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Abstract

Management and Optimization of the Integration of Renewable Energy

Sources in Distribution Power Systems
Abstract

In recent years, the integration of Renewable Energy Sources (RESSs) into distribution networks
has significantly increased due to technological, financial, and ecological considerations.
However, challenges arise from the inherent fluctuations in the output powers of RESs,
particularly photovoltaic and wind turbine generators. This uncertainty necessitates careful
planning, considering load demand, energy pricing, and RESs output power variability. This
thesis proposes effective methodologies for determining optimal RESs sizes and locations
under both probabilistic and deterministic conditions, utilizing sophisticated optimization
techniques such as the Modified Walrus Optimization Algorithm (MWaOA) and the Standard
Walrus Optimization Algorithm (WaOA). Objective functions include improving voltage
profiles, reducing total power loss, minimizing costs, and enhancing system stability. The
likelihood of wind speed, solar irradiation, load demand, temperature, and network pricing is
estimated using the Weibull Probability Distribution Function (WPDF) and the normal PDF,
while Monte Carlo simulation techniques capture system uncertainty. Simulation results
demonstrate that optimal RESs allocation can lead to reduced overall costs, minimized power
losses, improved voltage profiles, and enhanced system stability. Additionally, the superiority
of MWaOA over WaOA in resolving RESs allocation problems is confirmed in both

deterministic and probabilistic scenarios.
Keywords

Renewable Energy Sources, Distribution Network, Improved Walrus Optimization Algorithm;

Optimal Operation, Cost Reduction, VVoltage Deviation, Voltage stability, Active Power Losses.



Résumé

Gestion et optimisation de I'intégration des sources d'énergie renouvelable

dans les réseaux de distribution électriques

Résumé

Ces derniéres années, l'intégration des Sources en Energie Renouvelable (RESs) dans les
réseaux de distribution a considérablement augmenté en raison de considérations
technologiques, financieres et écologiques. Cependant, des défis se posent en raison des
fluctuations inhérentes dans les puissances de sortie des RESs, en particulier des générateurs
photovoltaiques et éoliens. Cette incertitude nécessite une planification minutieuse, en tenant
compte de la demande de charge, de la tarification de I'énergie et de la variabilité de la puissance
de sortie des RESs. Cette these propose des méthodologies efficaces pour déterminer les tailles
et les emplacements optimaux des RESs dans des conditions probabilistes et déterministes, en
utilisant des techniques d'optimisation sophistiquées telles que I'algorithme d'optimisation du
morse modifié (MWaOA) et l'algorithme d'optimisation du morse standard (WaOA). Les
fonctions objectifs comprennent I'amélioration des profils de tension, la réduction de la perte
totale de puissance, la minimisation des codts et I'amélioration de la stabilité du systéme. La
probabilité de la vitesse du vent, de l'irradiation solaire, de la demande de charge, de la
température et de la tarification du réseau est estimée en utilisant la fonction de distribution de
probabilité de Weibull (PDF) et la PDF normale, tandis que les techniques de simulation de
Monte Carlo capturent l'incertitude du systéeme. Les résultats de la simulation montrent que
I'allocation optimale des RESs peut entrainer une réduction des codts globaux, des pertes de
puissance minimales, des profils de tension améliorés et une stabilité accrue du systeme. De
plus, la supériorité du MWaOA par rapport au WaOA dans la résolution des problemes

d'allocation des RESs est confirmée dans des scénarios déterministes et probabilistes.
Mots-clés

Sources d'énergie renouvelable, Réseau de distribution, Algorithme d'optimisation du morse
amélioré, Fonctionnement optimal, Réduction des codts, Déviation de tension, Stabilité de

tension, Minimisation des pertes de puissance active.
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General Introduction

General Introduction

The demand for electricity worldwide has evolved permanently and rapidly due to
population growth, economic activity development, household equipment rate evolution,
modernization, and improved quality of life, among other factors. The electricity sector in most
countries has undergone profound transformations [1]. The origins of these transformations lie
in the deregulation and privatization of the energy market, leading to a complete restructuring
of the electrical system. An electrical system can be divided into different phases, namely the
generation phase, transmission phase, and distribution phase. The distribution phase is
particularly significant as it represents the link between the transmission network and electricity
consumers. The Electric Distribution Network (EDN) operates at voltages below 50 kV and

features looped structures, albeit operated in an open-loop (radial configuration) [2, 3].

In recent years, researchers have paid particular attention to EDNs, which have become
increasingly important due to the introduction of new sources of production onto these grids.
These sources have endowed distribution networks with characteristics resembling those of
transmission networks. Consequently, many studies previously conducted on transmission
networks are now being applied to distribution networks. For example, optimal power flow
studies, static and dynamic stability analysis, optimal placement of Flexible AC Transmission
Systems (FACTS), optimization of reactive power flow using capacitor banks, load shedding
analysis, state estimation problems, voltage control coordination, turbine commitment issues,

and restoration problems are among the areas of research garnering significant interest [4].

The integration of decentralized production into EDNs aims to bring production closer to
consumption points, thereby reducing the load on the transmission network, decreasing power
transit through transmission lines, and consequently reducing energy costs. It also aims to
relieve transformers at the source substations, improve the security of the EDN, and allow it to
operate independently of the transmission network in case of contingencies. Integrating these
sources also eliminates the monopolization of production. With the liberalization of the
electricity market, this encourages competition among electricity producers, ensuring the

provision of better quality service and price reduction [5, 6].

Decentralized renewable energy-based production has garnered significant attention from
energy providers worldwide due to its benefits in preserving nature, reducing climate change

caused by fossil fuels, and minimizing the consumption of finite resources [5]. Additionally,
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the challenges associated with constructing overhead transmission lines or large power plants,
which require substantial investments and lengthy implementation times, give an advantage to
decentralized sources. These sources are easier to implement in a shorter timeframe and with

limited investment.

The integration of decentralized renewable energy productions into distribution networks
results in the electrical system behaving differently in terms of planning, design, operation, and
management. Specifically, distribution networks are traditionally designed to evacuate energy
by acting as passive systems (unidirectional electricity flow, from high voltage to low voltage).
However, the integration of decentralized sources transforms them into active networks capable
of participating in energy production (bidirectional electricity flow, from low voltage to high
voltage and vice versa) [4]. This transformation brings about a change in the direction of energy
flow along distribution lines, the possibility of exceeding voltage limits at injection points,
exceeding the thermal limits of lines, malfunctioning of protections, and other challenges [6].

The integration of renewable energies into existing grids presents significant challenges,
primarily due to the inherent uncertainty associated with these sources. Unlike conventional
power generation, which can be reliably scheduled and dispatched, renewable energy
generation depends on weather conditions such as sunlight, wind speed, and precipitation,
which are inherently unpredictable. This uncertainty introduces variability and intermittency
into the grid, making it difficult to ensure a stable and reliable power supply. Additionally, the
location of renewable energy sources may not always align with demand centers, leading to
transmission congestion and grid instability. Furthermore, the rapid growth of renewable energy
installations can outpace grid infrastructure upgrades, exacerbating these challenges.
Addressing these uncertainties requires advanced forecasting techniques, flexible grid
management strategies, and investments in grid modernization to accommodate the unique

characteristics of renewable energy generation.

The primary focus of this thesis is the advancement of EDN performance in the
availability of Renewable Energy Sources (RESs) through the application of new algorithms
and a novel objective function. Central to this endeavor is the utilization of a new algorithm
grounded in the Levy flight mechanism, aimed at striking an optimal balance between
exploration and exploitation to achieve targeted solutions effectively. A key aspect of this
research involves developing a methodology for the optimal integration of Distributed
Generation (DG), considering the hourly fluctuations in load demand and RESs sources.
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Specifically, two types of RESs, namely photovoltaic and wind, are scrutinized, accounting for
factors such as quantity, size, and power output characteristics. The integration process
leverages both new and established metaheuristic algorithms in conjunction with a bespoke
objective function, tailored to minimize power losses, enhance voltage profiles, and mitigate
overall system costs while adhering to specified constraints across distribution systems of
varied scales and complexities. Additionally, the study addresses the inherent uncertainty
associated with load demand, pricing, environmental factors (temperature, wind speed, solar
irradiance), and DG power output over a 24-hour period, offering insights into their collective
impact on network dynamics throughout the designated timeframe. Through this
comprehensive approach, the research aims to enhance the operational efficiency and resilience

of distribution networks amidst the growing adoption of renewable energy sources.
Our research work in this thesis is divided into four chapters.

The first chapter emphasizes the growing adoption of DG technologies, particularly those
based on renewable energy sources such as photovoltaics and wind turbines, reflecting a shift
towards sustainability driven by environmental concerns and economic incentives. This chapter
meticulously examines the impact of DG governance on distribution networks, focusing on its
contribution to network resilience and reliability. Through the utilization of mathematical
models, it delves into the intricate dynamics of DG systems, providing insights into their
operation, optimization, and integration within contemporary energy networks. Additionally,
the chapter reviews techniques for improving the status of DG, highlighting their profound
implications for modern energy systems. Furthermore, the chapter discusses energy flow in

distribution networks.

In chapter 2, we discussed models for managing parameter uncertainty in modern power
systems, focusing on load demand, renewable generation, and electricity prices. We explored
various methods, including probabilistic, possibilistic, and hybrid approaches, alongside robust
optimization and interval analysis. Monte Carlo simulation emerged as a key technique,
demonstrating practical significance in generating hourly scenarios for critical parameters.
Additionally, we emphasized scenario-based reduction to enhance computational efficiency
while maintaining accuracy. By introducing tools like probability distribution and optimal
hourly scenarios, we underscored their value in assessing scenario likelihoods and identifying

optimal conditions.
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In chapter 3, we offer an overview of optimization techniques, discussing various state-
of-the-art algorithms and their applications in solving optimization problems. Additionally, we
introduce the Modified Walrus Optimization Algorithm (MWaOA), which integrates Levy
flight to improve the solution search performance of the standard Walrus Optimization
Algorithm (WAOA) method . The algorithm's performance is then evaluated across 23

benchmark functions and compared with several other state-of-the-art optimization algorithms.

Chapter 4 is dedicated to presenting findings and discussions regarding single- and multi-
objective planning for the general manager. This chapter is divided into two parts. In the first
part, we conduct a case study of a system operating in the absence of uncertainty, specifically
examining a 24-hour period. Here, we explore the advantages of employing the Modified
Walrus Optimization Algorithm (MWaOA) method over the traditional Walrus Optimization
Algorithm (WaOA) in optimizing both single-objective and multi-objective functions. In the
second part, we delve into a case study focusing on a specific system operating under conditions
of uncertainty. Our analysis centers on a multi-objective function comprising key variables such
as expected power losses, voltage deviation index, voltage stability index, and total annual
expected cost. Specifically, we select the 12:00 PM hour as our focal point and conduct our
investigation across 25 distinct scenarios. This deliberate choice allows us to probe the system's
response to variable factors during a critical period of operation. The effectiveness of the
methods presented in this chapter is evaluated through testing on various scenarios, including
standard IEEE distribution networks like IEEE 33-Bus and IEEE 69-Bus.

Finally, we conclude our thesis with a summary and an exploration of future perspectives.
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1.1. Introduction

The burgeoning adoption of distributed generation technologies within distribution
networks serves as a tangible reflection of the remarkable advancements witnessed in renewable
energy sources. This trend underscores a profound shift towards sustainability, driven by
growing environmental consciousness and a concerted effort to mitigate the adverse effects of
traditional energy generation on our planet. Moreover, the rapid proliferation of DG
technologies is buoyed by compelling economic incentives, as stakeholders increasingly
recognize the long-term cost savings and potential revenue streams afforded by decentralized
energy production. As DG systems become increasingly integrated into distribution networks,
they not only offer a pathway towards energy independence but also contribute significantly to
enhancing grid resilience and reliability in the face of evolving energy landscapes and emerging

challenges.

This chapter embarks on a thorough examination of DG, with a specific focus on
renewable energy sources such as photovoltaics and wind turbines. Through the utilization of
mathematical models, intricate electrical dynamics inherent within these systems are
meticulously unraveled and analyzed. These models serve as indispensable tools, providing
insights into the complex interplay of variables and parameters governing the performance,
efficiency, and integration of DG units within contemporary energy networks. By delving into
the intricacies of these mathematical frameworks, this exploration aims to elucidate the
underlying principles and mechanisms driving the operation and optimization of renewable
energy-based DG systems, thereby offering valuable insights for researchers, engineers, and
practitioners in the field. As we delve into integration, we analyze impacts on power dynamics,
voltage profiles, stability, costs, and emissions. The chapter culminates in a literature review of
optimization techniques for DG placement. Analyzing power flow utilizing the
Forward/Backward Sweep method in the presence of distributed generation offers a nuanced
perspective for comprehending the profound implications of DG on modern networks, shedding

light on its intricate role within contemporary power systems.
1.2. Distributed generation technologies

Distributed generation technologies can be categorized into conventional and renewable

DG technologies. The conventional DG technologies such as fossil fuel-based generators, have
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been widely deployed in distribution systems as backup generation or cogeneration without
significant interaction with distribution networks. In recent years, the technological
development in different fossil fuel-based DG technologies and distribution system automation
has made DG one of the attractive options for distribution system reinforcement. On the other
hand, the renewable DG technologies, such as wind generators, solar photovoltaics, clean-fuel
based generators, are also seen to be increasingly employed in distribution networks due to
environmental concerns and associated incentives. Different from fossil fuel-bassed DG
technologies, which are capable of power output control, the power generation by renewable
DG technologies is non-controllable.

A capacity factor, defined as a ratio of the average power output to the rated power output,
is normally used to determine the equivalent generation capacity for renewable DG units. The
capacity factor of renewable DG units is influenced by the availability of primary energy
sources, such as wind and solar radiation, and is an important factor in selecting potential sites
for these generators during the planning stage [7]. The power delivered by Distributed
Generators can range from a few watts to several megawatts.Table 1.1 provides a classification

based on the power range [8].

Table 1.1: Classification of distributed generators by power range

Categories Power Range
Micro DG ~1Wto <5kW
Small DG 5kW to <5 MW

Medium DG 5 MW to < 50 MW
Large DG 50 MW to < 300 MW

1.2.1. Different types of renewable energy-based DG

Distributed Generators based on renewable energy harness power from replenishable
sources such as the sun, wind, water, etc. Although these energy sources are unlimited, their
intermittent nature is a primary limitation. In other words, the power output depends on the
availability of the primary source.

The main advantage of renewable energy DGs is their low environmental impact and their

positive contribution to diverse energy sources [9-12].



Chapter | Distributed Generation and Power Flow Analysis

1.2.1.1. Photovoltaic solar energy

Solar energy is abundant, reliable, and inexhaustible. Photovoltaics (PV) are considered
the most significant renewable energy source, leading to the highest number of installations.
Photovoltaic panels directly capture and convert solar radiation into direct current through the
properties of semiconductor materials. This energy source operates silently, has a long lifespan,
zero emissions, and requires minimal maintenance and no fuel costs. However, it is weather-

dependent, intermittent, and unavailable at night.

The advantages and disadvantages associated with solar PV based DG systems can be

summarized in Table 1.2.

Table 1.2: Advantages and disadvantages of solar PVV-based DG

Advantages Disadvantages
No emissions Non-firm power generation
No fuel cost since power is generated from High capital investment on PV cells and
sunlight ancillary equipment
No noise impact Low efficiency
Capacity augmentation could be easy Possible requiring large areas

Limitation of suitable locations depending on

Possible export of reactive power to the grid o _
the availability of sunlight

1.2.1.2. Wind energy

Wind turbine (WT) generators harness the kinetic energy of the wind, transforming it into
mechanical energy and then into electrical energy. Like solar energy, wind is abundant and
inexhaustible. Wind turbines are emission-free and incur no fuel costs. However, they require
a significant upfront investment and exhibit unpredictable and intermittent power generation.
Besides the average wind speed, the key factors determining the feasibility of a wind turbine
are the characteristics of the blades and the generator efficiency. The advantages and

disadvantages associated with WT-based DG units are summarized in Table 1.3 [13].
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Table 1.3: Advantages and disadvantages of WTG-based DG.

Advantages Disadvantages
No emissions Intermittent power generation
Low operation and maintenance cost Low capacity factor

No fuel cost since the generator is powered by ) ) ]
ind Possible high noise level
win

) _ ) Difficult to predict power generation
Possible export of reactive power to the grid

Not suitable for all locations due to the
for network support o )
availability of wind

1.2.1.3. Hydropower

Hydropower operates on a principle similar to wind energy, using the potential and kinetic
energy of water from rivers, lakes, or streams to drive a turbine that, in turn, rotates a generator,
converting mechanical energy into electrical energy. Hydroelectricity is one of the most cost-
effective methods of electricity production, consuming no water or fuel. The water passing
through the turbine remains unaffected and available for other uses, with no emissions
produced. The lifespan of a hydroelectric plant is long, with some operating for over 100 years
[14].

1.2.1.4. Geothermal energy

Geothermal power plants utilize the heat from underground water reservoirs to generate
electricity or for direct heating purposes. Hot water is pumped to the surface to pass through
heat exchangers. The resulting steam drives a turbine, which powers a generator to produce
electrical energy. Dry rock extraction technology is also employed, where cold water is pumped
and heated in deep rock layers, and the resulting hot water is brought back to the surface.
Geothermal plants offer the advantage of independence from weather conditions such as rain,

sun, or wind [15].
1.2.1.5. Biomass

The primary concept of biomass is to use renewable organic fuels (wood, biogas, straw,
and industrial and domestic organic waste) to produce electricity from generated heat. This type

of power generation produces low emissions of greenhouse gases [16].
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1.3.  Modeling of photovoltaic and wind generators

In our study, we have considered PV and WT sources as Distributed Generators to be
integrated into the distribution network. The photovoltaic system is capable of supplying active
power, while the wind turbine can provide both active power and reactive power with a variable

power factor.
1.3.1. Photovoltaic modeling

The modeling of a photovoltaic system involves representing its electrical behavior based
on the characteristics of the solar cells and the overall configuration of the system. The
fundamental elements considered in the photovoltaic model include the solar irradiance,
temperature, and the characteristics of the photovoltaic modules. Here are some models

commonly used to express the output power of a PV power unit:

e MODEL1

This model illustrates how to calculate the power output from solar panels based on solar
irradiance (G,) and standard test conditions (Gs;4). It is used to determine how the power output

changes with varying levels of solar irradiance.

N

2

Py | ——— for0< Gy <X

P _ ST <Gstd XXC> or S — c
PV,Out - G
S

(1.1)
Py, (—) for Gg = X,
k Gstd

where P, stands for the PV system's rated power. The solar irradiance at the place in
question is denoted by G. The term G4 refers to the sun irradiation in a normal environment,
which is around 1000 W/m?. A particular irradiance point is represented by X, , which is equal
to 150 W/m? [17, 18].

e MODEL 2

This model is similar to the first one but uses a different approach to calculate the power

output based on levels of solar irradiance and standard test conditions [19].
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G
P (—5) for0 < G, <G
Py out = ° Gsta * std

Psr for Gs = Gstd

(1.2)

e MODEL 3

This model depends on the number of solar panels , fill factor , open-circuit voltage , and

short-circuit current to calculate the power output.

Ppy ot = Ng X Ny X FF X Vo X I (1.3)
N (.2 (TN)” "
oc = o \T 1.4
1+ cyIn (A2
c2in (Ga)
Ga c3
I..=1 (_) (1.5)
N Nsc GN
Voo _ Voc )
FF=|1 (1.6)
BN
s nKT/q

where N and N,, stand for the number of PV modules in series and parallel, respectively.
The PV module's short-circuit current, open-circuit voltage, nominal open-circuit voltage,
nominal short-circuit current, and fill factor are represented by the numbers I, V, ., Vyoes Inses
and FF, respectively. G, represent the module's real irradiance, whereas Gy and Ty are its
nominal values. Three constants are ¢, c¢,, and c;. The module temperature is indicated by T.
The ideality factor is indicated by n. The electron's charge is denoted by g, and the Boltzmann
constant is K [20].

e MODEL 4

This model explains how to calculate the power output from solar panels using the

number of solar panels, fill factor , voltage , and current .

Ppy,out = Ns X Npy X FF XV X | (1.7)

10
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S
1=l + Ki(T, — 25)] (1.8)
std
V="Voc— Ky XT¢ (1.9)
Vmpp X Impp
FF = -ZPP " TPP (1.10)
I/OC X ISC

where I,,,,,, is the current at maximum power point (MPP), V,,.,,, is the voltage at MPP,
K; is the current temperature coefficient, T, is the cell temperature, and K, is the voltage

temperature coefficient, S, and S,;4 represent the module's real and nominal irradiance. [21,
22].

e MODEL5

This model depends on the area of the solar panels , efficiency, and solar irradiance to
calculate the power output.

Ppy = Apy " Mpy - 1 (1.11)

ey =0y N[l —y - (T, = T)] (1.12)

T.=T, + ! (NOCT — 20) (1.13)
€7 727800 '

Ppy represents the power output from the solar panels, which depends on
Apy representing the area of the solar panels, npy representing the efficiency of the solar panels,
and I representing the solar irradiance. The efficiency npy is calculated using n, representing
the efficiency of the cells under standard conditions, n; representing the transmission
efficiency, y representing the temperature coefficient of efficiency, and the temperature
difference between the cells in actual operation Tc and under standard conditions, which is Tr
equal to 25°C. The cell temperature Tc is determined using Ta representing the ambient air

temperature, and NOCT representing the Nominal Operating Cell Temperature.

11
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We used model 5 in chapter 4 to represent the PV system due to its inclusion of
temperature effects and its advantages over other models. This model accurately calculates the
cell temperature, which significantly impacts the efficiency of the photovoltaic system.
Additionally, it accounts for the temperature's effect on the efficiency of the solar panels,
making it more precise and realistic in representing system performance under actual operating

conditions.
1.3.2. Wind turbine modeling

Modeling a wind turbine involves creating a representation that captures its electrical
behavior based on various factors, including wind speed, turbine characteristics, and power

output.
The following models are frequently used to indicate a wind power unit's output power:

e MODEL1
This model describes power B, as a function of voltage V. Power is zero for V <

V; and V > V,, and increases linearly with voltage between V; and V. .

0 for V<ViandV >V,

Vv,

R,(V) =P, (V _ Vl) for  (V,<V<W)
T l
B

(1.14)

for <V <V

where PB. is the wind turbine's rated output power. The turbine's cut-out and cut-in wind
speeds are represented by the letters 1/, and V;, respectively. V,., represents the wind speed at

which the turbine reaches its rated power output[23, 24].
e MODEL 2

In this model, power P, as a function of voltage V is zero for V <V;andV >V, .

Between V; and V. , power increases cubically with voltage [25].

12
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0 for V<ViandV >V,
Vi —v?
W -V
\ P. for V<V <V)
e MODEL 3

This model defines power P,, as a function of voltage V. Power is zerofor V < V; and V >

V, , and increases quadratically with voltage between V; and V;. [26].

( 0 for V<ViandV >V,
J VZ—V2
R(V) =3P |7z for  (isV<H) (1.16)
| \"" =V
\ P. for V<V <V,)

We used model 1 in chapter 4 for wind turbine modeling. We chose this model because
it is the easiest to model, thanks to its linear relationship between output power and voltage
within the operational range , which aligns perfectly with the characteristics observed in our

wind turbine system.
I.4. Integration of DG into the distribution network

The incorporation of DG into a modern electrical system helps consumers meet their load
requirements with reasonable quality and continuity. Integrating renewable energies at strategic
locations within the EDN can offer numerous advantages, such as minimizing losses, improving
voltage, and enhancing overall system reliability and efficiency. Generally, these benefits can
be categorized into three main areas: technical, economic, and environmental [8, 27-29].

1.4.1. Technical advantages

1.4.1.1. Minimization of power/energy losses

Unlike transmission networks, distribution networks have a high R/X ratio, leading to
significant power losses that can result in voltage instability. Studies have indicated that 13%

of the total power generated is wasted in line losses at the distribution level [30]. According to
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the literature, the optimal location and size of DG are crucial factors in reducing electrical
losses. Well-integrated DG can significantly decrease electrical losses. However, improper
planning of DG can lead to excessive power losses. Various researchers have developed
different methods to address the optimal integration of DG into the EDN with minimal power
losses, considering it as the objective function. Formulations have been made assuming that the
summation of the total power injected at all nodes could represent network losses [31]. Most
research has focused solely on total active losses in distribution networks [32, 33], while daily,

monthly, and annual energy losses have been chosen as functions to minimize [34-36].
1.4.1.2. Voltage profile improvement and voltage stability

One of the objectives of integrating DG into the EDN is to enhance voltage profile and
stability. Some researchers focused solely on improving the voltage profile [37, 38] or voltage
stability [37] as the objective function, while most considered reducing losses simultaneously

with improving the profile or stability of the voltage [19, 38, 39].
1.4.2. Economic advantages

The incorporation of DG into the distribution network is economically beneficial for both
electricity suppliers and consumers. Optimally placed DGs are well-suited to significantly
reduce losses, thereby reducing costs. They also allow for a reduction in the costs of transport
and distribution expansion, as they are placed near customers. Additionally, they reduce the
overall cost by delaying the need to invest in new transport and distribution infrastructure.
According to the International Energy Agency (IEA), cost savings in transport and distribution
can reach 30% of electricity costs with DG. Industries may install their own DG to partially
meet their energy demand, reducing purchases from the grid [28, 40, 41].

1.4.3. Environmental advantages

The primary technologies of decentralized production are associated with renewable
sources, making it possible to produce clean energy [28]. According to published literature,
80% of all pollution worldwide is caused by the combustion of fossil fuels [40]. Numerous
researchers have confirmed that DG, primarily based on renewable energies, can reduce carbon
emissions by around 40% [28]. The main environmental advantages of DG are that they are

low-noise, with minimal emissions and cleaner energy [8].
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I.5. Literature survey on the integration of DG into the network and the

contribution of this work

Optimization Techniques and Algorithms play a pivotal role in the efficient design and
operation of energy systems, particularly in the context of EDN systems and DG integration.
This review delves into various optimization methodologies proposed in recent literature,
highlighting their contributions towards achieving optimal system configurations and
addressing uncertainties. The authors of [42] employed a method to verify the suggested
optimal configuration and component sizes of the hybrid micro-grid energy system , taking
into account the economic and environmental aspects of the system. In [43], a solution called
the Success History-based Adaptive Differential Evolution algorithm was presented for optimal
allocation of the DGs considering the uncertain conditions. In [44], a scenario-based approach
has been used to deal with cost, load and renewable based uncertainties. The authors of [45]
proposed a two-stage adaptable optimization process to achieve low-carbon operation while
taking into account the uncertainties. The best cost for the worst-case scenario can be obtained
using balanced economics. The Coronavirus herd immunity optimizer was utilized in [46] to
improve power plant economic, environmental and technical performance. The Atrtificial
Hummingbird Algorithm was introduced by M. S. Abid and H. J. Apon in [47], which is an
effective algorithm for addressing the problem of RESs planning optimization with multiple
objectives. The authors of [48] proposed a genetic algorithm for determining the optimal size
for solar and wind turbines in a grid-connected residential building's distribution system. To
reduce total emissions, costs and power loss, the particle swarm algorithm and improved grey
wolf algorithm were used in [49].

Now, we will explore research studies that have addressed the challenge of ensuring grid
stability amidst the integration of renewable energy sources, particularly photovoltaics. The
authors of [50] examine several technological challenges related to the stability issues
associated with extensive PV penetration into the power grid. Frequency regulation, active
power reduction, reactive power injection, and storing energy are only a few examples. In [51],
ramp-rate control algorithms have been used with Energy Storage Systems to minimize power
fluctuations to the grid. In [52], the technical challenges, such as frequency disturbances and
voltage limit violations, arise as a result of large-scale and intensive PV system penetration into
the power network, as well as the resulting stability issues. The impact of large-scale PV system
integration on the grid is also considered, along with possible solutions. In [53], a solution called
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search-based dragonfly algorithm was presented for optimal allocation of the PV considering

the load and PV uncertainties.

Numerous research endeavors have addressed the optimization of sizing and placement
for DG within EDNS, utilizing a diverse array of algorithms and methodologies. These efforts
are geared towards minimizing power losses, costs, emissions, and improving voltage profiles,
stability, and reliability, while contending with inherent uncertainties within the system.
Notable among these approaches is the bilayer optimization technique suggested by the authors
of [32] specifically tailored for optimizing the placement of battery energy storage systems and
solar photovoltaics within EDNs. In [54], a solution called strength Pareto evolutionary
algorithm 2 was presented for tackling the DG and capacitor placement problem with load
uncertainty. In [55], the authors employed the Success history-based adaptive differential
evolution with epsilon constraint handling technique and Monte Carlo Simulation to allocate
the DG sizes and sites. The authors of [56] used the crow search algorithm to determine the
optimal location and size of DG. The authors of [57] suggested a bilayer optimization technique
to achieve optimal battery energy storage systems and to determine the solar photovoltaic
locations in a distribution system. PSO, modified SCA [58], and other approaches have been
utilized to define the optimal size and site of DGs in radial distribution systems, while taking
system uncertainties into account. In [59], a unique ant lion optimizer is used that reduces
energy costs, reduces losses and voltage deviation, and enhances dependability. The Dragonfly
Algorithm was suggested by the authors in [60] to improve voltage profile and reduce the power
loss in electrical EDNSs. In [61], the authors propose an algorithm for DG allocation planning
based on using the probabilistic uncertainty modeling method. In [62], a modified differential

evolution algorithm was proposed for optimal DG allocation.

In distribution systems, numerous metaheuristic strategies are employed to solve the
distributed generators allocation problem. The authors in [63] suggested an improved adaptive
genetic algorithm for resolving the optimal DG allocation problem. In [64], an efficient method
has been presented for the optimal planning of accommodating the integration of plug-in
electric vehicles (PEV) along with renewable DGs under uncertainties of the system. The
author in [65] proposed a stochastic model for optimizing the investment of the DGs under
uncertain conditions in EDNs. The authors in [66] offered a genetic algorithm along with the
Monte Carlo method for solving the optimal DG integration problem under the uncertainties of

RER generation. The cost of energy losses and DGs have been considered in the model. The
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Particle Swarm Optimization algorithm was applied to optimize two objective functions,
represented by the sum of active power losses, voltage deviation, and Max-1 relay tripping time
for IEEE 33 and 69 EDNs [67]. The Invasive Weed Optimization algorithm was implemented
and tested on IEEE 33-bus and IEEE 69-bus distribtion networks for different load models with
objective functions based on minimizing active power losses, system operational cost, and
improving the voltage stability index of the network buses [68]. The Dragonfly Algorithm was
utilized and applied to IEEE 15-bus, 33-bus, and 69-bus networks to improve voltage profiles
of buses by minimizing voltage deviation (VD), regulation, voltage stability, active power
losses, and operational cost of the studied systems [69].

Monte Carlo simulation was employed in [70] for optimum DG allocation. Esmaeili et al.
presented a multi-objective framework for optimizing the DG allocation and reconfiguration of
the EDN using the Big Bang-Big Crunch algorithm [71]. In [72], a probabilistic planning
method was suggested based on mixed integer nonlinear programming and has been
implemented to assign energy loss reduction with optimal integration of RESs in a rural
distribution system. The authors in. [73] propose a planning strategy for a hybrid solar-wind
generation system with hydrogen energy storage using a novel multi-objective optimization
algorithm to minimize the following three objective functions: loss of load expected, annualized
cost of the system, and loss of energy expected. The authors of [74] used the GA optimization
algorithm to solve the problem of optimal DG allocation in EDNs while considering economic
and technological goals. The authors in [75] applied the Crisscross Optimization Algorithm and
Monte Carlo Simulation to assign the rating and location of DG in the distribution system,

aiming to reduce the power losses and costs.

The topic of optimal DG sizing was addressed and solved in [76] by reaching the
objectives of minimizing DG costs and maximizing network load ability. In [77], using a
scenario synthesis approach, optimal power siting and sizing for an active distribution system,
considering demand response and the optimal integration of wind turbines, as well as system
uncertainties, were determined using a cuckoo search algorithm. The Adaptive Genetic
Algorithm was applied to the IEEE 69-bus standard network and the practical Indian 52-bus
network, considering tap changer control, with the aim of minimizing the objective function
based on active power losses and maximum bus voltage [78].The Symbiotic Organism Search
algorithm, incorporating a loss sensitivity factor, was applied to minimize active power losses
in the studied EDNs, namely IEEE 33-bus, 69-bus, and 118-bus [79]. The Bat Algorithm was
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implemented on the IEEE 33-bus standard network to minimize the objective function based
on active power losses [80]. In [81], the Binary Particle Swarm Optimization algorithm was
applied to minimize active power losses, which were considered as the objective function of
the study, for the practical EDN of Cairo’s 59-bus system. The Novel Cuckoo Search algorithm
with genetically replaced nests was employed to optimize the multi-objective function
represented by technical parameters: active power losses, voltage stability index, and voltage
deviation for IEEE 33-bus and IEEE 119-bus standard EDNs [82]. The Population-Based
Incremental Learning algorithm was applied to the IEEE 33-bus and IEEE 69-bus standard
networks to reduce active power losses and square error in bus voltage profiles of the studied
systems [83].The Ant Lion Optimization algorithm was applied to IEEE 15-bus, 33-bus, 69-
bus, and 85-bus standard networks to reduce active power losses, which were considered as the
objective function for the study [84]. The Salp Swarm Algorithm was applied to IEEE 33-bus
and 69-bus standard systems with the aim of minimizing the multi-objective function, which
simultaneously minimizes active power losses, voltage deviation, and improves bus voltage
stability [85]. In [86], the Spider Monkey Optimization algorithm was used to minimize the
voltage deviation problem as an objective function for the IEEE 33-bus, 69-bus, and the
practical Indian 85-bus EDNs. The Wind Driven Optimization algorithm was applied to
maximize the voltage stability index for the IEEE 30-bus and 118-bus standard networks [87].
The Modified Crow Search Algorithm was applied to the IEEE 33-bus standard network to
reduce the multi-objective function based on active power losses and total voltage deviations
[88]. The Moth Flame Optimization algorithm was used to optimize the placement of
Distributed Photovoltaic Generation to minimize active power losses, which werre considered
as the objective function for IEEE 33-bus, 69-bus, and 118-bus EDNs [89]. The Genetic
Algorithm was applied to regulate voltage and reduce active power losses in IEEE 33-bus and
69-bus EDNSs [90]. The Adaptive Dissipative PSO algorithm was applied to the IEEE 33-bus
and 69-bus EDNs with the aim of minimizing active power losses [91]. The Genetic Moth
Swarm Algorithm was applied to the IEEE 33-bus and 69-bus standard networks to minimize
active power losses as an objective function [92]. The authors in [93] was applied the Adaptive
Modified Whale Optimization Algorithm to the IEEE 33-bus and 69-bus networks to optimize
the objective function based on active power losses and voltage stability index. In [94], The
Elephant Herding Optimization algorithm was applied to the IEEE 15-bus, 33-bus, and 69-bus
networks to optimize the considered objective functions: improving voltage profiles and

stability, minimizing active power losses, and reducing the operating cost of the studied
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systems. In [95], the Fine-tuned PSO algorithm was used to reduce active power losses with the
reconfiguration of IEEE 33-bus and IEEE 69-bus networks. The Enhanced Coyote
Optimization Algorithm was also applied and tested on IEEE 33-bus, 69-bus, and 85-bus EDNs
to optimize objective functions based on minimizing active power losses, operational cost, and
improving voltage stability of bus systems [96]. The Adaptive Quantum Evolutionary
Algorithm was applied to minimize active power losses and voltage deviation as objective
functions, depending on the load model for IEEE 85-bus and 118-bus networks [97]. The Sine
Cosine Algorithm was applied to the IEEE 33-bus and 69-bus standard networks to optimize a
multi-objective function, simultaneously minimizing total active power losses, annual energy
loss costs, gas pollutant emissions, and maximizing the voltage stability index of bus systems
[33]. The authors in [98] was applied and tested the Harris Hawk Optimization algorithm on
the IEEE 33-bus and IEEE 69-bus networks to optimize power losses, voltage profiles by

minimizing voltage deviation, annual energy savings, and reducing greenhouse gas emissions.

The primary goals of this work are to fill up the aforementioned research gaps, which

may be summed up as follows:

1. This study proposes a modified walrus optimization algorithm (MWaOA) specifically
designed to solve the optimal planning problem involving renewable energy resources
within distribution networks .

2. Investigating the synergies between RESs (WTs and PVs), thereby enhancing grid
stability and reducing reliance on expensive grid energy purchases.

3. The effectiveness and reliability of the MWaOA algorithm are rigorously demonstrated
through extensive statistical comparisons with established optimization techniques.

4. Rigorous uncertainty analysis to account for the stochastic nature of key parameters
including load demand, solar irradiation, wind speed, temperature, and energy pricing.
This facilitates the robust optimization of the distribution grid operation.

1.6. Power flow in distribution networks

The electrical distribution network is characterized by changes in load demand, which
influence power losses in branches and the voltage profile at network nodes. Various power
flow calculation methods are employed by researchers in the literature. These methods can be
divided into two categories: Newtonian methods [99-102] and forward/backward sweeping

methods [103, 104]. The first type of methods is generally used to solve power flow problems

19



Chapter | Distributed Generation and Power Flow Analysis

in transmission networks. Among these methods, the Newton-Raphson method and the fast
decoupled method have proven their efficiency in addressing this issue. The application of these
methods in EDNs has, in the majority of cases, proven to be unsuccessful, mainly due to
distinctive characteristics compared to transmission networks [105]. On the other hand, the
second type of methods is based on backward sweeping for branch current calculation and
forward sweeping for node voltage calculation [106, 107]. This type of methods is specifically

designed for solving power flow problems in EDNSs.
1.6.1. The per-unit

The per-unit (pu) system is a system of reduced quantities that allows for a consistent
consideration of relative magnitudes of certain parameters independently of voltage and power
levels [108]. For a base power (Sgas ) iIn MVA, a base voltage (Vg, ) in kV, and an impedance

Z in Q, the normalized impedance (Z,,,) is obtained by:

S
Zp, =722 (1.17)

p 2
VBase

The normalized active and reactive load powers are obtained, respectively, using
formulas (1.18) and (1.19):

P
Po=c—"—= 1.18
i SBase x 103 ( )

Q (1.19)

~ Spae X 103

qu

1.6.2. Modeling of network branches and loads

1.6.2.1. Branch modeling

The radial distribution network is composed of a set of branches. Each branch in this
network is modeled as a series combination of resistance and pure inductance. The impedance

of any branch i in this network (see Figure I. 1) is written as follows:
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Figure 1.1: Representation of two nodes in the radial EDN.

1.6.2.2. Load modeling

Load is the most uncertain parameter in the distribution electrical network; it is constantly
variable. Over a year, the load can vary significantly from season to season, day to day, and
hour to hour. It is the most sensitive parameter that can influence the solution to the EDN
planning problem. Most researchers in the literature assume a constant load model in their EDN
planning studies. Decisions and results based on this assumption are not technically feasible for
real distribution systems where the load is not constant. In this study, to achieve an effective

analysis, two types of loads will be considered:
1.6.3. Periodic constant load model

This load model is characterized by relatively constant electrical energy consumption
during certain time intervals, with a variation that depends very little on weather conditions.
The energy demand is fairly stable from day to day and season to season. The level of
consumption can change significantly from one to three times at most during the day. Large
consumers and many industrial customers belong to this load model. Mathematically, the active
and reactive powers during each level of demand « are calculated respectively by equations
(1.21) and (1.22):
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Pra = Pro X Dy (1.21)

Qra = Qo X Dy (1.22)

Where, P;, and Q,, are the nominal active and reactive powers, D, is the load level

factor.

1.6.4. Static load model

The static model represents the characteristics of loads in steady-state conditions. It
generally describes the relationship between active and reactive power with the voltage level
over a specified period of time. In this load model, active and reactive powers are represented
in exponential form. This model is also used to approximate the dynamic characteristics of

loads. The load model is expressed by the following equations [109]:

P = P (%)a (1.23)
Qui = Qo (%)ﬁ (1.24)

Where, V, is the nominal voltage,P;; and Q,; are the active and reactive power of the
load at node i for a voltage equal to V;.The coefficients @ and S determine the nature of the

load.

The values of the coefficients a and 8 depend on the aggregated characteristics of the
load components. When both coefficients a« and £ are equal to 0, the load behaves like a
constant power load, which means the power does not vary when the voltage changes. On the
other hand, if the coefficients are equal to 1, the load behaves like a constant current load, where
the power varies proportionally with the voltage. If the coefficients are equal to 2, the load
behaves like a constant impedance load, where the power varies proportionally with the square

of the voltage.
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1.7. Power flow calculation in distribution network

Power flow calculations, or load distribution calculations, in an electric network planning
problem, are crucial for determining energy losses for any network states that may arise and

ensuring that these states satisfy the network’s operational constraints.

In the context of electric network planning, power flow calculations are a repetitive and
essential task, especially when using optimization methods, as will be employed later in this
work. The use of a fast and accurate power flow calculation method is vital to accomplish this
task.

However, electric distribution networks have certain typical characteristics that differ

from transmission networks. They are characterized by [110]:

e Generally radial or weakly meshed structure,
e High resistance-to-reactance ratio ,
e Large number of branches and nodes,

e Unbalanced loads.

Various algorithms have been developed in the literature [111, 112], specifically
designed to solve the power flow problem in electric distribution networks. The most
common algorithm is the Backward/Forward Sweep Algorithm [113], which will be
explained in the following section.

1.7.1. Backward/forward sweep algorithm

Over the past decades, various methods based on the Backward/Forward Sweep (BFS)
Algorithm have been developed in several studies reported in the literature [114-116]. This was
done to accelerate the power flow calculation in EDNs and achieve good convergence by
avoiding the simultaneous solution of systems of equations and the use of large matrices. Unlike
common methods such as Gauss-Seidel and Newton-Raphson, the sweep algorithm has the
advantage of requiring less computational effort and time.

In this section, we will explain the iterative algorithm principle of the Backward/Forward
Sweep method. This algorithm calculates the current on each branch and the voltage for each

node. At each iteration, two sweeps are executed:
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e Backward Sweep: Determines the currents in the branches of the network using the first
Kirchhoff's law.
e Forward Sweep: Calculates the node voltages by computing voltage drops along the

branches.

The BFS algorithm is characterized by its simplicity, speed, and accuracy. It operates in three

steps.
Step 1: Calculation of Injection Currents

After reading the data from the EDN and initializing all node voltages, the injected current
at each node is calculated based on the power absorbed by the connected load and the voltage

at that node. For a node i, the injected current can be expressed as follows:

_ S
%4

L

Iy (1.25)

Where, S;; is the complex power absorbed by the load at node i.V;" is the complex voltage

at node i.
Step 2: Backward Sweep

During the second step, a backward sweep is performed in a descending manner from the
terminal nodes of the network towards the source node (source substation) to calculate the
branch currents by summing the currents at different nodes of the network. The branch currents

are calculated using the formula (1.26):

[I1 = [BIBC][L,] (1.26)

Where, I represents the vector of branch currents. BIBC is the matrix of injected currents
at nodes (Bus Injection Branch Current), which is an upper triangular matrix containing only 0

and 1 values. I, denotes the vector of injected currents at the terminal nodes of the network.

Construction of the BIBC Matrix [117, 118]:
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5. Identification of Nodes and Branches: Begin by identifying all nodes and branches
within the electrical network. Nodes represent points of connection, while branches
denote conductive elements such as transmission lines and transformers.

6. Assignment of Node Indices: Assign unique indices to each node within the network.
These indices will serve to identify the rows and columns of the BIBC matrix.

7. Formulation of Kirchhoff's Current Law (KCL) Equations: Write KCL equations for
each node in the network, expressing the sum of currents entering and leaving the node
as zero for a stable system.

8. Matrix Representation of KCL Equations: Represent the KCL equations in matrix form
to create the BIBC matrix. This matrix is square with dimensions corresponding to the
number of nodes in the network.

9. Determination of Matrix Elements: Populate the elements of the BIBC matrix based on
the network's connectivity.

e |fthere exists a direct path or connection from node i to node j, assign a value
of 1 to the corresponding element in the BIBC matrix.
e If no direct connection exists between nodes i and j, assign a value of 0.
10. Structuring the BIBC Matrix: The BIBC matrix typically exhibits an upper triangular

structure due to the directional flow of currents in the network.
Step 3: Forward Sweep

During the third step, a forward sweep is performed in an ascending manner from the
source node towards the terminal nodes of the network to calculate the voltage for each node

by computing the voltage drop on each branch.

Vii=Vy—Z;-I;, i=12,..,NT (1.27)

Where, si and ri are the start and end of branch i, Z; is the series impedance of branch

i, NT is the number of branches in the EDN.
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1.7.1.1. Convergence criterion

The three steps of the algorithm are repeated until convergence. The differences in node
voltages between the previous and current iterations are used as the convergence criterion to

stop the iterative calculation.
max(|V}*' - V¥|) <ei=12,..,NB (1.28)

Where ¢ represents the desired precision and NB is the total number of network buses.

The active power losses at each branch i are calculated using the equation (1.29):

P? + Q7

1.29
|V;]? (1.29)

PLoss,i = RL’ :

The total active power losses in the branches of the EDN are calculated by the equation
(1.30):

P? + Qf
PT Loss z PLoss )4 z R |V |2 =L (|30)

The reactive power losses at the branch i are calculated using the equation (1.31):

P? + Q!

TAE (1.31)

QLoss,i = Xi '

The total reactive power losses in the lines of the EDN are calculated by the equation
(1.32):

P’ +Q}
QT Loss Z QLoss i Z X |V |2 (|32)
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1.7.2. Steps of the backward/forward sweep method

Step 1: Input network data: Enter data such as linedata (start node, end node, resistances, and
reactances of branches) and busdata (active and reactive powers of loads). Initialize node

voltages [1pu] and define the desired tolerance value.
Step 2: Calculate injection currents at all nodes.

Step 3: Calculate branch currents using backward sweep .
Step 4: Calculate node voltages using forward sweep .

Step 5: Test voltage convergence for consecutive iterations. If voltage convergence is achieved,

proceed to the next step. Otherwise, go back to Step 2.

Step 6: Calculate active and reactive power losses for all branches, and total active and reactive
power losses for the network .

Step 7: Display node voltages, active and reactive power losses of branches, and total active

and reactive power losses of the network.
1.8. Conclusion

This chapter provides a comprehensive overview of distributed generation (DG)
technologies and their integration into modern EDNs. DG units based on renewable energy
sources like solar PV, wind turbines, and hydro power can offer many technical, economic, and

environmental benefits.

The chapter discusses mathematical models for representing the electrical behavior of PV
and wind turbine generators, which are the most dominant DG sources. Accurate modeling is

crucial for assessing the impacts of integrating these intermittent energy resources.

When optimally sized and placed, DG units can reduce power losses, enhance voltage
profiles, and improve stability and reliability of distribution systems. However, improper
planning can also lead to adverse effects. This highlights the significance of optimization

techniques for determining the best locations and capacities for DG allocation.
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The chapter also spotlights an efficient power flow calculation method known as the
Backward/Forward Sweep algorithm. Its simplicity, speed, and robustness in solving load flow
problems makes it well-suited for distribution systems. Repeated load flow analyses are
indispensable when employing optimization to identify optimal DG placement strategies.

28



CHAPTER II

Techniques and Methods for Uncertainty

Modeling in Power Systems



Chapter Il Techniques and Methods for Uncertainty Modeling in Power Systems

11.1. Introduction

These days, there are many opportunities for operation and control in power systems due
to their development and the emergence of new and advanced energy concepts like smart grids,
energy storage systems for renewable energy sources, microgrids, and nanogrids. However,
there are also many challenges associated with the planning, investment, scheduling, and
operation of modern power system networks. This makes it difficult to accurately describe
deterministic states of parameters in power networks due to the increase in uncertainty
associated with high penetration of renewable energy sources, or others that could expose the
systems to potential risks. Uncertainty in energy systems is thus a persistent problem, especially
in modern renewable energy systems. Therefore, from the standpoints of operation and
management, making accurate selections is essential to weighing options, projecting expenses,
anticipating income, and securely and consistently reducing potential dangers. The easiest
approach is to have enough information at hand to assist in making the best choice within a
reasonable amount of time; nevertheless, uncertainty is synonymous with the lack of verified
information. As a result, to manage uncertainty, decision-making technigues have been studied
in a variety of contexts to examine potential risks and outcomes of all scenarios some of which
may be impossible and to accurately quantify the practical significance of the sources of
uncertainty to better understand how uncertainties will affect the performance of power systems
[119-121].

11.2. Uncertainty modeling methods

The literature presents a variety of uncertainty modeling techniques, which may be

divided into six primary categories [122]:

1- Probabilistic approaches [123]: A problem's input parameters are randomly chosen, and
a Probability Density Functions (PDF) is found for each of them. The widely used
probabilistic approaches, also known as uncertainty modeling methods, can be divided
into two categories: numerical and analytical. The former include methods based on
scenario analysis, linearization, and PDF approximation; the latter include Monte Carlo
Simulation (MCS), sequential MCS, Markov Chain MCS, pseudo sequential MCS, and

nonsequential MCS methods.
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2-

Possibilistic approach [124]: It is based on fuzzy sets, where a membership function is
used to represent the input parameters.

Hybrid possibilistic-probabilistic approaches [125]: There is a combination of
probabilistic and possibilistic input parameters. The fuzzy-scenario and fuzzy-MCS

approaches are the ones most frequently used in this category.

Information gap decision theory [126]: The Information Gap Decision Theory (IGDT)
method, whose two main characteristics are robustness and opportuneness, describes
how much the unknown parameter may move while guaranteeing the decision maker's

minimal income.

Robust optimization [127]: The judgments that are made are determined by solving a

problem with the worst-case circumstances of an unclear dataset in mind.

Interval analysis [128] : It is expected that the input parameters come from a

predetermined range.

In Figure 11.1 an overview is presented, showcasing the various methodologies employed in the

literature for modeling uncertainty in electric power systems. This visual representation

provides a concise glimpse into the diverse methods utilized to address uncertainties within the

realm of electric power systems, setting the stage for a comprehensive understanding of the

modeling approaches discussed in the literature.
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Figure 11.1: Methods used in the literature for modeling uncertainty in electric power systems
11.3. Probability density functions

Uncertainty representation within our analysis hinges on Probability Density Functions
(PDF), which serve as crucial tools for capturing the probabilistic nature inherent in various
parameters [129] . In the subsequent sub-sections, we conduct an in-depth exploration of the
selected PDFs for pivotal parameters, including solar irradiance, wind speed, load demand,
price, and temperature. This meticulous elucidation of the probabilistic representation for each
parameter aims to establish a robust foundation for our analyses, facilitating a comprehensive
comprehension of the inherent uncertainties embedded in our modeling framework. The chosen

PDFs for each parameter are outlined as follows:
11.3.1. Probabilistic model of solar radiation

The following is how the sun irradiance fluctuations have been modelled using the Beta
probability density functions [130, 131]:
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I'(p+1)

" o=V — -1 .

£,(G) = r((p)r(r)G‘P 1-6)" 0<G<1L;9,720 (I1.1)
0 otherwise

where T and ¢ can be calculated using the following equations . I represents the gamma

function, and G is the variable of the function, representing solar irradiance.

T=(1—M)X<w—l) (1.2)
_uXxrt
0 =1 (11.3)

where the average value u is obtained from prior data. o represents the standard deviation.
11.3.2. Probabilistic model of wind speed

The wind speed uncertainty can be modeled using the Weibull PDF [132]:

k-1

rn=(%) e[ (]

where W is the wind speed. The scale and shape parameters of the Weibull PDF are noted

by k and c, respectively.
11.3.3. Probabilistic model of load demand

The uncertainty in load demand can be modeled using the normal PDF as follows [130,
133]:

(L HL) l

fa(L) = O'L\/_ ZO'L

(11.5)

Where y; is the load average value and g, is the standard deviation.
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11.3.4. Probabilistic model of price

The electricity cost is an accurate random characteristic due to its uncertainty value
derived from the power grid. In this study, the normal PDF is employed to simulate the

probabilistic nature of the electricity price [134, 135]:

_ 1 (P — pp)?
f(P) = Gpmexp [— szl (11.6)

Where up is the load average value and oy is the standard deviation.

11.3.5. Probabilistic model of temperature

The ambient temperature is continually varying and its probabilistic nature is defined as

follows referring to the normal probability distribution [136, 137]:

(1.7)

FT) = exp [_ T = pr)

2042

1
orV2m

where ur is the average temperature and o is the standard deviation.

I1.4. Monte Carlo Simulations (MCS)

Monte Carlo methods constitute a diverse category of computational algorithms that
leverage the process of repeated random sampling to derive numerical results. Widely applied
in mathematical problem-solving contexts, they prove especially valuable when traditional
mathematical methods encounter challenges or impracticalities. The fundamental premise
underlying Monte Carlo methods involves the generation of multiple random samples, guided
by a probability distribution function (PDF) that encapsulates the behavior of specific
parameters. The PDF serves as a mathematical representation detailing the likelihood of
different outcomes or values for a given variable. In the context of Monte Carlo simulations,
this implies that the uncertainty introduced through the iterative sampling adheres to a
predefined probability distribution, offering a means to capture and model the inherent

probabilistic nature of the phenomena under investigation. By integrating probability
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distributions into the Monte Carlo framework, these methods provide a powerful tool for
tackling complex problems, offering insights into scenarios where deterministic mathematical
solutions are challenging to attain. This approach not only facilitates a more realistic
representation of uncertainty but also enhances the robustness and versatility of the
computational analysis, making Monte Carlo methods an invaluable resource in various

scientific, engineering, and financial applications [135, 138, 139].
11.4.1. Main merits of monte carlo methods

The main merits of employing MCS as a computational strategy are instrumental in
enhancing its utility across diverse domains. This section succinctly outlines the primary
advantages associated with MCS [140, 141]:

1. Ease of use and adaptability: MCS is known for its straightforward implementation and
adaptability, making it accessible across various fields.

2. Effective problem solving: MCS excels in solving complex, non-convex, and non-
differentiable problems, providing effective solutions where traditional methods may
fall short.

3. Applicability to systems with many uncertain variables: MCS is well-suited for systems
with numerous uncertain variables, allowing for the modeling and simulation of
complex systems with inherent variability.

4. Compatibility with all probability distribution formats: MCS seamlessly integrates with
all Probability Distribution Function (PDF) formats, ensuring accurate representation of
a wide array of uncertainties.

The representation of MCS is as follows:

fori=1:n

Generate sample X,using PDF of uncertain decision variables.
Calculatey = f(X,Z2)

End for

This structure aligns with the fundamental concept of Monte Carlo Simulation, where
random samples X are drawn from probability distributions, and the model or function of
interest y is evaluated for each sample. This process allows for statistical analysis and the
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exploration of uncertainties associated with the input parameters, including any additional
parameters Z that may affect the model's behavior [130].

n
XL,y (11.8)
="

The mean, denoted as w, is calculated by summing up all individual data points y and
dividing the total by the number of data points n. This formula provides a measure of central

tendency, representing the average value of the dataset.

) jz::’f (v - (119)
o=

n

The standard deviation, denoted as o, measures the amount of variation or dispersion in
a set of values. It is calculated by taking the square root of the average of the squared differences
between each data point y and the mean u. A higher standard deviation indicates greater

variability in the dataset.

The expressions represent formulas for calculating the mean and standard deviation of a
set of data points. The results, conveying information about uncertain parameters from collected
data, are visually presented in Figures 11.2 through 11.6, illustrating both the means and standard

deviations.
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Figure 11.2: The mean and the standard deviation values of load demand.
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Figure 11.3: The mean and the standard deviation values of wind speed.
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Figure 11.4: The mean and the standard deviation values of solar irradiance.
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Figure 11.5: The mean and the standard deviation values of temperature.
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Figure 11.6: The mean and the standard deviation values of price.
11.4.2. Hourly scenarios: Monte Carlo simulations results

Using the parameters of the probability density function (PDF) of the variables wind
speed, temperature, solar irradiance, load, and price, whichare calculated using the gathered
data, Monte Carlo simulations generate 1000 data points for each variable. Figures I1.7 through

I1.11 illustrate the generated scenarios for these parameters on an hourly basis throughout the
day.
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Figure 11.7: The scenarios generated by MCS for loading.
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Figure 11.8: The scenarios generated by MCS for wind speed.
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Figure 11.10: The scenarios generated by MCS for temperature.
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Figure 11.11: The scenarios generated by MCS for price.

I1.5. The scenario base reduction method

Within the domain of complex systems research, Monte Carlo Simulation has become a
cornerstone technique for quantifying uncertainty and making informed decisions. However,
the inherent strength of MCS, its ability to generate a myriad of potential future scenarios, can
become a weakness when dealing with computationally demanding problems. This is where
Scenario Base Reduction (SBR) emerges as a critical tool, strategically reducing the scenario

base while preserving vital system characteristics [142 ,136] .

The primary objective of SBR is to strike a delicate balance between computational
efficiency and solution accuracy. By minimizing the number of scenarios analyzed, SBR
alleviates the computational burden associated with solving problems like the Optimal
Operation Problem (OOP) within the MCS framework. This translates to faster simulations,
improved resource utilization, and ultimately, the ability to explore a wider range of scenarios

within the same timeframe.

The SBR methodology encompasses a systematic approach to scenario reduction. This

typically involves three key phases:
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1. Scenario generation: The initial stage involves employing MCS to generate a diverse
set of scenarios, each representing a potential realization of the system under study. This stage

accounts for various uncertainties and fluctuations inherent to the system.

2. Scenario analysis and ranking: SBR algorithms assess each scenario and assign a
relative importance based on its contribution to understanding the system's behavior. This
analysis often involves metrics like distance measures, sensitivity analysis, or information

entropy.

3. Scenario reduction: Based on the assigned rankings, SBR strategically removes
scenarios that offer minimal information gain or redundancy while preserving the essential
statistical representation of the system. This can be achieved through various techniques,
including clustering, distance-based pruning, or dominance-based approaches. However, it's
important to recognize that the specific implementation of SBR can vary depending on the

complexities of the system and the desired level of accuracy.
11.5.1. Hourly scenarios: scenario base reduction results

In this section, we present and analyze the outcomes derived from the systematic
application of SBR methodology. Our objective has been to effectively reduce the initial set of
scenarios to 25 key scenarios, a process designed not only to streamline computational demands
but also to enhance the interpretability of results. This reduction facilitates a more focused
analysis of critical hourly scenarios, contributing to a deeper understanding of the system

dynamics.

The depicted Figures 11.12 through 11.16 encapsulate the outcomes of a Monte Carlo
simulation framework empowered by SBR techniques. This comprehensive analysis focuses
on key parameters loading, wind speed, solar irradiance, temperature, and price over a 24-hour
period. The utilization of SBR is integral to refining and streamlining the scenarios, optimizing

computational efficiency without compromising the accuracy of the simulation.
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Figure 11.12: The obtained scenarios by SBR for loading.
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Figure 11.13: The obtained scenarios by SBR for wind speed.
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Figure 11.14: The obtained scenarios by SBR for solar irradiance.

Figure 11.15: The obtained scenarios by SBR for temperature.
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Figure 11.16: The obtained scenarios by SBR for price.

The scenarios, post-SBR, reveal a focused and nuanced exploration of loading, wind
speed, solar irradiance, temperature, and price dynamics. Notably, the reduction in scenarios
does not compromise the variability essential for capturing uncertainties in each parameter.
This streamlined approach ensures a more efficient computational analysis while maintaining

a high level of representativeness.

These results hold significant implications for decision-makers in the energy sector. The
refined scenarios empower them with a practical and efficient tool for strategic decision-making

in power system planning and operation.

In the end, SBR plays a pivotal role in enabling efficient and insightful analysis within
the MCS framework for complex systems. By effectively reducing the scenario base, SBR
fosters faster simulations, enhances resource utilization, and allows for a broader exploration
of possible futures. As research in computational optimization and uncertainty quantification
continues to evolve, SBR will undoubtedly remain a crucial tool for navigating the intricacies

of complex systems and making informed decisions under the ever-present veil of uncertainty.
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11.6. Probability distribution

Understanding and quantifying the likelihood of different scenarios occurring within a
specified time frame is a crucial aspect of effective uncertainty modeling in power systems. The
probability distribution, which represents the probabilities associated with each scenario, plays
a pivotal role in providing a comprehensive overview of the system's anticipated states
throughout the 24-hour period [143].

This distribution is visually portrayed through a set of discrete time intervals, each
encapsulating the probability of specific scenarios transpiring during the corresponding hour.

Interpreting the peaks and troughs in the probability distribution is key to uncovering
temporal patterns in system behavior. Peaks indicate moments when specific scenarios are more
likely, while troughs represent periods of reduced likelihood. This temporal insight is
invaluable for anticipating variations in demand, renewable energy generation, and market
conditions. Strategically, decision-makers leverage the probability distribution to allocate
resources and prioritize attention based on the expected impact of different events. The
quantification of scenario likelihoods facilitates risk assessment, aids in operational planning,

and informs the development of adaptive strategies.

In essence, the probability distribution serves as a compass for decision-makers
navigating the dynamic landscape of the power system. By offering a quantifiable guide, it
empowers stakeholders to make informed choices, adapt to uncertainties, and optimize

operational and strategic plans in response to the ever-changing nature of the energy sector.

Figures 11.17 through 11.21 elucidate the probability distribution associated with each
scenario at 12:00 PM, providing a comprehensive overview of the system's anticipated states

throughout this hour.
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Figure 11.18: The probability of wind speed.

0.14

0.12

0.1

g
=3
®

Probability
e
(=4
(=)

5 10 15 20 25
Scenario number

Figure 11.19: The probability of solar irradiance.
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Figure 11.21: The probability of price.

11.7. Hourly optimal scenario

The concept of the Optimal Scenario for a specific parameter is fundamental in
uncertainty modeling within power systems. It involves the strategic selection of a
configuration derived from reduced scenarios and their associated probabilities, intending to
depict the most favorable conditions for a particular parameter over a 24-hour period. This
scenario plays a crucial role in providing decision-makers with insights into optimal operating
states, facilitating tasks such as load forecasting, resource allocation, and risk management. The

equation governing the determination of the Optimal Scenario is as follows:
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Nsce

HOS(h) = Z SBR(i,h) X probability(i,h) ~ h=12,..,24  (11.10)

i=1

This equation signifies that for each hour h, each reduced scenario for the parameter is
multiplied by its corresponding probability, and the results are summed over all 25 keys
scenarios. The outcome is a comprehensive representation of the optimal state for that specific

parameter.

Where, SBR(i,h)is the i*" reduced scenario for the parameter at time h, and

probability(i, h) is the associated probability for the the i*" reduced scenario at the same time.

11.8. Conclusion

This chapter comprehensively addressed models for handling parameter uncertainty in
modern power systems, encompassing aspects like load demand, renewable generation, and
electricity prices. Exploring diverse approaches such as probabilistic, possibilistic, hybrid
methods, information gap decision theory, robust optimization, and interval analysis, the
chapter offered a versatile toolkit for uncertainty management. Monte Carlo simulation
emerged as a key technique, lauded for its user-friendly nature, effectiveness in tackling
complex problems, and compatibility with probability distributions. The application of Monte
Carlo simulation in generating hourly scenarios for critical parameters was elucidated,
emphasizing its practical significance. Additionally, the chapter highlighted scenario-based
reduction as a means to enhance computational efficiency while preserving accuracy.
Introducing tools like the probability distribution and optimal hourly scenario, it underscored
their value in assessing scenario likelihoods and identifying optimal conditions. This
comprehensive exploration equips decision-makers with essential insights and strategies for
navigating uncertainty in modern power system planning and operations, fostering informed

decision-making and strategic planning amid evolving challenges.
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I11.1. Introduction

The communities of computer science and operations research have endeavored to solve
complex real-world problems. While addressing large-scale problems, there is a need to find a
feasible solution and improve it to converge towards the optimal global solution. However,
exact solutions are challenging to find due to limited resources and the inherent complexity of
most optimization problems. Metaheuristics can overcome this difficulty by offering
approximate solutions. A metaheuristic algorithm is a search procedure designed to find a good
solution to a complex optimization problem that is difficult to solve optimally [144]. It is
imperative to find a quasi-optimal solution based on imperfect or incomplete information in
this real-world with limited resources (e.g., computing power and time). The emergence of
metaheuristics to solve such optimization problems is one of the most notable achievements in
recent decades. There are challenges that warrant attention to develop better solutions compared
to traditional approaches. Various metaheuristic algorithms are described by authors that are
quite extensive in various applications to solve nonlinear and non-convex optimization
problems. Thus, metaheuristics can often find good solutions with less computational effort

than iterative methods and simple greedy heuristics [145].

In this chapter, we will delve into the introduction of a refined optimization approach
known as the Modified Walrus Optimization Algorithm (MWaOA), designed to address
complex optimization problems with increased efficiency. Specifically, we will enhance the
standard Walrus Optimization Algorithm (WaOA) by integrating the Levy flight mechanism,
aiming to improve the delicate balance between exploration and exploitation during the search
process. The chapter unfolds with a comprehensive assessment of the MWaOA's performance,
employing a suite of 23 benchmark functions. This evaluation involves a thorough comparison
against various state-of-the-art metaheuristic algorithms, providing valuable insights into the
algorithm's effectiveness. Our analysis will spans statistical findings related to the final
solutions, convergence plots that visually depict optimization trajectories, and boxplots

illustrating result distributions across independent runs.

I11.2. Design methodology

Optimization is often reduced to mathematical resolution techniques, to which the failures
encountered are subsequently attributed. However, as with most problems to be solved,
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optimization must be the subject of a systematic approach that includes four phases,
summarized in Figure I11.1. The phases can be chained sequentially, but iterations and feedback

are often essential [2, 146].

System data for Problem . Exploitation and
T S Problem fixing .
optimization definition analysis of results

Figure I11.1: Optimization problem resolution process.
I11.3. Formulation of the optimization problem

The formulation of the optimization problem is foundational in the design process as it
critically influences the success of subsequent stages. However, it is a complex task as the
choice of design variables is seldom unique, and current computational capabilities can only
handle a limited number of variables. The design problem, as outlined in the specifications,
must be translated into an equivalent mathematical problem. This is the most intricate step in
the design process since, like the selection of design variables, the formulation of a problem is
seldom unique, especially when defining the functions characterizing the system's
performance. Precisely, it involves the definition of [147]:

11.3.1. Objective function

The objective function is a crucial element in defining the goal of an optimization
problem, and it can manifest in two fundamental forms: either as a cost to minimize (such as
manufacturing cost, consumption, operational cost, or development time) or as a performance
metric to maximize (including profit, efficiency, or transmission factor). The selection of the
objective function is pivotal in shaping the optimization problem, influencing not only the
definition of the problem itself but also the modeling approach used to compute it. When
dealing with a single objective, the choice of the objective function is straightforward. For
instance, in situations where the aim is to determine the characteristics of a device producing
specified performance values, the objective function can be formulated as the disparity between
the actual and specified performance values. However, in many optimization scenarios, there
is a need to accommodate multiple objectives, some of which may be conflicting, adding a layer
of complexity to the optimization process [2]. This necessitates thoughtful consideration of the
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objectives and the incorporation of a well-defined objective function, a critical component in
steering the optimization algorithm towards achieving a well-balanced and satisfactory

solution.
111.3.2. Design parameters

The design parameters or variables are controlled factors that influence the performance
of the system. They can take various forms, such as geometric dimensions, material properties,
structural choices, etc. These parameters may be quantitative or qualitative, continuous or
discrete. The choice and number of parameters also significantly impact the definition of the
optimization problem. While it might be advantageous to vary a large number of factors to
expand the search space, this approach would lengthen the optimization process. Designers may
introduce constraints to ensure, for example, a suitable geometric shape, validate the chosen
modeling approach, and guarantee the proper functioning of the system, among other
considerations [2].

111.3.3. Constraints related to manufacturing or device utilization

Constraints related to manufacturing or device utilization encompass various limitations
imposed by the production process or the intended use of the device. These constraints often
revolve around practical considerations, such as material availability, production capabilities,
operational conditions, or safety requirements. For instance, manufacturing constraints may
involve limitations on available materials, production techniques, or manufacturing tolerances,
influencing the design choices. On the other hand, device utilization constraints could include
operating temperature ranges, environmental conditions, or regulatory standards that the device
must adhere to during its usage. Integrating these constraints into the optimization process
ensures that the final solution aligns with real-world feasibility and practicality, optimizing the
design within the bounds of operational and manufacturing necessities [148].

111.3.4. Constraints introduced by the designer

Constraints introduced by the designer represent a crucial aspect of the optimization
process, adding a layer of customization and expertise to the problem formulation. These
constraints are imposed based on the designer's insights, experience, and specific requirements
beyond the initial specifications. They serve as a means for the designer to guide the
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optimization algorithm towards solutions that align with their expertise and knowledge of the
problem domain. These constraints could involve design preferences, ethical considerations, or
unique insights that the designer deems essential for the success and applicability of the final
solution. By introducing these constraints, designers not only contribute their expertise to the
optimization process but also play a pivotal role in shaping the solution space to meet broader

objectives and contextual considerations [150 ,149].

The complexity arises not only from the multitude of choices in design variables and
constraints but also from the interconnectedness of these elements. Achieving a balance
between conflicting objectives and constraints is a delicate task that requires careful
consideration. Furthermore, the designer must navigate the challenge of reconciling real-world
complexities with the mathematical abstraction necessary for optimization. The success of
subsequent optimization algorithms hinges on the precision and accuracy with which the

optimization problem is formulated, making it a critical aspect of the overall design process.
I11.4. Optimization methods

Optimization is a branch of mathematics that seeks to model, analyze, and solve problems
analytically or numerically, involving the minimization or maximization of a function over a
given set. Optimization problems in electrical engineering pose several challenges related to
user requirements, the characteristics of the problem at hand, and computation time. Many
studies rely on exact solution methods to obtain a solution with guaranteed optimality.
However, in certain situations, the emphasis may shift towards obtaining high-quality solutions
without the guarantee of optimality but with the advantage of reduced computation time [151,
152]. Various methods for solving problems of different complexities have been proposed. As
a result, a wide variety and notable differences in principles, strategies, and performances have
been observed. This diversity has led to the classification of optimization methods into two

categories: conventional methods and metaheuristic methods.
11.4.1. Conventional methods

Conventional methods for optimization have long been the workhorses of problem-

solving, often categorized into two groups:
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111.4.1.1.  Analytical techniques

Analytical techniques represent the system with a set of numerical equations for which
the solution is calculated directly. These methods offer the advantages of short computation
times and ease of implementation while ensuring problem convergence [41, 153]. However,
their precision and computational efficiency may be impacted by the size and complexity of the

problem.
111.4.1.2. Deterministic techniques

Deterministic techniques constitute a class of mathematical optimization methods based
on the iterative improvement of the initial solution. Numerous deterministic methods exist in
the literature, primarily falling into two broad categories: Linear Programming and Non-Linear
Programming. Weaknesses of these techniques include sensitivity to the number of decision
variables, significant computation time, and susceptibility to getting trapped in a local optimum
[154].

111.4.2. Metaheuristic methods

The term "metaheuristic™ was coined by F. Glover in 1986, derived from the combination
of two Greek words: "meta," meaning "beyond or at a higher level," and "heuristic," meaning
"to find or discover" [155]. Metaheuristics constitute a family of optimization algorithms, also
known as approximation algorithms, designed to solve challenging optimization problems
arising from operations research for which no classical, more efficient method is known. They
offer a solution to optimization problems regularly encountered by engineers and decision-
makers. Metaheuristics are typically iterative stochastic algorithms that progress towards an

optimum by sampling an objective function.

The execution of metaheuristics unfolds in three phases: Diversification, Intensification,
and Memorization. Diversification ensures thorough coverage of the solution space and
identifies "promising" areas [156]. Intensification delves deeper into the search within each
localized promising area, and Memorization supports learning, enabling the algorithm to
consider only areas where the optimum is likely to be found and retain past results to guide
optimization in subsequent iterations. Metaheuristics iteratively and alternately progress
between diversification, intensification, and learning phases. The original phase is often chosen
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randomly, and the algorithm continues until a stopping criterion is met. Metaheuristics are often
inspired by natural systems, whether in physics (as in simulated annealing), evolutionary
biology (as in genetic algorithms), or ethology (as in walrus optimization algorithm or particle

swarm optimization).
111.5. The algorithm of walrus optimization

WaOA is an algorithm that draws inspiration from nature and mimics walrus behavior in
its quest for food. WaOA is capable of efficiently exploring the search space and identifying
better solutions by first randomly initializing the population of walruses and then rearranging
them in accordance with their fitness values [157]. A walrus image is shown in Figure 111.2.

Figure I111.2: Walrus photo.

111.5.1. Mathematical principle of the waOA method

The search for the best position by the WaOA algorithm is structured into the following

three steps:
111.5.1.1.  Algorithm initialization

Walruses constitute the search members of the WaOA population-based metaheuristic
algorithm. Each walrus in WaOA represents r a potential solution for the optimization problem.
However, the potential values for the problem variables are determined by the location of each

walrus within the search space. Consequently, each walrus is represented as a vector, and the
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so-called population matrix is used to numerically represent the walrus population. When
WaOA is initially implemented, the walrus populations are ramdomly initialized. Equation
(111.1) is employed to determine this WaOA population matrix.

[Xl_l |'x1,1 cee xl,j s xl,m]
| ¢ | k R '
X=|Xi| =X v Xyj ot Xim (111.1)
N Nxm lxN,l cee xN,j s xN,mJNxm

where N is the number of walruses, m is the number of decision variables, X; is the ith
walrus (candidate solution), and x; ; is the value of the jth choice variable recommended by

the ith walrus.
111.5.1.2. Feeding strategy (exploration phase)

Each walrus' location is updated by migrating towards the most powerful walrus, which
represents the most effective solution discovered thus far. As per Equations (111.2) and (111.3),
the feeding behavior of the walruses serves as the basis for the mathematical depiction of how

to update their locations.

P1 =xi_j+Tandi,j~(SW}-—Ii,j~xi_j) (“|2)

Xl,]

Py Py :
Xiz{Xi’ F* <F, (111.3)

X;, else,

For every walrus i*", new placements xf} are produced in the first WaOA phase

according to the feeding strategy. The new position's jt* dimension is xf}. The new position
of the walruses is x; ;, which reflects the location of particle i in dimension j, after calculating

the function of goal FiP1 at this new location. On the other hand, X; is a vector that includes the

location in every dimension. With rand; ;, randomization is introduced by producing numbers

g
between 0 and 1. The most powerful walrus that directs motion is SW . In order to expedite

the exploration phase, I; ; are randomly selected integers of 1 or 2. Wider jumps are produced
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by I; j= 2 as opposed to 1 for regular steps. This widens the search field, making it easier to
locate new, promising regions and break free from local optima. In conclusion, a randomized
method biased towards the best solution to date is used in the first phase to update positions.
Large steps every now and then improve worldwide exploration to stay out of trouble.

111.5.1.3.  Migration

Each walrus updates its position by moving towards the location of a different walrus
chosen at random. WaOA employs this migratory process to guide the walruses as they explore
the search space and help them find advantageous areas. Equations (111.4) and (I11.5) provide

the formal expression of this behavioral process.

p, _ [xij+rand;;- (cwj—1ij xij), Foe<F, (14
2 Xij + ‘r‘andi,j . (xl-,j - xk,j), else , .
) P, :
x, =% o <h (111.5)
Xi, else,

The freshly created location of the it" walrus, obtained from the second phase, is

represented by xfj. The symbol for its location on the j* dimension is xfj. The value of its

objective function is FiPZ. X, denotes the position of the chosen walrus to which the i* walrus
is migrated, where k € {1, 2... N} and k # i. The location of the k" walrus on the j* dimension

is represented by x; ;, and its objective function value is indicated by Fj.

111.5.1.4.  Fighting and getting away from predators (exploitation phase)

WaOA enhances its food-finding capabilities by imitating walrus behavior in its native
habitat. WaOA can enhance search space exploration and solution generation by modeling the
way walruses change posture in response to threats. The method creates a virtual neighborhood
around each walrus and uses Equations (111.6) and (111.7) to randomly generate new places
within this range. Equation (111.8) states that if the objective function is improved with this new
position, it replaces the previous one. WaOA's efficacy in local search and landscape adaption

is improved by this behavior simulation.
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P3

xi,j = Xi,j + (lbltocal,j + (ubltocal,j — rand - lbltocal,j)) (“I-G)

Lb;

t —
lblocal,j - T'

Local bounds : (1n.7)

ubl, 0 i = ubj
local,j — t )

P3 P3 ,
Xiz{Xi’ fim <F (111.8)

Xi, else,

Here, the newly formed location of the it" walrus utilizing the third phase is denoted as

P3
i,j

xfj . The coordinates x; 3 indicate where it is on the j** dimension. The value of its objective

function is denoted by Fip 3. The iteration cycle is represented by t. The lower and upper bounds
of the j* parameter are represented by the symbols Lb; and b; , respectively. Furthermore, the
locally allowed lower and upper limits for the j* parameter are represented by the symbols

Ibfycar; and ubj,.q j, respectively, simulating localized exploration close to possible solutions.

I11.6. Modified walrus optimization algorithm by levy flight

The rapid evolution within engineering and scientific domains presents a growing set of
challenges for optimization algorithms tasked with solving intricate problems. In response,
there is a burgeoning focus on enhancing algorithms to cope with evolving complexities. This
emphasis on algorithm improvement has become a pivotal research area, aimed at elevating the

efficiency and adaptability of algorithms [158, 159].

One notable stride in this ongoing journey of algorithm enhancement involves the
assimilation of levy flight. Levy flight, a stochastic process characterized by occasional
extensive jumps, draws inspiration from the flight patterns observed in certain animals. This
integration seeks to introduce a more robust exploration mechanism into optimization
algorithms. The distinct characteristics of levy flight, particularly its capacity to explore larger
solution spaces through occasional substantial steps, render it a valuable addition to algorithms

aiming to strike a balance between exploration and exploitation [160].
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In our specific case, modifications were implemented within the Walrus Optimization
Algorithm (WOA), originally designed to emulate the cooperative hunting behavior of
walruses. The integration of levy flight into WOA serves the purpose of further amplifying its
exploration capabilities while addressing limitations linked to premature convergence and
constrained exploration. By permitting occasional significant leaps in the solution space, levy
flight facilitates the escape from local optima and fosters a more thorough search for optimal

solutions.

This decision to integrate levy flight into the walrus optimization algorithm aligns
seamlessly with the overarching goal of staying at the forefront of algorithmic advancements.
It signifies a strategic move to leverage the advantages of nature-inspired strategies, ultimately
enhancing the algorithm's overall performance, adaptability, and efficiency in addressing

complex optimization challenges.

The specific modification involves bolstering the exploration phase of the WaOA
technique. This is achieved by updating the locations of the walrus agents around the best
solution using the Levy Flight distribution, as outlined in equation (111.9). This modification
strategically enhances the algorithm's ability to exploit promising regions, contributing to its

effectiveness in finding optimal solutions.

x5 (t + 1) = 15Best (£) = 7yx () + Gy - Ly - (3 (8) = 2, () (111.9)

where 73 and r, refer to random values in the rang [0, 1]. x(; j,(t) and Best (t) represent
the current location of the Walrus and the best location, respectively. The position x ;. j(t) is
chosen randomly among the positions of the walrus agents, different from x; ;(¢t). C; =

21, (1 — T /Tyax) represents an operator that measures the intensity of the Levy flight. Ly is the

Levy flight function which can be measured as follows:

uxo

Ly = 0.05 X o7 (111.10)

In which
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[ T@+p) xsin@p/2) \"* (111.11)
B (r((1 +B)/2) x B X 2(ﬁ-1>/2) '

where, u and v denote random values that can be obtained from the normal distribution.

S refers to a constant that is 1.5.

The flowchart of MWaOA algorithm is shown in Figure 111.3.
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Figure 111.3: The flowchart of the MWaOA.
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I11.7. Simulation results

The effectiveness of the suggested Modified Walrus Optimization Algorithm (MWaOA)
was assessed by contrasting it with a number of well-known optimization techniques. These
included Sand Cat Swarm Optimization (SCSO) [161], Triangulation Topology Aggregation
Optimizer (TTAO) [162], Zebra Optimization Algorithm (ZOA) [163], Gray Wolf
Optimization (GWO) [164], Sine Cosine Algorithm (SCA) [165], Artificial Rabbits
Optimization (ARO) [166], Dandelion Optimizer (DO)[167] , and standard walrus behavior
(WaOA) [157]. Every method was developed using MATLAB 2021a and executed on a PC
equipped with an Intel i7 2.5 GHz CPU and 6 GB RAM. The purpose of the comparative study
was to evaluate the suggested MWaOA's performance in comparison to the most advanced

optimization methods available today.

11.7.1. Examining the MWaOA method using a selection of frequently

used test functions

In this work, we analyze the 23 classic functions listed in Tables I11.1, 111.2, and 111.3 [168]
[169] [170], using the suggested MWaOA technique. Table I11. 4 serves as the basis for setting
the parameters in all scenarios to guarantee uniformity. After conducting the experiment thirty
times, the findings are recorded. A schematic design of the partial pictures of 23 common

reference test functions is shown in Figure 111.4.

Table I11.1: Unimodal functions.

Dimensions  Fin Range Function
30 0 [-100, 100] fiGo) = ijlx,-z
30 0 [-10, 10] =" bl +] [
30 0 [-100, 100] A => (Z’ xi>
30 0 [-100, 100] fi)=max |x]|1<j<n
30 0 [-30, 30] i = 7 [10005. =57 + (= 1)
30 0 [-100, 100] fo) = Z;([x, +05])’
30 0 [-1.28, 1.28] fr(0) = lejx;-‘ + random(0,1)
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Table 111.2: Multimodal functions.
Dimensions  F,,;n, Range Function
30 -12.56  [-500, 500] A=Y =xsin( [is])
30 0 [-5.12, 5.12] £ =) [ ~ 10 cos(zm) + 10]
f10(x) = —20exp (—0.2\/%2? ij>
30 0 [-32, 32] =
- exp( Z cos(2mx;) + 20 + e)
30 0 [-600, 600] )= g5 ]_[( )1
fiz(x) = —{10 sin(mx,)
30 0 [-50’ 50] + Zj:(xj - 1)2[1 + 10 sin?(mzx;44)|
+ (x, — 1)2} + Zn_ u(x;,10,100,4)
fis(x) = 0.1{51'112 (3mx,)
+ Zn_ (x; — 1)°[1 + sin?(3mx; + 1)]
30 0 [-50, 50] + (xnn— D1+ sinZ(ann)]}
+ Z  u(x,5,100,4)
{s(x,- -v)" X >v
u(x;,v,s,h) = 0 —v< x<v
s(—x —v)" X <—v
Table 111.3: Fixed-dimension multimodal benchmark functions.
Dimensions  Fin Range Function
1 25 1 -
2 1 [-65536, 65.536] e = (555 2o ﬁ)
11 _%(b} +bx;) (b} + b, xz)
4 0.00030 [-5, 5] N D
2 -1.0316 [-5, 5] fie(x) = 4x% — 2.1x{ + 3x1 + X%, — 4x7 + 4x5
5.1 5 2 1
2 0.398 [_5’ 5] fir(x) = (xz—mx12+;x1—6) +10(1—§)cosx1
+ 10
fis() = [1+ (x; + x, + 1)%(19 — 14x, + 3x% — 14x,
6x,x, +3%3 )]
2 3 [-2,2] :r[;(c) i (erxlx— ;x2)2(18 —32x,
+ 12x7 + 48x, — 36x;%, + 27x% )]
3 -3.86 [, 3] Fo@ == gew (=) aii—p))
6 -332 [0, 1] fr0(x) = _ijlcj exp (— ijlaji (xi - pji)z)
4 -10.1532 [0, 10] ==Y [e=a)r-a) +o]"
4 -10.4028 [0, 10] fa == [(x=a)(x=a) +q]"
4 -10.5363 [0, 10] Fu == [x=a)(x—a) +o]
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Table 111.4: The optimization algorithms' chosen parameters.
Algorithms Parameter Value
Sensitivity range (rg) [2,0]
Phases control range (R) [ 2rg, 2rg]
SCSO[161] Maximum iteration 300
Populations 30
" [0,1]
2] [0,1]
T [0,1]
TTAO [162] T3 [0,1]
Ty [0,1]
Maximum iteration 300
Populations 30
a [0,1]
k [0,1]
DO [167] Populations 300
Maximum iteration 30
r [0,1]
SCA [165] Maximum iteration 300
Populations 30
L] [0’1]
2 [0,1]
GWO [164] Maximum iteration 300
Populations 30
Maximum iteration 300
ZOA [163] Populations 30
Maximum iteration 300
ARO [166] Populations 30
Maximum iteration 300
WaOA [157] Populations 30
Maximum iteration 300
MWaOA Populations 30

11.7.1.1 Examination of statistical results

The suggested MWaOA is compared to various optimization techniques in this section,
such as the traditional WaOA, ARO, GWO, DO, TTAO, ZOA, SCA, and SCSO. Table I11.5

presents statistical findings for each algorithm technique, including the mean, worst, standard

deviation (SD), and best.
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Table I11.5: Analytical results of several optimization techniques on the benchmark functions.

Fun. Algorithms Average Best Worst SD
TTAO 4,743490584 2,186719159 7,812885752 1,936006317
ZOA 5,05E-148 2,66E-154 3,03E-147 1,24E-147
SCA 218,438701 3,699481988 859,5647287 326,8358795
ARO 2,22E-36 1,27E-38 5,22E-36 2,29E-36
F1 SCSO 4,97E-69 9,72E-73 2,09E-68 8,56E-69
DO 0,001309467 0,000384983 0,00341229 0,001062139
GWO 3,40E-15 4,70E-16 8,94E-15 3,27E-15
WaOA 7,32E-169 1,16E-172 3,99E-168 0
MWaOA 0 0 0 0
TTAO 9,424183092 1,644455705 20,60803944 5,15997673
ZOA 2,76E-77 1,86E-82 4,18E-76 9,41E-77
SCA 0,326322096 0,038167436 1,053365013 0,29018973
ARO 2,08E-19 3,71E-23 2,59E-18 5,99E-19
F2 SCSO 7,37E-35 6,45E-38 1,42E-33 3,17E-34
DO 0,011268072 0,003916718 0,01781139 0,003234138
GWO 1,48E-09 2,97E-10 5,43E-09 1,14E-09
WaOA 1,74E-85 2,09E-89 2,89E-84 6,40E-85
MWaOA 3,87E-236 5,91E-241 5,99E-235 0
TTAO 1454,892 712,3401 2340,812 431,1617
ZOA 6,46E-85 9,64E-101 1,29E-83 2,89E-84
SCA 13328,9 4183,185 25045,26 5868,258
ARO 5,77E-22 6,96E-31 1,03E-20 2,29E-21
F3 SCSO 4,21E-56 1,12E-65 8,40E-55 1,88E-55
DO 161,0223 3,0728 623,1615 131,7561
GWO 7,67E-02 3,82E-04 5,86E-01 1,61E-01
WaOA 1,88E-125 8,29E-134 3,03E-124 6,77E-125
MWaOA 0,00E+00 0,00E+00 0,00E+00 0
TTAO 17,09088 10,73851 29,97114 5,485492
ZOA 7,86E-67 1,67E-71 1,07E-65 2,53E-66
SCA 44,79608 27,83024 69,81073 12,56874
ARO 6,32E-14 8,10E-19 2,93E-13 8,72E-14
F4 SCSO 5,28E-29 9,82E-35 5,94E-28 1,47E-28
DO 4,832629 0,651916 15,49904 3,79969
GWO 8,49E-04 1,47E-04 2,26E-03 6,68E-04
WaOA 1,55E-80 2,46E-83 1,21E-79 3,29E-80
MWaOA 2,59E-232 2,47E-240 2,34E-231 0
TTAO 3554,884 914,5005 20597,15 4219,463
ZOA 2,86E+01 2,80E+01 2,89E+01 2,98E-01
SCA 191189,7 3571,064 843823,9 237536,5
ARO 3,89E+00 5,46E-02 2,72E+01 8,07E+00
F5 SCSO 2,81E+01 2,62E+01 2,88E+01 7,36E-01
DO 35,48766 25,08149 92,6144 20,31688
GWO 2,69E+01 2,61E+01 2,79E+01 5,65E-01
WaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
MWaOA 0,00E+00 0,00E+00 0,00E+00 0
TTAO 3,948525 1,365282 12,48421 2,529383
6 ZOA 3,13E+00 1,48E+00 4,74E+00 8,12E-01
SCA 125,0794 12,52875 546,5877 147,5893
ARO 2,26E-02 4,06E-03 7,28E-02 1,56E-02
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SCSO 2,07E+00 1,03E+00 3,47E+00 6,00E-01
DO 0,000237 7,78E-05 0,00052 0,000116
GWO 1,02E+00 2,58E-01 2,00E+00 3,99E-01
WaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
MWaOA 0,00E+00 0,00E+00 0,00E+00 0
TTAO 0,47237 0,223985 0,853949 0,177411
ZOA 1,83E-04 3,33E-05 5,24E-04 1,35E-04
SCA 0,305572 0,024549 0,790963 0,219393
ARO 1,08E-03 9,07E-05 2,91E-03 8,05E-04
F7 SCSO 3,70E-04 1,61E-05 1,31E-03 4,07E-04
DO 0,033625 1,50E-02 0,068954 0,014127
GWO 4,35E-03 1,11E-03 8,80E-03 2,10E-03
WaOA 9,04E-05 8,44E-06 2,35E-04 5,77E-05
MWaOA 4,33E-05 2,58E-06 1,10E-04 2,94E-05
TTAO -7602,92 -8521,21 -6889,56 422,3522
ZOA -6,31E+03 -7,31E+03 -4,90E+03 5,82E+02
SCA -3560,45 -3956,55 -3181,6 212,1354
ARO -9,58E+03 -1,04E+04 -8,75E+03 4,80E+02
F8 SCSO -6,51E+03 -7,54E+03 -5,28E+03 6,71E+02
DO -7808,14 -9,92E+03 -6310,28 863,9655
GWO -5,50E+03 -6,71E+03 -2,64E+03 1,04E+03
WaOA -8,48E+03 -9,02E+03 -6,62E+03 5,77E+02
MWaOA -1,98E+05 -2,39E+06 -7,36E+03 5,31E+05
TTAO 72,36106 36,96365 100,6566 19,19289
ZOA 3,53E+00 0,00E+00 7,06E+01 1,58E+01
SCA 68,37239 5,638867 173,4022 45,86052
ARO 0,00E+00 0,00E+00 0,00E+00 0,00E+00
F9 SCSO 0,00E+00 0,00E+00 0,00E+00 0,00E+00
DO 29,37103 8,11E+00 73,89074 16,29224
GWO 1,02E+01 2,77E-11 4,59E+01 9,72E+00
WaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
MWaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
TTAO 6,521846 3,635202 8,627524 1,487937
ZOA 8,88E-16 8,88E-16 8,88E-16 0,00E+00
SCA 14,63171 0,537291 20,31696 7,816035
ARO 1,24E-15 8,88E-16 4,44E-15 1,09E-15
F10 SCSO 8,88E-16 8,88E-16 8,88E-16 0,00E+00
DO 0,083329 3,84E-03 1,523692 0,33904
GWO 1,38E-08 3,96E-09 4,34E-08 9,38E-09
WaOA 2,31E-15 8,88E-16 4,44E-15 1,79E-15
MWaOA 8,88E-16 8,88E-16 8,88E-16 0,00E+00
TTAO 0,329282 0,119308 0,57801 0,129054
ZOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
SCA 3,622114 0,467573 16,96208 4,14095
ARO 0,00E+00 0,00E+00 0,00E+00 0,00E+00
F11 SCSO 0,00E+00 0,00E+00 0,00E+00 0,00E+00
DO 0,018158 8,21E-04 0,047488 0,015158
GWO 6,01E-03 4,11E-15 2,65E-02 1,08E-02
WaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
MWaOA 0,00E+00 0,00E+00 0,00E+00 0,00E+00
F12 TTAO 21,97507 5,99451 97,12421 20,65217
ZOA 2,34E-01 4,99E-02 5,00E-01 1,06E-01
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SCA 108344,3 6,107985 849753,6 235337,3
ARO 1,51E-03 2,22E-04 5,37E-03 1,48E-03
SCSO 1,10E-01 5,09E-02 2,18E-01 4,86E-02
DO 0,17853 6,16E-06 1,666394 0,436488
GWO 6,30E-02 2,29E-02 2,03E-01 4,16E-02
WaOA 1,57E-32 1,57E-32 1,57E-32 2,81E-48
MWaOA 1,57E-32 1,57E-32 1,57E-32 2,81E-48
TTAO 69,94719 14,06542 156,813 35,34528
ZOA 2,25E+00 1,69E+00 2,88E+00 3,23E-01
SCA 4568193 9805,383 56074535 12385981
ARO 1,86E-02 4,35E-04 1,08E-01 2,58E-02
F13 SCSO 2,48E+00 1,14E+00 2,89E+00 3,86E-01
DO 0,002541 7,27E-05 0,011408 0,004516
GWO 8,07E-01 3,08E-01 1,38E+00 2,91E-01
WaOA 1,35E-32 1,35E-32 1,35E-32 2,81E-48
MWaOA 1,35E-32 1,35E-32 1,35E-32 2,81E-48
TTAO 1,886771 0,998004 5,928845 1,807386
ZOA 1,84E+00 9,98E-01 5,93E+00 1,12E+00
SCA 2,232872 0,998007 10,76318 2,217235
ARO 9,98E-01 9,98E-01 9,98E-01 1,61E-16
F14 SCSO 3,12E+00 9,98E-01 1,08E+01 2,77E+00
DO 1,047705 9,98E-01 1,992031 0,222271
GWO 5,21E+00 9,98E-01 1,08E+01 3,96E+00
WaOA 1,05E+00 9,98E-01 1,99E+00 2,22E-01
MWaOA 1,05E+00 9,98E-01 1,99E+00 2,22E-01
TTAO 0,001109 0,000479 0,002164 0,000592
ZOA 3,66E-04 3,08E-04 6,01E-04 1,16E-04
SCA 0,001205 0,000763 0,00159 0,000345
ARO 3,21E-04 3,08E-04 3,45E-04 1,73E-05
F15 SCSO 3,46E-04 3,08E-04 5,23E-04 8,68E-05
DO 0,004146 3,07E-04 0,020363 0,007955
GWO 7,09E-03 4,00E-04 2,04E-02 1,03E-02
WaOA 4,60E-04 3,07E-04 1,22E-03 3,74E-04
MWaOA 3,27E-04 3,07E-04 4,24E-04 4,77E-05
F16 TTAO -1,03163 -1,03163 -1,03163 1,40E-16
ZOA -1,03E+00 -1,03E+00 -1,03E+00 9,52E-11
SCA -1,03154 -1,03161 -1,03143 5,99E-05
ARO -1,03E+00 -1,03E+00 -1,03E+00 1,72E-16
SCSO -1,03E+00 -1,03E+00 -1,03E+00 8,52E-10
DO -1,03163 -1,03E+00 -1,03163 1,93E-11
GWO -1,03E+00 -1,03E+00 -1,03E+00 5,58E-08
WaOA -1,03E+00 -1,03E+00 -1,03E+00 0,00E+00
MWaOA -1,03E+00 -1,03E+00 -1,03E+00 0,00E+00
TTAO 0,397887 0,397887 0,397887 0,00E+00
ZOA 3,98E-01 3,98E-01 3,98E-01 5,16E-09
SCA 0,40029 0,398437 0,402798 1,72E-03
ARO 3,98E-01 3,98E-01 3,98E-01 0,00E+00
F17 SCSO 3,98E-01 3,98E-01 3,98E-01 5,20E-08
DO 0,397887 3,98E-01 0,397887 2,56E-11
GWO 3,98E-01 3,98E-01 3,98E-01 3,08E-06
WaOA 3,98E-01 3,98E-01 3,98E-01 0,00E+00
MWaOA 3,98E-01 3,98E-01 3,98E-01 0,00E+00
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TTAO 3 3 3 2,63E-15

ZOA 3,00E+00 3,00E+00 3,00E+00 1,51E-05

SCA 3,000196 3,000036 3,000835 3,15E-04

ARO 3,00E+00 3,00E+00 3,00E+00 2,18E-15

F18 SCSO 3,00E+00 3,00E+00 3,00E+00 4,15E-05
DO 3 3,00E+00 3 2,85E-08

GWO 1,65E+01 3,00E+00 8,40E+01 3,31E+01

WaOA 3,00E+00 3,00E+00 3,00E+00 6,59E-16

MWaOA 3,00E+00 3,00E+00 3,00E+00 6,88E-16

TTAO -3,86278 -3,86278 -3,86278 3,44E-16

ZOA -3,73E+00 -3,86E+00 -3,09E+00 3,15E-01

SCA -3,84944 -3,85468 -3,83556 7,00E-03

ARO -3,86E+00 -3,86E+00 -3,86E+00 1,99E-16

F19 SCSO -3,86E+00 -3,86E+00 -3,86E+00 1,80E-03
DO -3,86278 -3,86E+00 -3,86278 2,66E-08

GWO -3,86E+00 -3,86E+00 -3,85E+00 3,59E-03

WaOA -3,86E+00 -3,86E+00 -3,86E+00 0,00E+00

MWaOA -3,86E+00 -3,86E+00 -3,86E+00 0,00E+00

TTAO -3,3186 -3,322 -3,3032 7,57E-03

ZOA -3,30E+00 -3,32E+00 -3,20E+00 4,89E-02

SCA -2,87325 -3,00794 -2,24282 3,09E-01

ARO -3,28E+00 -3,32E+00 -3,20E+00 6,14E-02

F20 SCSO -3,20E+00 -3,32E+00 -3,02E+00 1,37E-01
DO -3,28236 -3,32E+00 -3,20308 6,14E-02

GWO -3,28E+00 -3,32E+00 -3,09E+00 9,28E-02

WaOA -3,30E+00 -3,32E+00 -3,20E+00 4,85E-02

MWaOA -3,26E+00 -3,32E+00 -3,20E+00 6,51E-02

TTAO -10,1179 -10,1532 -9,95823 7,85E-02

ZOA -9,30E+00 -1,02E+01 -5,06E+00 2,08E+00

SCA -1,48882 -2,10484 -0,88072 5,04E-01

ARO -1,02E+01 -1,02E+01 -1,02E+01 2,01E-10

F21 SCSO -5,06E+00 -5,10E+00 -5,06E+00 1,85E-02
DO -6,80355 -1,02E+01 -2,63047 3,78E+00

GWO -8,90E+00 -1,02E+01 -2,63E+00 3,07E+00

WaOA -1,02E+01 -1,02E+01 -1,02E+01 1,59E-15

MWaOA -9,30E+00 -1,02E+01 -5,06E+00 2,08E+00

TTAO -10,3664 -10,4029 -10,2897 5,37E-02

ZOA -9,52E+00 -1,04E+01 -5,09E+00 2,17E+00

SCA -1,74216 -3,52313 -0,52399 1,16E+00

ARO -9,52E+00 -1,04E+01 -5,09E+00 2,17E+00

F22 SCSO -5,59E+00 -1,04E+01 -2, 77E+00 2,54E+00
DO -6,74183 -1,04E+01 -2,75193 4,03E+00

GWO -9,51E+00 -1,04E+01 -5,09E+00 2,17E+00

WaOA -1,04E+01 -1,04E+01 -1,04E+01 0,00E+00

MWaOA -8,63E+00 -1,04E+01 -5,09E+00 2,74E+00

TTAO -10,0412 -10,5364 -8,43827 8,53E-01

ZOA -9,64E+00 -1,05E+01 -5,13E+00 2,21E+00

SCA -4,19986 -6,94689 -0,94858 1,92E+00

F23 ARO -1,05E+01 -1,05E+01 -1,05E+01 2,71E-06
SCSO -7,83E+00 -1,05E+01 -5,13E+00 2,96E+00

DO -6,12043 -1,05E+01 -2,42734 3,61E+00

GWO -1,05E+01 -1,05E+01 -1,05E+01 2,57E-03
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WaOA -8,73E+00 -1,05E+01 -5,13E+00 2,79E+00
MWaOA -9,64E+00 -1,05E+01 -5,13E+00 2,21E+00

According to Table Ill. 5, the proposed MWaOA optimizer outperforms the others in
terms of the mean and best values for most of the studied functions. Based on this, compared
to the other optimizers, the MWaOA optimizer was able to locate both the best solution and

better options on average.
111.7.1.2.  Analysis of the convergence curves

The convergence plots of the MWaOA algorithm and other previously documented
methods, including SCSO, GWO, DO, TTAO, ARO, ZOA, CDO, and standard WaOA, are

shown in Figure 111.5.
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Figure 111.5: Convergence analysis of various optimizers on test benchmark functions.

Based on the convergence curves, it was demonstrated that the suggested MWaOA
method is quicker and more accurate than previous algorithms. The suggested alteration to the
WaOA algorithm improves its exploration stage, enabling it to reach an optimal solution faster
than the conventional WaOA method.

111.7.1.3. Examining data using boxplots

Boxplot graphs are a useful tool for examining data distribution characteristics because
they efficiently illustrate patterns of data [171]. The boxplots for the suggested MWaOA
approach and other known optimization strategies are displayed in Figure 111.6. MWaOA's

boxplots clearly show a narrower spread than those of the other optimization methods.
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Figure 111.6: Boxplot assessment with different techniques applied to test functions.
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111.8. Conclusion

This chapter has presented a Modified Walrus Optimization Algorithm (MWaOA) that
integrates Levy flight to enhance its capabilies in searching for optimal solution. The

performance of MWaOA was evaluated on 23 benchmark functions and compared against
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several state-of-the-art optimization algorithms including Sand Cat Swarm Optimization

(SCSO0), Triangulation Topology Aggregation Optimizer (TTAO), Dandelion Optimizer (DO),
Gray Wolf Optimization (GWO), Zebra Optimization Algorithm (ZOA), Sine Cosine

Algorithm (SCA), Artificial Rabbits Optimization (ARO), and standard walrus behavior

(WaOA).The results analysis, including statistical findings, convergence plots, and boxplots,

demonstrated MWaOA's superior optimization ability over these existing methods.
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Specifically, MWaOA attained better solutions on average and identified optimal solutions with
fewer iterations. The modifications made to the standard WaOA's feeding, migration, and
predator escape mechanisms allowed more thorough exploration via occasional longer jumps.

This facilitated escaping local optima and discovering new promising areas.

Overall, the proposed MWaOA displayed faster convergence and consistently
outperformed its competitors across diverse problem landscapes. This affirms the benefits of
assimilating Levy flight to amplify the exploration-exploitation balance.
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Chapter IV Optimal Distribution Network Operation with Renewable Energy Sources

IV.1. Introduction

This chapter explores the optimal locations and sizes of Renewable Energy Resources in
two distinct scenarios. The first scenario assumes the absence of uncertainty, while the second
scenario incorporates the presence of uncertainty. The effectiveness of the presented methods
is evaluated through testing on various test cases, encompassing standard IEEE EDNs such as
IEEE 33-Bus and IEEE 69-Bus. The analyzed cases are comprehensive, including the optimal
integration of Photovoltaic (PV) units and wind turbines (WT). The methodologies employed
consist of the presented methods and a forward-backward sweep-based power flow algorithm.
The implementation of the program code is executed in MATLAB software, with simulations
conducted on a PC featuring an i7-3537U CPU operating at 2.5 GHz and 6 GB RAM, using
MATLAB 2021a. The ensuing section will presents and will discusses all simulation results for
the test cases. The suggested methods have a fixed population size and a maximum iteration
count set at 30 and 100, respectively. This chapter is structured to examine applied algorithms
for both single and multi-objective functions, encompassing technical and economic objective

functions.
Iv.2. Case study of a system in the absence of uncertainty (24-hour period)

This case study focuses on a thorough examination of a system operating over a 24-hour
period in a controlled environment devoid of uncertainty. By isolating the system from
unpredictable factors, our aim is to unravel its inherent behavior and characteristics. This initial
exploration lays the foundation for a clearer understanding of the system's dynamics, paving
the way for subsequent analyses that will consider the impact of uncertainties on its
performance. In Figure IV.1, the day-ahead load demand is depicted, providing a
comprehensive view of the anticipated load requirements. Concurrently, Figure 1V.2 showcases
the market price for energy procurement, offering insights into the economic aspects of the
energy market. Furthermore, Figures 1V.3, IV.4, and IV.5 delve into critical meteorological
factors, presenting the expected wind speed, irradiance, and temperature, respectively. These
visualizations contribute to a holistic understanding of the dynamic elements influencing the

energy system, aiding in strategic decision-making and resource planning.
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Figure IV.1: The load profile.
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Figure 1V.2: The price profile.
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Figure 1V.4: The temperature profile.
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Figure 1V.5: The wind speed profile.
IvV.2.1. Single objective function

IV.2.1.1. Total real power loss minimization

The computation of total real power losses TRPL in an EDN with NT branches is
elucidated through equations [172]:

TRPLRESS) (IV.1)

f=min (TRPLBase

24 NT

TRPL == Z Z PLOSS(l',h) (|V2 )
h=1i=1

p2. +Q2'
s(i,h) s(i,h) R; (IvV.3)

2
Prossiny = [lam| Ri = ( 2
[Vscim|
where P; and @ are the active and reactive powers flowing through the line, respectively,
|| is the voltage magnitude at the sending end bus of the branch, and |I| indicates the amount

of branch current. RESs and Base are subscripts refer to with RESs and the base case,
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respectively. R is the resistance of the branch.
IV.2.1.2.  Inequality and equality constraints
The objective function must satisfy all equality and inequality constraints.

IV.2.1.2.1. Inequality constraints

Vimin < Vin) < Vinax (IvV.4)
Ns Ns NB
Z PPV_rated(i,h) + Z PWT_rated(i,h) = Z PLoad(i,h) (IV-S )
i=1 i=1 i=1
PFin < PFipy < PEpay  i=12,..,Ns (IV.6)
Iy < Inax,i i=12,..NT (IV.7)

where the lower and upper voltage limitations are denoted by V,,,;,, and V..., respectively.
P, ,q.a represents the real load. The number of buses in the network is specified by NB. I,,,,, IS
the maximum allowable current limit of the line. Ppy ;qteq @Nd Pyyr rqreq are the maximum
amount of power that the PV and WT system can generate. The WT power factor has a
minimum of PF,,;,, and a maximum of PF,,,,.. The photovoltaic farms' power factor have to be

one. The PV/WT system number is N's.

I\VV.2.1.2.2. Equality constraints

Ns Ns NT NB
Pss p + z Ppy(in) + Z Pyriny = Z Pross(in) T Z Proaacin (1vV.8)
i=1 i=1 i=1 i=1
Ns NT NB
Qssn + 2 Qwrin = Z Qrossiih) T Z Qroad(ih) (IV.9)
i=1 i=1 i=1
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where the main network's hourly reactive and real powers are denoted by Qss , and Pss p,
respectively. The hourly generated power from the system's WTs and PVs is indicated by the

variables Py,r(; ny and Ppy ; p).
I\V.2.2. Results of IEEE 33-bus and 69-bus for single objective function

In this study, the proposed MWaOA algorithm was evaluated using EDN of 33-bus and
69-bus under various scenarios for PVs and WTs unit allocation. The IEEE 33-bus EDN, as
illustrated in Figure V.6, consists of 33 buses and 32 branches and was used as a test case. The
total load on this radial system is 3715 kW and 2300 kVAR. The IEEE 69-bus EDN, which
contains 69 buses and 68 branches, was also used as a test case. This system has a total load of
3802.19 kW and 2694.6 kVAR, as illustrated in Figure 1V.7. The maximum number of PVs and
WTs that were installed for the test systems was limited to four (two PVs with two WTSs). The
goal of this study was to locate and optimally size the PVs and WTs with an optimal power
factor of WTs by minimizing the total real power loss through the application of the MWaOA
and standard WaOA. The lines and buses data of this system are given in Appendix A and

Appendix B.

23 24 25

_|_|_

26 27 28 29 30 31 32 33

SubStation 1 2 3| 4 5 6| 7 8 9 10 11 12 13 14 15 16 17 18
@ | | FH L | | |
| 1 1 |

Slack

bus 19 20 21 22

Figure 1V.6: Schematic diagram of the IEEE 33-bus EDN.
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Figure IV.7: Schematic diagram of the IEEE 69-bus EDN.

Table IV.1 shows the selected limits of system voltage, area sizes of the solar PV units,

the number of wind units, and the power factor of the generators of the wind turbine.

Table 1V.1: Grid and generators constraints.

Generator and grid constraints Value
Bounds of voltage 09p.u<V <1.05p.u
Area sizes 0 < area < 15000 m?
WT sizes 0 < WT < 16 turbines
PV's power factor 1
WT's power factor 0.7<PF<1

Table IV.2 presents the findings from the case studies that were conducted on the 33-bus
system. The table shows the effects of integrating WTs and PVs on the system. Over all, it
provides information on how PVs and WTs may enhance the functionality of energy-using

distribution systems.
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Table 1V.2: The energy management solutions for the single function of the IEEE 33 EDN.

ltem Without RESs MWaOA WaOA
Energy losses (kWh) 3829.200 843.6964 910.0934
) . 7 3
Optimal location of PVs - o5 6
) . 12 30
Optimal location of WTs - 30 10
Optimal area of the solar ] 5908.6 1147.3
module (m?) 8863.7 4650.2
) ) 896.8 174.17
Optimal size PVs (kW) 1345.4 205.8
) ) 1250 1250
Optimal size WTs (kW) - 1250 1250
0.8819 0.7000
Ideal PF for WTs - 0.7026 0.8735
Best objective function 1 0.2203 0.2377

The primary objective of this study was to enhance the efficiency of an electrical EDN
by minimizing total energy losses through the integration of RESs. The findings underscore the
efficacy of the Modified Whale Optimization Algorithm (MWaOA) in achieving a substantial
reduction in total energy losses. In the absence of RESs within the EDN, the total energy losses
were quantified at 3829.200 kWh. However, through the application of the MWaOA algorithm
and strategic allocation of RESs, this value was significantly diminished to 843.6964 kWh. The
study pinpointed optimal locations for the deployment of photovoltaic (PV) units, identifying
nodes 7 and 25 as strategic points. Similarly, optimal positions for wind turbines (WTs) were
determined at nodes 12 and 30. The rated capacities of the WTs were specified as 1250 kW and
1250 kW, respectively. Furthermore, the surface areas allocated for solar modules were
measured at 5908.6 m? and 8863.7 m?. These results highlight the pivotal role of the MWaOA
algorithm in optimizing the placement and capacities of RESs, leading to a significant reduction
in total energy losses within the EDN. The strategic integration of PV units and WTs at
identified optimal locations showcases the potential for sustainable energy solutions to enhance

the overall performance of the network.

Figures IV.8 and IV.9 show the system voltage profiles with and without RESs. Based on
these figures, it can be inferred that the addition of the PV units and WTs has significantly
improved the voltage profile. Furthermore, as Figure 1V.10 illustrates, there has been a notable

reduction in power losses.
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Figure 1V.8: The voltage profile for the 33-bus without RESs.
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Figure 1VV.9: The voltage profile for the 33-bus with RESs.
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Figure 1V.10: Power losses without and with RESs for the 33-bus.

The convergence of the IEEE 33-bus system has been visually depicted in Figure IV.11.
This provides a clear picture of the performance of our proposed algorithm compared to the

standard one.

I
=== MWaOA []
m—WaOA

Best score

30 40 50 60 70 80 90 100
Iteration#

Figure 1V.11: Convergence curve of the IEEE 33-bus system.
Based on Figure 1V.11, it is noteworthy that the MWaOA algorithm demonstrated faster
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convergence and achieved higher solution quality compared to the WaOA algorithme. The
MWaOA algorithm converged to solutions with a value of 0.2203, while the WaOA algorithm

converged to a slightly higher value of 0.2377 under the same scenarios.

The following table illustrates the results obtained from both the modified algorithm and
the conventional algorithm for the IEEE 69-bus electrical network. The comparison provides
insights into the performance differences between the two algorithms in optimizing the

network.

Table 1V.3: The energy management solutions for the single function of the IEEE 69 EDN.

Item Without RESs MWaOA WaOA
Energy losses (kwh) 4075.800 691.0835 715.8867
. : - 59 40
Optimal location of PVs 38 50
. : - 61 61
Optimal location of WTs 21 12
Optimal area of the solar - 6310.10 1606.10
module (m?) 2158.80 5743.90
. . 957.78 243.78
Optimal size PVs (kW) - 397 6750 871.8
. . - 2000 1750
Optimal size WTs (kW) 750 1250
- 0.7645 0.7262
Ideal PF for WTs 0.8521 0.8615
Best objective function 1 0.1696 0.1756

From the provided table, the efficiency of the modified algorithm is evident. Through its
implementation, we successfully reduced energy losses from 4075.800 to 643.5624 kWh by
incorporating PVs at nodes 59 and 38, with optimal areas of 6310.10 m? and 2158.80 m?,
respectively. Furthermore, WTs were integrated at nodes 61 and 21, with capacities of 2000
kW and 750 kW, respectively.

The results provided in Figures 1V.12 and V.13 highlight the impact of integrating PV
units and WTs on the system voltage profiles. The visual representation suggests a substantial
improvement in the voltage profile when RESs are introduced into the system. Moreover, the

observation from Figure 1V.14 reinforces the positive effect of incorporating PV units and WTs
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on the overall network performance. The noticeable reduction in power losses is a significant
outcome, emphasizing the potential of renewable energy integration for enhancing system

efficiency and reliability.
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Figure 1V.12: The voltage profile for the 69-bus without RESs.
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Figure 1V.13: The voltage profile for the 69-bus with RESs.
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Figure 1V.14: Power losses without and with RESs for the 69-bus.

Figure IV.15 visually illustrates the convergence of the IEEE 69-bus system, offering a
distinct comparison between the performance of our proposed algorithm and the standard one.
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Figure 1V.15: Convergence curve of the IEEE 69-bus system.

Observing Figure 1V.15, it is significant to highlight that the MWaOA algorithm
exhibited quicker convergence and attained superior solution quality when compared to the

WaOA algorithm. Specifically, the MWaOA algorithm reached convergence with a solution
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value of 0.1696. Conversely, in identical scenarios, the WaOA algorithm achieved convergence
at a slightly higher value of 0.1756.

I\V.2.3. Multiple objective functions
Multiple objective functions are examined in this study, and they are as follows:
IVV.2.3.1. The minimization of costs

The considered objective function includes the cost of WT (Cy,r), the cost of PV units (Cpy), the
annual price of energy loss (C;,,ss), and the price of electricity procured from the grid (Cg,-i4). The total

annual price can be written as :

C = Cwr+ Cpy + Cross + Cgria (IV.10)
In which,
24
Cgria = 365 X z PGrid(h) X UGrid(h) (|V.11)
h=1

where Ug.iq is the price of buying energy from the network and Pg,.;q(n) is the hourly power taken

out of the grid.

24

Cross = 365 X Upgss X Z PT_Loss(h) (Iv.12)
h=1

where U, represents the expenditure associated with energy loss and Pr ;45n) indicates the

overall power losses during time h.

Cpy = CH¥E + COM (IV.13)

where C9%M denotes the maintenance and operating expenses for the PV unit, while

CH¥trepresents the installation cost of the PV system.
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Ns 24

COEM = 365 x U9SM x Z Z Poviiny (IV.14)
i=1h=1
CPyY = CF X Upy X Pratea_py (IV.15)

where Pyqe0q py IS the maximum amount of power that the PV system can generate, and CF is a

factor that influences how quickly the cost of the PV system is paid back.
Cwr = CEBt + C98M (1V.16)

where C33M is the wind’s maintenance and operating costs and C%¢ is the cost of installing
the WT.

Ns 24

COM = 365 x UEM x Z Z Purcin (IV.17)
i=1 h=1

where the maintenance and operating expenses for WTs and PVs are represented by U$%M and

USEM. Ns is the number of RESs with the system considered.
Cit" = CF X Uyr X Pratea wr (IV.18)

where Uy,+ and Upy stand for the corresponding purchasing costs of WTs and PVs. The rated
generated power of WT is denoted by Prqreq wr - Pwr(iny @and Ppy () denote the hourly produced

power from WTs and PVs of the ith system.

1 NP
CF = % (IV.19)

where NP and g are the system lifetime and interest rate of the PVs or WTSs, respectively.
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IV.2.3.2.  Increasing the voltage level

To ensure that the power grid operates efficiently and reliably, the voltage deviations should be
maintained within an allowable range, ideally close to 1 p.u. The definition of the overall voltage

deviation is:

24 NB

VD = 3" | (Vi — 1) (IV.20)
h=1i=1

where V{; y represents the hourly voltage of the ith bus and NB represents the number of buses

in the network.
IV.2.3.3. Enhanced system stability

The index for voltage stability of the bus j is as follows:

24 NT

TVSI = z Z VSIr(in (IV.21)
h=1i=1

4 2
VSLny = [Vsam| —4 (Prany Xi — Qrany Ri)” — 4(Prmy Ri

i (IV.22)
+ Qriiny X0 Vs |

where VSI,; ) Is the voltage stability index for the receiving end bus of branch i. P,.; and Q,;
define the real and reactive power flow of the branch i , near the receiving end bus, respectively. X; and
R; represents the reactance and resistance of the transmission line. V,; 5y is the hourly voltage of the

sending end bus of branch i.
I\VV.2.3.4. Total real power loss minimization

The equation for TRPL was discussed in the previous section.

24 NT

TRPL = z Z PLOSS(i,h) (|V23 )

h=1i=1
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The optimization takes into account the following four goal functions concurrently. To
simplify the problem, we transformed the multi-objective function into a single-objective

function.

mln(F) = min(€1F1 + SZFZ + €3F3 + €4F4_) (IV24)
Cc
F, = RESS (IV.25)
CBase
TVDggss
F, = V.26
2 TVDBase ( )
Fy = — (IV.27)
37T TVSI '
_ TRPLgpgss

=5 V.28
Fa TRPLpgs, ( )

€1, &, £5and g, are the weight of each part of objective function that the sum of the values

of theses coefficients must be equal to one.

IV.2.4. Results of IEEE 33-bus and 69-bus for multiple objective

function

In this section, the MWaOA approach is employed to optimize the operation and identify
the optimal locations for four RESs, comprising two PV units and two WT, within the IEEE 33
and 69 EDN. Table IV.4 provides an overview of the operational constraints alongside the

pricing variables for RESs.

Table 1V.4: The constraints and the cost coefficients.

Parameter Value
WT cost [173]
The investment cost (Uy,r) 1400 USD/kW
The maintenance and operation costs (U35M 0.01 USD/kWh
The interest rate (Byr) 10%
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The lifetime (NPy, 1) 20
PV cost [74]
The investment cost (Upy) 770 USD/kW
The maintenance and operation costs (US%M) 0.01 USD/kWh
The interest rate (Bpy) 10%
The lifetime (NPpy) 20

Cost coefficients [174]

The energy loss cost (Upyss)

0.06 USD/kWh

Constraints of grid and generators

Voltage boundaries [175] 09p.u<s<V<1llp.u
Area sizes 0 < area < 15000 m?
WT sizes 0 < WT < 15 turbines
Power factor of the PV 1
Power factor of the WT 0.7<PF<1

The results of the case studies conducted on the 33-bus system are shown in Table IV.5.

This table illustrates how integrating WTs and PVs affects the system. Overall, it offers insights

into how PVs and WTs might enhance the performance of energy-consuming EDNSs.

Table IV.5: The energy management solutions for the multiple function of the IEEE 33 EDN

Item Without RESs MWaOA WaOA
Energy losses (kwh) 3829.20 835.6340 936.8425
Optimal location of PVs - 274 gg
Optimal location of WTs - ig 390
Optimal area of the solar i 8467.20 2661.1
module (m?) 9584.40 9550.80
Optimal size PVs (kW) - ﬁgié 14 4043597
Optimal size WTs (kW) - 1(2)(5)8 ggg
Ideal PF for WTs - 8;(7)(2)2 8%(2)%
2VD(p.u) 37.3582 10.3878 11.0175
2VSI (p.u) 632.3890 737.0128 742.4466
Total annual cost (USD) 7496.90x103 3250.3x10° 3104.4x10°
Best objective function ) 0.2328 0.2387

95



Chapter IV Optimal Distribution Network Operation with Renewable Energy Sources

Upon analysis, the proposed MWaOA algorithm demonstrated notable achievements in
reducing costs, enhancing voltage stability, minimizing total energy losses, and mitigating
voltage deviations. In the absence of Renewable Energy Sources integration into the EDN, the
total annual cost stood at 7496.90 USD. However, with the strategic implementation of the
MWaOA algorithm and RESs allocation, this cost markedly decreases to 3250.3x10° USD. The
voltage deviations show a significant reduction from 37.3582 per unit (p.u.) to 10.3878 p.u.,
accompanied by an increase in the Voltage Stability Index from 632.3890 p.u. to 737.0128 p.u.
The total energy losses were reduced from 3829.20 kWh to 835.6340 kWh.

The optimal locations for the systems within the EDN were identified as nodes 7, 24, 30,
and 13 respectively. The Wind Turbines (WTs) are rated at 1250 kW and 1000 kW, while the

corresponding areas for the solar modules are 8467.20 m2 and 9584.40 m2,

Figure 1V.16 shows the system voltage profiles with RESs in IEEE 33 EDN. Based on
this figure, it can be inferred that the addition of the PV units and WTs significantly improved
the voltage profile.
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Figure 1V.16: The voltage profile for the 33-bus with RESs for multiple objective function.

Figure 1V.17 shows a graphical representation of the convergence of the IEEE 33-bus.
This provides a clear image of how well our suggested method performs in comparison to the

traditional one.
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Figure IVV.17: Convergence curve of the IEEE 33-bus system for multiple objective function.

Remarkably, based on Figure V.17, the MWaOA algorithm outperformed the WaOA in

terms of convergence speed and solution quality. The answers produced by the MWaOA

algorithm have a value of 0.2332. On the other hand, the WaOA algorithm converged to a

slightly higher value of 0.2734 under the identical conditions.

The results of the case studies conducted on the 69-bus system are shown in Table IV.6.

Table V. 6: The energy management solutions for the multiple function of the IEEE 69 EDN

Item Without RESs MWaOA WaOA
Energy losses (kwh) 4075.80 765.8708 869.0485
Optimal location of PVs - gg ég
Optimal location of WTs - % ggl)
Optimal area of the solar i 8752.80 8559.60
module (m?) 6249.60 6686.40
Optimal size PVs (KW) - 19128866 %223
Optimal size WTs (kW) - %88 iggg
Ideal PF for WTs - 8'3222 8'%2(1)
2VD(p.u) 38.0594 10.4854 13.2486
YVSI (p.uw) 1490.10 1608.10 1596.60
Total annual cost (USD) 7690.20x103 3224.10x10° 3207.50x10°
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Best objective function ; 0.2208 0.2448

Upon thorough analysis, the MWaOA algorithm showcased significant accomplishments
in cost reduction, voltage stability enhancement, minimization of total energy losses
minimization, and mitigation of voltage deviations. In the absence of RESs integration into the
EDN, the total annual cost amounted to 7690.20x10° USD. However, with the strategic
implementation of the MWaOA algorithm and allocation of RESs, this cost markedly dropped
to 3224.10x10° USD. Voltage deviations exhibited a substantial reduction from 38.0594 per
unit (p.u.) to 10.4854 p.u., coupled with an increase in the Voltage Stability Index from 1490.10
p.u. to 1608.10 p.u. Additionally, total energy losses were reduced from 4075.80 kWh to
765.8708 kWh. The optimal locations for the systems within the EDN were identified as nodes
66, 62, 61, and 13, respectively. The Wind Turbines (WTSs) are rated at 1750 kW and 1000 kW,

while the corresponding areas for the solar modules are 8752.80 m2 and 6249.60 m2,

The system voltage profiles with RESs in the IEEE 69 EDN in the case of multiple
objective function are displayed in Figure 1VV.16. These figures suggest that the voltage profile
was greatly enhanced by the installation of the PV units and WTs.
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Figure 1V.18: The voltage profile for the 69-bus with RESs for multiple objective function.

The convergence of the IEEE 69-bus system has been visually depicted in Figure 1V.19
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Figure 1V.19: Convergence curve of the IEEE 69-bus system for multiple objective function.

Based on Figure V.19, the MWaOA algorithm outperformed the WaOA in terms of
convergence speed and solution quality. The answers produced by the MWaOA algorithm have
a value of 0.2208. On the other hand, the WaOA algorithm converged to a slightly higher value

of 0.2448 under identical conditions.
IV.3. Case study of a system in the presence of uncertainty

In this section, we will delve into the study of a specific system under the presence of
uncertainty, focusing on the analysis of a multi-objective function. This function comprises
variables such as expected power losses, expected voltage deviation index, expected voltage
stability index, and the total annual expected cost. It is noteworthy that we have selected the
12:00 PM hour to investigate uncertainty for 25 scenarios. This strategic choice allows us to
explore the impact of variable factors during this crucial time on the system's performance. We
will comprehensively analyze the results to gain a thorough understanding of the system's
response under these uncertain conditions, providing insights into both challenges and

opportunities that may arise in the context of uncertainty.

Building upon the theoretical underpinnings laid out in the preceding second chapter,
where we delved into the intricacies of uncertainty in scenario analysis, we have methodically
calculated "The Probability for Each Scenario™. This rigorous computational process, grounded
in the principles established in our earlier discussions, aims to provide a comprehensive

understanding of the likelihood associated with diverse outcomes within the studied system.
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This exploration is meticulously designed to unveil the intricacies of the system's behavior
under uncertain conditions, thus offering valuable insights into potential variability. The
analysis, rooted in the theoretical framework presented in the second chapter, serves as a robust
foundation for facilitating informed decision-making based on a nuanced and scientific
assessment of probabilities. The forthcoming graph, titled The Probability for Each Scenario,
visually represents the outcomes of this detailed calculation, providing a clear perspective for

understanding the probabilities associated with each scenario in our analysis.
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Figure 1V.20: The probability for each scenario.

The expected real power loss (ERPL) is calculated over all scenarios as:

Nsc

ERPL = Z s X Pross(so) (IV.29)

sc=1

Where, the probability of the scenario is m, and optimized power loss for the scenario is

Pposs(sc)s Ts IS the total number of selected scenarios , and Nsc is the total number of selected

scenarios.

The expected voltage deviation index (EV D) is calculated over all scenarios as:
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Nsc

BVD = ) w5 X VDigo (IV.30)

sc=1

Where, VD represent the voltage deviations for all scenarios.

The expected voltage stability index (EVSI) is calculated over all scenarios as:

Nsc

EVSI = z Tig X VS5 (IV.31)

sc=1

Where, VSl represent the voltage stability index for all scenarios.

The expected total cost (ETC) is calculated over all scenarios as:

Nsc
ETC = Z s X TClse) (IV.32)
sc=1
TC(SC) = CWT(SC) + CPV(SC) + CLoss(sc) + CGrid(sc) (IV-33)

Where
TC(sc) represent the total cost for all scenarios.
1VvV.3.1. Proposed multi-objective function

In this work, the previous objective functions are considered simultaneously. To consider
these objective functions concurrently, the weight approach method is utilized. In addition, the
objectives should be normalized as follows by dividing them by their base value (without PV
or WT). This makes the objective function dimensionless and also prevents any scaling

problems. The augmented objective function can be described as follows:

mln(F) = min(€1F1 + EZFZ + €3F3 + £4F4_) (IV34)
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ETC
ETCbase
ERPL
Fp=—— (1V.36)
ERPLg4se
1
F, = —— V.37
3T EVSI ( )
EVD
F, = (1V.38)
EVDBase

&1, &, £5and g, are the weight of each part of objective function that the sum of the values

of theses coefficients must be equal to one.
I\V.3.2. Results of IEEE 33 and 69-bus in the presence of uncertainty

Table V.7 presents a comprehensive scenario analysis of a renewable energy system,
focusing on key variables such as Irradiance, Wind Speed, Loading, Temperature, Price, and
their associated probabilities. This analysis aims to provide insights into the diverse scenarios
and their likelihoods within the renewable energy context. Understanding the variability of
these critical factors is essential for effective decision-making and optimization in renewable
energy systems. The table outlines different scenarios and the probabilities associated with each
variable, offering a valuable resource for assessing the potential outcomes in the studied energy

system.

Table I1V.7: Scenario analysis of renewable energy system: irradiance, wind speed, loading,

temperature, price, and their probabilities.

Scenario Irradiance Wind speed Loading Temperature Price Probability

1 938.7843 10.1545 1284257 525136  0.6092 3.1501e-07
2 782.2679 9.7595  108.5169  38.0553  0.2240  0.01928
3 828.4465 12,9875  67.8419 5.5934 0.3594  0.000195
4 771.1289 3.6944 95.4883 15.6500  0.1263 ©.18420e-05
5 725.6597 13.9540  80.3517 10.3786  0.6272 5.91013e-05
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6 691.9552 5.8095  101.5747 13.0398 05773 0.0002019
7 900.0048 114920  122.0901  49.9261  0.2538 0.0003544
8 877.0543 7.7262 92.5312 28.9917  0.3017 0.83449090
9 867.1604 8.4857 85.6306 46.1728  0.1605 0.00343155
10 816.1006 6.1276  106.4735  59.1866  0.4690 0.00115592
11 883.6181 155953  124.0334  21.6456  0.2386 0.00044662
12 757.2879 6.5869  119.3793 11.7061  0.6719 9.94777e-06
13 750.5067 15.8908  78.1681 39.7900  0.4257 0.0001381
14 929.1977 14.2393  103.4249 357767  0.5499  0.0035007
15 908.5089 52964  111.3525  17.0690  0.3903 0.0101417
16 797.7770 15.0159  98.2883 48.2786  0.3776 0.0033557
17 704.5893 7.0918 88.9044 19.0790 05039 0.00839149
18 735.1714 45401 73.4625 7.5436 0.5282 1.0942e-05
19 668.8223 13.3805  117.2540  27.0788  0.5948 0.00035865
20 805.5916 9.2807  131.3822  31.8530  0.2725 0.02306291
21 836.3865 12.6094  71.8253 43.4857  0.1829 0.000792032
22 851.6024 10.6532  125.9276  34.1851  0.4436 0.08810812
23 917.8632 39739  115.2961  25.1533  0.4044 0.00168401
24 659.2595 4.8888 83.2013 41.1698  0.3221 0.00010274
25 712.8600 12.2650  75.2402 23.8062  0.1968 0.00066697

Table 1.8 showcases the expected values for individual scenarios, taking into account
the optimal integration of RESs within the IEEE 33-bus network. As highlighted in Table V.8,
the summation of expected values, including ERPL, EVD, EVSI, and ETC has been enhanced

to 53.9342 kw, 0.6121 p.u, 30.8922 p.u, and 7.5431e+06 USD, respectively.

Table 1V.8: The expected values for each scenario of IEEE 33-bus system.

Scenario g ERPL EVD EVSI ETC
S1 3.1501e-07  3.18241e-05 2.6105386e-07  9.08199e-06 4.8827457
S2 0.01928 1.255146 0.0105708 0.5761273655 90988.91705
S3 0.000195 0.0110427 0.00010719 0.0066640632 140.8427203
S4 5.18420e-05  0.0038015 3.326388e-05  0.0015302432 138.7112323
S5 5.91013e-05 0.00242315 1.6787551e-05 0.001931457  270.5541891
S6 0.0002019 0.01466084 0.00013503 0.00593976  2267.335700
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S7 0.0003544 0.02848121 0.000225657 0.010469813  2139.555136
S8 0.83449090  44.0781401 0.239917641 25.75965123  3631282.888
59 0.00343155  0.14251820  0.000796634  0.106866013 8104.5857146
S10 0.00115592  0.097242976  0.00097683 0.033259508 12414.895642
S11 0.00044662  0.03562958 0.00021342 0.013460673 2325.1344341
S12 9.94777e-06  0.00102087  8.5079056e-06  0.000285826  158.77117398
S13 0.0001381 0.00461330 3.4748149e-05  0.00447578  510.11144981
S14 0.0035007 0.1900703 0.00098272 0.109727200 27344.350361
S15 0.0101417 0.9351948 0.00695210 0.297688719 81674.562405
516 0.0033557 0.1495929  0.0008992751  0.104162589 19692.369659
S17 0.00839149  0.40335830 0.00314542 0.25618231  61781.608994
S18 1.094254e-05 0.00047094  2.3100948e-06  0.000341301 56.831852190
519 0.00035865 0.0251000 0.00020928 0.01066604  4619.8422995
S20 0.02306291 2.6314569 0.02152503 0.65618280  176625.77406
S21 0.000792032  0.02903024 0.00026492 0.026153548 1085.5510348
S22 0.08810812  8.04002755 0.06281520 2.57761725 937609.70412
$23 0.00168401 0.1863375 0.001492585 0.04819530  15999.507366
S24 0.00010274  0.00506313 5.77407683e-05 0.003063522 559.99211619
S25 0.00066697 0.0237293 0.000187961 0.02183903  1125.883781
Summation 1 58.2941 0.35157 30.6324 5.07892x10°

Figure 1V.21 illustrates the voltage profile for the generated scenarios. As depicted in the
figure, it is evident that the voltage magnitudes for all scenarios fall within the permissible

limits, with no instances of violation observed.
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Figure 1V.21: The voltage profile for the 33-bus with RESs for 25 scenarios.
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Figure 1V.22: Convergence curve of the IEEE 33-bus system for 25 scenarios.

Observing Figure 1V.22, it is notable that the MWaOA algorithm exhibited accelerated
convergence and attained superior solution quality when compared to the WaOA. The MWaOA
algorithm converged to solutions with a value of 0.2836. In contrast, under identical scenarios,

the WaOA algorithm converged to a slightly higher value of 0.2893.

Now, we embark on an analysis of the IEEE 69-bus network in the presence of
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uncertainty. In this examination, we explore various scenarios, considering the optimal

integration of RESs, as highlighted in Table 1V.9. The summation of expected values,
encompassing ERPL, EVD, EVSI, and ETC, has been enhanced to 40.7454 kW, 0.6254 p.u,
65.9976 p.u, and 7.4745e+06 USD, respectively. This analysis aims to provide valuable

insights into the network’s performance under uncertain conditions, shedding light on the

robustness and efficiency of the proposed integration strategies.

Table 1V.9: The expected values for each scenario of IEEE 69-bus system.

Scenario g ERPL EVD EVSI ETC

S1 3.1501e-07  4,03982e-05 2,695477e-07 2,0389719e-05 5,04098439

S2 0.01928 1,59988469 0,0109424510 1,269562799  93856,515719
S3 0.000195 0,01164180 0,0001089994 0,0137390808  145,2146412

S4 5.18420e-05 0,00343030 3,880493e-05 0,00337408128  140,4262235

S5 5.91013e-05 0,00316242 2,322008e-05 0,00406819850 281,64432800
S6 0.0002019  0,01452709 0,0001491267 0,013149864  2309,2195314
S7 0.0003544  0,03994147 0,0002404127  0,023232423  2220,2667890
S8 0.83449090 43,8291338 0,2751281614  55,6585716 3697214,0770
S9 0.00343155 0,15649134  0,001059790  0,230157360  8296,0040421
S10 0.00115592  0,10372808  0,00104387  0,0745797563  12696,865158
S11 0.00044662 0,04762871  0,00026935  0,0295420737  2408,6892479
S12 9.94777e-06  0,00104530 9,252224e-06 0,00064077007 162,00230760
S13 0.0001381  0,00701468 6,014150e-05 0,00947736616  533,8273445

S14 0.0035007  0,25699569  0,001693232 0,23603755  28333,7274444
S15 0.0101417  0,86463955 0,007968059  0,658628565  82782,063824
S16 0.0033557  0,24123510 0,001830562  0,225475458  20533,973608
S17 0.00839149  0,41333102 0,003492359  0,556881783  63013,286289
s18 1.0942e-05 0,000407222 3,121399e-06 0,00073169715 57,18810110

S19 0.00035865 0,039450360 0,000246938 0,0236114164  4814,539989

S20 0.02306291  3,16219960 0,022475567 1,48242637 181961,56492
S21 0.000792032 0,038769365 0,0003176130 0,0548200345  1133,8156542
S22 0.08810812  10,3357236 0,064665107 5,74313603 968521,74346
$23 0.00168401 0,171651516 0,001695150  0,107976610  16211,185427
S24 0.00010274 0,004973402 6,394930e-05 0,0067364807  570,27724509
S25 0.00066697  0,03318135 0,000274109  0,045977959  1175,7518822
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Summation 1 61.3802 0.3938 66.4726 5.1894x10°

The voltage profiles for the generated scenarios are shown in Figure 1V.23. As seen in
the drawing, all of the scenarios' voltage magnitudes are clearly within the acceptable ranges,
and no violations are shown.
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Figure 1V.23: The voltage profile for the 69-bus with RESs for 25 scenarios.
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Figure IV. 24: Convergence curve of the IEEE 69-bus system for 25 scenarios.
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Observing Figure 1V.24, it is notable that the MWaOA algorithm exhibited accelerated
convergence and attained superior solution quality when compared to the WaOA. The MWaOA
algorithm converged to solutions with a value of 0.2431. In contrast, under identical scenarios,

the WaOA algorithm converged to a slightly higher value of 0.2638.

IV.4. Conclusion

This chapter presented a comprehensive analysis and comparison of the proposed
Modified Walrus Optimization Algorithm (MWaOA) against the standard Walrus Optimization
Algorithm (WaOA) for the optimal placement and sizing of renewable distributed generators
in distribution systems. The results demonstrate that the MWaOA significantly outperforms the
WaOA in terms of convergence speed and solution quality for the single objective of
minimizing real power losses, as well as for multi-objective formulations considering cost,
voltage deviations, and stability. Superior technical and economic optimization is achieved for
both the IEEE 33-bus and 69-bus test systems. A detailed investigation into system operation
under uncertainty further proves the efficacy of the MWaOA in enhancing expected
performance across numerous scenarios covering variability in irradiance, wind speeds,
loading, temperatures and pricing. The voltage profile analysis validates resilient operation

within limits across all cases.

In summary, the MWaOA provides an excellent optimization tool for sustainable and
reliable integration of renewable DG units in modern distribution grids. By leveraging this
algorithm, notable improvements can be attained in loss reduction, cost savings, voltage
regulation and overall network efficiency and robustness. The approach thereby enables smart

planning and operation paradigms for present and future power systems alike.
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General conclusion

Due to the continuous increase in energy consumption, distribution networks have received
considerable attention in terms of optimization. Distributed generation is an exceptional
solution that can play a key role in minimizing power losses and voltage drops. In this context,
we addressed in this work the problem of planning and optimal integration of distributed
generation based on renewable sources into radial electrical distribution networks of various
sizes and complexities. This work is carried out by optimizing various technical and economic
parameters, based on single and multi-objective functions, using a new modified algorithm
called the Modified Walrus Optimization Algorithm. We identified the best locations and sizes
for photovoltaic and wind sources to integrate them optimally into IEEE standard distribution
networks. This was done by studying the impact of these sources on the technical and economic
parameters of the networks studied, which include active power losses, voltage, as well as the
total system cost and enhanced system stability. Additionally, we studied the uncertainty
associated with renewable energies to ensure their reliable integration into distribution
networks. Uncertainty analysis in this thesis involved comprehensive examination of factors
such as variation in solar radiation, wind speed fluctuations, and the unpredictability of demand

to develop robust renewable energy integration strategies.

In the first chapter, we have presented a state-of-the-art review on distributed generation
based on renewable energies, including their definition, classification, and their impact on
distribution networks. We have also discussed the modeling of photovoltaic (PV) and modules
as well as the modeling of wind turbines (WT). Lastly, in this chapter, we have highlighted an

efficient power flow calculation method known as the Backward/Forward Sweep algorithm.

In the second chapter, we have extensively discussed models for handling parameter
uncertainty in modern power systems, covering aspects such as load demand, renewable
generation, and electricity prices. Monte Carlo simulation was highlighted as a key technique
due to its user-friendly nature, effectiveness in addressing complex problems, and compatibility
with probability distributions. We have emphasized the practical significance of Monte Carlo
simulation in generating hourly scenarios for critical parameters. Additionally, we have
discussed scenario-based reduction as a method to enhance computational efficiency while

maintaining accuracy, introducing tools such as probability distribution and optimal hourly

109



General conclusion

scenario for assessing scenario likelihoods and identifying optimal conditions. These findings

will help guide our study of uncertainty in the final chapter.

In Chapter 3, we have introduced the Modified Walrus Optimization Algorithm (MWaOA),
which incorporates Levy flight to enhance its capabilities in searching for optimal solutions.
We evaluated the performance of MWaOA on 23 benchmark functions and compared it against
several state-of-the-art optimization algorithms, including Sand Cat Swarm Optimization
SCSO, TTAO, DO, GWO,Z0OA, SCA, ARO, and WaOA. The analysis of results, including
statistical findings, convergence plots, and boxplots, demonstrated MWaOA's superior
optimization ability over these existing methods. Specifically, MWaOA achieved better

solutions on average and identified optimal solutions with fewer iterations.

In Chapter 4, serving as the culmination of our work, we have conducted a comprehensive
examination and comparison between the proposed Modified Walrus Optimization Algorithm
(MWaOA) and the standard Walrus Optimization Algorithm (WaOA) to determine optimal
locations and sizes for distributed renewable energy sources in distribution networks. Our
findings demonstrate that the MWaOA significantly outperforms the WaOA in terms of
convergence speed and solution quality, both for multi-objective formulations considering cost,
voltage variations, and stability, as well as for the single objective of reducing actual power
losses. We have achieved efficient and superior technical optimization for the IEEE 33-bus and
69-bus test systems. Furthermore, we have illustrated the effectiveness of the MWaOA in
enhancing predicted performance across various scenarios, encompassing variations in
irradiance, wind speeds, loads, temperatures, and prices, through a comprehensive examination

of system behavior under uncertainty.

This research work leads to various promising topics for future investigations. The following

recommendations are made for future research:

1. Applying the latest optimization techniques for solving the allocation problem of the

RESs considering the uncertainty.

2. Solving the optimal RESs allocation with the presence of charging stations for
electric vehicles and Considering the uncertainty of electric vehicles (EVS),

Electricity price uncertainty, Load growth uncertainty.
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General conclusion

Improving the searching capabilities of optimization techniques: based on enhancing
the explorations and exploitations phases to solve the RESs optimal allocation

problem efficiently

Improving different uncertainty methods to model the uncertainties and compare

these techniques.

Studying the impact of RESs on distribution system security must be evaluated such
as, Power quality issues like frequency balance, voltage stabilization, and reactive

power regulations should be addressed carefully.

. Applying of different methods to study the environmental effects of optimal
integration of RESs in the distributed system for reducing the carbon dioxide

emissions.
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1. Hachemi, A. T., Sadaoui, F., Arif, S., Saim, A., Ebeed, M., Kamel, S., & Mohamed, E.
A. (2023). Modified reptile search algorithm for optimal integration of renewable
energy sources in distribution networks. Energy Science & Engineering, 11(12), 4635-
4665.

2. Hachemi, A. T., Sadaoui, F., Saim, A., Ebeed, M., Abbou, H. E., & Arif, S. (2023).
Optimal Operation of Distribution Networks Considering Renewable Energy Sources
Integration and Demand Side Response. Sustainability, 15(24), 16707.

International conferences
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Studies on 10-13 September in 2022 at Konya/Turkey.
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Systems (pp. 719-728). Cham: Springer International Publishing.
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National conferences
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Appendixes

Appendixes

For 33-bus EDN, the active and reactive load demands are given in Table A.1 and the line
data of the system is given in Table A.2.

Appendix A
Table A.1: Bus data for 33-bus test system.
Py QL P, Qq
Bus No. (MW) (MVar) (MW) (MVar)

1 0 0 0 0
2 100 60 0 0
3 90 40 0 0
4 120 80 0 0
5 60 30 0 0
6 60 20 0 0
7 200 100 0 0
8 200 100 0 0
9 60 20 0 0
10 60 20 0 0
11 45 30 0 0
12 60 35 0 0
13 60 35 0 0
14 120 80 0 0
15 60 10 0 0
16 60 20 0 0
17 60 20 0 0
18 90 40 0 0
19 90 40 0 0
20 90 40 0 0
21 90 40 0 0
22 90 40 0 0
23 90 50 0 0
24 420 200 0 0
25 420 200 0 0
26 60 25 0 0
27 60 25 0 0
28 60 20 0 0
29 120 70 0 0
30 200 600 0 0
31 150 70 0 0
32 210 100 0 0
33 60 40 0 0
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Table A.2: Transmission line data for 33-bus test system.

. Impedance
Line Number From bus To bus R (ohm) X _(ohm)
1 1 2 0.0922 0.0470
2 2 3 0.4930 0.2511
3 3 4 0.3660 0.1864
4 4 5 0.3811 0.1941
5 5 6 0.8190 0.7070
6 6 7 0.1872 0.6188
7 7 8 1.7114 1.2351
8 8 9 1.0300 0.7400
9 9 10 1.0440 0.7400
10 10 11 0.1966 0.0650
11 11 12 0.3744 0.1238
12 12 13 1.4680 1.1550
13 13 14 0.5416 0.7129
14 14 15 0.5910 0.5260
15 15 16 0.7463 0.5450
16 16 17 1.2890 1.7210
17 17 18 0.7320 0.5740
18 2 19 0.1640 0.1565
19 19 20 1.5042 1.3554
20 20 21 0.4095 0.4784
21 21 22 0.7089 0.9373
22 3 23 0.4512 0.3083
23 23 24 0.8980 0.7091
24 24 25 0.8960 0.7011
25 6 26 0.2030 0.1034
26 26 27 0.2842 0.1447
27 27 28 1.0590 0.9337
28 28 29 0.8042 0.7006
29 29 30 0.5075 0.2585
30 30 31 0.9744 0.9630
31 31 32 0.3105 0.3619
32 32 33 0.3410 0.5302
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Appendix B

For 69-bus EDN, the active and reactive load demands are given in Table B.1 and the line

data of the system is given in Table B.2

Table B.1: Bus data for 69-bus test system.

PL QL Pg Qg
Bus No. (MW) (MVar) (MW) (MVar)

1 0 0 0 0
2 0 0 0 0
3 0 0 0 0
4 0 0 0 0
5 0 0 0 0
6 2.60 2.20 0 0
7 40.40 30 0 0
8 75 54 0 0
9 30 22 0 0
10 28 19 0 0
11 145 104 0 0
12 145 104 0 0
13 8 5.50 0 0
14 8 5.50 0 0
15 0 0 0 0
16 455 30 0 0
17 60 35 0 0
18 60 35 0 0
19 0 0 0 0
20 1 0.6 0 0
21 114 81 0 0
22 5.3 3.5 0 0
23 0 0 0 0
24 28 20 0 0
25 0 0 0 0
26 14 10 0 0
27 14 10 0 0
28 26 18.6 0 0
29 26 18.6 0 0
30 0 0 0 0
31 0 0 0 0
32 0 0 0 0
33 14 10 0 0
34 19.5 14 0 0
35 6 4 0 0
36 26 18.55 0 0
37 26 18.55 0 0
38 0 0 0 0
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39 24 17 0 0
40 24 17 0 0
41 1.2 1 0 0
42 0 0 0 0
43 6 4.3 0 0
44 0 0 0 0
45 39.22 26.3 0 0
46 39.22 26.3 0 0
47 0 0 0 0
48 79 56.4 0 0
49 384.7 274.5 0 0
50 384.7 274.5 0 0
51 40.5 28.3 0 0
52 3.6 2.7 0 0
53 4.35 3.5 0 0
54 26.4 19 0 0
55 24 17.2 0 0
56 0 0 0 0
57 0 0 0 0
58 0 0 0 0
59 100 72 0 0
60 0 0 0 0
61 1244 888 0 0
62 32 23 0 0
63 0 0 0 0
64 227 162 0 0
65 59 42 0 0
66 18 13 0 0
67 18 13 0 0
68 28 20 0 0
69 28 20 0 0

Table B.2: Transmission line data for 69-bus test system

. Impedance
Line Number From bus To bus R (ohm) X _(ohm)
1 1 2 0.0005 0.0012
2 2 3 0.0005 0.0012
3 3 4 0.0015 0.0036
4 4 5 0.0251 0.0294
5 5 6 0.3660 0.1864
6 6 7 0.3811 0.1941
7 7 8 0.0922 0.0470
8 8 9 0.0493 0.0251
9 9 10 0.8190 0.2707
10 10 11 0.1872 0.0691
11 11 12 0.7114 0.2351
12 12 13 1.03 0.34
13 13 14 1.044 0.345
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14 14 15 1.058 0.3496
15 15 16 0.1966 0.0650
16 16 17 0.3744 0.1238
17 17 18 0.0047 0.0016
18 18 19 0.3276 0.1083
19 19 20 0.2106 0.0690
20 20 21 0.3416 0.1129
21 21 22 0.0140 0.0046
22 22 23 0.1591 0.0526
23 23 24 0.3463 0.1145
24 24 25 0.7488 0.2745
25 25 26 0.3089 0.1021
26 26 27 0.1732 0.0572
27 3 28 0.0044 0.0108
28 28 29 0.0640 0.1565
29 29 30 0.3978 0.1315
30 30 31 0.0702 0.0232
31 31 32 0.3510 0.1160
32 32 33 0.8390 0.2816
33 33 34 1.7080 0.5646
34 34 35 1.4740 0.4673
35 3 36 0.0044 0.0108
36 36 37 0.0640 0.1565
37 37 38 0.1053 0.1230
38 38 39 0.0304 0.0355
39 39 40 0.0018 0.0021
40 40 41 0.7283 0.8509
41 41 42 0.31 0.3623
42 42 43 0.0410 0.0478
43 43 44 0.0092 0.0116
44 44 45 0.1089 0.1373
45 45 46 0.0009 0.0012
46 4 47 0.0034 0.0084
47 47 48 0.0851 0.2088
48 48 49 0.2898 0.7091
49 49 50 0.0822 0.2011
50 8 51 0.0928 0.0473
51 51 52 0.3319 0.1114
52 9 53 0.1740 0.0886
53 53 54 0.2030 0.1034
54 54 55 0.2842 0.1447
55 55 56 0.2813 0.1433
56 56 57 1.59 0.5337
57 57 58 0.7837 0.2630
58 58 59 0.3042 0.1006
59 59 60 0.3861 0.1172
60 60 61 0.5075 0.2585
61 61 62 0.0974 0.0496
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62 62 63 0.1450 0.0738
63 63 64 0.7105 0.3619
64 64 65 1.0410 0.5302
65 11 66 0.2012 0.0611
66 66 67 0.0047 0.0014
67 12 68 0.7394 0.2444
68 68 69 0.0047 0.0016
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