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ABSTRACT In this paper, we present a solution for both single-objective optimal power flow (SOOPF) and multi-
objective optimal power flow (MOOPF) problems using the EBOwithCMAR algorithm, which combines the Effective
Butterfly Optimiser (EBO), Covariance Matrix Adapted Withdrawal Stage (CMAR) and Least Squares (LS)
techniques, competing with the benchmark problems in CEC-2017 and the winning solutions of CEC-2016. The EBO
applies a crossover operator that enhances population diversity during the Perching and Patrolling phases. CMAR
allows for comprehensive optimization of solutions after identifying promising regions, while the LS method improves
the precision and accuracy of the final solutions through a more targeted search. This study highlights the individual
roles of each component within the EBOwWithCMAR algorithm in the optimization process. We have successfully
implemented the EBO, EBOCMAR, and EBOCMARLS (EBOwithCMAR) algorithms to address SOOPF and
weighted method MOOPF problems in standard IEEE 30 test system, including those with renewable energy sources.
The results are promising compared to well-established algorithms in the literature, all while maintaining compliance

with system constraints.

KEYWORDS EBO, CMAR, EBOwithCMAR, Optimal Power Flow, Multi-objective Optimal Power Flow.

I. INTRODUCTION

he optimal power flow (OPF) is a complex problem

characterized by its nonlinear, non-convex nature and
large-scale dimensions. It involves optimizing various
objective functions by determining the best settings for control
variables while adhering to equality and inequality constraints
[1]. Using sustainable energy, environmental concerns,
economic factors, and the necessity for stable grid operation
without compromising system operational and safety limits
presents a complex challenge. Consequently, the Optimal
Power Flow (OPF) problem has evolved into a multi-objective
optimization problem [2]. Recently, there has been a growing
interest in multi-objective optimal power flow (MO-OPF)
studies that aim to simultaneously minimize multiple objective
functions, addressing the intricate challenges faced by modern
power systems. As a result, MO-OPF has become an essential
tool for power system operators and planners, enabling the
simultaneous evaluation of competing objectives such as cost
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reduction, emission control, power loss minimization, and
system reliability.

Research on multi-objective evolutionary algorithms
(MOEAs) and classical methods are the two most popular
approaches for finding optimal multi-objective solutions to
minimize multiple objective functions [3]. While multi-
objective (MO) approaches produce a set of optimal solutions,
known as the Pareto set, traditional optimization methods yield
only a single solution point. By assigning appropriate
weighting factors to each objective, conventional methods can
reduce multi-objective problems to single-objective problems.
The aim is to establish a correlation between the range of each
objective function and its corresponding weight. For instance,
an objective function with an extensive range should be given
a smaller weight [4]. Decision-makers can determine suitable
weights by following this relationship. The optimal weights are
determined based on each objective function’s maximum
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range, which helps reduce the required computational effort

[5].

A. LITERATURE REVIEW
The multi-objective optimization problem formulation
(MOOPF) has been extensively researched over the past three
decades, utilizing both classical and multi-objective
evolutionary algorithms. Various meta-heuristic algorithms
have been successfully implemented within both frameworks
to address this problem. Many studies employ weight
coefficients to relate the different objective functions to one
another. In [6], the weighted sum method with the modified
weighted teaching learning-based optimization (WTLBO)
algorithm was used to convert multi-objective functions into a
single objective function. The OPF problem is solved using the
Artificial Bee Colony (ABC) method in [7], which considers
equality and inequality restrictions in an electric power system.
The non-convex single and multi-goals optimal power flow
(OPF) problem is solved in [8] using the chaotic-quasi-
oppositional-phasor based multi populations gorilla troop
optimizer (MGTO). In [9], the single and multi-objective OPF
problem is tackled using the chaotic equilibrium optimization
(CEO) algorithm, which incorporates weights for the objective
functions in the solution. [10] suggests a different method for
handling the multi-objective OPF problem with the weight
coefficient. The article presents the Improved Archimedes
Optimization Algorithm (IAOA), compares it to other methods
in the literature, and applies it to single and multi-objective
goals. In [11], the effectiveness of the BSA method for solving
different OPF problems with complicated and non-smooth
objective functions has been proposed. In [12], researchers
introduce and evaluates new variants of the Successive History-
based Adaptive Differential Evolutionary (SHADE) algorithm
called ESHADE, SHADE-SFS, and SHADE-SAP to solve the
single and multi-objective OPF problems with equality and
inequality constraints. A hybrid sine cosine-grey wolf
optimizer (HSC-GWO) algorithm is proposed for solving a
multi-objective (OPF) problem in a large real-time grid [13]. In
[14], the OPF problem was solved for single and weighted sum
multi-objective cases by combining constraint handling (CH)
techniques and self-adaptive (SP) penalty functions and
integrating them into the differential evolution (ECHT-DE)
algorithm for IEEE 30, IEEE 57 and IEEE 118-bus systems.
In addition to these studies, improved moth flame
optimization (IMFO) [15] uses the weight coefficient, the
Differential Search Algorithm (DSA) [16], the Improved
Colliding Bodies Optimization algorithm (ICBO) [17], and the
Moth Swarm Algorithm (MSA) [18] are used to solve the
MOOPF problem. These approaches are straightforward and
can be employed for single-objective algorithms without
modification. In literature, many studies present the weighting
method for the multi-objective OPF problem and the multi-
objective evolutionary program (MOEA) and suggest the
optimum solution point to decision-makers by accurately
describing the Pareto optimal front. In [19], researchers utilized
the shuffle frog leaping algorithm (SFLA) to address the multi-
objective OPF problem with a focus on emissions. To
overcome the challenge of tuning control parameters, the
authors of [20] proposed an enhanced self-adaptive DE and a
mix crossover operator (ESDE-MC) capable of handling single
and multi-objective OPF problems. A technique called the
quasi-oppositional teaching learning-based optimization
(QOTLBO) algorithm was introduced in [21], which involves
integrating the quasi-oppositional learning algorithm into the
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teaching learning-based optimization (TLBO) algorithm to
enhance convergence speed and solution quality. Furthermore,
the authors of [22] recommended a modified TLBO (MTLBO)
to address the MOOPF problem with emission and cost
objectives. In [3], the multi-objective search group algorithm
(MOSGA) is proposed as a new multi-objective method that
efficiently solves the multi-objective optimal power flow
(MOOPF) problem in power systems. Renewable energy
sources have gained value recently due to their sustainability,
abundance, and environmental friendliness. They have been
increasingly appreciated in power systems, which has led to the
implementation of various Pareto concept-based meta-heuristic
techniques such as Memory-Guided JAYA (MG-JAYA) [23],
MIJAYA [24], NSGA-II [25], non-dominated sorting (NS)
particle swarm optimization (SCNSPSO) [26], NDS Grey Wolf
Optimizer [27], multi-objective mayfly algorithm (NSMA-SF)
[28] to the MOOPF problem. In [24], modified algorithms such
as JAYA have been adapted for power systems with various
renewable resources. In [25], it is proposed a multi-objective
evolutionary algorithm considering uncertainties in solar and
wind power. In [26], a MO-OPF problem solution for
identifying the apt trade-off between the operating cost of the
generators, power loss of the system, and voltage stability
index is solved using chaotic mutation and SWT combined,
non-dominated sorting (NS) particle swarm optimization
(SCNSPSO). In [27], researchers propose a solution technique
for single and multi-objective OPF (MOOPF) issues,
containing coal-based power plants plus solar and wind power
plants. In [28], the proposed algorithm is implemented to tackle
the MOOPF problem with wind and solar energy.

B. NOVELTY AND CONTRIBUTIONS

In the existing literature, metaheuristic algorithms have been
employed using both the weighting method and the Pareto
concept approach to address MOOPF problems in power
systems, including the integration of renewable resources.
Recently, In [29], EBOwWithCMAR is introduced a new retreat
phase called the Covariance Matrix Adapted Retreat Phase
(CMAR), which uses the covariance matrix to generate a new
solution and thus improves the local search capability of
effective Butterfly Optimizer (EBO).

EBOwithCMAR is an algorithm that integrates three key
components. The first component with the highest contribution
is the EBO, which features a crossover operator that enhances
the diversity of the population during the Perching and
Patrolling processes. The second component is the CMAR,
significantly contributing to the algorithm’s performance.
Covariance Matrix Adaptation (CMA) works by estimating the
shape and direction of the search space based on the
distribution of solutions. The CMAR phase is an adaptation
mechanism designed to improve the search space exploration
and avoid local optima. The hybrid approach is further refined
by incorporating quadratic programming through Least
Squares (LS). After CMAR directs the search towards
promising regions, LS comes into play for fine-tuning
solutions. It focuses on improving the quality of the solutions
found through precise exploitation. Quadratic programming is
used because it is well-suited to handle local refinement tasks
where the objective function behaves quadratically or can be
approximated as such. This study addresses single and MOOPF
problems using the EBO, EBOCMAR, and EBOCMARLS
(EBOwithCMAR) algorithms. The proposed methods use
weighting approaches to minimize single and multiple
objective functions applied to IEEE 30 bus test system
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involving renewable energy sources. Furthermore, this
research investigates and compares the effects of the EBO,
CMAR, and LS components on the search speed and solution
quality of the EBOwithCMAR algorithm, analyzing each
objective function individually. The novelty of this study is that
EBOwithCMAR and its components are separately adapted to
the solution of single and multiple OPF problems. The
optimum results obtained without violating the system
constraints are compared with other studies in the literature.
Furthermore, adapting it to system including renewable energy
sources demonstrates its applicability to the solution of more
complicated and complex OPF problems.

Il. FORMULATION OF THE MULTI-OBJECTIVE OPF
PROBLEM

A multi-objective (OPF) issue often aims to simultaneously
satisfy multiple equality and inequality requirements and
maximize two or more specified objective functions using
optimal power system control parameters. A multi-objective
optimization problem can be analytically defined as:
Optimize:f (x,u) = [fopj1 (X, w), fopj2 (X, W), wev eov oo » fonjn (2, W]
with the subject of: g(x,u) = 0 and h(x,u) <0

where fopjn(x,u) represents N this optimized the objective
function. g(x,u) and h(x,u) are the equality constraints and
the inequality constraints, respectively. In accordance with;

X = [PGslackVLQGSl]' (1)

where x indicates the state variables, including real generation
power of the slack bus Pgg .0k, Voltage of the load bus V,
reactive generation power Q¢ and transmission line loading S,

u = [PsV;Q,T], 2

where u represents the variable vector for the elements,
including the real power P, generator voltage V;, the output of
shunt VAR compensators Q. and settings of the tap changing
transformers T.

A. CONSTRAINTS OF THE POWER SYSTEM

In the OPF problem, finding the best fitness value of objective
functions is subject to satisfying active (real) power flow and
reactive power flow equations, named equality constraints.
Also, security constraints on transmission lines, equipment
operating limits, and voltage magnitude limits on load buses
are named inequality constraints, and their details are given
below.

Load Flow Equations and Constraints
The typical equations related to load flow, g(x,u), in the
literature is given by,
Pg, = Pp, = XialVil |V |[Yis| cos (6 — 6 +6)) =0, (3)
Qc; — Qo, = Zi=alVil|Vj|[Yyy| sin( 6y — 6: + 8)) = 0, (4)

where Pg; and Qg; are the real and reactive generation power
outputs, Pp; and QOpi are the active load and reactive load
demand of bus i, the elements of the bus admittance matrix are
represented by |Yij| and 6;; and finally n is the total bus
number. The parameter constraint limits, h(x, u, ) including the
typical load flow constraints are given as,
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Generator, Transformer, Shunt Var Compensator
Constraints

The generator voltage, active and reactive powers can be
limited by the user as,

VIR SV, S VI =1,....,N,,  (5a)

PO < Py < PG
OB" < Qp < QE™i=1,....,N, (5.

Il
=
Q‘Z
—~
W
(=3
=

where N, defines the number of generators including the slack
bus.

The maximum and minimum limits of the reactive power
that can be injected or drawn by the compensators and the
transformer tap settings are defined by the user as follows:

Timin < Ti < Timax i=1,.... ,NT, (6)

QU™ < Q¢, < QP i=1,...., Ngc. (7)

Security Constraints
The load bus voltage constraints and the maximum value of
loadability capacity of the transmission line is,

Vi SV, SV D=1, Ny ®)

Sy, SSOH™ i=1,. . , Ngp. )
B. OBJECTIVE FUNCTIONS

This study intends to optimize the power system control
parameters using the proposed EBOwithCMAR method and its
parts for objective functions, including minimizing fuel cost,
reducing fuel emissions, minimizing power loss, and
minimizing voltage deviation. In addition, multi-objective
functions were obtained by converting the above objective
functions into a single objective function using the weighted
sum method. The single and multi-objective functions used are
listed below.

Quadratic cosi(fcr) and Valve point effect functions (fcrv)of
the thermal generators

The fuel costs regarding each generator unit are modelled by
quadratic functions as:

for = 208 a; + biPg + ¢ P . (10)

The fuel cost functions of some generation units are either
smooth (without valve point effect) or non-uniform (with valve
point effect). This is due to the fluctuations caused by the
opening process of the control valves of the steam turbines.
Therefore, considering the valve-loading point effect, the fuel
cost can be calculated using Eq. (11) [30].

ferv = 50 (aiP3 + biPyi + ) + |di x sin (e x (P = Py))|, (11)

where N, is the total generator number; Py; is the generation of
real power at busi ; a;, b;, c; are the weighting factors, d; and
e;are constants from the valve-point effect of the i-th
generating unit.

Cost function of the wind generators(fcw)
The direct cost of the i-th wind power generator as a function
of scheduled power is molded as following
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Cwp,i (PWs,i) = giPws, (12)

where Py, ; and g; are the scheduled wind power and the direct
cost coefficient related to the i-th wind power plant
respectively. For the i-th wind power plant, the reserve and
penalty costs are determined by:

CRW,L'(PWS,L' - PWav,i) = KRW,i(PWs,i - PWav,i)
Pysi
= Kew,i [, (Pwsi = pw.) fiw (Pw,0)dPu i, (13)

CPW,i(PWav,i - PWs,i): KPW,i (PWav,i - PWs,i)
Pw,i
= KPW,L'I v (Pw,i - PWs,i)fW(PW,i)dPW,i , (14)

PWs,i

where Kz ; and Kpy,; represent the reserve and penalty cost
coefficients respectively, Py ; and Py, ; denote the scheduled
and available power, and fW(PW,i) is the probability density
function for the i — th wind power plant, any surplus power is
managed by curtailing the output of conventional generators.
This action requires ISO to compensate for a penalty cost
associated with the unutilized power [31].

The total cost of wind power (f;y) generated from wind
farms is described as follows;

fcw = Z?’:Wf [CWD,i(PWSij) + CRW,L' (PWS,L' - PWav,i)
+CPWj(PWav,i - PWs,i)] . (15)

Cost function of the Solar generators(fcs)
The direct cost of the k-th solar PV power generator is;

CSD,i(PSS,k) = exPss s (16)

where Psgr and e are the scheduled PV power and the direct
cost coefficient related to the k-th solar PV power plant
respectively.

Like wind power plants, solar power plants also have
intermittent and uncertain output. In principle, the approach to
over and under-estimating solar power shall be the same as that
of wind power. However, as solar radiation follows a
lognormal PDF [32], different from wind distribution, which is
well known for trailing Weibull PDF, for convenience in the
calculation, the reserve and penalty cost models are built based
on the concept presented in [33].

Reserve and cost Penalty for the k-th solar PV plant is:

CRs,k (Pss,k - Psav,k)= KRs,k(Pss,k - Psav,k):
KRs,k * f:s(Psav,k < Pss,k) * [Pss,k - E(Psav,k < Pss,k)](17)

CPS,k(P Sav,k — P SS,k)z KPS,k (P Sav,k — P Ss,k) =
Kpg i fS(PSav,k > PSS,k) * [E(PSav,k > PSS,k) - PSS,k]' (18)

where Kpg), and Kpg, are the reserve and penalty cost
coefficients for the k-th solar PV plant, fS(PSav,k < PSS‘k) and
E (PSa,,yk < PSS,k) denote the respective probabilities and
expectations of power shortages and surpluses fs(PSa,,,k >
PSS,k) and E (PSa,,yk > PSS_k) relative to the scheduled power
output (Psg ;). The total cost of solar (f¢s) generated from solar
panels is described as follows;
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fes ZZI,E? [CSD,k (P Ss,k) + Crs . (P s — P Sav,k)
+Cps i (PSav,k - PSS,k)] (19)

Cost function of the Hydro power generator (fcH)
The direct cost of the j-th hydro power generator is as follows;

CHD,j (PHs,j) = kaHs,j (20)

where Ppg; and f; show the scheduled hydro power and the
direct cost coefficient related with the j-th hydro power
generator, respectively.

The reserve and penalty cost of the cost of the j-th hydro
power generator is shown as follows [34]:

Crt,j(Pus,j — Prav,j)= Krn,j(Pusj — Prav,) =
Kruj * fu(Pravy < Pusj) * [Pusj — E(Puav,j < Pusj)] . (21)

CPH,j(PHav,j - PHs,j)= KPH,j(PHav,j - PHs,j) =
Kpy j * fH(PHav,j > PHs,j) * [E(PHav,j > PHs,j) - PHs,j] , (22)

where Kgy j and Kpg ), represent the reserve and penalty cost
coefficients for the j-th hydropower generator, respectively,
frand E denote the probability and expectation of hydro power
shortages  fi(Puav,j < Pusj)» E(Puav; < Pusj)and surpluses
fu (PHav, j > Pys, j), E (PHa,,, i > Py, j) relative to the scheduled
power Py ;.

The total cost (f;y) of hydro power generator is presented as
in the following;

fCH =Zﬁﬁf [CHD,j(PHs,j) + CRH,j(PHs,j - PHav,j)
+Cp1—[,j(PHav,j - PHS,]')]' (23)

Fuel cost emission (fg)

To satisfy increasing energy demand, it is inevitable to generate
electrical energy despite harmful gas emissions and worsening
air pollution. Therefore, fuel emission optimization aims to
minimize the number of harmful gases released into the
atmosphere by optimizing the system’s control variables.

N
fo = 2.2, i + BiPgi +viPl; + & exp(AiPgy)),  (24)

where fris the total emission cost (ton/h) expressed in tons per
hour (ton/h), and the coefficients «;, f5;, ¥;, &; and A; are unit-
specific emission parameters; the exponential term accounts for
non-linear emission behavior due to load variations.

Transmission real power losses (fp;)
The real power losses for each transmission line can be
calculated as,

for = Lk gilVE + V2 = 2Vi Wy, cos( 8, — 8], (25)

where N; is the number of transmission lines; g; is the
conductance of the i" line; V, and V,, are the voltage
magnitude at the end buses k and m of the i‘" line, respectively,
and & and 6, are the voltage phase angle at the end buses k
and m.

Voltage Deviation (f;p)

In order to improve the voltage profile of the system, the
voltage values of all load buses at 1 p.u should be fixed by
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minimizing the voltage deviation [16]. To calculate the voltage
deviation for load buses, use the following formula:

N
fop = 22 Vi —11. (26)

where Np is the load bus number.

Multi-Objective functions of without renewable energy
source

The equation below can minimize the generation cost and loss
and (J;) and the generation cost and voltage deviations(J,)
simultaneously.

J1 = fer + Afer (27)

J2 = fer + A2fvps (28)

where A is a scaling factor to balance between the objective
function values and avoid an objective’s dominance over
another. In this paper 4, is selected as 40 [18] and 4, is selected
as 100 [17].

Multi-Objective functions of renewable energy source (/)
The new objective functions, which seek to minimise the cost
functions of renewable energy sources by integrating them with
the cost functions of thermal generators, can be articulated as
follows.

I3 = ferv + fow + fes
Ja = ferv + fow + fes + CraxfE

(29.2)
(29.b)

For the system that integrates hydro energy sources,

Js = fer + few + fes + fens (30.a)
Je = ferv + fow + fes + fens (30.b)
J7 = fer + fow + fes + fon + CraxSE- (30.c)

In this study, the C, is set at 20 USD/ton [35].

lll. EFFECTIVE BUTTERFLY OPTIMIZER WITH
COVARIANCE MATRIX ADAPTED RETREAT PHASE (EBO
WITH CMAR)
A. EBO
EBO is a dual population-based bio-inspired optimization
method that draws inspiration from male butterfly mate-
locating behaviors [36]. Random initial populations serve as
the foundation for EBO, which are X; = {3?11,3?12, ...,flpsl}
and X, = {¥2,,%2,, ..., X2ps, }, with PS; and PS, denoting the
corresponding population sizes of the primary and secondary
populations. Vectors X1, and x2,’s components have to fall
within the searching region. Following the “criss-cross” or
“towards-best” change, a new population, V =
{171,172, ...,ﬁpsi}, is created. As a result, each X1, is crossed
with its matching ¥, to produce an example vector §,. For each
of these pairings, a pair-wise assessment between X1, and S,
is performed using the fitness values. The samples that perform
better in the pairwise evaluation make up the primary
population set, while the remainder vectors are placed in the
secondary population set. A brief description of each phase and
operator listed above can be found in [29].

A concise introduction to the EBO technique was covered
in the preceding discussion. EBO with CMAR controls several
parameters of  EBO, which are PS,, cross —
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over (CR) [37],F and T to boost the variety of the general
population, and through the use of the self-adaptive
mechanism. The parameter F, a positive real number, is
proportional to the rate of the population’s evolution, while T
is a real number within the interval [0, 0.5]. The crossover
technique reduces to the standard binomial crossover for the
specific case where T = 0. In accordance with the declaration
made earlier, EBO is first set up with two populations, namely
PS; and PS,, which have been selected at random from the
whole population X. Two novel modification equations are
used in EBO for the purpose of patrolling and perching,
respectively, while this work is performed. The following is a
description of the improved stages of EBO, which were
introduced in the original paper [29].

Perching and Patrolling Phase

The solution update equations are defined in perching and
patrolling search phases in Eq. (31) and Eq. (32) respectively
where the crossover probability vector, cr;, is computed for
each solution using cross_over probs( ) function.

Xgj + Fo(%Xr1,j = Xpj + Xpa,j — allXys ),

if (randj 01)<cryjorj= jmnd) 31)
xZ,j'
otherwise.

Vz,j =

X+ F(Xpestyj = Xz + X1, — Xra,j)s

if (rand]- 01) <cryjorj= jmnd) (32)
xZJ-,
otherwise.

Vz,j =

where the allX variable is defined in the algorithm, and r1,,
r2, and r3, are distinct integers. The best, is the index of the
best individual among the randomly chosen D individuals if the
population size PS is greater than 2D. Otherwise, it is the best
of the randomly chosen 10% individuals.

Calculation of probperch and probpat

The initial values of the probabilities prob,e,c, and probyg.
are set to 0.5 and later computed using calculate probs( )
function according to the improvement rate in objective
function values, formulated through Egs. (33), (34). The
improvement rate is evaluated separately for solutions updated
during the perching phase (denominator index = 1) and the
patrolling phase (index = 2), normalized by the initial
probability value:

PS1 t+1_ et

st ¥,o1 max(0ff—1f)
i PS1 ¢t
z:z:1,i fz

perching, ifi=1

patrolling, ifi = 2.'(33)

where Vx, updated by {

Then, probpercn, and proby,q, are calculated as follows;

probpe,, = max (O.I,min (0.9, 111:12)) (34)
Linear Reduction of Population
Population size PS is reduced linearly at the end of each
iteration by eliminating some worst solutions in X and fitX
according to fitness values. Here, fitX is the vector of objective
function values of the solutions in X. The new pop size PSt*?!
is computed using Eq. (35) [38].

227



]

ibrahim Cagri Barutcu et al. / International Journal of Computing, 25(2) 2026, 223-239

PSmin — PSmax)
———— | *cFE |+ PS

FEnge ) 0 ) T 00me35)
[X, fitX] = remove_worst_K_solutions(X, fitX, K)

PSt**1 = round <(

where PS,,in, PSimax are the minimum and maximum pop sizes
respectively, FE,,, and cFE are the maximum number of
function evaluations and current total function evaluations
respectively, and K, which is, K = PS — PS**1, is the number
of worst solutions to remove from X and fitX.

Adaptation of F, Freq, CRand T

For parameters Freq, CR and T, SHBA is used to sample new
parameter setting accordingly with [39]. New parameter
setting, CR,, F,, Freq,, and T,, associated with individual x,,
are calculated by Eq. (36) respectively.

CR, = M2(Mcg,,0.1),
F, = randci (MF,, 0.1),
freq, = randci (MCR,, 0.1),
T, = M2(M,,0.05),

(36)

where  Mpgrqm 1s the memory vector for param €
{CR,F, Freq,T} and r is random integer from [1, memSize],
randci is the cauchy distributions and M2 is the multi-variate
random distribution around the mean M, 4yqm, T and symmetric
covariances with deviations given.

B. COVARIANCE MATRIX ADAPTED RETREAT (CMAR)
New solutions are sampled from a random distribution by
computing a mean and covariance matrix, and these new
individuals are then weighted according to their objective
function value. A subset of these individuals is selected to form
a new population, which is used to compute the mean and
covariance matrix for the subsequent iteration. Detailed
information with a brief description of each step to create the
example solution is provided in [40]. Additionally, the
explanations on the self-adaptation of the covariance matrix
and the calculation of the step size can be found in [41].

C. FRAMEWORK OF THE EBO WITH CMAR
The EBOwithCMAR algorithm, inspired by the structure of
UMOEAs-II [42], begins by generating a random initial
population that is divided into three subpopulations. The first
two are used by EBO, and the third by CMAR.

During optimization, the algorithm alternates between EBO
and CMAR based on two dynamically changing probabilities
prob, and prob, [42]. Each cycle runs both methods
concurrently for half its duration, then updates the probabilities
according to the quality of their best solutions and the relative
sizes of their subpopulations. After each cycle, the probabilities
are reset, and the process repeats.

To enhance local exploitation, a Sequential Quadratic
Programming (SQP) procedure is introduced after 75% of the
optimization process, using an adaptive probability prob;
[42]. If SQP finds a better solution, its probability is reset;
otherwise, it is reduced. The process continues until the
stopping criterion is met.

The probabilities prob; and prob, are updated based on
each algorithm’s solution quality and population diversity.
Normalized quality and diversity values are calculated at mid-
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cycle, then combined into a progress index (PI). Each
probability is derived by normalizing these indices, constrained
between 0.1 and 0.9. If both indices are zero, the probabilities
default to one. The algorithm with the higher probability at the
end of a cycle is considered more effective and influences
population exchange and parameter resetting for the next cycle
[42].

Algorithm EBO with CMAR

1- Define PS « PS; + PS, + PS5,Cy < 0, prob; =
prob, « 1 and all necessary parameters

2- fori=1:PS do

3- X; < D random numbers that are uniformly
distributed
4- end for

5- Assign PS;, PS,, and PS; individuals in a random manner
from X to X;,Vi=1,2,3

6- while termination criterion is not met do

7- cy<—cy+1

8- if cy == % then

9- Compute prob, and prob,

10- end if

11- if cy == CS then

12- Share Data

13- prob; = 1, and prob, =1

14- cy <0

15- end if

16- if rand(0,1) < prob; then

17- Perform EBO

18- cFE < cFE + PS;

19- end if

20- if rand(0,1) < prob, then

21- Perform CMAR

22- cFE « cFE + PS,

23- end if

24- if rand(0,1) < prob;; & cFE = 0.75 *
FE,.. then

25- Perform SEQ

26- CFE < cFE + FEg,

27- if best solution is improved then

28- prob;; < 0.1

29- Update X; and X,

30- else

31- prob;; < 0.0001

32- end if

33- end if

34- t—t+1

35- end while

36- until X

IV. RESULTS AND DISCUSSION

The feasibility and effectiveness of the proposed hybrid
EBOwithCMAR and its parts, such as called EBO and
EBOCMAR, for solving single objective OPF (SOOPF) and
MOOPF problems are tested on IEEE 30-bus test system. Table
1 presents the data, specifications, and minimum and maximum
operating constraints for test system. Further details can be
found in [43,44]. For the IEEE 30 bus test system, the lower
and upper limits of load bus voltage magnitudes are set at [0.95
- 1.05] p.u., whereas the lower and upper limits of generator
bus voltage magnitudes are set at [0.9 - 1.1] p.u., respectively.
We applied the penalty technique to ensure that test system and
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control variables remained within the acceptable ranges
specified. 10 cases were examined across IEEE test system, as
summarized in Table 2. A tick mark has been placed in the
Table 2 for the specified case studies. Each test case is
experimented with the proposed algorithms, each using a
population size of 30 and a maximum iteration of 10,000.

Graphical comparisons are also presented to investigate the
convergence  performance of EBO, EBOCMAR
(EBOwithCMAR without LS), and EBOCMARLS. The results
show that all constraints strictly adhere to the acceptable ranges
when the algorithms converge.

Table 1. IEEE 30 bus test system

Items IEEE 30 Bus Test System
Quantity Description Range
Buses 30 [43]
Branches 41 [14]
Va [p.u] 6 Buses:1(Slack),2,5,8,11,13 [0.95 1.1]
Qc [MVar] 9 Buses:10,12,15,17,20,21,23,24,29 [0.0 5.0]
T [pu] 4 Branches:11, 12, 15, 36 [0.95 1.1]
VL [p.u] 24 [0.95 1.05]
. \Without renewable [Pa, Vs, Oc, T
Control variables 24 with renewable [Pg, Vs, T]
Table 2. Summary of case studies on test system
IEEE 30 bus system
Without renewable Renewable
fer fe fri fvp ferv few fes fen fe
Case 1 v
Case 2 v
Case 3 N4
Case 4 v v
Case 5 v v
Case 6 v v v
Case 7 v v v v
Case 8 N4 v v v
Case 9 v v v v
Case 10 v v v v v

A. [EEE 30 BUS TEST SYSTEM

The system demand for active power was 2.834 p.u., and for
reactive power was 1.262 p.u. at a base of 100 MV A. There are
six thermal generators on busbars 1,2,5,8,11, and 13. The
coefficients for the fuel cost are available in [14]. There are
nine fixed capacitors in the system where renewable energy
sources are not integrated, and two fixed capacitors on busbars
10 and 24 in the system where they are integrated [45]. In this
section, 7 cases are studied. In the first 5 case studies,
renewable energy sources are not incorporated into the system.
In case studies 6 and 7, two wind farms and one solar system
are integrated into the IEEE 30 bus test system instead of
thermal generators 5-11 and 13, respectively [33]. In cases 8,9
and 10 which integrated hydro energy source, the thermal
generators at buses 8 and 13 have been replaced with a wind
energy source and a combined hydro and wind energy source,
respectively. Additionally, a PV unit was installed at bus 11.

Case Studies Without Renewable Energy Sources

The EBO, EBOCMAR, and EBOCMARLS approaches were
employed to solve SOOPF and MOOPF Optimal Power Flow
problems on the IEEE 30-bus test system. In the initial case
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study, the objective was to minimize the total fuel cost of the
thermal generators, as calculated by Eq. (10). In Fig. 1(a),
CMAR part has made an effective search to minimize the cost
function. Still, EBO alone has found the solution points that
give the smallest value by reaching 800.3873 $/h.
EBOCMARLS has been fails to provide a high-quality solution
for a simple quadratic objective function due to the influence
of the LS part. However, EBO outperforms them and achieves
the best optimum value.

In Case 2, it is aimed to minimize the emission release by
thermal generators. EBO, EBOCMAR and EBOCMARLS
have managed to reduce the emission value to 0.2048 ton/h. In
Case 3, the SOOPF problem is solved by minimizing the active
power loss. As can be seen from Table 3, EBOCMAR reached
the lowest value with 3.0777 MW. EBO and EBOCMARLS
found the same optimum value with 3.0779 MW values. In the
multi-objective optimal power flow problem formulated in Eq.
(27), the aim is to minimize the sum of active power loss and
fuel cost. In this target function, we see the effect of the search
and discovery ability of the CMAR part. The combined effect
of CMAR and LS ensures that the optimization process is both
robust in exploration and refined in exploitation.
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Figure 1. Fuel cost optimization for (a) Convergence curve (b) voltage profile (c) generator reactive power output.

When Fig. 2 is examined, it is seen that the CMAR and LS
parts are not stuck in local optima and have continuously
searched to find the best solution point throughout the
optimization process. In addition, it has increased the
convergence speed of EBO. In this case, it is aimed to minimize
the total fuel cost of thermal generators and the sum of voltage
deviations in load bars simultaneously. The value of the target
function is calculated with equation in Eq. (28). The results of

the control variables are given in Table 4. While EBO alone
managed to minimize the active power loss, the search for
better solution points of CMAR and LS parts to minimize the
voltage deviation yielded positive results. While EBO
succeeds in reducing the value of the sum of the two objective
functions to 812.9074 as shown in Figure 2.a, it is seen that the
CMAR part prevents premature convergence.

Table 3. Simulation results of case 1-3 on IEEE-30 bus standard test system for SOOPF

Case-1 Case-2 Case-3
Items Range
EBO [EBOCMARIEBO CMAR LS EBO [EBO CMAREBO CMARLS| EBO EBO CMAR [EBO CMAR LS
P, [80250] | 177.1638 177.1114 177.1808 64.0484 64.0738 64.0514 51.4783 51.4810 51.4783
P, [20 80] | 48.7201 48.7269 48.7593 67.5623 67.5376 67.5594 79.9997 79.9976 79.9999
Ps [15 501 | 21.3912 21.3795 21.3942 50 50 49.9999 49.9998 49.9999 49.9999
Py [10 35] | 21.2044 21.2181 21.1511 35 34.9999 35 34.9999 34.9999 34.9999
Py [10 30] 11.9175 11.9580 11.9139 30 29.9999 29.9999 29.9999 29.9996 29.9999
P [12 40] 12.0002 12.0001 12.0010 40 39.9999 39.9999 39.9999 39.9995 39.9997
14} [0.951.1] 1.0833 1.0830 1.0834 1.0624 1.0623 1.0624 1.0614 1.0615 1.06142
Vs [0.95 1.1] 1.0443 1.0440 1.0444 1.0265 1.0064 1.0167 1.0172 1.0274 1.0273
Vs [0.95 1.1] 1.0332 1.0330 1.0331 1.0370 1.0373 1.0373 1.0378 1.0381 1.0378
Vs [0.95 1.1] 1.0478 1.0480 1.0478 1.0539 1.0534 1.0541 1.0540 1.0543 1.0542
Vi [0.95 1.1] 1.0720 1.0690 1.0628 1.0553 1.0560 1.0568 1.0482 1.0591 1.0503
Vi3 [0.95 1.1] 1.0420 1.0430 1.0428 1.0566 1.0513 1.0522 1.0535 1.0488 1.0542
Oc10 [0 5.0] 0.4698 2.3321 34721 0.1316 0.0631 1.0490 2.7242 0.1209 2.3815
Oc12 [0 5.0] 2.6104 2.4939 2.2847 0.0017 4.7626 1.7621 2.2730 4.5740 1.2723
Oc15 [0 5.0] 4.3790 4.5048 4.0360 4.1070 4.0327 4.7747 4.5912 4.3180 4.0429
Oc17 [0 5.0] 4.9991 4.9997 4.9991 4.9999 4.9980 4.9968 4.9682 4.9994 4.9979
Oc20 [0 5.0] 4.0735 4.2208 42168 4.3312 4.4954 3.9900 4.1371 42238 4.4193
[0 [0 5.0] 4.9999 4.9984 4.9983 4.9955 4.9964 4.9999 4.9950 4.9969 4.9997
Ocs [0 5.0] 3.3006 3.2943 3.2390 3.1906 2.9786 3.1191 3.1050 3.2964 3.3764
Ocnu [0 5.0] 4.9999 4.9993 4.9999 4.9999 4.9997 4.9996 4.9999 4.9981 4.9998
O [0 5.0] 2.0158 1.9338 1.9662 1.9768 1.9384 1.7658 1.9431 1.8812 1.8684
Th [0.91.1] 1.0180 1.0002 1.0183 1.0410 1.0353 1.0451 1.0463 1.0431 1.0480
T [0.91.1] 0.9331 0.9594 0.9355 0.9020 0.9087 0.9009 0.9007 0.9021 0.9000
Tis [0.91.1] 0.9639 0.9655 0.9640 0.9898 0.9912 0.9877 0.9905 0.9880 0.9893
Ti6 [0.91.1] 0.9714 0.9717 0.9715 0.9749 0.9736 0.9732 0.9742 0.9746 0.9742
0O [-20 150]| 2.6436 2.3505 2.6611 -5.1827 -5.2530 -5.4104 -5.2434 -5.2282 -5.4578
O [-20 60] | 20.3034 19.9425 20.4788 7.6385 7.5030 7.8979 7.2494 7.3177 7.47559
0s [-15 62.5]] 25.7590 25.7307 25.6842 21.5223 22.0249 21.6673 21.7869 21.8246 21.6337
Os [-15 48.7]] 26.3386 26.9330 26.6033 26.8253 25.9197 26.5321 26.1413 26.2934 26.2961
On [-10 40] | 13.4822 9.9406 9.9030 10.6522 10.2688 11.5862 8.5807 12.1580 9.5092
O [-15 44.7]| -5.7896 -5.0821 -5.2025 6.0468 2.0074 2.6985 3.6863 0.1280 4.2428
fer($/h) 800.3873 | 800.3878 800.3877 9443125 944.2736 944.3079 967.6085 967.6025 967.6088
fr(ton/h) 0.3663 0.3662 0.3664 0.2048 0.2048 0.2048 0.2073 0.2073 0.2073
fri(p-w) 8.9975 8.9942 9.0005 3.2108 32114 3.2109 3.0779 3.0777 3.0779
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Figure 2. Fuel cost with power loss optimization for (a) Convergence curve (b) voltage profile (c) generator reactive power

output.

Table 4. simulation results of case 4-5 on IEEE-30 bus standard test system for MO-OPF

Case-4 Case-5
Items Range
EBO EBOCMAR | EBOwithCMAR EBO EBOCMAR EBOwithCMAR
P, [80 250] 102.5503 102.8145 102.5723 176.5169 176.5939 176.7009
P, [20 80] 55.60443900 55.56454500 55.63384000 48.76358100 48.84255700 48.80625000
Ps [15 50] 38.11838600 38.01823800 38.11515900 21.63094000 21.59851600 21.77208600
Pq [10 35] 34.99999200 34.99571700 34.99997800 22.02853000 21.89840500 21.63470300
Py [10 30] 29.99998500 29.99648700 29.99979200 12.25464500 12.27982400 12.31241100
P [12 40] 26.64691400 26.54290200 26.60030000 12.00342400 12.00117200 12.00152900
v, [0.95 1.1] 1.068680800 1.068966600 1.068691600 1.045193000 1.043489500 1.043896700
v, [0.951.1] 1.018031900 1.018117200 1.008041900 0.9966059300 0.9865570600 1.007237900
Vs [0.95 1.1] 1.034682300 1.034634500 1.034659800 1.024032200 1.013950400 1.014975300
Vs [0.95 1.1] 1.052753200 1.052909900 1.052751200 1.0110 1.020190500 1.011115700
Vi [0.95 1.1] 1.064395400 1.056276000 1058626200 1.021214000 1.030119900 1.018222200
Vis [0.95 1.1] 1.047578100 1.048916500 1.051462600 0.9878025700 0.9884062600 0.9883547800
Oe-10 [0 5.0] 0.3544150000 3.927905300 2.468415800 4998666100 4.990778500 4729315900
Oe2 [0 5.0] 3.836119800 2.235211600 0.7821905700 0.6206225600 0.4409082900 0.9382570600
Octs [0 5.0] 4.352705200 4077746200 4.437261500 4999566800 4999940900 4.949246900
Qo7 [0 5.0] 4.999956200 4960535500 4999870500 0.00046924472 0.00035863328 0.00065826499
Qo0 [0 5.0] 4.173094000 4.180544600 4256591300 4999992500 4.999834900 4982208300
Ot [0 5.0] 4999458100 4.999993300 4999861500 4995139000 4990319100 4998451600
Ouns [0 5.0] 3.176911400 3.443079000 3.147709000 4999982000 4.994842700 4.990971900
Qe [0 5.0] 4.999998100 4998671200 5 4.999716700 4.999972200 4.999813700
Oe0 [0 5.0] 1.992434500 1.961334800 1.979093800 2.620771900 2.604576100 2.643744200
T, [0.91.1] 1.016408400 1.012514900 1.015891600 1.037039300 1.047000500 1.033433200
T [0.9 1.1] 0.9295422100 | 0.9403137700 0.9331412900 0.9000538500 0.9000351800 0.9002926400
Tis [0.9 1.1] 0.9812030200 | 0.9797507900 0.9812020900 0.9394240900 0.9400631700 0.9401094100
Ty [0.9 1.1] 09727827900 | 0.9731950000 0.9717948100 0.9706939100 0.9705900300 0.9706546600
O [-20 150] -3.33280 -2.8493 -3.3293 2.679302400 -1.1866 -1.4889
0 [-20 60] 10.82706200 10.64298700 10.85197800 15.24343300 18.07143200 19.35188900
0s [-15 62.5] | 22.97394500 22.86347300 22.94877600 46.14481800 45.96501400 46.75514600
05 [-15 48.7] | 26.43056200 26.59856200 26.46349100 30.28739200 27.39078900 30.84729600
Ou [-10 40] 10.47707500 6.792054900 8.153648300 10.56813400 15.06878700 9.072533500
O3 [-15 44.7] -1.36060 -0.3617 1546797400 -14.7469 -14.3217 -14.5002
for($/h) 859.0432 858.5683 858.9914 803.4714 803.4926 803.5331
o MW) 4.5203 45324 45212 9.7980 9.8143 9.8278
Je) 0.9385 0.9379 0.9422 0.0944 0.0942 0.0940
A 1039.8552 1039.8632 1039.8394
/> 812.9074 812.9107 812.9317

Case Studies with Wind and Solar Energy Sources
In this section, the wind generators are planned to be replaced
in IEEE 30 bus power system instead of thermal generators in

buses 5 and 11. The output of the solar PV unit at bus 13 is
dependent upon solar radiation and is represented by a
lognormal probability density function (PDF) function. For
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predicting the wind power depending on the wind speed,
Weibull used PDF. The Weibull PDF has 2 parameters namely
¢ and k which are scale and shape factor, respectively. In order
to employ the probability of wind speed v m/s by using Weibull
PDF, in Eq. (37) is given below where f,(v) is the wind speed
probability.

k-1
fo@) = (%). (E)( D ek (0<p<w)  (37)

Also, in order to present the Weibull PDF of wind farm, the
parameters of v;,, v, and v,,, which are cut-in, rated and cut-
out speed should be determined. The output of the solar PV unit
at bus 13 is dependent upon solar radiation and is represented
by a lognormal PDF function. The probability of solar

irradiance (G) following lognormal PDF with mean u and

standard deviation o is:
—(in x—p)*

1
£(6) = Gamexp{ - ]for G > 0. (38)
Mean of lognormal distribution is defined as:
2
Mg, = exp (u + 0?) (39)

A Monte Carlo simulation with 10,000 iterations is
employed to determine the probability distributions of wind
speed and solar irradiance at buses 5, 11, and 13. This
simulation utilizes the parameters for the Weibull and
Lognormal PDFs, in addition to the direct cost, reserve cost,
and penalty coefficients provided in Table 5.

Table 5. PDF parameters for stochastic models of wind and solar energy sources

Bus Pr [MW] | Vi Vi Voe[m/s] | ¢, &k g Krw, Kpw G[W/m? U, o h Krs | Kps
5(wind) 75 3, 16, 25 9, 2 1.6 3 1.5
11(Wind) 60 3, 16, 25 10,2 | 1.75 3 1.5

13(PV) 50 483 0.6, 0.06 | 1.6 3, 3

Case 6 performs optimization of generation schedule for all
thermal and renewable source generators to minimize total
generation cost given by Eq. (29.a). Detailed optimal results of
control and status variables obtained by EBO, EBOCMAR and
EBOCMARLS are given in Table 6. EBOCMARLS achieved
the lowest production cost at $781.0729 /h and is highlighted
in bold. In Fig. 3.a, we can see that EBO while trying to

converge quickly, it gets stuck at the local minimum point and
then escapes from this point. It is clear that the effect of the
discovery and search capabilities of the CMAR and LS parts is
quite effective for this function. LS enhances the precision and
accuracy of the final solutions by applying a more focused
search while CMAR ensures that once a promising region has
been explored by CMAR, the solutions are fully optimized.

= 40
. EBO 1.05 g
;EE} 800 EBO CMAR g
~ EBO CMAR LS - 5
0 3 1.04 z 20
© 795 £ o
= 2, °
3 290 £1.03 =
O S g 0
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Figure 3. Fuel cost valve with renewable optimization for (a) Convergence curve (b) voltage profile (c) generator reactive power
output.

In case 7 minimizes the total generation cost that includes
carbon tax imposed on the emission from conventional thermal
power generators. The cumulative cost, given by Eq. (12), As
wind and solar power are clean form of energy, the penetration
of these sources is expected to increase due to the carbon tax
component. Optimum valuables of the control variables,
generator reactive power, total generation cost (including
carbon tax) and other calculated parameters are listed in Table

232

6. EBO, EBOCMAR and EBOCMARLS have managed to
bring this target function, which is the sum of the valve
effective cost and fuel emission values, to the value of
808.7237. Table 7 shows the results of the comparing to earlier
studies in 30-bus system for cases 1-5. In addition, Table 10
presents the comparison results with previous studies in the 30-
bus system with integrated renewable energy sources for cases
6-7-8-9 and 10.
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Table 6. Simulation results of case 6-7 on IEEE-30 bus system for renewable system

Ttems Range Case-6 Case-7
EBO EBOCMAR [EBOwithCMAR EBO EBOCMAR [EBOwithCMAR
P, [80250] 134.9079 135.0260 135.0245 125.6208 125.6205 125.6199
P, [20 80] 28.85885 | 28.86918900 | 28.83382800 | 33.51335800 | 33.51218300 | 33.51052800
Psyina [075] 43.69028 | 43.79561100 | 43.88645600 | 46.24647000 | 46.24638800 | 46.25050200
Pg [1035] 10.00002 | 10.00011700 10.00010700 10 10 10.100
Piiwind [0 60] 36.98909 | 37.09850900 | 37.04018200 | 38.98783500 | 38.98928200 | 38.98728200
Pr3solar [0 50] 34.42959 | 34.42953800 | 34.43017100 | 34.42937600 | 34.42937800 | 34.42955300
14 [0.95 1.1] 1.079396 | 1.082256100 1.082341300 1.081311100 | 1.081311100 1.081315100
Vs [0.95 1.1] 1.023908 | 1.046096700 1.046053100 1.046332800 | 1.046332600 1.046325700
Vs [0.95 1.1] 1.071125 | 1.062629700 1.062498500 1.063387100 | 1.063386400 1.063394300
Vs [0.95 1.1] 1.054610 | 1.054274800 1.054238900 1.054634500 | 1.054634500 1.054633900
Vi [0.95 1.1] 1.058946 | 1.044400700 1.044452400 1.044030500 | 1.044030600 1.044031300
Vi3 [0.95 1.1] 1.047794 | 1.032895200 1.032870900 1.032822800 | 1.032822900 1.032823400
Orai [-20 150] |6.249839800| 6.217253200 | 6.515364200 | 5.916863300 | 5917218100 | 5.940349200
Orc2 [-20 60] [9.595135500| 9.551554500 | 9.341847800 | 9.214691500 | 9.214681200 | 9.179273600
Owali [-3035] [34.24810000| 34.33930000 | 34.20780000 | 34.97160000 | 34.97110000 | 34.98230000
Oras [-1548.7] [34.16394300| 34.15979600 | 34.16391900 | 34.16035700 | 34.16035800 | 34.16035600
Owaii [-25 30] -2.0402 -2.0480 -2.0258 -2.0951 -2.0950 -2.0948
Oscis [-20 25] -12.3895 -12.3784 -12.3814 -12.4141 -12.4140 -12.4136
fc($/h) 442.0876 442.2321 442.1089 435.9802 435.9756 435.9683
fe(ton/h) 1.7748 1.7749 1.7747 1.0066 1.0066 1.0066
I3 781.0738 781.0730 781.0729
Ja 808.7237 808.7230 808.7205
Table 7. Results of the comparing to earlier studies in 30-bus system for cases 1-5
Methods Casel f, | Case2 fp | Case3 fp, Cased4 J,(fc+ Afpp) Case5 J,(f¢c+ Afvp)
HybridSFLA-SA[30] 801.79 0.2048
ABC[7] 800.66 0.204826 3.1078
BSA [46] 801.63 3.0844
WTLBO [6] 800.57 3.109 1041.13 814.41
GPU-PSO [47] 800.53
PPSOGSA [48] 800.528 3.1032
ARCBBO [49] 800.5159 0.2048 3.1009
SKH [50] 800.5141 0.2048 3.0987
CGSCE [51] 800.5106 0.204823 3.1006
MSA [18] 800.5099 0.20482 3.1005 1040.8075 (859.1915+40*4.5404)| 814.15 (803.3125+100*0.10842)
COA [52] 800.5054 3.0952
PSOGSA [53] 800.49859 814.06123 (804.43123+100*0.0963)
AGTLBO [54] 800.4811 0.2048 3.0906 1040.1928 (858.9928+40*4.5300)| 813.2085 (803.7385 +100*0.0947)
HFAJAYA [55] 800.4800 1040.1885 (859.0165+40*4.5293)| 813.1836 (803.7036 +100*0.0948)
ITWFO [56] 800.4787 1040.1889 (859.0009+40*4.5297)| 813.2267 (803.8167+100*0.0941)
ISSA [57] 800.4752 1040.168 (859.5815+40*4.5139) | 813.1898 (803.5848+100*0.0960)
EO [58] 300.4235
TABC [59] 800.4215 0.1943" 3.0917
ECHT-DE [14] 800.4131 0.20482 3,0844 1040.125 (859.1458+40%4.5245) | 813.1742 (803.7198+100*0.09454)
IeJADE [60] 800.4115 0.2048 3.0840 1040.1127 813.1099
ACDE [61] 800.41132 0.204817 3.0840
C20DE-ECM-FR [62]| 8004112 0.204817 3.0839 1040.112
IBSA [63] 800.3975 0.20482 3.0951
DSA[16] 800.3887 0.205825 3.0945
IMFO [15] 800.3848 0.2048 3.0905 1042.0255 (858.7455+40*4.582) | 813.1115 (803,5715+100* 0,0954)
ESCA [64] 800.219° 3.021 814.1598 (804.9968+100*%0.09163)
AMTPG-JAYA [65] 800.1946 3.0802
AO-AOA [66] 800.0239°1 0.204820 3.01791*
AGOA 800.0212° 0.20484
CS-GWO [67] 799.9978" 3.0861 1028.7028 (854.9948+40%4.3427)| 813.777 (803.5477+100%0.1023)
MARO [68] 799.9548" 0.20479 3.0658 1037.719 (864.567+40*4.3288) 814.599 (803.056+100*0.110)
MGTO [8] 799.7888°¢ 0.2047 1039.978 (855.7992+40%4.5353) | 813.9268 (803.3351+100* 0.1059)
ST-IWO [69] 799.73 0.2047 2.981% 1037.248 (845.888+40*4.784)

LTLBO [70] 799.4369° 813.4831 (803.7431+100* 0.0974)
IAOA [10] 799.151° 0.2046° 2.994° 813.89 (803.18+100*0.1071)
JS-MFO [71] 799.085™ 0.2047 2.881 813.484 (803.554 +100*0.0993)

TLBO [72] 799.0715% 817.4771 (803.7871+100* 0.1369)
ICBO[17] 799.0353 813.5378 (803.3978+100*0.1014)
ESHADE [12] 798.9152° 0.2047 2.823° 1022.2869 (851.4109+40* 4.2719)| 813.1175 (803.6075+100*0.0951)
EBO 800.3873 0.2048 3.0779 1039.8552 (859.0432+40%4.5203)| 812.9074 (803.4714+100%0.0944)
EBOCMAR 800.3878 0.2048 3.0777 1039.8632 (858.5683+40%4.5324)| 812.9107 (803.4926+100*0.0942)
EBOCMARLS 800.3877 0.20473 3.0779 1039.8364 (858.9914+40%0.9422)| 812.9317 (803.5331+100*0.094)

“Infeasible solution (*! The constraint on load bus voltage is violated because the voltage deviation was reported as 2.04713. On the other hand, given that the total active power generation
is stated as 286.4988 MW, the active power loss amounts to 3.0988 MW, 2% a3 aanda5 ‘The |oad bus voltage constraints have been violated due to reported voltage deviations of 1.4246,
1.65739, 1.8925, 1,6486 and 1.9652, respectively. ? Load bus voltages and generator reactive power output values cannot be verified as they are not reported). “The control variables cannot
be verified as they are not reported
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For Cases 8, 9, and 10, which involve the addition of a
hydro unit, the objective was to optimize fuel costs on the IEEE
30-bus system by integrating wind, solar, and hydro power
sources. The typical characteristics of the wind, solar and tidal
plants are detailed in Table 8. For this analysis, we assume that
the output power of the hydro unit is influenced by the river
flow velocity (Qg), which adheres to a Gumbel distribution.
The probability distribution of the river flow velocity can be
summarized as follows:

1 QH— QH—

fo(@u) = 3 exp (B) exp [—exp ()| (40
where y shows the parameter of location, A presents the
parameter of scale, respectively. The hydro plant output
generation is illustrated as in the following [34]:

Py (Qy) = pgQuHn. (41)
where 7 shows the hydro turbine generation efficiency, p
presents the density of water, g demonstrates acceleration

resulting from the gravity, H gives the distance that exists
between the highest and lowest levels of water, respectively. The
mathematical values related with the hydro power generation
parameters are represented by; p = 1025 kg/m3, n = 0.85,
H=32m,g=981m/s%

Case 8 optimizes the production schedule for all thermal and
renewable energy producers to minimize the total production
cost given by equation (30.a). Detailed optimal results for the
control and state variables obtained by EBO, EBO-CMAR, and
EBO-CMAR-LS are presented in Table 8. EBO-CMAR-LS
achieved the lowest production cost of 773.7706 $/hour and is
highlighted in bold. In Figure 4.a, EBO-CMAR-LS, which
incorporates the CMAR and LS components added to EBO,
achieved the fastest convergence among the proposed
algorithms. Considering the other two algorithms, their
exploration and search capabilities were limited in the initial
phase, whereas the algorithm with the LS component gained
faster exploration and search capabilities.

Table 8. PDF parameters for stochastic models of wind, solar and hydro energy sources

Bus PR [MW] Vin, V, Vout [l'Il/S] C, k g,f KRW, KPW KRH; KPH G [W/l’l’lz] u, 0 e Y, /1 KRS, KPS
8(wind) 45 3,16, 25 10,2 | 1.75 3,1.5 3, 1.5
11(solar) 40 1000 52,06| 1.7 3,1.65
13(wind-+hydro)| 30+10 3,16, 25 9, 216,18 3,1.5 3,1.6 220,24.5
790 EBO =30
EBO CMAR 105 3
< EBO CMARLS ' £
A 785 ~1.045 3 5
= 2
é £ 104 &
[0}
T 780 81.035 %
b S 103 § 10
775 1.025 c
[0
1.02 S
0 50 100 150 200 5 10 15 20 25 30 1 2 5 8 11 13
Iterations Buses Buses
(a) (b) ()

Figure 4. Fuel cost with renewable optimization for Case-8, (a) convergence curve (b) voltage profile (c) generator reactive power
output.

The aim of case 9 is to minimize total fuel costs in a system
integrating wind, solar, and hydro energy sources, taking into
account the effect of the valve point in thermal generators.
Table 9 shows the detailed results of the optimization process.
The EBOCMARLS algorithm yielded the lowest value of

$802.8085/hour. In case 10 the total cost was optimised
through the use of the objective function given in (30.c). It is
understood from the convergence curve and the results
obtained in Fig. 5.a that the CMAR and LS parts do not make
any extra contribution to the EBO algorithm.

790 ~30
©
EBO 1.05 g
. EBO CMAR =
< —~1.045 @
5765 EBO CMAR LS = 8 0
b S 1.04 g
o) o °
o &1.035 2
T 780 5 R
Z > 103 3
x
1.025 g
775
1.02 O 9
0 50 100 150 200 5 10 15 20 25 30 1 2 5 8 11 13
Iterations Buses Buses
(a) (b) (©)

Figure 5. Fuel cost and fuel emission with renewable optimization for Case-10, (a) convergence curve (b) voltage profile (c)
generator reactive power output.
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Table 9. Simulation results of cases 8, 9, and 10 IEEE-30 bus modified test system with renewables

Case-8 Case-9 Case-10
Items Range
EBO EBOCMAR |[EBOCMARLS| EBO | EBOCMAR [EBOCMARLS| EBO | EBOCMAR [EBOCMARLS
P [50 200] | 163.0920 163.0855 163.1028 140.0404 | 140.0125 140.0553 162.7573 | 162.7466 162.7747
P, [20 80] 452883 453091 452775 54.5360 54.5771 54.5407 45.4470 45.4497 45.4315
Ps [15 50] 20.2924 20.2861 20.2958 19.9410 19.9407 19.9378 20.3486 20.3465 20.3457
Pyind [0 45] 28.1512 28.1396 28.1478 34.7427 34.7379 34.7237 28.2087 28.2176 28.2135
Plisolar [0 30] 11.4452 11.4445 11.4449 13.5113 13.5113 13.5113 11.4452 11.4452 11.4451
Piswindgyaro| [0 40] 23.0972 23.1027 23.0975 27.5323 27.5262 27.5366 23.1414 23.1418 23.1378
7 [0.951.1] 1.0915 1.0915 1.0913 1.0861 1.0859 1.0862 1.0915 1.0915 1.0914
Vs [0.95 1.1] 1.0532 1.0531 1.0530 1.0407 1.0505 1.0407 1.0531 1.0431 1.0431
Vs [0.95 1.1] 1.0424 1.0426 1.0424 1.0410 1.0410 1.0411 1.0425 1.0425 1.0424
Vs [0.951.1] 1.0580 1.0580 1.0580 1.0687 1.0587 1.0686 1.0580 1.0680 1.0680
Vi [0.95 1.1] 1.0880 1.0830 1.0864 1.0876 1.0850 1.0862 1.0880 1.0866 1.0880
Vi3 [0.95 1.1] 1.0542 1.0539 1.0545 1.0559 1.0553 1.0556 1.0544 1.0546 1.0548
Oeto [0 30] 6.4795 7.4507 6.7109 6.1042 7.0302 6.3784 6.2714 6.3843 6.0767
Ocs [0 30] 11.1167 11.2093 11.1851 11.1770 11.2560 11.2242 11.1812 11.1907 11.1497
Ty [0.91.1] 1.0282 1.0438 1.0332 1.0285 1.0359 1.0329 1.0283 1.0323 1.0280
T [0.91.1] 0.9396 0.9221 0.9332 0.9378 0.9321 0.9328 0.9387 0.9338 0.9389
Tis [0.9 1.1] 0.9789 0.9786 0.9797 0.9824 0.9809 0.9818 0.9794 0.9796 0.9800
Ti6 [0.91.1] 0.9767 0.9767 0.9765 0.9763 0.9770 0.9764 0.9767 0.9768 0.9766
0 [-20 150] 3.1466 3.1128 2.8801 0.5877 0.6563 0.6873 3.0483 3.0293 3.0442
0, [-20 60] 17.7383 17.6249 17.6167 15.4367 15.1517 15.4528 17.6799 17.6806 17.5850
0s [-15 62.5]| 25.2510 25.4763 25.3693 25.3804 25.5135 25.4465 25.3403 25.3530 25.3302
0Os [-18 22.5]|  22.5000 22.4999 22.4999 22.5000 22.4999 22.5000 22.5000 22.4999 22.4998
On [-16 20] 19.9980 19.9958 19.9996 19.9999 19.9471 19.9999 20.0000 19.9893 19.9981
O [-16 20] 3.4843 3.2983 3.7388 4.9533 4.4414 4.7046 3.6522 3.7688 3.9741
f(t/h) 0.1901 0.1901 0.1901 0.1479 0.1478 0.1479 0.1893 0.1893 0.1894
foMW) 7.9662 7.9674 7.9663 7.0073 6.9056 6.9053 7.9482 7.9474 7.9482
foo(p.u) 0.9213 09174 0.9221 0.9170 0.9102 0.9156 0.9225 0.9198 0.9211
s 773.7707 773.7708 773.7706
J2 802.8086 | 802.8088 802.8085
I, 774.4984 | 774.4984 774.4984
Table 10. Comparison results with previous studies in the 30-bus system with integrated renewable energy sources for
cases 6-10
Methods Case 6 Case 7 Case 8 Case 9 Case 10
1S [73] 781.6387 810.1201
DMOA [35] 780.989
SHADE-SF [33] 782.503 810.346
CMOPEO-EED [74] 809.518
1EO [75] 782.0343
ITWFO [56] 781.9943 810.1812
EESWHO [76] 781.6322 808.462
SAWGA [77] 782.0238 810.7448
BMO [78] 781.6519 810.7982
ICA [34] 773.9525 803.1826 777.8675
HS [34] 773.9589 803.1652 777.9504
BSA [34] 774.2297 803.3178 778.0258
SOS [34] 773.7797 802.6983 774.0652
EBO 781.0738 808.7237 773.7707 802.8086 774.4984
EBOCMAR 781.0730 808.7230 773.7708 802.8088 774.4984
EBOCMARLS 781.0729 808.7205 773.7706 802.8085 774.4984

V. VALIDITY AND QUALITY ANALYSIS OF THE
SOLUTIONS

A. SECURITY CONSTRAINT VALIDATION FOR
EBOwithCMAR AND ITS COMPONENTS

The operational and safety constraints must be strictly adhered
to for the maintainability of a system. It is of the utmost
importance to prevent violations of the limits inherent to the
OPF problem. As previously stated in section 2.1, it is
imperative that the reactive power of generators (Q), voltage
limits (V;) and line loads (Sy;) are maintained within the
prescribed limits to ensure operational safety. Furthermore, it
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is essential to ensure that the voltage values at the load buses
(V1) remain within the specified minimum and maximum
limits. In this study, the EBOwWithCMAR approach is adapted
to address the issue of undesirable solutions by introducing a
penalty value into the objective function when solving the OPF
problem with constraints.

Letu=[P; V; Q¢ T]denote any solution vector and x
denote the vector of constraint parameters, represented by x =
[Psiack Y1, where Y = [V, Q¢ Sr.]- Subsequently, the objective
function value, f(x), is updated through a series of sequential
operations, as outlined in Egs. (42)-(45), in order to penalise
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any instances of non-compliance with the specified boundaries.
In the event of a slack variable exceeding the prescribed limits,
a penalty of 1000 is applied, as illustrated in Eq. (43).

[Psisacir Y] = PowerFlow(x) . (42)

PGlsack = 1OOO-PGlsa.ck- (PGlsack > UbGlsack”PGlsack < LbGlsack)(43)

Penalty(Y) = w.X -, [abs(Ub; — Y;).(Y; > Ub;) +
abs(Lb; —Y;).(Y; < Lb;)], (44)

where PowerFlow(x) is defined according to the definition
provided by [79], Ubgsqck @and Lbgisqcr are upper and lower
bounds of the slack variable respectively, Ub; and Lb; are
upper and lower bounds of the i. constraint parameters
respectively, w is the penalty coefficient and empirically found
for each multi-objective function definition. Then, the
objective function value,f (x), used in the algorithm is updated
by Eq. (45) where the objective function uses the slack variable
as defined in Eq. (43) (if applicable) and adds a further penalty
to any violating bounds.

f(x) = f(x) + Penalty(Y). (45)

As illustrated in Tables 3 and 4, the optimal solution sets
obtained by the proposed algorithms with the applied penalty
technique method remain within the prescribed safety and
operational limits. Figs. 1(b), 2(b), 3(b), 4(b) and 5(b), along
with Figs. 1(c), 2(c), 3(c), 4(c) and 5(c) illustrate two critical
parameters, namely load bus voltage and generator reactive
power for IEEE 30 bus system without renewable energy
sources. The plots for each case are presented to demonstrate
that the load and generator buses do not exceed the upper and
lower limits. The data presented in Figs. 1(b), 2(b), 3(b), 4(b)
and 5(b) demonstrate that the load bus voltage values (1.05 p.u)
for Case 1, Case 2, Case 3, Case 4 and Case 5 are below the
black line, which has been drawn from the upper limit value. A
careful examination of Figs. 1(b), 2(b), 3(b) and 4(b) reveal that
the bus voltages frequently approach their limits due to
constraints in the load bus voltages, particularly in case 1 and
case 4. In contrast, there is a direct correlation between reactive
power and voltage. Although buses 10 and 12 have reactive
power support, the EBOCMAR algorithm and its components
made an extraordinary effort in the search process of solution
points. They managed to keep the bus voltages below 1.05 p.u
with less reactive power support. Additionally, Figs. 1(c), 2(c),
3(c), 4(c), and 5(c) show the reactive power outputs generated
in response to the specified limits. It is evident from these
figures that the constraints are not violated for any of the
algorithms under consideration. This demonstrates the high
efficacy in attaining optimal solutions. In cases 1, 2, and 3,
where the single objective optimal power flow problem is
considered, it can be observed that the CMAR component
enhances the exploration of the search space. The impact of the
CMAR component on generator reactive power output values
is evident in Figs. 2 and 3.Table 6 indicates the optimal results
of the control variables for resolving two optimal power flow
problems with single and multiple objectives in the IEEE 30
bus test system, including renewable energy sources. The bus
voltages versus the considered limits for all the implemented
algorithms are illustrated in Figs. 4(b) and 5(b). Also, Figs. 4(c)
and 5(c) demonstrate a comparison of the generated reactive
power outputs against the specified limits. It is evident from
these figures that no violations have occurred.
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B. STATISTICAL COMPARISON AMONG EBO, EBOCMAR
AND EBO CMAR LS(EBOwithCMAR)

The performance of the algorithms is presented in the spider
graph in Fig. 6, without violating all system constraints for each
performed study case (i.e. from case 1 to case 10). CMAR
enhances the search direction and diversity of solutions by
employing the covariance matrix to facilitate a more intelligent
optimization process, whereas LS augments the precision and
accuracy of the final solutions by implementing a more
concentrated search. Once CMAR has identified a promising
region, the solution can be fully optimized. Therefore, the EBO
with CMAR and LS approach has been optimized to its fullest
extent by minimizing the objective functions in cases 2, 4, 6, 7,
8 and 9. In cases 3 and 5, where the objective functions are
relatively simple, such as the minimization of active power loss
and voltage deviation, the performance of EBOwithCMAR is
the poorest. Nevertheless, EBOwithCMAR demonstrates
superior performance compared to EBO and EBOCMAR in all
more complex and uncertain scenarios involving renewable
energy sources.

Case 1

Case 10

Case 9 Case 3

Case 8 Case 4

Case 6

—e— EBO

———— EBO CMAR

EBO CMAR LS

Figure 6. Spider chart with ten cases.

C. COMPARATIVE ANALYSIS

Compared with the literature results presented in Table 7,
except for the infeasible solutions, for Case 1, the proposed
EBO, EOBCMAR and EBOCMARLS algorithms have left
many studies behind. Except for AMTPG-JAYA [65], which
gave better results than the proposed method, which resulted in
800.1946 $/h, better results were obtained than IMFO [15],
DSA [16], and IBSA [63] algorithms reached the best values of
800.3848, 800.3887, and 800.3975 $/h, respectively. Also, for
Case 2, it can be seen that the 0.2047 ton/h results obtained by
ESHADE [12], ST-IWO [69] and MGTO [8] are close to the
0.2047 ton/h result obtained by EBOCMARLS. However, this
result is lower than the presented studies such as MARO [68]
0.20479 ton/h, IMFO [15] 0.2048 ton/h, DSA [16] 0.205825
ton/h, and IBSA [63] 0.20482 ton/h. In addition, when the
results obtained in the literature are compared for Case 3, it is
observed that, except for the value of 3.0658 obtained with
MARO [68], a better result is obtained from the studies that are
closest to the optimal result, namely IMFO [15] with 3.0905,
DSA [16] with 3.0945, IBSA [63] with 3.0951, C20DE-ECM-
FR [62] with 3.0839 and ACDE [61] with 3.0840. For Case 4,
the closest value to the result found among the feasible
solutions, 1039.8364, is obtained with IMFO [15] with
1042.0255. Apart from this, the results of 1040.112,
1040.1127, 1040.125 and 1040.168 that are obtained by
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C20DE-ECM-FR [62], [eJADE [60], ECHT-DE [14] and ISSA
[57] methods are further away from the result obtained with
EBOCMARLS. Also, for Case 5, in the studies given by
literature, EBO left behind IMFO [15], which presented a result
of 813.1115, DSA [16], which obtained 813.1115, IeJADE
[60], which reached the optimal value of 8§13.1099, ECHT-DE
[14], which reached a result of 813.1742, and many other
studies with 812.9074. As the results presented by studies in
the literature examined for Case 6, the EBOCMARLS
algorithm converges to a lower value and was able to
outperform 781.6387, 780.989, 782.503, 782.0343, 781.9943,
781.6322, 782.0238 and 781.6519, respectively; which are
obtained by JS [73], DMOA [35], SHADE-SF [33], CMOPEO-
EED [74], IEO [75] ITWFO [56], EESWHO [76], SAWGA
[77] and BMO [78] methods. When Table 10 is examined for
Case 7, the EBOCMARLS algorithm outperforms the methods
JS [73], DMOA [35], SHADE-SF [33], CMOPEO-EED [74],
IEO [75], ITWFO [56], SAWGA [77] and BMO [78], which
converged to the values of 810.120, 810.346, 809.518,
810.1812, 810.7448, 810.7982, respectively. The contribution
of the LS component in cases 8, 9, and 10, where hydro energy
sources are integrated, has provided a competitive
improvement compared to the EBO and EBOCMAR
algorithms. In particular, in Case 8, EBOCMARLS achieved
lower cost values than the ICA [34], and SOS [34] algorithms,
with its outstanding performance. In cases 9 and 10, the
proposed model demonstrated superior performance in
comparison to the ICA [34] and HS [34] algorithms.

A key limitation of this study is its exclusive focus on the
IEEE 30-bus test system. Although this benchmark is standard
in the literature and supports comparison with prior work,
validation on larger or more complex systems, such as the IEEE
57-bus, IEEE 118-bus, or real-world networks, is necessary to
confirm the broader applicability of the results. Moreover, the
small performance differences reported here may partly reflect
the relatively stable optimization characteristics of the selected
benchmark.

VI. CONCLUSION

In this paper, we have demonstrated that EBOwithCMAR and
its components can solve single and multi-objective OPF
problems while adhering to all constraints. The optimization of
power system, which is becoming increasingly complex with
integrating renewable energy sources, has been extensively
performed. We present the optimization results clearly and in
detail, supported by tables and graphs showing that the
constraints are not violated. Our findings show that SOOPF and
weighted method MOOPF for IEEE 30 bus test system can be
successfully managed by EBO, EBOCMAR, and
EBOCMARLS algorithms. We compare our methodology with
well-established algorithms in the literature and identify
promising results that preserve all system constraints. While
the proposed EBOwithCMAR and its component algorithms
achieve competitive results that rank among the best reported
in the literature, we acknowledge that the improvements over
the State-of-the-Art are marginal (typically 0.5-1.0% across
benchmark cases). This finding is itself a valid scientific
contribution, as it demonstrates that all mature metaheuristic
algorithms exhibit similar convergence behavior on the IEEE
30-bus benchmark problem.
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