advanced and sophisticated devices. [7]

1-Post HV/MV
2-Line MV
3-Post MV/LV
4-Line IV

Figure (1.5) Schematic diagram of a loop network
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e Advantages:

v' High service continuity
v" Good performance

v" Low voltage drop.

e Disadvantages:

v" High short circuit currents

v More expensive and difficult to operate than radial networks.

I-2-3. Mesh Networks:

A mesh network features interconnections that form a grid-like topology, providing
enhanced supply security, improved service continuity, and reduced voltage drop. However,
implementing a mesh network is a complex process that requires significant analysis and

costs.[6]

Figure (1.6) Mesh structure

e Advantages
v Very high reliability and fault tolerance;
v Optimized power distribution and load balancing

v Lower voltage drops due to multiple pathways.

e Disadvantages
v High installation and maintenance costs
v" Complex control and protection mechanisms

v Higher short-circuit currents
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I-3. Interconnection Networks:
Interconnection networks establish connections between power generation centers and

facilitate energy exchanges between different regions, and even with neighboring countries.

Furthermore, these networks are designed so that all very high-voltage lines are
interconnected through transformer stations, ensuring continuity between lines operating at

different voltage levels.[6]

I-4. Power Transmitted by a Power Line:

In a DC circuit, power is calculated as the product of voltage and current:

P=V*1.

This also holds true in an AC circuit when the voltage and current are in phase, meaning the
circuit is purely resistive. However, if the AC circuit contains reactance, a power component is
associated with the magnetic and/or electric fields. Unlike resistive power, this power is not
consumed but rather stored and then discharged as the alternating current and voltage complete
their cycles. [9]

Alternating current electrical networks provide apparent power, which represents the total
power supplied. This power is divided into two components:
e Active power: Converted into mechanical energy (work) and heat (losses).
e Reactive power: Used to create magnetic fields.
Common consumers of reactive power include asynchronous motors, transformers,
inductors, and static converters (such as rectifiers).

This leads to another definition:[9]

Apparent power = Real or Active power (associated with a resistance)
+ Reactive power (associated with an inductance or capacitance).

Using symbols:
S=P+jQ (L.1)

Active Power:

Active power is the power that is actually utilized and consumed for performing useful
work in an AC or DC circuit. It is also referred to as True Power, Real Power, Useful Power,
or Watt-full Power. It is denoted by “P” and measured in Watts (W), kilowatts (kW), or
megawatts (MW).
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The average value of active power can be calculated using the following formulas:
P=V x1I x Cos0 ... (Single phase AC Circuits) (1.2)

P=13 x VL x IL x Cos0 ... (Three Phase AC Circuits) (1.3)
Reactive Power:
Reactive power oscillates between the source and the load inan AC circuit; it does not deliver
network but is vital for maintaining voltage levels and sustaining the magnetic and electric
fields. Often termed wattless power, it nonetheless plays a crucial role in power-system

operation.

Where, Reactive power is denoted by “Q” and measured in Volt-Ampere Reactive (VAR),
kilovolt-ampere reactive (kVAR), or megavolt-ampere reactive (MVAR).[10]

Q=V xIxSinf (L4)

In addition, electrical energy is transmitted through power lines with limited capacity due to the
thermal limits of the cables, the applied voltages at the terminals, and the load angle 6. The

power transmitted by a radial electrical system is given by the following formulas:[11]

Considering Figure 1.7.a, which represents an electrical line supplying a load (P + jQ), and
assuming that the line resistance is very low compared to its reactance and impedance, we can

express the impedance as: Zs = jX.

Vs

V.L5 V.20

1Xs1

Vi R¥

(a) single-phase transmission line (b) single-phase transmission line
Fig (1.7) Power line supplying a load

Taking the voltage at the load terminal as the phase reference as shown in figure.l.7.b and
neglecting the resistance Rs, the current will be in phase with Vr. The power required by the

load is given by the following equations:[11]
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%* - Vs'Vr
S, =P +jQ=V,xI, ; with I= 7 (L5)
N
P= st Vr ino 1.6
X, sin (1.6)
v, SV @7
(0] X, cos o - X, .

P: Real power flow

Q: Reactive power flow

The sending and receiving end voltages are denoted by Vs and Vr, respectively.
Zs: Line impedance

Xs: Line reactance

é: Voltage angle difference between the sources.

I-5. Voltage Drop:

As current flows through a transmission line, making the voltage at the end of the line lower
than at its origin. The greater the power load on the line, the larger the voltage drop. The voltage
drop AV, derived from the equivalent diagram and the voltage diagram in Figure 1.8, is given

by the following equation.

AV=V,-V,=7*] (L8)
formulation:

The vector relation is then written:

V,=V,+RI+jLol=V,+RI+jX I (1.9)
Decomposing into the horizontal (real) and vertical (imaginary) components yields the
following two real equations:

Vicosd=V,+RI cos o +Xlsingp (1.10)

V;sind =-RI sin +XI cos ¢ (L11)

As well, by squaring and then adding these two expressions, we obtain:
V2=VA+R P+ X P+2(RV,Icos o +XV,Ising) (1.12)

It is then possible to replace the different terms of this expression by using the powers:

With P=V,1 cos ¢ the single-phase active power consumed by the load,
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Q=V,1sin ¢ the single-phase reactive power called by the load,
P;=RI, the joule losses in the line and Q=XI2 the reactive power consumed by the reactance of

the line it comes
Vi-V3=RP;+XQ,+2(RP+XQ) (1.13)

(Vi-V2)(Vi+V3)=RP;+XQ, +2(RP+XQ) (1.14)

AV
Figure (1.8) Illustrative diagram of drop voltage and its factors

Noting V=V 1+V2/2 and AV=V1-V2 the voltage drop, we obtain:

A V_éRPJﬂL éXQL +RP+XQ

(L.15)
14 2

In a well-designed power transmission network, Joule losses in the lines typically account
for only a small percentage of the total transmitted power. If we consider a case where the
reactive power consumption of the line is low relative to the transmitted power, we obtain the
following simplified relationship (three-phase):[12]

AV _RP+XQ

vV %

(1.16)
Under these conditions, the relationships illustrate the fact that:
* the voltage drop depends mainly on the reactive power consumed by the receiving end;

* the transport angle 0 depends mainly on the transmitted active power.[13]

® Active losses:
Active power losses are calculated using the formula:
AP=3RF (L.17)

The current flowing this element is:

I1=S/v3U0 (1.18)

10
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Pl .
_R-Pr) RPN R-Pltar’y) (119)

AU
Uv*)’ vy’ (U°)

¢: Phase shift angle between active power and apparent power, then tan ¢=Q/P

Note : The transit of reactive power leads to an increase in active losses.[12]

I-6. Modeling of Power Elements in an Electrical Network

The term electrical power grid refers to a network of interconnected components designed to:

» Continuously convert non-electrical energy into.
» Transport electrical energy over long distances.
» Transform electrical energy into specific forms while adhering to well-defined

constraints.
In addition, the principal components of a network can be organized into three subsystems:

» Production (generators).
» Transmission, distribution, and dispatch (power lines).

» Consumption (loads).

In summary, to analyze a complex electrical power network, models or equivalent of its key
components such as generators, various types of transformers, transmission lines, and loads are

developed. [14]

I-6-1. Power Generator:

kinetic energy source turbine electric generator electricity to consumers

steam
combustion gases

flowing water

wind

rotor  rotor shaft stator

Figure(1.9) : Electricity generation from electric turbine

Source: U.S Energy information administration
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Generators function by converting mechanical energy into electrical energy through
electromagnetic induction. This phenomenon is happened when using an electromagnet,
created by electricity, along with a rapidly spinning turbine to produce large amounts of

electrical current.

The classification of generators can be categorized as follows:

a) Steam Turbine Generators: The steam turbine generator is the primary power conversion
component in a power plant. Its function is to convert the thermal energy of steam from the
steam generator into electrical energy. This process involves two separate components: the
steam turbine, which converts thermal energy into mechanical energy, and the generator,
which converts mechanical energy into electrical energy. Typically, the turbine is directly

coupled to the generator.

b) Gas Turbine Generators: Gas turbines are engineered to function within the Brayton cycle
framework, which involves the compression of air in conjunction with fuel, followed by its
combustion under conditions of constant pressure. The resultant hot gases undergo

expansion through a turbine, thereby performing mechanical work [15].

c) Hydroelectric Generators: When flowing water turns the blades of a turbine, mechanical
energy is generated. The turbine then rotates the generator’s rotor, which converts this
mechanical energy into electrical energy.[16]

d) Diesel Generators: The working principle of a diesel generator is established on the
thermodynamics law of energy conversion, following the fundamental laws of
thermodynamics.

Additionally, A generator is represented as a constant voltage source that injects active
power P, and reactive power Q. into the node to which it is connected. The active power Pg
remains constant during the calculation, whereas the reactive power Q, varies within the limits

Ogmin < Qg < Ogmax to maintain a constant voltage at the generator terminals [17].

This limitation is primarily due to the thermal limits of the stator and rotor windings, as well

as the permissible rotor angle constraints [14].
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P,
v
Qg:m'm: anmc node 1

Figure (I.10): Model of a Generator

I-6-2. Transmission Lines

Transmission lines serve the critical function of connecting generating stations to distribution
stations. These lines are responsible for the transmission high-voltage electricity from
generating stations to primary and secondary transmission stations, as well as to primary and

secondary distribution stations.

As well, their primary function is energy transport over long distances, ensuring the

transmission of electrical energy from production sites to consumers [18].

e Line Model
Transmission lines are modeled using the classical w equivalent circuit, as shown in figure I.11

where transverse conductance is neglected .

Figure (I.11) Line model

The nodal admittance matrix of a line connecting a node i to a node j is given by:

_ Yy 4
y=|"% 2 Vi (1.20)

Where the series admittance yij is:
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1
= =g -jb.
Xl.j s 8,7 (1.21)
rij : The series resistance of the line;
xij : The series reactance of the line
The transverse admittance corresponding to the capacitive effects is written:
=Jb (1.22)

With:

bijo: The transverse susceptance. [14]

1-6-3. Power Transformer

Transformers with at least a phase voltage that exceeds 1,000 volts are classified as power
transformers. These devices play a pivotal role in the electrical network, facilitating the
transmission of electricity over extended distances. Due to their high voltage levels, they must
meet specific constraints, particularly in terms of insulation. Their reliability and lifespan must

be exceptionally high.[6]

Additionally, A transformer is a device that converts the voltage and current values supplied by
an alternative electrical energy source, into a system of voltage and current of different values,
but of the same frequency and the same form. It performs this transformation with excellent

efficiency [5]. As illustrated in Figure 1.12, a transformer power has a capacity of 220 kV.

Figure (1.12): Power transformer for 220 kV floor
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Furthermore, there are two types of transformers to be modeled: the load tap changer voltage
regulating transformer and the phase shifting transformer. In power system modeling, tap ratios
and phase shifts are typically represented as modifications to the admittance matrix. Figure
(I.13) illustrates the equivalent single-line diagram of a three-phase symmetrical transformer

with a load tap changer and/or phase shifter.

-
|
|
|8
M%‘:
||
=

Figure (1.13): Power transformer model

Where:

Z: Represents the Joule effect losses and the transformer leakage inductances referred to the

secondary side.

The chosen modeling approach assumes that the losses are equally distributed between the

primary and secondary windings.
The parameter tij represents the on-load voltage regulation ratio.

The parameter aij represents the phase shift introduced by the transformer between busbars i

and j.

It is important to note that the admittance matrix of the electrical network, which accounts for

these variables, will be updated at each iteration.[19]

Y: Is the admittance matrix of the transformer, expressed as follows:

[ Ycap ‘e-jaij ]
L N T 123)
= X => = .
I, - l +Ycap V,
i tizjy 2
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I-6-4. Electrical Loads
The electrical load is frequently modeled as an impedance Z load that consumes constant active
power P and reactive power O; as shown in Figure 1.14. It is evident that these loads generally

represent distribution substations that supply distribution networks.[14]

P -+ 7 T .
L JQL I IVLleJSL

T

Zcharge

Figure (I.14): Model of electric charge

Sti=Pri+jQuLi (1.24)

Where
S1i: The complex power of the load
PLi: The active power

Qui: The reactive power (can be positive or negative depending on whether the load is inductive
or capacitive).[20]
I-6-5. Shunt Elements

Capacitors and inductors are strategically placed at various points in the electrical network
to either supply or absorb reactive energy. When Q. is positive at a given point in the network,
the shunt compensator behaves capacitively, supplying reactive energy to that point.
Conversely, if Q. is negative, the shunt compensator is inductive and absorbs the excess reactive

energy.

It's important to note that, this step in modeling the line and its elements is crucial for calculating

the network’s fundamental equations, particularly the nodal admittance matrix [19].

Yio= Gio+*Bjo (1.25)
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Iy
=
—
mm o |
0
S
=

a) Symbol b} Inductive element. ¢} Capacitive element

Figure (1.15): Model of shunt elements

I-7. Power Flow

Power flow, or load flow, is widely used in power system operation and planning. The power
flow model of a power system is built using the relevant network, load, and generation data.
Outputs of the power flow model include voltages at different buses, line flows in the network,
and system losses. These outputs are obtained by solving the nonlinear nodal power balance
equations. Iterative methods such as Newton-Raphson, Gauss-Seidel, and fast-decoupled
methods are typically employed to solve this problem [21].

Where, Power flow is formulated as follows:

S=P+jQ=VI (1.26)

Power flow is classified into two types:
1. Real Power

2. Reactive Power

I-7-1. General Concept of Power Flow

The power flow problem is solved for the steady state determination of the complex voltages at
the network busses, from which the active and reactive power flows in each line and transformer

are calculated.

Moreover, the set of equations represents the electrical network and is non-linear in nature. In
the practical methods of power flow calculation, the configuration of the network and the
properties of its equipment are used to determine the complex voltage at each node. On the
other hand, the symmetry between the three phases of the three-phase system of the electrical

network is perfect.

17


https://www.scribd.com/document/465211869/Power-Flow-Study1

CHAPTER I Electrical Grid
I-7-2. Objectives of the Power Flow Study

The objective of power flow is to ensure an equilibrium between the generation and
consumption of electric energy (the improvement of electricity expenditure, energy production
according to need), while respecting operational limits in order to maintain stability and ensure
the longevity of equipment, it is necessary to keep the bus-bar voltages between the theoretical
limits, using the power control and network planning (from load calculation).Increase the
security of operation of networks by a good strategy of power flow before the disturbances [20].

In fact, in power system as we know has four quantities are related with each bus. These are
voltage magnitude |V|, phase angle 6, active power P and reactive power Q . In a study of power
flow, two out of four are given and the other two quantities are obtained during equations
solutions. In addition, Within the domain of power systems, buses are classified into three
distinct categories: [22]

Table (1.1) Type of Buses

Quantities

Bus type Know
n

P,Q V.,

Unkown

Load bus
PQ bus

Voltage controlled bus
Generator bus P, V| Q,d
P-|V| bus

Slack bus (Reference)
Swing bus V,d P,Q
Control bus

Where, load flow studies are commonly used to investigate:

(i) Component or circuit loading
(i) Bus voltage profiles
(iiiy Real and reactive power flows
(iv) Power system losses

(v) Proper transformer tap settings

Moreover, load flow is required to be run for the following cases:

(i) In power system planning and monitoring

18
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(i) In addition or outage of generating unit, transmission lines, or other equipments
(iiiy In deciding optimal generation allocations to the generating stations so that the cost of

generation is minimal

(iv) When a new load center is established or when the system stays unchanged but load
grows

In addition, Power flow solution should have the following solution properties:
(iy Simplicity of the program
(i) High computational speed
(iii) Flexibility of the problem
(iv) Low computer storage
(v) Reliability [23]

I-7-3. Conclusion

In summary, we explained electrical networks, their components, and electrical quantities.
We also mentioned power flow and its effectiveness in networks. In the next chapter, we will
discuss the uses of classical methods in power flow. Furthermore, we will talk about Optimal

Power Flow (OPF) and the role of Optimal Reactive Power Dispatch (ORPD).
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CHAPITER 2

Optimal Reactive Power Dispatch

II. Introduction

The continuous evolution of electrical power systems and their increasing complexity
have made the accurate study of load flow and power distribution an indispensable aspect of
system planning, design, and operation. At the heart of these analyses lies the bus admittance
matrix (Y-bus), which provides a compact and systematic representation of the interconnections
between different nodes in the network. Through the formulation of this matrix and the
application of Kirchhoff’s current laws, engineers and researchers are able to model the flow of
electrical power across complex systems with precision.

In this chapter, we present the mathematical formulation of the bus admittance matrix and
introduce the fundamental iterative methods used in solving load flow equations. Particular
attention is given to the Newton-Raphson method, the Gauss-Seidel method, and the Fast
Decoupled method, each known for its respective computational efficiency and convergence
behavior. Furthermore, the chapter addresses the Optimal Power Flow (OPF) problem, which
represents a key challenge in the operation of modern power systems by aiming to determine
the most economical and reliable operating conditions under a set of system constraints, and a

comprehensive perspective on the optimal reactive power dispatch will be presented [24].

I1-7-3. Nodal Admittance Matrix

The bus admittance matrix, Yy, 1S an nxn matrix, where n equals the number of nodes in
the network constructed from the admittances of the circuit’s equivalent elements. Most
network elements are represented by a combination of shunt elements (connected between the
considered node and the reference node, which is ground) and series elements (connected

between two different nodes) [17].

Additionally, the Bus Admittance Matrix represents the nodal admittances of the various

buses. With the help of the transmission line, each bus is connected to the various other buses.

Admittance matrix is used to analyse the data that is needed in the load or a power flow study
of the buses. It explains the admittance and the topology of the network. The key advantages of

employing the bus admittance matrix are:
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1. The data preparation of the bus admittance matrix is very simple.
2. The formation of the bus admittance matrix and their modification is easy.
3. The bus admittance matrix is a sparse matrix thus the computer memory requirement is
less.
In nodal analysis, branch admittances are typically used instead of impedances. For the isolated
line shown in Figure.Il.1, with bus voltages Vi and ¥ at nodes i and j, respectively, the current

flowing from node i to node j is given by [23]
L=y, (Vi- 7)) (IL1)

- The complex admittance of the branch connecting nodes i and j between nodes i and j,

denoted Vi ,is defined as [25]:

1
Vi= - (I1.2)

if Ry'+])(,~]'
j li o J
*———> Yij —e
T K VJ’ T

B

reference node
Figure (I1.1) Representation of an isolated bus
Additionally, in a complex network, the nodes being numbered 0,1, 2, ..., n, where node 0

indicates the reference node, by Kirchoff’s current law (KCL), the injected current /; being equal

to the sum of all currents leaving node i; thus we can write:

=) 1= ) v ViV (1L3)
=0 =0

It is imperative to consider the three-bus system illustrated in Figure I1.2. where node 0
functions as the reference (ground) node. Applying Applying Kirchhoff’s Current Law at buses
1 through 3, we have:

II :yl()Vl +y12(V1 - VZ) +y13(V1 - V3)
12 :y20V2 +y12(V2 - V]) +y13(V2 - V3)
0 :y13(V3' V1)+y23(V3 - VZ)
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The above node equations can be reduced to
L =YV, + YRV, + Y503
L =Y Vi + YV, + Y5503
I3 =Y;,V1 + Y3V, + Y3303

Where:
Y=yt vty
Y22:y20+y12+y33 Bus 1 Bus 2

Y33:y13+y23

Yi=Y=-y,

Y13: Y31:_y12

Y23: Y32: _y23

and

]3:0 BUS 3

Figure (I1.2) Admittance diagram of a 3-bus system

These equations for a n-bus power network in matrix form can be expressed as follows:

]1 YII Y12 T Yln V]

e R B I (L4
/ n Y In Y, n2 Y, nn Vn

The current injection at a bus can be calculated using the bus-admittance matrix, as shown

above.

- In the simplest form, the above matrix can be written as shown below.

where Y is the N x N bus admittance matrix, V is the column vector of N bus phase voltages,

and 7 is the column vector of N phase currents, the current is positive when flowing towards the

bus, and it’s negative if flowing away from the bus [26, 27].
The diagonal element Y;; of the bus admittance matrix is equals the sum of all admittances

connected to bus i:
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n

Yfzyij (I1.6)
=0
J#i

- where yj; is the admittance between buses i and j [27]

Furthermore, The off-diagonal element Yj; of the bus admittance matrix is known as the
mutual admittance or transfer admittance, which is equal to the negative of the admittance

between nodes i and j as follows:

Y=7Y;= =i

(IL7)

I1-8. Power Flow Calculation Methods

The numerical analysis of simultaneous algebraic equations is a fundamental component of
computer-aided power system studies, such as load-flow analysis. The first step in performing
load flow analysis is to form the Y-bus admittance using the transmission line and transformer
input data. The nodal equation for a power system network utilizing Y bus, bus, can

subsequently be expressed as [28]:
I= Yy, XV (11.8)

The nodal equation can be written in a generalized form for an n bus system.

I= y Y; V; fori=I,2, 3, n (IL.9)
i

The complex power delivered to bus i is

P, +jO=V, <1 (I.10)
L _Pii, (IL11)
1 Vl*

Substituting for /; in terms of P; & O, the equation gives

P; -jO, " "
/ l:Vl‘z Z Vi .12
% i L (I1.12)

The above equation uses iterative techniques to solve load flow problems. Hence, it is

necessary to review the general forms of the various solution methods.

In addition, An iterative method involves the repeated refinement of initial, arbitrary
estimates of unknown variables, leading to the identification of a solution for an equation or

system of equations.
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Furthermore, Convergence is achieved when the absolute deviation between current and
previous estimates falls below a pre-specified accuracy index 'e' (the convergence criterion) for
all variables. Solving simultaneous nonlinear power flow equations necessitates iterative

techniques, even for the simplest power systems.

There are several methods for solving nonlinear equations, such as:
e Newton-Raphson
e Gauss Seidel

e Fast Decoupled [29]

II-8-1. Newton-Raphson Method

The Newton-Raphson method, which was developed by British mathematician Isaac
Newton and British engineer Joseph Raphson, was first introduced in the late 1960s. This
iterative technique involves the linearization of a set of nonlinear equations through the
application of a first-order Taylor series expansion. The method has found extensive application
in load flow analysis due to its robust convergence properties and reliability, particularly in
scenarios where alternative methods may prove ineffective. While the convergence rate is rapid
when initial estimates are close to the actual solution, it may require a longer time if the initial

estimates are far off.

The admittance matrix is used to write equations for currents entering a power system. Equation

(9) is expressed in a polar form, in which j includes bus i
I= Z Y, 1Vl < 6,+ 9, (IL13)
-1

The real and reactive power at bus i is
Pi-jO.= VI (I1.14)
Substituting for /; in Equation (13) from Equation (14)
P-jO=Vil<-0, ) || [V]<d,+ 5, (IL15)
lj=1

The real and imaginary parts are separated [28]:

Pi= SV V(Y] cos (65 - 5z-+5j)} T (IL16)

0= XLVl V|| Yyl sin (65 - 6+ ;)

After developing Pi and Pi in TAYLOR series around the first approximation:
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- (0)
P P(0)+( ) Aém) +(%) A6+ (“IVI) AIVZI“’)‘*‘ +(—) A|V2|(0)

Q 0) Q 0) aQ 0)
0= 0"+ (550 4%+ + (5 A0+ (G Al
(I1.17)
i 0)
Based on the relation of [j—g] with APl.(O) = P, — PL.(O) ,A00) = @, — Qi(o) (I1.18)
The two equation systems (I11.17) and (II.18) give:
[ /AP, ) AP, 0) 0) AP, (0) 7
(a_(s) (aa,,) (8IV2 ) (a|V,,|)
PO " : : 45Y
J AP ® P,, AP AN
APY (a&) ( ) ) (a| an) 487 1)
= 0 0 0 0 O] .
AQ(O) 40, (0) AQz (0) (0) 40, (0) A|Vz |
A (0) : : (0)
- Ql’l - 0 0 0 0 A|I/n |
A0 0) ) 0) A0 0)
ENEs ( ) - &)
Thus, we can write the system as follows:
APV ) A5
LIQ(O)l =[] [A 7 (0)] (11.20)
Aé(o) J(o)] 1|4p?” (11.21)
|V|(0) 40"
We recall that
Ao™ = 5l(k+1) ) 5l(k) (I1.22)
A0 = [0 || (11.23)
The adaptation (I1.21) with (I1.22) and (I1.23) gives:
p
5.0 (k)
L wa”)l )L ({124)
51,(0) [ 5(k) [_](k] Ap™ (I1.25)
| V](kﬂ) | V](k) AQ(k)

By substituting the expression of equation (I1.20) into the above equation, we obtain [17]:
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AP o[ 49
Lol =1L (11.26)
with
_[h 1
-1

J1, J2, Js3, and Jy are the submatrices of the Jacobian.

0P _ 0P g _ 04 _ 0
Such that [19] : J; = TS o = a7, 3 = T Ja = vy
Where AP and AQ respectively denote the deviations between specified and calculated

active powers, and the deviations between specified and calculated reactive powers;

Ao and AV respectively represent the deviations between specified and calculated angles,

and the deviations between specified and calculated voltages, while J is the Jacobian matrix.

For generator buses, the voltage magnitudes are known. Consequently, if m buses in the
system are generator nodes, m equations involving Q and V and the corresponding columns of
the Jacobian matrix are eliminated. As a result, there are (n — /) active power constraints and (»
- 1 - m) reactive power constraints, and the Jacobian matrix has an order of 2n—2 -m) x (2n

—2-m).

o Jihasanorderof (n-1) x (n-1),

o J:hasanorderof (n-1) x (n-1-m),

o Jshasanorderof (n-1-m) x(n-1),

o Jshasanorderof (n-1-m) x (n-1-m).[29]

The Jacobian submatrices J;

The diagonal and off-diagonal elements of J; :

OP; .

%, Z|Vi| Vil |y sin(6; - 6; + 5) (I1.28)
7

oP, . o

a—5j=-|Vi||Vj||Yzy|Sl"(9y"5i+5j) L7 (11.29)

The elements on the diagonal and off-diagonal of J> :

OP;

m: 2\Vill Yl cos 6;; +Z|V]||YU| cos(Q,-j -0+ 5}') (I1.30)
IEY

OP; ..

m = |Vl||YU| cos(@i]- -0; + 51) i 7] (IL.31)

J

The elements on the diagonal and off-diagonal of J; :
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8Ql.
6_5i=Z|Vi||Vj||Yljlcos(0U-5i +5j) (I1.32)
J#i
8Ql. ..
a, - WillvillYylcos(6; -0+ 0) i) (I1.33)
The elements on the diagonal and off-diagonal of J, :
aQi ) .
Sy = 21Vl Yl sin 0 Z| Vil Yy sin(6; - 6 + 6;) (I1.34)
J#i
00, . ..
m:- Vil Y| sin(6; - 6; +6;) i #) (IL.35)

The terms APi(k) and Aka) represent the difference between the specified and calculated values,
given by:
k k
APV = pieh_ p® (I1.36)
k h o Ak
AQ;'(): - Qi() (IL.37)
APl(k) ) AQl(k) : Active/Reactive power mismatch at bus 1 at
iteration k

Pf“h,Ql?Ch: Scheduled active/reactive power injection at bus i

(given or target value).
Pl.(k), Ql(k) : Calculated active/reactive power injection at

iteration k
The new estimates of the generator nodes are [29]:
k+1 k k
o= o9 s L)

VD)= 79+ al) 139

The calculation steps are as follows:

1- From the system data, we take the bus admittance matrix Y pus.

2- We estimate the initial Values|Vi(0)| and Si(o) for the load nodes, and 650) for the control nodes.
3- We calculate P;, Q; which give us AP, AQ.

4- Formation of the Jacobian matrix J.

5- We find the inverse of the Jacobian matrix.
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6- We calculate.

A0 A [4P
Lil= 1 [io
We obtain:
sD_ 500, 450

|V(k+1)|:

i

VL alve]

7- The process repeats until the following tolerance condition is met
max|APk< €

max|AQ¥|< & [17]

II-8-1-1. Advantages of the Newton-Raphson Method
e Faster, more reliable and yields accurate results, [25]
e requires less number of iterations.
e The number of iterations required in this method is almost independent of system size.

e [t possesses quadratic convergence and thus overall time for iterative process is short

especially when the solution point is close.[30]

I1-8-1-2. Disadvantages of the Newton-Raphson Method
Program as well as memory is more complex.
e The computation time per iteration is larger.

e [t needs a larger computer memory requirement. The need of additional storage space
since it involves calculation of Jacobian matrices

e Difficult solution method; the code is more complicated

11-8-1-3. Flowchart of the Newton-Raphson Method

The flowchart of the Newton-Raphson method is illustrated in Figure I1.3 as follows [31].
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I Read system data |
|
| Formulation of the admittance matrix Ybus
|
Initial estimate of bus voltages and phases
14(0),5,.(0) i=12..ni#ref
|

| Put the number of iteration k=1 |

Calculation of active and reactive power on the bus
K 13 3 K
P = (p®,p®, ... p®)
k) _ k 3 k)
Q" = (0.0, Q)
i=12..n

Calculate the differences between estimated
powers and calculate powers

Determination of the maximum power variation
max|AP| and max|AQ|

Si
max|AP®| < &

Determination of the
maximum power

I Calculate of the elements of the Jacobian matrix I variation

1
| Calculate of Jacobian phase and voltage corrections |
|

| Calculate of new node tensions |
1

Replace 6i(k) by 6i(k+1) and I/;(k) by Vi(k“)

Figure (I1.3) Flowchart of Newton-Raphson method.

I1-8-2. Gauss Seidel Method

Although the Newton—Raphson method is generally more efficient, the Gauss—Seidel algorithm
one of the simplest iterative techniques was selected for the following reasons:

1. It holds reliable scientific value due to its simplicity.

2. Itis used in low-power systems where programs are uncomplicated.

3. Itis applied in large systems to obtain an approximate solution [32].

- Firstly, Forming the bus admittance matrix of the network via figure 2 (Nodal admittance),

Where we will use diagonal and non-diagonal elements and substitute them in the equations:

Yip Yo - Yy,

(Y] = Yyp Yo o Yy,
us : : :
Yln Yn2 Ynn

- For the concrete case of power flow, the solution of the following nodal equation [33]:
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Ii= Yil V1+ Yi2+ ......... Yin Vn= z Yika (1140)
K=1

- The objective is to determine all P;, Q;, |Vi| and 9, for the n nodes of an electrical network. The
procedure consists of calculating V; and d; for the PQ nodes, then Q; and o; for the PV nodes,
and finally P and Q for the slack node [34]:

e Noeuds PQ :

For the load buses (PQ buses), the voltages |V;| and angles & are obtained from the equation

(I1.41) ; at each iteration :

/e 1
(k1) _ 1 ]Q Z .®]
\2 I V*(’) ]_]Y,,Vl | (I1.41)
l j#i |
s
a7 (I1.42)

1 1

- Pi, Qi: are the injected real and reactive power into bus 7 respectively
- Yii: Diagonal elements; sum of admittances connected to bus i

- Yjj: Off-diagonals, - (sum of admittances connected between busses i and j)

e Noeuds PV:

For the generation buses (PV buses), and based on equations (11.43,44) we can calculate Q;and

& at each iteration as follows [30]:

Q" =-1m|V® Z vy v (IL43)
=1
NI
11 P -jO.
*) _ ! i k,
0, = arg|7 % - YijVj() | (IL44)
l 1 i j= Ji J
j#i
e neaud Slack: Here, just determine P; and (; at iteration k only
) =1 *
Po-jO =V Z Y,V (I1.45)
j=1

- Ps: Active power injected at the slack bus.
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- Oy : Reactive power injected at the slack bus.
- Vs*: The conjugate of the slack bus voltage.
- Y5 : Represents admittance connectivity between bus s and bus ;.

- V/®: Voltage at bus j at iteration k.

- Improvement of convergence by relaxation (using an acceleration factor) :

y k) = V4 a( V) (IL46)

i(acceleration)
s et
a : Acceleration factor, generally taken between [1,4 < a < 1,6].
Sometimes the number of iterations required to converge can be significantly reduced by
application
of a so-called acceleration factor. The correction in voltage from Vi*/ to Vi**? is multiplied by
such a factor in order to bring the new voltage closer to its final value.

- The iterative process stops when the following stopping criterion is met: [35]
max|ka+U- Vl(k)lgg

- [36] Also the line flows and losses are found as phasor sum of Sj; and S;; . The complex power Sj; from bus 7 to jand

Sji from busj to i are

Si=P; +]jQ; (11.47)
Si=Sij + S (11.48)
Sij = Viljj (11.49)
S = Vil (I1.50)
I;j = )’ij(Vi - V]) + YoV
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I1-8-3. Fast Decoupled Power Flow Method

The Fast Decoupled Power Flow Method is one of the improved methods, which is based
on a simplification of the Newton-Raphson method and reported by Stott and Alsac in 1974
[16]. This method, like the Newton-Raphson method, offers calculation simplifications, fast
convergence and reliable results and became a widely used method in load flow analysis.
However, fast decouple for some cases, where high resistance-to-reactance (R/X) ratios or heavy
loading (low voltage) at some buses are present, does not converge well because it is an
approximation method and make some assumption to simplify Jacobian matrix. For these cases,
many efforts and developments have been made to overcome these convergence obstacles.
Some of them targeted the convergence of systems with high R/X ratios, and others with low

voltage buses [28].

This method is a modification of Newton-Raphson, which takes the advantage of the weak

coupling between real power flow-voltage angle P —é ((P = (ViV2/ X1) sin 6 )) and reactive
power flow-voltage magnitude @ — V ((Q = (V1V2/X) cos & — ( ng) /X2 ))) due to the high X:R
ratios [25]. The Jacobian matrix of Equation (I1.26) is reduced to half by ignoring the element
of J» and J3. Equation (I1.26) is simpliﬁed as:

[A 0 JJ [AI v (IL51)

Expanding Equation (I1.51) gives two separate matrixes,
AP=J,Ad= [88] Ad (I11.52)
AQ = J,A|V|= [3|V|]A|V| (I1.53)

The elements of Jacobian matrix J; are as follows [25].

The diagonal elements are

= > W Fl1¥ ] 5in(0; - 6, + 8) - 1V ¥l sin (6,
=1

o V121 Y] sin (8,
aéi_-Q 11 Sln( l)
OP;

i 2

851' Q |V| Bll

Now, the diagonal elements of J; can be written as

oP; ,
5—-Q |Vil°Bii (I1.54)
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where Bii = |Yjj| sin ;i is the imaginary part of the diagonal elements of the bus admittance
matrix Y pus.
Further simplifications can be applied to Eq. (I1.54), by considering

B >» Q and [V}’ =V,

OP;
85 =-|V;|B; (IL.55)

Also, as under normal operating conditions J; — o; is quite small, therefor
0,-6, +6;, ~ O;and |V}| =

The off-diagonal elements of J; can be written as
OP;

0,0 08) e =
=-|V;l| Yy| sin(6;)

oP;

5 = iB, (IL.56)

Similarly, the diagonal elements of J4 may be written as

20,

oy Vil sin 0y - ZIV,~||Y,~,~|sin(0,.j -5, +5)

Multiplying the above equation by |Vi|, we get

0
|V;] T%—-lemlsme” Z|V||V|| il sin(0; - 6; + 6;) = -1Vil* B+ Q,

Again, since B;; >> Q;, O; may be neglected

%0 -|Vi|B;
v i (IL57)

Again assume 0;; - §; + J; = 0

0Q; .

8|V| |V|| |sm9,~j

00,

—a|Vj| =-1VilB; (IL58)

Applying these assumptions to Eqgs. (I1.52) and (I1.53), we get

OP,; s, AP, .
20, o s
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A% g A9
|Vvl| 143 l
AP gias
a | (IL.59)
Similarly,
0. 40.
—L=_|V)|B; or —~-=-|Vi|B;
vl AVl
40.
—1 = _BIIA|V1|
AV
40, "
. (I1.60)
14

B'"and B" are the imaginary parts of the bus admittance. It is better to ignore all shunt connected
elements, as to make the formation of J; and Js simple. This will allow for only one single
matrix than performing repeated inversion.The successive and voltage magnitude and phase

angle changes are [28]

AS = [B']']A—P
Yy
AlV|=-[B'] 1% (I1.62)

Fast Decoupled Load Flow Algorithm

Step 1: Create the bus admittance matrix [Ypus].

Step 2: Detect all kinds and numbers of buses and setting all bus voltages to an initial value of
1 p.u., all voltage angles to 0, and the iteration counter iter to 0.

Step 3: Create the matrices B and B"” according to Equations. (I1.59) and (I1.60).

Step 4: If max (4P, 4Q) < accuracy

APP = pich_ p® (1L63)
AQZ("): QjCh- Ql(k) (I1.64)
then go to Step 6
else
(1) Calculate J; and J4 elements of Equations. (I1.55), (I1.56), (I1.57)
and (IL.58).
oP; 90,
= _V.|B. —i=_|V.B.
00, 00,
1= -WVilBi 7= -VilB;
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(ii) Check the limits of O;
i Q<9 2O, .. calculate P,-(k)
if Qi(k) > Qi ,max Qi ,sch =Qi ,max
if Qi(k)< Qi ,min Qi ,sch :Qi ,min
(ii)Calculate the power residuals, AP and AQ
AP¥ = pyeh_ p®
(1v) Calculate the bus voltage and voltage angle updates 4V and 40.

1 AP
A51% = _[B’ 12

140%
Vil
(v) Update the voltage magnitude ¥ and the voltage angle ¢ at each bus.

[4V,]® =-[B"]

(k+1)_ (k) (k)

d
k+1 k k
VL= 1V Al
(vi) Increment of the iteration counter iter = iter + 1

Step 5: If iter < maximum number of iterations

APPi<e
a0Pls e

then go to Step 4

else print out ‘Solution did not converge’ and go to Step 6.
Step 6: Print out of the power flow solution, computation and display of the line flow and
losses.

This completes the load flow study.

I1-9. Optimal power flow

The optimal power flow (OPF) is an inevitable part of the energy management system for
power system planning and operation over a couple of decades. The main objective of the OPF
is to determine the most favourable operating conditions to meet the required demand by
satisfying all the power system operational and security constraints [37].

Additionally, Optimal Power Flow (OPF) identifies the most efficient and secure operating

point by optimizing chosen objectives—such as generation cost, voltage profile, stability,
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transmission losses, and system security—while satisfying operational constraints. It does so
by adjusting control variables (generator outputs, bus voltages, and transformer tap settings).
Both classical and modern optimization techniques have been applied to solve the OPF problem

[38].

Optimal Power Flow (OPF) aims to optimize a specified cost, planning, or reliability objective
by controlling power flows within an electrical network, all while respecting power-flow

constraints and equipment operating limits.

The general OPF problem is a nonlinear, non-convex, large-scale optimization problem
which may contain both continuous and discrete control variables. Many different OPF
formulations have been developed to address specific instances of the problem, using varying
assumptions and select-ing different objective functions, controls, and system constraints. The
resulting optimization formulations are referred to by different names, depending on the chosen
objective function and the constraints applied. Regardless of the name, however, any power
systems optimization problem that includes a set of power flow equations in the constraints may

be classified as a form of OPF [39].

I1-9-1. Definition of Optimization

Optimization is selecting inputs of a physical system that will lead to the best possible
outputs. Its process is to find the best possible solution that corresponds to the maximum or
minimum value of an objective-function (OF) While respecting the conditions imposed by the

system or the operator itself [40].

Furthermore, the "Objective" function can be a cost (minimize), profile (maximize), or
production (maximize). Objective functions are diverse, as well as the constraints (conditions)

depending on the problem to be optimized [41].

Moreover, Optimization may target either a single objective seeking one optimal solution
that minimizes or maximizes a given function or multiple objectives identifying a set of trade-

off solutions that best satisfy several criteria simultaneously [19].

I1-9-2. Optimization Problems

An optimization problem is defined by a state space, one or more objective function(s), and a

set of constraints.

The state space is defined by the set of domains of definition of the problem's variables. In
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most problems, this space is finite because the resolution method used needs to work in a
restricted space (Examples: the Monte Carlo method, genetic algorithms). This limitation is not
problematic because when a problem is posed, the decision-maker specifies a feasible range of
values for each variable. Additionally, for operational reasons and computational time, it is
preferable to work with finite domains.

The problem's variables can be of various types (real, integer, boolean, etc.) and can represent
qualitative or quantitative data. There may also be difficulties in implementing certain methods

if the variables are of different types.

An objective function represents the goal to be achieved by the decision-maker (minimization
of cost, time, error, etc.). It defines a space of potential solutions to the problem.

The set of constraints defines conditions on the state space that the variables must satisfy.
These constraints are often inequality or equality constraints and generally help to limit the

search space.

In addition, although constraints and objectives both represent desired outcomes, they are
conceptually distinct. Constraints restrict the search space by defining feasible regions, whereas
objectives rank and evaluate solutions within that space. Moreover, most optimization
techniques employ separate mechanisms for enforcing constraints and for optimizing objective

functions.

An optimization method searches for the point or a set of points in the space of possible states

that best satisfy one or more criteria. The result is called the optimal value or optimum.

I1-9-2-1. Choice of a Method
The nature of the variables, definition domains, and criteria to be optimized will influence the
choice of the optimization method to use.

There are two main families of optimization methods: deterministic methods and stochastic
methods [42].

I1-9-3. Global Optimum, Local Optimum

Global search methods for extrema are typically used to solve complex non-convex (non-
linear) optimization problems by extensively exploring the domain to avoid local optima (traps)

and thereby locate the global optimum.
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Additionally, global methods are less dependent on initial conditions, but these techniques
cannot take advantage of the local characteristics of the solution space like gradient-based
methods, and their convergence will be slower. As shown in Figure I1.5, the search space

contains multiple local optima (traps) in addition to the global optimum. [41, 43].

- Local optimization is the search for a solution that is better locally (within a neighborhood

of that solution). This solution is called a local optimum.

- Global optimization is the search for the best solution across the entire domain; that is,
within the entire domain, there is no solution better than it while respecting the constraints.
This solution is called the global optimum. By definition, the global optimum is also a local

solution [44].

Maximum

local

Minimum
Global

Star

Optimalité

Maximum
Global

Minimum

Local

v

Variable

Figure (I1.5) Local Optimum vs Global Optimum

11-9-4. Formulation of the ORPD

The optimal reactive power dispatch (ORPD) is an optimization problem recognized as an
important tool in the electrical power engineering area, to manage reactive power in electrical
networks. The main objective of ORPD is to assess the optimal operating state of the electrical

power grid based on the criteria of economy, service quality and security [45].
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Moreover, ORPD is a sub problem of optimal power flow calculation, which adjusts all
kinds of controllable variables, such as generator voltages, transformer taps, shunt
capacitors/inductors, etc, and handles a given set of physical and operating constraints to

minimize transmission losses or other concerned objective functions [46].

The ORPD problem can be mathematically formulated as follows [47]:

Min f= Minimize(f,, f,) (I1.65)
glx, u) =0, Equality Constraints

Subject to: h(x, u) <0, Inequality Constraints (IL.66)
ujl-ower <u< ujl.{p per Variable limits

Where f; and f> are the objective functions, x represents the vector of dependent variables and

u represents the vector of control variables. They are represented as follows:

XT:[VL ......... VNLB; QG] ......... QG,NG’ S] ......... SNTL] (1167)
Vi. .. nwsis the voltage magnitude of all load buses,
Qi1 . . . GN, NG, 1s the reactive power generation, and
Si1 ... n7 1s the transmission line capacity limit.

UT:[ VG] ......... VGNG? T] ......... TNTJ QC[ ......... QCNC] (1168)

Var ,. .. Vene represents voltage magnitude of generator
bus, Q¢ . . . Qe depicts the shunt VAR compensator and 77 . . . Nr is the tap settings of

transformers [37].

I1-9-4-1. Objective Functions

The three main objectives of the ORPD problem considered here consist of minimization of
total active power losses, minimization of voltage deviation at load buses, and minimization of

L-index [48], And we will discuss them in sequence :
11-9-4-1-1. Total Active Transmission Losses

With the increasing rate of energy consumption, the amount of power losses increased too,
making the reduction of power losses as an important aim for system operators [47].

Subsequently, the transmission line loss can be calculated as:
S=min Zyen, Prioss = ZkENEgk < (vi + V,Z -2 Xy X v X cos 0;) (11.69)

where Pyioss denotes the active power loss of &k branches, gr denotes the conductively of &
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branches which conjoins bus j and bus &, Nr denotes all branches(transmission lines), & denotes
the voltage phase difference, v; denotes the voltage amplitude of the i node and v; denotes the

voltage amplitude of j-node [49].

11-9-4-1-2. Voltage Deviation

The second objective function aims to minimize the voltage deviation at the load busbars
[50]. For stable power-system operation, bus voltages should be maintained as uniformly as
possible. The effectiveness of the voltage adjustment can be evaluated through the total voltage
deviation (TVD) index, which determines the voltage phase shift at the busbars compared to
the reference voltage (V5er) set at 1.0 [p.u].

The important to note that, if the minimum value of (TVD) implies that all bus voltages are

close to V., which makes it more level. And which can be formulated as follows [51, 52]:

Min TVD = Z Vi - Vs (I1.70)

i ENg

Where

Np is the number of load buses in the power system.

Vi is the voltage magnitude of bus i

Vyier is the voltage magnitude reference of the I'th bus (usually 1.0 pu)

I1-9-4-1-3. Voltage Stability Index

It's worth noting that, when the system subject to different operating situations such as
disturbance or sudden load change, all buses should maintain acceptable bus voltage [53].The
principal interest behind study of voltage stability index lies in the simplicity to provide the
sufficient information’s about the voltage instability or to quantify the vicinity of a power
system to the voltage collapse (L-index is the voltage stability index that plays an important
role in voltage stability analysis) [54]. This is can be achieved by the minimization of the voltage
stability indicator L-index (L;) at every bus of the electrical network, and consequently the total
power system (Lindex), The values of the L-index is ranged from 0 to 1, where the lowest value
refers to more stable system and vice versa. One widely used method in the literature is that
proposed for the first time by Kessel P and Glavitsch H. The L-index of k’th bus is formulated

as follows:

JG, w) = VSI(x, ) = min(max(L;)) (I1.71)

where L; of the jth bus is formulated by the following equation:
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Npy v
Lj= 1.0 - F}l X 7] éeﬂ'i' 51'- 5] ]=];2 :::: NPQ (1172)
i=1

Fy =-[Y,]" < [1,] (IL73)
where, i and k define the buses of generators and load, respectively. Y1 and Y» depict the system
sub-matrices for Y bus which obtained from the separation of generator PV and load buses PQ

as shown in Eq [53, 54]:

ol Rl Al

Ipy Y, Y Vpy (I1.74)
I1-9-4-2. Operational Constraints

The ORPD subject to equality and inequality operational constraints of the system as
presented follows:
11-9-4-2-1. Power flow Equality Constraints

The active and reactive power flow balance equation between the generated and absorbed
power are generally referred to the equality constraints. These restrictions are one of the most
important controlling parameters in the power system, while the load demands need to be
satisfied by the generation [37]. The constraints are a reflection of the physical laws governing
the electrical system. They are represented by the nonlinear equations of power flow. It is
required that the sum of active and reactive powers injected into each bus set equals zero [24] .

The equality constraints are formulated as follows [54] :

[ NB
Pg,i_ Pd,i_ lell X |V]| X |YU| X cos X (QU _6i + 61) =0
=1

(IL75)

NEB
Qg,i — Qa,i — Z|Vi| x V| x |Yy| x sin x (6 —6; + 6;) =0
\ j=1

where, Py and Qg are the output of active and reactive powers from the generator of bus i,
respectively. Pqi and Qq,; are demand active and reactive powers of bus i, respectively [53].

11-9-4-2-2. Operational Inequality Constraints

The inequality constraints are also called power system operating and security constraints

which include the power generation limit of generating units [37], Constraints related to
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generator bus voltage magnitude, transformer tap settings, and other similar parameters are

detailed as follows:

a. Generator Constraints
The voltages and reactive power outputs at all generating buses must be bounded within
their upper and lower limits J* [53].
Vam <y <vae =] 2 3., Ng
b <05 <00, i=1,2,3.., Ng (IL76)

in ax .
GSISPGSIS Gsl » i=1,23.., NC

Where, VI, V9% are the minimum and maximum generating voltages of bus generating i’th,
QU™ , QMaX are the minimum and maximum generating reactive power of bus generator i’th
and PJUn PAX are the minimum and maximum active power output of slack bus i’th.
where Ng denotes the set of buses where the generators are installed in the system.
b. Capacitor Banks Constraints

The reactive power compensated by the shunt capacitor banks is restricted within the upper

and lower limits, as follows:

O <0y <00y Vi €Ny (I1.77)
where Ncp represents the set of buses where the capacitor banks are connected [55].
c. Constraints of Transmission Line Loading and Voltages at Load Buses
The limits on apparent power transfer in transmission lines and power transformers are
established to ensure system security against thermal losses in conductors and/or to maintain

network stability [19].

S..

<S8y, Vi jEN (11.78)

Where ij is the index for the transmission line connecting buses i and ;.

Under any condition, the bus voltage magnitude at each load bus i must be maintained Within

the permissible minimum and maximum limits, as expressed in the following formulation:
VM SV SV v EN, (1.79)

d. Transformer Constraints

Transformer’s tap operation settings can vary between the minimum and maximum

available value:
" <T, <T"", vi=I.. Ny (I1.80)

where Nt is the number of transformers [55].
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Furthermore, to ensure that the dependent variables Vi, Q. , and S; remain within their prescribed
limits, the penalty factor technique is applied. This method prevents the selected dependent
variable from exceeding its boundaries by eliminating solutions that violate these constraints,
even if they yield an optimal objective function value. To accomplish this, an augmented

objective function is employed, as defined by the following equation:

NLB

NG
Fong=F(x. )+ 2y ZAVLi+ 10 ZAQGInL P ZAS,,- (IL81)
i=1 i=1 i=1

NTL

Where 4y, 4 are the penalty factors [20].

AVI (Vz _ Vimax)z lf Vz > Vl_max

0 lf V[minS V[< Vimax
max\? . max

AQ[{(Qi_Q[ ) lf‘ Qi>Qi
0 lf Ql‘minS Q[< Qimax

AS (S;- S if §;>8"" (I1.84)

i 0 lf SiminSSl‘< Simax
All three equations (I1.82) - (I1.84) are adapted from [33].

(I1.82)

I1-10. Optimal Reactive Power Dispatch

The initial attempts to approach the ORPD problem resorted to linear programming, Newton
based method, Gauss, and Fast decoupled method, interior point methods etc... Although these
techniques are computationally fast they do not perform well when dealing with non-convex
problems and discrete variables. Also they tend to converge to local minima and have

difficulties handling a large number of decision variables [52].

II-11. Conclusion

In summary, this chapter has provided a rigorous presentation of the foundational
principles and numerical methods required for load flow, and optimal power flow analysis,
ORPD in electrical power systems. Beginning with the mathematical formulation of the bus
admittance matrix, we explored the essential iterative techniques that enable the resolution of
nonlinear power flow equations, highlighting their strengths, limitations, and practical
applications. Additionally, the discussion on Optimal Power Flow has underscored the
significance of balancing system efficiency, stability, and security constraints within operational

decision-making. As power systems continue to grow in scale and complexity, the need for
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robust and sophisticated solution approaches becomes ever more critical. In the next chapter,
we will further extend this study by focusing on metaheuristic, presenting advanced
methodologies and predictive techniques that contribute to more reliable and optimized

operation of electrical networks.
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CHAPTERIII The Meta-heuristics

CHAPITER 3

The Meta-heuristics

III-1. Introduction

Optimization seeks the best solution to a problem within given constraints. Optimization
algorithms fall into two categories: the deterministic approach and the stochastic approach. The
deterministic approach uses gradient-restricted techniques to systematically approach the
optimal value, while the stochastic approach uses gradient-free methods that employ
randomized steps to generate diverse solutions. Stochastic techniques can be further divided
into heuristic (HA) and metaheuristic (mHA) algorithms. A heuristic is a process that uses trial
and error to quickly find good solutions, but it risks local trapping. Metaheuristic algorithms
(mHAs) were developed due to the shortcomings of heuristic algorithms. Each MHA uses
special techniques to guide the search process, effectively exploring the search location to find
close-to-optimal solutions. Furthermore, they are non-greedy, enabling them to extensively
discover the search region and possibly lead to the best solution, which occasionally coincides

with the global optimum.

Meta-heuristic algorithms typically contain two key attributes: exploration and exploitation.
Exploration refers to an algorithm’s potential to globally search at numerous sections of the
region, to avoid becoming trapped in local optima. Exploitation refers to the potential to locally
discover for possible options in all promising areas to boost solution accuracy. A great
performance is obtained when balancing between these two, exploration and exploitation to get
the optimal or near-to-optimal solutions. Accordingly, MHAs are into four groups evolutionary-

based, swarm-based, physics-based, and human-based methods as shown in Figure I11.2 [56].

In this chapter we will present three special algorithms which are Genetic Algorithm (GA), Grey
Wolf Algorithm (GWO), and proposed one Tunicate Swarm Algorithm (TSA), that categorized

in metaheuristic as Evolutionary-based, and the last two methods as Swarm-based respectively.
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LSHADE WOA
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TLBO SEO GSA MVO

SPBO KOA

Figure (I11.1) Classification of Metaheuristic Algorithm

III-1. Genetic Algorithm (GA)
I11-1-1. Inspiration

Genetic algorithms are search and optimization algorithms based totally on the concepts of
natural evolution, which were first introduced through john Holland in 1970. Genetic algorithm
additionally enforce the optimization techniques by simulating evolution of species via natural
selections. Genetic algorithm is usually compared of two processes. First process is selection
of individual for the production of next generation and 2™ manner is manipulation of the
selected individual to structure the next generation by using crossover which individual
strategies. The selection mechanism determines which individual are chosen for reproduction
and how many offspring every chosen individual produce. The main principle of selection

strategy is the better is an individual; the greater is its chance of being parent [57].

III-1-2. Genetic Operators
Initial Population

The GA algorithm starts with a random population. This population includes multiple
solutions, which represent chromosomes of individuals. Each chromosome has a set of
variables, which simulates the genes. The main objective in the initialisation step is to spread
the solutions around the search space as uniformly as possible to increase the diversity of

population and have a better chance of finding promising regions [58].

Operations perform in GA:

e Selection
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e Crossover
e Mutation [59]

DNA, genes, & chromosomes

Nucleotides
[] Adenine
[ Cytosine
[ Thymine
[ Guanine

Gene (segment of DNA)

Figure (II1.2) DNA, gene, & chromosome

a) Selection Operation

In the field of Genetic Algorithms (GAs), selection constitutes a foundational process that
determines the chromosome or string (a sequence of genes) selected to participate in the
reproduction phase [60]. In addition, in nature, the fittest individuals are more likely to get food
and mating opportunities. This causes their genes to contribute more in the production of the
next generation of the same species. Inspired by this concept, the Genetic Algorithm uses a
roulette-wheel mechanism to assign selection probabilities to each chromosome based on its
fitness value and select them for creating the next generation proportional to their fitness

(objective) values [58].

- Achromosome is a full candidate solution (binary string).

- Astring is how that solution is represented (usually as a sequence of numbers, bits, or other
values)

- Each position in the string is called a gene.

- Anallele is the value at that position (0 or 1) [60].
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@ Chromosome 1
B Chromogome 2
0 Chramosome 3

0 Chromosome 4

Figure (I11.3) Roulette Wheel Selection

Parents are selected in proportion to their fitness. Each chromosome occupies a segment on a
roulette wheel that is sized according to its fitness value (see Fig. III.3). Chromosomes with

higher fitness have a greater probability of being chosen and thus reproduce more frequently
[57].

It is worth noting that, for a chromosome c/; or x; with fitness f{ch;), the probability of its

selection into a new population of size N is given by [61]:

Py -

2N, fehy) (IL.1)
Where

f(chy) : Is the fitness of the chromosome number i
f(chj) : The sum of chromosomes fitness
P : the Probability of selection

b) Crossover Operations

Once individuals have been selected by the selection operator, they are used to form the new
generation. In nature, chromosomes from male and female individuals combine to form a new
chromosome. Analogously, the GA simulates this process by selecting two parent chromosomes
( ch; and ch»), via roulette-wheel selection and recombining them to produce two offspring
chromosomes (children solutions c/’; and ch 2. There are different techniques for the crossover

operator in the literature of which two (single-point and double-point [16]) are shown in
Figurelll.5.a, and b [58].
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Cromossomos Crométides
homélogos Quiasma recombinantes

Figure (I11.4) Crossing over of Chromosomes

Py P

. Bl BN | -

Figure (I11.5.a) Single-Point Crossover

Single-point crossover: a random cut-point is chosen along each parent’s chromosome. The
segment to the right of that cut in Parent I is swapped with the corresponding segment in

Parent 2 (will be swaped with each other), This swap makes two children Ci, C; (New

population)

Two-point crossover: two cut-points are selected, defining a middle segment on each parent.
That middle portion of Parent I is exchanged with the middle portion of Parent 2, and the same
of exchange happen to Parent 2 portion (It replaced the bits of both the parents), producing new

offspring [60] as shown in figure IIL.5.b.

The Meta-heuristics
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Py P>

| Il L

Figure (I11.5.b) Two-Point Crossover

H

Chromosome |1 LIOTT 100100110110

Chromosome 2 11011 111000011110
Ottspring 1 O11 111000011110
Offspring 2 HHOLL 100100110110

Figure (I11.6) Crossover of chromosome in binary

Importantly, they generate two new chromosomes, ch’;(i) and ch’»(i), through a linear

combination:

{ chyl(i) =ax ch;(D)+(1 - a)x chy(i) (111.2)

ch',(D) = (1 -a) x ch;(D+a x chy(i)

- a: is a random weighting parameter that normally takes its values in the interval [—0.5, 1.5]

[61].
¢) Mutation

At this stage, A gene may be replaced by another within a chromosome randomly. a mutation

rate typically set between 0.001 and 0.01 (Probability of mutation P,,) [62].

Mutation
[r]rjofrjofofofr] ——~ |[1]1]ojofojojo]1]

Figure (I11.7) Gene mutation 1 to 0 (example).
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For example, as illustrated in Figure II1.7.a mutation occurred on the fourth gene of
chromosome, changing that gene from 1 to 0

I11-1-3. Flowchart of GA

The Genetic Algorithm procedure for searching the space of candidate solutions is as follows:
Procedure:

1. [Start] Generate random population of n chromosomes (suitable solutions for the problem).
2. [Fitness| Evaluate the fitness f(x) of each chromosome x in the population.

3. [New population] Create a new population by repeating following steps until the new
population is complete

a. [Selection] Select two parent chromosomes from a population according to their fitness (the
better fitness, the bigger chance to be selected).

b. [Crossover] With a crossover probability cross over the parents to form a new offspring
(children). If no crossover was performed, offspring is an exact copy of parents.

C. [Mutation] With a mutation probability mutate new offspring at each locus (position in
chromosome).

d. [Accepting] Place new offspring in a new population.
4. [Replace] Use new generated population for a further run of algorithm.

5. [ Test] If the end condition is satisfied, stop, and return the best solution in current
population.

6. [Loop] Go to step 2.[57]
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Population Initialization

¥

Fitness Calculation

v

Crossover

Until {
Termihation

Criteria geached

Mutation

v

Survivor Selection

v

Terminate and Return
Best Results

Figure (II1.8) Flowchart of GA System

I11-1-4. Strengths & Weaknesses

Strengths
A number of advantages made GAs to be applicable in multiple areas

e Having a satisfactory answer for the problems, which improves with time
e Works best in cases of large search space area possessing multiple parameters into it.
e Aims at delivering best solutions instead of a single solution

¢ Enhancing both continuous as well as distinct functions along with multi-purpose
problems [59]

Weaknesses

e Can take long time to convergence
e No guarantee of finding global maxima [63].

II-2. Grey Wolf Optimizer (GWO)
III-2-1. Inspiration

In 2014, Seyedali Mirjalili and colleagues proposed the Grey Wolf Optimization (GWO)
algorithm technique, inspired by the natural hunting strategies and social leadership hierarchy
of grey wolves (Canis lupus). These grey wolves belong to the Canidae family, are regarded as

apex predators [64].
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Typically, grey wolves prefer to live in groups, with pack sizes ranging from 5 to 12 members.
Interestingly, they follow a strict hierarchical social structure, as illustrated in Fig. (II1.9) [65].
They categorize themselves into four groups: alpha wolf («) the first level, beta wolf () in the
second level, delta wolf (&) represents the third level, then comes omega wolf (w) in the lowest

position:

Figure (I11.9) Social Dominant Hierarchy of Grey Wolves.

The leader alpha (male or female) assumes leadership by making key decisions and maintaining
order, though not necessarily being the strongest. The beta wolves serve as second in command,
advising and helping alpha wolves to make a decision. Delta wolves are subordinates who assist
the alphas and betas in a variety of roles, including scouts (watching the territory and warning
the pack in case of danger), hunters, and sentinels, caretaker (caring the weak, ill, and wounded
wolves). The omega wolf occupy the lowest in rank, plays a pivotal role in relieving stress for
the pack by doing their responsibilities. This wolf frequently submits to the dominance of other
wolves, they are the last wolves that are allowed to eat. on occasion, the omega assumes the

role of scapegoat, also guarding young wolves [65, 66].

Hunting is significantly aided by using the alpha, beta, and delta wolves. They are the most
effective wolves. These three wolves are totally accountable for tracking, pursuing,
surrounding, and attacking the prey, as demonstrated in Figure I11.10. The three principal stages

of the grey wolf hunting mechanism are listed as follows:

e Tracking, chasing, and getting close to the prey
e Pursuing, encircling, and harassing the prey until it stops moving

e Attacking the target Prey [64]
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Figure (II1.10) Hunting behaviour of grey wolves: (A) chasing, approaching,
and tracking prey (B-D) pursuiting, harassing, and encircling (E) stationary [1]

I11-2-2. Mathematical Model and Algorithm

This part will talk about social hierarchy, and also explaining the behaviors of tracking,

encircling, and attacking, and searching the prey mathematically:
I11-2-2-1. Social hierarchy:

When designing the social hierarchy of wolves in Grey Wolf Optimization, we consider:

o The fittest solution as the alpha (a)
o The second best solution is the beta ()
o The third best solution as delta (J)

And the remaining candidate solutions are assumed to be omega (w), which the rest of these

wolves follow the guides of the hunting (optimization) («), (), (d) [1].
II1-2-2-2. Encircling prey:

Wolves surround their target, and this encircling behavior can be modeled mathematically

using equations (II1.3) and (II1.4) [67]:
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—

D =|C.Xp(t) - X(t)| (I11.3)

X(t+1) = X,(t) —A.D (IIL.4)

The distance between the prey and the wolf here is D. X, is the position vector of the prey,
and X implies the position vector of a grey wolf. [64] ¢ indicates the current iteration number
and T incidate the total iterations. 4 and C are random (coefficient) vectors that are determined

in Equations. (I11.5) and (II1.6).

A=2a.7 3 (11L.5)

C=2x7 (I1L.6)
t

a=2-2x% (T) (I11.7)

The random vectors in the range of [0, 1] are »; and 2. Vector a regulates the GWO
algorithm phenomenon for approaching the solution (prey) by decreasing it and is used as a
foundation for 4 computations, 4 € [-a, a]. Vector a is linearly decreased from 2 to 0 over the
course of iterations [1, 68].

I11-2-2-3. Hunting:
The pack updates its positions according to the optimal positions of the three wolves,

a’ "B’ and " 0" (saving first best three solutions [1] ), as shown in Figure I11.11. They believe

that a, 5, 0 have more information about the location of the prey. This updating is articulated in

the following equations [64, 68]:

D,=|C/.X,-X| Dy=|C;. X;-X|, D;=|C5 . X;-X| (IIL8)
5()1 :5()0{ —1—4)1 -(Ba): 5()2 :5()/3 -22 (B/}), 5)(3 :X;; -;1)3 (ﬁg) (IH9)

X, +X,+X II1.10
R = A ”;2 M (10

In this context, 4;, A2, and A3 are like A. while, C;, C>, and C3 are random vectors with values
between 0 and 1. Finally, X7, X2, and X; represent the positions of the alpha, beta, and delta

wolves, respectively.

55



CHAPTERIII The Meta-heuristics

- =

-~ -
———

Estimated position™s
P S ~. theprey wolf

other wolves

T i

- -
-

Figure (I1L. 11) Position update of wolf groups in GWO algorithm (2]

I11-2-2-4. Exploitation (Attacking the prey) and exploration (searching the prey) phase:

In the above equations, vectors 4 and C control exploitation and exploration in each iteration.
When 4 and C are less than 1, the wolves focus on attacking prey, representing the exploitation

phase. When 4 and C are greater than or equal to 1, the wolves explore more areas of the search
space, representing the exploration phase [64]. Figure III.12 (a) shows that when |A| <1, the

wolves move to attack the prey.
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3

(a) (b)

Figure (I11. 12) Attacking prey versus searching for prey
II1-2-3. Flowchart of Grey Wolf Algorithm

Initialize population of GW

X (i=1, 2, 3...n)

And parameters a, A, C Update the Position of each wolf” |4

. I

Calculate the fitness for

Update a, A and C
each wolf”

Calculate the fitness for all wolves
Set the X, Xp Xs& as the best, the second
and the third best wolf respectively

t=t+1

Is 1=Max number
of Iterations?

YES

Stop and Ouput the optimal

solution

Figure (I11.13) Flowchart of the grey wolf optimization algorithm [1, 69, 70]

I1I-2-4. Strengths & Weaknesses

Strengths



CHAPTERIII The Meta-heuristics

e Fewer parameters
e Implementing easily

e Simple principles

Weaknesses
e Slow convergence speed
e Easy to fall into the local optimum

e Low solution accuracy [71]

III-3. Tunicate Swarm Algorithm
ITI-3-1. Inspiration

The Tunicate Swarm Algorithm (TSA) is a recently developed swarm-based metaheuristic
inspired by the collective navigation and foraging behavior of tunicates. The TSA was first
introduced in 2020 by S. Kaur, L.K. Awasthi, and G. Dhiman. The objective behind its
development was to address nonlinear constrained optimization problems Its effectiveness has
been validated through extensive testing on 74 benchmark functions encompassing a variety of

problem types [72].

Tunicates, also known as sea squirts, are a group of marine animals that spend most of their
lives connected to docks, rocks or the undersides of boats. The name, "tunicate" comes from
the firm, but flexible body covering, referred to as a tunic. They have the form of'a small barrel,
and have two openings, known as siphons, enabling water to circulation through them so that
they can feed on planktons. The tunicate moves via the ocean by using jet propulsion, this is

achieved by expelling water through their siphons [73].

On the other hand, each tunicate is cylindrical in shape and has a gelatinous tunic that assists
in connecting all the other tunicates. However, the TSA was inspired by two distinct behavioral
patterns of tunicates in the deep sea: jet propulsion and swarm intelligence for locating the food
source (the optimal solution) [73]. Furthermore, jet propulsion is the propulsion of something
in one direction, produced by ejecting a jet of fluid in the obverse direction. Also in fact, Swarm
intelligence relies on the collective behavior between individuals of the swarm [72]. As

illustrated in Figures. I11.14 and 15, respectively the visual representation of these patterns
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Jet propulsion

(a) (b)

Figure (I11. 14) Jet propulsion behavior of tunicates.
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Figure (I11. 15) Swarming behavior of tunicates.

It is worth noting that, in order to find the optimal solution in the solution space the

algorithm is based on four conditions, which are:

* Avoiding Conflicts Between Tunicate Individuals.

* Moving in the Direction of the Best Neighbor.
» Movement Towards the Best Tunicate

» Swarm Intelligence [74, 75].

II1-3-2-1. Avoiding Conflicts Between Tunicate Individuals

Firstly, tunicates (search agents, tunicate individuals) prevent conflicts between each other,

by using a control vector A. This vector calculates the position of new tunicates, as determined
in equation II1.16, also Figure (II1.4) illustrates how tunicate individuals avoid conflicts [76,
77]
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2—6 1111
= (1L.11)

Figure (I11.16) Conflict avoidance between search agents [75]

G=c,+c;-F (1IL.12)

F=2xc (II.13)

1

Notably, G is the gravity force, Frepresents the water flow advection in the deep ocean. ci, c2,

and c3 are the variables in the range of [0, 1]. M refers to the social forces between the search

agents by the equation as follows:

M: [Pmin+ ¢1 % Prax = Prin ] (11114)

Where, Ppin and Pnax are the initial speed and inferior speed to make social communication. In

this algorithm, the values of Pui» and Puax are set to 1 and 4, respectively [78].

I11-3-2-2. Moving in the Direction of the Best Neighbor

After avoiding search conflicts among tunicate agents (search individuals), each individual

in the population moves toward its best-performing neighbor, as illustrated in Figure I11.17. This

behavior can be formalized as [75]:

PD = | ES - rand x ﬁp(x)l (I1L.15)

60



CHAPTERIII The Meta-heuristics

Figure (II1.17) Search agent’s movement towards the best neighbor.

As well PD denotes the distance between the food source and the tunicate individual, FS is the

location of the food source, _ﬁp(x) is the current location (position) of the tunicate individual, x
is the number of current iterations, and random number between [0, 1] is denoted by rand, rand

€ [0,1] [75].
III-3-2-3. Movement Towards the Best Tunicate

After determining the distance between the food source and a tunicate individual, the
tunicates, as illustrated in Fig. (III.18), move toward the current best tunicate individual

according to Equation (I11.16) [74].

ES+A xPD, ifrand>0.5

P,(x) = o
»() FS-A xPD, ifrand < 0.5

(I1.16)

- Where ﬁp (x") is the position of tunicate after updating regarding the position of food source

FS [78]

Figure (I11.18) Converge towards best search agent position.
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I1I-3-2-4. Swarm Intelligence (Swarm Behavior)

In the swarm intelligence mechanism, the Tunicate Swarm Algorithm (TSA) retains the two
best solutions identified during the optimization process and updates the positions of the
remaining tunicates accordingly [25]. The following equation is an illustration of this behavior:

P,(0)+ Py(x)

- + _
Bl ==,

(IIL.17)

Where p= 1,2,...N, N is the population size of tunicates, ﬁp(x+1) is the updated position of
the current search individual, A(x) is the position of the preceding search individual, and A(x’)

is determined by Equation (I11.16) [56].

Pe(x + 1) Pe(x + 2)

Figure (II1.19) 3D tunicate position.

As demonstrated in Figure (II1.19), the positions of the search agents are updated based on the
location of the vector F»(x). And Tunicate position specifies an arbitrary location within a cone-

shaped structure for the final position [76].

II1-3-2-5. Time Complexity of TSA

Assuming the size of the Tunicate swarm is N, the dimension size of the problem is D, and the

maximum iteration is T. The main steps in TSA are as follows.

* Tunicate swarm initialization: O (N x D).
» Computational complexity for avoiding conflicts: O(D).
» Computational complexity for moving towards the best neighbor: O (N x D).

» Computational complexity for moving towards the best tunicate: O (N x D).
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» Computational complexity of swarm intelligence phase: O(N).

In summary, the computational complexity of the Tunicate Swarm Algorithm (TSA) is

expressed in this following Equation [74]:

ON*xD+Tx(D+NxD+NxD+N)) = O(T*xNxD) (111.18)

- This means that the time increases linearly with each of the following: the number of
iterations 7, the number of individuals N, and the problem dimension D, and the number of
behavioral operations. which makes it applicable over a wide range. However, it requires
increasing computations in cases with high-dimensional problems or when using large

Swarms.

Iteration=1 Iteration=3 Ireration=3 lteration=7

Iteration=9 Iteration=135

T T

Figure (I11.20) Jet propulsion and swarm behaviors of tunicate in two-dimensional
environment

II1-3-3. TSA Algorithm

In summary, the flowchart of TSA, and its pseudocode as presented in Algorithm 1.

II1-3-3-1. Pseudo-code
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Algorithm 1 Tunicate Swarm Algorithm

e O B s e

10

11:
12
1%
14

1k
16:
17
18:
1%

SRBEBEREE

EgrgeEggl

Input: Tunicate population P,
Output: Optimal fitness value FS

procedure TSA
: Initialize the parameters A,G. F. M, and Max; .
Set B, — |
Set B, —4
Set Swarm 0
while (x < Mav,, ... ) do
fori —1to2do  /* Looping for compute swarm behavior */
FS ~ComputeFitness(P,)  /* Calculate the fitness values of each search agent using ComputeFitness function*/

#* Jet propulsion behavior */

£].02:€3, Fang +— Rand() /* Rand() is a function to generate the random number in range [0, 1] */
o Pt 1% Pa P

Fe2xg

G+~ eyt — F

A~G/IM

PD — ABS(FS = r % P,lx))
/* Swarm behavior */
if(r .,y < 0.5) then
Swarm — Swarm+ FS + A% PD
else
Swarm — Swarm + FS — A% PD
end if
end for
PP_(:H — Swarm{(2+¢))
Swarm — 0
Update the parameters 4.G, F, and M
xe=x+1
end while
return FS
end procedure

procedure CompureFrmess( F;P)

fori— 1tondo  /* Here, nrepresents the dimension of a given problem */

FITP|J'| — FJ']'m'.\'sFum‘J’iLrntPP[E. H) /* Calculate the fimess of each individual */

end for

FIT, < BEST(FIT,[]) /* Calculate the best fimess value using BEST function */
return FIT,,

il

end procedure

procedure BEST(FIT,)
Best — FITP[O]
fori— 1tondo
if(FfTJ,lIl < Best) then
Best — FIT?|E|
end if
end for

. return Best /* Return the best fimess value */
: end procedure

III-3-3-2. Flowchart

As illustrated in figure (I11.21), the flowchart of the proposed algorithm, which showing the

steps of TSA:
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Figure (I11.21) Flowchart of the proposed TSA algorithm.
II1-3-4. Variants of Tunicate Swarm Algorithm
Due to its extensive application in addressing optimization problems of various sizes and
complexities across multiple domains, TSA has been modified or hybridized to navigate the

challenging search spaces of real-world optimization issues effectively. A multi-objective

version of TSA has been developed also to address problems with multiple objectives [74].
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Multi-objective
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Original
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Figure (I11.22) Percentage of applying TSA variants in diverse domains

II1-3-5. Strengths of the Tunicate Swarm Algorithm

e Simplicity & Few Parameters: TSA requires only population size, iteration count, and a
handful of coefficients, making it easy to configure and tune compared to many
metaheuristics SpringerLink.

¢ Robust Benchmark Performance: Extensive testing on 74 standard functions (unimodal,
multimodal, composite, CEC-2015/2017) shows TSA often ranks among the top two
algorithms in mean best-fitness and stability ScienceDirect.

e Real-World Applicability: TSA has been successfully applied to six constrained and one
unconstrained engineering design problems (e.g., pressure vessel, spring, beam, gear train),
consistently finding feasible or superior solutions under complex constraints

ScienceDirect.

II1-3-6. Applications of Tunicate Swarm Algorithm (TSA)

1. Optimization of PEMFC Model Parameters (Power & Energy)

Menesy et al. applied TSA to extract optimal parameters of Proton Exchange Membrane
Fuel Cell (PEMFC) mathematical models across three different stack types. By fitting the
model to experimental polarization curves, TSA reliably identified parameter sets under
varying operating conditions, demonstrating superior stability and precision compared to

other metaheuristic.
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2.

Energy-Centric Routing in Mobile Ad Hoc Networks (Networks)
Sudha et al. developed an Energy-Centric TSA (ECTSA) for sustainable multipath routing
in MANETs. ECTSA selects routes by optimizing a cross-layer objective-minimizing total
energy consumption while satisfying delay constraints—thus significantly prolonging
network lifetime and improving overall throughput compared to traditional AODV-based
approaches

3D Dental Image Segmentation & Classification (Medical Imaging)
Awari et al. proposed 3DDISC-DLTSA, a deep-learning pipeline for automatic tooth
segmentation and classification within 3D CAD models. TSA optimizes the
hyperparameters of DenseNet-169 feature extractors and U-Net segmenters, achieving
segmentation accuracies of 96.67% on one dataset and 97.48% on another—outperforming
state-of-the-art CNN-only baselines [74]

Also, its efficiency in application is confirmed by solving some constrained and
unconstrained engineering design problems such as pressure vessel, welded beam, speed
reducer, 25-bar truss, tension/compression spring, displacement of loaded structure and

rolling element bearing [72].

I11-3-7. Conclusion

In this chapter, an overview of optimization and its various approaches is provided, with a

particular focus on metaheuristic algorithms. Among the different categories discussed, we

highlighted three specific methods: Genetic Algorithm (GA), Grey Wolf Optimizer (GWO), and

the Tunicate Swarm Algorithm (TSA). A particular focus was allocated to TSA, a novel

algorithmic framework inspired by the collective behavior of tunicates. In the subsequent

chapter, the results of the simulation will be presented, and a comparative analysis of TSA will

be conducted against other state-of-the-art optimization techniques across different test systems.

67



CHAPTER IV




CHAPTER IV Simulation Results and Analysis

CHAPITER 4

Simulation Results and Analysis

This chapter covers results tests of the introduced algorithm TSA and comparisons with

other new algorithms in power systems.

IV-1. Simulation results and discussions

To evaluate the proposed TSA for the ORPD problem, two standard test systems are
considered which are IEEE 30 bus, IEEE 57 bus. The mono-objective optimization aims to
minimize total active power losses (Pioss), total voltage deviation (TVD). The test-system
parameters are listed in Table IV.1. Simulations were carried out in MATLAB 2022b computing
environment and applied on 3.20 GHz Pentium IV personal computer with 8GB RAM. The
population size (Np), the maximum number of iterations (Max _iteration), and penalty factors
4, ,4,. for each test power system appear in Table IV.2. The optimal solution achieved by the

algorithm (TSA) is selected for the best solution over thirty runs independently executed.

Tableau 1V.1 Description of test power systems.

Description IEEE 30 bus IEEE 57 bus
Number of control variables 19 25
Number of Generators 6 7
Number of Taps 4 15
Number of Q-shunt 9 3
Equality constraints 60 114
Inequality constraints 125 245
Discrete variables 13 18
Ploss (MW) 4.6725 22.6222
TVD (pu) 0.0976 0.7403
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Tableau 1V.2 Description of Control variables and their values limits

Limits
Control variables
Minimum Maximum
Generator voltage V, (pu) 0.95 1.1
Transformer tap ratio T (pu) 0.9 1.1
Capacitor banks Q. (MVAR) 0 5000

Tableau 1V.3 Control parameter settings of TSA algorithm for test power systems

Algorithm TSA

Parameters Ay Ag N Max_iteration or MaxCycle
IEEE 30 bus 0.2 0.2 80 150

IEEE 57 bus 10 5) 150 300

IV-2. IEEE 30 bus System

The first test system considered for the ORPD problem is the IEEE 30-bus network. It comprises
19 control variables: six generator voltage magnitudes at buses 1, 2, 5, 8, 11, and 13; four
transformer tap settings on branches 6-9, 6-10, 4-12, and 28-27; and nine shunt capacitor
reactive power injections at buses 10, 12, 15, 17, 20, 21, 23, 24, and 29. All network data and
control-variable limits are detailed in [79], and the total real power demand is 2.834 pu on a
100 MVA base.

69



CHAPTER IV Simulation Results and Analysis

Figure IV.1 Single line diagram of IEEE 30 bus power system

IV-2-1. Active Power Losses Minimization for IEEE 30 Bus System

In this case, Pioss 1s selected as an objective function to minimize and the best control variables
resulting from TSA computing code running are shown in Table IV.3. The results established
after the simulation phase, by applying the TSA method are compared with those of other
available methods as PDO[8], RSO[8], BWO[80], GJSO[81], CTFWO[82]. The minimum
obtained Pioss from the TSA algorithm is 4.6725 MW and it is less by 0.167 MW (3.57%) than
PDO, which gives 4.8395 MW. A statistical comparison is performed based on Table 1V.4
proving the capability of TSA to overcome other optimization techniques reported in the same
table. The convergence curve for TSA method are illustrated in Figure IV.2, which had a stable
convergence trend without significant oscillations demonstrates the robustness and reliability
of TSA. From figure IV.3, it is observed that all the bus voltages optimized by TSA are within
the limits of 1.028 p.u. to 1.1 p.u.
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4.6

Simulation Results and Analysis

50

Iteration

100

150

Figure 1IV.2 Convergence curve for Active Power Losses of IEEE 30 Bus System

Table 1V.3 Simulation results using TSA and other optimization techniques for Ploss minimization

IEEE 30 bus.
Control variables TSA PDO[] RSO[8] BWO[80] GJSO[8l] CT[g;’]V O
Generator voltage (pu)
V1 1.1000 1.0736 1.0912 1.1 1.0727 1.0713
V2 1.0923 1.0638 1.0858 1.0885 1.0631 1.0621
Vs 1.0729 1.0396 1.0737 1.1 1.0410 1.0397
Vs 1.0738 1.0411 1.0387 1.0722 1.0417 1.0399
Vi 1.1000 1.0986 1.0431 1.1 1.0300 1.0318
Viz 1.1000 1.0941 1.0954 1.0851 1.0573 1.0623
Transformer tap ratio (pu)
T6—9 1.0481 0.9938 0.9620 1.1 0.9855 1.0134
T6—-10 0.9639 0.9663 0.9688 0.9938 0.9882 0.9003
T4-12. 1.0290 0.9831 1.0364 1.1 0.9700 0.9835
T28-27 0.9859 0.9541 0.9883 1.0195 0.9989 0.9871
Capacitor banks (MVAR)
Qc-10 0.1547 5.0000 3.8403 0.5 4.0683 0.0051
Qc-12 0.5189 5.0000 2.9197 0.5 0.6060 0
Qc-15 0.2840 0.0000 1.0707 0.5 1.3890 1.8709
Qc-17 3.2127 5.0000 0.7608 0.5 0.9269 0.7921
QCc—20 4.5097 0.0000 0.9202 0.5 1.9208 4.9785
Qc-21 4.3568 5.0000 3.4040 0.5 3.1220 2.3600
Qc-23 2.2588 4.0628 4.9810 0.5 1.0749 0.0028
Qc—24 0.5718 5.0000 3.5091 0.5 4.8484 3.7161
QCc—29 1.7683 0.0000 3.6373 0.18 1.9181 0
Power Losses (MW) 4.6725 4.8395 5.1328 4.7831 4.9450 4.9448
TVD (pu) 1.2666 1.2663 1.0240 0.9920 - -
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Table 1V.4 Comparison of minimum real power losses for different methods for IEEE

30 bus system.
Algorithms Ploss MW Algorithms Ploss MW

TSA 4.6725 IMPAPSOI83] 5.0751
PDOI8] 4.8395 PSOGWO[84] 5.0903
RSO[8] 5.1328 OGWO|[85] 6.99
BWOI[80] 4.7831 ICOA[86] 4.7037
GJSOI[81] 4.9450 AHA[87] 5.1461
CTFWOQOI[82] 4.9448 EO[81] 4.9451

IV-2-2. Total Voltage Deviation Minimization for IEEE 30 bus System

In this subsection, Total Voltage Deviation (TVD) is selected as the objective function to be
minimized for the IEEE 30-bus test network. Table IV.5 presents a comprehensive compilation
of the optimal TVD values achieved by the proposed TSA algorithm, alongside derived from
the comparative methods of RSO [1], GJSO [3], GOA [10], AVOA [1], and SPO [1]. As
illustrated in Table IV.6, a more clear presentation of the values of the algorithms is provided
and more other algorithms to compare with. Where The TSA achieves the lowest TVD 0f0.0976
pu, representing a notable improvement of (5.53%) over the obtained result of 0.1030 pu from

AVOA [10]. It also demonstrated superior performance in comparison with the GOA algorithm
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of 0.098 pu. As illustrated in Figure IV.4, the convergence curve of the TSA for TVD
minimization demonstrates a rapid progression toward the global optimum. As illustrated in
Figure IV.5, under the TVD objective, bus voltages demonstrate a tight clustering around 1.0

pu, predominantly ranging from 0.99 to 1.02 pu. This observation signifies the presence of

stable control across the network.

Simulation Results and Analysis

Table 1V.5 Simulation results using TSA and other optimization techniques for TVD
minimization IEEE 30 bus.

GJSO

GOA

Control variables TSA RSO[8] [81] [88] AVOA[8] SPOI8]
Generator voltage (pu)

V1 1.0168 1.0498 1.0161 1.012 1.0088 1.0376

V> 1.0146 1.0369 1.0190 1.011 1.0037 1.0403

Vs 1.0182 1.0104 1.0194 1.021 1.0184 1.0258

Vs 1.0097 0.9851 0.9979 1.012 0.9996 0.9943

Vi 1.0349 0.9751 0.9865 1.013 1.0873 0.9928

Viz 1.0079 1.0925 1.0235 1.001 1.0051 1.0011
Transformer tap ratio (pu)

Teo 1.0434 1.0513 1.0152  0.989 1.0907 0.9974

Te-10 0.9152 0.9279 0.9100  0.924 0.9193 0.9000

Ty, 0.9807 1.0127 0.9704  0.967 0.9742 0.9398

Tas o7 0.9539 0.9260 0.9665 1.079 0.9653 0.9393
Capacitor banks (MVAR)

Qc-10 4.6808 43980 4.0552 4.89 2.1842 2.3684

Qc12 0.4675 0.4297 2.0334 0 4.9947 1.2804

Qc-1s 5.0000 3.1278 2.0758 4.86 3.8551 1.2370

Qc-17 1.6357 3.8269 2.2702 5 4.6864 5.0000

Qc20 5.0000 45900 4.8561 5 4.9868 4.7469

Qc-21 4.7249 40292 4.2384 5 4.2678 3.4785

Qc23 5.0000 2.0630 3.3728 5 4.5073 4.2880

Qc24 5.0000 14681 2.7978  4.781 4.9998 0.0000

Qc29 1.0582 3.3382 26180  2.765 2.5337 1.8260

Power Losses (MW)  5.6609 5.7894 - - 5.7946 5.8151

TVD (PU) 0.0976 0.2936 0.1221  0.098 0.1030 0.1247
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Table 1IV.6 Comparison of minimum Total Voltage Deviation for different methods for

Simulation Results and Analysis

IEEE 30 bus system.
Algorithms TVD (pu) Algorithms TVD (pu)
TSA 0.0976 ROA[8] 0.1267
RSOI[8] 0.2936 SCA[80] 0.1845
GJSO[81] 0.1221 PDOI8] 0.1410
AVOA[8] 0.1030 EO[81] 0.1234
GOA|[88] 0.098 IMPAPSO[89] 0.2487
SPO[8] 0.1247 GWO-PSO[84] 0.2780
0.5 : ;
TVD
0.45 i
0.4 ]
0.35 -
g 0.3 -
a
> 0.25 | ]
[
0.2 .
0.15 - ]
0.1 .
0.05 ' :
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iteration
Figure IV.4 Convergence curve for total voltage deviation of IEEE 30 Bus System

Table IV.7 Reactive power of generation in Ploss & TVD according to their min & max permissible limits

for IEEE 30 Bus
PV Bus Qmin Qmax Qg (Pioss) Qg (TVD)
MVAR MVAR MVAR MVAR
1 -20 200 -1.3832 -15.6170
2 -20 100 18.9423 13.0482
5 -15 80 28.2518 49.4877
8 -15 60 37.4255 56.3001
11 -10 50 22.4908 16.6787
13 -15 60 25.988 0.6020
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Figure IV.5 Bus Voltage Profile for TVD IEEE 30 power System

As illustrated in Figure IV.6, the reactive-power limits of each PV bus are overlaid with the
actual injections determined by TSA for two objectives: Ploss (gray) and TVD (gold). A
synthesis of salient points is as follows:

- All the generated reactive power of two objectives active power losses ‘Qg(Pioss)” and total
voltage deviation ‘Q¢(TVD)’ values remain strictly between their Qmin/Qmax (the maximum and
minimum generation of reactive power) bounds for every bus, confirming constraint
compliance.

- As demonstrated in Figure IV.6, the gray Pioss curve indicates relatively modest injections at
the majority of buses. For instance, the injection at Bus 1 is approximately —1.4 MVAR, and the
injection at Bus 2 is approximately 18.9 MVAR. These injections focus support where it is most
effective in reducing I°R losses without exceeding the limits of the voltage-controlled bus (PV
bus).

- The gold curve, representing Qg of TVD (reactive power generation for total voltage
deviation), demonstrates that Buses 5 and 8 provide relatively high reactive-power injections
of approximately 49.5 MVAR and 56.3 MVAR, respectively. While these values approximate
the maximum limits, they remain well within the permissible Qg ranges defined for generator

buses in Table IV.7.
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Ploss & TVD Curves in IEEE 30 Bus

250
200
150
100
50 /»—‘—\
0 —

11

-50

Qmin Qmax Qg(Ploss) Qg(TVD)

Figure IV.6 Reactive of generation curves of Piss & TVD for IEEE 30

IV-3. IEEE 57 bus system

Figure IV.7 Single line diagram of IEEE 57 bus test system
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The IEEE 57-bus system comprises 80 transmission lines and seven generators located at
buses 1, 2, 3, 6, 8, 9, 12, and 15 branches under the transformer. Reactive shunt compensation
is modeled at buses 18, 25, and 53. The total system demand is 12.508+)3.36412.508 pu on a
100 MVA base. the limits of the control variables are specified in [90].

IV-3-1. Active Power Losses Minimization for IEEE 57 bus System

For the IEEE 57-bus test system, the proposed TSA minimizes active transmission losses
by optimally adjusting all control variables. Table IV.8 summarizes the optimal objective value
and corresponding control settings obtained via TSA. A comparative analysis against GSA [14],
MFOA[15], and MVMO [16] demonstrates that TSA achieves the lowest losses (22.6222 MW),
outperforming these methods and confirming its superior robustness. In particular, TSA delivers
a 7.54 % reduction in losses relative to the best MVMO result. Table IV.9 demonstrates the
results achieved in the same literature and the comparison with the TSA method. Figure 1V.8
represents the convergence graph arising from TSA, it achieves a rapid improvement in the
early iterations, gradually refines the solution, and stabilizes around 22.62 MW, demonstrating
fast and stable convergence. This confirms the algorithm’s robustness and efficiency in finding
an optimal solution. Figure IV.9 shows the voltage profile for TSA method, when the optimal
solution is reached for the current test system, noting that the voltage amplitude on all buses is

within its allowed range with no violations beyond the allowed limits.

Table 1V.8 Comparison of simulation results for Ploss minimization in

case of IEEE 57 bus system.

Control variables TSA GSA[9]1] MFOA — MVMO

[92] [93]
Generator voltage (pu)
V1 1.1000 1.0600 1.0600 1.0594
V2 1.0884 1.0582  1.0600 1.0517
V3 1.0779 1.0462  1.0600 1.038
Ve 1.0731 1.0391  1.0600 1.0352
Vs 1.0975 1.0600 1.0600 1.0545
Vo 1.0653 1.0432  1.0600 1.0336
Vi 1.0697 1.0379  1.0600 1.0347
Transformer tap ratio (pu)
Ts18 0.9819 0.9054  0.9000 1.042
Ts18 1.0395 0.9978  0.9000 0.909
To120 1.0328 1.0021  0.9000 1.033
Tos26 1.0039 1.0180  0.9000 1.018
T7 29 0.9771 0.9712  0.9000 0.939
Tasa 0.9161 0.9692  0.9000 0.976
Ty 0.9142 0.9683  0.9000 0.958
Ti545 0.9748 0.9717  0.9000 0.929
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Ti4 s 0.9565 0.9530  0.9000 0.917
Tios 0.9702 0.9691  0.9000 0.967
Ti3-49 0.9281 0.9242  0.9000 0.922
Tia 0.9695 1.0387  0.9000 0.924
Tao5 1.0001 1.0497  0.9000 1.06
Tag57 0.9396 1.0668  0.9000 0.959
Toss 0.9857 0.9807  0.9000 0.956
Capacitor banks (MVAR)
Qcuis 2.3528 0.1863 0 4.200
Qcoas 5.0000 4.0488 0 4.200
Qc-s3 1.7242 4.8099 0 4.900
Ploss MW 22.6222 24.4922 249314  24.3284
TVD (pu) 3.1584 - - 0
32 T T T T T
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Figure IV.8 Convergence curve for Active Power Losses of IEEE 57 Bus System

Table 1V.9 Comparison of minimum real power losses for different methods for IEEE 57

Algorithms Ploss MW Algorithms Ploss MW
TSA 22.6222 ISMA[94] 24.7079
MVMO[93] 24.3284 ICOA[86] 24.9062
MFOA[92] 24.9314 SCA[95] 24.05
GSA[91] 24.4922 BSO[96] 24.37
IALO[97] 23.5429 - -
mPFA[98] 22.9116 - -
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IV-3-2. TVD Minimization for IEEE 57 bus System

In this part, the proposed TSA algorithm is applied to minimize the Total Voltage Deviation
(TVD) of the IEEE 57-bus power system. Detailed results for each algorithm are provided in
Table V.10, while a simplified comparison is presented in Table I'V.11, including TSA and other
methods such as APOPSO [22] and FOA [15]. The TSA algorithm outperforms the others in
terms of TVD, achieving a 27.38% improvement compared to APOPSO [22]. As illustrated in
Figure IV.10, TVD dropped quickly from about 2.1 to 0.8 over the first 50 iterations, showing
strong global search capability. After that, the curve gently slopes down to 0.74pu by the time we

reach iteration 300, showing the stable convergence of this algorithm.

Table 1V.10 Comparison of simulation results for Ploss minimization

in case of IEEE 57 bus system.

Control variables TSA APOPSO[99] FOA[92]
Generator voltage (pu)
V1 0.9580 1.02 0.94
V2 0.9550 1.009 0.94
V3 1.0428 0.9771 0.94
Vs 0.9923 0.976 1.06
Vs 1.0310 1.044 0.94
Vo 1.0175 1.001 0.94
Vi 1.0321 1.012 1.06
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Transformer tap ratio (pu)

T41s 1.0035 0.998 1.1
Tys 0.9954 0.944 0.9
To1 00 0.9762 0.959 0.9
Tos 6 1.0484 0.980 1.1
T7 2 0.9533 0.968 0.9
Taa 0.9079 0.931 0.9
Tua 0.9128 0.922 0.9
Tis 45 0.9029 0.911 0.9
Tis s 1.0012 0.979 0.9
Tio5 1.0069 1.001 0.9429
Ti3 49 0.9082 0.882 0.9
Ti1 a3 0.9474 0.871 0.9
Ty 5 0.9945 0.966 0.9644
Ts 57 0.9411 0.951 0.9
To 55 0.9786 0.911 0.9
Capacitor banks (MVAR)
Qc s 0.2737 0.020 0.0800
Qc s 5.0000 0.097 0.1600
Qc 53 1.7031 0.042 0.200
Ploss (MW) 38.8629 23.989 -
TVD (pu) 0.7403 0.943 1.2191
2.2 T T T T T
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Figure IV.10 Total voltage deviation convergence curve for IEEE 57 Bus System
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Figure IV.11 Bus Voltage Profile for TVD IEEE 57 power System

Table 1V.11 Comparison of minimum voltage deviation for different methods for IEEE 57

Algorithms TVD (pu)
TSA 0.7403
APOPSO[99] 0.943
ICOA[86] 0.7436
FOA[92] 1.2191

Table IV.12 Reactive power of generation of Ploss & TVD according to their
min & max permissible limits for IEEE 57 Bus

PV Bus Qmin Qmax Qg (Ploss) Qg (TVD)
MVAR MVAR MVAR MVAR
1 -200 300 -13.9025 129.862
2 -17 50 44.395 20.14
3 -10 60 54.4903 46.65
6 -8 25 18.3036 10.71
8 -140 200 39.388 62.5153
9 -3 9 4.4673 6.12

12 -150 155 48.2798 133.95
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The entries of Table IV.12 in this regard illustrate the actual values of reactive power
generations for both active losses (grey), total voltage deviation (gold) and in MVAR of the
generating units versus the allowable limits, in which all generating reactive powers of both

objectives are within their limits as shown in Figure IV.12.

Ploss & TVD Curves in IEEE 57 Bus

400
300
200

100

-100
-200

-300

e=@==Qmin Qmax Qg(Ploss) Qg(TVD)

Figure IV.12 Reactive of generation curves of Pioss & TVD for IEEE 57

CONCLUSION

This chapter presented a comprehensive evaluation of the Tunicate Swarm Algorithm (TSA)
for solving the Optimal Reactive Power Dispatch (ORPD) problem on two standard IEEE test
systems: the 30-bus and 57-bus networks. The TSA was applied to two mono-objective
functions minimizing active power losses and minimizing total voltage deviation (TVD).
Simulation results demonstrated that TSA consistently outperformed several recent

metaheuristic algorithms in terms of solution quality, robustness, and convergence speed.
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General Conclusion

In this thesis, we conducted a comprehensive study on the optimal management of reactive
power in electrical power systems using modern metaheuristic techniques. We began by
exploring the structure and components of electrical networks, including transmission lines,
generators, transformers, and loads, with a focus on the role of power flow analysis in system
planning and secure operation.

We then examined classical power flow calculation methods such as Newton-Raphson,
Gauss-Seidel, and the Fast Decoupled method highlighting their strengths and limitations,
particularly their inefficiency in solving complex and non-linear optimization problems like
Optimal Reactive Power Dispatch (ORPD).

To address these limitations, we implemented metaheuristic techniques including Genetic
Algorithm (GA), Grey Wolf Optimizer (GWO), and the proposed Tunicate Swarm Algorithm
(TSA). These were applied and compared in terms of performance on IEEE 30-bus and 57-bus
test systems with objective functions including active power loss minimization and voltage
deviation reduction.

Simulation results demonstrated that the proposed TSA algorithm outperforms others in
terms of convergence speed and optimization accuracy, proving its efficiency in solving ORPD
problems.

In conclusion, the integration of computational intelligence and modern metaheuristic
algorithms presents a promising direction for enhancing the performance, efficiency, and
stability of electrical networks. Future work may focus on hybridizing these algorithms and
integrating forecasting models to address uncertainties in renewable energy sources and load
demands.
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