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ABSTRACT 

The increasing demand for reliable electricity supply, coupled with the growing 
frequency of high-impact low-probability (HILP) events such as hurricanes, natural 
disasters, and critical equipment failures, has underscored the urgent need for grid 
hardening and resilience improvement in modern power systems. Severe disruptions are 
not adequately addressed by conventional reliability measures, as widespread outages 
and significant degradation in system performance are often caused as a result. This 
thesis presents the Embedded Clonal Squirrel Evolutionary Programming (ECSEP) for 
Resilience Improvement in Power Systems. To address these limitations, this study 
pursues three primary objectives. The first objective is to develop a novel ECSEP 
algorithm for grid hardening in power systems. The second objective is to formulate a 
Multi-Objective ECSEP (MOECSEP) for simultaneous loss minimisation and voltage 
security enhancement in power system planning. The third objective is to develop a 
Composite Survivability Strategy (CSS) for grid hardening by integrating intelligent 
distributed generation (DG) installation and load shedding through coordinated 
optimisation using ECSEP. The proposed ECSEP algorithm is developed by embedding 
cloning operators and elements of the Squirrel Search Algorithm (SSA) into the 
Evolutionary Programming (EP) framework, thereby enhancing exploration capability, 
convergence speed, and solution accuracy. ECSEP is first applied to single-objective 
optimisation, focusing on minimising transmission losses and improving voltage 
stability through optimal DG placement and intelligent load shedding under both 
normal and outage conditions. Subsequently, MOECSEP is formulated using the 
weighted-sum principle to simultaneously address the conflicting objectives of system 
loss reduction and voltage stability enhancement. The CSS framework is then 
developed by combining DG installation and load shedding as a coordinated grid-
hardening scheme governed by 22 decision parameters, enabling the simultaneous 
determination of optimal DG locations, sizes, load shedding locations, and their 
corresponding power reduction levels. Validation was conducted on the IEEE 30-Bus 
and IEEE 57-Bus Reliability Test Systems under two hurricane scenarios representing 
progressively severe disruption conditions. Comparative studies against benchmark 
algorithms, namely Evolutionary Programming (EP), Clonal Search Optimizer (CSO), 
and Squirrel Search Algorithm (SSA), consistently demonstrated the superiority of 
ECSEP, MOECSEP, and CSS across all test cases. The proposed techniques achieved 
significant reductions in transmission losses, improved voltage stability indices (FVSI), 
and enhanced overall system resilience compared to pre-optimisation baselines and 
competing methods. In conclusion, the ECSEP-based framework presents a robust, 
computationally efficient, and practically relevant solution for grid hardening and 
resilience planning in power systems subjected to HILP events. Future work is 
recommended to extend the framework to larger network benchmarks such as the IEEE 
118-Bus and IEEE 300-Bus systems, incorporate energy storage systems alongside DG 
and load shedding, and integrate stochastic modelling to account for uncertainties in 
renewable generation and load profiles. Further extensions to real-time optimisation, 
cyber-physical resilience, and advanced multi-criteria decision-making approaches are 
also encouraged to broaden the practical applicability of the developed techniques. 
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1 

CHAPTER 1 

INTRODUCTION 

1.1 Research Background 

The recent advances in power system community considers the importance of 

power system survivability and sustainability to ensure reliable delivery of electricity 

to the consumers. Ensuring the sustainability of power systems is crucial for modern 

societies, as daily life and economic activities depend on a safe and efficient electricity 

supply that serves as the backbone of the society [1]. However, the rising frequency and 

severity of power outages caused by natural disasters and other disruptive events have 

highlighted the vulnerability of existing grids. Extreme weather events such as 

hurricanes, floods, wildfires, and earthquakes have repeatedly demonstrated their 

capacity to cause large-scale blackouts, with significant social and economic 

consequences. For instance, Hurricane Katrina left more than 2.6 million customers 

without power across Louisiana, Mississippi, and Alabama [2-3], Hurricane Sandy 

caused outages affecting over 8.5 million customers in 21 U.S. states, while Hurricane 

Maria devastated Puerto Rico’s grid, resulting in a complete island-wide blackout for 

3.4 million people [4]. These events underscore how fragile infrastructures, particularly 

transmission lines, substations, and overhead lines, can collapse under high-impact low-

probability events, prolonging recovery and restoration efforts [5]. 

Resilience emphasizes the ability of power systems to anticipate, absorb, adapt, 

and recover from such events [6-7]. Reports from the U.S. Department of Energy and 

the National Infrastructure Advisory Council (NIAC) have highlighted that resilience 

must be prioritized to prepare for the growing risks associated with climate change, 

cyber-attacks, and aging infrastructure [8]. The economic stakes are high: in the United 

States alone, weather-related damages cost an estimated USD 25-70 billion annually, 

and these costs are projected to rise further [9]. Thus, developing robust strategies to 

strengthen resilience has become a pressing need for the power system community 

worldwide. 

A range of remedial and preventive strategies have been proposed under the 

umbrella of grid hardening. Physical hardening measures include reinforcing 

transmission lines, undergrounding power lines, and installing storm-resistant poles 
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[10], while operational approaches focus on distributed generation (DG), microgrids, 

intelligent load shedding, and advanced monitoring systems [11]. These measures 

collectively aim to reduce vulnerability, enhance adaptability, and accelerate recovery 

following disruptive events. However, the effectiveness of such measures depends 

critically on optimal planning, sizing and coordination. Non-optimal placement or 

sizing of compensating devices such as DG units or load shedding schemes can lead to 

over- or under-compensation, ultimately reducing their contribution to resilience 

improvement [12]. Similarly, the unpredictable nature of disruptive events adds further 

uncertainty, making resilience planning a complex optimisation challenge [13-14]. 

Thus, a reliable optimisation technique is crucial to ensure any efforts to alleviate this 

phenomenon is worth. 

To address these challenges, this study introduces a novel optimisation technique 

called Embedded Clonal Squirrel Evolutionary Programming (ECSEP), designed for 

grid hardening in power systems. The algorithm integrates cloning mechanisms and the 

exploratory characteristics of the Squirrel Search Algorithm within the evolutionary 

programming algorithm to enhance its optimisation capability, with performance 

benchmarked against established methods such as SSA, CSO, and EP. The study further 

extends this approach into a Multi-Objective ECSEP (MOECSEP) using the weighted-

sum method to address loss minimization and voltage stability enhancement 

simultaneously. Comprehensive comparative analyses were also carried out to evaluate 

the performance of MOECSEP against established techniques, namely Multi-Objective 

Evolutionary Programming (MOEP) and Multi-Objective Squirrel Search (MOSS), to 

validate its effectiveness. In addition, a Composite Survivability Strategy (CSS) is 

developed by combining DG installation with intelligent load shedding, providing a 

coordinated solution for resilience improvement under stressed and contingency 

conditions. The proposed methods are validated on the IEEE 30-Bus and IEEE 57-Bus 

Reliability Test Systems (RTS) using MATLAB simulations. The results highlight the 

potential of the proposed techniques as practical tools for advancing resilient and 

sustainable power system planning. 
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1.2 Problem Statement 

Problem Statement 1: Inadequacy of existing optimization approaches for grid 

hardening. 

Conventional grid hardening strategies rely on single-objective optimization methods 

that are insufficient for addressing the multi-dimensional nature of power system 

resilience. These approaches fail to simultaneously handle competing goals such as loss 

minimization and voltage stability, while also lacking the computational efficiency 

needed to manage the uncertainty introduced by disruptive events. The consequence is 

suboptimal decision-making in resilience planning, leaving power systems vulnerable 

to cascading failures and prolonged outages. 

 

Problem Statement 2: Limitations in achieving balanced, multi-dimensional resilience 

solutions. 

The inherently multi-dimensional nature of power system resilience encompassing 

simultaneous goals such as minimizing power losses and maintaining voltage security 

cannot be adequately addressed by conventional single-objective formulations. Forcing 

a single-objective lens onto these problems results in solutions that optimize one 

dimension at the expense of others, leading to unbalanced and impractical outcomes in 

power system planning. 

 

Problem Statement 3: Non-optimal allocation of compensation devices and the 

unpredictability of their performance 

Grid hardening initiatives depend on the coordinated deployment of compensation 

strategies such as distributed generation (DG) placement and load shedding schemes. 

However, non-optimal sizing and allocation of these devices compounded by the 

dynamic and uncertain nature of their performance under varying load conditions and 

fault scenarios reduces their effectiveness and compromises system resilience. Without 

a structured and intelligent strategy to guide their deployment, power systems remain 

susceptible to over- or under-compensation, resulting in degraded operational efficiency 

and inadequate resilience during disruptive events. 
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1.3 Research Objectives  

The objectives of this research are as follows: 

 

1. To develop a novel Embedded Clonal Squirrel Evolutionary Programming 

(ECSEP) for Grid Hardening in Power Systems. 

2. To formulate a Multi-Objective Embedded Clonal Squirrel Evolutionary 

Programming (MOECSEP) for loss and voltage security study in power system 

planning. 

3. To develop a Composite Survivability Strategy (CSS) for grid hardening using 

ECSEP, integrating intelligent DG installation and load shedding to enhance 

power system resilience. 

 

1.4 Scope and Limitation of Study 

The scope and limitation of the study is designated to ensure that this study 

works within the stipulated breadth and depth in accordance with the formulated. To 

accomplish the research objectives, the following scopes of the study were defined: 

 

i. A new optimisation technique is derived termed the Embedded Clonal Squirrel 

Evolutionary Programming (ECSEP) framework by embedding cloning 

mechanisms into the Squirrel Evolutionary Programming (SEP) paradigm for 

grid hardening applications. 

ii. The proposed ECSEP is utilised for intelligent distributed generation installation 

and intelligent load shedding initiatives in voltage stability enhancement and 

loss minimisation in power system. 

iii. Comparative studies for the proposed ECSEP with respect to the independent 

Evolutionary Programming (EP), Clonal Search Algorithm (CSO) and Squirrel 

Search Algorithm (SSA) as the benchmarked techniques are conducted.  

iv. Two reliability test systems (RTS) namely the IEEE 30-Bus and IEEE 57-Bus 

RTS are utilized as the test specimens for the purpose of validation process in 

this study. 

v. Hurricane-induced line outages are specified under two separated scenarios, 

namely Scenario 1 and Scenario 2. Each scenario will involve the line outage 
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contingencies of several transmission lines in both IEEE 30-Bus RTS and IEEE 

57-Bus RTS. 

vi. A new weighted sum based multi-objective optimisation technique is developed 

termed Multi-Objective ECSEP (MOECSEP) which integrated the Power loss 

and Voltage stability equations as one equivalent fitness equation, termed 

𝐹𝐹𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑤𝑤1∗𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + 𝑤𝑤2
∗𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹. 

vii. The weighted sum coefficients are varied based on Case 1: 𝑤𝑤1 = 0.1 and 𝑤𝑤2 =

0.9, Case 2: 𝑤𝑤1 = 0.5 and 𝑤𝑤2 = 0.5 and Case 3: 𝑤𝑤1 = 0.9 and 𝑤𝑤2 = 0.1. 

viii. Comparative studies for the proposed MOECSEP with respect to the 

independent Multi-Objective Evolutionary Programming (MOEP), Multi-

Objective Squirrel Search Algorithm (MOSS) as the benchmarked techniques 

are also conducted.  

ix. A Composite Survivability Strategy (CSS) is proposed integrating Optimal 

Distributed Generation (DG) installation, and Intelligent load shedding 

mechanisms, to enhance system survivability under stressed and contingency 

conditions.  

x. Simulation scenarios are designated to include the Base case condition, 

Contingency case (line outage), and Stressed case (increased reactive loading at 

selected weak buses). 

 

Figure 1.1 depicts the overall research framework, clarifying the linkage between 

the stated research objectives and the defined scope of work. The framework of this 

study is organized into three main phases, each corresponding to the research objectives. 

Phase I involves the development of a new optimisation algorithm, termed Embedded 

Clonal Squirrel Evolutionary Programming (ECSEP), for grid hardening applications. 

In this phase, the ECSEP technique is applied to determine the optimal location and 

sizing of Distributed Generation (DG) units and to design effective load shedding 

schemes under a single-objective formulation. The two main objective functions 

considered are loss minimization and voltage stability improvement. The performance 

of ECSEP is benchmarked against conventional methods, including Evolutionary 

Programming (EP), Clonal Search Optimizer (CSO), and Squirrel Search Algorithm 

(SSA), on IEEE 30-Bus and IEEE 57-Bus Reliability Test Systems (RTS). 
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Figure 1.1 Research Framework 

 

Phase II extends the algorithm into a multi-objective framework, known as 

MOECSEP (Multi-Objective ECSEP). Using the weighted-sum principle, MOECSEP 

is employed to optimize conflicting objectives simultaneously, particularly minimizing 

transmission loss and enhancing voltage stability. The performance of MOECSEP is 

validated by comparing it with other multi-objective techniques such as Multi-Objective 

Evolutionary Programming (MOEP) and Multi-Objective Squirrel Search (MOSS). 

This phase demonstrates the ability of the proposed algorithm to achieve balanced trade-

offs between technical and operational objectives in power system planning. 

Phase III focuses on the development of a Composite Survivability Strategy 

(CSS) for grid hardening. In this phase, ECSEP is used to integrate intelligent DG 

installation with load shedding into a coordinated optimisation framework. By 

combining these two strategies, CSS enhances both resilience and operational 

efficiency under normal and contingency conditions, including hurricane-induced line 

outages. The results confirm that CSS consistently outperforms standalone strategies by 

delivering higher resilience, lower power losses, and improved voltage stability. 

This three-phase framework ensures a systematic progression, starting from the 

development of a novel single-objective optimisation technique, advancing to multi-

objective optimisation, and finally applying a composite strategy for comprehensive 

resilience improvement in modern power systems. 
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1.5 Organization of Thesis  

This thesis consists of six chapters, beginning with preliminary studies on grid 

hardening and power system resilience. Chapter One introduces the research 

background, highlighting the importance of resilience enhancement in modern power 

systems and the motivation for this study. The formulated problem statements are 

discussed, followed by the objectives and scope of the research. Finally, the 

organization of the thesis is outlined to provide an overview of the work. 

Chapter Two presents the literature review relevant to this research. This chapter 

discusses the concept of power system resilience and grid hardening, along with the 

effects of disruptive events on system performance. It also reviews compensation 

schemes such as DG installation and load shedding, and surveys single-objective, multi-

objective, and hybrid optimisation techniques applied in power system planning.  

Chapter Three focuses on the development of the proposed ECSEP technique. 

The optimisation framework is enhanced by integrating cloning operators with elements 

of the squirrel search algorithm, thereby improving exploration capability and solution 

accuracy. Its effectiveness for single-objective optimisation is demonstrated through 

applications on the IEEE 30-Bus and IEEE 57-Bus Reliability Test Systems, focusing 

on transmission loss minimization and voltage stability improvement. Comparative 

studies with benchmark techniques are also presented. 

Chapter Four describes the formulation of the Multi-Objective ECSEP 

(MOECSEP) technique using the weighted-sum approach. This chapter emphasizes the 

simultaneous minimization of power system loss and enhancement of voltage stability. 

The results are analysed and compared with existing multi-objective optimisation 

methods to demonstrate the advantages of the proposed technique. 

Chapter Five introduces the CSS, which integrates intelligent DG installation with 

load shedding under the ECSEP framework. This chapter demonstrates how 

coordinated compensation strategies improve grid resilience under stressed and 

contingency conditions. Detailed simulations on IEEE test systems are presented, along 

with comparative performance analysis between standalone and composite approaches. 

Chapter Six presents the overall findings, linking results across the single-

objective, multi-objective, and composite strategy studies, and highlights the 

implications of the proposed techniques for power system planning and operation. It 

closes the thesis by summarizing key contributions and future research directions.
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CHAPTER 2  

LITERATURE REVIEW 

2.1 Introduction 

This chapter presents a comprehensive literature review on power system 

resilience, grid hardening schemes, and optimisation techniques. It begins with an 

overview of resilience trends in modern power systems, emphasizing the grid hardening 

environment and examining the impacts of disruptive events on overall system 

resilience [15]. The discussion then turns to widely implemented grid hardening 

measures, with particular attention to DG installation and load shedding schemes, both 

of which are commonly adopted to enhance system robustness. 

In addition, this chapter reviews the optimisation approaches applied in grid 

hardening schemes. Both single-objective and multi-objective optimisation methods are 

examined, along with composite survivability strategies that combine multiple 

compensation techniques. The findings from previous studies are outlined to identify 

existing achievements, limitations, and gaps in the literature, which provide the 

foundation for the present research. 

 

2.2 Trends of Power System Resilience  

In electrical power systems, resilience has become a critical attribute to ensure 

secure and reliable operation under increasingly uncertain and extreme conditions. 

Modern grids are increasingly exposed to high-impact, low-probability events such as 

hurricanes, floods, wildfires, cyber-attacks, and large-scale equipment failures [15-20]. 

The concept of power system resilience is relatively recent, with its first appearance in 

technical literature traced back to Amin, who emphasized the need for infrastructures 

capable of adapting to evolving challenges in the electric grid [21]. Since then, 

resilience has gained growing attention within the power systems community [22-25]. 

For instance, the UK Energy Research Centre defined power system resilience as “the 

capacity of an energy system to tolerate disturbance and to continue to deliver 

affordable energy services to consumers [26]. A resilient energy system can speedily 

recover from shocks and provide alternative means of satisfying energy service needs 
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in the event of changed external circumstances”. 

Building on these foundations, resilience research has evolved from conceptual 

definitions to the development of resilience metrics, fragility models, and probabilistic 

risk-based frameworks [16], [25], [27-33]. Studies have also proposed resilience indices 

for distribution systems focusing on critical loads [34-35] and new quantitative models 

to measure resilience as a function of time [28], [36]. In particular, fragility modelling 

and probabilistic assessment methods have been applied to evaluate the impact of 

extreme weather, especially hurricanes, on transmission systems and to design 

adaptation strategies [16-17], [19], [20], [37]. More recently, the literature has 

emphasized integrating resilience considerations into planning and operation by linking 

metrics with decision-making tools, enabling power systems to prepare, withstand, and 

adapt under multiple hazard scenarios [38-43]. 

The increasing frequency and intensity of extreme weather events such as 

hurricanes, floods, wildfires, and heatwaves have exposed the limitations of 

conventional reliability-based planning and highlighted the need for systems that can 

not only prevent failures but also adapt and recover rapidly once disruptions occur [18-

19], [44-45]. Unlike reliability, which primarily focuses on the frequency and duration 

of outages under normal operating conditions, resilience emphasizes the system ability 

to anticipate, withstand, adapt, and recover from extreme and unexpected events [15], 

[41]. A key distinction lies in the difference between reliability and resilience. 

Reliability is typically quantified using indices such as SAIDI (System Average 

Interruption Duration Index) and SAIFI (System Average Interruption Frequency 

Index) [38], [46], whereas resilience extends beyond routine disturbances by 

incorporating the capacity of the system to respond and adapt under severe and 

uncertain disruptions. In this sense, reliability is a necessary but insufficient attribute of 

modern power systems, whereas resilience provides a broader and more dynamic 

framework for ensuring long-term survivability [47- 49]. This paradigm shift marks a 

transition from maintaining routine operational security toward preparing for and 

responding effectively to rare but catastrophic events [43]. 

To further clarify this difference, Table 2.1 summarizes the key differences 

between reliability and resilience in terms of scope, event focus, measurement, and 

objectives. As shown in the table, reliability provides a measure of performance under 

normal and routine operating conditions, while resilience extends this perspective to 

encompass extreme, high-impact disturbances. This comparison highlights why 
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reliability alone is inadequate in modern power system planning and why resilience has 

become a necessary complement to ensure survivability under uncertain and evolving 

threats [50-54]. 

Table 2.1  
Comparison Between Reliability and Resilience in Power Systems 

Aspect Reliability Resilience 
Definition Ability of a power system to deliver electricity 

consistently under normal operating 
conditions. 

Ability of a power system to 
anticipate, absorb, adapt, and recover 
from extreme or unexpected events. 
 

Event 
Focus 

Routine disturbances and component failures 
(e.g., line faults, equipment outages). 

High-impact, low-probability 
disturbances (e.g., hurricanes, floods, 
cyber-attacks). 
 

Key 
Metrics 

SAIDI (System Average Interruption Duration 
Index), SAIFI (System Average Interruption 
Frequency Index), ENS (Energy Not 
Supplied). 
 

Resilience curve, recovery time, load 
restoration indices, resilience indices 

Time 
Horizon 

Short-term operational reliability and 
continuity of service. 

Full cycle: before, during, and after 
disruptions (anticipate, withstand, 
adapt, recover). 
 

Objective Minimize service interruptions and maintain 
acceptable performance under normal 
conditions. 

Ensure system survivability and 
rapid recovery under extreme and 
unforeseen disturbances. 
 

Nature Static and probability-based, focused on 
predictable events. 

Dynamic and adaptive, focused on 
uncertain and evolving threats. 
 

 

 More recent studies have also pointed toward several emerging trends in 

resilience research. These include the integration of cyber-physical resilience 

frameworks that account for both digital and physical vulnerabilities [39-40], [44] the 

growing role of distributed generation, microgrids, and energy storage in providing 

localized support during disruptions [41-42], [55-56] and the application of advanced 

optimisation, artificial intelligence, and computational intelligence to guide resilience-

based planning and operations [43], [57-58]. Furthermore, multi-infrastructure 

interdependencies, such as the coupling between power, gas, water, and 

communication networks, are increasingly recognized as critical to resilience 

assessments [50], [59]. Additional work has also highlighted temporal-spatial disaster 

models that integrate distributed generation and line hardening as practical measures 

for resilience improvement, bridging both planning and operational perspectives [60]. 

These emerging trends highlight the necessity of moving beyond traditional reliability 

measures toward dynamic, adaptive, and optimisation-driven strategies. In this context, 
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the adoption of advanced multi-objective optimisation techniques such as those 

explored in this thesis offers a promising pathway for strengthening power system 

resilience against diverse and evolving threats. 

 

2.2.1 Grid Hardening in Power System Environment 

 Grid hardening encompasses a range of measures designed to strengthen both 

the physical and operational elements of power systems to withstand, adapt to, and 

recover from disruptive events [15], [61]. On the physical side, strategies such as 

reinforcing towers, installing storm-resistant poles, undergrounding lines, and adding 

redundant substations reduce vulnerability to hurricanes, floods, and wildfires [17], 

[46], [54], [62-66]. More advanced approaches extend to integrated energy 

infrastructures, where optimal hardening in combined power and natural gas systems 

can mitigate earthquake impacts, while switching strategies in transmission networks 

help reduce cascading failures [67-69]. In addition to physical reinforcements, 

operational and technological measures such as distributed generation, renewable 

resources, and microgrids help maintain local electricity supply when disruptions occur 

[18]. 

 Intelligent load shedding strategies further enhance survivability by prioritizing 

critical loads and disconnecting non-essential demand during emergencies [63], [70], 

while advanced monitoring, predictive outage estimation, and self-healing grid 

mechanisms enable rapid fault detection and recovery [18], [71] supported by cyber-

physical resilience frameworks that address digital vulnerabilities [44], [72]. Intelligent 

load shedding strategies enhance survivability by prioritizing critical loads and 

disconnecting non-essential demand during emergencies, as discussed by Afzal et al. 

and Lyu et al. [25], [34]. Advanced monitoring, predictive outage estimation, and self-

healing grid mechanisms further enable rapid fault detection and recovery, as 

highlighted by [51] and Pilatásig et al. [69]. These measures are also supported by 

cyber-physical resilience frameworks that address digital vulnerabilities, as 

emphasized by Wang et al. and Afzal et al. [36-56]. Overall, grid hardening strengthens 

infrastructure, supports local supply, and enables faster recovery, making it essential 

for improving power system resilience. 

 Recent studies emphasize that grid hardening is most effective when 

implemented as part of an integrated resilience framework, combining physical 
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reinforcement, DG, intelligent load management, and advanced control with 

optimisation-based planning tools [38]. Computational intelligence and decision-

analysis models now guide investment prioritization, balancing resilience improvement 

with economic feasibility [68-69], [72]. In this context, grid hardening remains one of 

the most widely adopted resilience strategies, providing a robust foundation for system 

survivability under threats. Having discussed grid hardening as a proactive strategy, 

the next subsection examines the disruptive events that necessitate such measures and 

explains the corresponding impacts on overall system resilience.  

 Based on the review, it is discovered that power system resilience has evolved 

from a conceptual notion to a central framework for ensuring secure and sustainable 

grid operation under extreme conditions. Early studies focused on defining resilience 

and differentiating it from reliability, while recent research emphasizes the integration 

of quantitative metrics, fragility analysis, and probabilistic approaches to assess system 

robustness. The increasing frequency of disruptive events such as hurricanes and floods 

has driven the adoption of grid hardening strategies, distributed generation, and cyber-

physical control mechanisms. Furthermore, the incorporation of artificial intelligence, 

optimisation techniques, and multi-infrastructure interdependencies reflects a shift 

toward proactive and adaptive resilience planning. Overall, resilience research has 

matured into a multidisciplinary field that combines physical reinforcements, 

operational intelligence, and computational optimisation to anticipate, withstand, and 

recover from catastrophic disturbance, ensuring long-term survivability and reliability 

of modern power systems. 

 

2.2.2 Effect of Disruptive Events to Power System Resilience  

Disruptive events are commonly defined as high-impact, low-probability 

disturbances that significantly damage the normal operation of power systems. These 

events include natural hazards such as hurricanes, typhoons, earthquakes, floods, and 

wildfires, as well as man-made disturbances such as cyber-attacks and equipment 

failures. In contrast to routine faults, extreme events are characterised by extensive 

impacts, inherent unpredictability, and cascading consequences affecting multiple 

components of the power grid. According to the National Hurricane Centre [73], 

hurricanes are classified under the Saffir-Simpson scale based on wind speed and 

expected damage, ranging from minor roof damage at Category 1 to catastrophic 
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infrastructure destruction at Category 5. 

Historically, hurricanes have been among the most destructive events for power 

system resilience. For example, the U.S. Department of Energy [2] reported that 

Hurricane Katrina caused catastrophic damage to the Gulf Coast, leaving more than 2.6 

million customers without electricity across Louisiana, Mississippi, and Alabama. 

Campbell [3] noted that Hurricane Sandy led to a blackout affecting over 8.5 million 

customers in 21 states, highlighting the vulnerability of dense urban grids and coastal 

substations to storm surges and flooding. Similarly, FEMA [4] documented how 

Hurricane Maria devastated Puerto Rico’s transmission and distribution infrastructure, 

resulting in an island-wide blackout for 3.4 million people and marking one of the 

longest power outages in U.S. history. Panteli and Mancarella [64] emphasized that 

these historical cases demonstrate how hurricanes not only damage physical assets such 

as towers, poles, and substations but also overwhelm restoration capacity, prolonging 

the societal and economic impacts of power outages. Disruptive events, particularly 

hurricanes, have repeatedly shown their capacity to devastate power systems by causing 

large-scale blackouts, severe infrastructure damage, and prolonged recovery challenges. 

The most immediate effect of such events is the physical damage to grid 

infrastructure. Yang and Li [74] showed that typhoon disasters can trigger large-scale 

transmission failures, where the collapse of a small set of critical lines quickly 

propagates into system-wide disconnections. Bhusal et al. [75] highlighted that 

hurricanes often cause structural failures in overhead lines and towers, which are among 

the most vulnerable assets in the network. These failures not only interrupt bulk power 

delivery but also delay restoration efforts, especially when repair crews face unsafe 

conditions or limited access to damaged areas. 

Beyond physical destruction, disruptive events induce severe operational 

instabilities in the grid. Puhan et al. [76] demonstrated that extreme contingencies 

significantly degrade voltage stability margins, increasing the likelihood of blackouts if 

corrective measures are not applied rapidly. Xu et al. [77] highlighted that renewable 

energy systems, due to their variable and unpredictable output, can increase the risk of 

instability under sudden disturbances, making emergency operations more difficult. 

Overall, disruptive events threaten power system resilience in two ways: by directly 

damaging critical infrastructure and by causing operational instabilities that spread 

through the system. Historical blackouts caused by hurricanes illustrate the severe and 

lasting consequences of such events, emphasising the urgent need for resilience-
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oriented planning and grid hardening strategies. Disruptive events compromise power 

system resilience by causing both direct infrastructure damage and severe operational 

instabilities, leading to widespread blackouts and underscoring the importance of 

resilience-focused grid hardening. Based on the review, it is discovered that power 

system resilience has evolved from a conceptual notion to a central framework for 

ensuring secure and sustainable grid operation under extreme conditions. Early studies 

focused on defining resilience and differentiating it from reliability, while recent 

research emphasizes the integration of quantitative metrics, fragility analysis, and 

probabilistic approaches to assess system robustness. The increasing frequency of 

disruptive events such as hurricanes and floods has driven the adoption of grid 

hardening strategies, distributed generation, and cyber-physical control mechanisms. 

Furthermore, the incorporation of artificial intelligence, optimization techniques, and 

multi-infrastructure interdependencies reflects a shift toward proactive and adaptive 

resilience planning. Overall, resilience research has matured into a multidisciplinary 

field that combines physical reinforcements, operational intelligence, and 

computational optimization to anticipate, withstand, and recover from catastrophic 

disturbances ensuring long-term survivability and reliability of modern power systems. 

 

2.3 Grid Hardening Strategies in Power System 

Grid hardening schemes are proactive strategies designed to strengthen the 

ability of power systems to withstand, adapt to, and recover from disruptive events. 

Unlike post-event restoration, which deals with repairing damage, grid hardening 

focuses on preventive measures that minimize vulnerabilities and reduce the impact of 

high-impact, low-probability events. These measures combine physical reinforcements 

with operational strategies to ensure that power systems remain stable and secure under 

stress. 

In line with the focus of this research, two grid hardening schemes are 

emphasized: DG installation and load shedding schemes. DG introduces localized 

energy resources that enhance supply security and reduce dependence on centralized 

generation, while load shedding provides an essential operational mechanism to 

maintain stability during contingencies by prioritizing critical demand. The following 

subsections discuss these two schemes in detail, highlighting their roles in grid 

hardening and their contributions to enhancing overall power system resilience. 
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2.3.1 Distributed Generation as a Grid Hardening Strategy 

Distributed Generation (DG) has emerged as a cornerstone of grid hardening 

strategies, offering localized and flexible energy sources that enhance the resilience of 

modern power systems [78-80]. By decentralizing power production, DG reduces 

dependency on vulnerable transmission networks and provides backup supply during 

disruptions. Technologies such as solar photovoltaics, wind turbines, biomass, fuel 

cells, and small hydro plants enable systems to operate independently or in coordination 

with the main grid, thereby ensuring continuity of service during high-impact, low-

probability events [81-82]. 

One of the most significant resilience benefits of DG is its ability to support 

microgrids, which can isolate from the central grid and supply critical loads during 

outages. Xu et al. [83] and Gao et al. [84] demonstrated that DG-enabled microgrids 

play a vital role in critical load restoration under extreme conditions. Similarly, Liu et 

al. [85] emphasized that microgrids powered by DG can sustain vital services during 

hurricanes, floods, and other large-scale disasters, while Jiménez-Estévez et al. [86] 

highlighted their importance in supporting isolated communities. Bajwa et al. [87] 

provided a comprehensive review showing that microgrids integrated with DG 

significantly strengthen resilience by enhancing local autonomy and system 

survivability. 

Beyond islanding and black start capabilities, DG also contributes to resilience by 

improving system restoration. Pham et al. [88] noted that the widespread integration of 

DG introduces new challenges in restoration strategies, requiring innovative 

coordination mechanisms. More recently, Bajwa et al. [89] introduced resilience-

oriented restoration models that incorporate DG into service restoration while 

accounting for interdependent critical loads. Similarly, Hamidieh and Ghassemi [90] 

reviewed the evolving role of DG-based microgrids in resilience strategies, 

emphasizing their growing relevance in system recovery. 

DG deployment also supports multi-microgrid networks, which can share 

resources and improve resilience at scale. Mishra et al. [91] proposed a framework 

combining multi-microgrids with mobile energy storage, while Baghbanzadeh et al. 

[92] demonstrated that distributed generation significantly improves the resilience of 

interconnected microgrid distribution networks. Zhang et al. [93] further advanced this 

perspective by developing stochastic models for mobile emergency generator planning, 
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enhancing flexibility in disaster-prone areas. 

Furthermore, DG integration has been studied in relation to extreme weather and 

natural disasters. Yang and Li [74] proposed a hybrid data-model approach to evaluate 

resilience under typhoon impacts, while Xu et al. [77] reviewed resilience enhancement 

strategies in renewable integrated systems exposed to events, stressing the importance 

of DG as a stabilizing resource. Paliwal et al. [81] and Rezaee Jordehi [82] highlighted 

that careful planning of DG placement and sizing is essential to avoid over or under 

compensation, which may otherwise compromise system stability. 

DG has evolved from being a supplemental power source to becoming a strategic 

tool for resilience. It supports localized autonomy through microgrids, enhances 

restoration processes, improves redundancy, and reduces vulnerability to large-scale 

outages. While challenges remain regarding variability, coordination, and restoration, 

the extensive body of research demonstrates that DG, particularly when integrated with 

microgrids and supported by innovative restoration frameworks, is indispensable for 

grid hardening and resilience improvement. 

 

2.3.2 Load Shedding as a Grid Hardening Strategy 

Load shedding is one of the most common methods used to keep power systems 

stable during emergency conditions. It works by reducing the demand on the system 

when generation cannot meet the required load. Early studies, such as Mostafa and 

Amah [94], showed that steady-state load shedding can prevent widespread blackouts 

when the system faces serious supply problems. Over time, load shedding has moved 

from being a last-resort action to an important grid hardening strategy, helping protect 

critical services and reduce the risk of cascading failures [95-99]. 

Load shedding is also widely applied in resilience studies. Yu et al. [100] used it 

in evaluating integrated energy system resilience, while Abrar et al. [101] introduced 

an adaptive approach for renewable-integrated systems. Liu et al. [102] presented a 

preplanned shedding strategy to protect microgrids during unplanned islanding, and 

Kabir et al. [103] proposed a dynamic-adaptive method to strengthen frequency 

resilience. These studies show that load shedding is not only a basic emergency action 

but also an important resilience tool, with adaptive and planned strategies making it 

more effective in renewable-based systems and microgrids. 
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Other researchers have expanded the role of load shedding beyond traditional use. 

Amraee and Saberi [104] combined transmission switching with load shedding to 

enable controlled islanding. Ouyang et al. [105] designed an emergency frequency 

control approach that coordinates shedding with generator-tripping and switching. 

Abbasizadeh and Azad-Farsani [106] addressed cyber risks by developing cyber-

constrained load shedding strategies for modern smart grids. Recent studies show that 

load shedding is evolving from a traditional emergency tool into advanced strategies, 

including controlled islanding, coordinated frequency control, and even cyber-secure 

applications in smart grids. 

Overall, these studies show how load shedding has progressed from simple, fixed-

rule approaches to more advanced, adaptive, and cyber-aware strategies. It continues to 

play a vital role in grid hardening, allowing power systems to withstand and recover 

from both routine disturbances and high-impact, low-probability events. Load shedding 

has moved from basic fixed methods to advanced adaptive and cyber-aware strategies, 

and it remains an important way to strengthen grids against everyday faults and extreme 

events. The review discovers that grid hardening strategies, notably DG and load 

shedding, are essential for improving power system resilience. DG enhances supply 

reliability and supports microgrid operation during disturbances, while load shedding 

ensures system stability through adaptive and cyber-aware control. Together, these 

strategies strengthen grid survivability and speed up recovery from high-impact events. 

 

2.4 Optimisation Techniques in Grid Hardening Schemes  

Optimisation techniques are essential in ensuring the effective design and 

implementation of grid hardening strategies [107]. While reinforcement of 

infrastructure and operational measures, such as DG installation and load shedding, 

significantly enhances system resilience, the resulting impact depends heavily on 

optimal planning and coordination. Non-optimal solutions may lead to 

overcompensation or under compensation, excessive costs, and limited resilience 

improvement. Therefore, optimisation offers a systematic approach to balance 

resilience objectives with operational and economic constraints [108-109]. Classical 

optimisation methods such as linear programming (LP), nonlinear programming (NLP), 

and mixed-integer programming (MIP) have long been applied in power system 

planning. These methods are effective when system conditions are well-defined and the 
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problem structure remains relatively simple, for example in determining optimal load 

shedding schedules, unit commitment, and resource allocation in conventional grids. 

However, their reliance on convexity and deterministic assumptions makes them less 

suitable for modern power systems characterized by uncertainty, high variability, and 

nonlinear behaviour [109] . 

To address these challenges, metaheuristic algorithms have gained significant 

attention. Techniques such as Genetic Algorithms (GA), Particle Swarm Optimisation 

(PSO), Differential Evolution (DE), Ant Colony Optimisation (ACO), and Evolutionary 

Programming (EP) have been successfully applied in DG placement, load shedding 

coordination, and resilience-oriented planning. More advanced approaches have also 

been proposed, such as the Water Cycle Algorithm for distribution network 

reconfiguration [110], hybrid fuzzy–metaheuristic frameworks for DG sizing and 

placement [111], Krill Herd Algorithm [112], Quasi-Oppositional Swine Influenza 

Model Optimisation [113], and Cuckoo Search Algorithm for simultaneous DG and 

capacitor placement [114]. Hybrid metaheuristics continue to show strong potential 

[115-121]. Muhamad Hapiz et al. [122] introduced a hybrid swarm evolutionary 

programming method for optimizing photovoltaic-based DG placement, while Kansal 

et al. [123] presented a hybrid approach for multi-type DG in distribution networks. 

Similarly, El-Fergany [124] applied a backtracking search optimisation algorithm for 

optimal DG allocation, and Salimon et al. [114] used Cuckoo Search for simultaneous 

DG and capacitor sizing. These examples highlight how metaheuristic and hybrid 

methods can overcome the limitations of classical optimisation by addressing 

nonlinearities and uncertainties inherent in modern power systems [125-126]. 

More recently, research has focused on multi-objective optimisation techniques, 

which allow simultaneous consideration of goals such as minimizing power losses 

while improving voltage stability and resilience. Approaches based on weighted-sum 

methods, Pareto-front analysis, and evolutionary multi-objective frameworks are now 

widely adopted in grid hardening studies [111], [122]. These methods enable planners 

to evaluate trade-offs among technical reliability, economic feasibility, and resilience 

enhancement, leading to balanced and practical solutions. As modern power systems 

evolve with higher levels of renewable integration, microgrids, and smart technologies, 

optimisation techniques have become essential. Beyond supporting resilient 

infrastructure planning, these optimisation techniques facilitate adaptive system 

operation under high-impact, low-probability events. Ultimately, optimisation provides 
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the foundation for transforming grid hardening measures into coordinated and 

intelligent strategies that enhance long-term power system survivability. 

2.4.1 Single-Objective Optimisation Approaches 

Single-objective optimisation has long been a foundation in power system 

operation and planning. It is based on minimizing or maximizing a single fitness 

function such as power loss minimization, voltage profile improvement, or load 

shedding reduction while adhering to network constraints like power balance, voltage 

stability, and transmission limits. This framework has been particularly valuable in grid 

hardening studies, where the goal is often to improve system resilience under base-case 

or contingency conditions. Classical mathematical methods such as linear programming 

(LP), nonlinear programming (NLP), and mixed-integer programming (MIP) were 

initially applied in power system planning problems. While effective in well-structured 

formulations, these methods face challenges when dealing with nonlinear, large-scale, 

and uncertain grid hardening problems, making them less suitable for modern resilience 

planning. 

 

2.4.1.1 Evolutionary Programming 

Evolutionary Programming (EP), introduced by Fogel as one of the earliest 

evolutionary algorithms, is inspired by the principles of biological evolution where 

candidate solutions evolve through mutation and selection over successive generations 

[127]. Unlike traditional mathematical methods, EP does not require convexity or 

differentiability in the objective function, making it suitable for solving nonlinear, 

stochastic, and large-scale optimisation problems. Over the years, EP has been widely 

applied across engineering, energy, and computing domains, establishing itself as a 

versatile optimisation tool [128-132]. 

In the power systems field, EP has been extensively used for planning and 

operational studies. Mashudi et al. [133] applied EP for generation expansion planning, 

integrating renewable resources such as photovoltaic (PV) and wind systems into long-

term system planning. Similarly, Ibrahim et al. [134] developed an Integrated Immune 

Chaotic Evolutionary Programming (IICEP) technique to optimize the integration of 

Battery Energy Storage Systems (BESS) into transmission networks, demonstrating 



20 

improvements in system stability and efficiency. Kamalrolzaman et al. [135] proposed 

a hybrid Grasshopper Algorithm EP method to allocate distributed energy resources 

effectively, highlighting the potential of hybrid EP approaches for resource optimisation 

in modern grids. 

Beyond power systems, EP has been successfully applied in broader energy and 

computing applications. Dahlan et al. [136] combined EP with Artificial Neural 

Networks (ANN) to create a hybrid model for evaluating energy efficiency policies, 

particularly in measurement and verification baselines. This hybridization illustrates the 

adaptability of EP in addressing energy policy and sustainability challenges. In addition, 

Gore et al. [137] employed EP for dynamic resource management and energy 

optimisation in cloud computing, showing its capability to handle real-time, large-scale, 

and resource-constrained environments. 

EP has also been extended into non-energy fields, demonstrating its flexibility. 

Tian et al. [138] applied EP for deep feature and model selection in visual data 

classification, improving computational efficiency and classification accuracy. 

Dolganov [139] used EP in biomedical engineering to estimate blood pressure indirectly 

through heart rate variability parameters, demonstrating EP’s applicability to health 

monitoring and medical data processing. 

The versatility of EP across domains ranging from generation expansion, storage 

integration, and distributed resource allocation in power systems, to hybrid energy 

efficiency modeling, cloud computing optimisation, visual data classification and 

biomedical applications highlights its robustness and adaptability. Researchers have 

further enhanced EP by embedding chaotic maps, immune-based operators, and 

hybridization with other metaheuristics, thereby improving convergence speed and 

solution quality. 

In summary, EP remains a powerful and flexible optimisation approach with 

applications far beyond traditional power system studies. Its adaptability to 

hybridization and multi-domain problems ensures its continuing relevance in 

addressing the complex challenges of modern power, energy, computing, and 

biomedical systems. 
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2.4.1.2 Clonal Search Optimizer 

The Clonal Search Optimizer (CSO) is an immune-inspired optimisation 

algorithm based on the clonal selection principle, where high-affinity antibodies 

proliferate through cloning and mutation while low-affinity antibodies are eliminated. 

This process provides an effective balance between exploration and exploitation, 

making CSO widely applicable to nonlinear and multi-objective problems [140]. Recent 

improvements have focused on enhancing CSO convergence and robustness. Zhang et 

al. [141] proposed an improved intelligent clonal optimizer with adaptive parameter 

strategies, which refined solution accuracy while accelerating convergence. Sahargahi 

et al. [142] introduced an intelligent chaotic clonal optimizer, combining chaos theory 

with the clonal process to avoid premature convergence and improve diversity in the 

search space. These advancements demonstrate how CSO can be extended to tackle 

high-dimensional problems more effectively. 

CSO has also been applied to multi-objective optimisation. Lian [143] developed 

an adaptive multi-objective immune algorithm using clonal principles for reactive 

power optimisation, showing its effectiveness in balancing competing objectives such 

as voltage stability and power loss minimization. Similar concepts were applied by 

Lima et al. [144], who utilized artificial immune mechanisms with clonal search for 

disturbance detection in distribution systems, highlighting CSO adaptability beyond 

pure optimisation tasks. In the field of power distribution and system reconfiguration, 

Oliveira et al. [145] applied artificial immune systems inspired by clonal selection to 

minimize energy losses in electrical networks, achieving more efficient network 

operation. Bayar et al. [146] provided a broader review of fault detection and diagnosis 

using immune-based algorithms, emphasizing CSO potential in system monitoring, 

fault recovery, and anomaly detection. Hatata et al. [147] further employed immune-

inspired optimisation, including clonal search, for sizing hybrid solar, wind and battery 

systems, ensuring reliability and cost efficiency in renewable integration. 

Applications have also extended to dispatch and planning problems. Souza et al. 

[148] applied clonal search principles in distribution system reconfiguration with 

variable demand, showing improved adaptability under changing operating conditions. 

Basu [149-150] employed artificial immune and clonal search approaches for 

hydrothermal power dispatch and combined heat and power dispatch, respectively. 

These studies confirmed that CSO based algorithms can efficiently handle non-linear 
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cost functions, multi-variable constraints, and the competing objectives often 

encountered in real-world energy systems. 

Overall, the CSO have been successfully applied to a wide range of problems, 

from reactive power optimisation and system reconfiguration to renewable energy 

planning, fault detection, and economic dispatch [144], [151-152]. Its flexibility, 

scalability, and immune inspired learning ability make it a strong candidate for solving 

complex engineering problems, particularly in modern power systems facing 

uncertainty, variability, and the demand for resilience. 

 

2.4.1.3 Squirrel Search Algorithm 

The Squirrel Search Algorithm (SSA), introduced by Jain et al. [153], is a nature-

inspired metaheuristic optimisation algorithm modelled on the dynamic foraging 

behaviour of flying squirrels. In SSA, candidate solutions imitate squirrels gliding 

between trees in search of acorns, balancing exploration and exploitation. Its 

adaptability and simplicity have made SSA a promising tool for solving complex 

optimisation problems in both power system engineering and other fields. Early studies 

applied SSA to multi-objective optimisation and real-world scheduling problems. Zhu 

et al. [154] demonstrated its capability for solving multi-objective assignment problems 

in surgical case scheduling, showing that SSA can efficiently manage trade-offs 

between competing objectives. Dhaini and Mansour [155] employed SSA for portfolio 

optimisation, highlighting its robustness in financial decision-making under 

uncertainty. Sakthivel et al. [156] extended SSA to address combined economic and 

emission dispatch (CEED) problems in power systems, showing that multi-objective 

SSA can simultaneously minimize fuel cost and emissions. 

SSA has also been widely applied in power system optimisation. Basu [157] 

utilized SSA for multi-region combined heat and power (CHP) dispatch incorporating 

renewable resources, confirming its efficiency in managing multiple fuel sources and 

renewable variability. Sakthivel and Sathya [158] proposed a fuzzified SSA for single- 

and multi-area multi-fuel dispatch problems, reporting improved convergence and 

solution quality compared to conventional techniques. Wekesa et al. [159] further 

developed a hybrid differential SSA to optimize reactive power dispatch, demonstrating 

significant improvements in voltage stability enhancement. To expand its capabilities, 

various improved and hybrid SSA versions have been proposed. Yuan et al. [160] 
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introduced an improved SSA with adaptive strategies to enhance convergence speed 

and solution accuracy. Artuğer [161] applied SSA to design a nonlinear component 

generator, showcasing its potential in VLSI design and electronics. Javed et al. [162] 

presented a flying squirrel-based optimisation algorithm to improve hybrid 

photovoltaic–thermoelectric systems, reporting higher efficiency in renewable-thermal 

energy integration. 

In the context of resilience and distributed generation, Muhamad Syukor et al. 

[158] proposed the Hybrid Squirrel Search Evolutionary Programming Algorithm 

(HSSEPA), applying SSA to distributed generation installation for voltage stability 

improvement. Their results demonstrated the advantage of combining SSA exploration 

strength with evolutionary programming convergence capabilities. Recent literature has 

continued to explore SSA in multi-objective and hybridized forms. For instance, 

Sakthivel et al. [158] emphasized its effectiveness in balancing cost and environmental 

objectives, while new studies such as Wekesa et al. [159] integrated SSA with other 

metaheuristics to enhance stability under stressed power system conditions. These 

advancements show SSA flexibility as a baseline algorithm adaptable to different 

optimisation frameworks. 

SSA has evolved from a novel bio inspired optimizer into a versatile tool applied 

across multiple domains, including power dispatch, renewable integration, reactive 

power optimisation, financial modelling, scheduling, and electronics design. 

Continuous modifications, hybridization, and domain-specific applications highlight its 

potential as an effective metaheuristic for solving nonlinear, large scale, and multi-

objective problems in modern complex systems. 

 

2.4.2 Multi-Objective Optimisation Approaches 

Multi-objective optimisation (MOO), also referred to as multi-criteria 

optimisation, involves solving problems with two or more conflicting objectives 

simultaneously [163-164]. Unlike single-objective optimisation, which seeks to 

minimize or maximize a single fitness function, MOO focuses on obtaining a set of 

trade-off solutions that balance multiple criteria such as cost, loss, emissions, and 

voltage stability. In power system applications, this is particularly relevant since grid 

hardening strategies often require addressing technical, economic, and environmental 

goals at the same time. 
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A commonly used method for solving MOO problems is the weighted-sum 

technique, which aggregates multiple objectives into a single scalar fitness function by 

assigning weight coefficients to each objective. The total fitness value is obtained by 

multiplying each objective function with its corresponding weight and summing the 

results. This approach is straightforward, computationally efficient, and widely adopted 

in power system planning. For example, Selim et al. [165] applied weighted-sum 

formulations in DG placement problems using improved Harris Hawks Optimisation, 

while Zeinalzadeh et al. [166] utilized a multi-objective PSO framework for 

simultaneous DG and capacitor allocation under load uncertainty. Similarly, H. P. C et 

al. [167] demonstrated the use of whale optimisation in addressing the trade-off between 

technical performance and economic feasibility. 

Several studies have emphasized the versatility of weighted-sum approaches 

when applied to DG integration and loss minimization problems. Mansor et al. [168] 

introduced a multi-objective immune-commensal evolutionary programming method 

that simultaneously reduced total production cost and transmission loss, while Paliwal 

et al. [81] explored operational optimisation of integrated urban energy networks using 

similar principles. Kansal et al. [169] and El-Fergany [124] also showed that weighted-

sum formulations remain practical for solving multi-DG allocation problems in 

distribution systems. 

Apart from weighted-sum, other MOO techniques have been employed in 

resilience-oriented studies. The Pareto front approach identifies a set of non-dominated 

solutions, providing decision-makers with multiple trade-offs rather than a single 

solution. This method was highlighted in studies such as Bajwa et al. [87], who applied 

Pareto-based chaotic mutation immune evolutionary programming for PV integration, 

and Yehia et al. [111], who proposed hybrid fuzzy metaheuristic approaches for DG 

sizing and placement. The ε-constraint method and goal programming have also been 

used in power system optimisation to transform multiple objectives into constraints or 

assign target values to performance indicators. Meanwhile, lexicographic ordering has 

been adopted where objectives are ranked by importance, solving them sequentially. 

In more recent work, advanced metaheuristic techniques have been extended to 

multi-objective formulations. For instance, ChithraDevi et al. [112] applied a krill herd 

algorithm for multi-objective DG placement. Hybrid swarm-based methods, such as 

those demonstrated by Muhamad Hapiz et al. [122], further highlight the flexibility of 

metaheuristics in balancing multiple resilience objectives. More recently, Zhu et al. 
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[154] explored the application of squirrel search algorithms to multi-objective 

optimisation, further demonstrating the adaptability of newer bio-inspired techniques. 

MOO improves decision-making by showing a wider range of possible solutions, 

allowing stakeholders to choose options that best match resilience, cost, and reliability 

goals. It also makes planning and operations stronger by considering different 

performance factors together. 

 

2.4.3 Composite Survivability Strategies 

Composite Survivability Strategies (CSS) in power systems combine two or more 

complementary techniques to strengthen resilience, reduce losses, and ensure reliable 

supply under disruptive conditions. Unlike single-method approaches, CSS leverages 

the advantages of multiple solutions, thereby addressing both technical and operational 

challenges in modern grids. 

Leghari et al. [170] introduced a framework that integrates distributed generation 

(DG) with capacitor units to support both grid-connected and islanded operations. This 

composite approach improves voltage stability and minimizes power loss, enabling 

networks to function effectively under different operational modes. Similarly, Shen et 

al. [171] highlighted the role of energy storage in microgrids by presenting an 

optimisation method that considers multi-energy coupling and demand response. Their 

study showed that combining energy storage with demand-side strategies significantly 

enhances flexibility and operational reliability. 

Beyond energy storage and DG, composite approaches have been applied in load 

management. Parsadust et al. [172] developed a dual-objective model combining 

telecommunication switch optimisation with DG integration, enabling efficient load 

management while ensuring reliable supply. Mishra et al. [91] further expanded this 

perspective by proposing multi-microgrid coordination combined with mobile energy 

storage to quantify and improve resilience in active distribution systems. Their study 

confirmed that interlinked microgrids with mobile resources provide higher adaptability 

during extreme events compared to isolated solutions. 

At the system reliability level, Zhou et al. [68] addressed mixed cascading failures 

in dependent network systems by optimizing reliability improvement and resilience 

simultaneously. Their work emphasized that composite modelling is crucial for 

capturing the interdependence between failures and recovery strategies. Likewise, 
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Wang et al. [173] explored a coordination optimisation method that integrates load 

shedding with distribution network reconfiguration. The results showed that this 

combination significantly improves service continuity and accelerates restoration 

during emergencies. Amraee and Saberi [104] presented a composite method of 

controlled islanding that combines transmission switching with load shedding. This 

integrated approach helps to contain cascading failures while maintaining supply to 

critical loads. At a broader level, Ismail et al. [174] conducted a comparative analysis 

of loss control techniques in transmission systems and demonstrated that composite 

compensation schemes consistently outperform individual measures. 

These studies collectively illustrate that composite survivability strategies 

represent a key advancement in resilience planning. By integrating multiple techniques 

such as DG, capacitor placement, energy storage, demand response, mobile resources, 

and controlled islanding, CSS enables power systems to withstand high-impact low-

probability events more effectively. The literature consistently shows that the combined 

benefits of these methods surpass their individual contributions, positioning CSS as a 

foundation for future resilient and adaptive power systems. 

From the review, it is discovered that optimisation techniques play a crucial role 

in enhancing grid hardening strategies by ensuring efficient planning, coordination, and 

operation under uncertain and nonlinear conditions. Classical optimisation methods, 

though foundational, are limited in handling complex modern grid problems. 

Metaheuristic and hybrid algorithms such as EP, CSO, and SSA provide robust 

solutions for nonlinear and multi-objective problems. Moreover, multi-objective 

frameworks and composite survivability strategies enable simultaneous optimisation of 

resilience, cost, and reliability. Collectively, these optimisation approaches form the 

basis for developing intelligent, adaptive, and resilient power systems capable of 

withstanding high-impact, low-probability disturbances. 

 

2.5 Research Gap 

1. Conceptual and Methodological Gaps in Grid Resilience Studies 

• Most existing works focus on resilience evaluation and qualitative frameworks 

but lack quantitative, optimization-based resilience enhancement models. 

• Resilience is often treated as a post-event or restoration issue, whereas proactive 

grid hardening optimization remains underexplored. 
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• Studies tend to analyse resilience indicators (e.g., SAIDI, SAIFI, recovery time) 

rather than optimizing grid configurations or compensation parameters to 

strengthen system survivability. 

• There is limited integration between resilience quantification and optimization, 

particularly using modern metaheuristic or hybrid algorithms. 

 

2. Limitations in Grid Hardening Strategies (DG and Load Shedding) 

• Existing grid hardening schemes mainly study DG installation or load shedding 

individually, with fewer studies addressing their coordinated optimization under 

resilience objectives. 

• DG placement and sizing studies often emphasize voltage stability or loss 

minimization, but not explicitly resilience metrics such as survivability or 

system restoration speed. 

• Load shedding schemes are primarily reactive; adaptive or predictive load 

shedding optimization for resilience enhancement is still limited. 

• Few studies integrate operational schemes (e.g., DG, capacitor, and load 

shedding) into a unified optimization model targeting resilience improvement. 

 

3. Optimization Technique Gaps 

• Classical optimization approaches (LP, NLP, MIP) struggle with nonlinearity, 

uncertainty, and scalability, making them less effective for real-world resilience 

planning. 

• While numerous metaheuristics (GA, PSO, DE, ACO, etc.) have been tested, 

comparative studies show inconsistencies in convergence reliability and 

solution diversity. 

• Evolutionary Programming (EP), though recognized for robustness, has been 

underutilized for resilience-based multi-objective grid hardening problems. 

• Hybrid and bio-inspired algorithms such as Clonal Search Optimizer (CSO) and 

Squirrel Search Algorithm (SSA) have shown potential individually, but their 

embedded or hybridized applications for grid resilience remain unexplored. 

• Multi-objective frameworks are increasingly adopted but most focus on cost-

loss trade-offs, not on resilience-oriented objectives such as voltage stability 

margin (Vmin) or Fast Voltage Stability Index (FVSI). 
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4. Emerging Gaps in Composite Survivability Strategies (CSS) 

• Current composite strategies (DG + capacitor, DG + storage, etc.) focus 

primarily on loss and voltage improvement, with limited consideration of 

resilience metrics. 

• Few studies model cascading failures or interdependent system effects within 

composite optimization frameworks. 

• There remains a lack of adaptive or intelligent CSS optimization using 

evolutionary hybrid models that can respond dynamically to high-impact, low-

probability (HILP) events. 

 

2.6 Summary  

This chapter has reviewed the literature relevant to power system resilience and 

grid hardening. The review highlighted that resilience has become a critical focus in 

modern power systems due to the increasing frequency of high-impact, low-probability 

disruptive events such as hurricanes, floods, and cyber-attacks. Various grid hardening 

schemes were discussed, with emphasis on distributed generation and load shedding as 

two key strategies that enhance survivability by decentralizing supply and stabilizing 

the grid under stressed conditions. The role of optimisation techniques was also 

explored, ranging from classical single-objective methods to advanced multi-objective 

and hybrid approaches, which have been widely applied in DG placement, load 

shedding coordination, and resilience-based planning. More recent studies 

demonstrated the growing importance of composite survivability strategies, where DG, 

load shedding, microgrids, and storage are integrated to provide holistic resilience 

improvement. From the literature review, it is evident that optimisation-driven 

approaches are essential in grid hardening, ensuring that strategies are not only 

technically effective but also coordinated, adaptive, and efficient in addressing modern 

resilience challenges. From the literature review, it is evident that optimisation-driven 

approaches are essential in grid hardening, ensuring that strategies are not only 

technically effective but also coordinated, adaptive, and efficient in addressing modern 

resilience challenges. However, existing studies lack a unified hybrid optimisation 

framework that simultaneously maximizes voltage stability and enhances resilience 

under stressed system conditions this gap forms the basis of the present research work. 
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CHAPTER 3  

EMBEDDED CLONAL SQUIRREL EVOLUTIONARY 

PROGRAMMING FOR GRID HARDENING IN POWER SYSTEM  

3.1 Introduction 

Grid hardening is an important current issue in power system operation and 

planning. The resilience of power systems and critical infrastructure can be greatly 

enhanced through grid hardening against multiple threats. A weak grid can lead to 

disastrous effects, including vast blackouts, severe economic losses, and failure of many 

essential systems. There are weaknesses in grid systems such as aged infrastructure, 

insufficient redundancy, and insufficient protection against cyber-attacks that may 

worsen the impacts of all types of disruptions, including natural disasters and cyber-

attacks[64].  

This chapter presents a new optimisation approach called Embedded Clonal 

Squirrel Evolutionary Programming (ECSEP) for hardening of the grid. This technique 

is proposed based on integration of three optimisation techniques which are Clonal 

Search Optimizer (CSO), Squirrel Search Algorithm (SSA) and Evolutionary 

Programming (EP). ECSEP is formulated to compute the best placement of DG and 

appropriate load shedding in the transmission system during disruptive events to 

improve network robustness. ECSEP aims at reducing power system total losses and 

enhancing voltage security margin in transmission power systems.  Each problem 

formulation is solved independently in two separate components. The effectiveness of 

the ECSEP technique is evaluated by applying it to two reliability test systems, namely 

the IEEE 30-Bus RTS and the 57-Bus RTS systems. The performance of ECSEP is 

evaluated in that it compares the optimisation results with those acquired by individual 

CSO, SSA, and EP techniques. 

 

3.2 Concept of Grid Hardening in Power System 

Grid hardening theory concerns of making the electrical grid more secure, 

resilient, and robust to withstand a wide range of threats so that it can continue 

supplying power under tough conditions. It is particularly vital in the background of 
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increasing threats like climate change, cyber-attacks, and outdated infrastructure as 

illustrated in Figure 3.1. Among the significant challenges in grid are cyber threats, high 

demand growth, aging infrastructure and extreme weather. These challenges require 

grid hardening action which will lead to increasing resilience, preventing outages and 

enhancing reliability. Among the important initiatives which could be implemented are 

smart grid technology, upgraded equipment, cybersecurity measures, renewable energy 

integration, load shedding process and DG installation. Grid hardening refers to 

physical and nonphysical improvement to the electricity infrastructure, with a goal of 

reducing sensitivity to catastrophic outages and increased overall resilience [24], [76], 

[108], [175-176]. Physical hardening refers to the installation of new infrastructure and 

reorganization of the current topology of the network. Nonphysical hardening, however, 

refers to altering patterns of consumption, generation, and power transfer. 

 

 
Figure 3.1 Grid Hardening Strategy 

 

3.2.1 Grid Hardening Strategies 

Two important grid hardening strategies are DG installation and load shedding 

as the compensation scheme shown in the Figure 3.2. Implementation of DG installation 

concerns on the identification of optimal location and sizing of DG, in particular DG 

Type-1 where only real power is injected into the grid. On the other hand, load shedding 

compensation scheme deals with the optimal locations of loads to be shed, along with 

the identification of real and reactive power to be shed from the system. Figure 3.2 

presents the strategy of implementing grid hardening through compensation techniques. 

In this study, two important power models i.e. IEEE 30-Bus RTS and IEEE-57-Bus 

RTS are chosen to realise the effectiveness of grid hardening strategies. 
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Figure 3.2 Compensation Process Implementation in Grid Hardening Strategy 

 

3.2.1.1 Intelligent Distributed Generation Installation 

DG is the process of generating electricity at the point of use in order to reduce 

the dependency on the centralized power system supply [177]. The DG systems are 

usually powered by small scale technologies such as solar photovoltaic panels, wind 

turbines and micro-hydro power stations. Distributed generation has many advantages 

to the power systems which include; reduced energy losses during transmission, 

improved grid reliability through local power generation, increased energy 

independence and increased use of renewable energy resources [178-184]. The above-

mentioned types of sources can be classified depending with their terminal capabilities 

in power delivery into four categories: Type I only provides real power, Type II only 

provides reactive power, both real and reactive power is provided by Type III and real 

power is provided by Type IV but it consumes reactive power [185]. In this study, DG 

Type-I installed in the strategy to harden the grid condition. Figure 3.3 illustrates the 

setup of general Intelligent DG Installation Strategy for grid hardening initiative. Real 

implementation for this strategy concerns on both reliability test systems (RTS) 

depending on the desired breadth and depth which will be reported in the Results and 

Discussion section. 
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Figure 3.3 General Intelligent DG Installation Strategy for Grid Hardening 

 

Figure 3.3 shows that DG installation can be divided into two main approaches: 

optimal location and sizing, and known location and sizing. In the optimal approach, 

the placement and size of DG units are determined using optimisation methods, 

allowing better system performance such as reduced losses and improved voltage 

stability. In contrast, the known location and sizing approach is based on practical 

constraints, where DG units are fixed in advance. While this method is easier to 

implement, it does not always give the best technical results. 

The figure also shows that DG installation can involve different number of units, 

from a single DG to multiple DGs, depending on the system needs. However, without 

proper optimisation process, increasing the number of DGs does not necessarily lead to 

better performance. 

 

3.2.1.2 Intelligent Load Shedding Scheme 

In order to ensure that there is a balance between the supply of electricity and 

demand at all times, power systems employ a critical mechanism known as load 

shedding during periods of extreme stress or shortages. It helps the operators to avoid 

system wide failures like blackouts that may result from overloads or insufficient 

generation capacity by temporarily and strategically reducing the load on the grid. In 

enhancing the power system resilience, load shedding is used as a crucial tool to support 

the stability of the grid and to enable it to operate during adverse conditions including 

natural disasters, equipment failures or unexpected spikes in demand [186]. Power 

system resilience indicates the strength of grid which refers to the ability of the power 
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system to absorb and recover from such disruptions and load shedding plays a pivotal 

role in this process by reducing the risk of cascading failures and enabling the system 

to recover more quickly. Intelligent load shedding schemes are shown in Figure 3.4 that 

depicts the optimal bus locations as well as the known locations and optimal sizing of 

real power (Pd) and reactive power (Qd) to be curtailed. 

 

 
Figure 3.4 General Implementation in Intelligent Load Shedding Schemes 

 

Figure 3.4 illustrates the general setup for an intelligent load shedding scheme.  It 

is configured in two approaches, namely (i) the optimal location and sizing, and (ii) 

known location and optimal sizing. In the optimal location and sizing, the control 

variables will involve locations and sizing to be optimised in the load shedding scheme. 

On the other hand, in the known locations, the sizing of load to be shed will be 

conducted on the pre-determined locations. Load shedding can be implemented 

considering single load shedding, 2-load shedding, or N-load shedding. Real 

implementation on both reliability test systems will be presented in the Results and 

Discussion section. 

 

3.3 Problem Formulations 

Problem formulations required to be solved by the intelligent DG installation 

and load shedding scheme concentrates on the loss minimisation and voltage stability 

improvement which led to the grid hardening. Grid hardening will then be quantified in 

the form of power system resilience improvement.  However, it is crucial to analyse the 
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optimal location for the integration of DG and load shedding. Incorrect location or level 

of integration of DG and load shedding may lead to either over or under compensation, 

thus leading to poor system performance and in some cases, exacerbate the problems 

on the power system. Thus, optimisation techniques are the pre-requisite to determine 

the appropriate size and location of DG and load shedding. As a result, the efficiency 

of electrical power transmission can be greatly enhanced especially in regards to power 

losses and voltage stability. 

This chapter applies optimisation methods to find the best locations and 

capacities of DG and load shedding points to meet the optimisation problems. The 

research is based on two main objective functions: minimizing power losses and 

optimizing the voltage security index. Details of power system losses and voltage 

security index will be explained in detail in the following subchapters. 

 

3.3.1 Loss in Power System 

Due to wide area and long transmission line, power systems may have high 

power losses. These losses, which are commonly known as thermal losses, depend on 

the line resistance and the currents passing through them [118]. Power losses are 

computed in this research via load flow analysis, with the objective function of loss 

minimisation, taking into consideration power loss equation as the fitness equation, 

Equation (3.1); 

𝑂𝑂.𝐹𝐹 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ∑ 𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛
𝑗𝑗=1                                             (3.1) 

where 𝑛𝑛  represents the number of buses in the system, the power loss 𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 for each 𝑖𝑖 

line can be determined using (3.2), (3.3) and (3.4) [187]; 

 

    𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =  ∑ ∑ [𝑎𝑎𝑖𝑖𝑖𝑖�𝑃𝑃𝑖𝑖𝑃𝑃𝑗𝑗 + 𝑄𝑄𝑖𝑖𝑄𝑄𝑗𝑗� + 𝛽𝛽𝑖𝑖𝑖𝑖(𝑄𝑄𝑖𝑖𝑃𝑃𝑗𝑗 + 𝑃𝑃𝑖𝑖𝑄𝑄𝑗𝑗𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1 )]           (3.2)                                      

  
𝑎𝑎𝑖𝑖𝑖𝑖 = 𝑟𝑟𝑖𝑖𝑖𝑖

𝑉𝑉𝑖𝑖𝑉𝑉𝑗𝑗
cos�𝛿𝛿𝑖𝑖 𝛿𝛿𝑗𝑗�                                                                (3.3) 

  𝛽𝛽 = 𝑟𝑟𝑖𝑖𝑖𝑖
𝑉𝑉𝑖𝑖𝑉𝑉𝑗𝑗

sin�𝛿𝛿𝑖𝑖 − 𝛿𝛿𝑗𝑗�                                                           (3.4) 
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where: 

𝑟𝑟𝑖𝑖𝑖𝑖 : line resistance between bus 𝑖𝑖 and bus 𝑗𝑗 
𝑉𝑉𝑖𝑖 & 𝑉𝑉𝑗𝑗 : voltage magnitude 
𝛿𝛿𝑖𝑖 − 𝛿𝛿𝑗𝑗 : voltage angles 
𝑃𝑃𝑖𝑖 & 𝑃𝑃𝑗𝑗    

 : active powers at bus 𝑖𝑖 and bus 𝑗𝑗 
𝑄𝑄𝑖𝑖 & 𝑄𝑄𝑗𝑗    

 : reactive powers at bus 𝑖𝑖 and bus 𝑗𝑗 
 

Loss can also be quantified as a percentage to enable comparison. A metric 

namely, Proportional Loss Reduction (PLR) quantifies the percentage by which power 

losses are reduced when compensation techniques was taking place in the system as 

opposed to losses that occur during an outage scenario with no compensation. PLR is 

given as in equation (3.5): 

 

                             𝑃𝑃𝑃𝑃𝑃𝑃 = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑤𝑤/𝑜𝑜_𝐷𝐷𝐷𝐷−𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑤𝑤𝑤𝑤𝑤𝑤ℎ_𝐷𝐷𝐷𝐷

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑤𝑤/𝑜𝑜_𝐷𝐷𝐷𝐷
× 100                                           (3.5) 

 

Lossw/o_DG represents the power loss in the system under an outage condition without 

compensation action and Losswith_DG denotes the power loss in the system when 

compensation is implemented. This phenomenon is illustrated in Figure 3.5. 

In general, Losswith_DG  is lower than the Lossw/o_DG, where the DG installation 

acts as the grid hardening strategy in power system. The loss values can be calculated 

during outage or without outage. With the line outage event, the power loss is higher 

than that in the non-outage event. These phenomena can be mathematically represented 

by: 

𝑃𝑃 = 0      ;    𝑡𝑡 < 𝑇𝑇1 

                           ;    𝑡𝑡 < 𝑇𝑇2 

𝑃𝑃𝐿𝐿1 > 𝑃𝑃𝐿𝐿2       ;  𝑇𝑇1 < 𝑡𝑡 < 𝑇𝑇2 

𝑃𝑃𝐿𝐿3 > 𝑃𝑃𝐿𝐿4       ;   𝑇𝑇1 < 𝑡𝑡 < 𝑇𝑇2 

where  

 PL1: Power loss before DG installation without outage event.  

 PL2: Power loss after DG installation without outage event. 

 PL3: Power loss before DG installation with outage event.  

 PL4: Power loss after DG installation with outage event.    
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At t = T2, PL4 can either be smaller or larger than PL2; PL4 < PL2 or PL2 > PL4. 

A higher PLR percentage indicates a more effective reduction in losses due to DG 

installation and load shedding compensation, contributing to overall system resilience. 

 

 
Figure 3.5 Power Loss Profiles with Pre- and Post-DG Installations under Outage 

and without Outage 

 

3.3.2 Voltage Security Index 

In this study, Fast Voltage Stability Index (FVSI), a pre-established voltage 

stability indicator, has been used to assess voltage stability extensively. For the system 

to be secure, the FVSI value must be less than 1. If the FVSI value of any line is greater 

than 1, it means voltage instability condition is experienced by a particular line, which 

may finally lead to total voltage collapse. Nevertheless, a maximum FVSI value termed 

FVSImax is already indicative to quantify the whole system stability. FVSI is derived as 

a line index for the 2-bus power system model in Figure 3.6 by considering current flow 

from bus 1 (sending bus) to bus 2 (receiving bus). 

           

Figure 3.6 A General 2-Bus System 
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The voltage at Bus 1 is represented as 𝑉𝑉1∠𝛿𝛿1 , while the voltage at Bus 2 is 

represented as 𝑉𝑉2∠𝛿𝛿2. The mathematical formulation of the FVSI is based on finding 

the expression for current flow in the transmission line given by the general equation 

of: 

 

          𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑖𝑖 =
4𝑍𝑍𝑖𝑖𝑖𝑖

2𝑄𝑄𝑗𝑗
𝑉𝑉𝑖𝑖
2𝑋𝑋𝑖𝑖𝑖𝑖

                                                           (3.6) 

where:  

𝑍𝑍𝑖𝑖 : line impedance 
𝑋𝑋𝑖𝑖𝑖𝑖  : line reactance 
𝑄𝑄𝑗𝑗   : receiving end reactive power 
𝑉𝑉 : sending end voltage 
 

For the purpose of comparison, it is practical to express FVSI in percentage form 

through the introduction of a metric entitled Proportional FVSI Reduction (PFR). The 

PFR formula determines the percentage reduction in FVSI when the compensation 

technique is applied to the system compared to the FVSI occurring during an outage 

scenario with no compensation. The mathematical representation of this relationship 

follow: 

                               𝑃𝑃𝑃𝑃𝑃𝑃 = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑤𝑤/𝑜𝑜_𝐷𝐷𝐷𝐷−𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝐷𝐷𝐷𝐷
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑤𝑤/𝑜𝑜_𝐷𝐷𝐷𝐷

× 100                                        (3.7) 

      

FVSIw/o_DG refers to the voltage stability index of the system during outage 

conditions without DG compensation whereas, FVSIwith_DG denotes the voltage stability 

index after DG compensation is applied under the same outage conditions. This 

phenomenon is illustrated in Figure 3.7. In general, FVSIwith_DG is lower than the 

FVSIw/o_DG, where the DG installation acts as the grid hardening strategy in power 

system. It means that the DG installation will help reducing the FVSI value of the 

system. The loss values can also be calculated during outage or without outage. With 

the line outage event, the power loss is higher than that in the non-outage event. 

This phenomenon can be mathematically represented by: 

 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 0             ;    𝑡𝑡 < 𝑇𝑇1    

                             ;    𝑡𝑡 < 𝑇𝑇2 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐿𝐿1 > 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐿𝐿2       ;  𝑇𝑇1 < 𝑡𝑡 < 𝑇𝑇2 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐿𝐿3 > 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐿𝐿4       ;   𝑇𝑇1 < 𝑡𝑡 < 𝑇𝑇2 
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Where:  

FVSIL1: FVSI before DG installation without outage event.  

FVSIL2: FVSI after DG installation without outage event. 

FVSIL3: FVSI before DG installation with outage event.  

FVSIL4: FVSI after DG installation with outage event.    

 

At t = T2, FVSIL4 can either be smaller or larger than FVSIL2; FVSIL4 < FVSIL2 

or FVSIL2 > FVSIL4. 

 

 
Figure 3.7 FVSI Profiles with Pre- and Post-DG Installations under Outage and 

without Outage 

 

3.3.3 Resilience in Power System 

Power grids use quantitative resilience indices to quantify their capability to 

endure and restore service after natural disaster events. The resilience index provides a 

holistic view of system performance by evaluating grid capacity for stable voltage 

regulation and reduced power losses during stress conditions combined with 

adaptability to changing parameters influencing both power loss and voltage stability 

[30]. In general, resilience can be defined as the ability of a system to withstand, adapt 

to, respond to, and recover from unexpected and disruptive events. It involves 

approaches to ensure the stability and effectiveness of the power system during and 

after an event such as natural disasters, equipment failures, cyber-attacks or any other 

unexpected incident. The power system resilience can be categorised into regions 
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namely the disturbance state, post-disturbance state, and restorative state as shown in 

Figure 3.8. The figure presents four cases which are used to explain the ideal resilience, 

degradation, partial degradation and total degradation with no recovery. 

 

• Case 1 (Ideal resilience): The system does not experience any degradation in 

this situation and actually withstands the disruptive event. This is the ideal case 

and the system’s resilience makes it possible for the system to stay in a stable 

operational state during external stress. 

• Case 2 (Degradation without restoration): The system experiences degradation 

and does not recover from it. This could be the case, for instance, where crucial 

lines to some buses are broken and without the help of compensation action, the 

service cannot be restored. The time window for this case is between t1 to t2 

which shows degradation and there is no restoration after t2.  

• Case 3 (Partial degradation with limited recovery): The system experiences a 

degradation followed by partial recovery to operate at a level which is higher 

than that during the disturbance. The time period for the degradation is observed 

from t1 to t2 and remains constant at this state from t2 and t3. The restoration state 

is observed from t3 to t4. This restoration is steady for t > t4. 

• Case 4 (Total degradation with no recovery): The system is completely blacked 

out and fails to come back on after the disturbance. The system cannot even 

regain functionality after a severe event. The time period for degradation is in 

between t1 and t2 and it remains as constant state for t greater than t2. 

 

In this study, resilience in power systems is evaluated through a methodological 

framework designed to assess and enhance the capacity of grid to withstand and recover 

from disruptions. The methodology centres on the integration of compensation actions 

and the use of resilience metrics quantitatively measure the system's performance under 

stress conditions. The goal is to improve the system's ability to absorb disturbances, 

adapt to varying operational conditions, and ensure a swift recovery to pre-disturbance 

states. 

A resilience index in power system is a quantitative measure of the capability of 

a power grid to absorb, resist, and recover from various disturbances, for instance, 

natural disasters. This index gives a general view of the system strength by taking into 
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consideration the grid ability to sustain stable voltage levels and optimal power losses 

during stress and the grid resilience to variations that may impact both power loss and 

voltage stability. The resilience of a power system to a particular extreme event is 

primarily seen through the changes in system performance that occur after the event has 

occurred [140]. 

 

 
Figure 3.8 Categories of System Resilience Responses 

 

The resilience of the system concerning the extreme event can be quantified as 

the inverse of the performance of system loss [55]. The mathematical representation for 

power system resilience can be represented by (3.8): 

 

                                𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 1
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿

                                                                       (3.8) 

 

Performance loss can be quantified by measuring its largest deviation from the 

normal level (3.9); 

                                  𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑄𝑄0−𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚
𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚

                                                                          (3.9) 

 

In this case, 𝑄𝑄0 is the baseline of the system performance, and 𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚 is the 

minimum of the system performance when it is affected by an extreme event. The 

resilience of a power system in a given extreme event is evident in the changes in system 

performance as the event progresses. Performance can be defined in terms of 

generation, operational security and power quality. Therefore, the degree of resilience 
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can be quantified in a scale that is ranging from 0 to infinity. In this case, an infinite 

resilience value is taken to mean perfect resilience, that is, the system does not 

experience any drop in performance during the extreme event. On the other hand, a 

resilience value of 0 means that there is no resilience, and the system does not even 

survive the impact of the extreme event or collapses immediately after. 

 

3.4 Optimisation Techniques for Grid Hardening 

Optimisation techniques are the pre-requisite in grid hardening strategy, since 

its absence will lead to non-optimal solution that may cause to unsolved problem. This 

study applies EP, CSO, and SSA as the benchmarked techniques as the effort to 

highlight a newly proposed optimisation technique to solve for optimisation problems 

in the context of natural disaster outages. New optimisation technique called Embedded 

Clonal Squirrel Evolutionary Programming (ECSEP) has also been introduced and 

implemented in this study.  

 

3.4.1 Evolutionary Programming (EP) 

EP has been used in research and technological applications for many years.  

Based on the Darwinian model of evolution, EP is based on the principle of natural 

selection, where individuals compete in an environment of limited resources, and only 

the fittest survive. The main advantage of EP is its conceptual simplicity: it is a 

structured process. The EP algorithm was developed from seven key operations: initial 

population generation, fitness evaluation, mutation, combination, selection, generating 

a new generation, and checking for convergence [188]. Each of these operations is 

described in detail below. 

 

(i) Initialization 

In EP, the initialization process is used to randomly generate individuals for all the 

control variables in accordance with the objective function. A uniform distribution 

number generator is used for this purpose to ensure that the random numbers satisfy the 

pre-determined equality or inequality constraints. To maintain feasibility, constraints 

must be imposed to ensure that the generated random numbers meet the criteria of the 

objective function. In general, 𝑥𝑥 can be mathematically represented by: 
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                                                𝑥𝑥 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (𝑥𝑥,𝑦𝑦) ∗ 𝐴𝐴 + 𝐵𝐵                                                 (3.10) 

 

                                            𝑥𝑥𝑗𝑗𝑖𝑖 = � 𝑥𝑥𝑗𝑗1 𝑥𝑥𝑗𝑗2 𝑥𝑥𝑗𝑗3 … … 𝑥𝑥𝑗𝑗𝑛𝑛�                                               (3.11) 

 

where: 
x: Number of rows 
y: Number of columns 
A: The offset 
B: The minimum value 

 

where n = number of control variables and j is the number of control of individuals. 

This will determine how the sizing of the initial population. If we wish to generate 3 

control variables within 20 individuals, the sizing of this matrix will be 20 rows by 3 

columns. For example, if we plan to install 3 random capacitor banks with 3 random 

locations, that means the sizing of the matrix during initialization is 20 rows by 6 

columns. 3 control variables denote 3 DG sizing and 3 control variables for random 

locations. 

 

(ii) Fitness Computation 

Fitness refers to the equation, function, or subroutine that needs to be optimised. It can 

range from a simple mathematical equation to a complex subroutine. The general 

representation of the fitness equation and objective function is as follows: 

 

                                           𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 𝑓𝑓(𝑥𝑥1 ,𝑥𝑥2, 𝑥𝑥3 … . 𝑥𝑥𝑛𝑛)                                (3.12) 

 

                                𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚(𝐹𝐹) 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚(𝐹𝐹)                                 (3.13) 

 

In this study, the fitness equations are the power loss equation or voltage security index. 

The power loss equation has been explained in equation (3.2). The other fitness equation 

is FVSI as discussed in equation (3.6). 

 

(iii) Mutation 

Mutation process is conducted to breed offsprings or children. The Gaussian mutation 

operator is applied to the parent random numbers, xi,j to generate offspring (mutated 
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parent), xi+m,j , using a standard deviation σ. The mutation process follows the equation 

below: 

                                                      𝑥𝑥𝑖𝑖+𝑚𝑚,𝑗𝑗 =  𝑥𝑥𝑖𝑖,𝑗𝑗 +  𝑁𝑁 �0,𝜎𝜎𝑖𝑖,𝑗𝑗2 �              (3.14) 
 

                                     𝜎𝜎𝑖𝑖,𝑗𝑗2 =  𝛽𝛽 (𝑥𝑥𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 − 𝑥𝑥𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗) � 𝑓𝑓𝑖𝑖
𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚

�                                       (3.15) 
 

where 
xi+m,j : Offspring 
xi,j        : Parent 
N : Gaussian random variable with mean and variance σ2 
β : Mutation scale 0< β <1 (Search Factor) 
xjmax: : Maximum random numbers for every variable 
xjmin   : Minimum random numbers for every variable 
fi    : Fitness for the ith random number 
fmax : Maximum fitness 

 

(iv) Combination 

The combination operator merges the parent and offspring populations while retaining 

their respective fitness values. This combination process allows arrange both 

populations top and down. This process doubles the rows within the same control 

variables. If the number of individuals is 20 during initialization process, this process 

makes the number of individuals is 40. 

 

(v)  Selection 

The selection process is performed on the combined population of parents and offspring 

to determine the candidates for the next generation as recommended by Ismail et al. in 

[189]. The population is then sorted in descending order based on fitness values. 

 

(vi) Convergence Test 

The convergence test is conducted to verify that the difference between the maximum 

and minimum fitness values of the objective function is ≤ 0.001, serving as the stopping 

criterion. The process terminates once this condition is satisfied.  

 

3.4.2 Clonal Search Optimisation (CSO) 

The CSO technique, inspired by the biological immune system, has been widely 

applied in computational models to solve complex real-world problems. By 
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incorporating clonal selection, immune network theory, vaccination and other adaptive 

mechanisms, the optimisation approach is able to improve both the quality and 

efficiency of solutions. Immune optimisation algorithms typically work with a 

population of individuals known as antibodies to meet specific objectives or comply 

with problem constraints. According to the clonal selection principle, all antibodies are 

cloned or duplicated in order to increase population size. The cloned individuals then 

go through a maturation process, hypermutation, through which diversity is introduced 

and the solution space is effectively explored. After that, their fitness is determined and 

the high affinity ones are chosen to proceed to the next stage of evolution. The chosen 

individuals become a new population of the same number as the original and this is to 

ensure that there is a continuous process of improvement. This process of cloning, 

mutation and selection is done iteratively until the algorithm converges to an optimal 

solution, which shows the robustness and adaptability of the clonal search optimisation 

technique in complex problem solving.  

The CSO algorithm first sets a population of size 𝑛𝑛 as the potential solutions for 

the optimisation problem. The number of control variables 𝑚𝑚 and the cloning scalar 𝑘𝑘 

are also specified. A stopping criterion is set based on either a predefined number of 

iterations or a convergence condition to determine when the optimisation process should 

terminate. The search space is randomly populated to create the initial population matrix 

𝑋𝑋. The algorithm then performs a constraint violation test to check if the generated 

candidates fulfil the given problem constraints. If a candidate violates any constraints, 

it is repeated until it becomes a valid solution. This ensures that only the feasible 

solutions are used for the optimisation process. After the valid population is obtained, 

the cloning process starts. The population is duplicated k times so that each solution in 

the population is cloned to maintain diversity and keep promising candidate solutions 

in the algorithm, 𝑘𝑘 times.  

The algorithm moves ahead with fitness evaluation after mutation value for 

every mutated solution. The selection process goes ahead to rank all candidate solutions 

based on their fitness values where it keeps the best n individuals for the next iteration. 

This makes it possible for the optimisation process to favour high performing solutions 

while at the same time discarding fewer effective ones. The algorithm goes on to iterate 

until the convergence criteria are reached. When the halting condition is fulfilled, the 

optimisation process stops and the optimal solution 𝑋𝑋∗ is declared as the final output. If 

the algorithm has not yet converged, it repeats the cloning, mutation, fitness evaluation, 
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and selection processes for the next iteration. The Pseudocode for CSO algorithm is as 

follows:  

 

Algorithm: Clonal Search Optimisation (CSO) 
1: Set the initial population size 𝑛𝑛, number of control variables 𝑚𝑚 

and cloning scalar 𝑘𝑘. 
2: Determine the termination criteria based on convergence or a 

maximum number of iterations. 
3: Create an initial population matrix 𝑋𝑋 of size 𝑛𝑛×𝑚𝑚 with randomly 

generated numbers.   
4: Perform a constraint violation test for each candidate in 𝑋𝑋: 
 5: If candidate violates constraints, regenerate until a 

valid solution is obtained. 
6: Check pool filling condition: 
7: While the solution pool is not full, repeat steps 8-14 
 8: Cloning process: 

- Duplicate each solution 𝑘𝑘 times to create a cloned 
population. 

 9: Mutation process: 
- Apply mutation to each cloned individual to 

introduce diversity. 
10: Evaluate fitness: 

- Compute the objective function value for each mutated 
solution. 

11: Selection process: 
- Rank all candidate solutions based on fitness values 
- Retain the best 𝑛𝑛 individuals for the next iteration. 

12: Check convergence criteria: 
 13: If termination condition is met, exit the loop. 
14: Return the best solution 𝑋𝑋∗. 
15: End Procedure 

 

The CSO algorithm achieves exploration-exploitation balance through its 

cloning and mutation processes. The cloning phase maintains solution diversity and 

mutation continue to improve results through small incremental changes. Through the 

selection step, only the best solutions are moved ahead which results in incremental 

improvement across successive iterations. Due to this approach CSO proves to be a 

robust and efficient optimisation technique which is suitable for solving complex real-

world problems. 
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3.4.3 Squirrel Search Algorithm (SSA) 

SSA is a recent nature inspired optimisation approach. This algorithm replicates 

the efficient foraging behaviour of flying squirrels between food sources. The 

mathematical representation of SSA was formulated based on a thorough analysis of 

the foraging tactics used by squirrels during their natural feeding activities. The 

algorithm has been thoroughly validated, analysed and compared with other traditional 

nature inspired optimisation techniques.  

The SSA starts with the creation of a population of 𝑛𝑛 squirrels where each 

squirrel is positioned randomly within the specified search area. The fitness of all 

squirrels is calculated and the best solution is determined. An iteration counter 𝐸𝐸 is set 

to 1 to monitor the optimisation process. The algorithm runs in a loop until a termination 

condition is fulfilled which could be a fixed number of iterations 𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 or when a target 

fitness level is attained. 

In each iteration, a squirrel from the population is randomly picked and denoted 

as 𝑋𝑋𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. The variables of the selected squirrel are determined and then reassigned 

to new positions within the solution space.  The position update is done using the SSA 

equation. This equation helps in the dynamic repositioning of the squirrel using its 

current status and another location drawn from the search space. The exponential decay 

term 𝑒𝑒−𝛿𝛿∗𝐸𝐸  regulates the exploration-exploitation trade-off so that at the beginning of 

the iterations, the algorithm focuses more on exploration and then shifts to exploitation 

as the iterations continue.  The fitness of the new squirrel is then calculated right after 

the position of the squirrel has been updated.  If the new position leads to a higher fitness 

score, then the old squirrel is replaced by the new one. Thus, all the squirrels in the 

population are taken through this process. The best solution is updated at every stage of 

the optimisation process. Then, the iteration counter 𝐸𝐸 is incremented by 1, and the 

procedure is continued until the termination condition is fulfilled. 

The SSA effectively balances random selection and guided movement to 

explore the search space efficiently. By dynamically adjusting the position of the 

squirrels, the algorithm enhances its ability to locate optimal solutions. The SSA has 

the ability to explore the entire search space using the combination of the principles of 

random selection and directed movement of the squirrels. The algorithm improves its 

solution finding capability through the moving of the squirrels' centre of mass over time. 

The convergence property implies that the optimisation stops when the optimal solution 
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is found, which makes SSA a powerful approach to solve difficult optimisation 

problems. The following is the pseudocode of the SSA algorithm: 

 

Algorithm: Squirrel Search Algorithm (SSA) 
1: Initialize a population of 𝒏𝒏 squirrels with random positions 𝑿𝑿𝒏𝒏

within the search space. 
2: Evaluate fitness for each squirrel and determine the best 

solution. 
3: Set iteration counter 𝑬𝑬 = 𝟏𝟏. 
4: While stopping criteria not met (e.g., 𝑬𝑬 ≤ 𝑬𝑬𝒎𝒎𝒎𝒎𝒎𝒎) 
 5: Select a random squirrel 𝑿𝑿𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔from the 

population. 
 6: Identify all variables within the selected squirrel as 

a random location. 
 7: Update position using SSA equation: 

𝑥𝑥𝑛𝑛+1 = 𝑥𝑥𝑛𝑛 + 𝛼𝛼 ∗ 𝑒𝑒−𝛿𝛿∗𝐸𝐸 ∗ (𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑥𝑥𝑛𝑛) 
8: Evaluate fitness of the updated squirrel. 
9: Replace old squirrel with new one if the fitness improves. 
10: Repeat steps 5–9 for all squirrels in the population. 
11: Update the best solution found so far. 
12: Increment iteration counter 𝑬𝑬 = 𝑬𝑬 + 𝟏𝟏. 
13: Return the optimal solution 𝑋𝑋∗. 
14: End Procedure 

 

3.4.4 Proposed Embedded Clonal Squirrel Evolutionary Programming (ECSEP) 

Algorithm 

Embedded Clonal Squirrel Evolutionary Programming (ECSEP) is a hybrid 

configuration that combines the SSA, CSO, and EP optimisation algorithms. The 

proposed ECSEP technique incorporates CSO and SSA elements into the main EP 

algorithm, creating a hybrid approach that overcomes the limitations of traditional EP 

and SSA techniques, which often face issues with local optima entrapment. As shown 

in Figure 3.9, ECSEP design enhances optimisation performance by effectively 

mitigating these challenges. The following procedures are implemented in this study to 

identify the optimal location and capacity for the DG. 

 

Step 1 Perform Normal Load Flow Analysis. 

The first step involves running a normal load flow analysis to assess the pre-

outage condition of the system. At this stage, no outages occur, allowing for a baseline 

study of the operational state of the system under standard conditions. 
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Step 2 Perform Load Flow Under Outage Condition. 

The next step is to conduct a load flow analysis under outage conditions. This 

post-outage analysis enables observation of the effects on system performance, 

providing insights into how the system responds to disruptions.  

Step 3 Generate Initial Population 

The ECSEP technique starts by creating an initial population, represented as Xi,j  

where i indicates the population size and j corresponds to the dimension of the control 

variables. Based on recommendations for EP in optimisation problems, a population 

size of i = 20 is commonly suggested [190]. 

This study adheres to the recommended guideline by setting the population size 

to 20 to ensure effective performance. The initial population is structured as follows: 

 

              Xi, j =

⎣
⎢
⎢
⎡
𝑋𝑋1,1 𝑋𝑋1,2 ⋯ 𝑋𝑋1,𝑗𝑗
𝑋𝑋2,1 𝑋𝑋2,2 ⋯
⋮       ⋮       ⋮

𝑋𝑋2,𝑗𝑗
⋮

𝑋𝑋𝑖𝑖,1 𝑋𝑋𝑛𝑛,2 ⋯ 𝑋𝑋𝑖𝑖,𝑗𝑗 ⎦
⎥
⎥
⎤
                                             (3.16) 

 

Random parameters are generated for active power injections at random load 

buses. This emulates the DG Type I installation. These generated parameters must meet 

specified conditions before being stored in a predesigned pool. All generated 

individuals are then integrated into the system data, followed by the computation of the 

fitness value, specifically the FVSI or loss value depending on the objective function of 

the study. For loss minimization as the objective function, loss values are the concerned 

fitness. In this setup, each of the 20 individuals inserted into the system produces a 

corresponding FVSI calculation, resulting in 20 fitness values. These values must be 

lower than the FVSI obtained from the standard load flow calculation, where EP and 

DG units were not yet integrated into the system. 

Step 4 Cloning Process 

In the cloning process, the individuals in the initial population pool, referred to 

as the parent, will be cloned by a factor. In this work, the cloning factor is set to 10. It 

was suggested by Musirin et. al in [190]. By cloning process, the population size is now 

10 times higher, becoming 200 rows.  
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Step 5 Fitness I Calculation. 

At this point, the Fitness I calculation uses the parent group of randomly 

generated individuals. During the initial iteration, the fitness values obtained here 

should match those from the initialization phase, as the same set of random variables 

are applied. Real power injection occurs at the designated bus, followed by a load flow 

analysis. Additionally, the FVSI, or loss is evaluated. All calculated fitness values are 

then stored in the 'Fitness I' matrix or array for further reference. 

Step 6 Update Position Using SSA Equation. 

Figure 3.9 Flowchart for ECSEP 
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This phase begins by randomly selecting one individual, or “squirrel,” from the 

group of 20 to determine a new position. All variables within this individual are 

considered to be a random location after a squirrel is chosen. The position of the squirrel 

is updated using the SSA equation based on this selected individual and the 

corresponding variables. This step is crucial to the proposed method as it helps in the 

exploration of the search space in the hope of getting a better solution. It is another way 

of navigating the search space to get the best result as each squirrel’s position is updated 

based on the location of the current squirrel and that of other squirrels selected at 

random. This phase is a vital part of the proposed method that enables the search of the 

solution space. Thus, the method attempts to find other possible solutions in the search 

space by updating the position of each squirrel based on its current location and the 

influence of other squirrels chosen at random. 

 

                    𝑥𝑥𝑛𝑛+1 = 𝑥𝑥𝑛𝑛 + 𝛼𝛼 ∗ 𝑒𝑒−𝛿𝛿∗𝐸𝐸 ∗ (𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑥𝑥𝑛𝑛)                                     (3.17) 

 

where  

𝑥𝑥𝑛𝑛+1 : Updated parameter 
𝑥𝑥𝑛𝑛 : Current parameter 

𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 : Random squirrel position 
𝛼𝛼 : Scaling factor that regulates the step size of the updates 
𝛿𝛿 : Parameter that governs the balance between exploration and 

exploitation within the algorithm 
𝐸𝐸 : Evolution step current iteration 

 

Step 7 Fitness II Calculation 

In this stage, Fitness II calculation is performed to determine the second fitness 

metric, known as Fitness II. This process utilizes the offspring generated through the 

SSA mutation scheme, distinct from the parent individuals used in Fitness I. The array 

size for storing Fitness II values is identical to that of Fitness I, ensuring consistency in 

storage while incorporating the unique qualities of the offspring in the fitness 

evaluation. 

Step 8 Combination and Selection 

Combination and Selection are two sequential processes involving Fitness I and 

Fitness II populations. The first step is to merge the parent and offspring populations, 

incorporating their respective fitness values. This merging doubles the total number of 

individuals, forming a combined population. Following this, the combined Fitness I and 
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Fitness II population undergo a tournament process to identify the fittest individuals. In 

this study, an elitism technique is applied, where individuals are sorted based on fitness 

values. The sorting order ascending or descending depends on the objective function. 

For minimization objectives, individuals are ranked in ascending order of fitness values, 

favouring those with the lowest scores. Conversely, for maximization objectives, the 

ranking is done in descending order, prioritizing higher fitness values. This approach 

ensures the preservation of top-performing individuals according to the optimisation 

goals. 

Step 9 Convergence Test 

The Convergence Test determines when the optimisation process should stop by 

evaluating the specified stopping criterion. This criterion is defined as the difference 

between the maximum and minimum fitness values of the offspring population, set to 

be less than 0.0001. If this condition is met, the function executes a return statement, 

terminating the optimisation as it indicates convergence has been achieved. If the 

condition is not satisfied, the process reverts to Fitness I calculation, bringing the fittest 

individuals forward to continue the optimisation through the next iteration. 

 

3.5 Results and Discussions 

This section presents the results and discussion. It also presents the test systems 

used in this study, identifies line outages during disturbances. The discussion begins 

with the outcomes of DG installation for loss minimization within the grid hardening 

scheme, conducted on the IEEE 30-Bus RTS and IEEE 57-Bus RTS. Following this, 

the results of DG installation aimed at improving voltage security in the grid hardening 

scheme are presented. This section also discusses the results of load shedding 

compensation strategies set up to reduce losses and improve voltage support for grid 

hardening schemes. A comparison has also been made between the proposed ECSEP 

and benchmark techniques: SSA, CSO, and EP have been conducted. 

 

3.5.1 Test Systems 

The performance of the proposed ECSEP technique, along with its component 

techniques, is tested using two IEEE-standard transmission system networks: the IEEE 

30-Bus Reliability Test System (RTS) and the IEEE 57-Bus RTS for validation 
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purposes. The IEEE 30-Bus RTS system has five generators at Bus 2, Bus 5, Bus 8, Bus 

11 and Bus 13 and it has only 41 interconnecting lines. There are 24 load buses, with a 

total real power demand of 283.4 MW and a reactive power demand of 126.2 MVAr. 

The system's total real generation power is 301 MW, and the total reactive generation 

power is 125 MVAr. This can be referred to Appendix 1. The IEEE 57-Bus System is 

a widely recognized test system used in power systems. It comprises 57 buses, 7 

generators, 17 transformers, and 80 transmission lines. The system has a total real power 

demand of 1250.8 MW and a reactive power demand of 336.4 MVAr as detailed out in 

Appendix 2. Typically, Bus 1 serves as the slack bus, while the generator buses include 

Buses 2, 3, 6, 8, 9, and 12. The remaining buses are primarily load buses with industrial, 

commercial, and residential loads. 

 

3.5.2 Identification of Line Outage Disturbance  

A power system must be resilient against various unpredictable events, 

including floods, tsunamis, hurricanes, earthquakes, vandalism, and cyberattacks. In 

this study, hurricanes of different categories are chosen as the primary disruptive events, 

focusing on transmission line fragility under varying wind speeds. Simulations of 

sustained wind speeds for different hurricane categories are conducted according to the 

Saffir-Simpson Hurricane Wind Scale, provided by the National Hurricane Centre 

(NHC), a branch of the National Oceanic and Atmospheric Administration (NOAA) of 

the U.S. government as reported in [73] . Table 3.1 categorizes hurricanes based on 

sustained wind speeds, outlining five distinct categories according to their intensity and 

potential for damage. Category 1 hurricanes, with wind speeds between 74-95 mph 

(119-153 km/h), represent the lowest level of impact, while Category 2 hurricanes, with 

wind speeds of 96-110 mph (154-177 km/h), indicate a moderate increase in destructive 

potential. Category 3, characterized by winds of 111-129 mph (178-208 km/h), is the 

threshold for major hurricanes, signalling significant damage potential. Category 4 

hurricanes, with wind speeds ranging from 130-156 mph (209-251 km/h), can cause 

severe structural damage. Finally, Category 5 hurricanes, the most intense, exhibit 

sustained winds of 157 mph (252 km/h) or higher, posing catastrophic risks to 

infrastructure and public safety. This classification, based on the Saffir-Simpson 

Hurricane Wind Scale, provides essential information for assessing hurricane impact 

and planning resilience measures. For this study, only Category 1 and Category 2 
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hurricanes are considered. The purpose to choose only two scenarios due to the fact that 

Category 1 and Category 2 hurricanes occur more frequently than higher-category 

hurricanes, making them more practical and relevant focus for this research. 

Table 3.1  
Sustained Winds of Hurricane Category 
Hurricane Category Wind Speed 

Category 1 74-95 mph / 119-153 km/h 
Category 2 96-110 mph / 154-177 km/h 
Category 3 111-129 mph / 178-208 km/h 
Category 4 130-156 mph / 209-251 km/h 
Category 5 157 mph or higher / 252 km/h or higher 

 

Figure 3.10 and Figure 3.12 provide the visual representations of hurricane 

patterns and the regions impacted within the test systems. Figure 3.10 shows the 

hurricane impact zones and patterns for the IEEE 30-Bus RTS, while Figure 3.12 

illustrates the corresponding zones for the IEEE 57-Bus RTS. Since real-world 

transmission systems span multiple geographic regions, the IEEE 30-Bus RTS and 

IEEE 57-Bus RTS are divided into two distinct regions, which are visually depicted in 

both figures and summarized in Table 3.2. The test systems are distributed into regions 

based on number of buses as suggested by [89].  

 

Table 3.2 outlines the area and bus allocations for the IEEE 30-Bus and IEEE 

57-Bus RTS, illustrating how buses are distributed across distinct operational areas 

within each network. This structure allows for sectionalized monitoring and testing 

within the systems, enabling distinct regions to be managed or analysed independently. 

This area allocation of buses is crucial for conducting resilience studies, and 

Table 3.2  
Bus and Area Allocation for IEEE 30-Bus and IEEE 57-Bus Test Systems 

IEEE 30-Bus 
RTS 

Area Bus 
1 1, 2, 3, 4, 5, 6, 7, 8, 9, 11, 12, 13, 16, 28 

 
2 10, 14, 15, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 29, 30 

 

IEEE 57-Bus 
RTS 

1 

 
1, 2, 3, 4, 5, 6, 7, 8, 10, 12, 13, 14, 15, 16, 17, 18, 19, 20, 38, 44, 45, 46, 47, 

48, 49, 50, 51 
 

2 
9, 11, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 39, 

40, 41, 42, 43, 52, 53, 54, 55, 56, 57 
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optimisation efforts, as it allows for targeted interventions and detailed evaluation of 

specific sections within each test system. In actual transmission systems, transmission 

lines play a critical role, and their failure likelihood under various hazards is evaluated 

using fragility functions and curves. The probabilities of line failure, derived from 

fragility functions based on different wind speeds, are thoroughly discussed and 

visualized in [191-193].  Using this information, the failure probabilities of transmission 

lines in the test system for this study are computed. Table 3.2 presents line outage 

scenarios for the IEEE 30-Bus and IEEE 57-Bus RTS, based on wind categories and 

their respective failure probabilities. The Table 3.3 categorizes the line outages by 

different wind scenarios, highlighting the influence of wind speed on grid stability. Each 

scenario associates specific wind categories with the affected areas, failure 

probabilities, and the bus numbers impacted by potential outages. 

 

 
Figure 3.10  Hurricane Impact Zones and Patterns on the IEEE 30-Bus RTS 

 
In Scenario 1 for the IEEE 30-Bus RTS, wind speeds of 74-95 mph (Category 

1) impact Area 1, with a failure probability of 0.24, affecting transmission lines (1-3), 

(3-4) and (9-11) where each pair denotes the from-to bus connection. In Scenario 2, 
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Category 2 winds (96-110 mph) affect Area 2, increasing the failure probability to 0.35, 

impacting lines (14-15), (15-18), (19-20), (10-20), (10-17), (15-23) and (23-24).  

For instance, in the IEEE 57-Bus RTS, a probability of failure of 0.17 is 

observed in Area 2 for transmission lines (9-11), (22-23), (23-24), (35-36), (37-39) and 

(41-42) for Category 1 winds (Scenario 1) with wind speeds of  74-95 mph. In Category 

2 winds (Scenario 2), with speeds of 96-110  mph, transmission lines (1-2), (2-3), (3-

4), (4-5), (4-6), (6-7), (6-8), (13-14), (1-16), (1-17), (4-18), (12-17), (15-45) and (46-

47) are affected by a  higher failure probability of 0.36 in Area 1. This Table 3.3 is 

crucial for evaluating the  robustness of the IEEE 30-Bus and IEEE 57-Bus systems in 

the presence of  various wind conditions to support outage simulation, failure 

probability analysis and grid hardening planning. The wind speed  based outage 

scenario categorization helps in implementing specific countermeasures to improve 

system stability during extreme weather  events. 

Table 3.3  
Line Outage Scenarios Based on Wind Categories for the Test Systems 

 Scenarios Wind 
Categories 

Affected 
Area 

Failure 
Probability Outage Lines 

IEEE 
30-Bus 

RTS 

1 1 
(74-95 mph) 1 0.24 (1-3), (3-4), (9-11) 

2 2 
(96-110 mph) 2 0.35 

(14-15), (15-18), (19-20), 
(10-20), (10-17), (15-23), 

 (23-24) 
 

 
IEEE 

57-Bus 
RTS 

1 

 
1 

(74-95 mph) 
 

2 0.17 (9-11), (22-23), (23-24), 
(35-36), (37-39), (41-42) 

2 
2 

(96-110 mph) 
 

1 0.36 

(1-2), (2-3), (3-4), (4-5), (4-6), 
(6-7), (6-8), (13-14), (1-16), 

 (1-17), (4-18), (12-17),  
(15-45), (46-47) 

 

With the help of this information, the failure probabilities of transmission lines for the 

test system in this study are estimated. The failure probability of the IEEE 30-Bus RTS 

in relation to various hurricane categories is shown in Table 3.3 The failure probability 

is calculated by comparing the wind speeds of different hurricane categories with their 

corresponding fragility curves.  
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Figure 3.11 Failure Probability of Transmission Tower Versus Wind Speed 

 

Figure 3.11 shows the fragility curve of a transmission line, illustrating the 

increase in failure probability with respect to wind speed. The curve indicates low 

failure probability under normal conditions and a rapid increase beyond a critical wind 

speed, approaching certain failure under extreme conditions. This relationship is used 

to model line vulnerability in the resilience analysis. In this study, Category 1 (74–95 

mph) and Category 2 (96–110 mph) hurricanes were considered to estimate the failure 

probability of transmission poles and to assess the vulnerability of the power system 

network. As can be seen from the Table 3.3, a Category 1 hurricane leads to 24 % failure 

probability of transmission lines which results in 3-line outage probability in the IEEE  

30-Bus RTS. As an example, Figure 3.12 presents the division of the IEEE 57-bus RTS 

into two areas, in which two different wind speeds are assumed for each region during 

Category 1 and Category 2 hurricane conditions, respectively. The detailed information 

about the two divisions of the system, including the affected buses and their 

probabilities of failure, is shown in Table 3.3. For example, a Category 1 hurricane in 

the IEEE 57-Bus RTS leads to 17 % probability of transmission line failure, which 

results in 6-line outages. These results clearly show how extreme weather conditions 

affect power system physical infrastructure and therefore how important it is to have 

resilience actions that can help to reduce the failure risk. 
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Figure 3.12  Hurricane Impact Zones and Patterns on the IEEE 57-bus RTS 

 

3.5.3 Pre-DG Installation Status of the System 

The ECSEP optimisation technique was proposed for the purpose of reducing 

system losses and improving voltage stability with the help of DG installation and load 

shedding techniques. ECSEP was employed to determine the location and size of DG 

unit to reduce loss and to improve the voltage stability index of the system. Besides, the 

location and size of the load shedding technique have been optimised with the help of 

ECSEP. Two scenarios with different disruptive events were simulated in this research: 

Scenario 1 and Scenario 2. The simulations were performed on IEEE 30-Bus RTS and 

IEEE  57-Bus RTS systems. 

In the pre compensation techniques application scenario, the total power losses 

and FVSI values were calculated for both the IEEE 30-Bus and IEEE 57-Bus RTS 

systems without compensation techniques.  In order to gain more insight into the 
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performance of the system, the loading conditions were changed and the impact of 

reactive power loading changes on the system stability and performance was 

investigated. This analysis was used as a baseline to compare the improvements 

achieved by compensation techniques, to gain understanding of how the system behaves 

under different loading conditions, and to reveal the potential for improving power loss 

and voltage stability with compensation techniques.  

The numerical results during pre-outage are given in Table 3.4 for the IEEE 30-

Bus and IEEE 57- RTS systems under different reactive power demands (Qd) at specific 

buses. The values, LossSet and FVSISet are the baseline of power loss and voltage stability 

condition of the system before any disruptive events or outages. LossSet is defined as the 

power losses calculated in the system for different reactive power demands, whereas 

the FVSISet is the stability condition before any events in the system. 

The IEEE 30-Bus RTS experiences with reactive load variations at Buses 26, 

29, and 30 worth 10 MVAr, 20 MVAr and 25 MVAr which influence both LossSet and 

FVSISet values. For instance, at Bus 26, with the increase in Qd from 10 MVAr to 25 

MVAr, LossSet increases from 18.23 MW to 22.27 MW and FVSISet increases from 

0.2248 to 0.6529 indicating that voltage stability is reduced at higher reactive loads.  In 

addition, for the IEEE 57-Bus RTS, Buses 31, 32, and 33 are subjected to Qd values of 

5 MVAr, 10 MVAr, and 15 MVAr.  

Table 3.4  
Numerical Results of Pre-Outage (Before Events) 
  IEEE 30-Bus RTS  
Bus 26 29 30 
Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
  IEEE 57-Bus RTS  
Bus 31 32 33 
Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.57 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
* Notes: Unit for Qd = MVAr, Loss = MW and FVSI = p.u. 

  

The results indicate that increasing Qd is associated with higher LossSet and 

FVSISet values, which indicate higher vulnerability to voltage instability as the reactive 

power demand increases. For instance, at Bus 32, FVSISet increases from 0.4005 to 

0.4973 when Qd increases from 5 MVAr to 15 MVAr which highlights the effect of 

higher demand on system stability condition. 
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This Table 3.4 allows for an essential baseline to be set for the assessment of 

system resilience, giving an understanding of power loss and voltage stability during 

standard conditions prior to any outage events. These pre-event values are vital to 

understanding system behaviour and for comparing the response of the system to stress 

and the development of mitigation strategies to enhance grid stability and resilience. 

Further results for LossSet and FVSISet under several reactive power load variation at 

other load buses for both systems can be referred to the same table. 

 

3.5.4 Distributed Generation Installation for Loss Minimization in Grid 

Hardening Scheme 

This section presents and discusses the results obtained through the 

implementation of the proposed ECSEP technique for determining the optimal location 

and size of DG for loss minimization in the grid hardening scheme. The effectiveness 

of the technique is evaluated through the implementation on two test systems, namely 

the IEEE  30-Bus RTS and IEEE 57-Bus RTS. The results in the form of total system 

losses, resilience index values, and optimal DG sizing and location are presented for 

each test system in the following sections. 

 

3.5.4.1 IEEE 30-Bus RTS 

This study simulates two scenarios of disruptive events occurring in the IEEE 

30-Bus RTS.  Following these events, the proposed ECSEP technique was used to 

determine the optimal locations for DG installation within the system. With both 3 DG 

and 5 DG units, simulations were performed to evaluate how the number of DG 

installations affects system loss reduction following line outages. The results aimed to 

assess how different DG configurations can reduce losses and enhance system resilience 

after disruptions. 

 

A. Scenario 1 

Table 3.5 presents the numerical results for loss control in the IEEE 30-Bus RTS 

under Scenario 1, focusing on the impact of installing DG units across varying reactive 

power demands Qd at buses 26, 29, and 30. The Table 3.5 compares two DG 
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configurations: one with 3 DG units and the other with 5 DG units. It provides critical 

insights into power losses, resilience indices, and the optimal placement and sizing of 

DG units necessary to enhance stability and reduce losses under a post-outage scenario. 

In the 3 DG units installation scheme, power losses Loss3DG and resilience indices RIPre 

before DG installation and RIPost after installation are recorded across different Qd  

levels (10 MVAr, 20 MVAr, and 25 MVAr.  

Table 3.5  
Numerical Results of IEEE 30-Bus RTS (Scenario 1) for Loss Control using 3 DG and 
5 DG Units 

3 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 60.89 66.45 70.49  60.76 65.03 67.24  60.71 65.26 67.98 
Loss3DG 18.33 20.37 22.36  18.31 19.59 20.80  18.30 19.79 21.26 

RIPre 0.427 0.438 0.462  0.425 0.425 0.439  0.425 0.428 0.445 
RIPost 0.431 0.442 0.464  0.431 0.431 0.448  0.432 0.435 0.455 

Loc3DG1 21 21 23  18 7 21  6 9 14 
Loc3DG2 6 7 5  7 5 5  23 11 5 
Loc3DG3 7 6 7  5 22 6  6 14 9 
Size3DG1 46.57 40.62 30.97  22.28 34.37 43.01  43.11 42.34 36.39 
Size3DG2 33.09 48.11 26.98  35.31 34.97 26.53  56.60 35.80 48.71 
Size3DG3 44.77 30.16 45.38  27.12 45.08 39.28  36.86 43.53 35.15 

5 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 60.89 66.45 70.49  60.76 65.03 67.24  60.71 65.26 67.98 
Loss5DG 18.32 20.35 22.33  18.29 19.56 20.77  18.29 19.76 21.25 

RIPre 0.427 0.438 0.462  0.425 0.425 0.439  0.425 0.428 0.445 
RIPost 0.430 0.442 0.464  0.431 0.430 0.447  0.431 0.434 0.455 

Loc5DG1 11 11 5  7 14 3  11 11 8 
Loc5DG2 3 12 25  6 7 8  3 15 7 
Loc5DG3 8 17 15  11 6 23  8 8 11 
Loc5DG4 5 5 27  8 23 5  23 22 12 
Loc5DG5 7 7 7  23 5 7  5 3 15 
Size5DG1 32.88 20.25 31.84  48.47 45.16 31.78  49.50 43.50 23.45 
Size5DG2 23.89 20.93 20.54  19.86 30.54 47.63  11.89 42.58 20.09 
Size5DG3 41.76 37.23 18.08  40.04 34.68 38.12  22.15 38.29 32.93 
Size5DG4 45.89 37.07 30.94  31.46 23.83 14.32  38.07 26.10 38.20 
Size5DG5 39.07 43.39 41.62  29.29 26.64 44.24  23.01 5.45 26.39 

* Notes: Unit for Qd = MVAr, Loss = MW and Size = MW 

 
 

At Bus 26 with a reactive demand (Qd) of 10 MVAr, the recorded power loss 

prior to the disruptive event (LossSet) was 18.23 MW. However, following the event and 

subsequent outage, this loss escalated sharply to 60.89 MW (LossOut). With 3 units of 

DG installation, optimally positioned using the ECSEP optimisation technique, the 

power loss was reduced to 18.33 MW, as shown in Table 3.5. This is indeed a significant 
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losses reduction worth 69.90 %. Furthermore, the resilience index improved from 0.427 

(RIPre) to 0.431 (RIPost), highlighting enhanced system resilience achieved through the 

integration of DG. The improvement of resilience index is not that high, but it is already 

indicative to demonstrate the grid hardening phenomenon. Table 3.5 further provides 

the details of optimal DG locations, noted as Loc3DG1, Loc3DG2 and Loc3DG3 along with 

their respective capacities: Size3DG1, Size3DG2 and Size3DG3 for 3 DG units installation 

scheme. For instance, Qd26 = 10 MVAr, the DG units are optimally placed at Buses 21, 

6, and 7 with capacities of 46.57 MW, 33.09 MW, and 44.77 MW, respectively.  

The 5 DG units installation scheme provides a more granular distribution of DG 

resources, generally resulting in reduced losses and enhanced resilience indices 

compared to the 3 DG configuration. For example, at Qd26 = 10 MVAr, Loss5DG is 18.32 

MW, which is lower than the 18.33 MW observed in the 3 DG installation. The 

resilience index also improves from 0.427 (RIPre) to 0.430 (RIPost).  

In this scheme, optimal DG locations include five positions: Loc5DG1 through 

Loc5DG5, with their corresponding sizes Size5DG1 through Size5DG5 specified to minimize 

power losses. For instance, at Bus 26 with Qd = 10 MVAr, the DG units are placed at 

locations 11, 3, 8, 5 and 7 with respective capacities of 32.88 MW, 23.89 MW, 41.76 

MW, 45.89 MW, and 39.07 MW, respectively. The optimal placement of DG units 

using the ECSEP optimisation technique significantly improved system resilience, as 

indicated by an increase in the resilience index, while maintaining low power losses 

through strategic sizing and placement. Table 3.5 has tabulated the results involving the 

pre-outage without DG installation and post-outage before and after DG installation. In 

general, when line outage occurs, the loss in power system is abruptly increased. With 

DG installation power loss is significantly reduced implying grid hardening in power 

system. Detail results involving other load variations can be referred to the same table. 

 

B. Scenario 2 

In Scenario 2, the ECSEP optimisation technique was applied to the IEEE 30-

Bus RTS to control transmission losses during disruptive events through DG 

installation. In this scenario, different line outages are experienced in this system. Both 

3 DG and 5 DG unit configurations were utilized in this process. Table 3.6 presents the 

numerical results for loss control in the IEEE 30-Bus RTS (Scenario 2) using 3 DG 

units and 5 DG units for hardening the power system grid. The tested buses and reactive 
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power loading variations in Scenario 2 are the same as those in Scenario 1. With the 

reactive load at Bus 30 (Qd) set to 25 MVAr, the installation of 3 DG units via the 

ECSEP technique led to a substantial decrease in system losses. Referring to Table 3.6, 

for Scenario 2 at Bus 29 with a reactive demand (Qd) of 20 MVAr, the recorded power 

loss prior to the disruptive event (LossSet) was 19.39 MW. Following the outage, this 

loss increased to 22.87 MW (LossOut). However, with the application of ECSEP, to 

optimize the sizing and locations for DG installation the power loss is reduced to 19.41 

MW (Loss3DG). This trend is accompanied by an improved resilience index from 5.571 

(RIPre) to 5.622 (RIPost), indicating enhanced resiliency leading to grid hardening of the 

system. The DG units are optimally positioned at locations Loc3DG1, Loc3DG2, Loc3DG3 

with corresponding sizes Size3DG1, Size3DG2, Size3DG3. For instance, at Qd29 = 20 MVAr, 

DG units are optimally placed at Buses 15, 6 and 18 with their corresponding sizes of 

38.69 MW, 33.43 MW, and 48.85 MW, respectively.  

Meanwhile, the 5 DG units installation scheme in Scenario 2 offers a more 

distributed DG setup, which generally yields better outcomes in terms of loss reduction 

and resilience improvement compared to the 3 DG configuration. For instance, with 5 

DG installation scheme, at Bus 29 with Qd = 20 MVAr, Loss5DG is reduced to 19.40 

MW. The resilience index improves from 5.571 to 5.596. Optimal DG placement in this 

scheme includes five locations Loc5DG1 through Loc5DG5, with sizes tailored to reduce 

power losses. At this loading condition, the DG units are positioned at locations 8, 13, 

28, 6, and 11 with sizes of 20.43 MW, 44.10 MW, 44.73 MW, 34.57 MW, and 13.87 

MW respectively, providing enhanced resilience of the system.  

On the overall, the results in Table 3.6 illustrate the advantages of DG 

installations in IEEE 30-Bus RTS for reducing power losses and enhancing the grid 

resilience, as evidenced by lower Loss3DG and Loss5DG along with improved RIPost values 

in both DG installation schemes. The 5 DG units installation scheme tends to yield 

better outcomes, with lower power losses and it is supported by the increment of 

resilience index which also implies grid hardening has been achieved. These findings 

underscore the importance of carefully optimizing DG size and location to improve 

power system resilience, especially under varying load conditions in post-outage 

scenarios. This analysis will form an understanding for assessing the resilience and 

effectiveness of DG integrated systems in maintaining strong grid in a high demand 

critical power network. 
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Table 3.6  
Numerical Results of IEEE 30-Bus RTS (Scenario 2) for Loss Control using 3 DG 
and 5 DG Units 

3 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 20.41 25.03 29.92  19.78 22.87 24.82  20.27 23.59 28.33 
Loss3DG 18.29 21.12 22.39  18.80 19.41 22.11  18.35 19.62 21.19 

RIPre 8.381 4.236 2.910  10.894 5.571 4.782  8.379 4.833 2.826 
RIPost 8.634 5.405 2.972  19.124 5.622 8.160  9.578 4.939 2.965 

Loc3DG1 15 5 5  8 15 12  5 15 24 
Loc3DG2 5 4 7  5 6 5  6 5 18 
Loc3DG3 6 17 10  15 18 22  10 4 6 
Size3DG1 29.67 34.16 32.32  31.57 38.69 17.76  19.74 28.98 31.66 
Size3DG2 47.72 28.63 41.47  40.50 33.43 44.64  26.44 43.53 29.13 
Size3DG3 38.28 40.61 6.45  13.40 48.85 20.28  35.14 45.09 31.57 

5 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 20.41 25.03 29.92  19.78 22.87 24.82  20.27 23.59 28.33 
Loss5DG 18.27 20.99 22.27  18.63 19.40 22.00  18.20 19.60 21.04 

RIPre 8.381 4.236 2.910  10.894 5.571 4.782  8.379 4.833 2.826 
RIPost 8.537 5.189 2.913  16.246 5.596 7.774  8.769 4.900 2.883 

Loc5DG1 5 5 15  5 8 15  13 4 5 
Loc5DG2 8 19 22  9 13 4  18 5 11 
Loc5DG3 13 13 24  23 28 21  5 18 7 
Loc5DG4 28 6 15  10 6 5  17 6 12 
Loc5DG5 19 29 5  18 11 7  21 22 15 
Size5DG1 37.64 20.08 28.70  32.58 20.43 18.04  43.39 22.17 44.37 
Size5DG2 40.38 17.48 20.32  42.69 44.10 39.86  30.87 48.92 44.41 
Size5DG3 22.45 19.69 10.65  27.20 44.73 37.17  38.94 19.36 49.34 
Size5DG4 23.01 33.75 12.33  46.90 34.57 32.48  33.08 44.39 39.34 
Size5DG5 19.08 23.08 36.77  11.75 13.87 48.97  14.80 18.97 32.29 

* Notes: Unit for Qd = MVAr, Loss = MW and Size = MW 

 

3.5.4.2 IEEE 57-Bus RTS 

Implementation of the proposed ECSEP optimisation technique on a larger test 

model, i.e. IEEE 57-Bus RTS is aimed to see the robustness and feasibility of the 

proposed technique in addressing loss reduction and power system resilience 

improvement in the effort of grid hardening of the system. Buses 31, 32, and 33 were 

found to be the weak buses in this system [189]. To investigate the effect of Qd on 

system performance, reactive load (Qd) was adjusted at 5 MVAr, 10 MVAr, and 15 

MVAr.  Furthermore, two disruptive events were modelled on the IEEE 57-Bus RTS. 
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After these events, the proposed ECSEP technique was employed to identify the best 

locations to add DG into the system.  The effect of the number of DG installations on 

the reduction of system losses due to line outages was investigated through simulations 

with both 3 and 5 DG units installation schemes. 

 

A. Scenario 1 

The results for loss minimization involving IEEE 57-Bus RTS for Scenario 1 in 

the effort of grid hardening is also conducted in this study. The results are tabulated in 

Table 3.7 with the impact of installing 3 DG and 5 DG units. The Table 3.7 is divided 

into two main sections: the upper section presents the results for 3 DG unit installation, 

and the lower section shows the results for 5 DG unit installation. In both cases, results 

are provided for three Buses (31, 32, and 33) with varying reactive loads (Qd) set to 5 

MVAr, 10 MVAr, and 15 MVAr, providing insights into system performance under 

outage scenario.Table 3.7 shows the impacts on post-DG power losses, (Loss3DG and 

Loss5DG) and resilience indices before (RIPre) and after (RIPost) DG placement, as well 

as the optimal locations and sizes of DG units. 

In Table 3.7, the 3 DG units installation scheme demonstrates varying results in 

terms of power losses and resilience across the system. At Qd33 = 15 MVAr, the power 

loss before the event (LossSet) was recorded at 30.55 MW. Following a hurricane-

induced outage, the power loss increased to 38.00 MW (LossOut). With the 

compensation effort as a meant to grid hardening, the installation of 3 DG units, 

optimised using ECSEP, reduced the power loss to 32.22 MW (Loss3DG). This grid 

hardening initiative has improved the resilience index from RIPre = 4.101 to RIPost = 

5.574, indicating enhanced system resilience. The DG units were optimally positioned 

at locations Loc3DG1, Loc3DG2, and Loc3DG3, at Buses 35, 53, and 49, with the 

corresponding sizes of 98.69 MW, 12.50 MW, and 26.94 MW. 

With the 5 DG unit installation as the grid hardening effort, the results 

demonstrate enhanced performance in reducing power losses. At Qd33 = 15 MVAr, the 

power loss decreases to 30.57 MW, compared to 32.22 MW in the 3 DG unit 

installation. The resilience index improves from 4.101 to 4.112 following DG 

installation. The five DG units are optimally distributed across the optimal locations at 

Buses 50, 35, 14, 17, and 27, with respective sizes of 36.77 MW, 40.04 MW, 87.09 

MW, 31.14 MW, and 13.70 MW, effectively reducing losses and enhancing power 
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system resilience implying grid hardening. This demonstrates the advantage of 

installing more DG units to achieve better loss reduction along with the increment in 

resilience index.  

 
Table 3.7  
Numerical Results of IEEE 57-Bus RTS (Scenario 1) for Loss Control using 3 DG 
and 5 DG Units 

3 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 32.85 34.41 42.75  33.25 34.84 39.15  33.03 34.51 38.00 
Loss3DG 28.67 30.87 30.98  29.22 30.87 31.84  29.96 31.07 32.22 

RIPre 6.488 5.627 2.508  6.250 5.437 3.613  6.382 5.618 4.101 
RIPost 6.858 8.716 2.632  7.233 7.788 4.358  9.760 9.030 5.574 

Loc3DG1 51 43 13  12 35 35  12 12 35 
Loc3DG2 36 38 51  29 53 53  29 29 53 
Loc3DG3 13 50 36  49 49 49  49 49 49 
Size3DG1 61.91 77.66 97.79  72.58 69.60 51.80  87.76 58.90 98.69 
Size3DG2 45.70 55.56 33.07  88.32 64.29 81.44  81.12 32.73 12.50 
Size3DG3 47.90 49.51 37.39  44.22 82.96 60.55  89.73 88.53 26.94 

5 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 32.85 34.41 42.75  33.25 34.84 39.15  33.03 34.51 38.00 
Loss5DG 28.55 29.30 30.78  28.70 29.51 30.82  28.63 29.32 30.57 

RIPre 6.488 5.627 2.508  6.250 5.437 3.613  6.382 5.618 4.101 
RIPost 6.646 5.729 2.571  6.295 5.541 3.702  6.509 5.648 4.112 

Loc5DG1 13 27 12  40 16 49  20 47 50 
Loc5DG2 51 11 18  15 40 43  31 20 35 
Loc5DG3 40 46 52  20 37 35  14 12 14 
Loc5DG4 46 38 38  13 12 47  38 53 17 
Loc5DG5 28 12 15  47 13 18  16 49 27 
Size5DG1 73.77 45.40 80.18  35.80 84.33 42.48  7.50 66.87 36.77 
Size5DG2 39.53 20.40 97.19  83.42 35.97 38.40  27.12 16.98 40.04 
Size5DG3 30.41 72.04 18.17  18.59 19.76 19.12  94.25 86.83 87.09 
Size5DG4 24.09 74.78 77.21  31.48 58.25 85.71  33.03 17.66 31.14 
Size5DG5 48.07 73.29 59.17  69.24 49.46 86.61  53.07 71.58 13.70 

* Notes: Unit for Qd = MVAr, Loss = MW and Size = MW 

 

In summary, Table 3.7 clearly demonstrates that both 3 and 5 DG units 

effectively reduce system losses and enhance resilience. However, the installation of 5 

DG units leads to superior performance, as evidenced by the lower post-installation 

losses and higher resilience indices, particularly in the scenario with a 15 MVAr 

reactive load at Bus 33, highlighted in the shaded column. 

B. Scenario 2 
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Table 3.8 illustrates the results for DG installation as an effort in grid hardening 

of Scenario 2, showcasing the response of the system under varying reactive power 

loading. The power losses with respect to reactive power increment at each bus, display 

a consistent decreasing trend after implementing 3 DG units installation as an effort for 

grid hardening.  

 

Table 3.8  
Numerical Results of IEEE 57-Bus RTS (Scenario 2) for Loss Control using 3 DG 
and 5 DG Units 

3 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 47.34 49.47 54.69  47.77 49.81 55.06  47.52 49.56 53.90 
Loss3DG 30.70 32.10 33.47  30.17 31.65 34.51  31.27 32.15 33.65 

RIPre 1.508 1.443 1.267  1.501 1.443 1.257  1.506 1.446 1.308 
RIPost 1.845 1.848 1.577  1.714 1.742 1.679  1.923 1.846 1.661 

Loc3DG1 18 6 6  50 10 51  44 48 18 
Loc3DG2 31 24 38  6 5 44  5 6 17 
Loc3DG3 10 10 13  48 22 5  12 13 23 
Size3DG1 60.20 82.67 73.90  72.24 58.29 54.71  70.42 81.89 51.40 
Size3DG2 26.30 50.16 76.67  89.26 69.19 71.54  91.98 87.94 70.34 
Size3DG3 65.41 77.92 94.09  81.81 60.95 66.44  66.97 14.95 69.61 

5 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 47.34 49.47 54.69  47.77 49.81 55.06  47.52 49.56 53.90 
Loss5DG 28.87 30.22 31.65  29.19 29.63 32.59  29.02 29.34 31.98 

RIPre 1.508 1.443 1.267  1.501 1.443 1.257  1.506 1.446 1.308 
RIPost 1.563 1.570 1.374  1.571 1.468 1.450  1.568 1.451 1.458 

Loc5DG1 39 18 13  38 51 48  12 49 38 
Loc5DG2 45 53 14  3 18 50  48 12 5 
Loc5DG3 49 51 38  18 49 13  18 18 49 
Loc5DG4 50 34 27  12 35 32  49 23 16 
Loc5DG5 18 13 5  14 12 18  15 9 46 
Size5DG1 47.41 38.14 68.71  83.74 72.57 26.65  61.47 15.36 83.18 
Size5DG2 91.60 10.21 69.23  47.19 55.72 41.40  45.56 77.80 34.55 
Size5DG3 74.32 59.70 75.38  61.87 27.76 78.72  65.24 48.83 43.86 
Size5DG4 38.87 18.69 36.74  42.12 29.37 15.52  83.05 51.76 34.95 
Size5DG5 40.81 58.27 62.18  37.06 93.49 51.33  82.45 23.63 85.88 

* Notes: Unit for Qd = MVAr, Loss = MW and Size = MW 
 

For example, at Bus 31, with Qd values of 5 MVAr, 10 MVAr, and 15 MVAr, 

the power losses during the outage at all the reactive power load variations are 47.34 

MW, 49.47 MW, and 54.69 MW, respectively. After the installation of 3 DG units, 
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these losses are reduced to 30.70 MW, 32.10 MW, and 33.47 MW, respectively. With 

the installation of 5 DG units, the losses are brought down to 28.87 MW, 30.22 MW, 

and 31.65 MW, respectively. As shown in Table 3.8, the impact of DG installation on 

loss reduction during outages is clearly significant. The 5 DG installation scheme is 

found to be very effective in reducing losses across the different load conditions thus 

underscoring the role of DG in enhancing system resilience which implies grid 

hardening is achieved. This points to the need for proper DG placement for better 

performance in contemporary power systems. 

 

3.5.5 Distributed Generation Installation for Voltage Security Improvement in 

Grid Hardening Scheme 

This section presents the results of applying the proposed ECSEP technique to 

determine the optimal DG locations and capacities to enhance voltage security within 

the grid hardening framework indicated by the reduction in FVSI value. The studies 

were conducted on IEEE  30-Bus RTS and IEEE 57-Bus RTS systems. The subsequent 

sections will detail out the analysis of the results, including FVSI values, resilience 

index values for indicating voltage security and the optimal DG placement and sizing 

for each system. 

 

3.5.5.1 IEEE 30-Bus RTS 

Voltage stability improvement was conducted using the DG installation 

schemes involving 3 DGs and 5 DGs installation schemes in IEEE 30-Bus RTS. Similar 

hurricane scenarios are considered for this initiative as one of the strategies in grid 

hardening indicated by the improvement in the resilience index resulted from the 

voltage stability improvement. 

 

A. Scenario 1 

The results show that DG units have an important impact on improving the 

voltage stability of power systems through the decrease of FVSI value of the system. 

Small FVSI values mean that the voltage stability is improved which is very vital in 

order to ensure safe and stable operation of a transmission network. Table 3.9 presents 
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the detailed results of voltage security improvements in IEEE 30-Bus RTS under 

Scenario 1 involving 3 DGs and 5 DGs installation. The key parameters include the 

FVSI values during post-DG installation, FVSIDG, resilience indices before (RIPre) and 

after DG installation (RIPost), and the optimal locations and sizes of the DG units.  
 
Table 3.9  
Numerical Results of IEEE 30-Bus RTS (Scenario 1) for Voltage Security 
Improvement using 3 DG and 5 DG Units 

3 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2968 0.5673 0.7707  0.2953 0.4072 0.5370  0.2939 0.4635 0.6188 
FVSI3DG 0.2541 0.5320 0.6781  0.2410 0.3902 0.4721  0.2591 0.4333 0.5514 

RIPre 3.122 6.524 5.542  2.507 7.160 6.417  2.562 7.247 6.375 
RIPost 5.967 15.116 7.350  4.458 22.813 7.274  7.326 13.952 8.154 

Loc3DG1 17 8 17  9 5 4  23 5 7 
Loc3DG2 26 10 26  27 11 24  3 16 4 
Loc3DG3 5 26 19  7 29 29  24 4 10 
Size3DG1 34.79 32.30 8.86  23.49 23.96 7.85  44.71 22.67 36.13 
Size3DG2 40.73 21.90 25.38  39.54 22.29 3.01  34.82 18.88 49.65 
Size3DG3 24.58 42.55 35.56  45.73 47.48 47.74  0.19 25.14 35.04 

5 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2968 0.5673 0.7707  0.2953 0.4072 0.5370  0.2939 0.4635 0.6188 
FVSI5DG 0.2411 0.4932 0.6540  0.2123 0.3591 0.4661  0.2322 0.4080 0.5361 

RIPre 3.122 6.524 5.542  2.507 7.160 6.417  2.562 7.247 6.375 
RIPost 4.338 6.646 5.615  2.562 7.466 6.586  3.710 7.382 6.473 

Loc5DG1 29 25 26  9 9 3  16 16 30 
Loc5DG2 19 6 23  8 4 10  18 7 7 
Loc5DG3 5 17 7  5 3 29  4 19 21 
Loc5DG4 17 6 4  29 27 7  8 3 4 
Loc5DG5 26 27 8  10 23 5  20 24 10 
Size5DG1 8.75 31.68 21.47  33.40 24.95 21.33  21.12 21.78 12.69 
Size5DG2 41.05 43.45 35.15  16.83 24.18 33.31  8.42 17.29 28.86 
Size5DG3 39.85 20.58 26.16  26.26 45.26 23.73  28.85 1.87 30.58 
Size5DG4 44.12 28.28 35.68  47.03 32.25 39.77  25.82 43.15 22.53 
Size5DG5 46.85 27.23 15.94  40.62 44.84 20.58  43.23 41.19 31.16 

*Notes: Unit for Qd = MVAr, FVSI = p.u. and Size = MW 

 

It involves different reactive power demand levels Qd at Buses 26, 29, and 30. 

The 3 DG units installation scheme shows moderate improvements in FVSI values, 

which indicate enhanced voltage stability improvement. At Qd26 = 10 MVAr, the initial 

FVSI value (FVSISet) is 0.2248. Following a hurricane and the resulting outages, the 

FVSI value increases to 0.2968 (FVSIOut). Using ECSEP to determine the optimal 

locations and sizes for DG units, the FVSI is reduced to 0.2541 (FVSI3DG). Additionally, 
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the resilience index (RIPost) improves significantly from 3.122 to 5.967, reflecting 

enhanced system resiliency leading to hardened grid of the system. The DG units are 

optimally placed at Buses 17, 26, and 5, with corresponding sizes of 34.79 MW, 40.73 

MW, and 24.58 MW, as specified by Loc3DG1, Loc3DG2, Loc3DG3, and their respective 

sizes. 

The 5 DG unit installation scheme offers a more distributed arrangement, 

leading to further reductions in FVSI values indicating improved voltage stability. For 

instance, at Bus 26 with Qd = 10 MVAr, the FVSI value (FVSI5DG) decreases to 0.2411, 

reflecting better stability compared to the 3 DG scheme. Additionally, the RIPost value 

improves to 4.338, indicating enhanced overall system resilience or hardened grid. The 

DG units are strategically positioned at five locations, designated as Loc5DG1 through 

Loc5DG5, with optimal sizes to maximize voltage stability. These units are located at 

Buses 29, 19, 5, 17, and 26, with respective capacities of 8.75 MW, 41.05 MW, 39.85 

MW, 44.12 MW, and 46.85 MW. 

 

B. Scenario 2 

Similar to Scenario 1, Table 3.10 presents the numerical results of IEEE 30-Bus 

RTS in Scenario 2 for voltage security improvement using 3 DG and 5 DG installation 

schemes. It provides a quantitative assessment of voltage security improvements in the 

IEEE 30-Bus RTS under Scenario 2, examining the efficacy of 3 and 5 DG units for 

maintaining stability across different reactive power demands Qd at Buses 26, 29, and 

30. In the 3 DG units installation scheme, at Qd29 = 25 MVAr, the FVSI value after DG 

installation, FVSI3DG is 0.4620 which is lower than the FVSI value before DG 

installation FVSIout at 0.5880. This implies voltage stability improvement in the system. 

The resilience index after DG installation RIPost also shows considerable enhancement. 

At Qd29 = 25 MVAr, RIPost reaches a substantial value of 177.69, indicating a 

strengthened resilience due to DG integration. The DG units in this scheme are allocated 

to strategic locations Loc3DG1, Loc3DG2 and Loc3DG3, with sizes optimised to maintain 

system stability. The DG units are placed at Buses 12, 19, and 29, with sizes 34.60 MW, 

20.16 MW, and 25.58 MW, respectively, supporting voltage security at higher reactive 

loads. 
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Table 3.10  
Numerical Results of IEEE 30-Bus RTS (Scenario 2) for Voltage Security 
Improvement using 3 DG and 5 DG Units 

3 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2470 0.6904 1.0000  0.2193 0.4201 0.5880  0.2190 0.4657 0.6805 
FVSI3DG 0.1779 0.1642 0.1826  0.1775 0.3512 0.4620  0.1947 0.4012 0.4825 

RIPre 2.57 0.31 0.18  4.25 5.10 3.67  8.01 6.22 2.44 
RIPost 3.79 0.50 0.39  5.28 57.57 177.69  11.66 65.77 9.21 

Loc3DG1 13 26 24  17 10 12  4 13 12 
Loc3DG2 26 7 12  6 24 19  12 21 16 
Loc3DG3 10 23 4  16 26 29  27 6 30 
Size3DG1 44.14 20.13 49.57  37.09 11.81 34.60  30.85 17.54 36.28 
Size3DG2 27.07 36.88 12.53  22.12 21.09 20.16  40.19 27.14 23.23 
Size3DG3 38.61 42.43 27.66  30.39 45.78 25.58  31.03 39.33 46.38 

5 DG Units Installation 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2470 0.6904 1.0000  0.2193 0.4201 0.5880  0.2190 0.4657 0.6805 
FVSI5DG 0.1401 0.1610 0.1785  0.1738 0.2312 0.4069  0.1917 0.2136 0.4521 

RIPre 1.31 0.30 0.18  3.82 1.22 2.25  7.02 0.85 1.98 
RIPost 1.65 0.49 0.38  4.66 1.83 7.05  9.73 1.10 5.46 

Loc5DG1 26 4 4  20 26 17  14 27 3 
Loc5DG2 10 7 7  5 3 26  6 3 30 
Loc5DG3 20 9 5  29 16 19  21 14 21 
Loc5DG4 17 10 10  8 7 7  8 23 10 
Loc5DG5 14 26 20  21 21 8  6 9 12 
Size5DG1 44.32 49.84 28.06  39.92 23.60 48.62  44.33 23.57 40.53 
Size5DG2 5.98 33.36 48.34  43.21 36.81 29.71  29.60 21.43 30.58 
Size5DG3 26.43 28.72 49.57  12.50 39.39 28.64  39.28 29.12 34.54 
Size5DG4 31.89 37.12 33.61  11.67 21.68 35.16  28.59 24.48 21.55 
Size5DG5 37.92 41.01 23.91  36.53 39.57 44.80  25.51 31.63 29.44 

*Notes: Unit for Qd = MVAr, FVSI = p.u. and Size = MW 

 
 

For 5 DG units installation scheme, at Qd29 = 25 MVAr, FVSI5DG value is 0.4069, 

reflecting a voltage stability improvement due to the distributed DG installation. The 

RIPost is also markedly improved across the system. At Qd29 = 25 MVAr, RIPost is 7.05, 

demonstrating the significant impact of additional DG units on system resilience. DG 

placements in this scheme are spread across five optimal locations Loc5DG1 through 

Loc5DG5 with optimal sizing to maximize voltage security. At this loading condition, 5 

DG units need to be positioned at Buses 17, 26, 19, 7, and 8, with sizes 48.62 MW, 

29.71 MW, 28.64 MW, 35.16 MW, and 44.80 MW, contributing effectively to the 
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ability of the system to withstand higher reactive loads. 

 

3.5.5.2 IEEE 57-Bus RTS 

Voltage stability improvement was also conducted using the DG installation 

schemes involving 3 DGs and 5 DGs installation schemes in IEEE 57-Bus RTS. Similar 

hurricane scenarios are considered for this initiative as one of the strategies in grid 

hardening indicated by the improvement in the resilience index resulted from the 

voltage stability improvement. 

 

A. Scenario 1 

In this section, the focus shifts to the IEEE 57-Bus RTS, where Table 3.11 

presents the results for IEEE 57-Bus RTS under Scenario 1, examining the effectiveness 

of 3 and 5 DG unit installations in enhancing voltage security. The primary objective 

here is minimizing the FVSI value when reactive load variations are subjected to Buses 

31, 32, and 33. Both schemes, the 3 DG units installation and the 5 DG units installation 

is evaluated in terms of FVSI reduction, resilience index improvements RIPre and RIPost 

and optimised DG placements and sizes. In the 3 DG units installation scheme, FVSI 

values remain relatively stable across varying Qd levels, with a slight increase at higher 

reactive demands. For example, at Qd32 = 15 MVAr, FVSI3DG reaches 0.4973 from its 

original value of 0.767, reflecting a consistent pattern of voltage stability. The post-DG 

resilience index RIPost shows a substantial improvement, increasing to 1.858 from the 

pre-DG value RIPre of 1.844, highlighting enhanced system resiliency.  

DG units in this scheme are optimally located at Loc3DG1, Loc3DG2 and Loc3DG3 

with optimal sizing to ensure voltage stability is improved. For instance, Qd32 = 15 

MVAr, DG units are positioned at Buses 38, 52, and 35 with sizes 46.75 MW, 80.67 

MW, and 36.52 MW, respectively, demonstrating strategic deployment to achieve FVSI 

reduction from 0.7670 to 0.4986. In contrast, the 5 DG units installation scheme shows 

enhanced performance, with consistently slightly lower FVSI values supported with 

resilience index improvements. For example, at Qd32 = 15 MVAr, the FVSI5DG value is 

0.4979 compared to FVSIOut 0.7670. The resilience index is improved from 1.844 to 

1.850. DG units are placed at Buses 35, 20, 27, 49, and 10, with corresponding sizes 

59.46 MW, 27.79 MW, 52.53 MW, 24.20 MW and 76.85 MW respectively, 
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contributing to the overall system stability under this load condition. 

 

Table 3.11  
Numerical Results of IEEE 57-Bus RTS (Scenario 1) for Voltage Security Improvement 
using 3 DG and 5 DG Units 

3 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4395 0.4355 1.000  0.4372 0.4318 0.7670  0.4382 0.4331 0.6679 
FVSI3DG 0.4035 0.4060 0.5080  0.4120 0.4111 0.4986  0.4035 0.4070 0.4704 

RIPre 10.975 10.521 0.269  10.913 10.670 1.844  10.973 10.674 2.233 
RIPost 11.208 13.763 0.331  16.349 19.860 1.858  11.628 15.594 2.382 
Loc1 36 32 40  40 38 38  43 34 38 

Loc3DG1 35 36 27  16 50 52  49 50 52 
Loc3DG2 33 33 26  35 34 35  50 40 35 
Loc3DG3 76.64 19.49 49.94  67.45 13.88 46.75  53.59 20.16 46.65 
Size3DG1 23.61 10.39 58.61  57.50 92.72 80.67  79.65 57.04 80.76 
Size3DG2 31.11 95.37 22.00  32.96 27.81 36.52  69.38 76.22 36.78 

5 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4395 0.4355 1.000  0.4372 0.4318 0.7670  0.4382 0.4331 0.6679 
FVSI5DG 0.4034 0.4021 0.4817  0.4022 0.4003 0.4979  0.4021 0.4056 0.4631 

RIPre 10.975 10.521 0.269  10.913 10.670 1.844  10.973 10.674 2.233 
RIPost 11.175 12.039 0.308  11.491 12.708 1.850  11.139 14.749 2.261 

Loc5DG1 49 16 24  6 17 35  29 19 26 
Loc5DG2 57 33 31  36 6 20  20 18 37 
Loc5DG3 12 10 21  29 40 27  15 35 35 
Loc5DG4 38 34 39  28 38 49  36 31 49 
Loc5DG5 54 38 10  49 11 10  25 10 14 
Size5DG1 97.57 51.19 16.20  89.65 17.89 59.46  91.46 63.72 30.72 
Size5DG2 10.79 23.12 31.32  73.87 10.46 27.79  43.07 81.50 64.64 
Size5DG3 17.89 73.58 29.15  29.75 68.75 52.53  87.62 66.13 25.15 
Size5DG4 74.66 55.02 7.47  64.72 58.41 24.20  75.38 33.49 49.72 
Size5DG5 4.95 40.63 23.18  74.02 80.06 76.85  45.37 95.92 53.84 

*Notes: Unit for Qd = MVAr, FVSI = p.u. and Size = MW 

 

B. Scenario 2 

Table 3.12 provides an in-depth analysis of the IEEE 57-Bus RTS under 

Scenario 2. In the 3 DG units installation scheme, the results indicate modest stability 

improvements with variations in FVSI values at different Qd  levels. At Qd31 = 15 MVAr, 

the FVSI value in the 3 DG units installation scheme FVSI3DG is reduced to 0.4598, 

compared to a pre-DG value of FVSIOut of 1.000, indicating a significant improvement 

in voltage stability.  
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Table 3.12  
Numerical Results of IEEE 57-Bus RTS (Scenario 2) for Voltage Security 
Improvement using 3 DG and 5 DG Units 

3 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4521 0.4518 1.0000  0.4520 0.4516 0.7846  0.4520 0.4518 0.7086 
FVSI3DG 0.4254 0.4199 0.4598  0.4245 0.4054 0.4821  0.4175 0.4178 0.4700 

RIPre 8.170 7.351 0.708  7.777 6.951 1.731  3.722 7.097 1.865 
RIPost 15.933 13.163 0.784  15.436 8.775 1.594  4.538 12.288 1.970 

Loc3DG1 47 47 24  47 47 47  47 47 14 
Loc3DG2 31 36 51  32 52 19  31 6 32 
Loc3DG3 40 19 32  42 10 52  6 31 53 
Size3DG1 69.65 85.83 31.91  79.31 9.51 98.88  71.86 94.28 34.95 
Size3DG2 57.79 99.76 13.09  91.54 98.44 19.40  93.99 27.43 34.35 
Size3DG3 94.89 21.50 24.85  43.25 73.81 4.84  41.31 93.37 59.38 

5 DG Units Installation 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4521 0.4518 1.0000  0.4520 0.4516 0.7846  0.4520 0.4518 0.7086 
FVSI5DG 0.4251 0.4196 0.4526  0.4242 0.4012 0.5001  0.4137 0.4095 0.4635 

RIPre 8.170 7.351 0.708  7.777 6.951 1.731  7.968 7.097 1.865 
RIPost 15.744 13.031 0.762  15.259 7.960 1.758  10.802 9.681 1.891 

Loc5DG1 14 47 43  2 29 16  47 47 20 
Loc5DG2 33 15 11  15 47 18  5 29 12 
Loc5DG3 30 16 31  14 10 20  22 5 34 
Loc5DG4 18 18 50  47 50 23  52 9 48 
Loc5DG5 70 10 30  10 40 32  35 7 44 
Size5DG1 70.21 78.38 39.37  67.68 46.32 81.57  59.06 94.90 34.08 
Size5DG2 58.31 75.34 56.54  38.60 85.44 49.78  59.66 11.80 52.86 
Size5DG3 47.85 86.21 19.43  76.96 86.13 25.79  83.23 82.63 66.85 
Size5DG4 37.32 90.98 20.32  52.29 61.96 43.95  57.76 78.49 34.09 
Size5DG5 87.68 87.43 14.61  92.76 22.90 24.66  32.86 62.84 26.70 

*Notes: Unit for Qd = MVAr, FVSI = p.u. and Size = MW 

 

The resilience index RIPost also shows substantial enhancement, increasing from 

0.708 to 0.784. In this scheme, DG units are optimally positioned at locations Loc3DG1, 

Loc3DG2 and Loc3DG3, with each unit sized to effectively support voltage stability. 

Specifically, the DG units are located at Buses 24, 51, and 32, with capacities of 31.91 

MW, 13.09 MW, and 24.85 MW, respectively, ensuring a targeted deployment that 

effectively addresses voltage stability challenges. 

With 5 DG unit installation it demonstrates a notable improvement in voltage 

security, with consistently lower FVSI values. At Qd31 = 15 MVAr, the FVSI5DG 
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decreases to 0.4526 from a pre-DG value of FVSIOut 1.000. Additionally, the post-DG 

resilience index RIPost shows a significant enhancement, rising from 0.708 to 0.762. The 

DG units are strategically positioned at locations 43, 11, 31, 50, and 30, with respective 

capacities of 39.37 MW, 56.54 MW, 19.43 MW, 20.32 MW, and 14.61 MW. This 

targeted placement strengthens voltage security across various load conditions, ensuring 

stability under higher reactive power demands. Results for other loading conditions at 

other load buses can be witnessed from the same table. 

Table 3.12 reveals how DG placement and scheme affects voltage stability in 

the IEEE  57-Bus RTS under Scenario 2. The 5 DG units installation scheme provides 

more favourable results, with lower FVSI values and higher resilience indices in most 

of the demand levels, which highlights the importance of a distributed DG layout for 

voltage security and resilience in complex networks. The findings of this analysis are 

significant in understanding how DG deployment strategies help to enhance the stability 

of power systems during variable load conditions. It is also worth to state that the grid 

hardening initiative has been successfully achieved in this study indicated by the 

improvement of resilience index under hurricanes. 

 

3.5.6 Load Shedding for Loss Minimization in Grid Hardening Scheme 

Load shedding process is another initiative for grid hardening strategy. In this 

study, the optimal locations and amount of load to be shed were determined using the 

ECSEP technique. The proposed method was applied to both the IEEE 30-Bus RTS and 

IEEE 57-Bus RTS to assess its effectiveness in strengthening the grid against disruptive 

events by minimizing system losses. By identifying strategic locations for load 

shedding, the ECSEP method puts measure to support the most affected parts of the grid 

to prevent system collapse. Disruptive event scenarios were modelled using two 

hurricanes’ conditions namely Scenario 1 and Scenario 2 on the test systems and two 

load shedding schemes: a 3-bus load shedding and a 4-bus load shedding scheme were 

implemented to address this issue. The impact of load shedding application on the 

systems was analysed and will be discussed in detail in the following subchapter. 
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3.5.6.1 IEEE 30-Bus RTS 

Loss minimization was also conducted using the load shedding schemes 

involving 3-load shedding 4-load shedding schemes in IEEE 30-Bus RTS. Similar 

hurricane scenarios are considered for this initiative as one of the strategies in grid 

hardening indicated by the improvement in the resilience index resulted from the loss 

minimization improvement. 

 

A. Scenario 1 

The results of loss minimization using load shedding scheme of IEEE 30-Bus 

RTS for Scenario 1 is tabulated in Table 3.13. Table 3.13 is divided into two sections: 

the upper section presents the 3-load shedding scheme, and the lower section focuses 

on the 4-load shedding scheme. The discussion covers key parameters related to the 

load shedding scheme, including transmission loss and resilience index.  

The loss is analysed for before (LossOut) and after (Loss3LS, Loss4LS) 

implementing the load shedding scheme. Additionally, the resilience index is evaluated 

in terms of its pre-load shedding (RIPre) and post-load shedding (RIPost) values. The load 

shedding scheme involves optimal identifications of locations to experience load 

shedding denoted by (Loc3LS1 - Loc3LS3) and (Loc4LS1 – Loc4LS4). It also determines the 

amount of real power (Pd3LS1 - Pd3LS3, Pd4LS1 - Pd4LS4) and reactive power (Qd3LS1 - Qd3LS3, 

Qd4LS1 -Qd4LS4) to be shed on the optimal locations for optimal system performance and 

resilience improvement. This will achieve grid hardening as the final aim. 

Reactive power load was varied involving Buses 26, 29 and 30. The analysis of 

the load shedding scheme for Bus 30 with a reactive power demand (Qd) of 25 MVAr 

highlights significant improvements in system performance, particularly in terms of 

transmission losses and resilience index. Before implementing the load shedding 

scheme, the transmission loss (LossOut) is 67.98 MW. However, after applying the 3-

bus load shedding scheme, the loss is significantly reduced to 23.27 MW (Loss3LS). This 

notable decrease in power losses indicates the effectiveness of the load shedding scheme 

in reducing excessive transmission losses. The resilience index before load shedding 

(RIPre) is 0.445. After the load shedding scheme is applied, the resilience index improves 

to 0.520 (RIPost). This increase demonstrates an enhancement in system resilience, 
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resulted from the load shedding implementation. The load shedding scheme 

strategically selects the buses for load shedding, optimised by ECSEP. In this case, the  

identified optimal locations for load shedding are Bus 15 (Loc3LS1), Bus 7 (Loc3LS2), and 

Bus 6 (Loc3LS3). These buses play a crucial role in maintaining system balance when 

Table 3.13  
Numerical Results of IEEE 30-Bus RTS (Scenario 1) for Loss Control using 3-Load 
Shedding and 4-Load Shedding Technique 
3-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 
LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 60.88 66.45 70.49  60.76 65.02 67.24  60.71 65.26 67.98 
Loss3LS 23.22 22.65 23.99  23.22 20.35 23.90  23.32 23.98 23.27 
RIPre 0.437 0.438 0.462  0.425 0.425 0.439  0.425 0.428 0.445 
RIPost 0.616 0.517 0.516  0.618 0.456 0.551  0.624 0.581 0.520 
Loc3LS1 8 21 21  10 5 9  10 8 15 
Loc3LS2 5 5 5  8 9 5  13 5 7 
Loc3LS3 6 13 13  7 12 13  5 21 6 
Pd3LS1 65.75 74.44 107.10  31.97 112.40 59.57  70.28 46.98 37.51 
Pd3LS2 150.54 167.95 75.69  61.78 139.98 140.67  44.10 133.32 51.34 
Pd3LS3 57.48 29.35 48.95  73.51 63.58 39.55  150.83 51.21 50.49 
Qd3LS1 98.60 34.71 26.10  41.47 139.84 75.43  157.97 64.35 15.83 
Qd3LS2 27.42 119.45 13.25  99.12 26.89 90.27  157.97 64.35 15.83 
Qd 3LS3 46.36 181.46 43.97  73.51 63.58 39.55  83.89 41.94 111.52 
4-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 
LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 60.88 66.45 70.49  60.76 65.02 67.24  60.71 65.26 67.98 
Loss4LS 21.54 21.02 22.99  20.98 22.12 21.22  21.03 21.30 21.87 
RIPre 0.427 0.438 0.462  0.425 0.425 0.439  0.425 0.428 0.445 
RIPost 0.548 0.463 0.484  0.528 0.516 0.461  0.530 0.485 0.474 
Loc4LS1 17 17 23  8 18 12  7 5 11 
Loc4LS2 5 12 11  9 7 11  17 25 18 
Loc4LS3 9 5 4  13 6 22  9 7 20 
Loc4LS4 12 21 5  24 9 5  11 6 5 
Pd4LS1 25.11 31.66 40.11  42.42 26.40 18.20  61.65 68.32 98.88 
Pd4LS2 12.56 27.48 44.44  187.17 72.36 64.41  74.85 60.60 30.75 
Pd4LS3 114.42 105.20 110.00  25.52 80.39 88.27  94.44 83.46 31.08 
Pd4LS4 46.83 57.56 96.80  2.58 37.88 100.91  44.27 126.65 118.62 
Qd4LS1 62.47 58.11 94.35  154.76 35.02 103.95  8.59 21.23 90.49 
Qd4LS2 38.90 40.20 147.98  42.80 34.11 136.71  23.24 23.95 52.29 
Qd 4LS3 133.36 61.92 75.22  84.57 104.48 42.90  135.46 25.32 37.21 
Qd4LS4 78.87 58.37 121.08  35.91 8.27 87.48  37.62 146.41 79.53 
* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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load shedding is applied involving reactive load variations at Bus 30. The corresponding 

power to be shed includes 37.51 MW (Pd3LS1), 51.34 MW (Pd3LS2), and 50.49 MW 

(Pd3LS3) for real power, along with 15.83 MVAr (Qd3LS1), 15.83 MVAr (Qd3LS2), and 

111.52 MVAr (Qd3LS3) for reactive power. 

In comparison, the 4 load shedding schemes for the same reactive load variation 

at Bus 30 with a reactive load of 25 MVAr shows similar results. The LossPre remained 

the same at 67.98 MW, while the Loss4LS slightly decreased to 21.87 MW, which is 

significantly better than the 3 load shedding schemes. The resilience index (RIPre) before 

load shedding was 0.445, which has been increased to 0.474 (RIPost) after the load 

shedding. The optimal load shedding locations in this case identified by ECSEP are Bus 

11, Bus 18, Bus 20, and Bus 5, with corresponding real power shedding values of 98.88 

MW, 30.75 MW, 31.08 MW, and 118.62 MW. The reactive power to be shed are 90.49 

MVAr, 52.29 MVAr, 37.21 MVAr, and 79.53 MVAr, respectively at all the optimal 

locations. In summary, both the 3-load shedding and 4 load shedding schemes 

effectively reduce system losses and improve resilience of the system. The 4-load 

shedding scheme achieves slightly better results in terms of loss minimization.  

 

B. Scenario 2 

The study was further extended to Scenario 2 for implementation in IEEE 30-

Bus RTS. Table 3.14 presents the results of loss minimization using both 3 load 

shedding and 4 load shedding schemes in the effort of grid hardening. At Qd26 = 25 

MVAR, 3-load shedding scheme managed to reduce the loss from 29.92 MW to 24.52 

MW. The loss value before the hurricane is experienced was 22.27 MW as tabulated in 

the Table 3.14. Apparently, hurricane has increased loss in the system. This load 

shedding scheme has caused the increment in resilience index from 2.910 to 4.542, 

implying the grid has been hardened. To achieve this improvement, ECSEP identified 

Bus 5, Bus 6, and Bus 27 as the optimal location to undergo load shedding which require 

97.01 MW, 153.54 MW, and 29.89 MW, respectively and 123.45 MVAr, 33.32 MVAr, 

and 149.05 MVAr to be shed at these buses as indicated in the Table 3.14.  

The implementation of 4 load shedding scheme, at the same loading condition 

for Bus 26 i.e. Qd26 = 25 MVAr, the system losses are further reduced from 29.92 MW 

to 23.00 MW. The resilience index is also improved from 2.910 to 3.325. To achieve 

this improvement, the optimal loads to be shed are 56.20 MW and 94.92 MVAr at Bus 
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5, 128.20 MW and 124.94 MVAr at Bus 11, 50.80 MW and 68.80 MVAr at Bus 27, 

and 60.33 MW and 28.23 MVAr at Bus 14, respectively. These results highlight the 

effectiveness of the 4-load shedding scheme in further minimizing system losses 

compared to the 3-load shedding scheme.  

 

 

Table 3.14  
Numerical Results of IEEE 30-Bus RTS (Scenario 2) for Loss Control using 3-Load 
Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 20.40 25.03 29.92  19.78 22.87 24.82  20.27 23.59 28.33 
Loss3LS 19.87 23.87 24.52  19.33 20.55 22.85  19.21 22.32 23.69 
RIPre 8.381 4.236 2.910  10.894 5.571 4.782  8.379 4.833 2.826 
RIPost 37.391 20.600 4.542  42.567 8.864 11.620  18.190   17.529 5.100 

Loc3LS1 5 12 5  10 10 9  5 5 6 
Loc3LS2 10 7 6  5 11 5  22 8 27 
Loc3LS3 8 27 27  9 28 27  9 12 10 
Pd3LS1 44.20 29.90 97.01  38.10 65.57 57.65  41.70 121.64 195.85 
Pd3LS2 162.71 114.91 153.54  128.91 102.87 111.53  32.96 42.50 33.30 
Pd3LS3 57.54 87.83 29.89  151.94 32.53 53.67  115.16 36.28 11.47 
Qd3LS1 168.64 54.32 123.45  113.12 98.10 177.99  47.58 156.93 4.61 
Qd3LS2 135.88 23.99 33.32  102.37 35.49 58.45  44.87 77.05 58.27 
Qd 3LS3 57.13 45.49 149.05  26.65 45.01 118.38  26.28 84.39 196.12 

4-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

LossSet 18.23 20.25 22.27  18.12 19.39 20.53  18.11 19.55 20.93 
LossOut 20.40 25.03 29.92  19.78 22.87 24.82  20.27 23.59 28.33 
Loss4LS 18.98 21.29 23.00  18.01 19.98 20.92  18.93 20.17 21.22 
RIPre 8.381 4.236 2.910  10.894 5.571 4.782  8.379 4.833 2.826 
RIPost 13.340 5.692 3.325  10.196 6.931 5.363  14.125   5.887  2.981 

Loc4LS1 10 24 5  9 27 7  10 22 12 
Loc4LS2 5 5 11  12 9 5  5 11 10 
Loc4LS3 6 12 27  10 13 10  7 17 13 
Loc4LS4 14 17 14  14 5 17  13 12 11 
Pd4LS1 74.54 10.98 56.20  90.73 32.20 68.50  29.55 18.00 29.53 
Pd4LS2 105.66 45.45 128.20  10.25 64.60 34.15  127.80 141.58 48.49 
Pd4LS3 31.33 93.13 50.80  11.36 33.44 131.30  65.85 25.10 103.49 
Pd4LS4 44.62 47.98 60.33  43.60 70.09 19.37  19.75 115.21 25.48 
Qd4LS1 64.69 54.82 94.92  140.51 94.36 23.41  99.54 25.58 92.92 
Qd4LS2 81.44 109.48 124.94  49.10 40.59 58.94  121.54 48.18 140.42 
Qd4LS3 75.45 171.61 68.80  126.67 25.22 19.43  55.71 38.54 31.48 
Qd4LS4 42.26 59.49 28.23  10.38 180.44 41.99  165.26 160.92 37.64 
* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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The identification of optimal locations and sizing plays a critical role in ensuring 

that load shedding scheme is worth under disruptive events. This approach is essential 

for grid hardening, particularly under high-stress scenarios involving Scenario 2 of the 

IEEE 30-Bus RTS. 

 

3.5.6.2 IEEE 57-Bus RTS 

Loss minimization was also conducted using the load shedding schemes 

involving 3-load shedding 4-load shedding schemes in IEEE 57-Bus RTS. Similar 

hurricane scenarios are considered for this initiative as one of the strategies in grid 

hardening indicated by the improvement in the resilience index resulted from the loss 

minimization improvement. 

 

A. Scenario 1 

The load shedding scheme for loss minimization in the grid hardening strategy 

is further implemented in IEEE 57-Bus RTS. The results are presented in Table 3.15. 

As in previous analyses, two scenarios of disruptive events are considered, featuring 3-

load shedding and 4-load shedding. In Scenario 1, both load shedding schemes show a 

decreasing trend in losses. In 3-load shedding scheme, at Qd32 = 10 MVAr, the losses 

are reduced from 34.84 MW to 31.85 MW, with the resilience index increased from 

5.437 to 10.676 implying grid hardening. The optimal locations for load shedding are 

Bus 41, Bus 15, and Bus 10. The corresponding real and reactive power to be shed are: 

71.85 MW and 61.57 MVAr for Bus 41, 163.75 MW and 31.14 MVAr for Bus 15, and 

79.52 MW and 20.04 MVAr for Bus 10. With 4-load shedding implementation, the 

losses are further reduced to 30.37 MW, with the RI increasing from 5.437 to 6.793. 

The optimal locations and sizes for real and reactive power shedding 138.02 MW and 

55.37 MVAr at Bus 15, 57.74 MW and 42.71 MVAr at Bus 13, 140.28 MW and 110.40 

MVAr at Bus 12 and 76.62 MW and 152.79 MVAr at Bus 17. The results from the 4-

load shedding scheme indicate a better loss reduction compared to the 3-load shedding 

scheme. 
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B. Scenario 2 

Similar study was conducted to IEEE 57-Bus RTS with hurricane event under 

Scenario 2. The results are tabulated in Table 3.16. In this scenario, at Qd31 = 15 MVAr 

with a 3-load shedding scheme, the total system loss before the outage was recorded at 

Table 3.15  
Numerical Results of IEEE 57-Bus RTS (Scenario 1) for Loss Control using 3-Load 
Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 32.85 34.41 42.75  33.25 34.84 39.15  33.03 34.51 38.00 
Loss3LS 29.49 31.23 32.22  30.00 31.85 32.54  31.25 32.51 32.61 
RIPre 6.488 5.627 2.508  6.250 5.437 3.613  6.382 5.618 4.101 
RIPost 8.762 9.816 3.057  9.213 10.676 4.926  17.587 16.271 6.059 

Loc3LS1 15 51 36  43 41 49  49 12 36 
Loc3LS2 43 30 10  38 15 36  13 45 14 
Loc3LS3 12 46 45  12 10 4  16 10 16 
Pd3LS1 131.27 90.99 40.49  58.71 71.85 86.77  115.53 130.59 32.16 
Pd3LS2 63.09 22.86 75.38  31.70 163.75 23.07  65.69 120.46 140.43 
Pd3LS3 158.87 114.94 182.14  133.42 79.52 105.13  103.74 68.31 135.13 
Qd3LS1 105.82 37.52 46.30  54.21 61.57 38.59  48.32 51.30 47.62 
Qd3LS2 64.79 21.19 39.90  28.91 31.14 47.05  39.35 77.67 70.06 
Qd 3LS3 64.83 23.77 53.46  149.68 20.04 15.35  71.96 17.64 76.39 

4-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 32.85 34.41 42.75  33.25 34.84 39.15  33.03 34.51 38.00 
Loss4LS 28.83 30.32 31.99  29.14 30.37 31.74  29.68 30.52 31.25 
RIPre 6.488 5.627 2.508  6.250 5.437 3.613  6.382 5.618 4.101 
RIPost 7.175 7.405 2.973  7.075 6.793 4.286  8.861 7.653 4.635 

Loc4LS1 17 25 14  16 15 13  18 15 12 
Loc4LS2 18 15 16  18 13 16  16 18 13 
Loc4LS3 16 13 12  13 12 12  15 12 15 
Loc4LS4 13 18 15  17 17 18  12 14 14 
Pd4LS1 13.21 26.49 47.26  65.74 138.02 100.68  58.89 115.70 138.03 
Pd4LS2 127.65 75.53 89.75  111.41 57.74 86.09  55.57 44.09 117.55 
Pd4LS3 128.45 173.65 106.60  109.52 140.28 102.46  85.01 114.66 68.41 
Pd4LS4 172.18 73.61 113.29  118.31 76.62 113.22  94.61 101.96 21.05 
Qd4LS1 83.75 53.38 58.49  62.01 55.37 115.01  91.93 47.84 92.39 
Qd4LS2 23.93 121.51 82.46  93.89 42.71 105.68  97.27 104.59 52.93 
Qd4LS3 51.18 86.24 142.10  55.21 110.40 94.56  100.75 109.10 27.52 
Qd4LS4 92.28 12.56 73.67  63.47 152.79 85.88  100.55 89.36 21.14 
* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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30.57 MW, as indicated in the Table 3.16. The 3-load shedding scheme effectively 

reduces the system losses from 54.69 MW to 32.56 MW, achieving a reduction of 

40.46%. The RI improves from 1.267 to 1.471 implying the grid has been hardened.  

 

Table 3.16  
Numerical Results of IEEE 57-Bus RTS (Scenario 2) for Loss Control using 3-Load 
Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 47.34 49.47 54.69  47.77 49.81 55.06  47.52 49.56 53.90 
Loss3LS 29.87 31.85 32.56  30.25 31.25 31.03  32.51 32.51 32.25 
RIPre 1.508 1.443 1.267  1.501 1.443 1.257  1.506 1.446 1.308 
RIPost 1.709 1.808 1.471  1.727 1.684 1.291  2.165 1.907 1.489 

Loc3LS1 12 50 55  28 15 18  55 10 23 
Loc3LS2 38 32 38  22 44 15  17 35 13 
Loc3LS3 45 18 10  51 29 38  23 29 6 
Pd3LS1 182.49 39.20 36.89  26.83 153.82 65.06  86.59 67.11 112.64 
Pd3LS2 145.80 27.42 114.21  113.51 63.38 29.62  156.01 57.69 135.32 
Pd3LS3 95.60 82.32 89.90  88.12 51.74 72.52  58.36 48.60 72.97 
Qd3LS1 118.86 69.05 87.52  52.41 42.13 33.06  65.84 36.24 32.79 
Qd3LS2 31.25 27.85 1173.97  115.91 95.84 184.40  30.68 27.53 75.10 
Qd 3LS3 78.30 41.97 33.59  82.61 33.78 81.10  99.65 64.85 104.48 

4-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

LossSet 28.46 29.22 30.57  28.67 29.42 30.66  28.56 29.30 30.55 
LossOut 47.34 49.47 54.69  47.77 49.81 55.06  47.52 49.56 53.90 
Loss4LS 28.60 30.89 31.28  29.32 30.97 30.99  29.33 30.42 31.00 
RIPre 1.508 1.443 1.267  1.501 1.443 1.257  1.506 1.446 1.308 
RIPost 1.526 1.663 1.336  1.590 1.644 1.288  1.612 1.590 1.354 

Loc4LS1 45 35 48  12 18 17  13 18 16 
Loc4LS2 31 24 11  46 13 1  40 5 36 
Loc4LS3 30 49 15  33 15 38  25 13 5 
Loc4LS4 14 46 10  17 25 45  33 22 13 
Pd4LS1 122.55 35.86 43.51  15.91 0.24 83.43  35.16 83.47 42.29 
Pd4LS2 21.71 1.59 2.92  27.09 42.39 42.24  90.60 42.29 80.71 
Pd4LS3 81.74 132.14 127.62  163.39 113.78 80.67  53.59 80.71 21.76 
Pd4LS4 21.71 162.74 103.31  171.94 104.84 21.71  81.78 21.76 72.39 
Qd4LS1 7.19 23.03 49.53  19.71 139.65 72.35  90.92 72.39 19.33 
Qd4LS2 81.73 15.26 38.90  121.45 12.91 19.31  190.86 19.33 40.75 
Qd4LS3 21.71 115.92 18.18  106.79 22.60 40.73  191.77 40.75 77.40 
Qd4LS4 7.21 119.75 73.15  114.03 66.74 77.34  96.44 77.40 1.59 

* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 

 

To achieve these results, the load shedding needs to be experienced at Bus 55 

(36.89 MW and 87.52 MVAr), Bus 38 (114.21 MW and 173.97 MVAr), and Bus 10 

(89.90 MW and 33.59 MVAr). In comparison, the 4-load shedding scheme further 

reduces the system losses from 54.69 MW to 31.28 MW, resulting in 42.81% reduction. 

The RI also improves from 1.267 to 1.336. The optimal locations to undergo load- 



82 

shedding are Bus 48 (43.51 MW and 49.53 MVAr), Bus 11 (2.92 MW and 38.90 

MVAr), Bus 15 (127.62 MW and 18.18 MVAr), and Bus 10 (103.31 MW and 73.15 

MVAr). These results demonstrate the effectiveness of both load shedding schemes in 

reducing system losses and enhancing resilience, with the 4-load shedding scheme 

providing slightly better performance in terms of loss reduction. However, both 

schemes managed to harden the grid of the system. 

 

3.5.7 Load Shedding Technique for Voltage Security Improvement in Grid 

Hardening Scheme 

Another strategy for grid hardening can be addressed through the voltage 

security improvement initiative. In this study, ECSEP is also utilised to enhance the 

voltage security in a system. This is monitored through the FVSI value reduction, which 

serves as a critical indicator of voltage stability within the grid. Voltage security is 

essential for ensuring grid resilience, especially during disruptive events where 

maintaining voltage security of a system can prevent the system from experiencing 

collapse.  

Using the same procedure as for the loss minimisation problem, the newly 

proposed ECSEP technique was also applied to both IEEE 30-Bus RTS and IEEE 57-

Bus RTS to evaluate its performance in improving voltage stability through load 

shedding scheme. Thus, minimising FVSI values through strategic load shedding 

scheme may lead to the improvement of the grid strength. 

 

3.5.7.1 IEEE 30-Bus RTS 

The IEEE 30-Bus RTS was the first test model in addressing the grid hardening 

process through intelligent load shedding scheme under the hurricane conditions 

represented in two scenarios. 

 

A. Scenario 1 

In the IEEE 30-Bus RTS, two scenarios were simulated to assess the impact of load 

shedding on improving voltage stability following a line outage caused by a hurricane.  
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Table 3.17  
Numerical Results of IEEE 30-Bus RTS (Scenario 1) for Voltage Security 
Improvement using 3-Load Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2968 0.5673 0.7707  0.2953 0.4072 0.5370  0.2939 0.4635 0.6188 
FVSI3LS 0.2691 0.5444 0.7242  0.2521 0.3832 0.5101  0.2534 0.4320 0.6043 

RIPre 3.122 6.524 5.542  2.507 7.160 6.417  2.562 7.247 6.375 
RIPost 9.793 22.937 15.328  5.836 15.967 19.112  6.203 13.761 41.095 

Loc3LS1 28 24 28  21 22 23  28 9 7 
Loc3LS2 8 23 26  10 27 27  6 30 23 
Loc3LS3 26 26 8  29 9 11  26 27 6 
Pd3LS1 14.27 129.07 167.59  181.76 109.77 72.09  100.27 192.69 9.49 
Pd3LS2 40.29 99.51 33.42  124.65 176.01 73.06  183.01 152.74 132.36 
Pd3LS3 62.28 27.66 129.68  43.84 194.08 117.92  63.12 169.84 24.95 
Qd3LS1 31.71 68.10 156.42  29.47 109.51 34.50  51.20 87.17 189.81 
Qd3LS2 42.46 22.04 25.89  66.16 77.58 71.42  94.09 37.76 96.81 
Qd 3LS3 16.33 15.01 17.51  5.27 35.75 68.31  2.11 184.30 124.18 

4-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2968 0.5673 0.7707  0.2953 0.4072 0.5370  0.2939 0.4635 0.6188 
FVSI4LS 0.2432 0.5091 0.7044  0.2292 0.3671 0.4733  0.2254 0.4141 0.5921 

RIPre 3.122 6.524 5.542  2.507 7.160 6.417  2.562 7.247 6.375 
RIPost 4.537 8.681 10.469  3.434 9.180 7.404  3.291 8.326 22.176 

Loc4LS1 9 9 21  6 6 21  20 5 6 
Loc4LS2 6 8 6  25 9 4  6 6 19 
Loc4LS3 16 6 16  15 24 14  9 11 27 
Loc4LS4 14 15 26  6 4 6  12 13 9 
Pd4LS1 94.19 18.88 151.99  97.63 147.72 137.33  24.28 62.15 80.54 
Pd4LS2 81.86 187.40 157.72  40.26 52.94 133.29  162.17 18.86 169.84 
Pd4LS3 151.95 149.19 86.75  117.37 90.57 28.43  142.27 6.41 163.89 
Pd4LS4 35.11 130.61 64.19  105.97 186.52 12.98  77.91 159.72 158.68 
Qd4LS1 32.31 87.86 59.63  18.62 132.01 71.26  6.69 33.40 74.85 
Qd4LS2 147.31 155.39 97.02  15.99 76.72 46.24  192.62 124.05 1.91 
Qd4LS3 60.98 185.57 7.68  29.51 91.41 23.38  34.85 174.38 95.94 
Qd4LS4 24.20 119.34 37.60  35.29 117.39 194.15  4.49 17.61 127.80 

* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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The application of load shedding in these scenarios aims to enhance the voltage 

security under disruptive conditions. The results for grid hardening of Scenario 1 in this 

system are presented in Table 3.17. The overall results of the 3 and 4-load shedding 

schemes show a decreasing trend in FVSI values while the RI values increase. The pre-

outage event demonstrates low FVSI value denoted by FVSISet. The occurrence of 

hurricane indicated by outage of the lines has led to the increment of FVSI values, 

denoted by FVSIOut. The implementation of load shedding schemes has reduced the 

FVSI values in the system.  For example, the implementation of 3-load shedding at Qd26 

= 25 MVAr, results in a reduction of FVSI from 0.7707 to 0.7242, representing a 6.03% 

reduction. Meanwhile, the RI increases from 5.542 to 15.328 implying a successful grid 

hardening. ECSEP identified Buses 28, 26 and 8 as the optimal location for 3-load 

shedding scheme. The corresponding real and reactive power to be shed at these buses 

are 167.59 MW and 156.42 MVAr at Bus 28, 33.42 MW and 25.89 MVAr at Bus 26, 

and 129.68 MW and 17.51 MVAr at Bus 8. 

With 4-load shedding scheme, the FVSI reduces from 0.7707 to 0.7044 while RI 

increase from 5.542 to 10.469 indicating a successful grid hardening. To achieve this, 

151.99 MW and 59.63 MVAr need to be shed at Bus 21, 157.72 MW and 97.02 MVAr 

need to be shed at Bus 6, 86.75 MW and 97.02 MVAr need to be shed at Bus 16 and 

64.19 MW and 37.60 MVAr need to be shed at Bus 26. These findings reinforce the 

effectiveness of multi load shedding in improving voltage security and enhancing the 

system's resilience. 

 

B. Scenario 2 

Table 3.18 shows the numerical results of IEEE 30-Bus RTS (Scenario 2) for 

voltage security improvement using 3 and 4-load shedding schemes. In general, the 

results for FVSI denoted by FVSISet before the hurricane occurrence are lower as 

compared to those FVSI value after this event. With load shedding scheme the FVSI 

values are reduced implying voltage security improvement. In this scenario at Qd26 = 20 

MVAr, the FVSI decreases from 0.6904 to 0.5212 with 3-load shedding scheme while 

its value is reduced to 0.5041 for the 4-load shedding scheme. RI increases from 2.478 

to 3.066 with 3-load shedding scheme and 2.696 with 4-load shedding scheme. Both 

schemes demonstrate significant grid hardening have been achieved. For the 3-load- 

shedding scheme, the optimal locations are Bus 4, Bus 25, and Bus 27.  
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The real and reactive power to be shed are 60.39 MW, 154.82 MW, and 19.82 

MW for real power, and 31.37 MVAr, 40.85 MVAr, and 75.96 MVAr for reactive 

power as indicated in the Table 3.18. For 4-load shedding scheme, the optimal locations 

identified by ECSEP are Bus 6, Bus 4, Bus 9, and Bus 7. The real power to be shed at 

Table 3.18  
Numerical Results of IEEE 30-Bus RTS (Scenario 2) for Voltage Security 
Improvement using 3-Load Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2470 0.6904 1.0000  0.2193 0.4201 0.5880  0.2190 0.4657 0.6805 
FVSI3LS 0.2401 0.5212 0.7374  0.2181 0.3812 0.5012  0.2170 0.4280 0.5601 

RIPre 10.126 2.478 1.881  25.744 5.689 3.765  27.816 6.974 3.674 
RIPost 33.789 3.066 2.795  218.300 9.799 5.782  114.263 11.485 4.633 

Loc3LS1 8 4 6  10 12 4  10 28 22 
Loc3LS2 26 25 25  20 14 9  28 20 19 
Loc3LS3 4 27 10  6 7 6  24 10 25 
Pd3LS1 105.53 60.39 133.58  2.22 38.16 144.75  81.42 192.59 166.88 
Pd3LS2 37.43 154.82 149.96  163.30 61.15 59.40  70.16 120.73 131.94 
Pd3LS3 66.54 19.82 195.71  125.81 126.60 10.12  170.14 105.20 146.04 
Qd3LS1 64.80 31.37 174.09  58.38 38.77 95.56  160.02 29.42 128.54 
Qd3LS2 17.09 40.85 75.72  21.63 6.25 91.43  35.70 33.32 69.86 
Qd 3LS3 84.06 75.96 85.14  69.57 73.63 104.00  48.13 58.35 106.93 

4-Load Shedding 
Bus 26  29  30 
Qd 10 20 25  10 20 25  10 20 25 

FVSISet 0.2248 0.4919 0.6529  0.2111 0.3573 0.4646  0.2114 0.4073 0.5349 
FVSIOut 0.2470 0.6904 1.0000  0.2193 0.4201 0.5880  0.2190 0.4657 0.6805 
FVSI4LS 0.2321 0.5041 0.6591  0.2152 0.3603 0.4763  0.2134 0.4111 0.5440 

RIPre 10.126 2.478 1.881  25.744 5.689 3.765  27.816 6.974 3.674 
RIPost 15.577 2.696 1.937  55.231 6.002 4.264  35.500 7.498 3.978 

Loc4LS1 12 6 3  14 6 4  16 10 7 
Loc4LS2 6 4 24  18 7 3  6 4 9 
Loc4LS3 17 9 12  4 4 9  27 19 6 
Loc4LS4 4 7 7  12 9 7  10 6 14 
Pd4LS1 150.38 147.90 157.54  67.34 137.32 153.35  79.41 145.46 136.50 
Pd4LS2 118.03 17.16 173.43  164.66 79.33 78.17  183.67 143.93 143.57 
Pd4LS3 54.62 111.58 89.45  147.69 117.48 42.22  100.10 67.38 143.95 
Pd4LS4 141.83 91.36 24.91  82.51 144.90 129.35  137.99 52.60 156.91 
Qd4LS1 20.05 125.75 79.93  98.76 49.27 175.29  7.94 50.54 31.05 
Qd4LS2 106.98 33.10 23.25  8.16 13.04 11.17  111.86 87.75 79.81 
Qd4LS3 2.36 165.64 62.16  156.95 146.91 109.39  21.32 12.02 199.43 
Qd4LS4 157.43 69.24 64.72  98.76 49.27 175.29  7.94 50.54 31.05 
* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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these buses are 147.90 MW, 17.16 MW, 111.58 MW, and 91.36 MW, while the reactive 

power to be shed are 125.75 MVAr, 33.10 MVAr, 165.64 MVAr, and 69.24 MVAr, 

respectively. Results for other load other variations in both schemes can be referred to 

the same table. 

 

3.5.7.2 IEEE 57-Bus RTS 

Similar study was also conducted to the two similar hurricane conditions 

denoted by Scenario 1 and Scenario 2 in the effort to realise the effectiveness of ECSEP 

in addressing the grid hardening strategy of IEEE 57-Bus RTS. 

 

A. Scenario 1 

Hurricane condition denoted in Scenario 1 for the IEEE 57-Bus RTS, involving 

line outage in the system was tabulated in Table 3.19. The results of Scenario 1 are 

shown in Table 3.19.  In Scenario 1, with the implementation of ECSEP optimisation 

technique, FVSI was successfully reduced using both the 3-load shedding and 4-load 

shedding scheme. These schemes proved effective in enhancing voltage stability under 

disruptive conditions. For instance, when Qd33 = 15 MVAr, the FVSI value decreased 

from 0.6679 to 0.4823. Consequently, the resilience index increased from 2.233 to 

2.595 implying a successful grid hardening has been achieved. The ECSEP algorithm 

identified Bus 7, Bus 33, and Bus 53 as the optimal locations for load shedding, with 

real power to be shed worth 160.90 MW, 34.05 MW, and 106.02 MW, and while the 

reactive power to be shed at those buses are of 195.44 MVAr, 9.74 MVAr, and 33.46 

MVAr, respectively as tabulated in the Table 3.19. Additionally, with 4-load shedding 

scheme, the optimal locations are buses, Bus 24, Bus 16, Bus 14, and Bus 10. The 

corresponding real power to be shed at these buses are 124.25 MW, 177.35 MW, 127.01 

MW, and 125.84 MW, while the reactive power shed are 43.11 MVAr, 112.76 MVAr, 

85.41 MVAr, and 120.72 MVAr, respectively. In this load shedding scheme, the FVSI 

value decreased from 0.6679 to 0.4741, and the resilience index increased from 2.233 

to 2.436. These findings demonstrate the effectiveness of ECSEP in optimizing bus 

selection and significantly improving voltage stability and system resilience. 
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Table 3.19  
Numerical Results of IEEE 57-Bus RTS (Scenario 1) for Voltage Security 
Improvement using 3-Load Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4395 0.4355 1.000  0.4372 0.4318 0.7670  0.4382 0.4331 0.6679 
FVSI3LS 0.4151 0.4130 0.4452  0.4241 0.4131 0.5413  0.4252 0.4223 0.4823 

RIPre 10.975 10.521 0.766  10.913 10.670 1.844  10.973 10.674 2.233 
RIPost 14.314 20.348 1.341  26.497 25.329 2.123  21.472 30.846 2.595 

Loc3LS1 28 7 7  14 14 14  34 24 7 
Loc3LS2 8 34 37  31 31 37  36 28 33 
Loc3LS3 14 3 54  8 8 28  29 35 53 
Pd3LS1 72.94 149.25 70.42  148.34 133.28 186.36  187.82 104.78 160.90 
Pd3LS2 88.16 182.31 39.62  120.02 49.45 148.46  125.17 117.24 34.05 
Pd3LS3 28.36 121.97 87.63  177.73 168.80 23.66  104.60 154.74 106.02 
Qd3LS1 27.80 20.02 134.32  126.93 105.77 130.09  34.13 9.27 195.44 
Qd3LS2 186.71 42.33 108.93  51.81 104.46 20.46  56.87 140.11 9.74 
Qd 3LS3 155.77 171.50 111.09  184.34 146.05 14.13  86.58 28.59 33.46 

4-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4395 0.4355 1.000  0.4372 0.4318 0.7670  0.4382 0.4331 0.6679 
FVSI4LS 0.4093 0.4031 0.4431  0.4114 0.4012 0.5071  0.4042 0.4023 0.4741 

RIPre 10.975 10.521 0.766  10.913 10.670 1.844  10.973 10.674 2.233 
RIPost 13.553 12.483 0.796  15.815 13.065 1.955  11.738 12.706 2.436 

Loc4LS1 27 20 11  17 16 24  10 15 24 
Loc4LS2 8 14 14  14 14 13  16 14 16 
Loc4LS3 37 15 24  15 11 14  23 16 14 
Loc4LS4 34 25 16  11 20 25  14 11 10 
Pd4LS1 18.86 0.68 73.81  61.60 23.41 105.09  163.08 95.32 124.25 
Pd4LS2 158.64 84.28 150.49  79.30 142.42 51.40  122.48 188.99 177.35 
Pd4LS3 193.12 153.01 33.34  111.94 65.53 78.87  25.56 67.31 127.01 
Pd4LS4 140.26 66.47 167.51  152.19 38.83 43.40  193.29 80.82 125.84 
Qd4LS1 135.21 1.92 65.22  53.01 83.42 66.97  37.66 76.69 43.11 
Qd4LS2 164.49 176.71 131.39  163.56 154.25 135.76  102.08 67.77 112.76 
Qd4LS3 23.78 179.49 13.09  124.13 41.94 120.07  8.23 116.54 85.41 
Qd4LS4 87.39 16.13 127.81  160.80 63.56 24.82  108.44 99.65 120.72 

* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 

 

B. Scenario 2 

The results for load shedding scheme in voltage security improvement strategy 

under Scenario 2 of the IEEE 57-Bus RTS are tabulated in Table 3.20. This study also 
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focuses on both 3-load shedding and 4-load shedding schemes to improve voltage 

stability following disruptive events impacting the system.  

 

 
For instance, with 3-load shedding scheme, the FVSI value decreased from 

0.7846 to 0.5411, while the resilience index increased significantly from 1.731 to 2.224. 

Table 3.20  
Numerical Results of IEEE 57-Bus RTS (Scenario 2) for Voltage Security 
Improvement using 3-Load Shedding and 4-Load Shedding Technique 

3-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4521 0.4518 1.0000  0.4520 0.4516 0.7846  0.4520 0.4518 0.7086 
FVSI3LS 0.4151 0.4132 0.4451  0.4243 0.4131 0.5411  0.4252 0.4223 0.5711 

RIPre 8.170 7.351 0.766  7.777 6.951 1.731  7.968 7.097 1.865 
RIPost 11.319 10.496 0.803  14.860 10.609 2.224  15.803 14.010 4.157 

Loc3LS1 28 9 7  8 4 6  27 9 12 
Loc3LS2 6 30 23  26 25 25  4 30 17 
Loc3LS3 26 27 6  4 27 10  22 27 25 
Pd3LS1 100.27 192.69 9.49  105.53 60.39 133.58  93.17 192.69 85.60 
Pd3LS2 183.01 152.74 132.36  37.43 154.82 149.96  169.94 152.74 71.41 
Pd3LS3 63.12 169.84 24.95  66.54 19.82 195.71  86.62 169.84 154.39 
Qd3LS1 51.20 87.17 189.81  64.80 31.37 174.09  22.08 87.17 36.11 
Qd3LS2 94.09 37.76 96.81  17.09 40.85 75.72  98.83 37.76 61.79 
Qd 3LS3 2.11 184.30 124.18  84.06 75.96 85.14  21.09 184.30 32.16 

4-Load Shedding 
Bus 31  32  33 
Qd 5 10 15  5 10 15  5 10 15 

FVSISet 0.4028 0.3977 0.4339  0.4005 0.3948 0.4973  0.4016 0.3960 0.4613 
FVSIOut 0.4521 0.4518 1.0000  0.4520 0.4516 0.7846  0.4520 0.4518 0.7086 
FVSI4LS 0.4101 0.4082 0.4401  0.4120 0.4091 0.5151  0.4181 0.4093 0.4822 

RIPre 8.170 7.351 0.766  7.777 6.951 1.731  7.968 7.097 1.865 
RIPost 9.688 9.199 0.785  10.414 9.478 1.907  12.216 9.531 2.128 

Loc4LS1 27 15 38  38 21 4  23 17 28 
Loc4LS2 35 36 31  31 12 7  27 15 26 
Loc4LS3 28 31 34  34 28 19  28 19 16 
Loc4LS4 34 29 26  26 19 21  3 28 4 
Pd4LS1 1.48 167.15 86.72  191.05 72.36 158.90  167.77 122.79 130.73 
Pd4LS2 174.92 24.66 6.53  193.45 107.85 139.19  117.47 51.28 83.15 
Pd4LS3 172.28 194.61 185.79  195.66 90.96 150.55  185.21 7.93 140.19 
Pd4LS4 39.59 5.83 21.10  189.75 80.29 133.86  77.93 124.14 182.03 
Qd4LS1 138.16 16.02 53.20  32.49 48.04 126.64  46.53 68.70 152.39 
Qd4LS2 98.99 98.80 96.32  11.26 16.57 11.23  16.53 4.83 52.44 
Qd4LS3 51.45 153.80 158.47  121.89 84.27 119.59  92.77 34.28 9.45 
Qd4LS4 103.81 186.71 51.43  109.20 94.43 45.35  38.98 122.14 147.17 
* Notes: Unit for Qd = MVAr, Pd = MW, Loss = MW and Size = MW 
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The amount of load to be shed are 133.58 MW and 174.09 MVAr at Bus 6, 149.96 MW 

and 75.72 MVAr at Bus 25, and 195.71 MW and 85.14 MVAr) at Bus 10. When the 4-

load shedding scheme is implemented, the FVSI is further reduced to 0.5151 while 

resilience index saw an increase from 1.731 to 1.907. The identified optimal locations 

are Bus 4, Bus 7, Bus 19, and Bus 21 with the corresponding real and reactive power to 

be shed 158.90 MW, 139.19 MW, 150.55 MW, and 133.86 MW for real power, and 

126.64 MVAr, 11.23 MVAr, 119.59 MVAr, and 45.35 MVAr for reactive power. The 

results clearly demonstrate the effectiveness of load shedding for voltage security 

improvement.  

The increase in resilience index indicates an enhanced ability of the grid to 

withstand further disruptive events. Remarkably, the 4-load shedding scheme achieved 

a greater improvement in both voltage stability and system resilience compared to the 

3-load shedding scheme. These findings highlight the potential of the ECSEP technique 

in optimizing grid hardening strategies through optimal locations and sizing in the 

system. 

 

3.6 Comparative Studies with Other Techniques   

Comparative studies were carried out to evaluate the performance of ECSEP 

with respect to SSA, CSO, and EP as the benchmarked techniques. The comparison 

focused on minimizing transmission losses and enhancing the voltage security, using 

DG installation and load shedding compensation techniques as the grid hardening 

strategies. The results in these sections will focus exclusively on the 5 DG unit 

installation and the 4-load shedding scheme, as these approaches have been found to 

yield better outcomes compared to the 3 DG unit installation and the 3-load shedding 

scheme.  

 

3.6.1 Distributed Generation Installation 

The comparative studies result for both test models under both scenarios (i.e. 

Scenario 1 and Scenario 2) consider both the loss minimization and voltage security 

improvement as the objective function using all the optimization techniques, i.e. SSA, 

CSO, EP and ECSEP for pre- and post-outage events resulted from the hurricane 

occurrences. 
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3.6.1.1 Loss Minimization 

A. IEEE 30-Bus RTS 

Figure 3.13 illustrates the results of comparative studies of the overall system 

loss (Loss) and Proportional Loss Reduction (PLR) across different optimisation 

techniques applied to the IEEE 30-Bus RTS involving Scenario 1 and Scenario 2. This 

analysis focuses on three Buses (26, 29, and 30) under varying reactive power demand 

levels Qd = 10, 20, and 25 MVAr and evaluates the impact of each method on 

minimizing power loss and enhancing PLR.  

 

 
Figure 3.13  Comparison of Loss and PLR Results for Loss Minimization in DG 

Installation in IEEE 30-Bus RTS 
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The bar charts present the Loss in MW for each method, while the lines denote 

PLR percentages. The plot presents six conditions: PRE-DG (Outage), EP, CSO, SSA, 

and the proposed ECSEP, with pre-DG representing the baseline without DG 

installation.  

The y-axis on the left displays the results for Loss (MW), while the right y-axis 

shows the PLR (%) values. For each demand level, all optimisation techniques yield 

lower losses compared to the pre-DG baseline. ECSEP consistently achieves the lowest 

power loss values, showcasing its effectiveness in minimizing losses values compared 

to EP, CSO, and SSA. In terms of PLR, represented by dotted and dashed lines, ECSEP 

also demonstrates higher PLR percentages, particularly at higher Qd values. 

 In Scenario 1, at Qd26 = 10 MVAr, the ECSEP method demonstrates a 

substantial improvement in loss reduction and PLR. ECSEP specifically achieves a 

power loss of 18.32 MW which is a significant reduction from the pre-DG scenario of 

60.88 MW. The ECSEP performs better than traditional methods such as EP, SSA, and 

CSO, achieving a transmission loss of 18.32 MW compared to 18.35 MW for EP, 18.40 

MW for SSA, and 18.35 MW for CSO. Furthermore, ECSEP produces the highest PLR 

value of 69.92% which means that it is more effective in reducing losses at this demand. 

In Scenario 2, at Bus 26 with Qd = 10 MVAr, ECSEP method reduces the power loss 

significantly and produces a high PLR.  Specifically, ECSEP results in a power loss of 

18.27 MW while from the pre-DG (Outage) condition the loss is 20.40 MW.  In 

comparison, other methods such as EP, CSO, and SSA show losses of 18.28 MW or all 

higher than ECSEP.  Regarding PLR, ECSEP has the highest reduction percentage and 

the PLR is 10.49% thus highlighting ECSEP’s superiority in minimizing losses as well 

as improving system robustness at this demand level. 

 

B. IEEE 57-Bus RTS 

Figure 3.14  illustrates the comparative results of Loss and PLR optimised using 

different optimisation techniques applied to the IEEE 57-Bus RTS in Scenario 1 and 

Scenario 2. In the IEEE 57-Bus RTS, the ECSEP method consistently demonstrates the 

lowest power loss across all participating buses, highlighting its superior performance 

in minimizing losses. For instance, for Scenario 1 at Qd31 = 10 MVAr, ECSEP achieves 

a loss reduction to 29.30 MW compared to 34.41 MW in the pre-DG condition, 
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representing a significant improvement. Similarly, at Qd33 = 15 MVAr, ECSEP reduces 

the loss to 30.56 MW, the lowest among the methods being evaluated.  

The ECSEP method in the IEEE 57-Bus RTS produces the lowest power loss 

across all reactive load variations which indicates its effectiveness in loss minimization.  

 

 
Figure 3.14  Comparison of Loss and PLR Results for Loss Minimization in DG 

Installation in IEEE 57-Bus RTS 

 

It is also observed that Qd32 = 5 MVAr, ECSEP has the highest PLR of 13.71%, 

as against 13.65% for CSO and 13.66% for SSA. For each method and bus, ECSEP 

shows superior results as compared to other techniques as loss values are always less 

than that of EP, CSO and SSA. This trend is visible at all Qd levels, which shows that 



93 

ECSEP has robust loss minimization capability.  Once again, ECSEP shows high PLR 

values thus proving to be effective in mitigating power losses particularly during high 

reactive demand conditions.  

In Scenario 2, ECSEP achieves a significant loss reduction at Qd31 = 15 MVAr, 

decreasing power losses from 54.69 MW in the pre-DG condition to 31.65 MW. This 

represents a substantial improvement in performance. Additionally, ECSEP 

demonstrates high PLR values, effectively mitigating power losses under increased 

reactive demand conditions. At Bus 31 with Qd31 = 15 MVAr, ECSEP achieves a PLR 

of 42.13%, indicating the highest among all methods. These values indicate that ECSEP 

not only reduces losses but also enhances the overall performance of the system by 

achieving a higher PLR. The graphs show that ECSEP maintains higher PLR 

percentages consistently across all load variations on the participating buses.  

 

3.6.1.2 Voltage Security Improvement 

Comparative studies were also conducted on the FVSI reduction involving both 

test models, i.e., IEEE 30-Bus RTS and IEEE 57-Bus RTS. The analysis focused on 

evaluating the impact of DG installation on system voltage stability, assessing the 

effectiveness of different optimisation techniques in reducing the FVSI values. 

 

A. IEEE 30-Bus RTS 

Figure 3.15 shows the performance of various optimisation methods: EP, CSO, 

SSA, and ECSEP in reducing FVSI and achieving Proportional FVSI Reduction (PFR) 

for IEEE 30-Bus RTS. The impact of each method on reducing FVSI is analysed across 

various buses and Qd values.  

The bar charts indicate the FVSI profiles, while the lines represent PFR values. 

For Scenario 1, at Bus 26 with Qd = 10 MVAr, ECSEP achieves a notable reduction in 

FVSI, bringing it down to 0.241, a significant decrease compared to the pre-DG 

(Outage) value of 0.297. This reduction highlights the effectiveness of ECSEP in 

enhancing voltage stability.  
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Figure 3.15  Comparison of FVSI and PFR Results for Voltage Security Improvement 

in DG Installation in IEEE 30-Bus RTS 

In terms of PFR, ECSEP reaches 18.73%, which is the highest among all 

methods. For comparison, EP yields a PFR of 10.58%, while CSO and SSA achieve 

11.99% and 12.84%, respectively. In Scenario 2, at Bus 26 with Qd = 10 MVAr, the 

ECSEP method achieves a significant reduction in FVSI, decreasing it to 0.226 from 

the pre-DG (Outage) value of 0.280. In comparison, EP, CSO, and SSA yield FVSI 

values of 0.230, 0.229, and 0.228, respectively, all higher than ECSEP's result. For PFR, 

ECSEP achieves 19.09%, which is substantially higher than the PFR values of EP 

(17.84%), CSO (18.06%), and SSA (18.48%). This demonstrates the superior 

effectiveness of ECSEP in improving voltage stability, as indicated by the reduction in 

FVSI. 
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B. IEEE 57-Bus RTS 

Figure 3.16 shows the results for comparative studies implemented in the IEEE 

57-Bus RTS under two scenarios, each demonstrating the effectiveness of various 

optimisation methods: EP, CSO, SSA, and ECSEP in reducing the FVSI and improving 

PFR all the load variations at different buses. 

 

 
Figure 3.16  Comparison of FVSI and PFR Results for Voltage Security Improvement 

in DG Installation in IEEE 57-Bus RTS 
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In Scenario 1, at Qd31 = 15 MVAr, the ECSEP method achieves an FVSI value 

of 0.482, significantly reducing the instability risk from the pre-DG (Outage) value of 

1.000. ECSEP’s PFR reaches 51.83%, the highest among the methods 

In Scenario 2, at Bus 31 with the Qd = 15 MVAr, ECSEP continues to show 

strong performance with an FVSI of 0.453, substantially lower than the pre-DG value 

of 1.000. ECSEP achieves a PFR of 54.74%, indicating its exceptional ability to reduce 

instability in this scenario. These results demonstrate that ECSEP consistently 

outperforms other methods in both scenarios, achieving the most significant reductions 

in FVSI and the highest PFR values. This highlights the effectiveness of ECSEP in 

enhancing voltage stability and resilience across various loading conditions, making it 

a superior choice for DG planning in power systems. 

 

3.6.2 Load Shedding Compensation Scheme 

This study further extends to a comparative analysis of ECSEP against other 

optimization techniques: EP, CSO, and SSA within the load shedding compensation 

framework, focusing on loss reduction and voltage security enhancement in IEEE 30-

Bus RTS and IEEE 57-Bus RTS. 

 

3.6.2.1 Loss Minimization 

A. IEEE 30-Bus RTS 

Figure 3.17 presents the results of loss minimization using load shedding for the 

IEEE 30-Bus RTS under Scenario 1 and Scenario 2, emphasizing the impact of different 

optimisation techniques on loss reduction and PLR. The implementation of load 

shedding compensation scheme leads to a significant reduction in power loss solved 

using all methods, with ECSEP consistently achieving the lowest loss values compared 

to EP, CSO, and SSA. In Scenario 1, the highest PLR of 68.45% occurs at Bus 29 with 

Qd = 25 MVAr, where the initial loss of 67.24 MW before the load shedding scheme is 

effectively reduced to 21.22 MW. Meanwhile, in Scenario 2, Qd30 = 25 MVAr records 

the highest PLR of 25.12%, with the loss decreasing from 28.33 MW to 21.22 MW after 

optimisation. The comparative results reveal that ECSEP provides a more effective load 

shedding performance, significantly reducing loss and obtained high PLR values. 
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Figure 3.17  Comparison of Loss and PLR Results for Loss Minimization in Load 
Shedding Scheme in IEEE 30-Bus RTS 

 

B. IEEE 57-Bus RTS 

Figure 3.18 shows the comparison of Loss and PLR Results for Loss 

Minimization in Load shedding Scheme in IEEE 57-Bus RTS. In Scenario 1, at Bus 31 

with a reactive power (Qd) of 15 MVAr, the system losses decrease from 42.75 MW to 

31.99 MW, resulting in the highest PLR of 25.17%. Conversely, in Scenario 2, the 

highest PLR of 43.71% is observed at Bus 32 with Qd = 15 MVAr, where the system 

loss is reduced from 55.06 MW to 30.99 MW. These results highlight the effectiveness 

of load shedding in minimizing system losses and improving power system resilience. 
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Figure 3.18  Comparison of Loss and PLR Results for Loss Minimization in Load 

Shedding Scheme in IEEE 57-Bus RTS 

 

3.6.2.2 Voltage Security Improvement 

Load shedding was also implemented to enhance voltage security in the system. 

This approach was applied to both the IEEE 30-Bus RTS and IEEE 57-Bus RTS, with 

detailed discussions provided in the subsequent subchapters. 
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A. IEEE 30-Bus RTS 

Figure 3.19 presents a comparison of FVSI and PFR results for voltage security 

improvement in the load shedding scheme applied to the IEEE 30-Bus RTS. In this 

system, FVSI values under reactive power variations were analysed using different 

optimisation techniques, with ECSEP consistently achieving the best results in both 

Scenario 1 and Scenario 2. In Scenario 1, ECSEP effectively improved voltage stability 

at Bus 30 with Qd = 10 MVAr, reducing the FVSI value from 0.294 to 0.225, resulting 

in a PFR of 23.31%. 

 

 
Figure 3.19  Comparison of FVSI and PFR Results for Voltage Security Improvement 

in Load Shedding Scheme in IEEE 30-Bus RTS 
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Similarly, in Scenario 2, ECSEP significantly enhanced stability at Bus 26 with 

Qd = 25 MVAr, improving the FVSI value from 1.000 (highly unstable) to 0.659, 

achieving a PFR of 34.05%. These results highlight the effectiveness of ECSEP in 

mitigating voltage instability which led to system resilience improvement and 

successful grid hardening. 

 

B. IEEE 57-Bus RTS 

The final phase of the comparative study among the optimisation techniques 

focuses on analyzing FVSI and PFR results for voltage security improvement in the load 

shedding scheme applied to the IEEE 57-Bus RTS. Figure 3.20 illustrates the FVSI and 

PFR variations across different buses and reactive loading conditions.  

 

 
Figure 3.20  Comparison of FVSI and PFR Results for Voltage Security Improvement 

in Load shedding Scheme in IEEE 57-Bus RTS 
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Notably, Bus 31 with Qd = 15 MVAr exhibits the highest PFR in both Scenario 

1 and Scenario 2. Initially, before implementing the load shedding scheme, the FVSI 

value stands at 1.000, indicating an unstable system condition. However, with ECSEP 

optimizing the location and sizing of the buses and loads to be shed, the FVSI value is 

significantly reduced to 0.443 in Scenario 1 (PFR = 55.68%) and 0.440 in Scenario 2 

(PFR = 56.02%).  

The results show that ECSEP is able to improve the voltage stability of the 

system through the implementation of proper load shedding scheme. The large decrease 

in FVSI values shows that ECSEP has prevented the system from experiencing voltage 

collapse and has increased the system’s robustness. Also, the increase in PFR indicates 

that the scheme is able to support grid stability in the face of changing reactive power 

requirements.  Thus, it can be concluded that ECSEP has exhibited a reliable 

optimisation technique for load shedding schemes to improve voltage security in the 

IEEE 57-Bus RTS. 

 

3.7 Summary  

This chapter has presented the development of the Embedded Clonal Squirrel 

Evolutionary Programming (ECSEP) as a new hybrid algorithm to enhance the power 

system resilience. The newly proposed ECSEP optimisation technique managed to 

achieve the lowest loss and FVSI value in the implementation of DG installation and 

load shedding scheme as the initiatives in grid hardening strategy. The effectiveness of 

ECSEP has been validated via the implementation on the IEEE 30-bus and IEEE 57 bus 

RTS systems to determine the optimal location and capacity of DG units and load 

shedding scheme in grid hardening strategy. The results show that ECSEP has reduced 

transmission losses and improved voltage stability in small scale and medium scale 

transmission networks. Due to its hybrid structure ECSEP is able to maintain a balance 

between exploration and exploitation in order to find the optimal solutions to power 

system optimisation problems. 

Therefore, the development and application of ECSEP offers a valid and 

effective optimisation tool for grid hardening strategies. Its effectiveness in reducing 

losses and improving stability makes it a suitable remedial action for practical power 

system applications to enhance grid resilience to disturbances. The findings from this 

study suggest that ECSEP can be a valuable tool for optimizing power system 
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operations, paving the way for future research on hybrid intelligent optimisation 

techniques in the field of power system resilience. The implementation of ECSEP in 

addressing the DG installation and load shedding schemes as grid hardening initiatives 

is demonstrated through its robustness under the influence of hurricane occurrences, 

denoted by Scenario 1 and Scenario 2, for both test models. 
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CHAPTER 4  

MULTI-OBJECTIVE EMBEDDED CLONAL SQUIRREL 

EVOLUTIONARY PROGRAMMING ALGORITHM BASED 

TECHNIQUE FOR RESILIENCE IMPROVEMENT IN POWER 

SYSTEM 

4.1 Introduction 

Multi-Objective optimisation technique is important in power system planning 

and operation. This is due to the fact that, in single objective optimisation process, 

separate problems are solved independently. This leads to incomplete problems to be 

solved as the practical environment in power system community will have to consider 

several objective functions to be conducted concurrently. This chapter presents Multi-

Objective Embedded Clonal Squirrel Evolutionary Programming (MOECSEP) 

algorithm-based technique for resilience improvement in power system. Similar 

scenarios and test systems are conducted to implement MOECSEP. Subsequent 

comparative studies will be ultimately conducted in the effort to highlight the 

superiority of the MOECSEP over benchmark techniques such as Multi-Objective 

Evolutionary Programming (MOEP) and Multi-Objective Squirrel Search (MOSS). 

 

4.2 Weighted Sum Multi-Objective Optimisation 

The study integrates DG installation with load shedding schemes into the IEEE  

30-Bus RTS and IEEE 57-Bus RTS under two simulated hurricane scenarios. The test 

systems accurately depict real-world grid structures and serve as standard models for 

evaluating resilience in power systems. The systems show deteriorating voltage profiles 

and rising power losses particularly in weak buses and buses under critical load 

conditions during these extreme conditions. The study requires increasing reactive 

power demand at chosen weak buses to model post-disturbance scenarios which 

necessitates the implementation of resilience-enhancing measures. 

The optimisation process aims to achieve two main objectives which include 

minimizing system power loss and also minimizing Fast Voltage Stability Index (FVSI) 

in one integrated fitness equation. A multi-objective optimisation framework is selected 
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to solve this problem. The weighted sum and pareto optimal methods stand as the most 

frequently used methods for solving multi-objective problems. The weighted-sum 

method serves this study because it provides straightforward results and works well 

with evolutionary algorithms to create a single objective function. The weighted sum 

method combines multiple fitness functions into a single composite objective function 

through the assignment of weighting coefficients to each fitness function. The approach 

enables users to adjust the relative importance between power loss reduction and 

voltage stability improvement. The proposed Multi-Objective Squirrel Evolutionary 

Programming (MOECSEP) can solve the single-objective problem which results from 

this formulation. The established formulation enables researchers to create optimal DG 

placement and load shedding strategies which improve system resilience against 

disruptive events. 

In this study, the weighted-sum multi-objective technique provides an easy-to-

use solution for multi-objective optimisation problems through the combination of 

multiple objective functions into one integrated fitness function. The general weighted-

sum fitness function can be mathematically represented in Equation (4.1) and Equation 

(4.2): 

 

 𝐹𝐹(𝑥𝑥) = 𝑤𝑤1𝑓𝑓1(𝑥𝑥) + 𝑤𝑤2𝑓𝑓2(𝑥𝑥) + ⋯+ 𝑤𝑤𝑛𝑛𝑓𝑓𝑛𝑛(𝑥𝑥)                      (4.1) 

 

𝑂𝑂.𝐹𝐹. = min�𝐹𝐹(𝑥𝑥)� 𝑜𝑜𝑜𝑜min�𝐹𝐹(𝑥𝑥)�                               (4.2) 

 

In weighted sum multi-objective optimization technique, the individual fitness 

is not independently optimized. The integrated fitness, 𝐹𝐹(𝑥𝑥) will be optimized, either 

to be minimized or maximized. Each fitness function 𝑓𝑓𝑛𝑛(𝑥𝑥) is assigned a corresponding 

weight coefficient 𝑤𝑤𝑛𝑛, which reflects its relative importance in the optimisation process. 

These weight coefficients typically range from 0.1 to 1.0, subject to their total 

summation must be equal led to 1.0. In this study the selection of weight coefficient is 

randomly chosen. 

The weighted-sum method is incorporated into the proposed multi-objective 

Embedded Clonal Squirrel Evolutionary Programming (MOECSEP) to optimize the 

integrated fitness value leading to the evaluation of resilience index. Two fitness 

functions are considered in this study: FVSI and the total real power loss (Loss). These 
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are denoted as 𝑓𝑓1(𝑥𝑥) = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 and 𝑓𝑓2(𝑥𝑥) = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹, respectively. The integrated fitness 

function can be written in Equation (4.3): 

 

𝑂𝑂.𝐹𝐹. = min(𝑤𝑤1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + 𝑤𝑤2𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹)                                           (4.3) 

 

where 𝑤𝑤1 and 𝑤𝑤2 are the weight coefficients assigned to each fitness function, 

subject to 𝑤𝑤1 + 𝑤𝑤2 =1. The unit for 𝑤𝑤1 is (MW)-1 and FVSI is unitless. The coefficients 

values are determined by their effect on system performance and usually fall between 

0.1 and 0.9. This formulation allows for a flexible and balanced trade-off between 

voltage stability improvement and power loss reduction.  

The research established three distinct weight coefficient schemes which served 

to optimize the multi-objective fitness function. The different weight configurations 

demonstrate how the two fitness functions of total system power loss and FVSI receive 

varying degrees of importance. The weight configurations follow these arrangements: 

1) Case 1: 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9  

2) Case 2: 𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5 

3) Case 3: 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1  

 

The weight settings enable the assessment of trade-offs between fitness 

functions while showing how optimisation techniques perform with different priority 

preferences, thus enhancing the overall system resilience. 

 

4.3 Research Framework for Resilience Improvement  

In this study, the total power loss and Fast Voltage Stability Index (FVSI) are 

simultaneously optimised using a weighted-sum multi-objective approach integrated 

with the proposed Multi-Objective Embedded Clonal Squirrel Evolutionary 

Programming (MOECSEP) technique. The overall framework for the multi-objective 

optimisation implementation is illustrated in Figure 4.1. To evaluate the effectiveness 

of the proposed method, three optimisation techniques were employed: Multi-Objective 

Evolutionary Programming (MOEP), Multi-Objective Squirrel Search (MOSS), and the 

proposed MOECSEP. The aim is to evaluate the strength of MOECSEP over MOEP 

and MOSS. Each technique was utilized to determine the optimal placement and sizing 

of DG and optimal load shedding scheme under multi-objective optimisation 
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formulation. Subsequently, the resilience index is evaluated to determine the strength 

of the system. The performance of each optimisation technique is validated on the IEEE 

30-Bus RTS and IEEE 57-Bus RTS. A comparative study on the results of each 

optimisation technique for each transmission network will be conducted. 

This formulation enables the simultaneous reduction of system losses and 

enhancement of voltage security, contributing to improved power system resilience. 

 

 
Figure 4.1  The Overall Research Framework for the Multi-Objective Optimisation 

Implementation  

 

4.3.1 Multi-Objective Evolutionary Programming (MOEP) Algorithm in Power 

System Resilience Improvement 

In this section, MOEP algorithm is utilized to determine the optimal installation 

of DG and load shedding scheme in the test systems. This technique is used as the 

benchmark for the proposed MOECSEP. The weight coefficient 𝑤𝑤1 is assigned for total 

loss in the system and 𝑤𝑤2 is assigned for FVSI based on the three setting setups. The 

implementation of the MOEP technique for power system resilience improvement 

involves seven key steps: initialization, fitness 1 evaluation, mutation, fitness 2 

evaluation, solution combination, tournament and selection, convergence checking, and 
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results recording (end). The flowchart of the MOEP algorithm is shown as in Figure 

4.2.  

 

 
Figure 4.2  Flowchart of Multi-Objective Evolutionary Programming (MOEP) for 

Power System Resilience Improvement 

 

4.3.2 Multi-objective Squirrel Search (MOSS) Algorithm in Power System 

Resilience Improvement 

The following section explains how to solve multi-objective optimisation 

problems through the Multi-Objective Squirrel Search Algorithm (MOSS) which 

originates from the Squirrel Search Optimizer (SSO). The weighted sum method gets 

integrated into the SSO framework to handle power system resilience improvement 

multi-objective challenges. This study uses MOSS as its benchmark approach. The 

flowchart in Figure 4.3 demonstrates how the MOSS algorithm enhances power system 

resilience specifically through optimal DG installation and load shedding strategies. 
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Figure 4.3  Flowchart of Multi-Objective Squirrel Search Algorithm (MOSS) for 

Power System Resilience Improvement 

 

4.3.3 Proposed Multi-Objective Embedded Clonal Squirrel Evolutionary 

Programming (MOECSEP) in Power System Resilience Improvement 

The study introduces a new multi-objective optimisation algorithm called Multi-

Objective Embedded Clonal Squirrel Evolutionary Programming (MOECSEP). The 

MOECSEP algorithm extends the ECSEP framework to optimize DG installation and 

load shedding strategies simultaneously for enhancing power system resilience. The 

flowchart of the MOECSEP algorithm is presented in Figure 4.4, and the corresponding 

implementation steps are as follows: 

Step 1: Initialize the population and calculate the initial system Loss and FVSI. During 

this process, random individuals are generated to represent the general locations for DG 

and the corresponding DG sizing. Random locations for load to undergo load shedding 

are also generated, followed by the sizing of Pd and Qd for each random load. The 

general matrix equation for this phase can be written as:  

 

[𝐿𝐿𝐷𝐷𝐷𝐷11𝑚𝑚𝐿𝐿𝐷𝐷𝐷𝐷12𝑚𝑚……..𝐿𝐿𝐷𝐷𝐷𝐷1𝑛𝑛𝑚𝑚𝐷𝐷𝐺𝐺11𝑚𝑚𝐷𝐷𝐺𝐺12𝑚𝑚…….𝐷𝐷𝐺𝐺1𝑛𝑛𝑚𝑚𝐿𝐿𝑆𝑆𝑆𝑆11𝑚𝑚𝐿𝐿𝑆𝑆𝑆𝑆12𝑚𝑚…… 

𝐿𝐿𝑆𝑆𝑆𝑆1𝑘𝑘𝑚𝑚𝑃𝑃𝑑𝑑11𝑚𝑚𝑃𝑃𝑑𝑑12𝑚𝑚 …𝑃𝑃𝑑𝑑11𝑚𝑚…𝑃𝑃𝑑𝑑1𝑘𝑘𝑚𝑚𝑄𝑄𝑑𝑑11𝑚𝑚𝑄𝑄𝑑𝑑12𝑚𝑚]     (4.4) 
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Where, 𝑛𝑛 is number of DG to be installed, 𝑘𝑘 is the number of loads to be shed and 𝑚𝑚 is 

the number of individuals. For instance, for 3 units of DG to be installed into the system 

and 4 loads to be shed from the system, the control variables will be 6 for DG and 12 

for load to be shed, making the total control variables of 18. If 20 individuals are 

required during this phase, apparently the total size of matrix would be 20 rows by 24 

columns. 

Step 2: Evaluate the pool filling condition. If the condition is not satisfied, regenerate 

the population. 

Step 3: Fill in the population pool with valid candidate solutions. 

Step 4: Clone the parent population to generate a larger solution pool. Let 𝑋𝑋𝑖𝑖,𝑗𝑗 represent 

the solution matrix where 𝑖𝑖 is the clone population size and 𝑗𝑗 is the number of control 

variables.  

Step 5: Redefine each individual in the population after cloning. 

Step 6: Compute Fitness I using the weighted sum approach: 

 

𝐹𝐹1(𝑥𝑥) = 𝑤𝑤1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿1 + 𝑤𝑤2𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹1                                          (4.5) 

 

Step 7: Generate a random squirrel position to represent exploratory solution diversity. 

Step 8: Update the position of each solution using the squirrel search equation to 

simulate natural foraging behaviour. 

Step 9: Compute Fitness II: 

 

𝐹𝐹2(𝑥𝑥) = 𝑤𝑤1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿2 + 𝑤𝑤2𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹2                                          (4.6) 

 

Step 10: Perform a tournament selection process using an elitism strategy to preserve 

the best-performing solutions for the next generation. 

Step 11: Check the convergence criterion. If satisfied, proceed to the final step. If not, 

return to Step 8 for further iterations. 

Step 12: Terminate the algorithm and output the optimal solution for distributed 

generation installation and load shedding strategy that improves power system 

resilience. 
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Figure 4.4  Flowchart of Multi-Objective Embedded Clonal Squirrel Evolutionary 

Programming (MOECSEP) for Power System Resilience Improvement 

 

The MOECSEP algorithm, incorporating the weighted sum method, was applied 

to two test systems: the IEEE 30-Bus RTS and the IEEE 57-Bus RTS. The performance 

of the algorithm was evaluated under two distinct hurricane strike scenarios to assess 

its effectiveness in enhancing power system resilience. Three cases are arbitrarily 

configured to form 3 study cases. Case 1: 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9; Case 2: 𝑤𝑤1 = 0.5,𝑤𝑤2 =

0.5 and Case 3: 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1. Two compensation strategies were employed in 

this study namely DG installation and load shedding schemes which were implemented 

independently. Additionally, the simulations accounted for the impact of increased 

reactive power demand (Qd) at identified weak buses. 
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4.4 Results and Discussion 

The simulation results of this study solved by the MOECSEP algorithm are 

presented and analysed in this section.  The analysis is divided into two main sections 

which examine optimal DG installation and load shedding schemes implemented 

independently. The two standard test systems used for analysis are the IEEE 30-Bus 

RTS and the IEEE 57-Bus RTS. The MOECSEP algorithm performance evaluation 

focuses on its success in reducing power losses and enhancing voltage security in the 

system when hurricane strike scenarios are simulated. The algorithm demonstrates its 

effectiveness for system resilience improvement through DG unit placement and sizing 

analysis and load shedding decision optimisation in each test case. 

 

4.4.1 Distributed Generation (DG) Installation 

The study of multi-objective optimisation begins by implementing the proposed 

MOECSEP algorithm to find the optimal solution for DG installation. The study aims 

to discover both the best positions and optimal capacity levels for DG units which 

improve power system resilience. The research phase evaluates how DG affects system 

performance when operating under extreme conditions. The proposed method received 

validation through simulations performed on two reliability test systems which included 

the IEEE 30-Bus RTS and the IEEE 57-Bus RTS. The simulated hurricane strike 

scenarios caused line outages and voltage stability issues. The simulated conditions 

match actual disruptions which enables accurate evaluation of system responses and 

recovery abilities. The MOECSEP algorithm implements the weighted sum method as 

it was formulated to achieve simultaneous power loss and FVSI reduction. Each test 

system received two hurricane strike scenarios that simulated both power line failures 

and reactive power changes at essential buses.  

 

4.4.1.1 DG Installation in IEEE 30-Bus RTS 

The IEEE 30-Bus RTS underwent two hurricane strike simulations to evaluate 

DG effectiveness in solving a multi-objective optimisation problem. The optimisation 

goal involved minimizing power loss while reducing the FVSI value through integrated 
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fitness function optimisation. The study will also demonstrate how DG placement and 

sizing strategies improve system resilience during extreme weather disturbances. 

 

A. Scenario 1 

The integrated fitness function is characterized using three different weight 

coefficient configurations as previously discussed in Case 1, Case 2 and Case 3. The 

three configurations were used to study the trade-offs between power loss minimization 

and voltage stability improvement. This section presents detailed results from the 

simulation for each case. The MOECSEP algorithm produces the following overall 

results for DG installation under the weight coefficient configuration which prioritizes 

FVSI reduction over power loss minimization as tabulated in Table 4.1. The simulations 

were performed involving load variations at three load buses (Bus 26, Bus 29, and Bus 

30) and for three levels of reactive power loading Qd  (10, 20, and 25 MVAr) to 

represent increasingly stressed conditions. The initial loss and FVSI values before any 

disturbance LossSet, FVSISet are listed in the first two rows. As expected, both the power 

losses and FVSI values increase with higher reactive power loading, indicating a more 

stressed system with greater vulnerability to voltage security. After the system is 

subjected to hurricane strike, which results in line outages and system stress, the power 

losses LossOut and voltage stability index FVSIOut show significant deterioration across 

all buses and loading levels. For instance, at Bus 26 with a reactive power loading of 

Qd = 25 MVAr, the system experiences a significant deterioration following the 

disturbance, where the power LossOut increases sharply to 70.49 MW from the initial 

value of 22.27 MW LossSet, and the FVSIOut escalates to 0.7707 from 0.6529 (FVSISet). 

These results indicate a critically stressed and prone to unstable system condition, 

highlighting the closeness to vulnerability of the network under severe disruption. With 

the optimal placement and sizing of DGs determined by MOECSEP, a considerable 

improvement is observed. Power losses after DG installation LossDG and corresponding 

FVSI values FVSIDG are significantly reduced compared to the outage condition. For 

example, at the same bus and loading, LossDG is reduced to 23.23 MW from 70.49 MW, 

and FVSIDG drops to 0.7321 from 0.7707. This is resulted from the installation of 5DG 

units into the system, which implies that the compensation effort using DG installation 

is worth to ensure a stable system and lower power loss under the hurricane scenario. 

 



113 

Table 4.1  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike 
for Case 1 in IEEE 30-Bus RTS    

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossDG 18.25 20.35 23.23 19.35 19.70 21.25 19.86 22.22 23.22 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 
R2Loss 0.43 0.44 0.49 0.47 0.43 0.46 0.49 0.52 0.52 

FVSIDG 0.2290 0.5012 0.7321 0.2546 0.3845 0.4932 0.2854 0.4238 0.5932 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 3.38 7.59 18.99 6.26 16.94 11.26 33.58 10.68 23.17 
LocDG1 8 21 5 10 4 5 7 5 19 
LocDG2 16 5 21 19 15 7 18 7 3 
LocDG3 5 29 26 11 5 4 30 15 8 
LocDG4 10 18 23 5 30 12 8 4 7 
LocDG5 23 4 7 4 17 8 23 16 4 
SizeDG1 9.89 71.46 62.95 86.94 69.09 13.69 94.53 40.49 13.81 
SizeDG2 67.13 74.09 23.17 51.29 12.81 77.43 10.85 94.30 13.14 
SizeDG3 95.98 50.16 17.00 47.81 48.64 45.91 44.50 46.57 48.80 
SizeDG4 45.93 33.35 48.59 62.40 6.06 35.64 7.79 8.65 50.13 
SizeDG5 43.55 20.24 50.33 42.32 43.61 45.80 32.77 15.94 42.60 

FSet 6.3556 7.1556 7.7425 6.3413 6.8690 7.2077 6.3350 6.9434 7.3548 
FTotal 2.0306 2.4864 2.9821 2.1646 2.3158 2.5693 2.2432 2.6030 2.8554 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Focusing on Bus 26 with a reactive power loading of Qd = 25 MVAr, the 

performance of the system before and after DG installation can be analysed through the 

resilience indices. The resilience index based on power loss before DG installation, 

R1Loss , is 0.46, whereas after DG installation, R2Loss increases to 0.49. More notably, 

the voltage stability resilience shows a significant enhancement. The resilience index 

based on the FVSI prior to DG installation, R1FVSI , is recorded at 5.54. With DG 

installation, this value dramatically increases to 18.99 (R2FVSI). This indicates an 

increment of power system resilience characterized by FVSI within considerable 

resilience improvement due loss reduction. The optimal DG installation locations are 

identified as Bus 5, 21, 26, 23, and 7 for LocDG1 to LocDG5, respectively. These buses 

were optimally identified by MOECSEP in reducing system losses and improving 

voltage stability when the system was subjected to the hurricane-induced disturbance 
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scenario. Correspondingly, the optimal DG sizes allocated to these locations are 62.95 

MW, 23.17 MW, 17.00 MW, 48.59 MW, and 50.33 MW, respectively. The final row 

shows the combined fitness value for each case, computed using the weighted sum 

multi-objective optimisation process. For example, the FTotal for Qd26 = 25 MVAr 

decreases from 7.7425 to 2.9821. For Qd variation at Buses 29 and 30, the same 

phenomena can be observed as tabulated in the Table 4.1 in terms of increment the 

resilience index, reduction in FVSI values and reduction in power loss. This generalises 

the impact of DG installation as the compensation strategy in improving the system 

performance and makes the system more resilient.  

Table 4.2 presents the results of applying the MOECSEP algorithm to optimize 

DG installation for the IEEE 30-Bus RTS under Scenario 1 hurricane strike, using equal 

weight coefficients (𝑤𝑤1 = 0.5 and 𝑤𝑤2 = 0.5) in Case 2. 

Table 4.2  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike for 
Case 2 in IEEE 30-Bus RTS    

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossDG 19.22 22.37 24.33 19.37 22.35 22.98 20.35 20.32 23.67 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 

R2Loss 0.46 0.51 0.53 0.47 0.52 0.52 0.50 0.45 0.53 

FVSIDG 0.2548 0.5324 0.6932 0.2635 0.3968 0.5364 0.2743 0.4132 0.5632 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 6.07 15.26 8.94 8.29 38.15 894.00 13.99 8.21 10.13 

LocDG1 26 4 4 20 26 17 14 27 3 

LocDG2 10 7 7 5 3 26 6 3 30 

LocDG3 20 9 5 29 16 19 21 14 21 

LocDG4 17 10 10 8 7 7 8 23 10 

LocDG5 14 26 20 21 21 8 6 9 12 

SizeDG1 84.32 49.84 98.06 89.92 63.60 48.62 44.33 23.57 90.53 

SizeDG2 5.98 73.36 48.34 63.21 36.81 89.71 29.60 21.43 80.58 

SizeDG3 26.43 28.72 69.57 12.50 79.39 28.64 39.28 69.12 34.54 

SizeDG4 31.89 87.12 33.61 11.67 21.68 35.16 58.59 24.48 91.55 

SizeDG5 37.92 81.01 53.91 76.53 79.57 44.80 65.51 81.63 69.44 

FSet 30.5907 33.5088 35.6298 30.5253 32.7161 33.8906 30.4995 32.8630 34.2990 
FTotal 9.7351 11.4489 12.5092 9.8145 11.3755 11.7598 10.3143 10.3674 12.1143 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 
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Across all buses and reactive power loading conditions, the implementation of 

DG led to noticeable improvements in system performance following the hurricane-

induced disturbance. In general, with the increment in Qd value at all the participating 

buses i.e. Buses 26, 29 and 30, the loss value increases for pre- and post- DG 

installation. The profiles of losses for pre-outage are lower than the post-outage profiles. 

With the installation of DGs into the system, the post-outage profiles are lower. This 

phenomenon occurs for all load variations at Buses 26. 29 and 30. With the DG 

installation, the resilience index values are also increased for all load variation at Buses 

26, 29 and 30. For instance, at Qd29 = 10 MVAr, the power loss drastically increase from 

a pre-disturbance value of 18.12 MW (LossSet) to 60.76 MW after the outage (LossOut). 

Upon applying the optimised DG installation determined by the MOECSEP algorithm, 

the loss was significantly reduced to 19.37 MW (LossDG). Similarly, the FVSI increased 

from 0.2111 to 0.2953 due to the disruption, but was brought down to 0.2635 after DG 

placement. The corresponding resilience indices show this improvement clearly, where 

R1Loss = 0.42 increased to R2Loss = 0.47, and R1FVSI = 2.51 improved to R2FVSI = 8.29, 

indicating a strong recovery in both power loss and voltage stability.  

The buses identified as the optimal locations for DG installation are Buses 20, 

5, 29, 8, and 21, which correspond to LocDG1 to LocDG5, respectively. These buses are 

selected to reduce the system vulnerability and improve the voltage stability under the 

Scenario 1 hurricane event. The corresponding DG sizes are 89.92 MW, 63.21 MW, 

12.50 MW, 11.67 MW, and 76.53 MW, respectively as highlighted in the Table 4.2. 

The total fitness values (FTotal) observed at Qd29 = 10 MVAr is reduced from 30.5253 to 

9.8145. These results demonstrate the MOECSEP algorithm is able to provide optimal 

DG placement that enhances system resilience. For Qd variation at other load buses, the 

same phenomena can be observed as tabulated in the Table 4.2 in terms of increment in 

resilience index, reduction in FVSI values and reduction in power loss. This generalises 

the impact of DG installation as the compensation strategy in improving the system 

performance and makes the system more resilient.  

Table 4.3 illustrates the effectiveness of the MOECSEP algorithm in minimizing 

power losses and enhancing voltage stability through DG installation under Scenario 1 

hurricane strike, using a weighted configuration of (𝑤𝑤1 = 0.9 and 𝑤𝑤2 = 0.1) in Case 3. 

At Bus 30 with Qd = 25 MVAr, the system initially experienced a significant increase 

in power loss due to the hurricane-induced line outages, rising from 20.93 MW (LossSet) 

to 67.98 MW (LossOut). Following the application of the MOECSEP-optimised DG 
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placement, the loss was effectively reduced to 23.65 MW (LossDG). This resulted in an 

improvement in the loss-based resilience index from R1Loss = 0.44 to R2Loss = 0.53, 

confirming the algorithm ability to recover system efficiency after a disturbance. The 

FVSI value demonstrates a slight reduction, decreasing from 0.6188 (FVSIOut) to 0.5532 

(FVSIDG) with DG installation.  

Table 4.3  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike for 
Case 3 in IEEE 30-Bus RTS    

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossDG 20.36 23.65 26.24 20.31 23.55 22.57 23.85 22.47 23.65 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 

R2Loss 0.50 0.55 0.59 0.50 0.57 0.51 0.65 0.52 0.53 

FVSIDG 0.2423 0.5038 0.6694 0.2235 0.3698 0.4765 0.2236 0.4198 0.5532 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 4.45 7.93 6.61 3.11 9.89 7.88 3.18 9.61 8.43 

LocDG1 26 15 16 8 4 8 16 16 15 

LocDG2 16 24 20 26 3 14 14 17 20 

LocDG3 4 8 10 15 23 7 21 18 12 

LocDG4 20 5 30 16 19 19 10 7 19 

LocDG5 14 10 16 19 7 15 12 10 10 

SizeDG1 70.12 38.06 26.61 81.75 21.35 58.75 83.10 94.21 51.64 

SizeDG2 91.03 20.81 9.07 75.58 8.11 40.91 5.35 36.22 49.83 

SizeDG3 76.22 92.85 94.78 46.22 38.88 98.91 52.97 35.21 81.52 

SizeDG4 26.24 76.40 7.37 95.14 95.21 86.64 67.11 8.07 55.15 

SizeDG5 4.74 61.66 50.07 63.27 94.75 63.40 3.46 57.19 85.40 

FSet 54.8258 59.8620 63.5170 54.7093 58.5631 60.5734 54.6640 58.7825 61.2432 
FTotal 18.3450 21.3397 23.6816 18.3030 21.2302 20.3605 21.4851 20.2606 21.3428 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Correspondingly, the FVSI-based resilience index increased from R1FVSI = 6.38 

to R2FVSI = 8.43. The optimal locations for DG placement include Bus 15, 20, 12, 19 

and 10 which correspond to LocDG1 to LocDG5. The optimal locations for DG placement 

managed to improve system voltage stability and network sensitivity after a disruptive 

hurricane event along with reducing the power loss. The respective DG sizes are 51.64 

MW, 49.83 MW, 81.52 MW, 55.15 MW, and 85.40 MW. This result confirms the 

MOECSEP ability to solve multi-bus resilience reinforcement problems in a highly 
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stressed post-event situation. This particular case achieved a total fitness value FTotal  

reduction from 61.2432 to 21.3428 indicating a notable enhancement in the system. In 

this multi-objective optimisation, the priority is to minimize the FTotal rather than the 

FVSI and loss values independently. The resilience index is prioritized to be maximised. 

The results for other reactive load valuations for all the participating buses can be 

referred to the same table, i.e. Table 4.3. 

 

B. Scenario 2 

Table 4.4 tabulates the results of the MOECSEP-based optimisation for DG 

installation under Scenario 2 hurricane strike, where the weighted fitness function 

emphasizes voltage stability improvement (𝑤𝑤1 = 0.1 and 𝑤𝑤2 = 0.9) in Case 1. In 

general, similar phenomenon is observed as those Scenario 1. With the increment in Qd 

value at all the participating buses i.e. Buses 26, 29 and 30, the loss value increases for 

pre- and post- DG installation. The profiles of losses for pre-outage are lower than the 

post-outage profiles. With the installation of DGs into the system, the post-outage loss 

profiles are lower. This phenomenon occurs for all load variations at Buses 26, 29 and 

30. With the DG installation, the resilience index values are also increased for all load 

variations at Buses 26, 29 and 30. For instance, at Qd26 = 10 MVAr, power loss (LossSe) 

is originally 18.23 MW while the corresponding FVSI (FVSISet) is 0.2248. When the 

system is subjected to hurricane-induced disturbance, the system experienced a 

deterioration in performance, where the power loss increased to 20.40 MW (LossOut) 

and FVSI increase to 0.2797 (FVSIOut) as shown in the Table 4.4.  

Following the application of the optimised DG solution derived from the 

MOECSEP algorithm, both indicators showed marked improvement: the power loss 

was reduced to 19.87 MW (LossDG) and (FVSIDG) decreased to 0.2534. The loss-based 

resilience index increased from R1Loss = 8.38 before DG installation to R2Loss = 37.39 

after DG compensation. Similarly, the FVSI-based resilience index improved 

significantly, rising from R1FVSI = 4.09 to R2FVSI = 9.63. The optimal DG placement 

determined for this condition includes Bus 29, 7, 21, 12, and 5, corresponding to LocDG1 

through LocDG5, respectively. The buses were selected based on their topological 

influence and sensitivity to voltage deviations during post-disturbance recovery. The 

DG capacities allocated at these locations are 21.34 MW (Bus 29), 19.59 MW (Bus 7), 

23.80 MW (Bus 21), 18.68 MW (Bus 12), and 93.09 MW (Bus 5), respectively. 



118 

Table 4.4  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike 
for Case 1 in IEEE 30-Bus RTS     

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 
FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossDG 19.87 22.35 23.65 19.33 20.37 23.25 19.35 20.27 23.32 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 
R2Loss 37.39 8.35 3.78 42.57 8.15 14.87 21.14 0.27 4.65 

FVSIDG 0.2534 0.5016 0.6724 0.2364 0.4123 0.5841 0.2914 0.4635 0.5432 
R1FVSI 4.09 0.97 2.08 2.94 1.29 1.42 2.43 1.15 1.15 
R2FVSI 9.63 1.01 2.28 5.07 1.87 2.82 41.63 1.55 1.19 
LocDG1 29 5 8 7 11 9 15 5 5 
LocDG2 7 3 4 17 3 7 14 8 19 
LocDG3 21 12 3 5 8 5 7 13 13 
LocDG4 12 10 10 24 23 18 6 28 6 
LocDG5 5 14 5 15 5 22 5 19 29 
SizeDG1 21.34 95.52 43.12 89.96 89.50 73.49 23.45 87.64 90.08 
SizeDG2 19.59 72.65 56.61 28.76 11.89 62.58 20.09 80.38 17.47 
SizeDG3 23.80 4.87 84.08 61.29 22.15 78.29 72.92 22.45 19.68 
SizeDG4 18.68 18.68 8.35 32.71 58.07 26.10 58.20 23.00 63.75 
SizeDG5 93.09 52.22 75.57 64.74 83.01 5.45 66.39 19.08 23.08 

FSet 2.2922 3.4032 3.8625 2.2326 2.8565 3.1941 2.2956 3.0447 3.7332 
FTotal 2.2154 2.6868 2.9706 2.1453 2.4077 2.8511 2.1977 2.4437 2.8210 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

This distribution pattern indicates the effectiveness of MOECSEP in performing 

coordinated, location-specific reinforcement of the system operational profile. 

Additionally, the total fitness value for this case, FTotal is 2.2154. These improvements 

confirm the effectiveness of the MOECSEP algorithm in enhancing both system 

efficiency and voltage stability. A severe condition situation can be observed at higher 

Qd value. For instance, at Qd26 = 25 MVAr, the FVSI value abruptly increases from 

0.6529 to 0.9673 due to hurricane event. This implies the system is prone to unsecure 

condition. But this condition has been alleviated through the DG installation where 

FVSI reduces to 0.6724. This phenomenon also highlights that the DG installation 

strategy managed to make the system more resilient where its value increases from 2.08 

to 2.28 influenced by the loss reduction in the system. Similar phenomenon can also be 

experienced by the increment in resilience index due to FVSI reduction.  
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Table 4.5 provides the results of the MOECSEP algorithm applied to DG 

installation under Scenario 2 hurricane strike, using an equal weight configuration of 

(𝑤𝑤1 = 0.5 and 𝑤𝑤2 = 0.5) in Case 2. A representative case can be observed at Bus 29 

with Qd = 20 MVAr, where the system experienced post-disturbance degradation due 

to hurricane-induced events. The pre-disturbance condition power loss is 19.39 MW 

and FVSI value is 0.3573. With a disturbance subjected to the system, these values 

worsened to 22.87 MW (LossOut) and 0.6333 (FVSIOut), indicating reduced operational 

efficiency and heightened risk of voltage instability.  

Table 4.5  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike for 
Case 2 in IEEE 30-Bus RTS     

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 

FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossDG 20.32 22.36 24.60 18.93 20.69 21.36 19.32 20.35 22.32 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 
R2Loss 242.21 8.36 4.62 22.16 9.49 6.17 20.36 0.27 3.71 

FVSIDG 0.2687 0.5631 0.7312 0.2235 0.4102 0.5107 0.2935 0.4238 0.5637 
R1FVSI 4.09 0.28 2.08 2.94 1.29 1.42 2.43 1.15 1.11 
R2FVSI 24.43 0.33 3.10 3.76 1.84 1.82 59.90 1.25 1.25 
LocDG1 9 9 3 16 4 25 7 3 29 

LocDG2 8 4 10 18 7 7 23 14 26 

LocDG3 5 3 29 4 18 3 3 26 7 

LocDG4 29 27 7 8 16 8 26 8 2 

LocDG5 10 23 5 20 3 26 19 7 24 

SizeDG1 73.40 24.95 61.33 21.19 12.49 68.74 4.61 52.61 5.04 

SizeDG2 16.83 24.18 33.31 8.42 78.15 35.49 4.78 74.56 96.00 

SizeDG3 66.26 45.26 93.73 88.85 28.69 63.53 54.78 82.75 64.14 

SizeDG4 47.03 32.25 69.77 85.82 34.30 92.94 29.77 32.89 57.34 

SizeDG5 40.62 44.84 70.58 43.23 72.13 6.39 34.55 38.65 13.71 

FSet 10.3423 13.6513 15.4432 10.0312 11.7494 12.8048 10.2844 12.1760 14.6735 
FTotal 10.2949 11.4598 12.6647 9.5745 10.5478 10.9336 9.8075 10.3890 11.4427 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

The implementation of DG installation strategy solved using MOECSEP 

managed to significantly mitigated these effects, reducing the power loss to 20.69 MW 

and FVSI to 0.4102, as recorded in LossDG  and FVSIDG , respectively. The improvement 

is further validated by the associated resilience indices. The loss-based resilience index 
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increased from R1Loss = 5.57 to R2Loss = 9.49 while the FVSI-based resilience index 

improved from R1FVSI = 1.29 to R2FVSI = 1.84. These values illustrate the system 

enhanced ability to recover both in terms of improved resilience and voltage security. 

The MOECSEP optimisation technique determined that Buses 4, 7, 18, 16, and 3 should 

receive DG installation as the most effective sites which correspond to LocDG1 through 

LocDG5. The DG capacities assigned to these locations were 12.49 MW, 78.15 MW, 

28.69 MW, 34.30 MW, and 72.13 MW, which demonstrates a proper distribution of 

capacities according to the operational requirements and importance of each bus. The 

total fitness value, FTotal is reduced from 11.7494 to 10.5478. In summary, the results 

reinforce the effectiveness of the MOECSEP algorithm in producing resilient and 

efficient DG placement strategies. 

Table 4.6 summarizes the performance of the MOECSEP algorithm for DG 

installation under Scenario 2 hurricane strike, applying a multi-objective optimisation 

framework with a weighting scheme of 𝑤𝑤1 = 0.9 and 𝑤𝑤2 = 0.1 in Case 3. In general, 

the loss values increase as the reactive power loading at Buses 26. 29 and 30 were 

increased. This also leads to the increment of FVSI values, which implied voltage 

stability reduction. For instance, at Qd30 = 25 MVAr the post-outage system condition 

exhibits substantial degradation. The power loss escalated sharply from 20.93 MW to 

28.33 MW, while the voltage stability index increases to a critical level worth 1.0000, 

indicating proximity to voltage collapse. With DG installation, FVSI improved from 

1.0000 to 0.6312 implying enhancement in voltage stability. The corresponding FVSI-

based resilience index improved from R1FVSI = 1.11 to R2FVSI = 1.64, suggesting 

enhanced system voltage robustness following DG compensation. Upon execution of 

the MOECSEP-based DG installation, the power loss was effectively mitigated to 23.46 

MW. This reduction is reflected in the loss-based resilience indices, where the resilience 

index increased from 2.83 to 4.81, validating the DG contribution to system recovery 

from a loss perspective. The optimal DG locations identified by MOECSEP are Buses 

2, 14, 12, 5, and 7, corresponding to LocDG1 through LocDG5. The respective DG 

capacities to be allocated at each location are 52.93 MW at Bus 2, 17.61 MW at Bus 14, 

14.67 MW at Bus 12, 64.76 MW at Bus 5, and 30.37 MW at Bus 7. This combination 

of distributed locations and tailored capacities illustrates the algorithm ability to deploy 

targeted resilience reinforcements while maintaining overall system efficiency. The 

total fitness value for this scenario has been reduced from 25.6001 to 21.1745. 
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Table 4.6  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike for 
Case 3 in IEEE 30-Bus RTS     

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 

FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossDG 18.94 22.33 24.33 18.93 20.94 22.24 18.98 23.24 23.46 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 

R2Loss 12.89 8.25 4.35 22.36 10.85 8.61 14.75 0.32 4.81 

FVSIDG 0.2398 0.5123 0.7102 0.2243 0.3865 0.5321 0.2236 0.4321 0.6312 
R1FVSI 4.09 0.28 2.08 2.94 1.29 1.42 2.43 1.15 1.11 
R2FVSI 6.01 0.29 2.76 3.82 1.57 2.05 2.99 1.31 1.64 

LocDG1 17 17 18 8 4 25 7 3 2 

LocDG2 8 23 16 30 7 7 23 14 14 

LocDG3 7 5 10 23 18 3 3 26 12 

LocDG4 12 2 17 7 16 8 26 8 5 

LocDG5 20 18 14 10 3 26 19 7 7 

SizeDG1 7.72 52.01 4.53 71.58 12.49 68.74 4.61 52.61 52.93 

SizeDG2 42.49 8.01 4.14 22.26 78.15 35.49 4.78 74.56 17.61 

SizeDG3 84.11 35.21 15.33 86.12 28.69 63.53 54.78 82.75 14.67 

SizeDG4 63.35 6.33 76.70 60.15 34.30 92.94 29.77 32.89 64.76 

SizeDG5 94.48 4.22 6.17 53.89 72.13 6.39 34.55 38.65 30.37 

FSet 18.3924 22.7559 27.0239 17.8298 20.6422 22.4155 18.2731 21.3072 25.6001 
FTotal 17.0660 20.1451 21.9636 17.0619 18.8815 20.0648 17.1075 20.9551 21.1745 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Table 4.7 presents the comparative results of FTotal values under Scenario 1 for 

reactive load variations at all the three buses (26, 29, and 30) at varying reactive load 

levels (10, 20, and 25 MVAr). The weight configurations used are: 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9, 

in Case 1; 𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5 in Case 2 and 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1 in Case 3. Among the 

three configurations, the lowest FTotal values across all buses and load levels were 

consistently achieved in Case 1 (𝑤𝑤1 = 0.1 and 𝑤𝑤2 = 0.9). For example, at Bus 30 with 

Qd = 25 MVAr, the lowest FTotal is 2.8554. It implies that the fitness in much influenced 

by the factor of loss rather than the FVSI value.  

At Qd30 = 25 MVAr, the performance of different weight coefficient 

configurations was evaluated under both Scenario 1 and Scenario 2. In Scenario 1, the 

total fitness value FTotal recorded for the weight setting 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 was 2.8554, 

which was the lowest among all three configurations, indicating the most suitable 

setting of weight coefficient. For the balanced weight setting 𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5, the 
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FTotal increased to 12.1143, while the configuration with 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1 resulted in 

the highest value of 21.3428. A similar trend was observed in Scenario 2, where the 

FTotal values for the respective configurations were 2.8210, 11.4427, and 21.1745. 

Across both Scenario 1 and Scenario 2, the weight coefficient configuration of 𝑤𝑤1 =

0.1 and 𝑤𝑤2 = 0.9 consistently outperformed the other settings in minimizing FTotal. 

Table 4.7  
Comparative Results of FTotal  for DG Installation Using MOECSEP in IEEE 30-Bus 
RTS     

Bus 26 29 30 

Qd 10 20 25 10 20 25 10 20 25 
Scenario 1 

FTotal w1=0.1 
w2=0.9 

 
2.0306 2.4864 2.9821 2.1646 2.3158 2.5693 2.2432 2.6030 2.8554 

w1=0.5 
w2=0.5 

 
9.7351 11.448

9 
12.509

2 9.8145 11.375
5 

11.759
8 

10.314
3 

10.367
4 

12.114
3 

w1=0.9 
w2=0.1  

 
18.345

0 

 
21.339

7 

 
23.681

6 

 
18.303

0 

 
21.230

2 

 
20.360

5 

 
21.485

1 

 
20.260

6 

 
21.342

8 
Scenario 2 

FTotal 

w1=0.1 
w2=0.9 

 
2.2154 2.6868 2.9706 2.1453 2.4077 2.8511 2.1977 2.4437 2.8210 

w1=0.5 
w2=0.5 

 

10.294
9 

11.459
8 

12.664
7 9.5745 10.547

8 
10.933

6 9.8075 10.389
0 

11.442
7 

w1=0.9 
w2=0.1  

 
17.066

0 

 
20.145

1 

 
21.963

6 

 
17.061

9 

 
18.881

5 

 
20.064

8 

 
17.107

5 

 
20.955

1 

 
21.174

5 
 

4.4.1.2 DG Installation in IEEE 57-Bus RTS 

The proposed DG installation strategy is also evaluated under large-scale system 

to observe the feasibility and robustness of the proposed MOECSEP in addressing the 

resilience index improvement. The study was also implemented on IEEE 57-Bus RTS 

under two hurricane scenarios. These scenarios introduced severe disturbances by 

triggering line outages and altering reactive power demands to test the system 

operational resilience and voltage security. The optimisation process was proposed to 

minimize transmission losses while improving the voltage stability in the system 

indicated by the reduction in FVSI value. For this implementation, three buses were 

subjected to reactive load variation namely Bus 5, Bus 10, and Bus 15. The simulations 

evaluated three reactive power loading levels (Qd): 10, 20, and 25 MVAr, corresponding 
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to progressively higher system stress. For each bus and loading, the placement and 

sizing of the DG were optimised using the MOECSEP algorithm. 

 

A. Scenario 1 

Table 4.8 presents the results of DG installation optimised using the MOECSEP 

algorithm for Scenario 1 hurricane strike on the IEEE 57-Bus RTS, under a weight 

configuration prioritizing power loss minimization i.e. 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1. In general, 

with the increment in Qd value at all participating buses i.e. Buses 31, 32 and 33, the 

loss value increases for pre- and post- DG installation. The profiles of losses for pre-

outage are lower than the post-outage profiles. With the installation of DGs into the 

system, the post-outage loss profiles are lower. This phenomenon occurs for all load 

variations at Buses 31, 32 and 33. With the DG installation, the resilience index values 

are also increased for all load variations at these buses. For instance, Qd33 = 15 MVAr, 

the system exhibits an initial power loss of 30.55 MW (LossSet) and a corresponding 

FVSI value of 0.4613. However, once the hurricane-induced disruption is applied, the 

system performance significantly degrades, with power loss rising to 38.00 MW 

(LossOut) and voltage security index increasing sharply to 0.6679 (FVSIOut), reflecting a 

critical instability level. With the implementation of the optimal DG installation, the 

system performance improves. The post-installation power loss (LossDG) is reduced to 

31.24 MW, and the FVSI drops to 0.4732 (FVSIDG), showing recovery from the extreme 

disturbance. Apparently, this is the optimal combination of FVSI and loss in one 

equivalent fitness equation. The resilience indices support these findings, where R1Loss 

prior to DG installation is 4.10 and increases to R2Loss = 4.62, implying improvement in 

system resilience. Particularly, the voltage stability-based resilience shows positive 

progression, with R1FVSI = 2.23 increasing to R2FVSI = 2.43 after DG installation, 

highlighting the algorithm ability to reduce the severity in voltage insecurity. The 

MOECSEP algorithm successfully determined the best DG placement and sizing 

methods for Scenario 1 hurricane strike conditions which identified Buses 32, 7, 10, 55, 

and 14 for DG installation correspond to LocDG1 through LocDG5. 
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Table 4.8  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike 
for Case 1 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 32.85 34.41 42.75 33.25 34.84 39.15 33.03 34.51 38.00 
FVSIOut 0.4395 0.4355 1.0000 0.4372 0.4318 0.7370 0.4382 0.4331 0.6679 
LossDG 29.32 30.01 31.55 29.32 30.72 31.65 29.04 30.32 31.24 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 
R2Loss 8.31 6.82 2.82 7.46 7.47 4.22 7.27 7.24 4.62 

FVSIDG 0.4065 0.4036 0.5023 0.4135 0.4007 0.5097 0.4132 0.4068 0.4732 
R1FVSI 10.98 10.52 0.77 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 12.32 12.65 1.01 17.45 12.88 2.24 16.53 15.47 2.43 
LocDG1 49 52 35 23 44 13 50 51 32 
LocDG2 48 35 46 44 48 16 38 23 7 

LocDG3 29 6 50 28 41 10 19 18 10 

LocDG4 18 12 52 10 10 11 26 11 55 

LocDG5 13 49 41 18 18 5 44 28 14 

SizeDG1 79.66 1.56 46.12 19.94 56.71 62.59 90.31 74.21 34.53 

SizeDG2 42.93 32.68 29.13 81.76 40.72 39.72 39.03 76.06 60.98 

SizeDG3 48.44 69.89 73.64 15.24 14.86 53.92 7.90 43.92 60.46 

SizeDG4 21.72 46.79 71.86 65.93 61.61 6.32 13.70 17.74 12.96 

SizeDG5 64.57 62.17 28.70 64.51 69.92 64.97 49.33 39.62 54.29 

FSet 3.6806 3.8333 5.1753 3.7188 3.8722 4.5781 3.6975 3.8410 4.4009 
FTotal 3.2980 3.3645 3.6068 3.3043 3.4331 3.6240 3.2756 3.3986 3.5497 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

The DG sizes to be installed at the respective locations are 34.53 MW, 60.98 

MW, 60.46 MW, 12.96 MW, and 54.29 MW. The system achieved better post-

disturbance voltage profiles and reduced total system losses through the strategic 

placement of diverse DG capacities across different locations. The final fitness value 

for this case is FTotal is 3.5497 reduction from 4.4009. These results demonstrate that 

even under severe loading and disturbance conditions, the MOECSEP algorithm 

effectively enhances system resilience by restoring power flow performance and 

improving voltage security at critical buses such as Bus 33. The results for other loading 

conditions involving all the three buses can be referred to the same table. 
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Table 4.9  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike for 
Case 2 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 32.85 34.41 42.75 33.25 34.84 39.15 33.03 34.51 38.00 
FVSIOut 0.4395 0.4355 1.0000 0.4372 0.4318 0.7370 0.4382 0.4331 0.6679 
LossDG 29.45 30.22 31.52 29.04 30.20 31.32 29.21 30.12 31.22 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 
R2Loss 8.67 7.20 2.81 6.89 6.52 4.00 7.65 6.85 4.61 

FVSIDG 0.4132 0.4136 0.4531 0.4093 0.3991 0.5013 0.4103 0.4156 0.4716 
R1FVSI 10.98 10.52 0.27 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 15.71 18.89 0.28 14.67 12.20 2.13 14.71 23.75 2.40 
LocDG1 38 31 47 8 41 28 56 51 27 
LocDG2 10 50 25 29 12 41 49 43 20 

LocDG3 31 3 18 47 29 38 50 44 47 

LocDG4 12 17 57 54 53 32 47 32 29 

LocDG5 44 18 15 35 35 50 29 55 53 

SizeDG1 36.86 22.58 63.05 56.70 92.40 66.60 63.16 82.13 18.18 

SizeDG2 42.39 51.01 61.63 57.56 72.09 1.15 88.47 15.54 26.38 

SizeDG3 32.72 81.79 0.06 98.77 66.65 79.48 27.27 4.11 14.55 

SizeDG4 71.35 22.04 0.08 72.84 69.96 56.09 43.64 34.36 13.60 

SizeDG5 57.68 54.37 77.33 11.11 2.50 28.86 76.65 11.00 86.93 
FSet 16.6449 17.4244 22.3991 16.8454 17.6337 19.9424 16.7347 17.4728 19.3327 

FTotal 14.9325 15.3156 15.9890 14.7232 15.3019 15.9131 14.8121 15.2660 15.8468 
*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Table 4.9 tabulates the performance of the MOECSEP algorithm in optimizing 

DG installation for Scenario 1 hurricane strike on the IEEE 57-Bus RTS, using an equal 

weight configuration (𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5) to balance power loss minimization and 

voltage security improvement. In general, similar phenomenon can be experienced as 

those in Case 1 where the increment in Qd value at all the participating buses i.e. Buses 

31, 32 and 33, the loss value increases for pre- and post- DG installation. The profiles 

of losses for pre-outage are lower than the post-outage profiles. With the installation of 

DGs into the system, the post-outage loss profiles are lower. This phenomenon occurs 

for all load variations at Buses 31, 32 and 33. With the DG installation, the resilience 

index values are also increased for all load variations at these buses. For instance, at 

Qd32 = 10 MVAr, the pre-disturbance power loss is 29.42 MW (LossSet), while the 

FVSISet is 0.3948, indicating a moderately loaded but secure condition. Due to hurricane 
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event, the system experiences performance deterioration, with power loss increasing to 

34.84 MW (LossOut) and FVSIOut rising to 0.4318 reflecting a reduction in voltage 

security.  

In post-DG installation, the power loss is reduced to 30.20 MW (LossDG), the 

loss and FVSI are concurrently reduced. More importantly, the voltage security index 

reduces from 0.4318 to 0.3991 (FVSIDG), showing a clear recovery trend in system 

security. This improvement is further supported by the voltage-based resilience indices, 

where R1FVSI is 10.67 before DG and increases significantly to R2FVSI = 12.20 after DG 

installation. Meanwhile, the power loss resilience also improves slightly from R1Loss = 

5.44 to R2Loss = 6.52, reflecting the algorithm effectiveness in optimising the DG 

installation. The optimal buses selected for DG placement were 41, 12, 29, 53, and 35, 

listed under LocDG1 to LocDG5, respectively. These buses were identified based on their 

strategic influence on system recovery post-hurricane. The DG capacities allocated to 

these locations were 92.40 MW at Bus 41, 72.09 MW at Bus 12, 66.65 MW at Bus 29, 

69.96 MW at Bus 53, and 2.50 MW at Bus 35. The total fitness value for this case, FTotal 

is reduced from 17.6337 to 15.3019 and the results confirm the capability of the 

MOECSEP technique to enhance power system resilience for reactive power variation 

at Bus 32 under a moderate reactive load and balanced objective setting, particularly in 

terms of voltage security recovery following a severe disturbance. The results for other 

loading conditions involving all the three buses can be referred to the same table. 

Table 4.10 presents the results of the proposed MOECSEP algorithm applied to 

DG installation in the IEEE 57-Bus RTS under Scenario 1 hurricane strike when 𝑤𝑤1 =

0.9 and  𝑤𝑤2 = 0.1. In general, similar phenomenon can be experienced as those in 

previous case where the increment in Qd value at all the participating buses i.e. Buses 

31, 32 and 33, the loss value increases for pre- and post-DG installation. The profiles 

of losses for pre-outage are lower than the post-outage profiles. With the installation of 

DGs into the system, the post-outage loss profiles are lower. This phenomenon occurs 

for all load variations at Buses 31, 32 and 33. With the DG installation, the resilience 

index values are also increased for all load variations at theses buses. At Qd31 = 15 

MVAr, the system recorded a power loss of 30.56 MW (LossSet) and an FVSI value of 

0.4339 (FVSISet), before the hurricane strike. Upon the hurricane disruption, the power 

loss increases to 42.75 MW (LossOut), while the FVSI further deteriorates to 1.0000 

(FVSIOut), signalling the onset of severe voltage security risk and weakened system 

performance 
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Table 4.10  
Results of MOECSEP Application in DG Installation for Scenario 1 Hurricane Strike for 
Case 3 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 32.85 34.41 42.75 33.25 34.84 39.15 33.03 34.51 38.00 
FVSIOut 0.4395 0.4355 1.0000 0.4372 0.4318 0.7370 0.4382 0.4331 0.6679 
LossDG 29.53 30.24 31.57 29.75 30.69 30.91 29.21 29.93 31.24 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 

R2Loss 8.90 7.24 2.82 8.50 7.39 3.75 7.65 6.54 4.62 

FVSIDG 0.4115 0.4014 0.4432 0.4091 0.4008 0.5013 0.4099 0.4035 0.4721 
R1FVSI 10.98 10.52 0.27 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 14.70 11.77 0.28 14.56 12.93 2.13 14.48 13.63 2.41 

LocDG1 47 32 38 23 37 53 47 29 38 

LocDG2 29 55 19 18 12 50 54 53 32 

LocDG3 27 8 26 11 10 20 12 32 8 

LocDG4 20 29 12 49 43 18 8 55 17 

LocDG5 47 47 14 12 12 26 27 12 10 

SizeDG1 26.38 57.56 53.74 94.71 94.53 40.49 13.81 21.34 18.03 

SizeDG2 14.55 98.77 51.44 24.43 10.85 94.30 13.14 19.59 39.85 

SizeDG3 13.60 72.84 10.34 95.32 44.50 46.57 48.80 23.80 37.17 

SizeDG4 1.15 88.47 15.54 63.21 7.79 8.65 50.13 18.68 32.47 

SizeDG5 79.48 27.27 4.11 2.78 32.77 15.94 42.60 93.09 58.97 

FSet 29.6092 31.0154 38.6825 29.9719 31.3951 35.3067 29.7719 31.1045 34.2645 
FTotal 26.6194 27.2538 28.4547 26.8196 27.6569 27.8730 26.3331 26.9817 28.1618 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

To mitigate this impact, the MOECSEP algorithm determines an optimal DG 

installation strategy that reduces the FVSI and maintains a reasonable loss level. The 

post-DG installation FVSI is improved to 0.4432 (FVSIDG), and while the power loss 

reduces to 31.57 MW (LossDG). The resilience index based on power loss (R1Loss) is 

2.51, and after DG implementation, this improves marginally to R2Loss = 2.82, indicating 

a slight enhancement in energy efficiency recovery. More significant improvement is 

observed in voltage resilience, where R1FVSI = 0.27 increases to R2FVSI = 0.28, showing 

the DG effectiveness in restoring voltage conditions even in high-stress scenarios. The 

algorithm identified Buses 38, 19, 26, 12, and 14 as the optimal locations for DG 

installation, listed as LocDG1 to LocDG5. The system selected these buses because the 

buses had the most significant influence on voltage stability and power flow. The 

optimal DG sizes are 53.74 MW, 51.44 MW, 10.34 MW, 15.54 MW, and 4.11 MW for 
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each bus respectively. The final combined fitness value for this case is FTotal is reduced 

from 38.6825 to 28.4547. The results for other loading conditions involving all the three 

buses can be referred to the same table. 

 

B. Scenario 2 

This study further extends the evaluation of the proposed MOECSEP algorithm 

by applying it to Scenario 2 hurricane strikes on the IEEE 57-Bus RTS, focusing on DG 

installation performance under varying reactive power loading involving Buses 31, 32 

and 33 for Cases 1, 2 and 3. Table 4.11, presents the results of MOECSEP application 

in DG installation for Scenario 2 hurricane strike of Case 1 with 𝑤𝑤1 = 0.1 and 𝑤𝑤2 =

0.9 in the IEEE 57-Bus RTS. In general, similar phenomenon can be witnessed as those 

in previous scenario where the increment in Qd value at all the participating buses i.e. 

Buses 31, 32 and 33 has caused increasing trend in power loss. This phenomenon occurs 

in both the pre- and post- DG installation. The profiles of losses for pre-outage are lower 

than the post-outage profiles as hurricane can cause outages of several transmission 

lines in the system. This has caused current increase, leading to the increment in power 

loss. With the installation of DGs into the system, the loss profiles are lower than those 

before DGs were installed into the system. This phenomenon occurs for all load 

variations at Buses 31, 32 and. 33. With the DG installation, the resilience index values 

are also increased for all load variations at these buses which indicates that the system 

is getting more resilient. Apparently, the increment in resilience index is more explicit 

at the lower loading conditions. 

As Qd33 = 15 MVAr, the FVSI values increases from 0.4613 to 0.7086 due to the 

hurricane event in the system. With DG installation into the system, this effort managed 

to reduce the FVSI value to 0.4802 (FVSIDG), implying voltage security improvement. 

This has also improved the voltage security resilience from R1FVSI = 1.87 to R2FVSI = 

2.10. The loss-based resilience index has also been increased from The R1Loss = 1.31 to 

R2Loss = 1.47 with DG installation. The load buses identified as the optimal DG locations 

are Buses 55, 18, 25, 49, and 15 which corresponded to LocDG1 through LocDG5. The 

selection of these buses was based on their ability to provide active power support and 

stabilize system performance during post-disturbance recovery. The DG sizes to be 

installed at these buses are 20.83 MW (Bus 55), 53.58 MW (Bus 18), 25.00 MW (Bus 

25), 85.54 MW (Bus 49), and 65.10 MW (Bus 15). This strategy has reduced the total 
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fitness value (FTotal) from 6.0279 to 3.6387. 

Table 4.11  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike 
for Case 1 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossDG 29.37 30.68 31.24 29.85 30.68 32.07 29.64 30.40 32.06 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 
R2Loss 1.63 1.63 1.33 1.67 1.60 1.39 1.66 1.59 1.47 

FVSIDG 0.4103 0.4001 0.4431 0.4196 0.4103 0.5157 0.4104 0.4015 0.4802 
R1FVSI 8.17 7.35 0.77 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 9.82 7.74 0.80 12.95 9.93 1.92 9.87 7.98 2.10 
LocDG1 12 49 43 18 49 23 6 6 55 
LocDG2 14 12 12 26 51 37 53 17 18 
LocDG3 28 15 33 12 35 12 50 41 25 
LocDG4 32 40 55 55 43 10 20 44 49 
LocDG5 7 30 50 35 19 28 38 10 15 
SizeDG1 92.28 26.78 95.32 41.26 77.84 22.52 54.52 45.79 20.83 
SizeDG2 42.14 50.98 19.01 25.38 21.43 51.50 16.13 1.39 53.58 

SizeDG3 3.61 93.90 17.26 77.99 38.49 55.22 36.35 37.54 25.00 

SizeDG4 16.99 12.60 85.44 80.89 95.02 33.85 33.49 58.39 85.54 

SizeDG5 56.47 28.81 38.32 20.97 35.09 48.22 33.26 67.57 65.10 
FSet 5.1409 5.3532 6.3694 5.1836 5.3876 6.2124 5.1590 5.3626 6.0279 

FTotal 3.3061 3.4285 3.5228 3.3628 3.4377 3.6707 3.3331 3.4012 3.6387 
*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Variation in the weight coefficient value in Case 2 are presented in Table 4.12. From 

the Table 4.12, the increment in Qd value at all the participating buses i.e. Buses 31, 32 

and 33 has caused increasing trend in power loss. This phenomenon occurs in both the 

pre- and post- DG installation. The profiles of losses for pre-outage are lower than the 

post-outage profiles as hurricane can cause outages of several transmission lines in the 

system. This has caused current increase, leading to the increment in power loss. With 

the installation of DGs into the system, the loss profiles are lower than those before DGs 

were installed into the system. This phenomenon occurs for all load variations at Buses 

31, 32 and. 33.  
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Table 4.12  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike for 
Case 2 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossDG 29.47 30.86 30.89 29.65 30.00 31.37 29.32 30.96 30.68 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 
R2Loss 1.65 1.66 1.30 1.64 1.51 1.32 1.61 1.66 1.32 

FVSIDG 0.4125 0.4086 0.4483 0.4196 0.4008 0.5014 0.4093 0.4039 0.4724 
R1FVSI 8.17 7.35 0.71 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 10.42 9.46 0.75 12.95 7.89 1.77 9.59 8.43 2.00 

LocDG1 13 52 51 55 32 18 49 18 12 

LocDG2 19 29 23 14 7 26 51 11 10 

LocDG3 51 41 18 35 23 12 35 28 28 

LocDG4 17 17 11 46 44 55 43 32 51 

LocDG5 15 31 28 50 28 35 19 7 14 

SizeDG1 83.60 27.24 74.21 95.32 41.26 41.26 77.84 50.98 19.01 

SizeDG2 60.24 94.71 76.06 19.01 25.38 25.38 21.43 93.90 17.26 

SizeDG3 62.32 24.43 43.92 17.26 77.99 77.99 38.49 12.60 85.44 

SizeDG4 83.86 95.32 17.74 6.32 13.70 80.89 95.02 54.52 45.79 

SizeDG5 67.16 47.69 39.62 64.97 49.33 20.97 35.09 16.13 1.39 
FSet 23.8961 24.9588 27.8704 24.1100 25.1317 27.9234 23.9872 25.0058 27.3050 

FTotal 14.9405 15.6367 15.6702 15.0357 15.1998 15.9348 14.8668 15.6828 15.5769 
*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

With the DG installation, the resilience index values are also increased for all 

load variations at these buses which indicates that the system is getting more resilient. 

FVSI values at all the loading conditions increase with the outage of several 

transmission lines due to hurricane i this scenario. With DG installation the FVSI values 

reduce, indicating improvement in voltage security. For instance, at Qd33 = 15 MVAR, 

its FVSI value reduces from 0.7086 to 0.4724 with DG installation. It also reduces its 

power loss from 53.90 MW to 30.68 MW with this effort. This has increased the FVSI 

based resilience index from 1.87 to 2.00 indicating more resilient condition. The loss-

based resilience index also increases from R1Loss = 1.31 to R2Loss = 1.32. The optimal 

locations for DG installation are Buses 12, 10, 28, 51, and 14 as per LocDG1 through 

LocDG5. The amount of respective DG capacities to be installed in the system at the 

optimal buses are 19.01 MW, 17.26 MW, 85.44 MW, 45.79 MW, and 1.39 MW. The 
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total fitness value, FTotal has been reduced from 27.3050 to 15.5769. 

Table 4.13  
Results of MOECSEP Application in DG Installation for Scenario 2 Hurricane Strike for 
Case 3 in IEEE 57-Bus RTS        

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossDG 29.36 30.68 30.87 29.46 30.32 31.85 29.63 30.04 31.85 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 
R2Loss 1.63 1.63 1.30 1.61 1.56 1.37 1.66 1.54 1.44 

FVSIDG 0.4193 0.4008 0.4436 0.4077 0.4031 0.5006 0.4093 0.4009 0.4691 
R1FVSI 8.17 7.35 0.71 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 12.78 7.86 0.74 9.20 8.31 1.76 9.59 7.88 1.96 
LocDG1 3 27 47 12 8 23 55 32 20 
LocDG2 44 6 18 7 41 18 18 5 8 
LocDG3 31 56 51 20 19 29 10 20 15 
LocDG4 19 32 11 37 32 12 8 17 19 
LocDG5 15 50 8 47 14 37 23 10 47 
SizeDG1 63.38 22.16 44.37 73.61 17.54 4.53 71.58 62.40 6.06 
SizeDG2 30.87 78.92 54.40 32.82 92.24 4.14 22.26 42.32 43.61 
SizeDG3 78.94 19.35 49.34 63.26 3.77 15.33 86.12 73.64 15.24 
SizeDG4 33.08 64.38 39.33 75.64 86.31 76.70 60.15 71.86 65.93 
SizeDG5 14.79 18.97 32.29 99.10 66.97 6.17 53.89 20.40 19.01 

FSet 42.6513 44.5643 49.3294 43.0364 44.8758 49.6344 42.8153 44.6489 48.5820 
FTotal 26.4687 27.6550 27.8293 26.5523 27.3298 28.7161 26.7096 27.0747 28.7158 

*Notes: Unit for Qd = MVAr, FVSI = p.u., Loss = MW and Size = MW 

 

Adjustment of the weight coefficients in case 3 was further conducted to the 

system. Table 4.13 presents the results of the MOECSEP algorithm under Scenario 2 

hurricane event for this case. Same phenomenon is also experienced as those in the 

previous case in terms of reduction in loss and FVSI with the DG installation and 

increment in resilience index.  At Qd31 = 5 MVAr, the pre-disturbance system condition 

records a power loss of 28.46 MW (LossSet) and an FVSI value of 0.4028 (FVSISet). 

Following the hurricane-induced disturbance, the system performance declines, with 

power loss increasing to 47.34 MW (LossOut) and FVSI rising to 0.4521 (FVSIOut). 

With DG installation optimised by MOECSEP, the power loss slightly increases 

to 29.36 MW (LossDG). The FVSI value reduces to 0.4193 (FVSIDG), indicating a modest 

gain in voltage stability. From a resilience perspective, the system shows improvement 
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in power loss recovery, with R1Loss = 1.51 and R2Loss = 1.63. Voltage security resilience, 

on the other hand, increases more significantly from R1FVSI = 8.17 to R2FVSI = 12.78, 

reflecting better post-event system stability. The MOECSEP algorithm identified Buses 

3, 44, 31, 19 and 15 as the optimal locations for DG placement which denoted by LocDG1 

to LocDG5. The DG sizes to be installed at each location were different, based on what 

the system needed. The largest DG needs to be placed at Bus 31 worth 78.94 MW, 

followed by 63.38 MW at Bus 3, while smaller units need to be placed at Bus 15 (14.79 

MW), Bus 44 (30.87 MW) and Bus 19 (33.08 MW). The total fitness function value, 

FTotal for this case has been reduced from 42.6513 to 26.4687.  

Table 4.14 summarizes the results for comparative of FTotal for DG installation 

into the system when reactive load variations were subjected to Bus 31, Bus 32, and 

Bus 33 in the IEEE 57-Bus RTS under both Scenario 1 and Scenario 2. The evaluation 

was conducted using three different weight configurations: 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 (Case 

1); 𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5 (Case 2); and 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1 (Case 3), which reflect 

different priorities between voltage security index (FVSI) and power loss minimization. 

At all the reactive power variations (Qd = 5, 10, and 15 MVAr), the lowest FTotal values 

are consistently achieved when the optimisation gives higher emphasis to voltage 

security, as seen in the weight configuration of 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 (Case 1). 

For instance, at Qd33 = 15 MVAr, the minimum FTotal recorded under Scenario 

1 is 3.1239, while the values increase considerably to 15.8468 and 28.1618 for the 

balanced (𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5) and loss-prioritized (𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1) 

configurations, respectively. A similar pattern emerges under Scenario 2, where the 

same bus and loading combination yields FTotal values of 3.6387, 15.5769, and 28.7158 

for the respective weight settings. This trend concludes that when system resilience and 

voltage security are prioritized in the optimisation process, MOECSEP delivers 

significantly improved performance in minimizing the overall fitness value. These 

findings affirm that the 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 (Case 1) configuration is the most effective 

and reliable choice for DG optimisation using MOECSEP which in turns enhancing 

system resilience under severe disturbance scenarios. 
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Table 4.14  
Comparative Results of FTotal  for DG Installation Using MOECSEP in IEEE 57-Bus RTS     

Bus 31 32 33  
Qd 5 10 15 5 10 15 5 10 15 

Scenario 1 

 
FTotal 

 
w1=0.1 
w2=0.9 

 

2.9321 3.0013 3.1547 2.9321 3.0725 3.1652 2.9037 3.0325 3.1239 

 
w1=0.5 
w2=0.5 

 

14.9325 15.3156 15.9890 14.7232 15.3019 15.9131 14.8121 15.2660 15.8468 

w1=0.9 
w2=0.1 

  
26.6194 27.2538 28.4547 26.8196 27.6569 27.8730 26.3331 26.9817 28.1618 

Scenario 2 

FTotal 

 
w1=0.1 
w2=0.9 

 

3.3061 3.4285 3.5288 3.3628 3.4377 3.6707 3.3331 3.4012 3.6387 

w1=0.5 
w2=0.5 

 
14.9405 15.6367 15.6702 15.0357 15.1998 15.9348 14.8668 15.6828 15.5769 

w1=0.9 
w2=0.1 

  
26.4687 27.6550 27.8293 26.5523 27.3298 28.7161 26.7096 27.0747 28.7158 
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4.4.2 Load shedding Compensation Scheme 

The study of multi-objective optimisation is further extended to the 

implementation of the proposed MOECSEP algorithm in optimal load shedding 

strategies. The objective is to identify the suitable load curtailment for locations and 

sizing that enhance system resilience without compromising overall stability. The 

validation process involves simulation on the IEEE 30-Bus RTS and IEEE 57-Bus RTS 

under predefined hurricane strike scenarios. The simulation models actual operational 

conditions through the activation of specific line failures and changes in reactive power 

requirements. The MOECSEP algorithm employs the weighted sum approach to 

simultaneously minimize power losses and improve voltage stability, characterized by 

the reduction in FVSI value. The results show that strategic load shedding plays a 

significant role in enhancing resilience by maintaining system operation and decreasing 

the stress on critical components during high-impact disturbances. 

 

4.4.2.1 Load Shedding in IEEE 30-Bus RTS 

The IEEE 30-Bus RTS underwent two hurricane event simulations to evaluate 

the effectiveness of load shedding strategies for solving the multi-objective optimisation 

problem. The optimisation process focused on minimizing system losses together with 

improving voltage stability through coordinated load curtailment actions as measured 

by the FVSI. The simulations demonstrate how strategic load shedding locations 

combined with proper shedding amounts enhance system resilience when dealing with 

severe weather disruptions. The concurrent optimisation of loss and voltage security 

index in multi-objective mode allows us to determine the best combination indicated by 

the value of FTotal in the system. 

 

A. Scenario 1 

The multi-objective optimisation for load shedding analysis was conducted 

under three different weight coefficient combinations, Case 1, Case 2 and Case 3 as 

defined earlier. Table 4.15 tabulates the results of MOECSEP application in load 

shedding Scheme for Scenario 1 Hurricane Strike under Case 1 in IEEE 30-Bus RTS. 

Reactive power loadings variations were again subjected to the three similar buses: Bus 
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26, Bus 29, and Bus 30, under three different levels of reactive power demand (Qd = 10, 

20, and 25 MVAr). The initial system conditions prior to any disturbance, denoted as 

LossSet and FVSISet, reflect baseline performance under normal operation. As expected, 

both power loss and voltage instability increase as Qd rises, indicating the system is 

prone to vulnerability. At Qd26 = 20 MVAr, the power loss increases from an initial 

value of 20.25 MW (LossSet) to 66.45 MW (LossOut) following the simulated hurricane-

induced disruption, while the FVSI deteriorates from 0.4919 (FVSISet) to 0.5673 

(FVSIOut). These values imply the tendency of the system towards instability for further 

Qd increment. 

Table 4.15  
Results of MOECSEP Application in Load shedding Scheme for Scenario 1 
Hurricane Strike for Case 1 in IEEE 30-Bus RTS 

Bus 26  29 30  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossLS 18.27 20.56 22.30 18.45 19.92 21.01 19.04 21.03 21.07 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 
R2Loss 0.43 0.45 0.46 0.44 0.44 0.45 0.46 0.48 0.45 

FVSILS 0.2431 0.4997 0.6875 0.2278 0.3745 0.4851 0.2387 0.4187 0.5488 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 4.53 7.39 8.26 3.37 11.45 9.35 4.32 9.35 7.84 
LocLS1 29 18 22 14 23 14 9 10 4 

LocLS2 9 27 19 15 9 7 23 21 6 

LocLS3 7 16 25 6 7 9 25 27 7 

LocLS4 22 17 27 30 28 28 17 17 20 

PdLS1 91.99 80.64 76.90 16.45 49.87 44.25 154.40 55.89 5.90 
PdLS2 41.93 36.49 63.49 35.74 15.71 75.96 23.85 27.79 94.46 
PdLS3 79.16 21.12 89.61 179.77 100.41 117.13 78.47 70.34 135.69 
PdLS4 51.81 99.87 87.81 28.63 93.14 33.42 19.44 36.75 22.95 
QdLS1 6.57 15.34 48.63 66.93 2.88 5.20 73.46 138.62 47.21 
QdLS2 48.83 63.02 11.27 3.04 74.02 138.15 29.23 16.45 57.81 
QdLS3 24.32 61.60 37.72 4.52 13.57 152.38 28.26 8.60 34.55 
QdLS4 38.45 0.02 38.24 43.87 117.74 142.67 28.16 72.08 64.74 
FSet 6.3556 7.1556 7.7425 6.3413 6.8690 7.2077 6.3350 6.9434 7.3548 

FTotal 2.1002 2.5145 2.9191 2.1494 2.3862 2.7305 2.2389 2.5974 2.7182 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 
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To mitigate this impact, the load shedding scheme was implemented, optimised 

by MOECSEP algorithm which identifies the optimal load shedding level and location 

that enhances the system performance. At Qd26 = 20 MVAR, with load shedding 

implementation, the system exhibits improved outcomes, with power loss after load 

curtailment (LossLS) significantly reduced from 66.45 MW to 20.56 MW and the FVSI 

(FVSILS) reduced from 0.5673 to 0.4997. In terms of resilience index based on power 

loss before load shedding (R1Loss) is 0.44, and post-load shedding (R2Loss) is 0.45. The 

voltage stability-based resilience shows more visible improvement, where the index 

based on FVSI before shedding (R1FVSI) is 6.52 and increases to 7.39 (R2FVSI) after load 

shedding. The optimal locations to undergo load shedding are Buses 18, 27, 16, and 17 

denoted by LocLS1 to LocLS4, respectively. The corresponding active power (Pd) values 

to be shed at these locations were 80.64 MW (Bus 18), 36.49 MW (Bus 27), 21.12 MW 

(Bus 16), and 99.87 MW (Bus 17), as listed in PdLS1 to PdLS4. The reactive power (Qd) 

values to be shed at the same buses were 15.34 MVAr, 63.02 MVAr, 61.60 MVAr, and 

0.02 MVAr, respectively. The total fitness function value FTotal for this scheme is 

reduced from 7.1556 to 2.5145, reflecting the balanced performance achieved by the 

algorithm in minimizing losses and enhancing voltage stability under stressed 

conditions. 

In Table 4.16, under the balanced weight configuration in Case 2, the impact of 

load shedding when Qd29 was subjected to of 25 MVAr can be observed. Prior to any 

disruption, the system shows a base power loss (LossSet) of 20.53 MW and FVSI value 

of 0.4646. However, when the hurricane scenario is experienced which led to line 

outages, the power loss escalates to 67.24 MW (LossOut), while the voltage stability 

index also worsens, increasing to 0.5370 (FVSIOut). These changes reflect the increased 

burden on the system caused by the external disturbance. Following this, load shedding 

is optimised using the MOECSEP algorithm to mitigate the effects of the disruption.  

With load shedding implementation, the power loss is reduced to 21.33 MW 

(LossLS), showing substantial loss reduction compared to the disturbed state. Similarly, 

the FVSI value reduces to 0.4745 (FVSILS), indicating a positive shift in voltage 

stability. When assessed using resilience indices, the power loss-based resilience before 

and after load shedding R1Loss and R2Loss are 0.44 and 0.46 respectively. While the FVSI-

based resilience R1FVSI is significantly increased from at 6.42 and improves to 7.59 

(R2FVSI). The algorithm identified four optimal buses, Buses 25, 4, 7 and 12 denoted by 

LocLS1 to LocLS4, respectively, for implementing load shedding. 
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Table 4.16  
Results of MOECSEP Application in Load shedding Scheme for Scenario 1 Hurricane 
Strike for Case 2 in IEEE 30-Bus RTS 

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossLS 18.24 20.36 22.35 19.63 20.25 21.33 20.38 20.22 22.03 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 

R2Loss 0.43 0.44 0.46 0.48 0.45 0.46 0.51 0.45 0.48 

FVSILS 0.2385 0.5031 0.6945 0.2247 0.3684 0.4745 0.2214 0.4181 0.5431 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 4.09 7.84 9.11 3.18 9.49 7.59 3.05 9.21 7.17 

LocLS1 9 12 10 7 6 25 7 7 12 

LocLS2 12 10 28 20 3 4 9 29 28 

LocLS3 7 28 26 4 10 7 4 12 6 

LocLS4 21 17 10 24 27 12 10 10 10 

PdLS1 10.64 61.63 109.11 97.23 43.56 19.32 19.70 23.08 20.15 

PdLS2 59.00 54.88 20.74 14.77 16.45 115.99 10.96 13.46 29.09 

PdLS3 117.17 66.06 16.19 92.84 59.63 70.53 100.79 166.07 159.65 

PdLS4 86.30 19.75 112.51 19.32 86.11 27.61 107.24 143.61 43.65 

QdLS1 103.38 100.72 19.41 98.25 50.82 48.04 53.20 39.67 184.85 

QdLS2 1.53 116.50 99.47 4.25 75.40 110.31 154.29 11.84 2.17 

QdLS3 72.90 31.42 2.01 122.67 164.42 24.42 126.58 156.58 26.60 

QdLS4 2.74 140.77 168.34 56.01 63.12 45.40 162.42 23.27 147.26 

FSet 30.5907 33.5088 35.6298 30.5253 32.7161 33.8906 30.4995 32.8630 34.2990 
FTotal 9.2370 10.4298 11.5198 9.9284 10.3116 10.9008 10.3030 10.3184 11.2876 

*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

The active power (Pd) values to be shed at the respective locations were 19.32 

MW (Bus 25), 115.99 MW (Bus 4), 70.53 MW (Bus 7), and 27.61 MW (Bus 12). 

Similarly, the reactive power (Qd) values shed at these locations were 48.04 MVAr, 

110.31 MVAr, 24.42 MVAr, and 45.40 MVAr, respectively. The total weighted fitness 

function value (FTotal) for this case is reduced from 33.8906 to 10.9008. 

The results for Case 3 are tabulated in Table 4.17. Under the load shedding 

scheme guided by the MOECSEP algorithm with a weight configuration of  𝑤𝑤1 =

0.9,𝑤𝑤2 = 0.1, the performance at Bus 30 with a reactive demand of 20 MVAr reveals 

several important insights. Initially, the system operates with a baseline power loss 

(LossSet) of 19.55 MW and a corresponding FVSI of 0.4073. Under the influence of 

hurricane, the system experiences deterioration, with power loss rising to 65.26 MW 
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(LossOut) and voltage stability index increasing to 0.4635 (FVSIOut). 

Table 4.17  
Results of MOECSEP Application in Load shedding Scheme for Scenario 1 Hurricane 
Strike for Case 3 in IEEE 30-Bus RTS 

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 60.88 66.45 70.49 60.76 65.02 67.24 60.71 65.26 67.98 
FVSIOut 0.2968 0.5673 0.7707 0.2953 0.4072 0.5370 0.2939 0.4635 0.6188 
LossLS 18.23 20.35 24.15 19.63 21.57 21.83 19.21 21.24 22.52 
R1Loss 0.43 0.44 0.46 0.42 0.42 0.44 0.43 0.43 0.44 
R2Loss 0.43 0.44 0.52 0.48 0.50 0.48 0.46 0.48 0.50 

FVSILS 0.2384 0.5013 0.6745 0.2213 0.3699 0.4831 0.2255 0.4121 0.5521 
R1FVSI 3.12 6.52 5.54 2.51 7.16 6.42 2.56 7.25 6.38 
R2FVSI 4.08 7.60 7.01 2.99 9.92 8.96 3.30 8.02 8.28 
LocLS1 17 25 24 29 11 27 13 27 12 

LocLS2 4 12 7 13 7 12 7 11 7 

LocLS3 27 29 5 11 24 13 24 18 10 

LocLS4 10 9 27 21 20 11 5 24 9 

PdLS1 55.89 15.71 178.98 25.20 12.52 85.38 91.09 97.23 43.56 

PdLS2 27.79 100.41 36.36 40.56 29.21 6.07 78.29 14.77 16.45 

PdLS3 70.34 93.14 20.71 150.10 47.99 20.45 12.73 92.84 59.63 

PdLS4 36.75 2.88 36.50 14.19 163.76 99.95 93.35 19.32 86.11 

QdLS1 66.93 2.88 0.55 73.42 43.17 1.94 0.55 92.21 157.99 

QdLS2 3.04 74.02 4.12 79.76 51.59 53.16 4.12 43.17 84.31 

QdLS3 4.52 13.57 43.94 167.49 63.07 112.90 43.94 51.59 6.67 

QdLS4 43.87 117.74 40.18 2.50 33.35 4.46 40.18 63.07 173.48 

FSet 54.8258 59.8620 63.5170 54.7093 58.5631 60.5734 54.6640 58.7825 61.2432 
FTotal 16.4322 18.3694 21.8062 17.6928 19.4483 19.6994 17.3153 19.1588 20.3209 

*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Upon applying the optimised load shedding strategy, the system shows 

improvement. The post- load shedding power loss (LossLS) drops to 21.24 MW, and the 

FVSI (FVSILS) slightly decrease to 0.4121, reflecting a modest enhancement in voltage 

security. The resilience indices R1Loss and R2Loss are recorded at 0.43 and 0.48, 

respectively, indicating better loss resilience after load shedding. For FVSI-based 

resilience, R1FVSI is 7.25 and slightly increases to 8.02 (R2FVSI). The optimal locations 

for load curtailment are Buses 27, 11, 18, and 24, denoted by LocLS1 through LocLS4, 

respectively. The corresponding Pd to be shed at these locations are 97.23 MW, 14.77 

MW, 92.84 MW, and 19.23 MW, indicating a well-distributed curtailment across high-

impact areas. Likewise, the Qd values to be shed at these buses are 92.21 MVAr, 43.17 



139 

MVAr, 51.59 MVAr, and 63.07 MVAr, respectively. The total fitness value, FTotal for 

this case is reduced from 58.7825 to 19.1588. Thus, Table 4.17 confirm that load 

shedding remains an effective resilience-enhancing strategy, particularly when 

optimised through a multi-objective framework.  

 

B. Scenario 2 

The results for Scenario 2 of the hurricane implemented in IEEE 30-Bus RTS, 

are tabulated in Table 4.18 under Case 1 with the weight coefficient of 𝑤𝑤1 = 0.1,𝑤𝑤2 =

0.9.  

Table 4.18  
Results of MOECSEP Application in Load shedding Scheme for Scenario 2 Hurricane 
Strike for Case 1 in IEEE 30-Bus RTS 

Bus 26 29 30 

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 
FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossLS 19.45 20.98 22.73 18.79 20.33 21.54 18.99 20.60 21.02 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 

R2Loss 20.43 5.18 3.16 18.92 8.00 6.58 14.80 0.27 2.88 

FVSILS 0.2451 0.5143 0.6756 0.2256 0.4028 0.4731 0.2314 0.4126 0.5547 
R1FVSI 4.09 0.97 2.08 2.94 1.29 1.42 2.43 1.15 1.15 
R2FVSI 7.08 1.06 2.32 3.93 1.75 1.49 3.45 1.18 1.25 

LocLS1 10 17 7 22 10 28 21 7 9 

LocLS2 27 7 12 17 15 3 17 21 6 

LocLS3 9 6 6 10 9 25 7 24 7 

LocLS4 27 22 9 25 28 6 28 10 17 

PdLS1 178.98 91.09 25.21 74.36 140.15 101.63 12.52 85.38 26.70 

PdLS2 36.36 78.29 40.56 137.19 9.95 46.48 29.21 6.07 139.63 

PdLS3 20.71 12.73 150.10 62.00 22.13 58.74 47.99 20.45 22.23 

PdLS4 36.50 93.35 14.19 1.84 80.41 92.21 163.76 99.95 116.71 

QdLS1 73.42 0.55 91.78 20.73 42.19 43.17 1.94 7.75 145.89 

QdLS2 79.76 4.12 192.65 104.16 32.56 51.59 53.16 12.06 17.91 

QdLS3 167.48 43.94 46.94 155.14 62.88 63.07 112.90 46.77 2.83 

QdLS4 2.50 40.18 39.50 44.11 41.36 33.35 4.46 72.36 63.03 

FSet 5.1409 5.3532 6.3694 5.1836 5.3876 6.2124 5.1590 5.3626 6.0279 
FTotal 2.1659 2.5612 2.8813 2.0817 2.3951 2.5800 2.1070 2.4312 2.6017 

*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

At Qd30 = 20 MVAr, the system initially exhibits a base power loss of 19.55 MW 

(LossSet) and an FVSI value of 0.4073 (FVSISet) before hurricane was experienced by 
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the system. Following the hurricane-induced disturbance, the network experiences a 

deterioration where power loss increases to 23.59 MW (LossOut), while the FVSI rises 

to 0.7619 (FVSIOut). After applying the optimised load shedding solution, the power loss 

is reduced to 20.60 MW (LossLS), and voltage security improves with a reduced FVSILS 

value to 0.4126. The resilience indices, R1Loss, which captures the resilience of the 

system prior to load shedding, is 0.26, while R2Loss after load shedding slightly increases 

to 0.27. However, the FVSI-based resilience index improves from R1FVSI = 1.15 to 

R2FVSI = 1.18, demonstrating positive enhancement in power system resilience. The 

algorithm determined Bus 7, 21, 24, and 10 as the optimal locations for load shedding 

which correspond to LocLS1 through LocLS4. The required active power to be shed (PdLS1 

to PdLS4) are 85.38 MW, 6.07 MW, 20.45 MW, and 99.95 MW, while the reactive power 

to be shed (QdLS1 to QdLS4) are 7.75 MVAr, 12.06 MVAr, 46.77 MVAr, and 72.36 

MVAr, respectively. The total fitness value (FTotal) for this case is reduced from 5.3626 

to 2.4312. 

In Table 4.19, the performance of the MOECSEP algorithm under the influence 

of Scenario 2 hurricane conditions is assessed using an equal weighting scheme of 𝑤𝑤1 =

0.5,𝑤𝑤2 = 0.5 (Case 2). Focusing on Bus 29 with a reactive power loading of Qd = 20 

MVAr, the system initial condition prior to the disturbance records a power loss 

(LossSet) of 19.39 MW and a corresponding FVSISet value of 0.3573. However, the 

simulated hurricane strike leads to performance deterioration, with the power loss 

increasing to 22.87 MW (LossOut) and FVSI rising to 0.6333 (FVSIOut). After 

implementing the optimised load shedding strategy, the system shows recovery.  

With the implementation of multi-objective load shedding, the power loss 

reduces to 19.53 MW (LossLS), and the FVSI improves to 0.3742 (FVSILS), both 

approaching pre-disturbance levels. The improvement is also reflected in the resilience 

metrics. The power loss resilience index improves from R1Loss = 5.57 to R2Loss = 5.86, 

indicating a stronger system ability to recover from power loss. Similarly, the FVSI-

based resilience index also shows enhancement, with R1FVSI = 1.29 increasing to R2FVSI 

= 1.44. Buses 14, 7, 9, and 28 were identified as the optimal locations for load 

curtailment, assigned as LocLS1 to LocLS4, respectively. The active power to be shed are 

at these buses are 2.88 MW, 74.02 MW, 13.57 MW, and 117.74 MW. In parallel, the 

reactive power to be shed are 5.20 MVAr at Bus 14, 138.15 MVAr at Bus 7, 152.38 

MVAr at Bus 9, and 142.67 MVAr at Bus 28, indicating substantial support at these 

locations in maintaining system voltage stability. The final combined fitness value, 
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FTotal is reduced from 11.7494 to 9.9528.  

Table 4.19  
Results of MOECSEP Application in Load shedding Scheme for Scenario 2 Hurricane 
Strike for Case 2 in IEEE 30-Bus RTS 

Bus 26 29 30 

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 
FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossLS 18.25 21.89 22.98 18.64 19.53 21.00 18.93 20.35 21.03 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 

R2Loss 8.45 6.98 3.31 16.29 5.86 5.51 14.14 0.27 2.88 

FVSILS 0.2454 0.5127 0.7014 0.2350 0.3742 0.4714 0.2341 0.4321 0.5541 
R1FVSI 4.09 0.28 2.08 2.94 1.29 1.42 2.43 1.15 1.11 
R2FVSI 7.15 0.29 2.64 4.90 1.44 1.47 3.64 1.31 1.20 

LocLS1 21 17 12 3 14 4 28 10 24 

LocLS2 17 10 10 10 7 21 7 12 7 

LocLS3 10 28 25 20 9 6 12 9 25 

LocLS4 7 21 4 9 28 17 20 28 12 

PdLS1 73.46 2.88 5.20 66.93 2.88 178.98 25.20 154.40 49.86 

PdLS2 29.23 74.02 138.14 3.04 74.02 36.36 40.56 23.85 15.72 

PdLS3 28.26 13.55 152.37 4.52 13.57 20.71 150.10 78.47 100.42 

PdLS4 28.16 117.74 142.66 43.87 117.74 36.50 14.19 19.44 93.14 

QdLS1 73.42 91.78 31.34 42.19 5.20 73.42 0.55 73.42 138.62 

QdLS2 79.76 192.64 106.66 32.56 138.15 79.75 4.12 79.76 16.45 

QdLS3 167.49 46.93 18.28 62.88 152.38 167.48 43.94 167.49 8.60 

QdLS4 2.50 39.50 167.03 41.36 142.67 2.50 40.18 2.50 72.08 

FSet 10.3423 13.6513 15.4432 10.0312 11.7494 12.8048 10.2844 48.3360 14.6735 
FTotal 9.2454 11.2031 11.8424 9.4352 9.9528 10.7373 9.5829 10.3931 10.7906 

*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

In Table 4.20, the performance of the MOECSEP algorithm under Scenario 2 of 

the hurricane strike is evaluated with a weight configuration that prioritizes power loss 

minimization with 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1 (Case 3). At Bus 30 with a reactive power 

demand of Qd = 25 MVAr, the system pre-disturbance condition shows a baseline power 

loss (LossSet) of 20.93 MW and an initial FVSI value of 0.5349. Following the hurricane 

impact, the system becomes significantly stressed, leading the power loss rises to 28.33 

MW (LossOut), and the voltage stability index deteriorates to 1.0000 (FVSIOut), 

highlighting an increase in system vulnerability.  
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Table 4.20  
Results of MOECSEP Application in Load shedding Scheme for Scenario 2 Hurricane 
Strike for Case 3 in IEEE 30-Bus RTS 

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
LossSet 18.23 20.25 22.27 18.12 19.39 20.53 18.11 19.55 20.93 
FVSISet 0.2248 0.4919 0.6529 0.2111 0.3573 0.4646 0.2114 0.4073 0.5349 
LossOut 20.40 25.03 29.92 19.78 22.87 24.82 20.27 23.59 28.33 
FVSIOut 0.2797 1.0000 0.9673 0.2830 0.6333 0.7914 0.2984 0.7619 1.0000 
LossLS 18.93 20.65 22.98 18.65 19.68 21.03 18.97 20.85 21.82 
R1Loss 8.38 4.24 2.91 10.89 5.57 4.78 8.38 0.26 2.83 
R2Loss 12.85 4.71 3.31 16.53 6.19 5.54 14.60 0.28 3.35 

FVSILS 0.2250 0.5027 0.6751 0.2186 0.3812 0.4721 0.2232 0.4125 0.5518 
R1FVSI 4.09 0.28 2.08 2.94 1.29 1.42 2.43 1.15 1.11 
R2FVSI 4.11 0.28 2.31 3.39 1.51 1.48 2.97 1.18 1.19 

LocLS1 18 24 27 5 7 12 6 25 12 

LocLS2 13 11 12 24 29 28 3 4 5 

LocLS3 10 9 5 11 12 6 10 7 9 

LocLS4 27 28 10 13 10 27 27 12 18 

PdLS1 19.32 26.70 7.42 10.64 49.86 55.90 19.70 23.08 25.20 
PdLS2 115.99 139.63 41.34 59.00 15.72 27.81 10.96 13.46 40.56 
PdLS3 70.53 22.23 116.37 117.17 100.42 70.35 100.79 166.07 150.09 
PdLS4 27.61 116.71 130.31 86.30 93.14 36.75 107.24 143.61 14.19 
QdLS1 98.25 50.82 39.67 184.85 2.88 47.21 73.42 91.78 20.73 
QdLS2 4.25 75.40 11.84 2.17 74.02 57.81 79.76 192.65 104.16 
QdLS3 122.67 164.42 156.58 26.60 13.55 34.55 167.48 46.94 155.14 
QdLS4 56.01 63.12 23.27 147.26 117.74 64.74 2.50 39.50 44.11 
FSet 18.3924 22.7559 27.0239 17.8298 20.6422 22.4155 18.2731 86.3952 25.6001 

FTotal 17.0614 18.6368 20.7508 16.8081 17.7538 18.9701 17.0964 18.8081 19.6944 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Once the optimised load shedding solution is applied, the power loss is brought 

down to 21.82 MW (LossLS), showing substantial improvement relative to the disrupted 

condition. The voltage security index also improves, with FVSILS reduced to 0.5518. 

The resilience index based on power loss (R1Loss = 2.83) shows a slight gain after load 

shedding with R2Loss increasing to 3.35, reflecting modest enhancement in power loss 

resilience. The voltage stability resilience values increase from R1FVSI = 1.11 to R2FVSI 

= 1.19. The MOECSEP algorithm identified four optimal buses for curtailment. These 

are Buses 12, 5, 9, and 18, denoted by LocLS1 through LocLS4, respectively. The 

associated active power shedding (PdLS1 to PdLS4) values are 25.20 MW (Bus 12), 40.56 

MW (Bus 5), 150.09 MW (Bus 9), and 14.19 MW (Bus 18). Correspondingly, the 

reactive power shedding (QdLS1 to QdLS4) at these locations are 20.73 MVAr, 104.16 
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MVAr, 155.14 MVAr, and 44.11 MVAr, respectively, further confirming the 

importance of these buses in maintaining system voltage resilience. All the changes in 

system variables have led to the reduction in total fitness value, FTotal from 25.6001 to 

19.6944, is the highest among the three weight configurations. Results of other reactive 

load values can be referred to the same table. 

Table 4.21 presents a comparative analysis of the total fitness values FTotal 

derived from the MOECSEP load shedding scheme applied to the IEEE 30-Bus RTS. 

The results are evaluated under two hurricane strike scenarios, under reactive load 

variations at three buses (Bus 26, 29, and 30), and three different reactive power loading 

levels, Qd (10, 20, and 25 MVAr). The analysis further considers three cases under 

distinct weight configurations: (𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 (Case 1); 𝑤𝑤1 = 0.5,𝑤𝑤2 = 0.5 

(Case 2) and 𝑤𝑤1 = 0.9,𝑤𝑤2 = 0.1 (Case 3)). 

 In Scenario 1, the total fitness values, FTotal reveal that the weight configuration 

of Case 1 consistently produces the lowest FTotal values across all buses and reactive 

loading levels. For example, at Qd30 = 20 MVAr, the FTotal is 2.4801 under this 

configuration, which is significantly lower compared to 10.3184 and 19.1588 for the 

weight settings in Case 2 and Case 3 respectively. Similar trends are observed at Buses 

26 and 29. Therefore, the weight coefficient 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 is identified as the 

most effective configuration for the MOECSEP algorithm in Scenario 1. The results 

from Scenario 2 reaffirm the effectiveness of the weight configuration of Case 1 in 

minimizing FTotal. Under this setting, the fitness values remain the lowest for all buses 

and Qd levels when compared to the other two configurations. Thus Case 1 with 𝑤𝑤1 =

0.1,𝑤𝑤2 = 0.9 exhibit the best choice in achieving the lowest total values in multi-

objective optimisation.
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Table 4.21  
Comparative Results of FTotal  for Load shedding Scheme Using MOECSEP in IEEE 30-Bus RTS 

Bus 26  29 30  
Qd 10 20 25 10 20 25 10 20 25 

Scenario 1 
 
 
 

FTotal 

w1=0.1 
w2=0.9 

 
2.0453 2.5060 2.8490 2.0502 2.3295 2.5378 2.1186 2.4801 2.6005 

w1=0.5 
w2=0.5 

 
9.2370 10.4298 11.5198 9.9284 10.3116 10.9008 10.3030 10.3184 11.2876 

w1=0.9 
w2=0.1  

16.4322 18.3694 21.8062 17.6928 19.4483 19.6994 17.3153 19.1588 20.3209 

Scenario 2 

FTotal 

w1=0.1 
w2=0.9 

 
2.1659 2.5612 2.8813 2.0817 2.3951 2.5800 2.1070 2.4312 2.6017 

w1=0.5 
w2=0.5 

 
9.2454 11.2031 11.8424 9.4352 9.9528 10.7373 9.5829 10.3931 10.7906 

w1=0.9 
w2=0.1  

17.0614 18.6368 20.7508 16.8081 17.7538 18.9701 17.0964 18.8081 19.6944 
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4.4.2.2 Load shedding in IEEE 57-Bus RTS 

Optimal load shedding scheme was also conducted to the second test model 

under both hurricane scenarios. in addressing both the power loss and voltage security. 

The IEEE 57-Bus RTS was subjected to two hurricane strike to assess the effectiveness 

of load shedding strategies in addressing the formulated multi-objective optimisation 

problem. The optimisation process aimed to reduce overall system power losses while 

simultaneously enhancing voltage security, evaluated using the FVSI, through carefully 

coordinated load curtailment or load shedding actions.  

 

A. Scenario 1 

Table 4.22 presents the results of the MOECSEP algorithm applied to load 

shedding optimisation under Scenario 1 hurricane conditions in the IEEE 57-Bus RTS. 

The study was conducted using a Case 1 with weight configuration of 𝑤𝑤1 = 0.1,𝑤𝑤2 =

0.9. The study includes the variation of Qd at three critical buses: Bus 31, Bus 32, and 

Bus 33 each tested under increasing reactive load levels (Qd = 5, 10, and 15 MVAr). 

For instance, at Bus 33 with Qd = 15 MVAr, the FVSI degrades to 0.7086 (FVSIOut) 

when the system was subjected to the disturbance but reduces to 0.4731 (FVSILS) 

following MOECSEP-based load shedding initiative. Similarly, voltage-based 

resilience shows clear enhancement, with R1FVSI = 2.23 increasing to R2FVSI = 2.43, 

highlighting the effectiveness of the scheme in restoring voltage security post-event. 

The optimal buses optimised by MOECSEP for curtailment are Buses 48, 35, 10, and 

1.  

The corresponding active power to be shed are 66.84 MW (Bus 48), 90.17 MW 

(Bus 35), 83.58 MW (Bus 10), and 38.28 MW (Bus 1), respectively. Alongside, the 

reactive power to be shed are 38.28 MVAr, 57.32 MVAr, 144.00 MVAr, and 54.17 

MVAr.  This has caused the reduction of the total fitness value from 4.4409 to 3.5124. 

These values reflect the algorithm ability to maintain performance consistency even 

under increasing system stress. 
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Table 4.22  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 1 
Hurricane Strike for Case 1 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 29.32 29.94 31.30 29.64 30.63 31.27 29.33 30.65 30.87 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 
R2Loss 8.31 6.69 2.73 8.19 7.29 3.97 7.92 7.95 4.33 

FVSILS 0.4130 0.4098 0.4452 0.4135 0.4013 0.5009 0.4106 0.4067 0.4731 
R1FVSI 10.98 10.52 0.77 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 15.58 15.95 0.80 17.45 13.16 2.12 14.88 15.41 2.43 
LocLS1 38 50 16 45 46 45 17 55 48 
LocLS2 11 30 55 21 35 21 27 43 35 
LocLS3 29 43 43 31 13 31 37 21 10 
LocLS4 51 57 39 41 14 41 21 31 1 
PdLS1 93.71 5.33 130.61 168.79 34.42 57.50 40.32 82.85 66.84 
PdLS2 112.14 34.84 60.56 21.24 163.89 177.08 96.31 195.99 90.17 
PdLS3 41.38 162.69 98.76 20.84 189.05 122.68 83.37 128.94 83.58 
PdLS4 154.54 56.78 98.73 47.57 52.56 12.50 156.88 13.08 28.79 
QdLS1 130.06 179.48 38.75 15.91 27.09 163.39 106.79 114.03 38.28 
QdLS2 195.25 38.01 5.11 30.18 122.75 85.37 10.44 128.12 57.23 
QdLS3 33.13 129.18 173.56 175.70 21.49 15.34 45.12 121.01 144.00 
QdLS4 77.46 95.50 154.96 6.07 62.92 37.08 62.51 14.93 54.17 
FSet 3.6806 3.8333 5.1753 3.7188 3.8722 4.5781 3.6975 3.8410 4.4009 

FTotal 3.3037 3.3626 3.5305 3.3357 3.4246 3.5776 3.3023 3.4315 3.5124 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Overall, the findings support the conclusion that the 𝑤𝑤1 = 0.1,𝑤𝑤2 = 0.9 (Case 

1) configuration is highly effective in enhancing system resilience through load 

shedding.  

This study further extends the evaluation of the proposed MOECSEP algorithm 

by applying it to Scenario 1 hurricane events on the IEEE 57-Bus RTS, with a focus on 

load shedding performance under different weight coefficient configurations. In 

general, power loss will increase accordingly as we increased the Qd value at the 

subjected loads. The results under Case 2 and Case 3 are tabulated in Table 4.23 and 

Table 4.24. Under the balanced weight configuration (Table 4.23), the system achieves 

a post-load shedding FVSI value of 0.4713 (FVSILS), with voltage security resilience 

improving from R1FVSI = 2.23 to R2FVSI = 2.40. 
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Table 4.23  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 1 Hurricane 
Strike for Case 2 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 28.96 30.65 30.97 29.36 29.86 30.93 29.86 29.98 30.93 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 

R2Loss 7.45 8.15 2.63 7.54 6.01 3.76 9.43 6.62 4.38 

FVSILS 0.4117 0.4011 0.4484 0.4101 0.4006 0.5014 0.4114 0.4034 0.4713 
R1FVSI 10.98 10.52 0.77 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 14.81 11.66 0.81 15.13 12.84 2.13 15.35 13.58 2.40 

LocLS1 45 17 48 11 4 38 25 16 17 

LocLS2 21 27 35 29 14 11 13 55 50 

LocLS3 31 37 10 30 29 29 14 43 15 

LocLS4 41 21 1 18 15 51 4 39 40 

PdLS1 132.25 83.41 35.11 57.61 152.90 31.40 19.28 122.30 61.53 

PdLS2 84.20 42.26 90.53 57.61 15.69 138.99 31.79 52.17 107.04 

PdLS3 3.69 80.67 53.54 73.13 24.61 118.03 188.99 7.13 108.65 

PdLS4 122.55 21.71 81.74 197.38 23.25 88.59 164.21 143.60 160.62 

QdLS1 96.35 72.33 90.88 92.12 173.71 84.41 188.99 20.12 20.42 

QdLS2 64.91 19.27 190.79 6.17 66.80 130.81 164.21 101.02 22.25 

QdLS3 24.94 40.70 191.69 79.56 99.06 0.59 31.03 62.50 52.55 

QdLS4 103.03 77.37 96.39 122.86 70.28 124.63 8.16 40.70 135.80 

FSet 16.6449 17.4244 22.3991 16.8454 17.6337 19.9424 16.7347 17.4728 19.3327 
FTotal 14.6864 15.5266 15.7108 14.8858 15.1319 15.7165 15.1374 15.1935 15.7024 

*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Meanwhile, the loss-based resilience rises slightly from R1Loss = 4.10 to R2Loss 

= 4.38, indicating moderate performance across both fitness function. The four optimal 

buses identified for load shedding were Buses 17, 50, 15, and 40. The corresponding 

active power to undergo load shedding are 61.53 MW at Bus 17, 107.04 MW at Bus 50, 

108.65 MW at Bus 15, and 160.62 MW at Bus 40. The reactive power for load shedding 

at these same buses were 20.42 MVAr, 22.25 MVAr, 52.55 MVAr, and 135.80 MVAr, 

respectively. This scheme leads to total fitness value (FTotal) reduction for this case from 

19.3327 to 15.7024.  
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Table 4.24  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 1 Hurricane 
Strike for Case 3 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 29.37 29.58 30.99 29.33 30.63 31.70 29.89 29.87 30.94 
R1Loss 6.49 5.63 2.51 6.25 5.44 3.61 6.38 5.62 4.10 

R2Loss 8.43 6.13 2.63 7.47 7.29 4.26 9.53 6.44 4.38 

FVSILS 0.4084 0.4015 0.4468 0.4079 0.4015 0.5006 0.4100 0.4008 0.4723 
R1FVSI 10.98 10.52 0.77 10.91 10.67 2.07 10.97 10.67 2.23 
R2FVSI 13.13 11.81 0.81 13.92 13.25 2.12 14.54 12.41 2.41 

LocLS1 38 3 15 13 6 7 16 6 7 

LocLS2 31 24 6 19 9 6 14 9 6 

LocLS3 34 12 9 5 4 9 24 4 9 

LocLS4 26 7 7 8 3 12 18 3 12 

PdLS1 157.54 129.07 104.87 134.01 193.38 19.82 149.48 92.89 193.38 
PdLS2 173.43 99.51 134.54 179.61 170.09 168.24 124.03 188.19 170.09 
PdLS3 89.45 27.66 51.24 82.47 173.50 158.49 170.53 10.01 173.50 
PdLS4 24.91 68.10 19.55 150.97 62.32 66.28 87.39 152.30 62.32 
QdLS1 79.93 22.04 27.55 7.00 29.67 188.01 97.46 154.04 29.67 
QdLS2 23.25 15.01 158.23 131.72 199.51 130.12 12.40 165.56 199.51 
QdLS3 62.16 18.98 79.25 159.37 127.90 167.04 182.84 25.07 127.90 
QdLS4 64.72 34.25 27.65 15.14 93.61 37.46 47.43 3.17 93.61 
FSet 29.6092 31.0154 38.6825 29.9719 31.3951 35.3067 29.7719 31.1045 34.2645 

FTotal 26.4697 26.6658 27.9327 26.4359 27.6084 28.5789 26.9453 26.9263 27.8891 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Table 4.24 shows the results of MOECSEP application in load shedding scheme 

for Scenario 1 for Case 1 where the weightage is 𝑤𝑤1 = 0.9, 𝑤𝑤2 = 0.1. From Table 4.24, 

at Bus 33 with reactive power loading at 15 MVAr, the system experience FVSI 

improvement, with FVSILS = 0.4723, and resilience values of R1FVSI = 2.23 and R2FVSI 

= 2.41. The loss-based resilience also experience improvement, increasing from R1Loss 

= 4.10 to R2Loss = 4.38. The MOECSEP developed an optimal load shedding plan by 

choosing four essential buses which included Buses 7, 6, 9 and 12. The active power to 

be shed at Bus 7 worth 193.38 MW while Bus 6, 9 and 12 require 170.09 MW, 173.50 

MW and 62.32 MW. The required reactive power to be shed at these buses are 29.67 

MVAr, 199.51 MVAr, 127.90 MVAr, and 93.61 MVAr, respectively. The buses 

experienced major power reductions because power reduction at these buses was 
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essential for achieving voltage stability and relieving network stress after the hurricane 

event. This initiative leads to the reduction of total fitness value from 34.2645 to 

27.8891. Further results can be explored from the same table. 
 

B. Scenario 2 

In Scenario 2, where hurricane has affected different lines in the system; 

MOECSEP was also implemented to address the voltage stability improvement and loss 

minimisation.  Table 4.25 presents the performance of the MOECSEP algorithm in 

implementing a load shedding scheme under Scenario 2 hurricane conditions in the 

IEEE 57-Bus RTS, for Case 1 with a weight configuration of 𝑤𝑤1 = 0.1, 𝑤𝑤2 = 0.9. 

Generally, the hurricane event in Scenario 2 has caused the increment of power loss and 

FVSI values in the system regardless of any Qd values. The reactive power demand at 

Bus 31 worth 15 MVAR can be used to explain the phenomenon. At this Qd value, the 

system initially exhibits a power loss of 30.56 MW (LossSet) and a pre-disturbance 

voltage security index of 0.4339 (FVSISet). Following the Scenario 2 hurricane 

disturbance, the power loss increases to 30.88 MW (LossOut) and the FVSI value rises 

to 1.0000 (FVSIOut), indicating severe system degradation. After applying the optimised 

load shedding strategy, the post-curtailment power loss is 30.88 MW (LossLS), while the 

voltage security index reduces to 0.4414 (FVSILS). The resilience analysis reflects the 

effectiveness of the load shedding action: R1Loss= 1.27 improves to R2Loss = 1.30, 

suggesting a modest gain in power loss recovery. Improvement is also observed in 

voltage resilience, with R1FVSI = 0.77 increasing to R2FVSI = 0.79. The algorithm 

identified Buses 51, 45, 49, and 36 as the optimal locations for load curtailment. 

The corresponding active power reductions at these buses were 111.09 MW 

(Bus 51), 52.01 MW (Bus 45), 114.86 MW (Bus 49), and 63.70 MW (Bus 36). 

Meanwhile, the reactive power shedding values are 85.97 MVAr, 91.05 MVAr, 102.51 

MVAr, and 34.09 MVAr, respectively. This effort managed to minimise the total fitness 

value to FTotal = 3.4850 from its original value of 6.3694. 
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Table 4.25  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 2 
Hurricane Strike for Case 1 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 29.44 29.89 30.88 29.17 30.23 31.63 29.30 30.85 31.53 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 

R2Loss 1.65 1.53 1.30 1.57 1.54 1.35 1.61 1.65 1.41 

FVSILS 0.4120 0.4007 0.4414 0.4109 0.4015 0.5123 0.4168 0.4018 0.4705 
R1FVSI 8.17 7.35 0.77 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 10.27 7.84 0.79 10.00 8.01 1.88 11.84 8.04 1.98 

LocLS1 17 48 51 43 48 38 25 5 5 

LocLS2 27 35 45 31 30 52 13 45 38 

LocLS3 37 10 49 46 43 43 14 23 1 

LocLS4 21 1 36 33 18 15 4 4 15 

PdLS1 83.47 55.88 111.09 11.06 65.37 70.71 72.28 1.98 66.57 
PdLS2 42.30 27.80 52.01 114.70 19.87 30.03 128.86 126.98 104.31 
PdLS3 80.71 70.33 114.86 158.55 60.87 167.90 43.70 50.41 16.46 
PdLS4 21.74 36.74 63.70 0.13 6.48 3.03 58.51 145.79 161.53 
QdLS1 72.38 138.62 85.97 35.11 93.19 19.09 70.10 160.17 136.32 
QdLS2 19.35 16.46 91.05 121.11 10.01 127.34 28.91 35.06 118.95 
QdLS3 40.75 8.61 102.51 165.41 74.55 72.72 63.67 184.03 40.81 
QdLS4 77.38 72.09 34.09 14.53 68.15 101.30 82.09 82.00 40.06 
FSet 5.1409 5.3532 6.3694 5.1836 5.3876 6.2124 5.1590 5.3626 6.0279 

FTotal 3.3152 3.3500 3.4850 3.2864 3.3845 3.6243 3.3053 3.4468 3.5763 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Adjustment of weight coefficient values as in Case 2 can be reflected in Table 

4.26 for IEEE 57-Bus RTS, where equal emphasis is placed on minimizing power losses 

and enhancing voltage security. The discussion here centres on Bus 32 with Qd = 15 

MVAr, a case representing a high-stress condition for resilience assessment. At this 

loading level, the system initially records a power loss of 30.66 MW (LossSet) and an 

FVSI of 0.4973 (FVSISet) under pre-disturbance conditions.  
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Table 4.26  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 2 Hurricane 
Strike for Case 2 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 28.96 30.52 30.97 29.21 30.53 30.99 29.86 29.98 30.89 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 

R2Loss 1.58 1.61 1.30 1.57 1.58 1.29 1.69 1.53 1.34 

FVSILS 0.4097 0.4011 0.4485 0.4116 0.4001 0.5067 0.4143 0.4036 0.4785 
R1FVSI 8.17 7.35 0.77 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 9.66 7.91 0.81 10.19 7.77 1.82 10.99 8.37 2.08 

LocLS1 50 38 16 27 48 38 25 5 16 
LocLS2 30 29 55 32 30 52 13 45 23 
LocLS3 43 17 43 4 43 43 14 23 45 
LocLS4 57 51 39 50 18 15 4 4 15 
PdLS1 85.03 0.24 42.47 12.39 81.15 140.74 58.84 98.70 114.56 
PdLS2 82.64 42.39 98.54 170.58 14.55 36.39 162.18 182.78 31.84 
PdLS3 168.85 113.78 85.43 83.05 63.95 45.22 187.31 41.45 189.05 
PdLS4 7.21 104.84 20.14 135.83 21.76 133.29 71.01 151.14 164.27 
QdLS1 22.63 139.65 37.72 46.47 5.09 108.41 42.85 65.15 31.08 
QdLS2 177.98 12.91 197.22 97.31 90.45 166.34 34.64 32.09 8.22 
QdLS3 136.85 22.60 163.67 150.71 53.75 170.44 77.06 151.71 68.72 
QdLS4 82.36 66.74 20.36 125.30 148.35 29.68 55.52 100.44 22.00 
FSet 23.8961 24.9588 27.8704 24.1100 25.1317 27.9234 23.9872 25.0058 27.3050 

FTotal 14.6864 15.4626 15.7070 14.8127 15.4672 15.7491 15.1347 15.1934 15.6858 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

Following the hurricane disruption, power loss increases significantly to 55.06 

MW (LossOut), while the FVSI increases to 0.7846 (FVSIOut), indicating voltage security 

degradation. The application of the MOECSEP-based load shedding strategy results in 

a reduced post-curtailment power loss of 30.99 MW (LossLS) and improved FVSI 

performance of 0.5067 (FVSILS). The resilience indices further illustrate the system 

recovery capability. Power loss resilience slightly increases from R1Loss = 1.26 to R2Loss 

= 1.29, while the voltage security resilience improves more substantially from R1FVSI = 

1.73 to R2FVSI = 1.82, reflecting successful mitigation of post-disturbance voltage 

instability. The algorithm identified Buses 38, 52, 43, and 15 as optimal curtailment 

locations. The respective active power shedding values were 140.74 MW, 36.39 MW, 

45.22 MW, and 133.29 MW. In parallel, the reactive power to be shed are 108.41 
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MVAr, 166.34 MVAr, 170.44 MVAr, and 29.68 MVAr. The total fitness value has been 

reduced to 15.7491 from its original value of 27.9234. These results indicate that for 

high reactive demand at Bus 32, the MOECSEP algorithm, when applied with a 

balanced weight setting, effectively mitigates the impacts of severe disturbances by 

simultaneously improving voltage conditions and reducing losses in the system.  

Table 4.27  
Results of MOECSEP Application in Load Shedding Scheme for Scenario 2 Hurricane 
Strike for Case 3 in IEEE 57-Bus RTS 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
LossSet 28.46 29.22 30.56 28.67 29.42 30.66 28.56 29.30 30.55 
FVSISet 0.4028 0.3977 0.4339 0.4005 0.3948 0.4973 0.4016 0.3960 0.4613 
LossOut 47.34 49.47 54.69 47.77 49.81 55.06 47.52 49.56 53.90 
FVSIOut 0.4521 0.4518 1.0000 0.4520 0.4516 0.7846 0.4520 0.4518 0.7086 
LossLS 29.02 30.55 30.96 29.01 30.99 31.64 29.65 30.85 31.63 
R1Loss 1.51 1.44 1.27 1.50 1.44 1.26 1.51 1.45 1.31 
R2Loss 1.58 1.61 1.30 1.55 1.65 1.35 1.66 1.65 1.42 

FVSILS 0.4087 0.4006 0.4435 0.4197 0.4007 0.5013 0.4198 0.4014 0.4773 
R1FVSI 8.17 7.35 0.77 7.78 6.95 1.73 7.97 7.10 1.87 
R2FVSI 9.42 7.82 0.80 12.99 7.87 1.77 13.04 7.96 2.06 
LocLS1 7 19 6 11 10 24 8 6 19 
LocLS2 13 11 13 16 14 14 11 11 5 
LocLS3 8 5 8 14 13 11 13 12 12 
LocLS4 12 7 7 17 17 16 6 9 6 
PdLS1 33.40 61.76 80.73 43.21 162.84 142.02 73.13 74.72 140.83 
PdLS2 124.05 67.66 33.80 27.55 141.62 175.81 197.38 43.92 115.50 
PdLS3 174.38 97.97 13.66 19.55 38.62 71.88 28.81 187.29 54.22 
PdLS4 17.61 156.29 111.58 99.65 61.72 17.97 120.43 62.91 119.80 
QdLS1 74.72 34.33 91.36 138.24 124.62 32.21 1.10 66..7533 6.65 
QdLS2 43.92 118.93 94.31 157.24 1.14 83.36 95.94 171.25 57.26 
QdLS3 187.29 31.29 19.02 27.55 183.25 60.32 127.80 22.40 26.49 
QdLS4 62.91 78.09 121.32 82.47 178.37 115.21 49.05 164.74 148.34 
FSet 42.6513 44.5643 49.3294 43.0364 44.8758 49.6344 42.8153 44.6489 48.5820 

FTotal 26.1564 27.5322 27.9117 26.1521 27.9269 28.5220 26.7253 27.8080 28.5106 
*Notes: Unit for Qd = MVAr, Pd = MW, FVSI = p.u., Loss = MW and Size = MW 

 

This final part of the simulation results for this section assesses the performance 

of the MOECSEP load shedding strategy under Scenario 2 hurricane conditions using 

a power-loss-focused in Case 3 with weight configuration 𝑤𝑤1 = 0.9, 𝑤𝑤2 = 0.1. The 

results are summarized in Table 4.27, which evaluates load shedding responses across 

reactive power variation involving Bus 31, Bus 32, and Bus 33 for three levels of 
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reactive demand. This discussion highlights the outcome for Bus 32 with Qd = 10 

MVAr, as indicated in the shaded portion of the Table 4.27. Under this loading 

condition, the system experiences a baseline power loss of 29.42 MW (LossSet) and a 

pre-disturbance FVSI of 0.3948 (FVSISet). Upon the hurricane disturbance, the power 

loss increases significantly to 49.81 MW (LossOut) and FVSI rises to 0.4516 (FVSIOut), 

reflecting a moderately stressed condition. Upon executing the MOECSEP-based load 

shedding scheme, the system power loss is reduced to 30.99 MW (LossLS). At the same 

time, the FVSI value reduces to 0.4007 (FVSILS). In terms of resilience, the power loss 

metric shows improvement, with R1Loss = 1.44 improving to R2Loss = 1.65. Voltage 

security resilience shows a slight improvement as well, increasing from R1FVSI = 6.95 

to R2FVSI = 7.87. The four buses identified as the optimal curtailment locations were 

Buses 10, 14, 13, and 17. The active power for load shedding values at these locations 

are 162.84 MW at Bus 10, 141.62 MW at Bus 14, 38.62 MW at Bus 13, and 61.72 MW 

at Bus 17. Concurrently, the reactive power curtailment for theses buses amounted to 

124.62 MVAr, 1.14 MVAr, 183.25 MVAr, and 178.37 MVAr, respectively. However, 

the overall optimisation cost is reflected in the total fitness value of FTotal = 27.9269 

which has been reduced from 44.8758. This highlights the need for careful selection of 

objective weightings in resilience planning, particularly when both energy efficiency 

and voltage stability must be balanced under extreme weather scenarios. 

Table 4.28 summarizes the comparative studies of FTotal results for DG 

installation with respect to reactive load variations at Bus 31, Bus 32, and Bus 33 in the 

IEEE 57-Bus RTS under both Scenario 1 and Scenario 2. In Scenario 1, at Qd33 = 15 

MVAr, the results highlight the impact of the weight coefficient settings on the overall 

fitness performance FTotal. When more emphasis is given to voltage security 

improvement 𝑤𝑤1 = 0.1, 𝑤𝑤2 = 0.9, the lowest fitness value is recorded worth FTotal = 

3.5124. This reflects the effectiveness of prioritizing the FVSI in enhancing system 

resilience. As the weight shifts toward a balanced configuration 𝑤𝑤1 = 0.5, 𝑤𝑤2 = 0.5, 

the total fitness increases moderately to FTotal = 15.7024, indicating a trade-off between 

minimizing voltage security and reducing power losses. The highest value is observed 

when loss minimization dominates 𝑤𝑤1 = 0.9, 𝑤𝑤2 = 0.1, reaching FTotal of 27.8891. 

Thus, setting higher weigh to FVSI will lead to the lowest total fitness value, while high 

weight coefficient on loss can cause high FTotal in the system regardless of any load 

subjected to the system. 

Under Scenario 2, the same pattern is observed with slight variations in 
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performance. When voltage security is given greater importance 𝑤𝑤1 = 0.1, 𝑤𝑤2 = 0.9, 

with reactive power increment at Bus 33 yields a slightly increased minimum fitness 

value of FTotal =3.5763. For the balanced setting 𝑤𝑤1 = 0.5, 𝑤𝑤2 = 0.5, the fitness value 

remains consistent with Scenario 1, recording FTotal = 15.6858. This consistency implies 

robustness of the MOECSEP algorithm in balancing voltage and loss under different 

grid conditions. The maximum total fitness cost occurs again when more importance is 

placed on power loss minimization 𝑤𝑤1 = 0.9, 𝑤𝑤2 = 0.1, reaching FTotal = 28.5106, 

slightly higher than in Scenario 1. This increase reflects a heightened sensitivity of the 

power system to real power losses under stressed conditions, reinforcing the importance 

of strategic weight tuning post-disturbance. The MOECSEP algorithm demonstrates 

strong adaptability to different weight strategies, but prioritizing voltage security yields 

the most reliable and stable outcomes under extreme conditions. 
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Table 4.28  
Comparative Results of FTotal  for Load Shedding Scheme Using MOECSEP in IEEE 57-Bus RTS     

Bus 31  32 33 

Qd 5 10 15 5 10 15 5 10 15 
Scenario 1 

 
 
 

FTotal 

 
w1=0.1 
w2=0.9 

 

3.3037 3.3626 3.5305 3.3357 3.4246 3.5776 3.3023 3.4315 3.5124 

w1=0.5 
w2=0.5 

 
14.6864 15.5266 15.7108 14.8858 15.1319 15.7165 15.1374 15.1935 15.7024 

w1=0.9 
w2=0.1 

  
26.4697 26.6658 27.9327 26.4359 27.6084 28.5789 26.9453 26.9263 27.8891 

Scenario 2 

FTotal 

 
w1=0.1 
w2=0.9 

 

3.3152 3.3500 3.4850 3.2864 3.3845 3.6243 3.3053 3.4468 3.5763 

w1=0.5 
w2=0.5 

 
14.6864 15.4626 15.7070 14.8127 15.4672 15.7491 15.1347 15.1934 15.6858 

w1=0.9 
w2=0.1 

  
26.1564 27.5322 27.9117 26.1521 27.9269 28.5220 26.7253 27.8080 28.5106 
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4.5 Comparative Studies for DG Installation 

This section presents a comprehensive comparative analysis of DG installation 

outcomes across two benchmark power system models, namely the IEEE 30-Bus and 

IEEE 57-RTS. The primary objective is to evaluate and compare the effectiveness of 

the proposed Multi-Objective Evolutionary Clonal Squirrel Search Algorithm 

(MOECSEP) against two established optimisation techniques: Multi-Objective 

Evolutionary Programming (MOEP) and Multi-Objective Squirrel Search Algorithm 

(MOSS). The comparison is performed under identical simulation conditions and 

performance objectives, which include the minimization of power losses and the 

enhancement of voltage security through DG installation. By applying each algorithm 

to both test systems under multiple reactive power loading scenarios, this section aims 

to highlight the relative strengths and capabilities of the proposed MOECSEP technique 

in terms of achieving the lowest total fitness value, along with the associated FVSI and 

loss as compared to MOSS and MOEP as the benchmarked multi-objective 

optimization techniques. 

 

4.5.1 Comparative Studies for DG Installation in IEEE 30-Bus RTS 

This section presents a comparative analysis of three multi-objective 

optimisation techniques: MOEP, MOSS, and MOECSEP for DG installation across 

selected buses in the IEEE 30-Bus RTS. The comparison is based on total power loss 

after DG placement (LossDG), the Fast Voltage Stability Index (FVSIDG), and the 

combined fitness value (FTotal) under two distinct scenarios. The emphasize concerns 

more on FTotal rather the individual FVSI value and power loss. However, the 

achievement of minimal FTotal, will conventionally lead to low FVSI and power loss in 

the system. 

Table 4.29 tabulates the performance comparison of multi-objective 

optimisation algorithms for DG installation in the IEEE 30-Bus RTS, using weight 

coefficients of Case 1 with 𝑤𝑤1 = 0.1 and 𝑤𝑤2 = 0.9. Under Scenario 1, the proposed 

MOECSEP algorithm consistently demonstrates superior performance across all Qd 

levels. For example, at Bus 30 with Qd =25 MVAr, MOECSEP achieves the lowest total 

fitness value of FTotal = 2.8554, compared to 2.9459 by MOEP and 2.9118 by MOSS. 

The corresponding power loss is 23.22 MW, which is also lower than MOEP (23.98 
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MW) and MOSS (23.78 MW), indicating that MOECSEP is more effective in 

minimizing real power loss while enhancing voltage security. In terms of FVSI, 

MOECSEP yields 0.5932, which is lower than both MOEP (0.6084) and MOSS 

(0.6007), showing better voltage security.  

 
Table 4.29  
Performance Comparison of Multi-Objective Optimisation Algorithms for DG 
Installation in IEEE 30-Bus RTS for Case 1 

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
MOEP 

Scenario 1 
LossDG 18.43 21.37 23.96 19.56 20.64 22.99 21.33 23.65 23.98 
FVSIDG 0.2498 0.5325 0.7421 0.2732 0.3901 0.5123 0.2901 0.4435 0.6084 

FTotal 2.0678 2.6158 3.0642 2.2022 2.4146 2.7597 2.3936 2.7646 2.9459 
Scenario 2 

LossDG 20.32 23.66 24.13 19.45 22.22 24.37 20.21 22.04 24.03 
FVSIDG 0.2685 0.6519 0.6921 0.2521 0.4523 0.6087 0.2953 0.5121 0.6128 

FTotal 2.2738 2.9526 3.0354 2.1721 2.6286 2.9843 2.2871 2.6645 2.9548 
MOSS 

Scenario 1 
LossDG 18.65 20.98 23.87 19.79 20.23 22.66 20.25 23.12 23.78 
FVSIDG 0.2365 0.5300 0.7495 0.2721 0.3821 0.5236 0.2893 0.4325 0.6007 

FTotal 2.0781 2.5754 3.0618 2.2234 2.3670 2.7371 2.2859 2.7014 2.9188 
Scenario 2 

LossDG 20.03 23.49 23.47 19.42 21.32 24.32 20.12 21.23 24.00 
FVSIDG 0.2687 0.6412 0.6875 0.2436 0.4511 0.5932 0.2937 0.5012 0.5932 

FTotal 2.2451 2.9258 2.9656 2.1616 2.5381 2.9661 2.2768 2.5742 2.9336 
MOECSEP 
Scenario 1 

LossDG 18.25 20.35 23.23 19.35 19.70 21.25 19.86 22.22 23.22 
FVSIDG 0.2290 0.5012 0.7321 0.2546 0.3845 0.4932 0.2854 0.4238 0.5932 

FTotal 2.0306 2.4864 2.9821 2.1646 2.3158 2.5693 2.2432 2.6030 2.8554 
Scenario 2 

LossDG 19.87 22.35 23.65 19.33 20.37 23.25 19.35 20.27 23.32 
FVSIDG 0.2534 0.5016 0.6724 0.2364 0.4123 0.5841 0.2914 0.4635 0.5432 

FTotal 2.2154 2.6868 2.9706 2.1453 2.4077 2.8511 2.1977 2.4437 2.8210 
 

Under Scenario 2, where the system faces more stressed conditions, MOECSEP 

continues to outperform the other two techniques. For Bus 30 at Qd = 25 MVAr, 

MOECSEP records the lowest fitness value of FTotal=2.8210 with a reduced power loss 

of 23.32 MW and improved FVSI of 0.5432. In contrast, MOEP and MOSS yield higher 

loss values of 24.03 MW and 24.00 MW, respectively, along with higher fitness costs, 

indicating less effective mitigation. The reduced loss and FVSI values indicate that 

MOECSEP performs better when the system is under stress. Results for other reactive 

power loadings involving all the subjected loads for all scenarios by all the optimization 

techniques can be referred to the same table. This phenomenon technically causes the 
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increment of power system resilience when referred to the results in the earlier sections 

(Sections 4.4.1.1). 

 

4.5.2 Comparative Studies for DG Installation in IEEE 57-Bus RTS 

This study proceeds with the performance comparison of multi-objective 

algorithms for DG installation in IEEE 57-Bus RTS with weight coefficient in Case 1 

with 𝑤𝑤1 = 0.1 and 𝑤𝑤2 = 0.9. In general, increment of Qd at all load buses will increase 

the power loss in the system. The performance comparison is tabulated in Table 4.30. 

Under Scenario 1, the MOECSEP algorithm exhibits superior performance compared 

to the other two techniques. At Qd31 =15 MVAr, it achieves the lowest total fitness value 

of FTotal = 3.6068, compared to 3.7848 by MOEP and 3.7000 by MOSS.  

 
Table 4.30  
Performance Comparison of Multi-Objective Optimisation Algorithms for DG 
Installation in IEEE 57-Bus RTS for Case 1 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
MOEP 

Scenario 1 
LossDG 30.99 31.93 32.93 30.93 31.85 32.54 30.96 31.96 32.84 
FVSIDG 0.4137 0.4162 0.5463 0.4236 0.4197 0.5236 0.4207 0.4132 0.5014 

FTotal 3.4710 3.5677 3.7848 3.4745 3.5623 3.7255 3.4750 3.5681 3.7356 
Scenario 2 

LossDG 32.24 32.33 33.70 32.60 32.10 33.08 30.90 32.30 33.84 
FVSIDG 0.4197 0.4176 0.4631 0.4268 0.4287 0.5415 0.4287 0.4193 0.5164 

FTotal 3.6021 3.6088 3.7865 3.6439 3.5956 3.7950 3.4755 3.6071 3.8491 
MOSS 

Scenario 1 
LossDG 30.93 31.06 32.21 30.15 30.96 32.52 30.33 31.24 32.33 
FVSIDG 0.4124 0.4068 0.5320 0.4196 0.4136 0.5193 0.4199 0.4193 0.4932 

FTotal 3.4643 3.4726 3.7000 3.3931 3.4686 3.7195 3.4107 3.5011 3.6764 
Scenario 2 

LossDG 31.54 31.64 33.52 31.04 31.04 33.03 30.39 31.56 33.64 
FVSIDG 0.4193 0.4125 0.4536 0.4204 0.4218 0.5247 0.4293 0.4121 0.5016 

FTotal 3.5310 3.5348 3.7606 3.4819 3.4832 3.7751 3.4258 3.5273 3.8157 
MOECSEP 
Scenario 1 

LossDG 29.32 30.01 31.55 29.32 30.72 31.65 29.04 30.32 31.24 
FVSIDG 0.4065 0.4036 0.5023 0.4135 0.4007 0.5097 0.4132 0.4068 0.4732 

FTotal 3.2980 3.3645 3.6068 3.3043 3.4331 3.6240 3.2756 3.3986 3.5497 
Scenario 2 

LossDG 29.37 30.68 31.24 29.85 30.68 32.07 29.64 30.40 32.06 
FVSIDG 0.4103 0.4001 0.4431 0.4196 0.4103 0.5157 0.4104 0.4015 0.4802 

FTotal 3.3061 3.4285 3.5228 3.3628 3.4377 3.6707 3.3331 3.4012 3.6387 
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This indicates that MOECSEP is more effective in minimizing the total fitness 

value, especially when higher priority is given to voltage stability. In terms of FVSI, 

MOECSEP records a value of 0.5023, which is lower than MOEP (0.5463) and MOSS 

(0.5320), highlighting better voltage stability. Furthermore, the power loss is also the 

lowest for MOECSEP at 31.55 MW, compared to 32.93 MW (MOEP) and 32.21 MW 

(MOSS). These findings validate the effectiveness of the proposed MOECSEP 

technique achieving the lowest FTotal, along with the lowest FVSI and power loss with 

DG installation which in turns maintaining system efficiency and voltage integrity 

under heavy loading. This phenomenon can also be witnessed for other reactive power 

loading values. 

The performance trend continues in Scenario 2, where the system is under stress 

due to a disturbance. MOECSEP again records the lowest fitness value of FTotal = 

3.5338, followed by MOSS (3.7606) and MOEP (3.7865). Apparently MOECSEP 

consistently outperformed both MOEP and MOSS in achieving the lowest FTotal in the 

system through the DG installation. This improvement illustrates MOECSEP 

adaptability and robustness under contingency conditions due to hurricanes in two 

scenarios. The FVSI value with MOECSEP is 0.4431, significantly lower than MOEP 

(0.4631) and MOSS (0.4536). Meanwhile, power loss is also lowest under MOECSEP 

at 31.24 MW, compared to 33.70 MW (MOEP) and 33.52 MW (MOSS), reaffirming 

its superiority in reducing system losses and maintaining voltage performance during 

adverse conditions. The comparative results for Qd31 = 15 MVAr clearly demonstrate 

that MOECSEP consistently outperforms MOEP and MOSS in both hurricane 

scenarios. With lower fitness values, reduced power losses, and improved voltage 

security indices, MOECSEP proves to be the most effective optimisation method for 

DG installation. These outcomes suggest that MOECSEP is well-suited for enhancing 

system resilience and operational reliability in heavily loaded buses within large-scale 

power networks like the IEEE 57-Bus RTS. This phenomenon technically causes the 

increment of power system resilience when referred to the results in the earlier sections 

(Sections 4.4.1.2). The complete results for other reactive power loadings for all 

subjected buses using all the optimization techniques can be referred to the same table 

for both hurricane scenarios. 
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4.6 Comparative Studies for Load Shedding Scheme 

This section focuses on the comparative analysis of load shedding schemes 

applied to two standard power system models, the IEEE 30-Bus and IEEE 57-Bus RTS. 

The purpose of this study is to assess the performance of the proposed MOECSEP in 

comparison with MOEP and MOSS. All three algorithms are evaluated under identical 

hurricane-induced disturbance scenarios to determine their effectiveness in minimizing 

power loss and enhancing voltage security in an integrated fitness equation termed FTotal 

through optimal load curtailment strategy. The simulations are conducted across various 

reactive power demand levels and load buses to reflect different operating stress 

conditions. This comparison helps show how well MOECSEP improves system 

resilience compared to the other methods when facing severe disturbances. 

 

4.6.1 Comparative Studies for Load Shedding in IEEE 30-Bus RTS 

Table 4.31 tabulates the performance comparison of three multi-objective 

optimization techniques: MOEP, MOSS, and MOECSEP, applied to load shedding 

schemes in the IEEE 30-Bus RTS. Results are presented for both Scenario 1 and 

Scenario 2. In general, the increment of Qd at all load buses will increase the power loss 

and FVSI in the system for all subjected load buses in both scenarios. In Scenario 1, at 

Qd29 = 25 MVAr, MOECSEP achieves the lowest power loss at 21.01 MW, compared 

to 22.65 MW for MOEP and 21.96 MW for MOSS. This indicates that MOECSEP is 

more efficient in minimizing system losses during load shedding execution. In terms of 

voltage security, MOECSEP achieves an FVSILS value of 0.4851, which is also 

significantly lower than MOEP (0.5169) and MOSS (0.5127). This improvement 

reflects MOECSEP effectiveness in enhancing voltage security of the system. The total 

fitness value further confirms MOECSEP superiority, with the lowest FTotal = 2.5378, 

as compared to 2.7305 (MOEP) and 2.6576 (MOSS). Even FVSI and power loss have 

been integrated in one combined fitness equation, the implementation of load shedding 

scheme managed to satisfy both loss and FVSI reductions. This phenomenon technically 

causes the increment of power system resilience when referred to the results in the 

earlier sections (Sections 4.4.2.1). Under Scenario 2, MOECSEP continues to 

outperform the other algorithms. At Qd29 = 25 MVAr, it achieves the lowest system loss 

at 21.54 MW, outperforming MOEP (22.64 MW) and MOSS (22.78 MW). The 
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corresponding FVSILS is 0.4731 for MOECSEP, again lower than MOEP (0.5014) and 

MOSS (0.4932), suggesting stronger voltage security performance. 

 
Table 4.31  
Performance Comparison of Multi-Objective Optimization Algorithms for Load 
Shedding Scheme in IEEE 30-Bus RTS for Case 1 

Bus 26 
  

29 30 
  

Qd 10 20 25 10 20 25 10 20 25 
MOEP 

Scenario 1 
LossLS 18.39 20.44 22.51 19.32 20.32 22.65 20.22 22.03 22.04 
FVSILS 0.2904 0.5224 0.7425 0.2415 0.3934 0.5169 0.2415 0.4379 0.5715 
FTotal 2.1002 2.5145 2.9191 2.1494 2.3862 2.7305 2.2389 2.5974 2.7182 

Scenario 2 
LossLS 20.03 21.70 24.25 19.03 21.56 22.64 19.32 23.65 23.55 
FVSILS 0.2518 0.5264 0.7124 0.2531 0.4285 0.5014 0.2435 0.4632 0.5876 
FTotal 2.2299 2.6436 3.0666 2.1311 2.5421 2.7152 2.1516 2.7820 2.8837 

MOSS 
Scenario 1 

LossLS 18.42 20.43 22.44 18.99 20.36 21.96 21.03 21.99 21.93 
FVSILS 0.2659 0.5124 0.7120 0.2378 0.3815 0.5127 0.2531 0.4328 0.5531 
FTotal 2.0816 2.5043 2.8847 2.1128 2.3796 2.6576 2.3311 2.5890 2.6910 

Scenario 2 
LossLS 20.23 21.04 23.25 18.93 20.84 22.78 19.24 22.56 22.36 
FVSILS 0.2497 0.5287 0.6934 0.2347 0.4321 0.4932 0.2397 0.4215 0.5932 
FTotal 2.2479 2.5797 2.9486 2.1044 2.4732 2.7223 2.1394 2.6358 2.7698 

MOECSEP 
Scenario 1 

LossLS 18.27 20.56 22.30 18.45 19.92 21.01 19.04 21.03 21.07 
FVSILS 0.2431 0.4997 0.6875 0.2278 0.3745 0.4851 0.2387 0.4187 0.5488 
FTotal 2.0453 2.5060 2.8490 2.0502 2.3295 2.5378 2.1186 2.4801 2.6005 

Scenario 2 
LossLS 19.45 20.98 22.73 18.79 20.33 21.54 18.99 20.60 21.02 
FVSILS 0.2451 0.5143 0.6756 0.2256 0.4028 0.4731 0.2314 0.4126 0.5547 
FTotal 2.1659 2.5612 2.8813 2.0817 2.3951 2.5800 2.1070 2.4312 2.6017 

 

As for the fitness value, MOECSEP reports FTotal = 2.5800 as the lowest FTotal 

value as compared to MOEP (2.7152) and MOSS (2.7223). The comparative results at 

Bus 29 with Qd = 25 MVAr clearly show that MOECSEP consistently delivers the best 

performance among the three optimization methods. It achieves the lowest system 

losses, improved voltage security, and lowest total fitness values in both scenarios. 

These results confirm that MOECSEP is effective in carrying out load shedding and 

improving the resilience and performance of the IEEE 30-Bus RTS under disruptive 

events. This finding leads to the significant improvement of power system resilience as 

previously discussed in Section 4.4.2.1. The results for other reactive power loadings 

for both scenarios involving all the optimization techniques can be referred to the same 

table. 
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4.6.2 Comparative Studies for Load Shedding in IEEE 57-Bus RTS 

Table 4.32 presents the results for comparative performance of three multi-

objective optimization algorithms, MOEP, MOSS, and MOECSEP for load shedding 

schemes implemented in the IEEE 57-Bus RTS under Case 1 with the weight setting 

𝑤𝑤1 = 0.1 and 𝑤𝑤2 = 0.9. In general, the implementation of MOECSEP in the load 

implementation exhibits its superiority as shown in the Table 4.32 in terms of achieving 

the lowest FTotal, along with the lowest FVSI and power loss values.  

 
Table 4.32  
Performance Comparison of Multi-Objective Optimization Algorithms for Load 
Shedding Scheme in IEEE 57-Bus RTS for Case 1 

Bus 31 
  

32 33 
  

Qd 5 10 15 5 10 15 5 10 15 
MOEP 

Scenario 1 
LossLS 29.99 30.55 32.33 30.24 31.04 32.63 30.91 31.04 31.35 
FVSILS 0.4193 0.4188 0.5127 0.4199 0.4189 0.5327 0.4177 0.4186 0.4932 
FTotal 3.3767 3.4316 3.6939 3.4017 3.4805 3.7426 3.4671 3.4806 3.5791 

Scenario 2 
LossLS 29.85 30.94 31.85 29.89 30.91 32.83 30.45 31.96 32.89 
FVSILS 0.4276 0.4196 0.4508 0.4185 0.4126 0.5146 0.4199 0.4198 0.4935 
FTotal 3.3702 3.4721 3.5909 3.3654 3.4626 3.7463 3.4231 3.5742 3.7333 

MOSS 
Scenario 1 

LossLS 29.85 30.02 31.98 29.86 30.94 32.00 30.85 30.94 31.23 
FVSILS 0.4185 0.4154 0.5073 0.4186 0.4130 0.5178 0.4157 0.4098 0.4815 
FTotal 3.3619 3.3762 3.6541 3.3631 3.4652 3.6657 3.4588 3.4625 3.5568 

Scenario 2 
LossLS 29.96 30.64 31.64 29.65 30.63 32.35 29.89 31.52 32.64 
FVSILS 0.4214 0.4113 0.4532 0.4188 0.4124 0.5173 0.4173 0.4039 0.4835 
FTotal 3.3756 3.4337 3.5714 3.3422 3.4343 3.7010 3.3649 3.5159 3.6987 

MOECSEP 
Scenario 1 

LossLS 29.32 29.94 31.3 29.64 30.63 31.27 29.33 30.65 30.87 
FVSILS 0.4130 0.4098 0.4452 0.4135 0.4013 0.5009 0.4106 0.4067 0.4731 
FTotal 3.3037 3.3626 3.5305 3.3357 3.4246 3.5776 3.3023 3.4315 3.5124 

Scenario 2 
LossLS 29.44 29.89 30.88 29.17 30.23 31.63 29.30 30.85 31.53 
FVSILS 0.4120 0.4007 0.4414 0.4109 0.4015 0.5123 0.4168 0.4018 0.4705 
FTotal 3.3152 3.3500 3.4850 3.2864 3.3845 3.6243 3.3053 3.4468 3.5763 

 

For example, in Scenario 1, Bus 33 with a reactive demand of Qd =10 MVAr, 

witnesses MOECSEP algorithm delivers the best performance in terms of achieving the 

lowest FTotal, along with the lowest FVSI and power loss values. It achieves the lowest 

post-shedding system loss of 30.65 MW, compared to 31.04 MW under MOEP and 
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30.94 MW under MOSS. This indicates a more efficient reduction of active power 

resulted by the load shedding process. 

From a voltage security perspective, MOECSEP yields the lowest FVSILS value 

of 0.4067, outperforming both MOEP (0.4186) and MOSS (0.4098). This result 

highlights MOECSEP effectiveness in maintaining a more stable voltage profile during 

hurricane scenario. The total fitness value, FTotal , which combines both loss and voltage 

stability considerations, is also achieves the lowest value for MOECSEP worth 3.4315, 

followed by MOSS at 3.4625 and MOEP at 3.4806. These results clearly demonstrate 

MOECSEP consistently exhibits superior capability in delivering a balanced and 

resilient load shedding strategy.  

In Scenario 2, the MOECSEP techniques continue to outperform the other two 

algorithms. It records the lowest system loss at 30.85 MW, which is lower than 31.96 

MW (MOEP) and 31.52 MW (MOSS). The FVSILS value remains the lowest for 

MOECSEP at 0.4018, while MOEP and MOSS record slightly higher values of 0.4198 

and 0.4039, respectively.  Furthermore, MOECSEP reports the most optimal total 

fitness value at 3.4468, compared to 3.5159 for MOSS and 3.5742 for MOEP. The 

comparative results at Bus 33 with Qd = 10 MVAr validate that the MOECSEP 

technique consistently outperforms MOEP and MOSS in both scenarios. Therefore, 

MOECSEP proves to be the most effective strategy for load shedding at critical load 

buses in the IEEE 57-Bus RTS. This finding leads to the significant improvement of 

power system resilience as previously discussed. The results for other reactive power 

loadings for both scenarios involving all the optimization techniques can be referred to 

the same table. 

 

4.7 Summary 

This chapter has presented the study on Multi-Objective Embedded Clonal 

Squirrel Evolutionary Programming (MOECSEP) algorithm-based technique for 

resilience improvement in power system. The proposed MOECSEP algorithm has been 

formulated and consecutively demonstrated significant effectiveness in enhancing the 

resilience and operational performance of power systems. Through comprehensive 

simulations on the IEEE 30-Bus and 57-Bus RTS, the algorithm was applied to optimize 

two key strategies: DG installation and load shedding schemes, under two disturbance 

scenarios due to hurricane. 
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The results indicate that MOECSEP consistently outperformed benchmark 

algorithms such as MOEP and MOSS in minimizing system power loss and improving 

voltage stability, particularly under high load conditions. The integration of FVSI and 

power loss confined in FTotal has managed to exhibit the outstanding performance over 

MOEP and MOSS in both DG installation and load shedding strategies. The algorithm 

achieved a good balance between reducing losses and improving stability, as shown by 

its lower fitness values at all critical buses. This in turn improving the power system 

resilience even hurricane scenarios have been experienced by the system. 

On the overall, the MOECSEP technique has proven to be a reliable and 

adaptive solution for resilience improvement, capable of responding efficiently to 

system disturbances and maintaining grid performance. Its hybridized optimisation 

structure positions it as a valuable tool for strategic planning in modern and future 

power systems, especially in the face of increasing uncertainty and extreme events. 
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CHAPTER 5 

EMBEDDED CLONAL SQUIRREL EVOLUTIONARY 

PROGRAMMING (ECSEP)-BASED COMPOSITE STRATEGY 

FOR ENHANCING POWER SYSTEM SURVIVABILITY 

5.1 Introduction 

Electricity demand continues to grow rapidly, and when combined with the 

increasing frequency of natural disasters, it places significant stress on modern power 

networks, making power system survivability essential to keep critical services running 

during extreme conditions. An electrical power system demonstrates survivability 

through its ability to preserve vital operational tasks or restore vital loads at a fast pace 

after experiencing severe disturbances like natural disasters and equipment breakdowns 

and cyber-attacks.  

The power system community now places greater emphasis on survivability 

because high-impact low-frequency events like hurricanes and wildfires and 

coordinated attacks frequently result in extensive power outages. The implementation 

of survivability measures protects critical infrastructure operations while improving 

disaster readiness and supports worldwide targets for dependable and protected energy 

delivery. The concept of survivability guides smart grid development through adaptive 

control systems and distributed resources which need proper planning and design and 

operational strategies.  

This chapter presents a Composite Survivability Strategy (CSS) for power 

systems under extreme disturbance scenarios. To preserve the survivability of power 

system, DG installation and load shedding scheme is proposed. The proposed approach 

integrates DG installation and load shedding schemes, optimised using the developed 

Embedded Clonal Squirrel Evolutionary Programming (ECSEP) technique in the earlier 

chapter. The study is divided into two key objectives: minimizing total system power 

loss and reducing the FVSI, each evaluated under pre-outage and post-outage conditions 

simulating hurricane-induced line outages. The strategy is applied to two benchmark 

test systems: the IEEE 30-Bus and IEEE 57-Bus RTS. 

Through this approach, the chapter demonstrates how supply-side reinforcement 

(via DG installation) and demand-side adjustment (via load shedding) can be co-
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optimised to provide a balanced and effective strategy for improving survivability of 

power system. The outcomes are expected to offer valuable insights for future power 

system planning, particularly in designing grids that are robust, flexible, and capable of 

sustaining critical functions during catastrophic events. 

 

5.2 Power System Survivability 

Power system survivability refers to the capability of an electric power network 

to sustain the delivery of essential services during, and to rapidly recover after, extreme 

disturbances. Unlike conventional power system reliability, which primarily measures 

the frequency and duration of outages under normal operating conditions, survivability 

focuses on high-impact, low-probability events that can severely impair system 

performance, such as hurricanes, earthquakes, cyberattacks, cascading line failures, or 

large-scale equipment malfunctions. A survivable power system is one that can 

withstand severe disruptions without complete service collapse, isolate faults to prevent 

cascading failures, protect critical loads such as hospitals and emergency services, 

reconfigure operational pathways in real-time using network topology changes, and 

restore service rapidly after partial or total outages. 

Survivability is closely related to but distinct from reliability and resilience. 

While reliability deals with the likelihood of uninterrupted service under normal or 

moderately stressed conditions, resilience focuses on the ability to adapt, absorb, and 

recover from disturbances while maintaining acceptable service levels. Survivability in 

this research is treated as a more event-specific, performance-oriented measure, 

targeting the system ability to maintain core functionality during the most severe and 

disruptive scenarios. It therefore incorporates both preventive measures, such as 

strategic DG placement and robust system design, and corrective actions, such as 

intelligent load shedding (LS) and network reconfiguration, to ensure minimal service 

disruption. Several technological and operational measures can be applied to strengthen 

power system survivability. DG provides local energy sources that can continue to 

supply loads when central generation is disrupted. Intelligent load shedding ensures that 

critical loads are given priority while non-essential demand is reduced to maintain 

stability. Thus, the role of ECSEP is crucial and relevant to ensure power system 

survivability.  
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In this research, survivability is quantified using two primary performance 

indicators, namely total real power loss and FVSI, as both indicators directly capture 

the effects of DG installation and load shedding strategies under extreme conditions. 

Minimizing system loss ensures efficient energy transfer even during outages, while 

reducing FVSI reflects improved voltage security and stability margins under stressed 

operations. Although DG installation and the load shedding scheme individually 

contribute to enhancing system performance, their combined application through a 

composite strategy leverages the strengths of both approaches: DG installation provides 

local supply support that reduces dependency on stressed transmission lines, whereas 

the load shedding scheme acts as a corrective mechanism to stabilize voltages and 

prevent cascading failures.  

 

 
Figure 5.1  Conceptual Survivability Curve under Different Compensation Strategies 

 

Figure 5.1 illustrates the general progression of system performance over time 

in response to an extreme disturbance. At the initial stage (Region I: 𝑡𝑡 < 𝑡𝑡1) the system 

operates under normal steady-state conditions with stable performance. When the 

outage occurs at 𝑡𝑡2 (Region II: 𝑡𝑡1 < 𝑡𝑡 < 𝑡𝑡2), a sharp decline in performance is observed, 

representing the immediate impact of the disturbance on network functionality. Without 

corrective measures, the system remains in a degraded state until 𝑡𝑡3 (Region III: 𝑡𝑡2 <

𝑡𝑡 < 𝑡𝑡3), when compensation techniques are applied to initiate recovery. The recovery 

trajectory from 𝑡𝑡3 to 𝑡𝑡4 (Region IV: 𝑡𝑡3 < 𝑡𝑡 < 𝑡𝑡4), reflects the effectiveness of different 
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strategies in restoring the system to an acceptable performance level. At (Region V: 𝑡𝑡 >

𝑡𝑡4), the system has reached the secure region. 

Studies have been conducted to evaluate the impact of stand-alone techniques 

such as DG installation and the load shedding scheme in various configurations. For 

instance, cases with three DG installations (3DG) and five DG installations (5DG) were 

tested to evaluate the extent to which additional distributed generation capacity 

enhances performance recovery. Similarly, load shedding schemes at three locations 

(3LS) and four locations (4LS) were examined to determine how strategic demand 

curtailment contributes to system stabilization under stressed operating conditions. 

These stand-alone applications demonstrate partial improvements in performance, with 

higher DG capacity or increased load shedding generally yielding better results 

compared to smaller configurations. However, the improvements achieved individually 

remain limited in scope. 

To overcome these limitations, the Composite Survivability Strategy (CSS) was 

formulated by combining 5DG installation with the 4LS scheme in a coordinated 

manner. This integrated approach influences the strengths of both supply-side 

reinforcement and demand-side adjustment, enabling a more balanced and effective 

response to disturbances. As shown in the figure, the CSS achieves the highest post-

recovery performance at t₄ compared to the stand-alone cases. This clearly demonstrates 

that co-optimizing DG installation and load shedding scheme produces superior 

survivability outcomes, ensuring faster recovery, improved stability margins, and a 

more reliable post-event operating state for the power system. 

The proposed ECSEP algorithm plays a central role in this composite strategy 

by simultaneously optimizing DG installation placement and load shedding scheme 

allocation. Its chaotic component enhances global search diversity, the cloning operator 

preserves high-quality solutions, and the squirrel search mechanism accelerates 

convergence, enabling robust configurations even under severe outage scenarios. 

During hurricane-induced disturbances simulated on the IEEE 30-Bus RTS and IEEE 

57-Bus RTS, the network experiences severe voltage instability and increased power 

losses due to multiple line outages. Without compensation, the FVSI approaches 

instability thresholds, leading to a high risk of cascading failures. By applying the 

ECSEP-based composite strategy, DG installation and load shedding scheme actions 

are coordinated to mitigate these adverse effects, maintaining acceptable FVSI values 

and restoring network performance close to pre-outage conditions. The framework 
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provides both technical resilience and operational continuity for essential facilities 

including hospitals and emergency services and communication infrastructure during 

disruptions which demonstrates the real-world value of this approach. 

Table 5.1  
Configuration of DG Installation and LS Strategies Parameters for Simulation Cases 

DG Installation 

                                                   Parameters 

Cases L1 L2 L3 L4 L5 S1 S2 S3 S4 S5   

1DG 1 0 0 0 0 1 0 0 0 0   

2DG 1 1 0 0 0 1 1 0 0 0   

3DG 1 1 1 0 0 1 1 1 0 0   

4DG 1 1 1 1 0 1 1 1 1 0   

5DG 1 1 1 1 1 1 1 1 1 1   

Load Shedding Scheme 

                                                    Parameters 

Cases L1 L2 L3 L4 Pd1 Pd2 Pd3 Pd4 Qd1 Qd2 Qd3 Qd4 

1LS 1 0 0 0 1 0 0 0 1 0 0 0 

2LS 1 1 0 0 1 1 0 0 1 1 0 0 

3LS 1 1 1 0 1 1 1 0 1 1 1 0 

4LS 1 1 1 1 1 1 1 1 1 1 1 1 

 

Table 5.1 tabulates the parameter configurations considered for DG installation 

and load shedding scheme in the simulation study. The simulation study uses the 

parameter settings from Table 5.1 to evaluate DG installation and load shedding scheme 

performance. These parameters are applied to evaluate the performance of the system 

under various DG and load shedding scenarios. The DG installation parameters consist 

of two categories: location variables (L1-L5), which specify the optimal locations for 

DG placement and sizing variables (S1-S5), which define the active power output of the 

installed DG units. The simulation cases are progressively arranged from 1DG to 5DG, 

representing the incremental addition of DG units to the system. The load shedding 

scheme comprises three categories of parameters: location variables (L1-L5), which 

indicate the buses subjected to load shedding; active power to be shed from the system 

(Pd1-Pd4); and reactive power to be shed from the system (Qd1-Qd4). The simulation 

considers four progressive load shedding scenarios, designated as 1LS, 2LS, 3LS and 

4LS. The organized system design enables researchers to study on how DG systems and 
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load shedding methods affect power system performance when used separately and 

together. 

The Table 5.1 shows '1' as an indicator that the parameter remains active for 

optimisation while ECSEP will search for it to meet the defined objective functions. 

The value '0' in the Table 5.1 indicates that the parameter stays outside the search area 

for that specific case thus remaining inactive during optimisation. For instance, a single 

DG installation involves two parameters, namely the location and size of the DG unit, 

while a single load shedding scheme requires three parameters confining: the location 

of the curtailed bus, active power to be shed (Pd), and reactive power to be shed (Qd). 

Consequently, the total number of parameters that need to be optimised by ECSEP is 

directly determined by the number of DG units and load shedding schemes tabulated in 

a given case. 

The CSS system integrates DG installation methods with load shedding schemes 

to create an integrated solution which boosts power system resilience against extreme 

disturbances. The study implements CSS through the implementation of 5DG units 

together with 4LS schemes conducted concurrently. The 5DG scheme depends on 10 

parameters which include DG unit locations L1 to L5 and their active power sizing S1 to 

S5. The 4LS scheme needs 12 parameters to operate because each load shedding scheme 

requires 3 parameters which include L1 to L4, Pd1 to Pd4 and Qd1 to Qd4. The 22 decision 

parameters in the CSS framework enable the optimization algorithm to simultaneously 

determine the optimal locations and sizes of DG, as well as the load shedding locations 

and their corresponding power reduction levels. The extensive parameterization allows 

the optimisation algorithm to link supply-side reinforcement with demand-side 

adjustment for better loss reduction and voltage stability improvement during severe 

disturbances. 

 

5.3 Algorithm for Power System Survivability  

The development of an effective algorithm for power system survivability is 

essential to ensure that the grid can withstand and recover from severe disturbances 

while maintaining the electricity delivery of critical services. This study defines 

survivability through two main aspects which include enduring rare high-impact events 

like hurricane-caused power outages and implementing fast and efficient preventive and 

corrective measures for system recovery. A computational system must exist to find the 
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best operational methods which reduce system performance decline and enhance 

recovery speed after disruptions. 

The proposed survivability algorithm combines DG installation with intelligent 

load shedding through an integrated optimisation system that optimizes both preventive 

and corrective actions to boost system performance when facing contingency situations. 

The system uses total power loss and FVSI as performance indicators for decision-

making because both indicators represent power transfer efficiency and voltage security 

levels. The algorithm achieves better operational performance and voltage stability 

through simultaneous optimisation during pre-outage and post-outage periods. 

The study implements ECSEP as its optimisation technique to solve the 

problem.  ECSEP combines the global search capability of the squirrel search algorithm 

with the local exploitation ability of evolutionary programming, enhanced by chaotic 

cloning for population diversity. Through iterative simulation of contingency conditions 

in the IEEE 30-Bus and IEEE 57-Bus RTS, the algorithm determines the most effective 

DG placements and load shedding schemes to improve survivability outcomes. 

Figure 5.2 illustrates the overall procedure for implementing the ECSEP 

algorithm in the CSS, which integrates 5DG installations and 4LS schemes. The process 

begins by defining the parameters of the system, followed by obtaining the pre-outage 

and post-outage values to establish baseline performance before optimisation. The 

system generates random individuals that represent DG placement and LS scheme 

schemes before applying cloning to maintain high-quality solutions. The system 

evaluates the fitness values (Fitness I) of the redefined individuals to select the most 

promising candidates.  

The algorithm introduces random squirrel positions to boost exploration and 

prevent early convergence. The algorithm updates candidate positions through the to 

choose the most successful candidates from both the 5DG and 4LS schemes. The 

position of each candidate is subsequently updated using the squirrel search equation, 

and new offspring fitness values (Fitness II) are calculated. The algorithm performs a 

tournament selection process performs this cycle repeatedly until it fulfils convergence 

requirements or reaches its predefined maximum number of iterations. The RI value is 

compared with a predefined threshold value to determine the survivability of the system. 

If the RI is greater than or equal to the specified threshold, the system is considered 

survivable. Otherwise, the system is classified as not survivable, and the optimization 
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process is repeated until the optimal solution that satisfies the survivability criterion is 

achieved. 

 

 
Figure 5.2  Flowchart of the ECSEP-Based Composite Survivability Strategy (CSS) 

with 5DG and 4LS 

 

The process then terminates, providing the optimal scheme of DG installation 

and load shedding scheme that minimizes system loss and improves voltage stability, 

thereby enhancing overall system survivability. 

 

5.4 Power System Survivability Strategy Framework 

The power system survivability strategy framework developed in this research 

provides a comprehensive approach in maintaining essential grid operations during and 

after severe disturbances. The framework combines the preventive and corrective 
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measures which work together to protect the system from extreme events and restore 

operations quickly with minimal impact on essential power supply. The preventive 

measures include DG placement optimisation for network strength enhancement and 

transmission line stress reduction and emergency power supply during central 

generation failures. Network strength enhancement is achieved through the strategic 

placement of DG units that provide localized generation support, improving voltage 

stability and increasing the system's ability to withstand disturbances. Transmission line 

stress reduction occurs when power is generated closer to load canters, thereby reducing 

long-distance power transfers, lowering line loading levels, and minimizing 

transmission losses. Furthermore, DG units serve as emergency power sources during 

contingencies such as central generation failures or transmission outages, enabling 

localized supply support and maintaining service continuity to critical loads. 

Collectively, these capabilities contribute to improving the overall survivability and 

resilience of the power system. The intelligent load shedding system performs 

corrective actions by choosing non-essential power cuts and stop system breakdowns 

after disturbances. 

The framework targets high-risk low-chance events through hurricane power 

outages which function as the primary disturbance model in this research. The 

simulation environment implements the IEEE 30-Bus and IEEE 57-Bus RTS systems 

to analyse transmission infrastructure fragility curves for contingency condition 

modelling. System performance is quantified using two key survivability metrics: total 

real power loss, which reflects the operational efficiency of power transfer and the FVSI, 

which assesses the system proximity to voltage instability. Both metrics are evaluated 

in pre-outage and post-outage conditions to capture the extent of performance 

degradation and recovery potential. 

The optimisation process for both preventive and corrective actions is carried 

out simultaneously using the ECSEP algorithm. This hybrid technique combines the 

global exploration ability of the Squirrel Search Algorithm (SSA), the local exploitation 

capability of Evolutionary Programming (EP), and diversity preservation through 

chaotic cloning. By embedding both DG installation and load shedding decisions into a 

unified search space, the ECSEP-based framework ensures a balanced trade-off 

between loss minimization and voltage stability improvement. The output of this 

strategy framework is an optimised operational plan that enhances the system’s 
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survivability index, ensuring sustained supply to critical loads and rapid restoration of 

service pathways even under severe contingency conditions. 

Figure 5.3 presents the overall framework of the proposed power system 

survivability strategy. The framework is divided into two main branches: stand-alone 

techniques and the Composite Survivability Strategy (CSS). The stand-alone techniques 

involve the independent application of DG installation and load shedding schemes, 

which are tested on the IEEE 30-Bus and IEEE 57-Bus RTS systems under two outage 

scenarios. In contrast, the CSS integrates DG installation and load shedding into a 

unified approach to enhance system performance under disturbance conditions. The 

performance of each compensation technique is evaluated based on two system 

performance indicators, namely power loss and the FVSI. These indicators are used to 

assess the effectiveness of the compensation strategies in improving system operational 

stability after an outage. 

 

 
Figure 5.3  Power System Survivability Strategy Framework: Compensation 

Techniques and Evaluation Process 
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Following the performance evaluation, the RI is calculated to quantify the 

survivability level of the power system under the applied compensation strategies. The 

RI provides an integrated measure of system performance under disturbed conditions 

and reflects the ability of the system to maintain acceptable operating conditions. The 

calculated RI is then compared with a predefined survivability threshold to determine 

whether the system can sustain stable operation under the given scenario. Finally, the 

results obtained from both test systems and compensation strategies are compared 

through a comparative analysis to identify the approach that provides the most effective 

improvement in power system survivability and resilience. 

 

5.5 Results and Discussion 

This section presents the results obtained from the implementation of the 

proposed optimal composite survivability strategy in power system. The strategy 

integrates DG installation and intelligent load shedding within the ECSEP optimisation 

framework, aiming to enhance system performance during and after severe 

disturbances. The evaluation is carried out on the IEEE 30-Bus and IEEE 57-Bus RTS 

under simulated hurricane-induced outage scenarios. 

The results are discussed in terms of the two primary survivability performance 

objective functions: total real power loss and the FVSI. Both metrics are examined in 

pre-outage and post-outage conditions to capture the effectiveness of the proposed 

strategy in mitigating performance degradation. Comparative analyses with benchmark 

optimisation techniques are also provided to demonstrate the superiority of the proposed 

approach in achieving balanced improvements in both loss reduction and voltage 

stability. The following subsections present detailed findings for both IEEE 30-Bus 

RTS and IEEE 57-Bus RTS. Eventually, decision can be made by the power system 

operators or planners to choose which strategy is viable to maintain the survivability of 

their systems. 

 

5.5.1 Composite Survivability Strategy in IEEE 30-Bus RTS 

This section presents the implementation and evaluation of the proposed 

composite survivability strategy on the IEEE 30-Bus RTS. For the IEEE 30-Bus RTS, 

simulation studies were conducted with a focus on reactive power load at Bus 26, where 
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the reactive loading, Qd , is 25 MVAr. This bus was selected as it represents one of the 

weakest nodes in the test system as stated in Chapter 3, Chapter 4 and also agreed by 

Ismail in [189]. The CSS, integrating two compensation schemes, DG installation and 

load shedding was implemented using the ECSEP algorithm. Comparative analyses 

with benchmark optimisation methods are also included to validate the superiority of 

the proposed ECSEP-based composite approach.  

 

5.5.1.1 Loss Minimization 

Two scenarios, representing different hurricane event conditions, were 

simulated and analysed to evaluate loss minimization. The trend of loss reduction was 

examined by comparing several loss values: the baseline loss before the event 

occurrence (LossSet), the loss following the event (LossOut), the loss after DG installation 

(LossDG), the loss after applying the load shedding scheme (LossLS), and the loss 

achieved through the composite survivability strategy (LossCSS). In addition, the 

corresponding R1 and R2 values were assessed for each loss condition to provide a 

comprehensive performance evaluation. R1 is the resilience index before strategy 

implementation and R2 is the resilience index after strategy implementation. 

Table 5.2 presents the performance of different survivability strategies at Bus 

26 with a reactive loading of Qd = 25 MVAr. The baseline system loss before the line 

outage event was recorded due to hurricane as LossSet = 22.26 MW, which subsequently 

increased significantly to LossOut = 70.49 MW due to the event occurrence of Scenario 

1, highlighting the system vulnerability under stressed conditions. When DG was 

integrated into the system, the system loss reduced to 22.33 MW, accompanied by 

resilience indices R1DG = 0.462 and R2DG = 0.464. 

Table 5.2  
Performance of DG Installation, Load Shedding, and Composite Survivability 
Strategy in Terms of Loss Reduction and Resilience Indices (R1, R2) for the IEEE 
30-Bus RTS at Qd26 = 25 MVAr  
 LossDG R1DG R2DG  LossLS R1LS R2LS  LossCSS R1CSS R2CSS  

Scenario 1 22.33 0.462 0.464  22.99 0.462 0.484  22.32 0.462 0.463  

Scenario 2 22.27 2.910 2.914  23.47 2.910 3.638  22.27 2.910 2.911  

 Notes: LossSet = 22.26 MW; LossOut (Scenario 1) = 70.49 MW; LossOut (Scenario 2) = 29.92 MW 
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The load shedding scheme causes the reduction in loss to 22.99 MW within 

Scenario 1, with resilience indices R1LS of 0.462 and R2LS = 0.484. On the other hand, 

CSS, which integrates DG installation and load shedding, achieved the most favourable 

result with a system loss of 22.32 MW. The resilience indices (R1CSS = 0.462, R2CSS = 

0.463) further support that CSS provides a balanced solution in maintaining stability 

while minimizing loss. This implies that the strategies manage to make the system 

survives within Scenario 1.  

For Scenario 2, the LossSet was originally 22.26 MW before any hurricane 

affected the system. With hurricane occurrence the system loss is increased to 29.92 

MW (LossOut). When DG was integrated into the system, the system loss reduces to 

22.27 MW, with corresponding resilience indices of R1DG = 2.910 and R2DG = 2.914. 

This indicates that DG integration was able to restore the system close to its pre-event 

condition while maintaining relatively stable resilience performance. The load shedding 

scheme resulted in a loss of 23.47 MW, with the corresponding resilience indices of 

R1LS = 2.910 and R2LS of 3.638. These results indicate that load shedding was also able 

to minimize loss while simultaneously enhancing system resilience, demonstrating its 

effectiveness in alleviating system stress under this scenario. The CSS achieved the 

most favourable results, with a system loss of 22.27 MW and resilience indices of R1CSS 

= 2.910 and R2CSS = 2.911.  

These values highlight the effectiveness of CSS in not only minimizing loss but 

also ensuring balanced resilience indices across the system. Overall, the results confirm 

that while DG installation and load shedding individually enhance system resilience, 

the composite strategy delivers superior performance, achieving the lowest loss value 

and ensuring stable resilience levels. This demonstrates the effectiveness of integrating 

multiple survivability schemes for improving power system performance under extreme 

event conditions. In terms of system survivability indicated by their resilience index, 

load shedding is better than DG integration and CSS strategies. This allows the power 

system operators to choose which strategy is preferrable for their system in both 

scenarios. Figure 5.4 presents the percentage loss reduction (PLR) performance of three 

mitigation strategies: DG installation, load shedding scheme, and the CSS in the IEEE 

30-Bus RTS. The PLR values indicate the effectiveness of each strategy in reducing 

total system losses under two distinct event conditions. In Scenario 1, the PLR values 

were consistently high, with CSS achieving the highest reduction of 68.34%, followed 

closely by DG at 68.32% and load shedding at 67.39%. These results highlight that, 
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under the conditions defined for Scenario 1, the application of any of the strategies 

provides significant improvement in system resilience. The superior performance of 

CSS reflects the benefit of integrating DG and LS measures, which enhances the system 

overall survivability looking at the loss reduction. 

 

 
Figure 5.4  Percentage of Loss Reduction (PLR) for DG, LS, and CSS Strategies 

under Scenario 1 and Scenario 2 in IEEE 30-Bus RTS 

 

In Scenario 2, CSS exhibited the highest PLR of 25.57%, with DG integration 

or installation closely following at 25.55%, while LS achieved a PLR of 21.56%. 

Although the improvements were more modest, the outcomes emphasize the continued 

value of deploying these strategies to reduce system losses during adverse conditions. 

The CSS approach again provided the best result in terms of loss reduction, 

demonstrating its effectiveness as a comprehensive strategy even when the system is 

exposed to more severe disruptions. 

Figure 5.5 shows the system loss profile during Scenario 1 under three 

compensation strategies: DG installation, load shedding scheme and the CSS. At the 

pre-outage stage (t1), all strategies start at the same baseline of 22.27 MW. During the 

outage (t2), losses rise sharply to 70.49 MW for all cases, indicating that the disturbance 

initially affects the system equally regardless of the applied strategy. Differences 

emerge during the recovery stage (t3). Both DG and CSS successfully reduce the 

transmission loss to 22.33 MW and 22.32 MW, respectively, demonstrating their 
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effectiveness in restoring system performance. In contrast, load shedding scheme 

achieves only 22.99 MW, which is higher than both DG installation and CSS, reflecting 

its relatively weaker capability in minimizing losses. By the post-recovery stage (t4), all 

strategies converge to the same steady-state level of 22.27 MW. Nevertheless, CSS 

demonstrates the most efficient recovery path, outperforming load shedding scheme and 

matching the strong performance of DG installation.  

 

 
Figure 5.5  Loss Profile under Different Compensation Strategies in IEEE 30-Bus 

RTS for Scenario 1 

 

Figure 5.6 illustrates the loss profile for Scenario 2 under the same three 

compensation strategies. At the pre-outage stage (t1), all strategies again begin at 22.27 

MW. During the outage (t2), the losses increased moderately to 29.92 MW, which is 

considerably lower than in Scenario 1, reflecting the different severity of the 

disturbance. At the recovery stage (t3), DG installation and CSS again restore the system 

to the pre-outage condition at 22.27 MW, showing strong effectiveness in loss 

minimization. On the other hand, load shedding scheme records a higher recovery loss 

of 23.47 MW, consistent with the results observed in Scenario 1, and indicating its lower 

efficiency compared to DG installation and CSS. 
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Figure 5.6  Loss Profile under Different Compensation Strategies in IEEE 30-Bus 

RTS for Scenario 2 

By the post-recovery stage (t4), the loss values converge across all strategies at 

22.27 MW indicating system stabilization. Similar to Scenario 1, CSS exhibits the best 

performance, maintaining minimal losses throughout the disturbance period, followed 

closely by DG installation, while load shedding remains the least effective approach. 

 

5.5.1.2 Voltage Stability Improvement 

In addition to loss minimization, the CSS also emphasizes the improvement of 

voltage stability within the IEEE 30-Bus RTS. To comprehensively evaluate this aspect, 

two distinct scenarios were simulated and analysed with respect to the FVSI variation. 

The FVSI values serve as the critical indicators to system vulnerability, allowing a 

detailed assessment of how the proposed strategies contribute in maintaining voltage 

stability under different operating conditions. 

Table 5.3  
Performance of DG Installation, Load Shedding, and Composite Survivability 
Strategy in Terms of Voltage Stability Improvement and Resilience Indices (R1, R2) 
for the IEEE 30-Bus RTS at Bus 26 with Qd = 25 MVAr  
 FVSIDG R1DG R2DG  FVSILS R1LS R2LS  FVSICSS R1CSS R2CSS 

Scenario 1 0.6542 5.542 5.615  0.7035 5.542 10.469  0.6532 5.542 5.559 

Scenario 2 0.6752 2.077 2.312  0.6595 2.077 2.142  0.6546 2.077 2.093 

Notes: FVSISet = 0.6529 p.u.; FVSIOut (Scenario 1) = 0.7707 p.u.; FVSIOut (Scenario 2) = 0.9673 p.u. 
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Table 5.3 tabulates the performance of DG installation, load shedding, and CSS 

in improving voltage stability and resilience at Qd26 = 25 MVAr. In Scenario 1, the 

baseline FVSI value before the event was 0.6529, it increases to 0.7707 after the event, 

indicating reduced voltage stability. With DG installation, the FVSIDG reduced to 

0.6542, accompanied by R1DG  = 5.542 and R2DG  = 5.615. The load shedding scheme 

improved the FVSILS to 0.7035 with R1LS = 5.542 and R2LS = 10.469, demonstrating that 

load shedding effectively reduced instability compared to the post-event condition. The 

CSS strategy managed to achieve the best outcome with FVSICSS = 0.6532, nearly 

identical to the baseline, supported by R1CSS = 5.542 and R2CSS of 5.559. Apparently, 

LS strategy achieves better resilience over DG and CSS. In terms of voltage stability 

improvement, CSS apparently outperformed LS and DG strategies. 

In Scenario 2, the baseline FVSI before the event was 0.6529, which increases 

sharply to 0.9673 after the event, reflecting severe instability. The integration of DG 

reduced the index to FVSIDG = 0.6752, with resilience indices R1DG = 2.077 and R2DG 

= 2.312, indicating improved system stability. The load shedding scheme further 

improved the stability margin with FVSILS = 0.6595, with the corresponding resilience 

of R1LS = 2.077 and R2LS = 2.142, highlighting its effectiveness in relieving system 

stress. The CSS once again delivered the most favourable result with FVSICSS = 0.6546, 

resilience indices of R1CSS  = 2.077 and R2CSS = 2.093, confirming its robustness in 

restoring the system close to its pre-event condition. This demonstrates the effectiveness 

of combining DG installation and load shedding in reducing system vulnerability and 

enhancing post-disturbance voltage recovery.  

On the overall, the results demonstrate that while both DG installation and load 

shedding improve voltage stability and resilience, the CSS consistently provides the 

most effective performance by restoring FVSI values nearly to the baseline and 

maintaining stable resilience indices across both scenarios. Figure 5.7 presents the 

results for percentage reduction in FVSI for DG, LS and CSS strategies in IEEE 30-Bus 

RTS. The results highlight how each strategy contributes to improving system 

performance under different conditions. 
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Figure 5.7  Percentage of FVSI Reduction (PFR) for DG, LS, and CSS Strategies 

under Scenario 1 and Scenario 2 in IEEE 30-Bus RTS 

 

In Scenario 1, the reduction values were modest, with CSS and DG giving 

almost the same results at 15.25% and 15.12%, while LS recorded a lower value of 

8.72%. These results show that the compensation strategies are effective in reducing 

FVSI, with CSS showing a slight advantage due to the combined effect of DG and LS. 

In Scenario 2, substantial reduction in FVSI values can be observed. CSS 

achieved the largest reduction at 32.33%, followed closely by LS strategy of 31.82% 

and DG of 30.20%. This indicates that all strategies worked well in improving voltage 

stability, with CSS being dominant as compared to LS and DG strategies. The results 

confirm that combining DG and LS provides a stronger effect compared to applying the 

strategies individually.  

Figure 5.8, the results of FVSI profile under different compensation strategies 

for Scenario 1, implemented in IEEE 30-Bus RTS are presented. The FVSI profile 

shown in Figure 5.8 reveals the varying effectiveness of the three compensation 

approaches. All strategies begin at the same stability level during the pre-outage period 

(t1 = 0.6529) and experience a sharp deterioration during the outage (t2 = 0.7707). 
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Figure 5.8  FVSI Profile under Different Compensation Strategies in IEEE 30-Bus 

RTS for Scenario 1 

 

The critical distinction arises at the recovery stage (t3). The composite 

survivability strategy (CSS) and DG installation rapidly drive the FVSI back close to 

the pre-disturbance condition (0.6532 and 0.6542, respectively), highlighting their 

ability to stabilize the system effectively. By contrast, the LS strategy lags behind with 

a higher FVSI value of 0.7035, suggesting slower and less efficient stabilization. Once 

the system reaches the post-recovery state (t4), all strategies converge to the same value 

of 0.6529, restoring the system to its initial condition. Nevertheless, the evidence is 

clear: CSS consistently demonstrates superior performance during recovery, 

outperforming the LS and DG strategies while offering a more balanced resilience 

improvement. Figure 5.9 depicts the FVSI profile of the IEEE 30-Bus RTS involving 

all the compensation strategies in Scenario 2. Scenario 2 shows a similar pattern but 

with some differences. FVSI values for all strategies start at 0.6529 in the pre-outage 

stage (t1) and rise to 0.9673 during the outage (t2), reflecting a sharper stress level 

compared to Scenario 1. When the system moves into recovery (t3), CSS again shows 

the strongest stabilizing effect, reducing FVSI to 0.6546. DG strategy performs 

reasonably well at 0.6752, while the LS strategy records 0.6595, slightly better than in 

Scenario 1 but still inferior to CSS. At the post-recovery stage (t4), the FVSI values of 

all strategies settle back to 0.6529, indicating complete restoration. However, the 

comparative analysis underlines a consistent finding: CSS delivers the best recovery 
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performance by ensuring the lowest FVSI during the transient phase, reinforcing its role 

as the most robust approach for enhancing voltage stability in the IEEE 30-Bus RTS. 

 

 
Figure 5.9  FVSI Profile under Different Compensation Strategies in IEEE 30-Bus 

RTS for Scenario 2 

 

5.5.2 Composite Survivability Strategy in IEEE 57-Bus RTS 

Similar study was conducted on IEEE 57-Bus RTS to investigate the 

performance of the proposed strategies when implemented on a larger system.  Two 

similar objective functions were considered: loss minimization and voltage stability 

improvement. Two distinct scenarios were simulated to examine the impact DG, LS 

and CSS under different hurricane and outage conditions termed Scenario 1 and 

Scenario 2 as those conducted in IEEE 30-Bus RTS. For this test system, the simulation 

was centred on Qd33 = 15MVAr, which was selected as it represents one of the weakest 

nodes in the network. 

 

5.5.2.1 Loss minimization 

In the case of the IEEE 57-Bus RTS, the evaluation of loss minimization was 

carried out through the simulation of two scenarios reflecting different hurricane 

disturbances. The analysis considered the variation in system losses across several 
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stages, starting with the baseline loss prior to the disturbance (LossSet), followed by the 

loss recorded immediately after the event occurrence (LossOut).  

Table 5.4  
Performance of DG Installation, Load Shedding, and Composite Survivability 
Strategy in Terms of Loss Reduction and Resilience Indices (R1, R2) for the IEEE 
57-Bus RTS at Qd33 = 15 MVAr  
 LossDG R1DG R2DG  LossLS R1LS R2LS  LossCSS R1CSS R2CSS 

Scenario 1 30.56 4.101 4.112  31.25 4.101 4.635  30.55 4.101 4.102 

Scenario 2 31.97 1.308 1.458  31.00 1.308 1.354  30.98 1.308 1.351 

Notes: LossSet = 30.55 MW; LossOut (Scenario 1) = 38.00 MW; LossOut (Scenario 2) = 53.90 MW 

 

Subsequent assessments included the impact of DG installation strategy 

(LossDG), the application of LS strategy (LossLS), followed by CSS (LossCSS). Alongside 

these loss values, the corresponding resilience indicators R1 and R2 were also 

computed, enabling a thorough assessment of system behaviour and the effectiveness 

of the applied strategies under the tested conditions. 

Table 5.4 tabulates the performance of DG installation, LS, and the CSS in terms 

of loss reduction and resilience indices with reactive power loading subjected to Bus 33 

in IEEE 57-Bus RTS with Qd = 15 MVAr. In Scenario 1, the baseline system loss before 

the disturbance was LossSet = 30.55 MW, which increased to LossOut = 38.00 MW after 

the event. This increase reflects the vulnerability of the system when subjected to 

hurricane. With DG installation, the loss was reduced to 30.56 MW, with the 

corresponding resilience indices of R1DG  = 4.101 and R2DG  = 4.112, demonstrating the 

ability of DG to restore the system to near pre-event conditions. The LS strategy resulted 

in a slightly higher loss of 31.25 MW, with resilience indices of R1LS = 4.101 and R2LS 

 = 4.635, showing that while load shedding mitigated the impact of the event, its 

effectiveness was lower compared to DG. The CSS achieved the best outcome, restoring 

the loss to 30.55 MW, with resilience indices of R1CSS = 4.101 and R2CSS = 4.102, 

confirming that CSS provides the most balanced and effective recovery under Scenario 

1. In terms if resilience improvement, LS strategy could be a better choice. 

In Scenario 2, the baseline system loss is LossSet = 30.55 MW, which increased 

significantly to LossOut = 53.90 MW after the disturbance, indicating severe stress on 

Bus 33. With DG installation strategy, the system loss was reduced to 31.97 MW, with 

the corresponding resilience indices of R1DG = 1.308 and R2DG = 1.458. The load 

shedding scheme further improved system performance with a loss of 31.00 MW, and 
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resilience indices R1LS = 1.308 and R2LS = 1.354, showing enhanced resilience 

compared to the post-event condition. The CSS again provided the most effective 

solution, reducing the loss to 30.98 MW, supported by resilience indices R1CSS = 1.308 

and R2CSS = 1.351, which closely match the baseline values. This result confirms that 

CSS consistently achieves superior recovery by minimizing losses and maintaining 

balanced resilience indices even under severe event conditions. Taken together, the 

results from both scenarios highlight that although DG installation and LS individually 

contribute to improving system resilience, the CSS remains the most effective, as it 

consistently restores the system close to its pre-disturbance condition while ensuring 

stable resilience indices. 

Figure 5.10 shows the results for percentage of loss reduction (PLR) achieved 

using DG installation, load shedding technique, and the CSS for the IEEE 57-Bus RTS 

under two scenarios. The results reflect how each compensation strategy helps reduce 

system losses during disruptive events. In Scenario 1, the PLR values were moderate, 

ranging between 17.75% and 19.60%. CSS recorded the highest reduction at 19.60%, 

followed by DG at 19.56%, while LS gives a slightly lower value of 17.75%. These 

values confirm that all three techniques are effective in power system loss reduction, 

with CSS giving a marginal advantage because of its combined approach. 

 

   

 
Figure 5.10  Percentage Loss Reduction (PLR) for DG, LS, and CSS Strategies under 

Scenario 1 and Scenario 2 in IEEE 57-Bus RTS 
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In Scenario 2, the performance of all strategies improved significantly. CSS 

achieved the highest reduction at 42.53%, with LS strategy showing a very close result 

at 42.48%, and DG at 40.68%. These higher percentages indicate that the mitigation 

strategies worked very effectively in reducing losses when the system was subjected to 

more severe conditions. The consistently strong result of CSS again shows the benefit 

of integrating DG and LS strategies into a composite strategy. 

The loss profile of the IEEE 57-Bus RTS under various compensation strategies 

in Scenario 1 is presented in Figure 5.11. In Scenario 1, the system loss begins at 30.55 

MW during the pre-outage stage (t1). Once the outage occurs at t2, losses increase to 

38.00 MW across all three strategies, showing that the immediate impact of the 

disturbance is consistent regardless of the applied technique. The real difference appears 

at the recovery stage (t3). Here, the LS strategy registers the highest loss at 31.25 MW, 

indicating that although it helps relieve system stress, it is less efficient in restoring the 

system to its pre-disturbance state. 

 

 
Figure 5.11  Loss Profile under Different Compensation Strategies in IEEE 57-Bus 

RTS for Scenario 1 

 

DG installation shows slightly better results with 30.56 MW, while the CSS 

achieves the lowest recovery loss of 30.55 MW. This confirms CSS as the most 

effective technique in reducing transient losses. By the post-recovery stage (t4), all 

strategies return to the same level of 30.55 MW, highlighting that while all methods 
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ultimately stabilize the system, CSS provides the smoothest and most efficient path to 

recovery. 

Figure 5.12 shows the results for loss profile under different compensation 

strategies in IEEE 57-Bus RTS (Scenario 2). Scenario 2 displays a more severe 

disturbance compared to Scenario 1, with the outage (t2) pushing system losses up to 

53.90 MW for all strategies. At the recovery stage (t3), the differences between the 

methods become clearer. The LS strategy exhibits a recovery loss of 31.00 MW, 

performing slightly better than in Scenario 1 but still not the most effective option. DG 

installation shows a higher loss of 31.97 MW, suggesting that in this scenario, 

generation support alone struggles to minimize losses efficiently. 

 

 
Figure 5.12  Loss Profile under Different Compensation Strategies in IEEE 57-Bus 

RTS for Scenario 2 

 

 CSS once again demonstrates its strength by producing the lowest recovery 

loss of 30.98 MW, confirming that the integration of both DG installation and load 

shedding provides the best balance between supply restoration and demand relief. At 

the post-recovery stage (t4), the system stabilizes at 30.55 MW for all strategies, but 

CSS clearly delivers the most favourable recovery performance. 
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5.5.2.2 Voltage Stability Improvement 

For the IEEE 57-Bus RTS, the evaluation of the CSS was extended beyond loss 

minimization to include its impact on voltage stability enhancement. Two similar 

scenarios were also subjected to capture the effect of hurricane-induced disturbances, 

and the system response was analysed using the FVSI.  

Table 5.5 presents the performance of DG installation, load shedding, and the 

CSS in terms of voltage stability improvement and resilience indices at Bus 33 of the 

IEEE 57-Bus RTS with Qd = 15 MVAr. In Scenario 1, the initial FVSI before the event 

was FVSISet = 0.4613, which increased to FVSIOut= 0.6679 following the disturbance, 

indicating a decline in voltage stability. 

Table 5.5  
Performance of DG, LS and CSS Strategy on Voltage Stability Improvement and 
Resilience Indices (R1, R2) for the IEEE 57-Bus RTS at Qd33 = 15 MVAr 
 FVSIDG R1DG R2DG  FVSILS R1LS R2LS  FVSICSS R1CSS R2CSS 

Scenario 1 0.4631 2.233 2.261  0.4735 2.233 2.436  0.4629 2.233 2.258 

Scenario 2 0.4635 1.865 1.891  0.4821 1.865 2.128  0.4627 1.865 1.882 

Notes: FVSISet = 0.4613 p.u.; FVSIOut (Scenario 1) = 0.6679 p.u.; FVSIOut (Scenario 2) = 0.7086 p.u. 
 

The FVSISet is originally 0.4613 before any occurrence of hurricane events 

termed Scenario 1 and Scenario 2. When hurricane occurs in Scenario 1, the FVSI 

(FVSIOut) increases to 0.6679. This value reduces to 0.4631 with the DG installation 

strategy while LS strategy reduces its value to 0.4735 and CSS reduces its value to 

0.4629. Apparently, CSS exhibits the best result in terms of FVSI reduction. In terms of 

resilience index values, DG scheme increases its value from 2.233 to 2.261, showing 

that DG was able to restore the system very close to its baseline stability level. The LS 

strategy reduces its FVSI value from 0.6679 to FVSILS  of 0.4735, with resilience indices 

worth R1LS  = 2.233 and R2LS  = 2.436. On the other hand, CSS strategy achieved the 

most favourable performance, reducing the FVSICSS to 0.4629, with resilience indices 

of R1CSS = 2.233 and R2CSS = 2.258, confirming its ability to restore system stability 

with a balanced resilience profile. In terms of achieving the highest resilience index, LS 

strategy performs the best, followed by DG and CSS.  

In Scenario 2, the baseline FVSI was FVSISet = 0.4613, which increase 

significantly to FVSIOut = 0.7086 with the presence of hurricane, reflecting severe 

voltage instability and reduced stability margin. With DG installation strategy, the 
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FVSIDG is reduced to 0.4635, and the resilience indices are R1DG = 1.865 and R2DG = 

1.891, demonstrating effective recovery of the system toward stable operation. The LS 

strategy further alleviated stress, producing an FVSILS of 0.4821, with R1LS = 1.865 and 

R2LS = 2.128, showing improvements relative to the post-event condition. The CSS once 

again delivered the best result, achieving FVSICSS of 0.4627, very close to the baseline, 

with resilience indices R1CSS = 1.865 and R2CSS = 1.882, confirming its robustness in 

restoring voltage stability under severe event conditions.  

 

 
Figure 5.13  Percentage FVSI Reduction (PFR) for DG, LS and CSS Strategies under 

Scenario 1 and Scenario 2 in IEEE 57-Bus RTS 

 

The percentage of FVSI reduction (PFR) involving the DG installation, LS and 

CSS strategies for IEEE 57-Bus RTS under two scenarios is shown in Figure 5.13. The 

compensation strategies show their effectiveness in reducing the FVSI values which 

helps maintain voltage stability during system disruptions. In Scenario 1, the reduction 

values were moderate. CSS achieved a PFR of 30.69%, while DG installation exhibits 

30.66%, showing almost identical performance. LS strategy gave a slightly lower 

reduction of 29.11%. These results confirm that all three strategies provided effective 

support in reducing FVSI, with CSS offering a small advantage because of its integrated 

approach. In Scenario 2, the PFR values were higher compared to Scenario 1. CSS 

produced the largest reduction at 34.70%, followed closely by DG installation strategy 

at 34.59%, while LS strategy gives 31.96%. This indicates that under more severe 

conditions, all strategies were successful in reducing the FVSI value, with CSS again 
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delivering the best performance. The consistent advantage of CSS highlights the benefit 

of combining DG and LS strategy to enhance system resilience. 

 

 
Figure 5.14  FVSI Profile under Different Compensation Strategies in IEEE 57-Bus 

RTS for Scenario 1 

 

Figure 5.14 shows the FVSI profile under different compensation strategies in 

IEEE 57-Bus RTS (Scenario 1). In Scenario 1, the FVSI profile begins at the same 

baseline value of 0.4613 for all strategies during the pre-outage stage (t1). When outage 

occurs (t2), FVSI rises sharply to 0.6679, indicating a weakened voltage stability 

condition across all methods. The system behaviour during the recovery stage (t3) 

highlights the difference between compensation strategies. DG installation and CSS are 

both able to return the FVSI close to its initial value, recording 0.4631 and 0.4629 

respectively. By comparison, the load shedding scheme produces a noticeably higher 

FVSI of 0.4735, showing that while it reduces the stress on the system, it is less capable 

of fully restoring voltage stability. At the post-recovery stage (t4), FVSI values for all 

strategies converge back to 0.4613, but the more effective and smoother recovery 

achieved by CSS demonstrates its superiority in maintaining system stability compared 

to the other strategies. 
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Figure 5.15  FVSI Profile under Different Compensation Strategies in IEEE 57-Bus 

RTS for Scenario 2 

 

Figure 5.15 illustrates the FVSI profile for different compensation strategies in 

the IEEE 57-Bus RTS under Scenario 2. Scenario 2 follows a similar general trend, 

starting with an FVSI of 0.4613 at the pre-outage stage (t1) and escalating to 0.7086 

during the outage (t2), which represents a more severe stability deterioration than 

Scenario 1. The recovery phase (t3) provides a clearer difference between the strategies. 

CSS delivers the best outcome, reducing FVSI to 0.4627, closely followed by DG 

installation at 0.4635. The LS strategy, however, records a significantly higher FVSI of 

0.4821, again demonstrating its ability to restore the system to a stable state. At the post-

recovery stage (t4), all methods stabilize at 0.4613, but CSS consistent ability to 

maintain the lowest FVSI during recovery which confirms its role as the most reliable 

strategy for improving voltage stability in the IEEE 57-Bus RTS. 

 

5.6 Summary 

This chapter presented the effectiveness of DG installation, LS and CSS 

strategies in improving system resilience for both the IEEE 30-Bus and IEEE 57-Bus 

RTS test systems. Two distinct scenarios were simulated to represent different 

hurricane-induced event conditions, and the system performance was analysed in terms 

of loss minimization and voltage stability improvement. 
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For the IEEE 30-Bus RTS, the results demonstrated that both DG installation 

and LS strategy contributed to reducing power losses and enhancing resilience. 

However, the CSS consistently outperformed the individual strategies (DG and LS), 

reducing loss values close to the baseline condition while maintaining stable resilience 

indices (R1 and R2). A similar trend was observed in voltage stability analysis, where 

FVSI values deteriorated significantly after events but were effectively restored by the 

CSS, achieving values nearly identical to the pre-event baseline. 

The evaluation was extended to the IEEE 57-Bus RTS, a larger and more 

complex test system. Here, the same two scenarios were simulated. Results revealed 

that DG installation and LS strategies individually provided improvements, but the CSS 

consistently delivered the lowest loss values and the most stable FVSI indices. The 

comparative outcomes across both test systems confirm that while DG installation and 

LS strategy are valuable resilience-enhancing measures, the integration of both in the 

CSS framework provides the most robust solution. The CSS not only minimizes real 

power losses but also strengthens voltage stability, thereby ensuring a balanced and 

comprehensive enhancement of power system survivability under extreme event 

conditions. 
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CHAPTER 6  

CONCLUSION AND RECOMMENDATION 

6.1 Conclusion 

This thesis has presented Embedded Clonal Squirrel Evolutionary Programming 

(ECSEP) for resilience improvement in power system planning. The first objective has 

been successfully achieved through the derivation of a new optimisation technique 

termed ECSEP for grid hardening in power systems. By integrating chaotic mapping 

and cloning processes into the Squirrel Search Algorithm with Evolutionary 

Programming, the proposed ECSEP demonstrated improved exploration and 

exploitation capabilities. The technique was applied to minimize transmission losses 

and enhance system stability through optimal DG placement and load shedding 

decisions, conducted independently. Results revealed that the proposed ECSEP 

performed well when validated on IEEE 30-Bus RTS and IEEE 57-Bus RTS. 

Comparative studies against conventional algorithms confirmed that ECSEP 

outperforms its counterparts, i.e. EP, CSO and SSA thereby validating its feasibility as 

a robust optimisation tool for grid hardening applications.  

The second objective has been successfully achieved by formulating the Multi-

Objective Embedded Clonal Squirrel Evolutionary Programming (MOECSEP) 

technique for power system planning. The formulation employed weighted-sum multi-

objective technique to minimize the total fitness confining system losses and improve 

voltage security. The results across multiple test systems demonstrated that MOECSEP 

achieves balanced trade-offs between the two objectives, producing superior fitness 

values compared to other evolutionary-based methods. This capability highlights the 

significance of the technique for addressing conflicting planning criteria in modern 

power system operation. 

The third objective has been successfully realized through the development of 

the Composite Survivability Strategy (CSS) for grid hardening by integrating intelligent 

DG installation with load shedding using ECSEP. This strategy introduced a 

coordinated optimisation framework to simultaneously allocate DG and perform load 

shedding in order to enhance resilience and operational efficiency. The results showed 

that CSS consistently provided the highest improvement in resilience indices, reduced 
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power losses and improve voltage stability. This highlights the advantage of a combined 

strategy over standalone measures, offering system operators a more effective tool for 

survivability planning. 

In summary, this thesis has comprehensively addressed all three research 

objectives, demonstrating the effectiveness of the proposed techniques for resilience 

improvement in power system planning. The first objective introduced the novel 

ECSEP algorithm, which proved capable of minimizing transmission losses and 

enhancing system stability through independent DG placement and load shedding, 

outperforming benchmark algorithms such as EP, CSO, and SSA. The second objective 

extended this foundation by formulating MOECSEP, a weighted-sum multi-objective 

framework that successfully balanced conflicting goals of loss minimization and 

voltage security, consistently delivering superior fitness values across multiple test 

systems. Building on these results, the third objective established the Composite 

Survivability Strategy (CSS), which integrated DG installation and load shedding in a 

coordinated manner to provide the most significant improvements in resilience indices, 

loss reduction, and voltage stability. Collectively, the findings affirm that the proposed 

ECSEP-based methodologies not only achieved the intended objectives but also 

outperformed conventional approaches, thereby offering a robust and practical toolset 

for modern grid hardening and survivability planning. 

 

6.2 Research Contribution 

Based on the verifications, analyses, and discussions conducted in this thesis, 

the key contributions of the research are summarized as follows: 

 

a) Development of ECSEP Technique 

This research introduces a novel optimisation technique, Squirrel Evolutionary 

Programming (ECSEP), specifically designed for grid hardening in power systems. By 

integrating chaotic mapping and cloning operators into the Squirrel Evolutionary 

Programming framework, the technique enhances exploration and exploitation 

capabilities while mitigating premature convergence. ECSEP was successfully applied 

to identify the optimal location and sizing of DG and to perform load shedding 

compensation in the IEEE 30-Bus and IEEE 57-Bus Reliability Test Systems. 

Comparative evaluations with benchmark algorithms (EP, CSO, SSA) confirmed that 
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ECSEP consistently outperforms existing approaches in minimizing system losses and 

improving voltage stability, thereby providing a strong foundation for resilience-

oriented optimisation. 

 

b) Formulation of MOECSEP for Multi-Objective Optimisation 

Building on the single-objective formulation, this study extends ECSEP into a 

multi-objective framework, termed MOECSEP, using the weighted-sum approach. The 

technique addresses the trade-off between minimizing power system losses and 

enhancing voltage stability, both of which are critical for resilience improvement. 

Applied to standard IEEE test systems under various scenarios, MOECSEP 

demonstrated its capability to deliver balanced and optimal solutions across conflicting 

objectives. Results confirmed that MOECSEP achieves superior combined fitness 

values compared to other evolutionary-based multi-objective techniques, thereby 

validating its suitability as a tool for resilience-oriented system planning and operation. 

 

c) Development of a Composite Survivability Strategy (CSS) 

A significant contribution of this thesis is the development of a Composite 

Survivability Strategy (CSS) that integrates intelligent DG installation with load 

shedding within the ECSEP framework. Unlike standalone approaches, the CSS 

provides a coordinated optimisation strategy to simultaneously minimize system losses, 

enhance voltage stability, and improve resilience indices under disruptive events such 

as line outages and contingencies. Results revealed that CSS consistently outperforms 

individual DG or LS strategies, highlighting its effectiveness as a survivability-oriented 

planning methodology for modern power systems. 

 

d) Resilience-Oriented Planning Framework 

Finally, this study contributes a resilience-oriented planning framework that 

explicitly links optimisation techniques with resilience indices. By incorporating 

resilience as a planning criterion alongside traditional objectives of loss minimization 

and voltage stability improvement, the thesis provides a holistic methodology for grid 

hardening. This framework demonstrates how ECSEP-based strategies can be 

systematically employed to strengthen system survivability under high-impact, low-

probability events, offering both technical rigor and operational practicality for future 

power system resilience planning. 
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6.3 Recommendation for Future Works 

Building upon the findings of this study, several directions are recommended 

for future research to further strengthen the applicability and impact of the proposed 

ECSEP-based techniques. One important extension is the application of the developed 

methods to larger and more complex power systems, such as the IEEE-118 Bus, IEEE-

300 Bus, or even utility-scale networks. This would provide valuable insights into the 

scalability of the algorithms and their performance under diverse network topologies, 

ranging from weakly meshed to highly interconnected grids. In addition, the techniques 

may be extended to alternative problem formulations beyond grid hardening. For 

instance, the proposed optimisation framework can be applied to unit commitment, 

economic dispatch, renewable energy scheduling, microgrid optimisation, and 

transmission expansion planning. Incorporating stochastic and probabilistic models that 

explicitly capture the uncertainties of renewable energy generation and load fluctuations 

will also enhance the robustness of the solutions in real-world environments. 

Another promising direction involves the integration of energy storage systems 

alongside distributed generation and load shedding. The coordinated optimisation of 

storage sizing and placement with DG units could offer enhanced flexibility, enabling 

systems to absorb excess renewable generation during normal conditions and provide 

backup support during extreme events. This aligns with the growing role of storage in 

enabling resilient and sustainable power systems. Furthermore, future studies could 

adapt the techniques for real-time and dynamic applications, where computational 

efficiency becomes critical. Leveraging high-performance computing, surrogate 

modelling, or machine-learning-assisted optimisation may reduce execution times, 

making the methods suitable for real-time resilience enhancement. Extending the 

framework to include dynamic aspects such as frequency stability or cascading failures 

would further improve the comprehensiveness of resilience evaluation. 

The increasing penetration of renewable energy sources also highlights the need 

to adapt the proposed approaches to renewable-dominated grids. Hybrid strategies that 

combine DG, storage, demand response, and flexible loads could be explored to 

enhance system survivability under variable and uncertain operating conditions. In 

addition, resilience planning should not only address physical threats such as natural 

disasters but also cyber-physical vulnerabilities. Extending the proposed framework to 

consider cyber-attack scenarios, including false data injection or intrusion into control 
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systems, would improve its relevance to modern smart grids. This calls for cyber–

physical co-optimisation approaches that jointly address physical and cyber resilience. 

From a methodological perspective, the adoption of more advanced multi-

criteria decision-making approaches beyond the weighted-sum method may provide 

further flexibility in handling conflicting objectives. Pareto-based evolutionary 

techniques, fuzzy logic, and other decision-support frameworks could allow operators 

to explore a wider range of trade-offs between resilience, cost, and environmental 

considerations. To bridge the gap between research and practice, it is also recommended 

that the proposed techniques be tested in collaboration with utility companies, where 

regulatory, economic, and policy constraints can be incorporated into the survivability 

planning process. Finally, the development of a dedicated software toolbox 

implementing ECSEP, MOECSEP, and CSS would support system planners and 

operators in adopting these techniques in real-world applications. These directions 

provide a pathway for extending the contributions of this thesis towards more 

comprehensive, practical, and future-ready solutions for power system resilience 

enhancement. 
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APPENDIX 1 
Linedata and Busdata of IEEE 30-Bus RTS 

Linedata: 
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Busdata: 
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APPENDIX 2 
Linedata and Busdata of IEEE 57-Bus RTS 

Busdata: 

 

Bus No Bus Code
Voltage 

Mag. 
(p.u.)

Angle (°) Load MW
Load 
Mvar

Gen MW
Gen 

Mvar
Qmin Qmax

Injected 
Mvar

1 1 1.04 0 55 17 128.9 -16.1 -200 300 0
2 2 1.01 0 3 88 0 -0.8 -17 50 0
3 2 0.985 0 41 21 40 -1 -10 60 0
4 0 0.981 0 0 0 0 0 0 0 0
5 0 0.976 0 13 4 0 0 0 0 0
6 2 0.98 0 75 2 0 0.8 -8 25 0
7 0 0.984 0 0 0 0 0 0 0 0
8 2 1 0 150 22 450 62.1 -140 200 0
9 2 1 0 121 26 0 2.2 -3 9 0

10 0 1 0 5 5 0 0 0 0 0
11 0 0.974 0 0 0 0 0 0 0 0
12 2 1.015 0 377 24 310 128.5 -150 155 0
13 0 0.979 0 18 2.3 0 0 0 0 0
14 0 0.97 0 10.5 5.3 0 0 0 0 0
15 0 0.988 0 22 5 0 0 0 0 0
16 0 1.013 0 43 3 0 0 0 0 0
17 0 1.017 0 42 8 0 0 0 0 0
18 0 1.001 0 27.2 9.8 0 0 0 0 10
19 0 0.97 0 3.3 0.6 0 0 0 0 0
20 0 0.964 0 2.3 1 0 0 0 0 0
21 0 1.008 0 0 0 0 0 0 0 0
22 0 1.01 0 0 0 0 0 0 0 0
23 0 1.008 0 6.3 2.1 0 0 0 0 0
24 0 0.999 0 0 0 0 0 0 0 0
25 0 0.982 0 6.3 3.2 0 0 0 0 5.9
26 0 0.959 0 0 0 0 0 0 0 0
27 0 0.982 0 9.3 0.5 0 0 0 0 0
28 0 0.997 0 4.6 2.3 0 0 0 0 0
29 0 1.01 0 17 2.6 0 0 0 0 0
30 0 0.962 0 3.6 1.8 0 0 0 0 0
31 0 0.936 0 5.8 2.9 0 0 0 0 0
32 0 0.949 0 1.6 0.8 0 0 0 0 0
33 0 0.947 0 3.8 1.9 0 0 0 0 0
34 0 0.959 0 0 0 0 0 0 0 0
35 0 0.966 0 6 3 0 0 0 0 0
36 0 0.976 0 0 0 0 0 0 0 0
37 0 0.985 0 0 0 0 0 0 0 0
38 0 1.013 0 14 7 0 0 0 0 0
39 0 0.983 0 0 0 0 0 0 0 0
40 0 0.973 0 0 0 0 0 0 0 0
41 0 0.996 0 6.3 3 0 0 0 0 0
42 0 0.966 0 7.1 4.4 0 0 0 0 0
43 0 1.01 0 2 1 0 0 0 0 0
44 0 1.017 0 12 1.8 0 0 0 0 0
45 0 1.036 0 0 0 0 0 0 0 0
46 0 1.05 0 0 0 0 0 0 0 0
47 0 1.033 0 29.7 11.6 0 0 0 0 0
48 0 1.027 0 0 0 0 0 0 0 0
49 0 1.036 0 18 8.5 0 0 0 0 0
50 0 1.023 0 21 10.5 0 0 0 0 0
51 0 1.052 0 18 5.3 0 0 0 0 0
52 0 0.98 0 4.9 2.2 0 0 0 0 0
53 0 0.971 0 20 10 0 0 0 0 6.3
54 0 0.996 0 4.1 1.4 0 0 0 0 0
55 0 1.031 0 6.8 3.4 0 0 0 0 0
56 0 0.968 0 7.6 2.2 0 0 0 0 0
57 0 0.965 0 6.7 2 0 0 0 0 0
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Linedata: 

 

 

From Bus To Bus R (p.u.) X (p.u.)
1/2 B 
(p.u.)

Tap Ratio

1 2 0.0083 0.028 0.0645 1
2 3 0.0298 0.085 0.0409 1
3 4 0.0112 0.0366 0.019 1
4 5 0.0625 0.132 0.0129 1
4 6 0.043 0.148 0.0174 1
6 7 0.02 0.102 0.0138 1
6 8 0.0339 0.173 0.0235 1
8 9 0.0099 0.0505 0.0274 1
9 10 0.0369 0.1679 0.022 1
9 11 0.0258 0.0848 0.0109 1
9 12 0.0648 0.295 0.0386 1
9 13 0.0481 0.158 0.0203 1

13 14 0.0132 0.0434 0.0055 1
13 15 0.0269 0.0869 0.0115 1

1 15 0.0178 0.091 0.0494 1
1 16 0.0454 0.206 0.0273 1
1 17 0.0238 0.108 0.0143 1
3 15 0.0162 0.053 0.0272 1
4 18 0 0.555 0 0.97
4 18 0 0.43 0 0.978
5 6 0.0302 0.0641 0.0062 1
7 8 0.0139 0.0712 0.0097 1

10 12 0.0277 0.1262 0.0164 1
11 13 0.0223 0.0732 0.0094 1
12 13 0.0178 0.058 0.0302 1
12 16 0.018 0.0813 0.0108 1
12 17 0.0397 0.179 0.0238 1
14 15 0.0171 0.0547 0.0074 1
18 19 0.461 0.685 0 1
19 20 0.283 0.434 0 1
21 20 0 0.7767 0 1.043
21 22 0.0736 0.117 0 1
22 23 0.0099 0.0152 0 1
23 24 0.166 0.256 0.0042 1
24 25 0 1.182 0 1
24 25 0 1.23 0 1
24 26 0 0.0473 0 1.043
26 27 0.165 0.254 0 1
27 28 0.0618 0.0954 0 1
28 29 0.0418 0.0587 0 1

7 29 0 0.0648 0 0.967
25 30 0.135 0.202 0 1
30 31 0.326 0.497 0 1
31 32 0.507 0.755 0 1
32 33 0.0392 0.036 0 1
34 32 0 0.953 0 0.975
34 35 0.052 0.078 0.0016 1
35 36 0.043 0.0537 0.0008 1
36 37 0.029 0.0366 0 1
37 38 0.0651 0.1009 0.001 1
37 39 0.0239 0.0379 0 1
36 40 0.03 0.0466 0 1
22 38 0.0192 0.0295 0 1
11 41 0 0.749 0 0.955
41 42 0.207 0.352 0 1
41 43 0 0.412 0 1
38 44 0.0289 0.0585 0.001 1
15 45 0 0.1042 0 0.955
14 46 0 0.0735 0 0.9
46 47 0.023 0.068 0.0016 1
47 48 0.0182 0.0233 0 1
48 49 0.0834 0.129 0.0024 1
49 50 0.0801 0.128 0 1
50 51 0.1386 0.22 0 1
10 51 0 0.0712 0 0.93
13 49 0 0.191 0 0.895
29 52 0.1442 0.187 0 1
52 53 0.0762 0.0984 0 1
53 54 0.1878 0.232 0 1
54 55 0.1732 0.2265 0 1
11 43 0 0.153 0 0.958
44 45 0.0624 0.1242 0.002 1
40 56 0 1.195 0 0.958
56 41 0.553 0.549 0 1
56 42 0.2125 0.354 0 1
39 57 0 1.355 0 0.98
57 56 0.174 0.26 0 1
38 49 0.115 0.177 0.003 1
38 48 0.0312 0.0482 0 1

9 55 0 0.1205 0 0.94
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