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Abstract

For radial distribution systems (RDSs) to operate efficiently, reliably, and sustainably, dis-
tributed generation (DG), capacitor banks (CBs), and network reconfiguration (NR) must
be optimally allocated and sized. The main objectives considered in this research are
minimizing real power losses, improving voltage profiles, enhancing energy utilization
efficiency, and strengthening the operational reliability of distribution networks. To address
this challenge, an Improved Frilled Lizard Optimizer (IFLO) is proposed to determine the
optimal placement and sizing of DGs, CBs, and NR while satisfying system operational
constraints. FLO is inspired by the adaptive survival and movement characteristics of
frilled lizards in their natural ecosystem. The optimization mechanism of FLO is driven by
hunting behavior for broad exploration and tree-climbing behavior for localized movement,
enabling effective search and exploitation of promising regions. The IFLO introduces
a defensive strategy phase, mimicking the lizard’s survival responses, and an adaptive
local search phase, which models agile movement and stabilization behaviors. These en-
hancements improve the algorithm’s capability to reduce power losses, improve voltage
regulation, increase network efficiency, and facilitate the effective integration of distributed
energy resources into modern power distribution infrastructures. Comprehensive simula-
tions on the IEEE 69-bus and the practical large-scale 141-bus RDS evaluate the impacts of
DG and CB installation under practical operating constraints. This study investigates six
scenarios involving different combinations of DG, CB, and NR to support efficient network
planning and operation. Furthermore, recent optimization techniques, including Bezier
Curve-Based Optimization (BCO), Horned Lizard Optimization Algorithm (HLOA), Whale
Optimization Algorithm (WOA), Jaya Algorithm, and Particle Swarm Optimization (PSO),
are implemented on the studied systems, and their results are compared with those of
the proposed IFLO. The findings demonstrate that the suggested strategy outperforms
existing optimization approaches in terms of convergence speed, solution quality, and
network performance enhancement. The IFLO algorithm achieves an active power loss
reduction of 92.69% for the large-scale system, while significantly improving voltage stabil-
ity and operational efficiency. These outcomes contribute to the development of resilient,
energy-efficient, and intelligent distribution infrastructures capable of supporting increased
penetration of distributed energy resources under diverse operating conditions.

Keywords: frilled lizard optimizer; defensive strategy; network reconfiguration; distributed
generators; capacitors
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1. Introduction
A crucial strategy for enhancing the performance of complex distribution networks

involves integrating Distributed Generation (DG), Capacitor Banks (CBs), and Network
Reconfiguration (NR). This integration enhances network resilience, minimizes active and
reactive power losses, and stabilizes voltage fluctuations. The primary objective of NR is to
ascertain the optimal network topology by considering specific target functions. Given the
various switching configurations available, the optimization challenges associated with
NR are categorized as non-differentiable, combinatorial, and constrained problems. The
two primary groups of methods for tackling optimal NR challenges are classical and meta-
heuristic algorithms. NR with classical methods include mixed integer programming [1],
modified simplex method [2], and mixed integer convex programming [3]. Recently, devel-
oped algorithms have been developed for NR. The Ant Colony Optimization (ACO) has
been applied to RDS for NR in [4]. Despite its strong global search capabilities, the ACO
method is characterized by significant computational effort and extended convergence
time. Moreover, the RDS with varying NR has been considered using a Genetic Algorithm
(GA) with adaptive population size as illustrated in [5]. The GA has improved diversity
and avoided premature convergence, yet it has remained computationally intensive.

To achieve lower line losses and better bus voltage profiles, a teaching–learning
harmony search optimization algorithm has been demonstrated in [6] for optimum DG
locations with NR of RDSs. The coyote algorithm has been employed in [7], considering
two scenarios: NR alone and simultaneous NR and DG deployment, and applied on IEEE
69- and 119-bus RDSs to reduce the active power line losses. In [8], the ACO algorithm has
been developed for the best locations and sizes of DGs with RN and studied on IEEE 33- and
IEEE 69-bus systems, where the ACO algorithm dramatically lowers power loss, improves
system reliability and increases voltage stability. In [9], a Harmony Search Algorithm (HSA)
has been used to minimize power loss, where it has focused on the sensitivity of the network
to switch changes and DG placement of IEEE 33-bus and 69-bus RDS systems. However,
HSA often requires many iterations and can get trapped in local optima for larger, more
complex systems. A Discrete Teaching-Learning-Based Optimization (DTLBO) algorithm
has been introduced in [10] to improve the network topology of IEEE 33-bus, 69-bus, and
119-bus systems. However, the “teaching” and “learning” phases require careful balancing
to prevent the algorithm from becoming computationally expensive. In [11], an Adaptive
Cuckoo Search (ACS) was adopted to find the best DG locations and switch states of IEEE
33-bus and 69-bus systems. Nevertheless, ACS struggles to find the best solution because
of the high dependency on the initial random population.

In [12], Improved Binary Particle Swarm Optimization (IBPSO) has been proposed
to handle the “on/off” nature of switches and capacitor steps in IEEE 33-bus and 69-bus
systems for power loss reduction. A Harmony Search Algorithm (HSA) has been presented
in [13]. It treats the search for the best grid configuration of switch positions and capacitor
sizes in RDS 33-bus and 12.66 kV. An improved reconfiguration method has been introduced
in [14] for 33-bus, 69-bus, and a large 136-bus system. This made the simultaneous capacitor
placement much faster by ignoring the irrelevant parts of the grid. However, the pre-
processing step to identify loops becomes extremely difficult and mathematically messy in
highly interconnected urban grids.

The influence of simultaneous optimum DG and CB sizes in RDS with NR has been ex-
plored by several researchers, who observed that the combination is more advantageous than
the previously mentioned techniques. In [15], multi-criteria decision-making emerged with
the non-dominated sorting genetic algorithm II (MCDM-NSGAII) to obtain the best location
for DGs and CBs with NR for 33- and 69-bus RDSs. In [16], the allocation of DGs and CBs is
optimized in conjunction with RDS with NR using a modified artificial ecosystem optimizer
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(AEO) technique and applied on the Cairo Radial Distribution System (RDS). A comparative
study using the gray wolf optimizer (GWO) approach for DG and CB implantation with
NR has been carried out in [17] to lower power loss and improve voltage profiles in an RDS.
In [18], the NR and optimal sizing of DGs and CBs in the RDS have been demonstrated for
33-bus and 69-bus systems using a combination of bacterial foraging optimization and a fuzzy
multi-objective approach to enhance voltage profiles and reduce power losses. Nevertheless,
these problems are inherently high-dimensional and sensitive to load uncertainty, system
constraints, and network topology, which complicates the optimization process.

According to the literature analysis, academics thoroughly examined multiple combi-
nations of the placement of DGs and CBs in conjunction with the NR of RDS to improve
performance of the entire system. Nevertheless, thorough studies on the simultaneous
evaluation of ideal DG and CB sizes and placements, along with NR of RDS, are conspicu-
ously lacking in the literature. Moreover, the use of a strong meta-heuristic algorithm is
essential to obtaining precise and effective results because of the complexity and high-level
computations required in the chosen technique. The Frilled Lizard Optimizer (FLO) is a
nature-inspired metaheuristic developed in [19] by emulating the adaptive survival and move-
ment characteristics of frilled lizards in their natural ecosystem. In this article, the improved
version of the conventional FLO, called IFLO, is developed with optimum DG and CB Sizes
and locations, accompanied by NR of RDS. The proposed IFLO enhances the original FLO
by adding biologically inspired strategies that improve population diversity, convergence
stability, and exploitation accuracy. It features a defensive strategy phase, which mimics lizard
survival responses, and an adaptive local search phase that models agile movement and
stabilization. The main contributions of this article are manifested as follows:

■ A Defensive Strategy Phase, mimicking the lizard’s survival responses, and an Adap-
tive Local Search Phase, which models agile movement and stabilization behaviors to
facilitate better global exploration and local exploitation, improving the algorithm’s
ability to escape local optima.

■ The IFLO and the conventional FLO are applied on the IEEE 69-bus and the large
141 bus RDS with six scenarios to attain the optimal allocation and sizes of DGs and
CBs with a NR.

■ The recent optimization techniques, including Bezier curve-based optimization
(BCO) [20], Horned Lizard Optimization Algorithm (HLOA) [21], Whale Optimization
Algorithm (WOA) [22], Jaya Algorithm [23], and Particle swarm optimization [24],
are implemented on the studied systems, and their results are compared with the
developed IFLO.

■ A statistical evaluation of the proposed IFLO indicated that it is significantly better
than the traditional FLO, BCO, HLOA, WOA, Jaya, and PSO.

Compared with the original FLO and other recently developed metaheuristic optimizers,
the proposed IFLO introduces several novel mechanisms that collectively enhance the balance
between exploration and exploitation. First, the proposed framework enhances the original FLO
algorithm through an adaptive behavioral selection mechanism that adjusts strategies based
on search states, contrasting with the static approach of FLO. Second, it introduces a diversified
defensive mechanism, inspired by natural behaviors, which aids in escaping local optima
and sustaining search diversity. Third, the proposed adaptive local search phase incorporates
acceleration-based pursuit, tail-assisted stabilization, directional correction, and momentum-
preserving movement strategies, enabling a progressive transition from exploratory movements
in the early iterations to highly accurate exploitation near promising regions.

Unlike many recent metaheuristics that rely on a single exploitation operator or
fixed local search procedure, IFLO employs multiple adaptive refinement variants that
are activated according to the optimization progress ratio. Furthermore, the integration
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of cooperative learning, momentum preservation, oscillatory search patterns, and adap-
tive boundary maintenance enhances convergence stability without sacrificing population
diversity. Consequently, IFLO provides a more flexible and biologically realistic search
framework capable of improving convergence accuracy, robustness, and resistance to pre-
mature stagnation when compared with the original FLO and a wide range of contemporary
population-based optimization algorithms.

The remaining sections of the paper are arranged as follows: A thorough description
of the issue, including the goals and constraints of the system, is given in Section 2. An
extensive description of the conventional FLO and the proposed IFLO techniques and how
they can be used to solve the issue of the best way to allocate DGs, CBs and NR in order to
gain technical merits is provided in Section 3. The simulation results from using the selected
algorithms are shown in Section 4. A brief description of the study’s key conclusions and
outcomes is given in Section 5.

2. DGs and CBs with Reconfiguration Integration in RDS
The primary goal function for the optimization approach of allocating for both DGs

and CBs in RDS is often the elimination of the total technical losses along the RDS as follows:

OBF =
NLn

∑
m=1

Losses m =
NLn

∑
m = 1
m = uv

Guv

(
V2

u + V2
v − VuVvcosθuv

)
(1)

where NLn is the aggregate number of distribution lines that exist in the network; Guv serves
the mutual conductance among buses u and v; Vu and Vv are the voltage amplitudes at
buses u and v; and θuv is the phase angle difference demand power between the buses u
and v. Lossesm is the active power losses in each line (m) in the RDS.

In the proposed optimization framework, the fitness value represents the quantitative
measure used to evaluate the quality of each candidate solution. Since the objective of the
optimization problem is to minimize the total active power losses in the radial distribution
system, the fitness value is computed directly from the objective function defined in
Equation (1). For a given arrangement of DGs and CBs, the fitness value corresponds to the
total network active power losses obtained from the load-flow analysis. Therefore, a lower
fitness value indicates a better solution, as it reflects a greater reduction in power losses
while satisfying all operational constraints. During the optimization process, candidate
solutions are compared according to their fitness values, and the solution with the minimum
fitness value is considered the best feasible solution.

2.1. Inequality Constraints Related to CBs

For this issue, there are three types of control variables. In the beginning, the reactive
power sources of the capacitors must be addressed.

In this regard, the candidate buses and capacitor sizes are subject to hard operational
constraints, as defined by Equations (2) and (3). These constraints ensure that the opti-
mization process searches only within feasible installation locations and practical capacitor
size limits. Specifically, Equation (2) restricts the capacitor placement variable to valid
bus numbers within the distribution network, whereas Equation (3) limits the capacitor
size to discrete values ranging from zero to the maximum allowable capacitor rating. Any
candidate solution violating these bounds is considered infeasible and is corrected during
the optimization process to satisfy the prescribed limits.

NNodes ≥ CBBus,v ≥ 1, v = 1, 2, . . . NCB (2)
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CBmax ≥ CBS,v ≥ 0, v = 1, 2, . . . NCB (3)

where NNodes denotes the number of distribution buses and NCB indicates the number of
installed capacitors, and CBBus offers possible locations for capacitors. CBS indicates the
quantity of installed capacitors, and CBmax indicates their maximum size.

Secondly, as demonstrated in Equations (4) and (5), there are restrictions on the busses
and capacities which are capable of being utilized for establishing DGs. The prospective
locations for the DGs are integer variables, whereas the power that the DGs will generate is
represented by continuous variables.

NDG ≥ DGBus,u ≥ 1, u = 1, 2, . . . NDG (4)

DGmax ≥ DGS,u ≥ 0, u = 1, 2, . . . NDG (5)

where NDG represents the number of DGs, DGBus refers to possible locations for DG
installation, and DGS and DGmax represent each DG’s rated capacity (u) and maximum
limit, respectively.

Thirdly, as in Equation (6), distribution lines that need to be opened (OpenLn) are
displayed in integer form as follows [25]:

1 ≤ OpenLn,m ≤ NLn, m = 1, 2, . . . NOpen (6)

where NOpen constitutes the total amount of lines that must remain open in order to maintain
the radial design. The RDS’s aggregate amount of lines is indicated by NLn.

2.2. Equality Constraints

As stated in Equations (7)–(9), various inequality constraints are required to be fulfilled
with regard to the nodes’ operational voltages, the current passing within the distribution
lines, and the penetration threshold of incorporating DGs [26,27].

Vmin
m ≤ Vm ≤ Vmax

m m = 1, 2, . . . NNodes (7)

|Im| ≤ Imax
m m = 1, 2, . . . NLn (8)

NDG

∑
u=1

DGu ≤ KP
NNodes

∑
v=1

(PD v) (9)

where Vm represents the voltage level at each distribution node (m); Vmin
m and Vmax

m are
the minimum and maximum limits of the voltage which is considered of 0.9 and 1.05 per
unit, and Im and Imax

m stand for the current flow within the lines and the relevant thermal
threshold. The active power demand at node (v) is represented by PDv, and the allowable
penetration percentage for DG placement in the entire system, which is typically 60%, is
represented by KP [28].

Equation (8) is introduced to guarantee safe ampere loading of all distribution lines
throughout the optimization process. Specifically, the current flowing through each line (Im)
must not exceed the corresponding thermal current rating (Imax

m ). This constraint ensures
that the conductors operate within their permissible ampacity limits, thereby preventing
thermal overloading, excessive temperature rise, accelerated insulation degradation, and
potential reliability issues. During each optimization iteration, the load-flow analysis is
performed, and the resulting line currents are checked against Equation (8). Any candidate
solution violating the condition of Equation (8) is considered infeasible. Consequently,
all reported solutions satisfy the safe ampere loading requirement and maintain secure
network operation.
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In addition, as stated in Equations (10) and (11), load flow balance restrictions in the
context of active and reactive power must be fulfilled as inequality limits.

PSub +
NDG

∑
m=1

DGm >
NNodes

∑
v=1

PDv (10)

QSub +
NCB

∑
m=1

CBm >
NNodes

∑
v=1

QDv (11)

where the active and reactive power supplied by the substation are addressed by PSub and
QSub, respectively, whereas the reactive power demand at node (v) is QDv.

While the safe ampere loading is preserved at every single branch and loading sig-
nificance level, as proven by Equation (8), it is clear that the inequality boundaries of the
voltage quality can be seen in Equation (7) at each loading level. Meanwhile, Equation (9)
guarantees that the power produced by the DGs is not greater than the 60% “KP” barrier
under any loading condition [9]. All of the network’s electrical loads are powered by
the substations, and as Equations (10) and (11) demonstrate that the DGs and CBs are
required to be greater than the loads in aggregate. Since there are no switching procedures
under load variations, Equation (12) proves that the reconfiguration challenge is static. To
demonstrate, no switching operations are provided for the used technique throughout a
particular day according to this constraint. Nevertheless, this restriction might be seen as a
new goal that can be applied to lower the dynamic RDS. For operational reasons, the radial
design of the network is required to be maintained. Thus, Equation (12) [29] illustrates the
way the branch-bus incidence matrix is formed.

Auv =


0, Ln u not connected with bus v
−1, Ln u enter to bus v
1, Ln u exits from bus v

(12)

3. Proposed IFLO for DGs and CBs Allocation and Size with NR
Integration in RDS
3.1. Standard FLO

The FLO models the adaptive behaviors of frilled lizards within a mathematical op-
timization framework during the search process. In the multidimensional search space,
each lizard represents a possible solution vector while the collective movements of the
population emulate the evolutionary process of seeking the global optimum. The search
mechanism in frilled lizards involves two main strategies: a hunting strategy for broad
exploration and a tree-climbing strategy for focused exploitation near high-quality solu-
tions. These complementary behaviors allow for a balance between diversification and
intensification in the optimization process.

3.1.1. Initialization

At the initialization stage, FLO randomly generates a population of N f frilled lizards
distributed across the feasible search space with dimension Dim. Each lizard is represented
by a multidimensional position vector (Fi) whose elements correspond to the decision
variables ( fi,j) of the optimization problem and are bounded by predefined lower and
upper limits (Lo, Up).

Fi = [ fi,1, fi,2, . . . . . . . . . , fi,Dim] (13)
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The positions are initialized using uniformly distributed random values (
→

Dr1) within
the search boundaries (Lo, Up).

Fi =
→

Dr1 × (Up − Lo) + Lo; i = 1 : N f (14)

Subsequently, the fitness of each candidate solution is evaluated using the objective
function ( f (Fi)). The individual with the best fitness value is designated as the alpha
lizard, serving as the leading solution of the population. The remaining lizards adapt their
movements according to this elite individual, enabling collective learning and guiding the
search process toward improved solutions and ultimately the global optimum.

3.1.2. Hunting Strategy

During the hunting phase, each lizard explores the search space to locate promising re-
gions that may contain better solutions. This behavior is modeled by updating the position
of a lizard (Fi) toward either the globally best solution identified so far or another neigh-
boring individual with superior fitness. The hunting process can produce the following
updated position (Fi

A):
Fi

A = (FP − (Iv × Fi))×za + Fi (15)

where Iv ∈ {1, 2} is a behavioral integer parameter that dictates the lizard’s chase manner;
za denotes a randomized coefficient governing the moving strength and hunting activity;
and FP indicates the prey location chosen from fitter solution candidates. Frilled lizards
exhibit adaptive hunting strategies that change based on environmental conditions and prey
traits. The algorithm’s position update includes stochastic elements to control movement
intensity and direction, promoting search diversity and preventing early convergence.
This mechanism boosts the exploration abilities of the FLO algorithm, allowing candidate
solutions to explore new, potentially optimal areas in the search space.

After generating a new position, decision variables are checked against their bounds,
adjusting any that exceed limits. The updated position’s fitness is evaluated using the
objective function, and a greedy selection mechanism only replaces the current position if
the new one improves fitness:

Fi(Iter + 1) =

{
Fi

A

Fi

i f f
(

Fi
A
)
≤ f (Fi)

Else
(16)

This approach promotes beneficial movements while maintaining high-quality solu-
tions from earlier iterations.

3.1.3. Tree-Climbing Strategy

The tree-climbing strategy in FLO represents the exploitation phase of the process,
which is inspired by the natural tendency of frilled lizards to climb trees when searching for
safety, improving visibility, or identifying favorable hunting locations. The tree-climbing
process can produce the following updated position (Fi

B):

Fi
B =

Up − Lo
Iter

× (1 − 2zb)+Fi (17)

where the climbing orientated position and direction are controlled by a randomized
factor zb. Within the optimization framework, this mechanism enables candidate solutions
to perform a detailed search around promising regions previously identified during the
exploration stage. The position of each lizard is updated using a randomized directional
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movement combined with an adaptive step size, allowing the search to proceed in both
positive and negative directions.

After generating a new climbing position, boundary constraints are enforced to ensure
that all decision variables remain within their feasible ranges. The fitness of the updated
position ( f

(
FB

i
)
) is then evaluated, and a greedy selection mechanism is applied:

Fi(Iter + 1) =

{
Fi

B

Fi

i f f
(

Fi
B
)
≤ f (Fi)

Else
(18)

The new position is accepted only if it yields a better fitness value than the current
solution, thereby ensuring continuous improvement of the population. The hunting and
tree-climbing phases are repeatedly executed throughout the optimization process until
the maximum number of iterations (Iterm) is reached. Through the continuous interaction
between exploration-oriented hunting and exploitation-oriented tree-climbing behaviors,
FLO effectively balances diversification and intensification, enabling efficient navigation of
complex search spaces and improving the likelihood of locating the global optimum.

3.2. Proposed IFLO

At each iteration, every lizard selects one of four behaviors, hunting, tree-climbing,
defensive action, or adaptive refinement, based on a uniformly distributed random variable
R f ∈ [0, 1]. This probabilistic switching mechanism mimics the adaptive behavior of real
frilled lizards under varying environmental conditions and enables different search agents
to perform diverse search strategies simultaneously. Consequently, IFLO maintains a
dynamic balance between exploration and exploitation, enhancing search diversity and
reducing the risk of premature convergence.

3.2.1. Proposed Defensive Strategy

To enhance the search capability of IFLO, a defensive strategy inspired by the anti-
predator behavior of frilled lizards is introduced. In nature, frilled lizards respond to threats
through defensive actions such as intimidation or evasion. In the optimization framework,
this behavior is modeled to help search agents avoid poor-quality regions and escape local
optima. The strategy begins by identifying the worst-performing solution in the population
(Fenemy), which is treated as a hazardous or undesirable region.

Fenemy = argmaxi f (Fi) (19)

The worst-performing solution in the current population, denoted by Fenemy, is iden-
tified using Equation (19). This solution corresponds to the candidate with the highest
objective function value in a minimization problem and is regarded as an unfavorable or
hazardous region of the search space. Unlike conventional metaheuristics that guide agents
solely toward the best solution, the proposed defensive strategy also utilizes information
from the worst solution to provide a repulsive search direction. By identifying regions asso-
ciated with poor fitness values, the algorithm can actively discourage candidate solutions
from moving toward unpromising areas and reduce the likelihood of stagnation around
local optima. Consequently, Fenemy serves as a reference point for generating avoidance
behaviors that improve population diversity and strengthen the exploration capability
of IFLO.

The Euclidean distance (Disti,enemy) between each lizard and this worst solution is
then calculated to estimate the level of threat as:

Disti,enemy =
∥∥Fi − Fenemy

∥∥ (20)
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Based on this distance, different defensive responses are activated, enabling the algo-
rithm to move away from unfavorable areas, improve population diversity, and enhance
the ability to explore more promising regions of the search space.

(a) Frill Display Mechanism
When a lizard is located very close to a high-threat region, it activates the frill display

mechanism, mimicking the defensive expansion behavior used to deter predators. In IFLO,

this behavior is modeled as a large random displacement (
→

Dr2) that rapidly moves the
search agent away from unfavorable areas as follows:

Fi
C = 0.25 ×

( →
Dr2 − 0.5

)
× (Up − Lo)+Fi if Disti,enemy <

∥Up − Lo∥
12

(21)

where
→

Dr2 is a large random displacement vector containing random numbers in the range
[0, 1] following uniform distribution. Thus, the generated movement introduces significant
diversification into the population, helping the algorithm escape poor local optima and
explore new regions of the search space more effectively.

(b) Erratic Escape Mechanism
Under moderate threat conditions, the lizard performs an erratic escape maneuver, char-

acterized by rapid and unpredictable movements away from the danger source as follows:

Fi
C =

(
Up − Lo

10

)
×
( zc

5
+ 1
)
×
(

Fi − Fenemy∥∥Fi − Fenemy
∥∥+ ε

)
+Fi if Disti,enemy <

∥Up − Lo∥
6

(22)

In IFLO, this behavior is modeled through a repulsive movement combined with
stochastic perturbations (zc), allowing search agents to move away from unfavorable
regions while maintaining search diversity. The random nature of the movement mimics
the chaotic escape patterns of real frilled lizards and helps the algorithm avoid premature
convergence by reducing the likelihood of becoming trapped in local optima.

(c) Camouflage Mechanism
When the threat level is low, the lizard adopts a camouflage strategy, characterized by

minimal movement and small positional adjustments. In IFLO, this behavior is modeled

as a slight random perturbation (
→

Dr3) around the current position, enabling fine local
exploitation while maintaining solution stability as follows:

Fi
C =

(
Up − Lo

100

)
×

→
Dr3 + Fi if Disti,enemy >

∥Up − Lo∥
6

(23)

By performing delicate refinements near promising regions, the camouflage mecha-
nism enhances convergence accuracy and supports the preservation of high-quality solu-
tions during the later stages of the optimization process.

3.2.2. Proposed Adaptive Local Search

To further improve search efficiency, IFLO incorporates an adaptive local search mech-
anism inspired by the agile movements of lizards during hunting and defensive situations.
The strategy dynamically adjusts its search behavior according to the optimization progress,
enabling extensive exploration during the early stages and more focused exploitation as
the search converges. This adaptive balance is regulated through an iteration-progress
parameter that gradually shifts the algorithm from diversification to intensification. For
average-performing lizards, the local refinement process combines information from the
global best solution, neighboring individuals, and directional search adjustments. The posi-
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tion update incorporates stochastic components and adaptive control factors that regulate
movement agility, search intensity, and convergence stability as follows:

Fi
D =



( →
Dr4 − 0.5

)
× η × (Up − Lo)− γ × (Fi − 0.5(FP + Fr))+Fi

(Fr − Fi)× λ + FP

(Fr − Fi)× ρ +
(

Fi−Fenemy
)
× ηtail + FP

(Fr − Fi)×ze + ∆Fp × β+FP

zd ≤ 0.5 & R f ≤ 0.3
zd > 0.5 & R f ≤ 0.3

0.3 < R f ≤ 0.7
Else

(24)

where Fr is a random lizard position, and
→

Dr4 is a random dimensional vector; η and γ

indicate burst magnitude and control agility; λ is a random pursuit vector while ρ and
ηtail refer to the attraction gain and the tail correction factor; zd and ze symbolize random
numbers; and β denotes the tail inertia coefficient.

In Equation (24), R f is the iterative progress ratio which is defined as the proportion
of the current iteration (Iter) over its maximum number (Iterm). This iterative progress ratio
acts as an adaptive mechanism that regulates search behavior throughout the optimization
process. Since R f increases gradually from 0 to 1 as the algorithm progresses, it enables a
smooth transition between exploration and exploitation.

By simultaneously considering elite guidance, neighboring interactions, and adaptive
correction mechanisms via Equation (24), the proposed local search enhances solution accu-
racy, accelerates convergence, and improves the algorithm’s ability to locate high-quality
solutions while avoiding premature stagnation. Furthermore, the algorithm adaptively
switches among multiple refinement variants according to the progress ratio p. During
the early search stages, agility-driven movements dominate, encouraging exploration and
diversification. As optimization progresses, the search gradually becomes more depen-
dent on tail-assisted stabilization and momentum control, enabling highly accurate local
exploitation near the optimum.

This formulation enables each lizard to refine its movement using both cooperative
learning and directional diversity. The adaptive local search combines information from the
best solution, neighboring individuals, and historical movement patterns to continuously
adjust the search trajectory. As optimization progresses, the algorithm dynamically switches
among several refinement strategies according to the iteration progress ratio. During the
early stages, agility-driven movements promote exploration and population diversity,
whereas later stages emphasize momentum preservation, stabilization, and precise local
exploitation around promising solutions. This adaptive transition in frilled lizards shows
an evolutionary shift from rapid, energetic motion during uncertainty to a more balanced
and controlled approach when pursuing a target.

• The first condition strategy mimics the lizard’s rapid prey interception by utilizing
acceleration bursts and body redirection. It considers optimal prey positioning, team-
mate data, and random acceleration to navigate toward the best prey, enabling agile
adjustments and reflecting the lizard’s quick sprinting in unpredictable scenarios.

• The second condition strategy models the lizard’s zigzag moving during high-speed
chases, utilizing sinusoidal oscillations for direction changes and momentum terms
for tail-assisted balance, facilitating effective exploration and smooth convergence.

• The third mechanism enables lizards to navigate away from unfavorable areas us-
ing a tail-mediated directional correction informed by previous movements. It
balances attraction to beneficial regions and repulsion from poor ones, enhancing
population diversity.

• The fourth strategy improves movement continuity and stabilizes transitions during
prey capture by combining momentum and attraction to neighboring lizards.
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Therefore, the developed adaptive local search phase of IFLO merges agile exploration
with stabilized exploitation through various biologically inspired behaviors, enhancing
search adaptability and resistance to premature convergence while using tail-assisted
correction and momentum preservation.

3.2.3. Justification of the Proposed Behavioral Extensions

The additional stages incorporated into IFLO were not introduced merely to increase
algorithmic complexity; rather, each stage was designed to enhance the performance of the
original FLO. The defensive behaviors (intimidation, camouflage, and erratic escape) were
introduced to provide complementary diversification mechanisms capable of generating
distinct search trajectories under different optimization conditions. Unlike conventional
random perturbation operators that rely on a single exploration pattern, these strategies
create structured population dispersion through threat-responsive movements inspired by
biological survival behaviors.

Furthermore, by integrating acceleration-driven pursuit, tail-assisted stabilization,
directional correction, and momentum-preserving movement, the proposed model en-
ables multiple refinement dynamics that progressively improve solution precision while
maintaining controlled search diversity. The adaptive behavioral selection mechanism
further distinguishes IFLO from existing approaches by adaptively activating the most
suitable behavioral mode according to the optimization state instead of employing fixed or
sequential search operators. Consequently, the described stages work together within a
hierarchical search framework, facilitating exploration, diversification, intensification, and
convergence stabilization through complementary mechanisms. This approach improves
the algorithm’s adaptability to various optimization landscapes and marks a significant
shift from traditional FLO implementations and many recent metaheuristic variants that
depend on fewer search operators.

3.2.4. Boundary Maintenance

In the proposed IFLO, each lizard’s position is dynamically updated through one of four
behavioral mechanisms: hunting strategy, tree-climbing strategy, defensive mechanism, or
adaptive local search phase, allowing the lizards to generate new candidate positions as follows:

Fi
New ∈

{
Fi

A, Fi
B, Fi

C, Fi
D
}

(25)

Consequently, the selection is implemented as follows:

Fi
new =


Fi

A

Fi
B

Fi
C

Fi
D

R f ≤ 0.25
0.25 < R f ≤ 0.5
0.5 < R f ≤ 0.75

Else

(26)

Afrom Equation (26), adaptive switching in lizard populations enables them to al-
ternate between exploration and exploitation behaviors based on optimization states and
environmental conditions. A boundary maintenance procedure ensures that generated
positions remain within feasible limits by correcting any violated decision variables after
updates, projecting them back into the allowable search interval as follows:

Fi,d
new =


Lod

UBd

Fi,d
new

i f Fi
new ≤ Lod

i f Fi
new ≥ Upd
Else

(27)
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The fitness value linked to the revised lizard location is assessed using the objective
function as f

(
Fnew

i
)

following the creation and correction of the new candidate position.
The definition of the greedy selection mechanism is:

Fi(Iter + 1) =

{
Fi

new

Fi

i f f (Fi
new) ≤ f (Fi)

Else
(28)

This selection method preserves high-quality solutions found in earlier rounds while
ensuring that only advantageous movements contribute to the population’s evolution-
ary advancement. Figure 1 shows the whole operational flowchart of the suggested
IFLO algorithm.

 

Figure 1. Proposed IFLO steps.
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4. Simulation Results
Two distribution power networks which are IEEE 69-bus distribution feeder, and a

practical large-scale 141-bus system in the area of Caracas in Venezuela, are employed to test
the effectiveness of the proposed IFLO. The standard FLO, BCO, HLOA, WOA, Jaya, and
PSO are compared to the proposed IFLO. These techniques are operated with settings of
(30 and 50) search agents and (60 and 150) iterations The IEEE 69-Bus system [30] is used to
assess medium- to large-scale optimization solutions, and the practical large-scale 141-bus
system [31] is used to assess scalability and performance under increased complexity. The
scenarios under study are as follows:

■ Scenario No.1: Optimal DG installation with NR for the IEEE 69-bus system
■ Scenario No.2: Optimal CB installation with NR for the IEEE 69-bus system
■ Scenario No.3: Optimal DG and CB installation with NR for the IEEE 69-bus system.
■ Scenario No.4: Optimal DG installation with NR for the IEEE 141-bus system
■ Scenario No.5: Optimal CB installation with NR for the IEEE 141-bus system
■ Scenario No.6: Optimal DG and CB installation with NR for the IEEE 141-bus system.

4.1. IEEE 69-Bus System

The IEEE 69-Bus system comprises 69 nodes and 68 branches as displayed in Figure 2,
with an aggregate active power consumption of around 3.8 MW and a reactive power
requirement of 2.69 MVAr. The attempt to minimize power loss and regulate voltage
is more challenging. The IEEE 69-Bus system is a useful way to verify the resilience of
optimization models since it includes more buses and longer feeder lengths, which results
in higher voltage drops and power losses. The system is characterized by radial designs
and variable load distribution, and this test environment provides a thorough setting for
assessing the effectiveness of optimization approaches in DG planning, loss mitigation, and
system efficiency enhancement.

Figure 2. IEEE 69-bus distribution feeder system.
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4.1.1. Scenario No.1 for the IEEE 69-Bus System

For Scenario No.1, the optimal DG allocation and size with NR is assessed using
different optimization algorithms, including BCO, HLOA, Jaya, PSO, WOA, FLO, and the
proposed IFLO, as illustrated in Table 1. The comparison is performed based on the optimal
reconfiguration switches, installed DG buses and ratings, and the corresponding active
power losses.

Table 1. DG allocations and sizes with NR in Scenario No.1.

Items Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Reconfiguration

- 10 10 69 69 9 42 10

- 17 20 70 70 15 20 70

- 14 14 12 12 43 45 13

- 57 8 57 58 7 58 55

- 63 73 64 64 25 63 63

Installed buses

- 27 46 61 62 27

- 11 64 25 8 65 46

61 61 61 61 27 61 61

Rate (kW)
- 503 344 740 813 466

- 157 313 303 609 665 431

- 1328 990 1682 1547 519 551 1383

Losses 224.96 40.93261 58.29968 44.68635 43.78749 47.28125 49.0715 38.4235

The initial RDS exhibits active power losses of 224.96 kW before applying any opti-
mization technique. After applying simultaneous DG allocation and network reconfigura-
tion, all optimization methods achieved noticeable improvements in system performance
through power loss reduction. However, the proposed IFLO demonstrated the best overall
performance among all compared techniques.

For the IFLO approach, the optimal reconfiguration configuration was obtained by
opening switches 10, 70, 13, 55, and 63. In addition, the optimal DG units were allocated at
buses 27, 46, and 61 with sizes of 466 kW, 431 kW, and 1383 kW, respectively. Hence, the
active power losses were reduced to 38.4235 kW, which represents the minimum loss value
38.4235 kW among all investigated methods. Additionally, the BCO, HLOA, Jaya, PSO,
WOA, and standard FLO achieved power losses of 40.93261, 58.29968, 44.68635, 43.78749,
47.28125, and 49.0715 KW, respectively.

The convergence features of the proposed IFLO, the standard FLO, BCO, HLOA,
WOA, Jaya, and PSO are displayed in Figure 3 for Scenario No.1. Compared with other
optimization techniques, the IFLO outperformed BCO, HLOA, Jaya, PSO, WOA, and the
standard FLO in terms of solution quality and loss minimization capability. Although some
methods such as BCO and PSO achieved competitive results, they were unable to attain
the same level of reduction obtained by IFLO. The superior performance of IFLO can be
attributed to its enhanced exploration and exploitation mechanisms introduced through
the Defensive Strategy Phase and Adaptive Local Search Phase, which improve search
diversity and prevent premature convergence.
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Figure 3. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario
No.1.

Furthermore, the proposed IFLO exhibited more stable convergence behavior and
better capability in identifying the optimal combination of DG placement and network
topology. This confirms that the proposed enhancements effectively improve the opti-
mizer’s search efficiency and robustness, especially for highly nonlinear and complex RDS
optimization problems. Consequently, IFLO provides a reliable and efficient framework for
simultaneous DG allocation and network reconfiguration in modern RDSs.

The statistical performance of the investigated optimization techniques over 25 in-
dependent runs is summarized in terms of minimum, average, maximum, and standard
deviation (SD) values of the active power losses. The obtained results clearly demon-
strate the superiority and robustness of the proposed IFLO algorithm compared with
BCO, HLOA, Jaya, PSO, WOA, and the standard FLO approaches. Among all compared
techniques, the proposed IFLO achieved the lowest minimum active power loss value
of 38.4235 kW, outperforming all other optimization methods. In contrast, the minimum
losses obtained by BCO, HLOA, Jaya, PSO, WOA, and FLO were 40.93261 kW, 58.29968 kW,
44.68635 kW, 43.78749 kW, 47.28125 kW, and 49.0715 kW, respectively, as illustrated in
Table 1. This confirms the strong exploitation capability of IFLO in locating high-quality
optimal solutions.

As illustrated in Figure 4 and Table 2, the average loss values further highlight the
stability and consistency of the proposed algorithm. IFLO achieved an average loss of
44.77033 kW, which is significantly lower than those obtained by the competing methods.
Particularly, HLOA and WOA exhibited much higher average losses of 124.7882 kW and
82.39824 kW, respectively, indicating unstable search behavior and inconsistent conver-
gence performance. Similarly, the FLO algorithm recorded an average loss of 66.59372 kW,
demonstrating that the proposed enhancements substantially improved the standard op-
timizer performance. Regarding the maximum obtained losses, IFLO also demonstrated
the best robustness with a maximum value of only 47.27975 kW. By comparison, other
methods experienced considerably larger maximum losses, especially HLOA and WOA,
which reached 191.6283 kW and 171.048 kW, respectively. These large deviations indi-
cate poor stability and a higher probability of trapping in local optima. The standard
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deviation values provide additional evidence of the reliability of the proposed approach.
IFLO achieved the smallest standard deviation value of 2.688635, indicating highly stable
and repeatable performance across multiple runs. Although BCO and Jaya showed rela-
tively acceptable deviations, their solution quality remained inferior to IFLO. On the other
hand, HLOA, WOA, and FLO exhibited significantly larger deviations, reflecting unstable
convergence characteristics.

Figure 4. Boxplot for IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario No.1.

Table 2. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.1.

BCO HLOA Jaya PSO WOA FLO IFLO

Min 40.93261 58.29968 44.68635 43.78749 47.28125 49.0715 38.4235

Average 45.36853 124.7882 50.40194 51.07963 82.39824 66.59372 44.77033

Max 53.81256 191.6283 56.73289 83.93699 171.048 96.8034 47.27975

SD 3.101637 46.91013 3.504576 8.432481 32.89545 16.67576 2.688635

To evaluate the convergence characteristics of the proposed algorithm, three com-
plementary performance indicators were employed: (i) the number of iterations required
to reach the predefined target fitness value (Itertarget), (ii) the performance improvement
percentage (PI%), and (iii) the convergence rate metric (CR). The target fitness value was
fixed at ( ftarget = 45 kW) for all algorithms to ensure a fair comparison.

CR =
f (1)− ftarget

Iterm
(29)

PI% =
f Initial − fbest

f Initial
(30)

where f (1) is the initial best fitness, fbest is the final best fitness attained at the end of the
optimization process, and Iterm is the maximum number of iterations. Table 3 summarizes
the convergence results and solution quality obtained for Case 1. The proposed IFLO
achieved the best overall performance among all competing algorithms. It reached the
target fitness value in only 15 iterations, significantly outperforming BCO, HLOA, Jaya,
PSO, WOA, and the original FLO, which required 182, 200, 108, 118, 200, and 200 iterations,
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respectively. This result demonstrates the superior capability and accelerated convergence
behavior of the proposed IFLO during the early stages of the search process.

Table 3. Convergence and solution quality of BCO, HLOA, WOA, Jaya, FLO, IFLO, and PSO obtained
for Case 1.

f (1) ftarget fbest Itertarget PI% CR

BCO 133.6465 45 40.93261 182 81.80% 0.463569

HLOA 90.77592 45 58.29968 200 74.08% 0.162381

Jaya 106.0236 45 44.68635 108 80.14% 0.306686

PSO 418.5614 45 43.78749 118 80.54% 1.87387

WOA 125.612 45 47.28125 200 78.98% 0.391654

FLO 136.823 45 49.0715 200 78.19% 0.438757

IFLO 418.1122 45 38.4235 15 82.92% 1.898443

Regarding solution quality, IFLO produced the lowest final fitness value of 38.4235 kW,
which is substantially better than the target value and lower than all competing methods.
The performance improvement percentage further confirms the effectiveness of the pro-
posed method. IFLO achieved the highest PI% value of 82.92%, indicating the largest
reduction from its initial fitness value to the final optimized solution. The remaining al-
gorithms achieved PI% values ranging from 74.08% to 81.80%, demonstrating that IFLO
consistently generated greater overall improvement throughout the optimization process.

A similar trend is observed in the convergence rate metric. IFLO attained the highest
CR value of 1.8984, slightly exceeding PSO (1.8739) and considerably outperforming BCO
(0.4636), FLO (0.4388), WOA (0.3917), Jaya (0.3067), and HLOA (0.1624). The high CR value
indicates that IFLO was able to reduce the objective function more rapidly on average
during the optimization process. When considered together with the remarkably low
iteration count required to reach the target solution, these results confirm that the proposed
IFLO provides both faster convergence and superior solution quality.

4.1.2. Scenario No.2 for the IEEE 69-Bus System

For Scenario No.2, the optimal CB allocation and size with NR is assessed using
BCO, HLOA, Jaya, PSO, WOA, FLO, and the proposed IFLO, as illustrated in Table 4. For
the IFLO approach, the optimal reconfiguration configuration was obtained by opening
switches 69, 18, 12, 56, and 63. In addition, the optimal DG units were allocated at buses
44, 61, and 24 with sizes of 600, 1200, and 300 kvar, respectively. Hence, the active power
losses were reduced to 38.4235 kW, which represents the minimum loss value 68.24586 kW
among all investigated methods. Additionally, the BCO, HLOA, Jaya, PSO, WOA, and
standard FLO achieved power losses of 69.31555, 82.71444, 75.23785, 75.90174, 79.6787, and
83.20898 KW, respectively.

In addition, the convergence features of the proposed IFLO, the standard FLO, BCO,
HLOA, WOA, Jaya, and PSO are displayed in Figure 5. Compared with other optimization
techniques, the IFLO outperformed BCO, HLOA, Jaya, PSO, WOA, and the standard FLO in
terms of solution quality and loss minimization capability. Furthermore, the proposed IFLO
exhibited more stable convergence behavior and better capability in identifying the optimal
combination of CB placement and network topology. This confirms that the proposed
enhancements effectively improve the optimizer’s search efficiency and robustness.
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Table 4. CB allocations and sizes with NR in Scenario No.2.

Items Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Reconfiguration

69 10 69 69 10 42 69

14 20 19 70 18 20 18

12 12 14 14 43 45 12

55 56 54 58 58 58 56

61 26 63 63 63 63 63

Installed buses

- 44 61 62 59 65 61 61

- 61 11 52 47 65 65 12

24 63 22 63 61 50 27

Rate (kvar)

- 600 600 900 900 2400 900 1200

- 1200 600 300 3000 600 600 300

- 300 600 300 600 1200 900 300

Losses 102.15 69.31555 82.71444 75.23785 75.90174 79.6787 83.20898 68.24586

Figure 5. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario
No.2.

As depicted in Figure 6, the statistical performance of the proposed IFLO, BCO, HLOA,
Jaya, PSO, WOA, and the standard FLO over 25 independent runs is summarized in terms
of minimum, average, maximum, and SD values of the active power losses. Among all
compared techniques, the proposed IFLO achieved the lowest minimum active power loss
value of 68.25 kW, outperforming all other optimization methods. This confirms the strong
exploitation capability of IFLO in locating high-quality optimal solutions. The obtained
results clearly demonstrate the superiority and robustness of the proposed IFLO algorithm
compared with BCO, HLOA, Jaya, PSO, WOA, and the standard FLO approaches. The
worst-case analysis presented in Figure 6 further confirms the superiority and robustness
of the proposed IFLO approach. IFLO achieved the lowest worst-case loss value of ap-
proximately 80.93 kW, indicating stable convergence behavior and a low sensitivity to
random initialization. In contrast, HLOA produced the highest worst-case loss exceeding
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154 kW, followed by WOA with approximately 130.21 kW, reflecting significant instabil-
ity and a strong tendency to become trapped in poor local optima. Similarly, Jaya, PSO,
and FLO exhibited higher worst-case losses compared with IFLO, indicating less reliable
optimization performance.

  
 

 

Figure 6. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.2.

4.1.3. Scenario No.3

The simultaneous optimal allocation and sizing of DGs, CBs, and NR for the RDS
are studied in Scenario No.3, and the obtained results are presented in Table 5. For the
proposed IFLO, the optimal NR was obtained by opening switches 69, 70, 12, 72, and 73. In
addition, the optimal DG units were allocated at buses 61, 22, and 12 with sizes of 1659 kW,
277 kW, and 344 kW, respectively. Regarding reactive power compensation, CBs were
optimally installed at buses 61 and 10 with sizes of 1200 kVAr and 300 kVAr, respectively.
As a consequence, the active power losses were dramatically reduced to 6.113254 kW,
representing the minimum loss value among all investigated optimization methods. The
obtained results clearly indicate the superiority of the proposed IFLO compared with the
competing techniques. Although WOA achieved a competitive loss value of 9.769472 kW
and BCO obtained 10.47863 kW, both methods remained inferior to IFLO. Similarly, HLOA,
Jaya, PSO, and FLO produced higher losses of 26.18097 kW, 20.5828 kW, 24.9819 kW, and
17.4042 kW, respectively. The substantial improvement achieved by IFLO confirms its
strong optimization capability in handling the highly nonlinear and complex interactions
among DGs placement, CBs, and NR.

In addition, the convergence features of the proposed IFLO, the standard FLO, BCO,
HLOA, WOA, Jaya, and PSO are displayed in Figure 7 for Scenario No.3. The IFLO
outperformed BCO, HLOA, Jaya, PSO, WOA, and the standard FLO in terms of solution
quality and loss minimization capability. Furthermore, the proposed IFLO exhibited more
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stable convergence behavior and better capability in identifying the optimal combination
of DGs, CBs placement, and NR.

Table 5. DGs, CBs allocations and sizes with NR in Scenario No.3.

Items Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Open Switches

10 42 69 42 69 42 69

14 20 17 20 70 20 70

11 45 45 71 71 45 12

55 58 57 58 57 58 72

16 62 73 64 73 63 73

Installed buses

- 61 65 22 61 61 64 61

- 22 61 62 19 61 22

- 63 61 69 64 63 12

Rate (kW)

- 875 485 65 1444 1537 630 1659

- 542 809 1142 516 683 277

- 749 621 384 197 805 344

Installed buses

61 61 67 69 5 65

22 67 69 62 12 61 61

28 65 62 69 61 63 10

Rate (KVAr)

900 300 300 3000 300 600

300 600 300 1200 300 300 1200

1200 300 900 300 1500 600 300

Losses 102.15 10.47863 26.18097 20.5828 24.9819 9.769472 17.4042 6.113254

Figure 7. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario
No.3.

Figure 8 and the corresponding statistical results summarize the performance of the
investigated optimization algorithms under Scenario No.3, which considers the simultane-
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ous allocation and sizing of DGs, capacitor banks, and network reconfiguration. Regarding
the average performance, the proposed IFLO also demonstrated highly competitive results
with an average loss value of 25.24331 kW, which is substantially lower than those obtained
by HLOA, Jaya, WOA, and FLO. Although BCO recorded a comparable average value
of 26.41734 kW and PSO achieved 28.64942 kW, IFLO still maintained superior overall
optimization performance. The significantly high average losses observed for HLOA
(109.9262 kW) and WOA (59.08331 kW) indicate unstable convergence characteristics and
reduced optimization reliability. The maximum obtained losses further highlight the robust-
ness of the proposed IFLO algorithm. IFLO achieved a maximum loss value of 39.60137 kW,
which is considerably lower than those of HLOA, WOA, and FLO, whose maximum losses
reached 199.4016 kW, 120.4337 kW, and 90.76009 kW, respectively. These large deviations
demonstrate the inability of these algorithms to consistently avoid poor local solutions
during repeated runs. The standard deviation values provide additional insight into the
stability and consistency of the investigated methods. PSO achieved the smallest standard
deviation value of 9.159276, indicating relatively stable convergence behavior. However,
IFLO maintained a competitive standard deviation value of 12.7447 while simultaneously
achieving significantly better minimum and average loss values. In contrast, HLOA, WOA,
and FLO exhibited considerably larger deviations, confirming unstable search behavior
and inconsistent optimization performance.

Figure 8. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.3.

The comparative results presented in Tables 6–8 demonstrate the effectiveness and
competitiveness of the proposed IFLO algorithm against several well-established optimiza-
tion techniques reported in the literature. For Scenario No.1, IFLO achieved the lowest
active power losses of 38.4235 kW, outperforming the Adaptive Cuckoo Search, Fireworks,
Harmony Search, and Improved Sine–Cosine algorithms, while maintaining an acceptable
minimum voltage profile of 0.9725 p.u. In Scenario No.2, IFLO produced the best overall
performance by simultaneously achieving the lowest power losses (68.25 kW) and the
highest minimum voltage (0.968 p.u.) compared with both the Gray Wolf Optimizer and
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the Non-dominated Sorting Genetic Algorithm. Similarly, for Scenario No.3, IFLO yielded
the minimum power losses of 6.113 kW and the highest minimum voltage of 0.9939 p.u.,
surpassing Gray Wolf Optimizer, Bacterial Foraging Optimization, and Non-dominated
Sorting Genetic Algorithm. These results confirm that the proposed IFLO algorithm con-
sistently provides superior loss minimization while maintaining or improving voltage
stability across different operating scenarios, highlighting its robustness, effectiveness, and
practical suitability for RDS optimization problems.

Table 6. Comparisons against reported results for Scenario No.1.

Applied Algorithm Minimum Voltage Losses (kW)

Adaptive Cuckoo Search Algorithm [11] 0.9873 40.49

Fireworks Algorithm [32] 0.9796 39.25

Harmony Search Algorithm [9] 0.9736 40.3

Improved Sine–Cosine Algorithm [33] 0.9798 39.73

Proposed IFLO algorithm 0.9725 38.4235

Table 7. Comparisons against reported results for Scenario No.2.

Applied Algorithm Minimum Voltage Losses (kW)

Grey Wolf Optimizer [17] 0.966 68.92

Non-dominated Sorting Genetic Algorithm [34] 0.9574 79.77

Proposed IFLO algorithm 0.968 68.25

Table 8. Comparisons against reported results for Scenario No.3.

Applied Algorithm Minimum Voltage Losses (kW)

Grey Wolf Optimizer [17] 0.9937 7.19

Bacterial Foraging Optimization [18] 0.9733 28.87

Non-dominated Sorting Genetic Algorithm [34] 0.9766 29.748

Proposed IFLO algorithm 0.9939 6.113

4.2. Large-Scale Radial IEEE 135-Bus Distribution Feeder

The large-scale 141 bus system is the 12.47 kV AES-Venezuela in the Caracas metropoli-
tan region, which is modeled by 141 nodes with a total peak load of 12.19 MW and
6.2894 MVAr [35,36].

4.2.1. Scenario No.4

For Scenario No.4, simultaneous optimal allocation and sizing of DG together with NR
for the studied RDS are considered. As illustrated in Table 9, the proposed IFLO algorithm
is compared with BCO, HLOA, Jaya, PSO, WOA, and FLO, in terms of optimal capacitor
placement, reconfiguration strategy, and active power loss minimization. The initial RDS
exhibits high active power losses of 603.821 kW before applying any optimization process.
After implementing DG allocation and feeder reconfiguration, all optimization techniques
achieved substantial reductions in power losses due to improved reactive power compensa-
tion and enhanced feeder power flow distribution. However, the proposed IFLO algorithm
achieved the best overall performance among all investigated methods. Using the IFLO
algorithm, the optimal CBs were allocated at buses 95, 46, 94, 22, and 70 with capacitor sizes
of 623, 2253, 944, 2305, and 118 KW, respectively. In addition, the optimal reconfiguration
strategy was achieved through selecting the corresponding optimal open-switch config-
uration listed in Table 9. Hence, the active power losses were significantly reduced from
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603.821 kW to 88.13137 kW, representing the minimum loss value among all compared
optimization techniques. The obtained results clearly demonstrate the superiority of the
proposed IFLO compared with the other algorithms. Although PSO achieved a competitive
loss value of 99.9209 kW and HLOA reached 112.3304 kW, both methods remained inferior
to IFLO. Similarly, BCO, Jaya, WOA, and FLO produced higher losses of 97.15055 kW,
138.748 kW, 113.7405 kW, and 218.3476 kW, respectively. These results confirm the strong
capability of IFLO in efficiently solving the complex optimization problem associated with
DG allocation and NR.

Table 9. DGs allocations and sizes with NR in Scenario No.4.

Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Installed buses

83 18 11 140 63 6 95

58 5 137 81 107 15 46

104 13 50 105 121 94

66 67 8 35 106 4 22

95 51 54 75 7 70

Rate (kW)

948 1076 2198 2696 3478 1278 623

207 1299 354 2371 91 3452 2253

506 2703 2393 578 3027 944

1870 704 620 76 105 133 2305

3131 1082 627 314 225 1188

Switches

53 53 59 40 40 41 54

87 88 95 142 95 142 95

36 2 4 4 2 3 2

72 39 72 73 72 144 73

18 16 20 145 86 145 84

28 146 27 28 146 146 146

56 147 81 44 78 147 147

48 46 148 148 67 44 148

121 129 133 149 126 123 127

14 150 150 104 150 150 150

90 151 89 107 151 95 89

100 105 92 152 105 152 101

119 153 129 122 117 7 153

154 154 86 48 154 154 23

25 155 155 17 17 155 155

Losses 603.821 97.15055 112.3304 138.748 99.9209 113.7405 218.3476 88.13137

Figure 9 illustrates the convergence behavior of seven optimization algorithms which
are IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO, applied under Scenario No.4. Among all
the compared algorithms, the proposed IFLO demonstrates the most superior convergence
performance, achieving the lowest loss value of approximately 88 MW within just the first
few iterations and maintaining that optimal level throughout the remaining 300 iterations.
In contrast, BCO exhibits the poorest performance, beginning with losses close to 960 MW
and converging very slowly, only reaching around 97 MW by the final iteration. HLOA
also shows a sluggish convergence pattern, remaining relatively stagnant until around
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iteration 100 before dropping sharply to approximately 112 MW. The Jaya, PSO, and
WOA algorithms converge more rapidly in the early stages but stabilize at loss values
higher than IFLO, ranging between 114 and 138 MW. FLO, while initially converging
well, displays an anomalous increase in losses around iterations 200–250 before eventually
stabilizing, suggesting a degree of instability in its search mechanism. Hence, the figure
clearly demonstrates the effectiveness and robustness of the IFLO algorithm in achieving
faster convergence and lower power losses compared to its counterparts.

Figure 9. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario
No.4.

Under Scenario No.4, Figure 10 and Table 10 illustrate the statistical performance of the
investigated optimization algorithms, including BCO, HLOA, Jaya, PSO, WOA, FLO, and
the proposed IFLO algorithm. The best overall result average performance of IFLO with an
average loss value of 100.7768 kW, which is significantly lower than those obtained by the
competing approaches. Although PSO achieved a relatively competitive average loss of
107.0063 kW, it still remained inferior to IFLO. On the other hand, HLOA and FLO exhibited
extremely high average losses of 273.9294 kW and 349.6248 kW, respectively, indicating
unstable search behavior and weak convergence performance. IFLO achieved a maximum
loss value of only 114.5236 kW, which is substantially lower than the maximum losses
obtained by all other optimization techniques. In particular, HLOA and FLO recorded very
large maximum losses reaching 603.8209 kW and 578.3417 kW, respectively, demonstrating
their inability to consistently avoid poor local solutions during repeated optimization runs.
PSO achieved the lowest standard deviation value of 7.705824, indicating stable conver-
gence behavior. However, IFLO maintained a closely competitive standard deviation value
of 8.111434 while simultaneously achieving considerably better minimum and average loss
values. In contrast, BCO, HLOA, WOA, and FLO exhibited significantly larger deviations,
reflecting unstable convergence characteristics and inconsistent optimization performance.
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Figure 10. Boxplot for IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario No.4.

Table 10. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.4.

BCO HLOA Jaya PSO WOA FLO IFLO

Min 97.15055 112.3304 138.748 99.9209 113.7405 218.3476 88.13137

Av 145.9464 273.9294 151.9346 107.0063 163.282 349.6248 100.7768

Max 290.2735 603.8209 194.2408 127.6576 292.492 578.3417 114.5236

StD 53.22123 126.4267 17.58568 7.705824 38.11537 79.99385 8.111434

4.2.2. Scenario No.5

Using the IFLO algorithm, the optimal capacitor banks were allocated at buses 73,
31, 17, 55, and 92 with capacitor sizes of 600 kVAr, 900 kVAr, 600 kVAr, 2100 kVAr, and
1800 kVAr, respectively. In addition, the optimal reconfiguration strategy was achieved
through selecting the corresponding optimal open-switch configuration listed in Table 11.
As a result, the active power losses were significantly reduced from 603.821 kW to
177.7582 kW, representing the minimum loss value among all compared optimization
techniques. The obtained results clearly demonstrate the superiority of the proposed IFLO
compared with the other algorithms. Although PSO achieved a competitive loss value of
183.4135 kW and HLOA reached 189.3558 kW, both methods remained inferior to IFLO.
Similarly, BCO, Jaya, WOA, and FLO produced higher losses of 204.8384 kW, 237.0411 kW,
229.2493 kW, and 197.7438 kW, respectively. These results confirm the strong capability of
IFLO in efficiently solving the complex optimization problem associated with CB allocation
and NR.

Furthermore, the convergence features of the proposed IFLO, the standard FLO, BCO,
HLOA, WOA, Jaya, and PSO are displayed in Figure 11 for Scenario No.5. Compared with
other optimization techniques, the IFLO outperformed BCO, HLOA, Jaya, PSO, WOA, and
the standard FLO in terms of solution quality and loss minimization capability. Therefore,
the proposed IFLO exhibited more stable convergence behavior and better capability in
identifying the optimal combination of CB placement and network topology.
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Table 11. CBs allocations and sizes with NR in Scenario No.5.

Items Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Installed buses

- 114 115 62 31 73

- 108 69 99 4 6 91 31

- 60 2 61 7 115 17

- 108 78 30 86 119 61 55

- 78 49 70 75 44 110 92

Rate (kVAr)

- 1200 0 1500 900 600

- 2400 1200 2400 1800 300 2400 900

- 1500 1200 600 2700 2100 600

- 2400 1200 1500 1500 300 1200 2100

- 300 600 300 600 2400 1200 1800

- 53 38 54 54 54 53 39

- 88 95 95 95 142 88 88

- 2 5 5 2 5 5 5

- 41 144 144 73 144 72 72

- 84 145 145 145 145 46 47

- 25 146 27 24 146 28 29

- 78 147 81 81 147 80 81

- 49 67 148 51 148 65 148

- 128 149 133 133 121 133 121

- 104 150 117 150 150 104 117

- 93 107 151 107 107 99 107

- 100 105 105 105 152 102 105

- 13 124 129 128 14 124 119

- 17 47 86 47 154 19 24

- 155 26 155 155 16 24 21

Losses 603.821 204.8384 189.3558 237.0411 183.4135 229.2493 197.7438 177.7582

Moreover, Table 12 and Figure 12 manifest the statistical performance comparison
of the proposed IFLO algorithm compared with BCO, HLOA, Jaya, PSO, WOA, and the
original FLO algorithm under Scenario No.5. To illustrate, IFLO achieved an average loss
value of 199.8492 kW, which is significantly lower than those obtained by BCO, HLOA,
Jaya, WOA, and FLO. Although PSO achieved a slightly close average value of 200.2657 kW,
IFLO still maintained superior overall performance. In contrast, HLOA and FLO exhibited
very high average losses of 408.6496 kW and 369.4296 kW, respectively, indicating unstable
convergence behavior and weak optimization reliability. Additionally, IFLO recorded a
maximum loss value of only 213.0913 kW, which is considerably lower than the maximum
losses obtained by all other methods. Particularly, HLOA and FLO reached extremely large
maximum losses of 603.8209 kW, demonstrating severe instability and a high tendency to
become trapped in poor local optima during repeated runs. Similarly, BCO, Jaya, and WOA
showed noticeably larger maximum values compared with IFLO. For standard deviation,
PSO achieved the lowest value of 9.32116, while IFLO achieved a closely competitive
value of 9.523294 with significantly better minimum and average loss performance. This
demonstrates that IFLO maintains excellent convergence stability while simultaneously
achieving higher-quality solutions. On the other hand, HLOA and FLO exhibited very
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large deviations of 113.1919 and 95.34837, respectively, confirming unstable search behavior
and inconsistent convergence performance.

Figure 11. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.5.

Table 12. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.5.

BCO HLOA Jaya PSO WOA FLO IFLO

Min 204.8384 189.3558 237.0411 183.4135 229.2493 197.7438 177.7582

Av 224.7732 408.6496 256.7357 200.2657 243.5293 369.4296 199.8492

Max 294.1033 603.8209 311.5792 221.8131 293.7753 603.8209 213.0913

StD 17.90686 113.1919 19.27212 9.32116 26.88523 95.34837 9.523294

Figure 12. Boxplot for IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario No.5.
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4.2.3. Scenario No.6

In this scenario, the simultaneous allocation and sizing of DGs, CBs, and NR for
the practical 141 large-scale RDS. Using the IFLO algorithm, the optimal DG units were
allocated at buses 5, 7, 45, 50, and 65 with capacities of 3300 kW, 2100 kW, 900 kW, 300 kW,
and 1200 kW, respectively. Additionally, the capacitor banks were optimally installed at
buses 27, 15, 64, 100, and 46 with ratings of 1828 kVAr, 796 kVAr, 1203 kVAr, 135 kVAr, and
3351 kVAr, respectively. The optimal NR was also achieved through the corresponding
switch operations listed in Table 13. Hence, the active power losses were significantly
reduced to 44.041 kW, which represents the minimum loss value among all investigated
optimization methods. The obtained results clearly verify the superiority of the proposed
IFLO algorithm. Although PSO achieved a competitive loss value of 50.36846 kW and
BCO recorded 52.00956 kW, both methods remained inferior to IFLO. Similarly, WOA,
Jaya, and HLOA resulted in higher losses of 54.58365 kW, 85.081 kW, and 88.98195 kW,
respectively. Moreover, the conventional FLO exhibited the weakest performance with
losses reaching 120.2839 kW, highlighting the substantial improvement achieved by the
proposed enhancements incorporated into IFLO.

The convergence features of the proposed IFLO, the standard FLO, BCO, HLOA,
WOA, Jaya, and PSO are displayed in Figure 13 for Scenario No.6. In this figure, the IFLO
outperformed BCO, HLOA, Jaya, PSO, WOA, and the standard FLO in terms of solution
quality and loss minimization capability.

Figure 13. Convergence behavior of the IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.6.
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Table 13. DGs, CBs allocations and sizes with NR in Scenario No.6.

Initial Case BCO HLOA Jaya PSO WOA FLO IFLO

Installed buses

- 54 - - 7 7 89 5

- 61 - - 13 - 6 7

- 68 96 5 - 15 - 45

- 87 141 24 42 22 54 50

- 89 54 6 - 25 27 65

Rate (KW)

- 900 - - 300 2700 1800 3300

- 600 - - 1800 - 600 2100

- 600 2700 900 - 600 - 900

- 600 2700 2100 3000 2400 2400 300

- 2100 3600 2100 - 300 1800 1200

Installed buses

- 52 - 23 78 45 6 27

- 87 22 - 31 13 79 15

- 38 136 59 14 22 19 64

- 82 13 - 2 4 22 100

- 47 141 5 6 6 - 46

Rate (kVAr)

- 1119 - 2343 4086 994 2830 1828

- 2133 388 - 1292 1109 299 796

- 1704 3736 2254 1921 4979 34 1203

- 1578 255 - 8 193 4149 135

- 515 1104 2716 6 38 - 3351

- 41 61 38 38 38 39 60

- 87 95 2 6 95 2 142

- 2 3 143 143 5 143 2

- 12 38 144 144 72 144 144

- 48 47 46 145 14 6 145

- 29 139 146 23 146 146 146

- 54 58 42 147 147 147 147

- 63 64 148 148 42 148 148

- 122 133 122 149 149 149 149

- 14 102 150 7 150 150 150

- 92 107 93 151 151 151 151

- 94 105 152 94 152 152 152

- 119 129 153 153 153 153 13

- 16 23 154 154 154 154 154

- 26 18 16 155 155 15 17

Losses 603.821 52.00956 88.98195 85.081 50.36846 54.58365 120.2839 44.041

The statistical performance for Scenario No.6 is investigated using IFLO, PSO, BCO,
WOA, Jaya, HLOA, and FLO over 25 independent runs as manifested in Table 14 and
Figure 14. The obtained results clearly demonstrate the superiority of the proposed IFLO
algorithm compared with all competing approaches. IFLO achieved the lowest minimum
active power loss value of 44.041 kW, outperforming PSO, BCO, WOA, Jaya, HLOA, and
FLO, which achieved minimum losses of 50.36846 kW, 52.00956 kW, 54.58365 kW, 85.081 kW,
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88.98195 kW, and 120.2839 kW, respectively. These findings confirm the strong exploitation
capability of IFLO in identifying highly optimal solutions for the complex optimization
problem associated with simultaneous DG allocation, capacitor placement, and feeder
reconfiguration. In terms of average performance, IFLO achieved the best result with an
average loss value of 49.44533 kW, which is significantly lower than those obtained by
all other optimization methods. Although PSO achieved a relatively competitive average
loss of 64.40598 kW, it remained noticeably inferior to IFLO. Conversely, HLOA and FLO
exhibited very high average losses of 269.2756 kW and 314.1641 kW, respectively, indicating
unstable convergence behavior and weak optimization reliability.

Table 14. Statistical performance obtained from IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under
Scenario No.6.

BCO HLOA Jaya PSO WOA FLO IFLO

Min 52.00956 88.98195 85.081 50.36846 54.58365 120.2839 44.041

Av 102.0177 269.2756 126.864 64.40598 107.2325 314.1641 49.44533

Max 294.0129 517.4939 163.5684 75.66846 241.7407 583.2919 58.23477

StD 63.14512 130.6325 20.55051 6.811451 43.44427 92.91757 4.834051

Figure 14. Boxplot for IFLO, FLO, BCO, HLOA, WOA, Jaya, and PSO under Scenario No.6.

Moreover, the maximum obtained losses further validate the robustness and con-
sistency of the proposed IFLO algorithm. IFLO recorded a maximum loss value of only
58.23477 kW, which is substantially lower than the maximum losses achieved by the com-
peting techniques. In particular, FLO and HLOA exhibited extremely high maximum losses
reaching 583.2919 kW and 517.4939 kW, respectively, reflecting severe instability and a
strong tendency to become trapped in poor local optima during repeated optimization runs.
The standard deviation values provide additional evidence regarding the stability and
repeatability of the investigated methods. IFLO achieved the lowest standard deviation
value of 4.834051 among all algorithms, indicating highly stable convergence behavior
and excellent consistency over multiple runs. Although PSO achieved a relatively low
deviation of 6.811451, IFLO still maintained superior solution quality with significantly
lower minimum and average loss values.

To further assess the convergence behavior and optimization efficiency of the proposed
IFLO algorithm, a comparative analysis was conducted using the convergence and solution
quality indicators presented in Table 15. The results clearly demonstrate the superior
convergence capability of IFLO. Among all tested algorithms, IFLO reached the target
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fitness value in only 66 iterations, representing the fastest convergence performance. In
comparison, WOA required 108 iterations, PSO required 175 iterations, BCO required
182 iterations, Jaya required 200 iterations, while both HLOA and FLO required 236 and
200 iterations, respectively. These results indicate that IFLO was able to identify promising
search regions considerably earlier than the competing methods and rapidly refine the
obtained solutions toward the optimum.

Table 15. Convergence and solution quality of BCO, HLOA, WOA, Jaya, FLO, IFLO, and PSO
obtained for Case 6.

f (1) ftarget fbest Itertarget PI% CR

BCO 1000 55 52.00956 182 91.39% 4.739952

HLOA 550.4751 55 88.98195 236 85.26% 2.307466

Jaya 1000 55 85.081 200 85.91% 4.574595

PSO 927.3892 55 50.36846 175 91.66% 4.385103

WOA 1000 55 54.58365 108 90.96% 4.727082

FLO 555.2743 55 120.2839 200 80.08% 2.174952

IFLO 1000 55 44.041 66 92.69% 4.779795

In terms of solution quality, IFLO achieved the lowest final fitness value, outper-
forming all other algorithms and significantly surpassing the target fitness value of 55.
The performance improvement percentage further confirms the superiority of IFLO. The
proposed algorithm achieved the highest PI% value of 92.69%, indicating the largest re-
duction between the initial and final fitness values. This improvement exceeds those
obtained by PSO (91.66%), BCO (91.39%), WOA (90.96%), Jaya (85.91%), HLOA (85.26%),
and FLO (80.08%). The high PI% demonstrates that IFLO consistently extracted more useful
information from the search process and generated greater overall optimization gains.

A similar observation can be made from the convergence rate metric. IFLO achieved
the highest CR value of 4.7798, followed by BCO (4.7400), WOA (4.7271), Jaya (4.5746), and
PSO (4.3851). In contrast, HLOA and FLO recorded significantly lower convergence rates
of 2.3075 and 2.1750, respectively. The superior CR value attained by IFLO indicates a more
rapid average reduction in the objective function throughout the optimization process,
reflecting an improved balance between global exploration and local exploitation.

5. Conclusions
This paper presented an IFLO algorithm for the simultaneous optimization of NR, DG

allocation, and CB placement in radial distribution systems. The proposed IFLO enhances
the original FLO algorithm through adaptive search mechanisms and a defensive strategy
inspired by the anti-predator behavior of frilled lizards, thereby improving the balance be-
tween exploration and exploitation and reducing the likelihood of premature convergence.

The effectiveness of the proposed approach was validated on the IEEE 69-bus radial
distribution system under different operational scenarios. The obtained results demonstrate
that IFLO consistently achieves lower power losses compared with several well-established
optimization techniques, including BCO, HLOA, Jaya, PSO, WOA, and the original FLO.
In Scenario No.1, involving simultaneous network reconfiguration and DG allocation,
IFLO achieved the minimum active power loss of 38.4235 kW. Similarly, in Scenario No.2,
involving network reconfiguration and capacitor bank placement, IFLO obtained the
lowest power loss of 68.2459 kW. These results confirm the capability of IFLO to identify
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high-quality solutions for complex mixed-integer optimization problems encountered in
distribution network planning and operation.

Beyond the final solution quality, the statistical performance analysis further demon-
strates the robustness and reliability of the proposed algorithm. IFLO achieved the lowest
average loss values and the smallest standard deviation among the competing methods,
indicating stable convergence behavior and reduced sensitivity to stochastic variations.
Moreover, the convergence characteristics reveal that the proposed improvements accel-
erate the search process and enhance the ability of the algorithm to escape local optima,
enabling faster attainment of high-quality solutions compared with the original FLO and
other benchmark algorithms.

The results also highlight the practical applicability of IFLO for modern distribution
networks considering the large-scale 141-bus RDS by effectively determining optimal
switching configurations and optimal locations and sizes of DG units and capacitor banks
while satisfying operational constraints, including power balance, voltage limits, radiality
requirements, and thermal loading restrictions.

Although the obtained results demonstrate the superior performance of IFLO for the
investigated test system and operating conditions, future research can focus on extending
IFLO to multi-objective optimization frameworks that simultaneously consider power loss
minimization, voltage stability enhancement, reliability improvement, emission reduction,
and economic objectives. Additional investigations can also include the integration of
renewable energy sources, electric vehicle charging stations, demand response programs,
and uncertainty modeling associated with renewable generation and load forecasting.
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