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Abstract: Multi-Dimensional Optimal Power Flow (MDOPF) is a fundamental task in power systems
engineering aimed at optimizing the operation of electrical networks while considering various
constraints such as power generation, transmission, and distribution. The mathematical model of
MDOPF involves formulating it as a non-linear, non-convex optimization problem aimed at minimiz-
ing specific objective functions while adhering to equality and inequality constraints. The objective
function typically includes terms representing the Fuel Cost (FC), Entire Network Losses (ENL), and
Entire Emissions (EE), while the constraints encompass power balance equations, generator operating
limits, and network constraints, such as line flow limits and voltage limits. This paper presents an
innovative Improved Kepler Optimization Technique (IKOT) for solving MDOPF problems. The
IKOT builds upon the traditional KOT and incorporates enhanced local escaping mechanisms to
overcome local optima traps and improve convergence speed. The mathematical model of the
IKOT algorithm involves defining a population of candidate solutions (individuals) represented as
vectors in a high-dimensional search space. Each individual corresponds to a potential solution to
the MDOPF problem, and the algorithm iteratively refines these solutions to converge towards the
optimal solution. The key innovation of the IKOT lies in its enhanced local escaping mechanisms,
which enable it to explore the search space more effectively and avoid premature convergence to
suboptimal solutions. Experimental results on standard IEEE test systems demonstrate the effec-
tiveness of the proposed IKOT in solving MDOPF problems. The proposed IKOT obtained the FC,
EE, and ENL of USD 41,666.963/h, 1.039 Ton/h, and 9.087 MW, respectively, in comparison with
the KOT, which achieved USD 41,677.349/h, 1.048 Ton/h, 11.277 MW, respectively. In comparison
to the base scenario, the IKOT achieved a reduction percentage of 18.85%, 58.89%, and 64.13%,
respectively, for the three scenarios. The IKOT consistently outperformed the original KOT and other
state-of-the-art metaheuristic optimization algorithms in terms of solution quality, convergence speed,
and robustness.

Keywords: Kepler Optimization Technique; Optimal Power Flow; fuel costs; emissions; losses

MSC: 68W50

1. Introduction

In recent years, metaheuristic optimization algorithms have gained prominence for ad-
dressing Multi-Dimensional Optimal Power Flow (MDOPF) problems efficiently. MDOPF
problem represents a non-convex optimization challenge that is difficult to tackle com-
putationally. It seeks for lowering generation costs, decreasing losses, enhancing voltage
stability, and reducing pollution reduction [1,2]. Through suitable control variable setting
adjustments, MDOPF aims at optimizing the values of the pre-determined objective func-
tions while maintaining compliance with the equality and inequality restrictions of the
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power system grids [3]. Reducing fuel costs is the most prevalent objective function in
power systems. Nevertheless, secure, eco-friendly, and economical operations are crucial
for strengthening the power system efficiency and technical considerations. With myriads
of constraints, variables, and objective functions, MDOPF can commonly be non-linear and
hard to solve.

Multiple extensive study works have been published in the past decades in an at-
tempt to solve the MDOPF problem with traditional optimization approaches such as
quadratic programming [4], semi-definite programming [5], nonlinear programming [6],
gradient-based method [7], linear programming [8], sequential unconstrained minimization
technique [9], Newton’s method [10,11], and interior point [12]. Compared to traditional
methods, meta-heuristic algorithms have many advantages, including their ability to find
nearly optimal solutions and ease of implementation. However, they contain random ele-
ments and are computationally expensive. The metaheuristic’s exploration and exploitation
capabilities need to be reflected in order to guarantee effective global optimization and
quick convergence. Therefore, it is critical to consider these aspects while considering the
best method of action for a given issue.

Utilized across diverse engineering disciplines, the applications of contemporary
evolutionary optimization algorithms have been effectively drawn for several renewable
energy and power system tasks. In modeling of solar cells, an improved Archimedes
Optimization Algorithm [13], dwarf mongoose [14], and Modified Rime-Ice Growth op-
timizer [15] have been performed for determining the accurate parameters of solar cells
considering their different equivalent circuits. In addition, in the optimization of wind
turbine, using a binary artificial bee colony algorithm with multi-dimensional updates [16],
a binary artificial algae algorithm [17], and modified differential evolution algorithm [18]
has been illustrated for wind turbine placement. Moreover, particle swarm optimization
has been developed for designing an optimum wind farm layout with active control of
turbine yaws [19], and wind power intermittency was demonstrated in [20] via genetic
algorithm optimization. Further successful applications in this field include optimizing
energy conversion [21], refining operational scheduling, demand side management [22],
renewable energies integration [23], and power system optimization [24–26].

Moreover, in [27], the load frequency control (LFC) issue was discussed in a standalone
micro-grid using a wild horse optimizer-assisted intelligent fuzzy tilt integral derivative
with filter—one plus integral (FTIDF-(1 + I)) controller. The proposed system was ap-
plied on the IEEE 39-bus system, including solar PV, wind turbine, and diesel generator
units. In [28], an autonomous diesel-wind microgrid was illustrated with a PID frequency
controller and an integral-type sliding mode control (I-SMC) for effective load frequency
control (LFC). Utilizing the artificial gorilla troops optimizer (GTO) for controller param-
eter tuning, the results showed minimal frequency deviations, faster settling times, and
reduced integral errors compared to other methods. To address parameter uncertainty,
vague loading behavior, and nonlinearities in interconnected power systems (IPS), a frac-
tional order PID (FOPID) controller for automatic generation control in a two-area reheat
thermal IPS was manifested in [29]. The controller parameters were optimized using the
Artificial Gorilla Troops optimizer (GTO) with practical nonlinearities such as generation
rate constraints and generation dead band.

Recently, several different optimization algorithms and enhanced versions have been
applied to solve a wide range of challenging MDOPF problems. The application and its
aiming within their respective domain are manifested in Table 1.
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Table 1. The application and its aiming within their respective domain.

Algorithm Application Advantage Disadvantage

A modified Rao-2 algorithm [30] IEEE 30 and IEEE
118 MDOPF

The FC function with and
without the renewable
energy sources

The Entire Network Losses
(ENL) and the Emissions (EE)
have not been taken
into consideration

krill herd algorithm (KHA) [31] 26-bus and IEEE 57-bus
MDOPF

FC, ENL, and voltage
deviation functions

EE has not taken
into consideration

Opposition-based learning
whale optimization
algorithm [32]

IEEE 30 MDOPF FC function
The large system and other
objectives have not
been considered

A biogeography-based
optimizer [33]

IEEE 30-bus and IEEE
57-bus MDOPF

The FC function has been
treated as quadratic
not sinusoidal

An adaptive multi-team
perturbation-guiding JAYA [34]

The IEEE 30 and IEEE 118 of
the MDOPF FC and ENL functions The EE have not been taken

into consideration

A differential-based harmony
search algorithm [35]

The IEEE 57 and IEEE 118 of
the MDOPF FC and ENL functions The EE have not been taken

into consideration

Salp swarm algorithm [36] Different IEEE systems FC function The ENL and EE have not
been taken into consideration

Adaptive Differential
Evolution [37]

A modified IEEE 30-bus
test system FC, ENL, and EE functions The large systems have not

been considered

Differential evolutionary-based optimization techniques have been established over
the past few decades to effectively attain the best solution for complicated MDOPF is-
sues [38]. To address the MDOPF problem with maintaining a balance between the explo-
ration and exploitation search, an emended ABC method has emerged with orthogonal
learning in [39] to produce Improved ABC (IABC). The IABC has been implemented on
the EEE 30- and 118-bus MDOPF considering FC with valve point; however, the ENL and
EE have not been taken into consideration. The best solution for MDOPF problems has
been characterized using the TLBO in traditional Alternating Current (AC) power net-
works [40] and hybridized AC systems with advanced Voltage Source Converters (VSCs)
technologies [41], respectively. In order to increase global convergence, pitch adjustment
was utilized in place of the evolution algorithm’s operation in hybrid DE and Harmony
Search (HS) techniques, which were manifested in [42]. This approach has been applied on
different IEEE systems with and FC, the ENL, voltage stability; however, EE has not been
taken into consideration

In [43], successive history-based adaptive Differential Evolution (DE) has been evalu-
ated and amalgamated with the static penalty tactic to the MDOPF taking into consideration
both equality and inequality limitations. This approach has implemented on the IEEE 30-
and 118-bus MDOPF considering FC, the ENL, and EE; however, the FC with valve point
has not been taken into consideration. To handle the MDOPF problem, the DE emerged
with the grey wolf optimizer (GWO) in [44]. This approach has been implemented on the
IEEE 30- and 118-bus MDOPF considering FC, the ENL; however, the EE and FC with valve
point have not been taken into consideration.

In [45], the Aquila optimizer solver was merged with the arithmetic optimization
algorithm and implemented on IEEE 30- and 118-bus MDOPF considering FC, the ENL
and EE; however, the FC with valve point has not been taken into consideration. The
gravitational search techniques were combined with PSO in [46] and applied on the IEEE
30- and 118-bus MDOPF considering FC with valve point and the ENL; however, EE has
not been taken into consideration. Improved algorithmic exploration has been achieved by
integrating a modified Sine–Cosine approach with a Lévy flight [47]. This approach has
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implemented on the IEEE 30- and 118-bus MDOPF considering FC, the ENL; however, the
EE and FC with valve point have not been taken into consideration.

An improved colliding bodies optimization (ICBO) algorithm was manifested in [48]
and applied on the IEEE 57- and 118-bus MDOPF considering FC with valve point and the
ENL; however, EE has not been taken into consideration. Then, the moth swarm algorithm
was combined with the gravitational search algorithm in [49] and applied on IEEE 30-,
57-, and 118-bus MDOPF considering only FC; however, FC with valve point, the ENL,
and EE have not been taken into consideration. Gaussian barebones (GB) processes and
Quasi-oppositional learning (QOL) emerged with social spider optimization in [50] and
were applied on IEEE 30-, 57-, and 118-bus MDOPF considering FC with valve point and
the ENL; however, and EE have not been taken into consideration.

1.1. Research Gap

Considerable research has been performed about study in the last few years where a
wide range of analytical and metaheuristic methods has been employed to evaluate the
MDOPF. Even though these approaches have shown some success, there are still a number
of drawbacks. For example, certain algorithms have not been able to achieve a suitable
processing time and reliability. The problem formulations in unconstrained optimization
can result in the violation of constraints, and the algorithms’ increasing performance in
solving the problem is insufficient. Additionally, some of these articles have not included
the FC, ENL, and EE. Moreover, most of researchers have neglected the valve point impact
which results from sinusoidal formulas because it is hard to implement.

1.2. Novelties and Contributions of the Article

Recently, inspired by Kepler’s equations of planetary motion, Mohamed Abdel-Basset
et al. [51] presented a novel physics-based metaheuristic of Kepler Optimization Technique
(KOT). In order to strike a balance between exploration and exploitation, KOT represents
potential solutions as planets whose locations are arbitrarily changed throughout optimiza-
tion. The motivation is to improve the original KOT stems from the need to enhance its
ability to avoid local minima and thus improve the convergence speed and solution quality.
The enhanced version, IKOT, addresses this by incorporating enhanced local escaping
mechanisms. First, a powerful exploitation tactic is employed to motivate individuals to
search for the best possible solution from their perspectives. Secondly, as the iterations
progress and exploitation become more crucial, a configurable parameter is introduced to
dynamically adjust the balance between exploration and exploitation, helping the algorithm
to escape local minima more effectively. The IKOT is applied on the MDOPF with four
objective functions, including FC, FC considering the valve point, ENL, and EE, while the
constraints encompass power balance equations, generator operating limits, and network
constraints such as line flow limits and voltage limits.

The following are the main benefits that this research indicates:

■ The traditional KOT was integrated with enhanced local escaping mechanisms to
improve convergence speed and solution quality.

■ The enhancement of the KOT, called the proposed IKOT, was developed as an innova-
tive approach to solving MDOPF problems.

■ Several objective functions of quadratic FC, FC considering the valve point, ENL, and
EE were addressed.

■ Experimental validations of the IKOT algorithm on two standard IEEE 30- and
57-bus test systems demonstrate its superior performance compared to state-of-the-art
algorithms in terms of solution quality, convergence speed, and robustness.

The remainder of article is structured as follows. The MDOPF issue associated with
the network and a brief overview of the objective functions are presented mathematically
in Section 2. Moreover, Section 3 explains the original KOT and the suggested IKOT. The
results and comparison of the case studies are shown in Section 4. In Section 5, conclusions
are offered.
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2. Problem Formulation

Usually, the purpose of the MDOPF issue is to minimize certain objective functions
while fulfil system limitations which can be mathematically modelled as follows:

Min Objn = {N1(l, m),N2(l, m) . . . , Nn(l, m)}
Restricted by : X(l, m) = 0

and Y(l, m) ≤ 0
(1)

where Objn represents the objective function under consideration. The equality and inequal-
ity constrained function can be symbolized as X and Y, respectively, which are functions in
the vectors of the state and control variables are determined by l and m.

2.1. Problem Objectives
2.1.1. Fuel Generation Costs (FC)

It can be represented in its quadratic form [52] as follows:

FC =
Ngt

∑
v=1

cv + bv.Pgv+av.Pgv
2 $/hr (2)

where Pg1, Pg2, . . ., PgNgt illustrates the generators output power in MW; cv, bv, and av
define the generator v cost coefficients.

On the other side, Equation (3) is used to compute the generation FC (USD/h) of
thermal generators taking the valve point impact into account. Thus, to obtain the FCs
model, the quadratic formula is adjusted sinusoidally and incorporated as follows:

VpEFC =
Ngt

∑
v=1

cv + bv × Pgtv+av × Pgtv
2 +

(∣∣∣ev × (sin(fv × (Pgtmin
v − Pgtv)))

∣∣∣) (3)

where ev and fv manifest the sinusoidal cost parameters of generator v. Pgtmin
v and Pgtv

clarify minimum limit and the output power of each generator v, respectively.

2.1.2. Entire Network Losses (ENL)

The ENL can be formulated as follows [53]:

ELN =
Nbs

∑
v=1

Nbs

∑
j=1

Gvj(V v
2+Vj

2−2(V vVjcosθvj) MW (4)

where Gvj signifies conductance of each line between bus v and j; V and θ determine the
Voltage and phase angle; Nbs illustrates the buses’ number.

2.1.3. Entire Emissions (EE)

Reducing the emissions released by the generating units is the third objective function
target, which could be explained as follows [54].

EE =
Ngt

∑
v=1

(
ωvPgtv

2 + βvPgtv + αv )/100 + ζveλvPgtv ton/hr (5)

where ωv, βv, αv, and ξv characterize the emission coefficients of generator v.

2.2. Equality Constraints

These restrictions are described by the load flow balance Formulas (6) and (7).

Pgk − PLDk − Vk ×
Nbs

∑
j=1

Vj×(G kjcosθik + Bkjsinθkj) = 0, k = 1 : Nbs (6)
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Qgtk − QLDk + Qck − Vk

Nbs

∑
j=1

Vj(G kjsinθkj − Bkjcosθkj) = 0, k = 1 : Nbs (7)

where QLD and PLD signify the reactive and active power demand; Qc1, Qc2, . . ., QcNq
illustrate MVAr of switched capacitors/reactors; Bvj demonastrates mutual susceptance
between buses v and j

2.3. Inequality Constraints

The following categories apply to the inequality restrictions of the MDOPF problem:

(i) Generator Constraints

Pgtmin
v

≤ Pgt
v
≤ Pgtmax

v
, v = 1 : Ngt (8)

Vgtmin
v

≤ Vgt
v
≤ Vgtmax

v
, v = 1 : Ngt (9)

Qgtmin
i

≤ Qgt
i
≤ Qgtmax

i
, i = 1 : Ngt (10)

Ngt represents Number of generators; Qgt1, Qgt2, . . ., QgtNgt illustrate generators
reactive power in MVAr; Vgt1, Vgt2, . . ., VgtNgt shows the generator voltages

(ii) Transformer Constraints

Tapcmin
k ≤ Tapck ≤ Tapcmax

k , k = 1, 2, . . . , Ntapc (11)

Ntapc illustrates number of tap changing transformers; Tapc1, Tapc2, . . ., TapcNtapc
Transformer tap settings

(iii) Security Constraints

Qcmax
q ≤ Qcq ≤ Qcmax

q , q = 1, 2, . . . , Nq (12)

VLmin
v ≤ VLv ≤ VLmax

v , v = 1 : NPQ (13)

|Su| ≤ Smax
u , u = 1, 2, . . . , NF (14)

where VLv, . . ., VLNPQ manifest the Voltages at load buses; SF1, . . ., SFNF MVA characterize
the loadings over transmission lines; Nq, denotes the number of VAr devices, NF illustrates
Number of system lines.

3. Proposed IKOT for MDOPF Issue
3.1. Standard KOT

Based on Kepler’s formulas regarding the prediction of the planets position and
velocity at a particular moment, KOT is a distinctive metaheuristic version in the category
of physics-based inspiration [51]. In KOT, the position of each planet operates as a candidate
solution that is arbitrarily adjusted during the optimization procedure in relation to the
sun, which represents the best candidate solution.

As a result, during the initialization, a population size of Np planets is going to be
assigned at random in Dim dimensions, reflecting the decision variables of an optimization
issue, according to the underlying equation:

→
Xi,j(0) =

→
X j,low + r1 ×

(→
X j,up −

→
X j,low

)
, i = 1 : Np; j = 1 : Dim (15)

where Xi,j is a solution vector representing each planet containing the control variables
with dimension Dim, while r is a randomized produced integer that ranges from 0 to 1. The
initialization of the KOT is executed in a random way like other metaheuristics [55]. The
constraints of the optimization process is defined through Xj,low and Xj,up, which are the
lower and upper limits of each control variable (j), accordingly.
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The velocity of every object is then estimated based on its location respect to the sun.
This pattern of motion can be mathematically formulated in Equation (16) [56].

V i (t) =

 r4 × H × (
→
Xa −

→
Xi) + (1 − Ri−norm(t))× F ×

→
U2 ×

→
r 5(r3

→
Xi,up −

→
Xi,low) i f Ri−norm(t) > 0.5

ρ(2r4
→
Xi −

→
Xb)− ρ∗(

→
Xb −

→
Xa) + (1 − Ri−norm(t))× F ×

→
U1 ×

→
r 5(

→
Xi,up −

→
Xi,low) Else

(16)

where,

H =

[
µ(t)× (Ms + mi)

∣∣∣∣ 2
Ri(t) + ε

− 1
ai(t) + ε

∣∣∣∣]0.5
(17)

ρ =
→
U × (r3 × (1 − r4) + r4)× H (18)

ρ∗ = (1 −
→
U)× (r3 × (1 − r5) + r5)× H (19)

where Vi(t) describes the velocity of the ith object at time t; Xi represents the ith object
position; the symbol → that appears on the head of any variable indicates a vector form; U,
U1, and U2 tend to be integers that are selected at random from the set of numbers {0, 1}; F
is an integer number randomly selected belongs to the set {−1, 1}; r1, r2, r3, r4, and r5 are
random uniformly distributed values within the bounds of [0, 1]; ε is a tiny number used
for avoiding a divide-by-zero mistake; the masses of Xs and Xi are represented by Ms and
mi, respectively; Xa and Xb belong to options drawn at random from the entire population;
µ(t) signifies the universal gravitational constant; Ri(t) reflects the distance at any time t
between each object Xi and the sun Xs; and ai denotes the semimajor axis of the object i
elliptical orbit at time t, and it is determined by Kepler’s third law, which is described in
Equation (20), in the following manner:

ai(t) = r3 ×
[

Ti
2 × µ(t)× (Ms + mi)

4π2

] 1
3

(20)

where Ti illustrates the orbital interval of each ith object i, which is represented by an
absolute value. Ri−norm(t) denotes normalizing the Euclidian distance between Xs and Xi
and can be described in the following way [51]:

Ri−norm(t) =
Ri(t)− Rmin(t)

Rmax(t)− Rmin(t)
(21)

Objects travel closer in proximity to the sun for a period and then away from it
throughout their revolution around the sun. KOT models this behavior in two primary
stages: exploitation and exploration. KOT investigates objects distant from the sun in quest
for creative solutions while employing solutions closer to the sun more precisely in search
of new locations near the finest solutions. In line with the preceding procedures, every
object distant from the sun’s location is modified as follows [51]:

→
Xi(t + 1) =

→
Xi(t) + F ×

→
V i(t) + (Fgi(t) + |r|)×

→
U × (

→
Xs(t)−

→
Xi(t)) (22)

where Xi(t + 1) represents the newly discovered location at time t + 1 of for any planet
i, Xs(t) provides the sun position regarding the determined best solution, and F acts as a
flag employed to alter the searching directions. Fgi denotes the attracting gravitation force
between the sun Xs and any planet Xi, as follows:

Fgi(t) = ei × µ(t)× (
→

Mns ×
→

mni)
→
Rni

2 + ε
+ r4 (23)
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where µ and ε symbolizes, respectively, gravitational constant and a tiny small value; ei
is a number between 0 and 1 and represents the eccentricity of an orbiting planet that
was introduced to give KOT a stochastic quality; and Mns and mni signify the normalized
values of Ms and mi, that describe the masses of Xs and Xi, respectively, and are provided
by Equations (24) and (25), correspondingly [56]:

Mns = r2 ×
f its(t)− worst(t)

Np

∑
k=1

( f itk(t)− worst(t))

(24)

mni =
f iti(t)− worst(t)

Np

∑
k=1

( f itk(t)− worst(t))

(25)

Also, Rni indicates the normalized value of Ri that reflects the Euclidian distance as
follows [56]:

Rni(t) = ∥Xs(t)− Xi(t)∥2 (26)

where worst(t) denotes the solution option with the highest fitness score. where r2 is a
number chosen at random from 0 to 1 in order to diverge the masses of different planets.
µ(t) is a function that, in order to regulate searching precision, exponentially declines with
time (t) and is described in the following manner [56]:

µ(t) = µo × e−γ t
Tmax (27)

where γ denotes a constant, µo represents the starting value, t has become the present
iteration number, and Tmax belongs to the total iterations’ number.

KOT is going to concentrate on improving the exploitation operation whenever planets
are near the sun and would improve the exploring operator if the sun is far away. To
enhance both operators even more, the mathematical representation of this idea may be
put into action as seen below [56]:

→
Xi(t + 1) =

→
U1 ×

→
Xi(t) +

→
Xa(t) +

→
Xs +

→
Xi(t)

3
+

1
e(r×(1+(a2−1)×r4))

×

→
Xi(t) +

→
Xs +

→
Xa(t)

3
−

→
Xb(t)

×
(

1 −
→
U1

)
(28)

where r denotes a random integer produced using the normal distribution, and a2 represents
a cyclical control parameter which slowly decreases from one to two for T cycles over the
course of the optimization procedure, as specified as follows:

a2 = −1 − 1 × (
t

Tmax
) (29)

The last phase, elitism, ensures the optimal placements for the planets and the sun by
implementing an elitist approach. Equation (30) provides a summary of this process [51]:

→
Xi,new(t + 1) =


→
Xi(t + 1) i f f

(→
Xi(t + 1)

)
≤ f

(→
Xi(t)

)
→
Xi(t) Else

(30)

Based on the above-described model, Figure 1 reveals the key steps of the stan-
dard KOT.
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Figure 1. Standard KOT flowchart.

The explanation for Figure 1 is illustrated as follows:

Initialization:

■ The algorithm begins by setting the initial population size (Np), which determines the
number of candidate solutions to explore concurrently.

■ It also receives initial values for various parameters, including:
■ Xiou, Xop, Ho: These likely represent lower and upper bounds for the search space,

along with a weighting factor (Ho) that might influence the exploration process.
■ y and T: The purpose of these variables is not explicitly defined in the figure.
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Fitness Evaluation:

For each solution (represented by a vector) in the initial population, the algorithm
calculates its fitness using an unspecified function fit(X). This function likely evaluates how
well a particular solution meets the optimization criteria, considering both economic and
environmental objectives in a power system scenario.

Identify the Best Solution:

■ An initial best solution is chosen, denoted by Xi(t = 1). This might be the solution
with the fittest score from the initial population.

■ A variable i is set to 1, which serves as a counter for iterations.

Selection and Random Vector Generation:

■ The algorithm selects two random solutions (Xa and Xb) from the current population.
■ It then generates a random vector using Equation (29), which is not provided in

the image. This random vector might be injected into the population to introduce
diversity and prevent stagnation.

Evaluate Various Components:

■ Several calculations are performed to assess different aspects of the potential solutions:
■ Equations (17)–(19): These equations, not shown in the image, likely calculate terms

related to the economic or environmental objectives being optimized. For instance,
they might determine generation cost, emission levels, or a weighted combination
of both.

■ Equation (23): This equation, also not shown, likely calculates a penalty function
(Fg(t)) that might discourage solutions from violating certain constraints.

■ Equations (24) and (25): These equations, not shown, are likely used to compute
quantities related to population diversity (Mn and mni, respectively).

■ Equation (26): This equation, not shown, calculates the normalized Euclidean distance
(Rn(t)) of a solution, which might indicate how far it is from other solutions in
the population.

Update Using Weighted Mean:

Equation (16), not shown in the image, is used to update each solution’s position
(Xi(t + 1)) within the search space. This update likely involves a weighted mean based on
the fitness (fit(X)) of each solution and potentially other factors.

Boundary Check:

The updated solution is checked against the lower and upper bounds (Xiou and Xop)
using an unspecified function. If any variable in the solution violates the bounds, it is reset
to the nearest bound value.

Fitness Evaluation and Stopping Criteria:

■ After the update, the fitness of each solution in the population is re-evaluated us-
ing fit(X).

■ The iteration counter (t) is incremented by 1.
■ Two conditions are checked to determine if the algorithm should stop:
■ If i < Np (i is less than the population size), the algorithm has not evaluated all

solutions in the current population and continues to the next iteration.
■ If an unspecified stopping criterion is met (likely a maximum number of iterations or

a desired level of fitness improvement), the algorithm terminates.

Update Best Solution:

■ If the stopping criteria are not met, the algorithm checks if the current best solution
(Xi(t)) needs to be updated. It likely compares the fitness of the current best solution
with the fittest solution found in the latest iteration.

■ If a new best solution is found, it is stored as Xi(t + 1).
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Update Xa and Repeat:

■ The algorithm updates the two selected solutions (Xa and Xb) for the next iteration.
How these solutions are updated is not specified in the flowchart.

■ The process returns to step 4 and repeats until the stopping criteria are met.

End:

Once the termination condition is satisfied, the algorithm outputs the best solution
found (Xi), which represents the optimal operating point for the power system that mini-
mizes the combined generation cost and emission levels.

As shown in Figure 1, the previously described KOT generally depends on two distinct
updating strategies to determine and update the locations of the planets. First, Equation (13)
represents the exploration strategy, which deals with far objects from the sun, and therefore
their locations are updated based on their estimated velocities. Second, Equation (19)
represents the exploitation strategy which deals with close objects from the sun. The transfer
between both strategies is implemented based on the comparison between two random
values {r,r1}. This transfer mechanism represents approximately an equal way. Therefore,
the exploitation strategy will start activation from the beginning of the iteration journey
with approximately 50% of the solutions for each iteration. The equal probability of
choosing the exploitation strategy from the start of the optimization process leads to
premature exploitation. Premature exploitation can cause the algorithm to focus too early on
local optima, hindering the thorough exploration of the search space. Effective optimization
requires a balance between exploration (searching new areas) and exploitation (refining
known good areas). An early and excessive focus on exploitation diminishes the algorithm’s
ability to explore the search space adequately, potentially missing better solutions. The
lack of a dynamic or adaptive mechanism to balance exploration and exploitation can
result in suboptimal optimization performance. The algorithm may converge too quickly
to suboptimal solutions due to insufficient exploration of the search space.

Given these issues, the motivation for proposing IKOT likely stems from the need to
enhance the balance between exploration and exploitation, prevent premature convergence
and improve overall optimization efficiency and effectiveness.

3.2. Proposed IKOT

In order to mitigate this obstacle, a Local Escaping Operator (LEO) was included in the
normal KOT to generate an Improved KOT (IKOT), which results in an improved procedure
of searching with escaping local optima. The LEO aids in preventing local optima in the
program. Employing the associated mathematical model, the KOT approach adjusts the
results after each iteration:

→
Xi,new(t + 1) =


ϕ1

(
β1

→
Xs − β2

→
Xkv

)
+ σ1ϕ2β2

2

(→
XR1 −

→
XR2

)
+

→
Xi(t + 1) i f r3 < 0.5

ϕ1

(
β1

→
Xs − β2

→
Xkv

)
+ σ1ϕ2β2

2

(→
XR1 −

→
XR2

)
+

→
Xs Else

i f r4 < Qw (31)

where Qw will be a probability factor which controls the LEO activation. In the
range [0, 1], r3 and r4 signify randomized values; ϕ1 and ϕ2 imply two randomized values
attained from a uniform distribution function within the set [−1; 1]; XR1 and XR2 are
two picked solutions in a random way from the population.

Also, β1 and β2 are two randomized number generated via Equations (32) and (33):

β1 = 2 × r5 × Vo − (Vo − 1) (32)

β2 = r5 × Vo − (Vo − 1) (33)

Vo =

{
0 V1 > 0.5
1 Else

(34)

where V1 denotes an integer generated at random from the range [0, 1].
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Figure 2 exhibits the key steps of the proposed IKOT.
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3.3. Theoretical Explanation of IKOT

The Local Escaping Operator (LEO) enhances KOT by introducing a mechanism to
escape local optima, thereby improving the balance between exploration and exploitation
dynamically throughout the optimization process. The LEO helps diversify the search
process, especially in the later stages of optimization, preventing premature convergence
and improving the overall solution quality.

1. Dynamic Balance between Exploration and Exploitation:

■ In the original KOT, the balance between exploration and exploitation is static,
leading to early dominance of exploitation.

■ IKOT adjusts this balance dynamically by introducing LEO, which activates
based on a probability factor Qw, thus providing a more adaptive approach to
switching between exploration and exploitation.

2. Escaping Local Optima:

■ By incorporating LEO, IKOT can perturb the positions of planets more effectively,
helping them escape local optima and explore new regions of the search space.

3. Key Steps of the Proposed IKOT

1. Initialization: Randomly initialize the positions and velocities of planets.
2. Exploration Phase: Utilize Equation (22) to update positions based on velocities.
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3. Exploitation Phase: Apply Equation (28) to refine positions near the best solution.
4. Local Escaping Phase: Introduce LEO using Equation (31) to adjust positions

and avoid local optima.
5. Elitism: Ensure the best solutions are retained for the next iteration using

Equation (30).

3.4. The Methodology of IKOT for MDOPF

When addressing the mentioned MDOPF problem, the equality and inequality con-
straints are taken into account. The Newton-Raphson technique is used to meet the equality
requirements describing power flow balancing models. It satisfies the requirements of
balance and illustrates how electric grids operate in a steady state. As a result, MAT-
POWER 6.0 uses the Newton-Raphson technique, which serves as a crucial framework for
illustrating three-phase systems [57].

3.4.1. Enhancement of IKOT for Encompassing Operational Constraints of
Independent Variables

Equations (8)–(12) manifest the operational boundaries of independent variables that
could be adjusted as follows:

Pg
k
=

{
Pgtmin

v
if Pgt

v
≤ Pgtmin

v
Pgtmax

v
if Pgt

v
≥ Pgtmax

v

, v = 1, 2, . . . , Ngt (35)

Vgt
v
=

{
Vgtmin

v
if Vgtv ≤ Vgtmin

v
Vgtmax

v
if Vgt

v
≥ Vgtmax

v
, v = 1, 2, . . . , Ngt (36)

Qgt
i
=

{
Qgtmin

i
if Qgt

i
≤ Qgtmin

i
Qgtmax

i
if Qgt

k
≥ Qgtmax

i

, i = 1, 2, . . . , Ngt (37)

Tapck =

{
Tapcmin

k if Tapck ≤ Tapcmin
k

Tapcmax
k if Tapck ≥ Tapcmax

k
, k = 1, 2, . . . , Ntapc (38)

Qcq =

{
Qcmin

q if Qcq ≤ Qcmin
q

Qcmax
q if Qcq ≥ Qcmax

q
, q = 1, 2, . . . , Nq (39)

The factors continue toward their limits as demonstrated, and if any of them exceeds
ratings, they are reproduced at random within the relevant bounds.

3.4.2. Enhancement of IKOT for Encompassing Operational Constraints of
Dependent Variables

Furthermore, the second category’s limits are penalized and expanded upon by the
desired cost objective. As a result, the planet would be eliminated in the following round if
its location exceeded any of the relevant restrictions. The considered objective (Obj) may be
constructed using these ideas, as demonstrated by Equation (40).

Moreover, the target cost objective expands and penalizes the second category’s
limitations. Therefore, if the planet’s location exceeds any of the appropriate constraints,
it would be discarded in the next round. Such concepts may be used to construct the
contemplated objective (Obj), as shown in Equation (40).

Obj = Objj+Pe1 ∑
NPQ

∆VL2
vv+Pe2∑

Nq
∆Qc2qq+Pe3∑

NF
∆S2

uu, j = 1, . . . n (40)

where ∆VLvv, ∆Qcqq, and ∆Suu are displayed as:

∆VLvv =

{
VLmin

v − VLv if VLv < VLmin
v

VLmax
v − VLv if VLv > VLmax

v
(41)
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∆Qcqq =

{
Qcmin

q − Qcq if Qcq < Qcmin
q

Qcmax
q − Qcq if Qcq > Qcmax

q
(42)

∆Suu = Smax
u − Su if Su > Smax

u (43)

4. Simulation Results

Two test systems of the standard IEEE 30-bus and 57-bus were employed to test the
designed IKOT and KOT. Thirty simulation runs were accomplished with a population
size of 50 and 300 iterations. As illustrated in Figure 3, the first system consisted of
30 buses, six generators, nine capacitive sources, 41 lines, and four on-load tap changing
transformers. The lowest and highest limits for buses, transmission lines, and reactive
power generators were drawn from [58]. The generator voltages were 1.1000 (p.u.) at
maximum and 0.9500 (p.u.) at minimum. The 30 simulation runs accomplished with the
proposed IKOT and KOT for the standard IEEE 57-bus were with a population size of 100
and a maximum number of iterations of 1000. Seven dedicated generators and 57 buses are
used in this system. Additionally, three VAr injection devices were placed at buses 15, 25,
and 53, as well as tapping changers on 17 transformers. These devices were surrounded
by 30 MVAr. The 10% allowed limits must not be exceeded by the bus voltages or the
transformer tap control. All the data for this system came from [57].

Axioms 2024, 13, x FOR PEER REVIEW 14 of 32 
 

∑ ∑ ∑2 2 2
j 1 vv 2 qq 3 uu

NPQ Nq NF

Obj=Obj + Pe ΔVL + Pe ΔQc +  Pe ΔS ,     j=1,.....n  (40) 

where vvΔVL , qqΔQc , and uuΔS  are displayed as: 

 − <= 
− >

min min
v v v v

vv max max
v v v v

VL VL      if  VL VL
ΔVL

VL VL      if  VL VL
 (41) 

 − <= 
− >

min min
q q q q

qq max max
q q q q

Qc Qc      if  Qc Qc
ΔQc

Qc Qc      if  Qc Qc
 (42) 

= − >max max
uu u u u uΔS S S      if  S S  (43) 

4. Simulation Results 
Two test systems of the standard IEEE 30-bus and 57-bus were employed to test the 

designed IKOT and KOT. Thirty simulation runs were accomplished with a population 
size of 50 and 300 iterations. As illustrated in Figure 3, the first system consisted of 30 
buses, six generators, nine capacitive sources, 41 lines, and four on-load tap changing 
transformers. The lowest and highest limits for buses, transmission lines, and reactive 
power generators were drawn from [58]. The generator voltages were 1.1000 (p.u.) at max-
imum and 0.9500 (p.u.) at minimum. The 30 simulation runs accomplished with the pro-
posed IKOT and KOT for the standard IEEE 57-bus were with a population size of 100 
and a maximum number of iterations of 1000. Seven dedicated generators and 57 buses 
are used in this system. Additionally, three VAr injection devices were placed at buses 15, 
25, and 53, as well as tapping changers on 17 transformers. These devices were sur-
rounded by 30 MVAr. The 10% allowed limits must not be exceeded by the bus voltages 
or the transformer tap control. All the data for this system came from [57]. 

 
Figure 3. IEEE 30-bus schematic diagram [59]. Figure 3. IEEE 30-bus schematic diagram [59].

4.1. Results of IEEE 30 Bus System

For the IEEE 30 bus system, four scenarios were considered:

■ Scenario (Sc.) 1: Minimizing the FC
■ Sc. 2: Minimizing the FC considering Valve Point Effect (VpEFC)
■ Sc. 3: Minimizing the EE
■ Sc. 4: Minimizing the ENL
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4.1.1. Applications for Sc. 1

The proposed IKOT and the original KOT were implemented in this scenario. Table 2
presents the optimum outcomes for Sc. 1, comparing the results obtained using the original
KOT and the proposed IKOT algorithms. The table provides numerical values for various
variables and their corresponding values for the base scenario, KOT, and proposed IKOT.
Also, Figure 4 illustrates the corresponding behavior of the IKOT and KOT algorithms
in terms of the convergence characteristics for Sc. 1. The results indicate that the IKOT
outperformed the KOT in terms of minimizing the FCs. The proposed IKOT performed
better than the KOT in terms of minimizing the FCs, where the base scenario, KOT, and
the proposed IKOT obtained FC values of USD 901.96/h, 799.09219, and USD 799.08771/h,
respectively. This demonstrates the superior performance of the designed IKOT in optimiz-
ing the fuel costs. Additionally, the table includes variables related to voltage magnitudes
(Vg), tap ratios (Tap), and reactive power generations (Qc) for specific buses, as well as
active power generations (Pg) for different generators.

Table 2. Optimum outcomes for Sc. 1 of the IEEE 30-bus system.

Variables Base
Sc. 1 (FC (USD/h))

Variables Base
Sc. 1 (FC (USD/h))

KOT Proposed IKOT KOT Proposed IKOT

Vg 1 1.050 1.0999842 1.0999925 Qc 20 0.000 4.3512481 4.6076627

Vg 2 1.040 1.0875161 1.0874407 Qc 21 0.000 4.9641697 4.9763268

Vg 5 1.010 1.060882 1.0609243 Qc 23 0.000 2.9795945 2.9102967

Vg 8 1.010 1.0686429 1.0689624 Qc 24 0.000 4.9928187 4.9666918

Vg 11 1.050 1.0995761 1.0999881 Qc 29 0.000 2.4323656 2.7008637

Vg 13 1.050 1.0998924 1.0999718 Pg 1 99.240 177.0435773 176.9447176

Tap 6–9 1.078 1.0525044 1.0529859 Pg 2 80.000 48.637559 48.607984

Tap 6–10 1.069 0.9049149 0.901062 Pg 5 50.000 21.292769 21.391957

Tap 4–12 1.032 0.9921532 0.9900401 Pg 8 20.000 21.061161 21.003969

Tap 28–27 1.068 0.9654594 0.9656767 Pg 11 20.000 12.065562 11.975528

Qc 10 0.000 4.9330193 4.999515 Pg 13 20.000 12.018054 12

Qc 12 0.000 4.8984732 4.92006 Cost_Pg 901.9600 799.09219 799.08771

Qc 15 0.000 4.4012584 4.6575448 Losses 5.832400 8.6198222 8.623016

Qc 17 0.000 4.7869863 4.8852291

Table 3 presents a comparison of the outcomes obtained from minimizing the FC
of Sc. 1 in relation to various other optimization approaches, which are the Black-Hole-
Based Optimizing Method (BHBOM) [40], DE versions [52], Symbiotic Organisms Search
(SOS) [60], Crow Search Optimization (CSO) [61], Modified CSO (MCSO) [62], Improved
Moth-Flame Optimization (IMFO) [63], Developed Grey Wolf Optimization (GWO) [64],
Improved Electromagnetism-like Optimization Algorithm (IEOA) [65], Moth Swarm Al-
gorithm (MSA) [66], Ensemble Constraint Handling Technique with DE (ECHT-DE) [67],
Evolutionary Algorithm (EA) [68], Grasshopper Optimizer (GO) [69], Genetic Algorithm
(GA) [70], Differential Harmony Search Approach (DHSA) [71], Imperialist Competitive
Approach (ICA) [72], Teaching-Learning Algorithm (TLA) [73], Novel Bat Optimization
(NBO) [74], and adapted GA [75]. As can be illustrated from Table 3, the proposed IKOT
obtained the minimum FC among the original KOT and other approaches. This table pro-
vides the FC values in USD/h for each method, allowing for a comparative analysis. The
proposed IKOT algorithm achieved an FC of USD 799.0824/h, which was the lowest among
the listed methods. This demonstrates the effectiveness of the proposed IKOT algorithm
in minimizing fuel costs for Sc. 1. Comparing the proposed IKOT with other methods, it
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was observed that the IMFO achieved an FC of USD 800.3848/h, slightly higher than the
proposed IKOT. The KOT algorithm achieved an FC of USD 799.0835/h, which was also
close to the result obtained by the proposed IKOT. Several other optimization algorithms
are listed in the table, such as TLA, MSA, Adaptive GO, NBO, CSO, GWO, SOS, GO, ICA,
JFS, ECHT-DE, Improved EOA, MCSO, DHSA, BHBOA, GA, pbest-DE, Adaptive con-
straint DE, ensemble constraint handling-DE, self-adaptive penalty-DE, and self-adaptive
feasibility-DE. The FC values achieved by these methods range from USD 799.0824/h
to USD 802.2966/h. It is evident that the proposed IKOT algorithm performs competi-
tively, as it achieved one of the lowest FC values among the listed methods, indicating its
effectiveness in minimizing fuel costs.
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Table 3. Comparison for Sc. 1 of the IEEE 30-bus system.

Method FCs (USD/h) Method FCs (USD/h)

Proposed IKOT 799.0824 IMFO [63] 800.3848

KOT 799.0835 SOS [60] 801.5733

MSA [66] 800.5099 ICA [72] 801.843

NBO [74] 799.7516 CSO [61] 799.8266

Developed GWO [64] 800.433 TLA [73] 800.4212

GO [69] 800.9728 Adaptive GO [69] 800.0212

JFS [76] 799.1065 ECHT-DE [67] 800.4148

Improved EOA [65] 799.688 DHSA [40] 802.2966

MCSO [62] 799.3332 GA [70] 802.1962

BHBOA [40] 799.9217 Adaptive constraint DE [77] 800.4113

pbest-DE [52] 800.4115 Self-adaptive penalty-DE [52] 800.4293

Ensemble constraint handling-DE [52] 800.4148 Self-adaptive feasibility-DE [52] 800.4131

Figure 5 displays the FC outcomes for the 30 different runs for Sc. 1 using the proposed
IKOT and KOT. In this regard, Table 4 presents a statistical analysis comparing the KOT
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algorithm and the proposed IKOT algorithm for Sc. 1 of the IEEE 30-bus system. The table
includes numerical values for various statistical measures related to the FCs in USD/h. As
shown, the KOT algorithm obtained a best FC of USD 799.09219/h, while the proposed
IKOT algorithm achieved a slightly lower best FC of USD 799.08771 /h. This indicates that
the proposed IKOT algorithm performs slightly better in terms of obtaining the lowest FC
value. Also, the KOT algorithm had a mean FC of USD 799.09907/h, while the proposed
IKOT algorithm had a slightly lower mean FC of USD 799.09261/h. Nevertheless, the KOT
algorithm had a worst FC of USD 799.10668 /h, whereas the proposed IKOT algorithm
achieved a significantly lower worst FC of USD 799.09787/h. This demonstrates the
superior performance of the proposed IKOT algorithm in minimizing the worst-case FC.
The “STD” column represents the standard deviation of the FC values obtained by each
algorithm. The KOT algorithm had a standard deviation of USD 0.0043606/h, while the
proposed IKOT algorithm had a lower standard deviation of USD 0.0029867/h. These
measures indicate that the proposed IKOT algorithm provides slight improvements in
terms of the best FC, mean FC, and worst FC compared to the KOT algorithm. However, the
most significant improvement was observed in the standard deviation, where the proposed
IKOT algorithm achievesd a substantial reduction of approximately 31.54%. Therefore, the
significant reduction in the standard deviation suggests that the proposed IKOT algorithm
provides more consistent and stable results across different iterations. The Wilcoxon signed
rank test for this scenario is conducted in Table 4 to ensure that the IKOT is really significant
compared to the KOT. It can be manifested from the table that the p-value was less than the
significance level of 0.05, which means that the IKOT was really significant compared to
the KOT.
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Tap 28–27 1.068 0.983189 0.980161 Pg 11 20.000 10.02132 10 

Qc 10 0.000 4.238553 2.315208 Pg 13 20.000 12.02861 12.00017 

Figure 5. Thirty runs for FC of Sc. 1 using the proposed IKOT and KOT.

Table 4. Statistical analysis between the KOT and IKOT for Sc. 1 of the IEEE 30-bus system.

Sc. 1 (FC (USD /h))

KOT Proposed IKOT

Best 799.09219 799.08771

Mean 799.09907 799.09261

Worst 799.10668 799.09787

STD 0.0043606 0.0029867

p-value 2.7016 × 10−5
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4.1.2. VpEFC Minimizing (Sc. 2)

Considering the valve point effect, the IKOT and the KOT were implemented in this
scenario to minimize the VpEFC of the IEEE 30-bus system, and Table 5 describes the
results which were accomplished. Also, Figure 6 illustrates the corresponding behavior of
the proposed IKOT and KOT algorithms in terms of the convergence characteristics for Sc.
2. The proposed IKOT performed better than the KOT in terms of minimizing the VpEFC,
where the base scenario, KOT, and the proposed IKOT obtained VpEFC values of USD
901.96/h, 832.87384, and USD 832.81322/h, respectively. As shown, based on the suggested
IKOT, the VpEFC was greatly reduced with 7.66% compared to the base scenario.

Table 5. Optimum outcomes for Sc. 2 of the IEEE 30-bus system.

Variables Base
Sc. 2 (VpEFC (USD/h))

Variables Base
Sc. 2 (VpEFC (USD/h))

KOT Proposed IKOT KOT Proposed IKOT

Vg 1 1.050 1.099708 1.099944 Qc 20 0.000 4.687403 5

Vg 2 1.040 1.07985 1.080144 Qc 21 0.000 4.997766 4.847008

Vg 5 1.010 1.054655 1.055772 Qc 23 0.000 3.008146 2.069356

Vg 8 1.010 1.06485 1.063306 Qc 24 0.000 4.325943 4.975328

Vg 11 1.050 1.095728 1.1 Qc 29 0.000 2.873662 3.367333

Vg 13 1.050 1.099848 1.098758 Pg 1 99.240 194.6822 194.6569

Tap 6–9 1.078 1.075327 1.098192 Pg 2 80.000 48.09089 48.25121

Tap 6–10 1.069 0.924231 0.900041 Pg 5 50.000 18.71153 18.61147

Tap 4–12 1.032 1.031119 1.024952 Pg 8 20.000 10 10.00315

Tap 28–27 1.068 0.983189 0.980161 Pg 11 20.000 10.02132 10

Qc 10 0.000 4.238553 2.315208 Pg 13 20.000 12.02861 12.00017

Qc 12 0.000 3.490664 5 VpEFC 901.9600 832.8738 832.8132

Qc 15 0.000 3.288624 4.973036 Losses 5.832400 1.892896 1.979894

Qc 17 0.000 2.893409 4.991811 EE 0.23909633 0.423181 0.423152
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Moreover, 30 runs were conducted with the proposed IKOT and the original KOT, and
the results are depicted in Figure 7. The results illustrate that the proposed IKOT provided
VpEFC values which were lower than the original KOT in each run. Additionally, statistical
comparisons were developed for both algorithms as manifested in Table 6. In this table,
an average VpEFC value of USD 832.86706/h was achieved by the proposed IKOT, while
an average VpEFC value of USD 832.94148/h was achieved by the KOT. The Wilcoxon
signed rank test for this scenario is conducted in Table 6 to ensure that the IKOT is really
significant compared to the KOT. It can be manifested from the table that the p-value was
less than the significance level of 0.05, which means that the IKOT was really significant
compared to the KOT.
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Table 6. Statistical analysis between the KOT and IKOT for SC. 2 of the IEEE 30-bus system.

Sc. 2 (VpEFC (USD/h))

KOT Proposed IKOT

Best 832.87384 832.81322

Mean 832.94148 832.86706

Worst 832.99096 832.915

STD 0.032684 0.0331139

p-value 1.8215 × 10−5

4.1.3. EE Minimizing (Sc. 3)

The IKOT and the KOT were implemented in this scenario to minimize the EE of
the IEEE 30-bus system, and Table 7 describes the results which were accomplished. The
proposed IKOT performed better than the KOT in terms of minimizing the EE, where
the base scenario, KOT, and the proposed IKOT obtained EE values of 0.23909633 ton/hr,
0.2046835, and 0.2046825 ton/hr, respectively. Furthermore, Figure 8 exhibits the conver-
gence characteristics of the proposed IKOT and KOT for Sc. 3. In this figure, the proposed
IKOT demonstrates how the architecture might lower the total iterations’ number.
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Table 7. Optimum outcomes for Sc. 3 of the IEEE 30-bus system.

Variables Base
Sc. 3 (EE (tonCo2/h))

KOT Proposed IKOT

Vg 1 1.050 1.0997405 1.0999696

Vg 2 1.040 1.0949794 1.0964242

Vg 5 1.010 1.0783116 1.0785521

Vg 8 1.010 1.0849409 1.0859791

Vg 11 1.050 1.1 1.0998134

Vg 13 1.050 1.0998329 1.0998638

Tap 6–9 1.078 1.0522669 1.0623459

Tap 6–10 1.069 0.9084085 0.9034771

Tap 4–12 1.032 0.989808 0.9860308

Tap 28–27 1.068 0.9706455 0.9738471

Qc 10 0.000 5 4.9752018

Qc 12 0.000 5 4.9255699

Qc 15 0.000 4.2479758 4.2423648

Qc 17 0.000 5 4.990386

Qc 20 0.000 3.9529735 4.3113485

Qc 21 0.000 5 4.9913136

Qc 23 0.000 2.474512 3.0899092

Qc 24 0.000 4.975469 4.9414417

Qc 29 0.000 2.2314195 2.3724372

Pg 1 99.240 63.87452 63.93249

Pg 2 80.000 67.509343 67.449144

Pg 5 50.000 50 49.999916

Pg 8 20.000 34.999381 34.999844

Pg 11 20.000 30 29.999999

Pg 13 20.000 39.999781 39.999944

Cost_Pg 901.9600 943.6597 943.55787

Losses 5.832400 2.9830268 2.9813334

EE 0.23909633 0.2046835 0.2046825

Table 8 presents a comparison of the outcomes obtained from minimizing the EE
in relation to various other optimization approaches, which are KHA, Stud KHA [78],
GO [69], CSO [62], MCSO [62], modified TLA [79], Adaptive GO [69], Adaptive Real
Coded Biogeography-based Technique (ARCBT) [33], MRFA [59], modified TLA [79], and
NBA [62]. As can be illustrated from Table 8, the proposed IKOT algorithm achieved the
minimum EE among the original KOT algorithm and other approaches. The table includes
the algorithm names and their corresponding EE values. Comparing the EE values, we
can see that the proposed IKOT algorithm achieved the lowest EE of 0.204681894. Among
the other approaches, the closest EE value was obtained by the Adaptive GO algorithm
with an EE of 0.20484. The KOT algorithm followed closely with an EE of 0.204682002.
Other optimization approaches, such as MRFA, GO, modified TLA, ECHT-DE, ARCBT, JFS,
Adaptive constraint DE, pbest-DE, ensemble constraint handling-DE, self-adaptive penalty-
DE, and self-adaptive feasibility-DE, also had EE values, but they were higher than the EE
achieved by the proposed IKOT algorithm. These results indicate that the proposed IKOT



Axioms 2024, 13, 419 21 of 32

algorithm outperforms the original KOT algorithm and other optimization approaches in
terms of minimizing the EE in Scenario 3 of the IEEE 30-bus system. It achieved the lowest
EE value compared to the other algorithms, demonstrating its effectiveness in optimizing
the trade-off between economic and environmental factors.
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Table 8. Comparison for Sc. 3 of the IEEE 30-bus system.

Algorithm EE Algorithm EE

Proposed IKOT 0.204681894 Adaptive GO [69] 0.20484

KOT 0.204682002 MRFA [59] 0.204754

NBO [62] 0.2052063 GO [69] 0.20492

Stud KHA [78] 0.2048 modified TLA [79] 0.20493

MCSO [62] 0.2048911 ECHT-DE [67] 0.20482

KHA [78] 0.2049 ARCBT [33] 0.2048

CSO [62] 0.2051355 JFS [76] 0.204688

pbest-DE [52] 0.2048 Adaptive constraint DE [77] 0.2048

ensemble constraint handling-DE [52] 0.2048 self-adaptive penalty-DE [52] 0.2048

self-adaptive feasibility-DE [52] 0.2048

In this scenario, 30 runs were conducted with the proposed IKOT and the original
KOT, and the results are depicted in Figure 9. The results illustrate that the proposed IKOT
provided EE values which were lower than the original KOT in each run. Additionally,
statistical comparisons were developed for both algorithms as manifested in Table 9. In
this table, an average EE value of 0.2046832 tonCo2/h was achieved by the proposed IKOT,
while an average EE value of 0.2046853 tonCo2/h was achieved by the KOT. Similar to
the previous analysis, the proposed IKOT algorithm showed slight improvements in the
best EE, mean EE, and worst EE compared to the KOT algorithm. However, the most
significant improvement was observed in the standard deviation, where the proposed
IKOT algorithm achieved a substantial reduction of approximately 64.96%. The Wilcoxon
signed rank test for this scenario is conducted in Table 9 to ensure that the IKOT is really
significant compared to the KOT. It can be manifested from the table that the p-value was
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less than the significance level of 0.05 which means that the IKOT was really significant
compared to the KOT.
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Table 9. Statistical analysis between the KOT and IKOT for Sc. 3 of the IEEE 30-bus system.

Sc. 3 (EE (USD/h))

KOT Proposed IKOT

Best 0.2046835 0.2046825

Mean 0.2046853 0.2046832

Worst 0.2046878 0.2046838

STD 1.175 × 10−6 4.115 × 10−7

p-value 1.2290 × 10−5

4.1.4. ENL Minimizing (Sc. 4)

The IKOT and the KOT were implemented in this scenario to minimize the ENL of
the IEEE 30-bus system, and Table 10 describes the results which were accomplished. The
proposed IKOT performed better than the KOT in terms of minimizing the ENL, where
the base scenario, KOT, and the proposed IKOT obtained ENL values of 5.832400 MW,
2.852124, and 2.851063 MW, respectively. Furthermore, Figure 10 exhibits the convergence
characteristics of the proposed IKOT and KOT for Sc. 4. In this figure, the proposed IKOT
demonstrates how the architecture might lower the total iterations’ number.

In this scenario, 30 runs were conducted with the proposed IKOT and the original
KOT, and the results are depicted in Figure 11. The results illustrate that the proposed IKOT
provided ENL values which were lower than the original KOT in each run. Additionally,
statistical comparison was developed for both algorithms as manifested in Table 11. In this
table, an average ENL value of 2.8514778 MW was achieved by the proposed IKOT, while
an average ENL value of 2.8529505 MW was achieved by the KOT. By calculating the im-
provement percentages, the proposed IKOT algorithm achieved a percentage improvement
of 0.0371%, 0.0516%, and 0.0673% compared to the KOT algorithm for the best, mean ENL,
and worst ENL. Also, the proposed IKOT algorithm achieved a percentage improvement
of (0.0004966 − 0.0002901)/0.0004966 × 100 ≈ 41.65% compared to the KOT algorithm.
However, the most significant improvement was observed in the standard deviation, where
the proposed IKOT algorithm achieved a substantial reduction of approximately 41.65%.
These results indicate that the proposed IKOT algorithm performs slightly better than the
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KOT algorithm in terms of the ENL measures, with the most notable improvement seen
in the standard deviation. The reduced standard deviation suggests that the proposed
IKOT algorithm yields more consistent and stable ENL values. The Wilcoxon signed rank
test for this scenario is conducted in Table 11 to ensure that the IKOT is really significant
compared to the KOT. It can be manifested from the table that the p-value was less than the
significance level of 0.05 which means that the IKOT was really significant compared to
the KOT.

Table 10. Optimum outcomes for Sc. 4 of IEEE 30-bus system.

Variables Base
Sc. 4 (ENL (MW))

KOT Proposed IKOT

Vg 1 1.050 1.099979 1.099997

Vg 2 1.040 1.097268 1.097853

Vg 5 1.010 1.07991 1.080156

Vg 8 1.010 1.08744 1.087058

Vg 11 1.050 1.099917 1.099964

Vg 13 1.050 1.099971 1.099975

Tap 6–9 1.078 1.067365 1.069314

Tap 6–10 1.069 0.900134 0.900322

Tap 4–12 1.032 0.987111 0.987483

Tap 28–27 1.068 0.974319 0.974083

Qc 10 0.000 5 4.994113

Qc 12 0.000 4.941765 4.999269

Qc 15 0.000 4.361995 4.690106

Qc 17 0.000 4.91106 4.991473

Qc 20 0.000 4.488789 4.314588

Qc 21 0.000 4.998338 4.99429

Qc 23 0.000 2.723986 2.655286

Qc 24 0.000 4.962214 4.993665

Qc 29 0.000 2.347776 2.305081

Pg 1 99.240 51.27529 51.25339

Pg 2 80.000 79.98773 79.99853

Pg 5 50.000 49.99908 49.99977

Pg 8 20.000 35 34.99976

Pg 11 20.000 29.99779 29.99967

Pg 13 20.000 39.99223 39.99993

FC 901.9600 967.0152 967.0631

ENL 5.832400 2.852124 2.851063

EE 0.23909633 2.612035 2.608253
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Table 11. Statistical analysis between the KOT and IKOT for Sc. 4 of the IEEE 30-bus system.

Sc. 4 (ENL (USD/h))

KOT Proposed IKOT

Best 2.8521238 2.8510628

Mean 2.8529505 2.8514778

Worst 2.8539049 2.8519867

STD 0.0004966 0.0002901

p-value 8.2981 × 10−6

4.2. Results of IEEE 57 Bus System

Three scenarios for this system were examined as follows:



Axioms 2024, 13, 419 25 of 32

■ Sc. 5: Minimizing the FC
■ Sc. 6: Minimizing the EE
■ Sc. 7: Minimizing the ENL

For this system, the IKOT and the KOT were implemented in three scenarios to
minimize the FC, EE, and ENL, and Table 12 describes the results for these scenarios which
were accomplished. The table includes the variables and their corresponding values for both
algorithms. It also includes the values of different variables such as Vg (generator voltage),
Tap (transformer tap ratio), Qc (reactive power injection), and Pg (active power generation)
for both algorithms in each scenario. As manifested in this table, the proposed IKOT
algorithm outperformed the KOT algorithm in terms of minimizing the FC, minimizing the
EE, and maximizing the ENL in Scenarios 5, 6, and 7 of the IEEE 57-bus system. The IKOT
algorithm achieved lower values for the FC and EE objectives and a higher value for the ENL
objective, demonstrating its effectiveness in optimizing multiple objectives simultaneously.

Table 12. Optimum outcomes obtained via the proposed IKOT and KOT for Scs. 5, 6, and 7 of the
IEEE 57-bus system.

Variables Base
Sc. 5 (FC (USD/h)) Sc. 6 (EE (Ton/h)) Sc. 7 (ENL (MW))

KOT IKOT KOT IKOT KOT IKOT

Vg 1 1.010 1.0528589 1.0490981 1.0512586 1.06 1.0512314 1.0599683

Vg 2 1.010 1.0505598 1.0465119 1.0436187 1.056154 1.0446953 1.0566525

Vg 3 1.010 1.0476581 1.0408582 1.0486027 1.053503 1.0443166 1.06

Vg 6 1.010 1.057303 1.0526739 1.0415265 1.047782 1.0443103 1.06

Vg 8 1.010 1.0594182 1.0598524 1.0495426 1.059955 1.0491184 1.06

Vg 9 1.010 1.0359735 1.0334266 1.0336925 1.03923 1.0273124 1.0412399

Vg 12 1.010 1.0401997 1.0352904 1.0462459 1.044963 1.0349537 1.04861

Tap 4–18 0.970 1.071804 0.9660857 1.1 0.909915 0.9396409 1.0075575

Tap 4–18 0.978 1.0341457 1.0019481 0.9792202 1.00174 1.0477643 0.9752831

Tap 21–20 1.043 1.0415915 1.0145196 0.9813358 0.983893 0.9906537 0.981745

Tap 24–25 1.000 0.9793877 1.0713834 1.0045759 1.087896 1.0067073 1.0542884

Tap 24–25 1.000 1.0593901 0.9450148 1.0764719 1.023525 0.9733652 0.9612857

Tap 24–26 1.043 1.0092304 1.0131516 0.9982919 1.05058 1.0479778 1.014219

Tap 7–29 0.967 0.9564098 0.9497392 0.927779 1.048719 1.0423613 0.9752843

Tap 34–32 0.975 1.0263921 0.9704916 0.9382754 1.048395 0.9909048 0.955498

Tap 11–41 0.955 0.9400717 0.9 1.0131983 0.940488 0.931761 0.937831

Tap 15–45 0.955 0.941064 0.9354061 0.9512305 0.967193 0.9923906 0.9491786

Tap 14–46 0.900 0.952092 0.9248971 1.0823589 0.989219 0.9856068 0.9501329

Tap 10–51 0.930 0.9427316 0.9281249 1.0101604 1.013262 0.9876213 0.9570339

Tap 13–49 0.895 0.9145605 0.9108794 1.00109 0.984496 0.9557236 0.91698

Tap 11–43 0.958 0.9241284 0.9261256 0.975155 0.990354 0.9948324 0.9799994

Tap 40–56 0.958 1.0053302 1.0172206 0.9684819 1.06986 1.0445029 1.044269

Tap 39–57 0.980 0.9809085 0.9625971 1.0140668 1.035583 1.017883 1.0478388

Tap 9–55 0.940 0.969669 0.9431252 1.0408582 1.079417 1.0507726 0.9765349



Axioms 2024, 13, 419 26 of 32

Table 12. Cont.

Variables Base
Sc. 5 (FC (USD/h)) Sc. 6 (EE (Ton/h)) Sc. 7 (ENL (MW))

KOT IKOT KOT IKOT KOT IKOT

Qc 18 10.000 19.588645 16.833535 24.273151 4.044177 9.6662115 19.372384

Qc 25 5.900 15.822386 13.469753 17.154082 16.24767 13.372862 9.937805

Qc 53 6.300 14.669189 10.478507 2.9450366 14.62376 13.726467 12.958884

Pg 1 478.635 142.3647278 144.2304109 328.6973467 336.0299972 185.9860937 165.2769025

Pg 2 0.000 90.880229 89.614122 100 100 29.03113 35.605772

Pg 3 40.000 44.99367 44.216258 140 139.9991 116.90941 140

Pg 6 0.000 78.532235 70.349615 100 100 94.841309 90.058955

Pg 8 450.000 455.1729 460.81591 249.12933 259.8651 326.41964 320.08809

Pg 9 0.000 91.893133 94.588597 100 99.9803 98.460077 100

Pg 12 310.000 361.90877 361.80614 257.74474 238.2888 410 409.75317

FC (USD/h) 51345 41677.349 41666.963 48615.481 48775.07 43765.77 44634.796

EE (Ton/h) 2.528 2.6117209 3.1226054 1.0484899 1.039368 1.5410877 2.683034

ENL (MW) 27.8346 14.945665 14.821043 24.771408 23.36324 10.847654 9.9828921

For Sc. 5, the proposed IKOT performed better than the KOT in terms of minimizing
the FC, where the base scenario, KOT, and the proposed IKOT obtained FC values of
USD 51,345/h, 41,677.349, and USD 41,666.963/h, respectively. In comparison to the base
scenario, the IKOT in this scenario achieved a reduction percentage of 18.85%.

Additionally, for Sc. 6, the proposed IKOT performed better than the KOT in terms of
minimizing the EE, where the base scenario, KOT, and the proposed IKOT obtained EE
values of 2.528 Ton/h, 1.0484899, and 1.0393678 Ton/h, respectively. In comparison to the
base scenario, the IKOT in this scenario achieved a reduction percentage of 58.89%.

Moreover, for Sc. 7, the proposed IKOT performed better than the KOT in terms of
minimizing the ENL, where the base scenario, KOT, and the proposed IKOT obtained ENL
values of 27.8346 MW, 11.277533, and 9.0879067 MW, respectively. In comparison to the
base scenario, the IKOT in this scenario achieved a reduction percentage of 64.13%.

Furthermore, Figure 12 exhibits the convergence characteristics of the proposed IKOT
and KOT for the three scenarios. In this figure, the proposed IKOT demonstrates how the
architecture might lower the total iterations’ number.

Moreover, in this scenario, 30 runs were conducted for the three scenarios of the IEEE
57-bus system using the proposed IKOT and the original KOT, and the results are depicted
in Figure 13. The results illustrate that the proposed IKOT provided the FC, EE, and ENL
which were lower than the original KOT in each run. Additionally, statistical comparison
was developed for both algorithms as manifested in the mentioned figure. In this figure, the
average values of USD 41,674.464/h, 1.0408142 Ton/h, and 10.395036 MW were achieved
by the proposed IKOT for the FC, EE, and ENL, respectively, while the average values
of USD 41,693.369/h, 1.0552315 Ton/h, and 11.537363MW were achieved by the KOT.
Moreover, standard deviation (STD) values of 3.7127467, 0.0008208, and 0.2748345 were
achieved by the proposed IKOT for the FC, EE, and ENL, respectively, while the average
values of 8.2112032, 0.0049178, and 0.414595 were achieved by the KOT.
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Figure 13. Thirty runs for FC, EE, and ENL of Scs. 6, 7, and 8 using the proposed IKOT and KOT.

The Wilcoxon signed rank test for the three scenarios of the IEEE 57 are conducted
in Table 13 to ensure that the IKOT is really significant compared to the KOT. It can
be manifested from Table 13 that the p-value for the three scenarios was less than the
significance level of 0.05, which means that the IKOT was really significant compared to
the KOT.

Table 13. The Wilcoxon signed rank test for the three scenarios of the IEEE 57.

Sc. 5 (FC (USD/h)) Sc. 6 (ENL (MW)) Sc. 7 (EE (Ton/h))

p-value 3.7896 × 10−6 2.5631 × 10−6 1.7344 × 10−6

4.3. Implications

The findings of this study have several important implications for the operation and
planning of power systems:

• Reduced operational costs: By achieving lower fuel costs, the IKOT algorithm can
potentially lead to significant cost savings for power generation companies. These sav-
ings can be passed on to consumers or reinvested in improving the power
grid infrastructure.

• Improved environmental performance: By minimizing emissions, IKOT can con-
tribute to reducing the environmental impact of power generation. This is becoming
increasingly important as concerns about climate change grow.
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• Reduced energy losses: Lower energy losses translate to a more efficient power grid.
This can help to improve the overall reliability of the power system and reduce the
need for additional power generation capacity.

• Faster computation times: The faster convergence characteristics of IKOT suggest that
it may be computationally more efficient than conventional methods. This can be
beneficial for real-time applications where quick solutions are needed.

4.4. Discussion

The results of this study are promising and suggest that the IKOT algorithm has the
potential to be a valuable tool for solving OPF problems in power systems. However, some
additional discussion points need to be considered:

• Performance on larger systems: The study only investigates the performance of IKOT on
the IEEE 30-bus and 57-bus test systems. It is important to evaluate how the algorithm
scales to handle much larger power systems encountered in real-world applications.

• Integration with existing systems: Implementing a new optimization algorithm like
IKOT may require modifications to existing power system control and management
systems. Further research is needed to ensure smooth integration and compatibility.

• Comparison with other algorithms: While the study mentions comparisons with
other optimization algorithms, a more comprehensive benchmark including popular
methods would provide a clearer picture of IKOT’s relative strengths and weaknesses.

• Practical implementation challenges: The document focuses on the algorithmic aspects
of IKOT. Further research is needed to explore the practical challenges of implementing
IKOT in real-world power systems, such as data availability, handling uncertainties,
and robustness to system disturbances.

5. Conclusions

This paper proposes an innovative approach called the Improved Kepler Optimization
Technique (IKOT) to effectively solve the complex optimization problem of the Multi-
Objective Optimal Power Flow (MDOPF). The IKOT algorithm was developed by incor-
porating enhanced local escaping mechanisms that improved the convergence speed and
solution quality of the traditional Kepler Optimization Technique (KOT). Additionally,
the IKOT algorithm addressed several objective functions, including fuel costs, emission
levels, and network losses minimization, making it a versatile solution for power system
operation optimization. Experimental validations were conducted on two standard IEEE
test systems (30-bus and 57-bus) through seven different scenarios, demonstrating the
superior performance of the IKOT algorithm. Compared to state-of-the-art algorithms, the
IKOT algorithm exhibited superior solution quality, convergence speed, and robustness.
These results highlight the effectiveness and efficiency of the IKOT algorithm in tackling
the MDOPF problem. The statistical evidence provided by the results of IKOT’s best, worst,
average, and standard deviation underscores its dependability and robustness. Further
research is needed to combine the sophisticated IKOT approach variants with various
constraint handling techniques to potentially speed up convergence and improve the qual-
ity of solutions, especially for large-scale and more complex power systems performance
that have numerous and single objective functions to evaluate its performance. Moreover,
adjusting the power system parameters that are subjected to uncertainty and variability,
such as renewable energy integration and varying load demands, could provide insights
into its robustness and flexibility.
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