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Abstract. Binary Particle Swarm Optimization (BPSO), proposed by

Kennedy and Eberhart, extends PSO to binary search spaces. However,
BPSO suffers from computational complexity due to velocity-based posi-

tion updates and limited scalability in high-dimensional problems. In this
paper, we introduce Expected BPSO (EBPSO), a simplified and faster
variant that removes the velocity component and directly uses a probabilis-

tic position update mechanism inspired by expected particle behavior. We
theoretically analyze EBPSO’s convergence and evaluate its performance
across two domains: (1) ten scalable binary benchmark functions (F1–F10)

and (2) feature selection for classification using four real-world datasets
(Breast Cancer, Iris, Wine, and Digits). EBPSO consistently outperforms
BPSO, Binary GA, and other recent binary metaheuristics (e.g., BDO,

BSCA, BGWO, BRKO) in both solution quality and runtime. For exam-
ple, EBPSO achieved up to 15× speedup over BPSO and maintained a
competitive advantage across all tested dimensions.

In the feature selection task, EBPSO was used within a wrapper model
using an SVM classifier. It reached accuracies of 99.07% on Digits, 99.44%

on Wine, and 98.42% on Breast Cancer datasets while selecting fewer
features than other methods. Statistical significance was confirmed using
paired t-tests and Wilcoxon signed-rank tests, both yielding p-values ¡

0.01 across all evaluations. Overall, EBPSO demonstrates superior perfor-
mance, scalability, and statistical robustness, making it a promising tool
for large-scale binary optimization and efficient feature selection.

Keywords: Binary Particle Swarm Optimization, Binary optimization
problems, Expected Behavior, Convergence Analysis.
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1. Introduction

Particle Swarm Optimization (PSO) is one of the most widely used swarm
intelligence algorithms inspired by the social behavior of bird flocking or fish
schooling [1], [2]. Since then, various fields have used and evaluated the PSO
algorithm. The evaluation results show the positive impact of this algorithm
in multiple fields. In [3] researchers have presented an in-depth analysis of
the existing PSO-based scheduling schemes in a cloud computing environment
and provided a classification of these schemes based on the type of the PSO
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algorithm which has been used in these solutions. In [4], by presenting an
overview of the PSO algorithm, researchers have explained the basic concepts
and parameters of PSO, along with a variety of the advancements of the PSO
algorithm. From the current literature survey on the PSO algorithm, they have
also found that a large amount of research has been carried out on the PSO
algorithm, but more areas of the applications of PSO can be enhanced in future
research.

Researchers in [5] analyze its present situation of research and application
in algorithm structure, parameter selection, topology structure, discrete PSO
algorithm and parallel PSO algorithm, multi-objective optimization PSO and
its engineering applications. In [6] presents a chronological literature survey on
parallel PSO algorithm, its developed variants, implementation platform and
strategy, applied area and the objective of addressed problem. Then, all the
surveyed articles are further evaluated for concluding the popular parallelization
strategy and communication topology. In [7], the particle swarm optimiza-
tion (PSO) algorithm and a 1D numerical model were utilized to determine
temperature-dependent thermal conductivity and specific heat of beech wood
and polymethyl methacrylate (PMMA). Using the obtained thermodynamics
of wood under constant HF, the numerical model successfully captured the
surface temperature at time-dependent HFs. Meanwhile, comparisons using
wood temperatures at constant HFs and PMMA temperatures at linear HFs
also verified the feasibility of PSO.

A detailed overview of the original PSO and some PSO variant algorithms is
presented in [8]. An up-to-date review is provided on the development of PSO
variants, which include four types i.e., the adjustment of control parameters,
the newly-designed updating strategies, the topological structures, and the
hybridization with other optimization algorithms. [9] explores particle swarm
optimization (PSO) in the rapidly evolving landscape of biomedical technologies.
The authors delve into innovative uses of PSO in various biomedical fields,
including image enhancement, data clustering, and drug development, high-
lighting how PSO contributes to more accurate diagnoses, efficient treatment
plans, and streamlined research methodologies. [10] Surveys the published
papers in PSO algorithms. Future researchers can use the collected data in this
survey as baseline information on the PSO and PSO’s applications. In [11],
a new path-planning algorithm, NMOPSO, has been introduced to generate
Pareto optimal paths for UAVs considering their kinematic constraints. Com-
parison results show that the NMOPSO outperforms other PSO variants and
state-of-the-art metaheuristic optimization algorithms in most criteria including
path length, safety and smoothness. In [12], researchers proposed two novel
parameter-less niching versions of PSO, called Topologically Nearest-Better
Fuzzy PSO (TNB-FPSO) and Distance-based Nearest-Better Fuzzy PSO (DNB-
FPSO), for solving multimodal optimization problems. Empirical evaluation of
the TNB-FPSO and DNB-FPSO on several complex multimodal benchmark
functions demonstrate that the proposed algorithms can obtain better results
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than the other compared multimodal optimization algorithms in the terms of
final solution set quality.

The original version of PSO is merely ideal for solving continuous optimization
problems. Hence, the original version of this algorithm is also called Continuous
PSO (CPSO). When we’re trying to solve a binary optimization problem, using
CPSO is not recommended because all variables of the problem are binary and
the continuity of variables that is one of the basic assumptions of CPSO does not
exist. In other words, the position updating process of CPSO cannot be directly
used for binary optimization problems, because the position updating in binary
optimization problems means switching between 1 and 0 values. To solve binary
optimization problems by PSO, a method should be found for changing particles’
positions from 1 to 0 or vice versa. We know that the position updating in
CPOS is done using the velocities of particles. Hence, the question here is how
the concept of velocity must be employed that allows the PSO to update the
positions of particles in a binary space. One of the first ideas is to change the
position of a particle with the probability of its velocity. This idea is initially
used in the standard Binary version of PSO (BPSO), proposed by Kennedy and
Eberhart in [13], in which a sigmoid transfer function transforms the velocity of
the particle to the probability of taking the value of 1 for the position of the
particle.

From a practical view, stochastic search algorithms must start first with
exploration and progressively move towards exploitation as the search continues
[14]. In CPSO, the inertia weight plays a very important role in balancing this
relation between exploration and exploitation [15]. In such a case, a larger
inertia weight encourages the CPSO to explore the search space, whereas a
smaller inertia weight forces the CPSO to exploit the search space [16]–[19].
Based on these facts, a linearly decreasing method for inertia weight was
proposed in [16] to balance between exploration and exploitation. Regardless of
the differences between the CPSO and standard BPSO, most studies wrongly
used the commonly decreasing inertia weight scheme to design an adaptive
inertia weight in standard BPSO. Ref [20] investigated the importance and the
effect of the inertia weight parameter on the trade-off between exploration and
exploitation of standard BPSO, from both theoretical and empirical perspectives.
In short, their research findings suggest that in standard BPSO a smaller inertia
weight encourages exploration while a larger inertia weight enhances exploitation.
Thus, unlike CPSO, an increasing inertia weight scheme is necessary to balance
between exploration and exploitation in standard BPSO.

Even with the correct setting of inertia weight parameter to balance between
exploration and exploitation, the standard BPSO suffers from two major issues
due to mere imitation of the original PSO structure: 1) complex understanding
of the position generation, and 2) the low efficiency of the algorithm especially
in solving the large-scale binary optimization problems. By analyzing the
results found by Ref [20] on the role of the inertia weight parameter in the
balance between exploration and exploitation, we conclude that the behavior
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of standard BPSO in the expected case has two important properties: 1) the
current position of a particle does not have any effect on the generation of its
next position, and 2) the combination of inertia weight parameter, the velocity
of the particles, and the sigmoid transfer function behaves as the probability
of convergence of standard BPSO. Hence, we believe that the current position
updating scheme in standard BPSO is neither simple nor efficient, and the
position updating can be carried out in another simple and efficient manner.
This fact leads us to propose a new binary version of PSO that imitates the
expected behavior of standard BPSO. The proposed algorithm is called Expected
BPSO (EBPSO) and partially resolves the major weaknesses of the standard
BPSO. The theoretical convergence analysis of EBPSO to the global optimum
solution is carried out, and to evaluate the effectiveness and efficiency of it,
several experiments are done on the four scalable benchmark optimization
functions.

Although several variants of BPSO have been proposed in prior literature
including parameter tuning, adaptive inertia weights, and hybrid models, the
majority of these approaches preserve the original velocity-based framework of
PSO. This design leads to inherent complexity in position updates and increased
computational overhead, particularly in high-dimensional binary spaces. In
addition, many recent studies focus on improving accuracy but neglect the
interpretability and simplicity of the underlying mechanism. To our knowledge,
few studies explicitly aim to simplify the BPSO structure itself while maintaining
its exploratory power. This gap motivated us to develop a new variant that
eliminates the velocity component and models the position update based on
the expected behavior of the BPSO.

Motivated by the complexity and inefficiencies of the original BPSO, we
propose a simplified version, Expected BPSO (EBPSO) that directly models the
expected particle behavior using a probabilistic rule instead of velocity-based
transformations. This approach draws inspiration from compact optimization
methods, such as the Compact Genetic Algorithm (cGA)[21], which replace
explicit populations with probabilistic models. Similarly, EBPSO eliminates
velocity updates and operates over a lightweight probabilistic representation
of swarm dynamics, resulting in a more interpretable and efficient binary
optimization method, particularly for high-dimensional problems. The main
contributions of this paper are summarized as follows:

1) Based on the expected behavior of the standard BPSO
in generating the next position of a particle, it is intuitively
shown that the standard BPSO suffers from two major issues
due to mere imitation of the original PSO structure: complex
understanding of the principles of position generation and the
low efficiency of the algorithm especially in solving large-scale
binary optimization problems.
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2) A simple and efficient binary optimization algorithm, EBPSO,
is proposed inspired by the expected behavior of standard
BPSO.

3) The theoretical convergence analysis of EBPSO is carried
out, in which a theorem is derived to prove that the EBPSO
converges in probability to the global optimum solution.

4) To evaluate the effectiveness and efficiency of EBPSO, a
comparison with standard BPSO is done on the four scalable
benchmark optimization functions, and the results are pre-
sented. To demonstrate the effectiveness and scalability of the
proposed EBPSO, we conduct extensive experiments comparing
its performance against ten state-of-the-art binary optimization
algorithms on ten benchmark functions and four real-world
feature selection tasks.

The structure of this paper is organized as follows. In Section 2, the standard
BPSO and its theoretical results regarding the role of inertia weight are reviewed.
Section 3 introduces the proposed EBPSO. Section 4 presents the theoretical
global convergence analysis. Section 5 reports the experimental results and
comparative performance analysis. Finally, Section 6 concludes the paper and
outlines future directions.

2. The standard BPSO

In 1995, Kennedy and Eberhart [1] proposed the Continuous Particle Swarm
Optimization (CPSO) algorithm for solving continuous optimization problems
by simulation a swarm of particles that are flying around the virtual search
space. At the beginning of CPSO, a swarm of particles with random positions is
generated. Then the position of all particles is iteratively changed in the search
space of the problem until the algorithm finds a good solution[22], [23]. The
position update rule in CPSO uses both the velocity and current position vectors
of a particle to determine the next position of that particle. Let us show each

particle as a triple Particlei =
(
~Xi(t), ~Vi(t), ~Pbesti(t)

)
in an n-dimensional

search space where ~Xi(t) and ~Vi(t) are the position and velocity vectors of

the i-th particle, respectively, and ~Pbesti(t) is the vector of the personal best
position found by the particle as follows:

(1) ~Xi(t) =
(
x1
i (t), x

2
i (t), . . . , x

d
i (t), . . . , x

n
i (t)

)
, for i = 1, 2, . . . , N.

(2) ~Vi(t) =
(
v1
i (t), v2

i (t), . . . , vdi (t), . . . , vni (t)
)
, for i = 1, 2, . . . , N.

(3) ~Pbesti(t) =
(
pbest1i (t), pbest

2
i (t), . . . , pbest

d
i (t), . . . , pbest

n
i (t)

)
, for i =

1, 2, . . . , N.
where N is the swarm size or number of particles. Also, suppose we show

the best position of the swarm by vector ~Gbest(t)) as follows:
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(4) ~Gbest(t) =
(
gbest1(t), gbest2(t), . . . , gbestd(t), . . . , gbestn(t)

)
, for i =

1, 2, . . . , N.
The next velocity of the i-th particle is calculated as follows:

(5) vdi (t + 1) = w(t) × vdi (t) + c1 × r1 ×
(
pbestdi (t)− xdi (t)

)
+ c2 × r2 ×(

gbestd(t)− xdi (t)
)
,

where w(t) is inertia weight, c1 > 0 and c2 > 0 are acceleration coefficients,
r1, and r2 are random numbers in the interval [0, 1], and vdi (t+ 1) and vdi (t)
are the next and current velocity of the i− th particle, respectively. Note that
most studies limit the value of vdi (t + 1) into a bound (|vdi (t+ 1) | ≤ vmax)
regarding the search space bound of the optimization problem that must be
solved. In CPSO, the inertia weight w(t) plays a very important role in balancing
this relation between exploration and exploitation, so that a larger value of
this parameter encourages exploration, while a smaller value of it provides
exploitation [6,7,8,9].

To update the next position of i− th particle, the current position of this
particle, i.e.xdi (t), and the next velocity of it, vdi (t+ 1), is used as follows:
(6) xdi (t+ 1) = xdi (t) + vdi (t+ 1).

The CPSO algorithm is just ideal for solving continuous optimization prob-
lems. To solve binary optimization problems, a Binary Particle Swarm Opti-
mization (BPSO) was proposed by Kennedy and Eberhart [13][24]. BPSO and
CPSO are distinguished by two different components: 1) a transfer function
to map particles’ velocities to probability values in the interval [0,1], and 2) a
special position updating method by which position vectors could be updated
with the probability of their velocities. Therefore, for the d− th bit of the i− th
particle, the velocity vdi (t+ 1) is transformed into a probability s(vdi (t+ 1)) of
taking the value of 1 by the following sigmoid transfer function:
(7) s

(
vdi (t+ 1)

)
= 1

1+e−v
d
i
(t+1)

.

Then, based on the value of s(vdi (t+ 1)), the bit value xdi (t+ 1) is updated
as follows:

(8) xdi (t+ 1) =

{
1, if rand < s

(
vdi (t+ 1)

)
,

0, otherwise.

where rand is a uniformly distributed random number in the interval [0, 1].
The pseudo-code of the standard framework of BPSO is described in Algorithm
1.

Recently, the effect and role of the inertia weight parameter on the balancing
between exploration and exploitation of standard BPSO has been investigated
by Ref [20]. Like most theoretical analyses provided for CPSO, theoretical
analyses of standard BPSO are also based on the stagnation assumption, in
which the personal and global best positions were assumed to remain the same
throughout the process. Since the velocity and position updating are carried
out “independently” in standard BPSO, the particle index i and the bit index
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Algorithm 1. Outline of standard BPSO for maximization.
Initialize c1, c2, w, N , and stopping criterion;
t = 0;
For i = 1 to N do

Randomly generate the initial solution ~Xi(t);
~Pbesti(t) = ~Xi(t);

Randomly generate the initial velocity ~Vi(t);
End for

k = arg maxi=1,...,N fitness( ~Pbesti(t));
~Gbest(t) = ~Pbestk;

While stopping criterion is not satisfied do
Update the value of w(t);
For i = 1 to N do

For d = 1 to n do
Generate two random numbers r1 and r2 in [0,1];
vdi (t+ 1) = w(t) · vdi (t) + c1 · r1 · (pbestdi (t)− xdi (t))

+c2 · r2 · (gbestd(t)− xdi (t));
Generate a random number rand in [0,1];

If rand <
1

1 + e−v
d
i (t+1)

then xdi (t+ 1) = 1;

Else xdi (t+ 1) = 0;
End for

If fitness( ~Xi(t+ 1)) > fitness( ~Pbesti(t))
~Pbesti(t+ 1) = ~Xi(t+ 1);

Else ~Pbesti(t+ 1) = ~Pbesti(t);
End for

k = arg maxi=1,...,N fitness( ~Pbesti(t+ 1));
~Gbest(t+ 1) = ~Pbestk;

t = t+ 1;
End while

Output: ~Gbest(t).

d in Eq. (5) can be safely removed as follows:
(1)
v (t+ 1) = w (t)×v (t)+c1×r1× (pbest(t)− x(t))+c2×r2× (gbest(t)− x(t)) .

where v(t) and x(t) are the velocity and the value of the considered bit in
the t − th iteration. In standard BPSO, it is assumed that c1 and c2 are set
to constants. Ref [20] has analyzed the behavior of standard BPSO under
different w(t), pbest(t), and gbest(t) values. Theorems 2.1 and 2.2 summarize
the expected value of x(t+ 1) when w(t) = 1 and 0 < w(t) < 1, respectively.
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Theorem 2.1. If w(t) = 1, then under the standard parameter settings where
c1 = c2 and v(0) = 0,

(1) If pbest(t) = gbest(t), then Pr(x(t+ 1) = pbest(t)) is a non-decreasing
function of generation t and converges to 1 in expectation.

(2) If pbest(t) 6= gbest(t), then Pr(x(t + 1) = 1) and Pr(x(t + 1) = 0)
fluctuate around 0.5.

Theorem 2.2. (1) If pbest(t) = gbest(t), then

Pr (x(t+ 1) = pbest(t)) (or Pr (x(t+ 1) = gbest(t)) ) > 0.5.

(2) If pbest(t) 6= gbest(t), then the sequences

Pr (x(t+ 1) = 1) and Pr (x(t+ 1) = 0)

are expected to fluctuate around 0.5.

Proof. See [20] for proof. �

Remark 2.3. Theorems 2.1 and 2.2 show that a smaller inertia weight encourages
standard BPSO to explore, while a larger inertia weight directs standard BPSO
to exploit.

3. The proposed Expected BPSO (EBPSO)

Applications and optimized versions of BPSO have been presented in various
fields so far [25]–[38]. Inspired form the results found by Ref [20] about the role
of the inertia weight parameter in standard BPSO, we propose an Expected
version of BPSO (EBPSO) in this Section. For this purpose, we first present
some implicit results from the expected behavior of standard BPSO, and then
introduce EBPSO for solving binary optimization problems. Taking a look at
Theorems 2.1 and 2.2, the following results can be concluded.

• In the expected case, the combination of parameter 0 < w(t) ≤ 1,
velocity of particles, and the sigmoid transfer function behaves as the
convergence probability of standard BPSO. As we know, the position
update rule of standard BPSO uses the velocity vector to determine the
movement of the particle in the search space. According to Theorems 2.1
and 2.2, under the standard parameter settings, the expected value of

Pr
(
x(t+ 1) = pbest(t) = gbest(t)

)
is greater than 0.5 when 0 < w(t) < 1, and is 1 when w(t) = 1. Ref. [20]
has shown that given the same iteration t, a smaller w(t) leads standard
BPSO to a narrower range of velocity which is closer to 0. This means
that in standard BPSO a smaller w(t) delays the convergence while a
larger w(t) encourages the convergence.

Based on this observation, we can conclude that the final purpose of
the combination of w(t), particles’ velocities, and the sigmoid transfer
function is to determine the convergence probability of standard BPSO.
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According to the overhead of Eqs. (5) and (7), we believe that this
combination is neither simple nor efficient for convergence probability
calculating, because their role can be played by a simple and efficient
convergence probability parameter. By doing so, both calculation and
storage of the particles’ velocities are useless and can be removed from
the algorithm. Also, there is no need to use the sigmoid transfer
function to convert the particles’ velocities to the probability of taking
the value of 1. In this case, the frugality of the memory is of order
N × n and the frugality of the time is of order N × n × T , where T
is the maximal number of iterations. Note that removing the velocity
from the algorithm has at least another advantage: we do not need to
tune the values of three parameters c1, c2, and vmax.
• In the expected case, the current position of each particle does not have

any effect on the formation of the next position. As we know, the current
position of a particle in standard BPSO is only used for calculating the
velocity of the particle by Eq. (5). Considering Theorems 2.1 and 2.2,
the expected value of x(t+ 1) under the standard parameter settings
is solely generated using the values of three parameters of Eq. (5), i.e.,
pbest(t), gbest(t), and w(t). This means that we do not need to store
the current position of the particles. And since memory is reusable,
we only need an X1×n vector, i.e., X = (x1, x2, . . . , xd, . . . , xn), to
generate all particles. In this case, the frugality of the memory is of
order (N − 1)× n.

Using the above observations about the expected behavior of standard BPSO
(see Theorems 2.1 and 2.2), we can propose the following rules to generate
x(t+ 1) in EBPSO:

Pr
(
x(t+ 1)

)
=


Pr
(
x(t+ 1) = 1

)
= Pr

(
x(t+ 1) = 0

)
= 0.5,

if pbest(t) 6= gbest(t),

Pr
(
x(t+ 1) = pbest(t) = gbest(t)

)
= P (t),

if pbest(t) = gbest(t),

where P (t) is called the convergence probability, and we consider 0.5 < P (t) ≤
1 based on Theorems 2.1 and 2.2. If the value of P (t) is near to 0.5, then the
algorithm behaves similar to a “pure random search” algorithm and therefore
strongly encourages exploration. For example, if P (t) = 0.5, then, regardless
of the values of pbest(t) and gbest(t), we always have: Pr(x(t+ 1) = 1) =
Pr(x(t+ 1) = 0) = 0.5. On the other hand, if the value of P (t) is near to 1,
then the algorithm strongly promotes exploitation. According to the above
descriptions, the bit value xdi (t+1) is generated based on the values of pbestdi (t),
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gbestd(t), and P (t) as follows:

(10) xdi (t+ 1) =



gbestd(t) , if pbestdi (t) = gbestd(t) and rand < P (t),

∼ gbestd(t) , if pbestdi (t) = gbestd(t) and rand ≥ P (t),

0, if pbestdi (t) 6= gbestd(t) and rand < 0.5,

1, if pbestdi (t) 6= gbestd(t) and rand ≥ 0.5.

where rand is a uniformly distributed random number in the interval [0, 1]. In
practice, we use a time-dependent convergence probability P (t) to control the
transition from exploration to exploitation. At the beginning of the search, P (t)
is initialized close to 0.5, allowing the algorithm to explore the search space
with more randomness. As iterations progress, P (t) gradually increases towards
1.0, emphasizing exploitation around the best solutions found. This dynamic
behavior mimics cooling schedules in simulated annealing or inertia decay in
standard PSO. The specific schedule for P (t) was selected based on preliminary
experiments, balancing convergence speed and solution quality. Empirically,
this adaptive control helped EBPSO outperform BPSO and Binary GA in both
accuracy and efficiency across all benchmark functions.

The pseudo code of the EBPSO is described in Algorithm 2. Because the
principles of position generation in EBPSO are very simple, in addition to
efficiency we believe that the understandability of this algorithm is more than
standard BPSO. According to Ref. [39], most of end-users of an algorithm are
often more interested in understandability than accuracy. In fact, if the end-user
understands the main principles of the algorithm, he can assess whether it can
serve the task at hand.

Note that in the standard BPSO, not only the interpretation of the velocity
and particle trajectories are changed, but also the meaning and behavior of
the velocity are reversed. In other words, the behavior of velocity in standard
BPSO is in opposition to that in CPSO. Let vdi (t+ 1) be the velocity of particle
i in dimension d at iteration t+ 1. In the expected case of standard BPSO, the
meaning of vdi (t+ 1) = 0 is providing a high probability of changing the particle
position in the search space, because we have Pr

(
x(t+ 1) = 1

)
= Pr

(
x(t+ 1) =

0
)

= 0.5. On the other hand, the meaning of a large absolute value for vdi (t+ 1)
is providing a small probability of changing the particle position in the search
space. Note that this behavior is in contradiction with the concept of velocity
in the end-users’ mind.

In the last two decades, lack of enough attention to this opposition led some
studies to wrongly propose the commonly used decreasing inertia weight scheme
in CPSO for the standard BPSO. In our opinion, just a part of this misuse is
the mistake of end-users and another part is the weakness of understandability
of standard BPSO, which misleads end-users. On the contrary, the meaning of
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convergence probability P (t) in EBPSO leads the end-users to correctly solve
their binary optimization problems: a smaller P (t) encourages exploration,
while a larger P (t) enhances exploitation.

Algorithm 2. Outline of EBPSO for maximization.
Initialize Pmin, Pmax, N , and stopping criterion;
t = 0;
For i = 1 to N do

Randomly generate the initial solution ~X(t);
~Pbesti(t) = ~X(t);

End for

k = arg maxi=1,...,N fitness( ~Pbesti(t));
~Gbest(t) = ~Pbestk;

While stopping criterion is not satisfied do
Update the value of P (t);
For i = 1 to N do

For d = 1 to n do
Generate a random number rand in [0,1];
Update xdi (t+ 1) as follows (see formula (10)):

xdi (t+ 1) =


gbestd(t), if pbestdi (t) = gbestd(t) and rand < P (t),

gbestd(t), if pbestdi (t) = gbestd(t) and rand ≥ P (t),

0, if pbestdi (t) 6= gbestd(t) and rand < 0.5,

1, if pbestdi (t) 6= gbestd(t) and rand ≥ 0.5.

End for

If fitness( ~X(t+ 1)) > fitness( ~Pbesti(t)) then
~Pbesti(t+ 1) = ~X(t+ 1);

Else
~Pbesti(t+ 1) = ~Pbesti(t);

End for

k = arg maxi=1,...,N fitness( ~Pbesti(t+ 1));
~Gbest(t+ 1) = ~Pbestk;

t = t+ 1;
End while

Output: ~Gbest(t).

3.1. Computational Complexity. In the standard BPSO, each iteration
involves updating a velocity vector of dimension d, applying a sigmoid function
to each element, and performing random sampling to determine position updates.
This results in a per-particle complexity of O(d) with significant constant
overhead.
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In contrast, EBPSO eliminates velocity vectors and sigmoid transformations.
Instead, it uses a direct probabilistic update mechanism per bit based on
matching between pbest and gbest. This not only maintains an O(d) complexity
per iteration, but also significantly reduces computation per bit, especially in
large-scale problems.

Empirically, EBPSO achieves approximately 2× faster runtimes than BPSO
across all benchmark functions and dimensions, confirming its computational
efficiency.

4. Theoretical Convergence Analysis of EBPSO

In this section, we present the theoretical convergence analysis of EBPSO
based on probability theory. Therefore, we first present the definition of
convergence to a global optimum solution, then demonstrate that any feasible
solution in the search space can be generated by EBPSO with a positive
probability, and finally prove the global convergence of EBPSO.

Denote x∗ to be a global optimum solution of the problem, the global
convergence of EBPSO can be defined as follows.

Definition 4.1. Let
{

~Pbest(t), t = 1, 2, . . .
}

be the sequence of personal best

positions found by particles in each iteration, where

~Pbest(t) =
{

~Pbest1(t), . . . , ~PbestN (t)
}
.

It is said that EBPSO converges to the global optimum solution x∗, if and only
if

lim
t→∞

Pr
{
x∗ ∈ ~Pbest(t)

}
= 1.

Lemma 4.2. For 0 < P (t) < 1, EBPSO can generate any feasible solution in
each iteration with a probability greater than zero.

Proof. Without loss of generality, we consider the process of generating xdi (t+1),

which is the d-th bit of particle i generated at iteration t+1. Denote pbestdi (t) to

be the d-th personal best bit found by particle i at iteration t, and gbestd(t) to
be the d-th best bit of the entire population at iteration t. Based on Algorithm 2,
there are three different cases to be investigated:

(1) If pbestdi (t) 6= gbestd(t), then

Pr
{
xdi (t+ 1) = 0

}
= Pr

{
xdi (t+ 1) = 1

}
= 0.5.

(2) If pbestdi (t) = gbestd(t) = 1, then

Pr
{
xdi (t+ 1) = 1

}
= P (t) > 0, Pr

{
xdi (t+ 1) = 0

}
= 1− P (t) > 0.

(3) If pbestdi (t) = gbestd(t) = 0, then

Pr
{
xdi (t+ 1) = 0

}
= P (t) > 0, Pr

{
xdi (t+ 1) = 1

}
= 1− P (t) > 0.
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Because the bit xdi (t+ 1) is independently generated in EBPSO, the above
cases are satisfied for each particle i and each dimension d. In conclusion, in
each iteration EBPSO can generate any feasible solution of the search space
S = {0, 1}n with a probability greater than zero. �

Theorem 4.3. For 0 < P (t) < 1, EBPSO converges in probability to the global
optimum solution x∗.

Proof. Lemma 4.2 shows that there exists a probability p > 0 for generating
any feasible solution of the search space S = {0, 1}n in each iteration. Because
the global optimum solution x∗ itself is a feasible solution in S = {0, 1}n, we
know that there exists a probability p > 0 for generating it. Thus, there exists
a probability q = 1− p < 1 for not generating x∗ in each iteration. So:

lim
t→∞

Pr
{
x∗ ∈ ~Pbest(t)

}
= 1− lim

t→∞
Pr
{
x∗ /∈ ~Pbest(t)

}
= 1− lim

t→∞
qt = 1.

�

5. Experimental Results

In this section, we evaluate the efficiency and effectiveness of the EBPSO on
four scalable benchmark optimization functions. These benchmark functions
have been commonly used as test problems for binary optimization algorithms
in previous works [40–43].

First, we describe the characteristics of the selected benchmarks. Then, we
present and analyze the results obtained from the proposed EBPSO and the
standard BPSO on these benchmarks. Finally, to examine the effect of different
values of the convergence probability parameter on the performance of EBPSO,
an experiment has been conducted using various settings of this parameter.

5.1. Benchmarks Description. Table 1 presents ten scalable binary opti-
mization benchmark functions designed to evaluate large-scale optimization
algorithms. These benchmarks include both unimodal functions (F1, F2, F3,
F5, F7, and F9) for testing exploitation capability, and multimodal functions
(F4, F6, F8, and F10) for assessing exploration performance.

Each function features unique characteristics such as block-wise structures,
linear weighting, deceptive traps, and Gaussian noise. The dimensionality is
consistently set across n = 160, 320, 640, and 1280 to enable comprehensive
scalability analysis.

The benchmark suite provides a systematic framework for evaluating algo-
rithm performance across multiple aspects: exploitation (via unimodal func-
tions), exploration (through multimodal landscapes), noise tolerance (F7), and
structural problem-solving (F2 and F8). This carefully designed collection allows
for rigorous comparison of binary optimization algorithms under diverse con-
ditions, while maintaining uniform scaling across all test functions for reliable
performance assessment. The inclusion of both basic and complex function types
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ensures balanced evaluation of algorithmic capabilities in solving large-scale
binary optimization problems.

Table 1. Main characteristics of the binary maximization
benchmark functions.

Benchmark function Range n fmax
F1(X) =

∑n
i=1 xi

{0, 1}

160 160
320 320
640 640
1280 1280

F2(X) =
∑n

8
i=1

(∏8i
j=8(i−1)+1 xj

)
{0, 1}

160 20

320 40
640 80
1280 160

F3(X) =
∑dn

2
e

i=1 x2i−1 −
∑bn

2
c

i=1 x2i

{0, 1}

160 80
320 160
640 320
1280 640

F4(X) =
∣∣n
2 −

∑n
i=1 xi

∣∣+ n
2

{0, 1}

160 160
320 320
640 640
1280 1280

F5(X) = max
(
0,
∑n
i=1 xi −

n
2

)
{0, 1}

160 160
320 320
640 640
1280 1280

F6(X) =
(
∑n
i=1 xi)

2

n+1

{0, 1}

160 160

320 320
640 640
1280 1280

F7(X) =
∑n
i=1 xi +N (0, 0.05)

{0, 1}

160 160
320 320
640 640
1280 1280

F8(X) =
∑bn/8c

block=1 f(block)

{0, 1}

160 160
320 320
640 640
1280 1280

F9(X) =
∑n
i=1 xi ·

(
1−

∣∣ 2i
n − 1

∣∣)
{0, 1}

160 160
320 320
640 640
1280 1280

F10(X) =
∑bn/5c
k=1 ftrap

(
x(k)

)
{0, 1}

160 160

320 320
640 640
1280 1280

5.2. Experimental Setting. To demonstrate how well the proposed algorithm performs, we
applied EBPSO to the above-mentioned benchmark functions and compared the results with those
of standard BPSO. To balance exploration and exploitation in standard BPSO, we used the following
non-decreasing function suggested in Ref. [20] to update w(t):

(11) w(t) =

{
wmin + t

ρ×T × (wmax − wmin), if t ≤ ρ× T
wmax, if ρ× T < t ≤ T

where t and T stand for the number of iterations elapsed and the maximal number of iterations,
respectively. wmin and wmax are the lower and upper bounds of w(t). The parameter ρ with
0 ≤ ρ ≤ 1 controls the number of iterations over which w(t) increases from wmin to wmax. To
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balance exploration and exploitation in EBPSO, we recommend that P (t) be a non-decreasing
function of the generation t. In this paper, we update P (t) using the following equation:

(12) P (t) =

{
Pmin + t

ρ′×T × (Pmax − Pmin) , if t ≤ ρ′ × T
Pmax, if ρ′ × T < t ≤ T

where Pmin and Pmax are the lower and upper bounds of P (t), and 0 ≤ ρ′ ≤ 1 is the parameter to
control the number of iterations to make P (t) increase from Pmin to Pmax. Although such setting
is only a special case for updating P (t), experiments show that it helps EBPSO to have satisfactory
performance in solving different types of binary optimization problems. More sophisticated configu-
ration approaches for updating P (t) (e.g., self-adaption) will be investigated in future studies. In
all of the experiments, the swarm size is set to 50 (N = 50) and the maximum number of iterations
is set to 500 (T = 500). As suggested in Ref. [20], we set wmax = 1 and ρ = 0.9 for standard BPSO.
Also, we set Pmax = 1 and ρ′ = 0.98 for EBPSO.

To make a fair comparison between standard BPSO and EBPSO, values from {0.3, 0.5, 0.7, 0.9}
were selected for wmin, and values from {0.6, 0.7, 0.8, 0.9} were selected for Pmin. Note that the
ranges of wmin and Pmin are chosen based on Theorem 2.2, which states that if 0 < w(t) < 1, then
the expected convergence probability of standard BPSO is greater than 0.5.

In other words, for the same iteration t, a smaller value of w(t) within (0, 1) leads the standard
BPSO to a convergence probability closer to 0.5, while a larger value of w(t) within (0, 1) results
in a convergence probability closer to 1. All of the experiments were implemented in Python and
run on a PC with an Intel 2.2 GHz CPU. The results are averaged over 200 independent runs,
and the mean of the best solutions, the standard deviation of the best solutions, and the mean
computational time of all runs are reported.

Also, to show the efficiency of EBPSO compared with standard BPSO, the speedup is calculated
as in Ref. [44]:

(13) Speedup =
TimeBPSO

TimeEBPSO

where TimeBPSO and TimeEBPSO are computational times of standard BPSO and EBPSO, respec-
tively, and speedup is the improvement in speed of EBPSO execution rather than standard BPSO
execution. Furthermore, besides EBPSO and standard BPSO, competitive algorithms including
Binary Genetic Algorithm (BGA), Binary Sine Cosine Algorithm (BSCA), Binary Ring K-Opt
Algorithm (BRKO), Binary Differential Operator (BDO), Binary Zonal Optimization Algorithm
(BZOA), Binary Grey Wolf Optimizer (BGWO), Binary Harris Hawks Optimization (BHHO),
Binary Whale Optimization Algorithm (BWOA), and Binary Weighted Mean Variant (BWMV)
were also evaluated.

The parameters of these comparative algorithms were set based on their respective reference
studies and optimized for fair comparison. The variable parameters and their selected values
for each algorithm are detailed in the corresponding tables. All experiments were conducted
under identical computational environments, and performance metrics such as mean best solution,
standard deviation, and runtime were consistently reported.

5.3. Results and Comparisons. The performance of the proposed Enhanced Binary Particle
Swarm Optimization (EBPSO) algorithm was thoroughly evaluated on all benchmark functions F1

through F10. Detailed results are presented in Tables 2 to 11, each consisting of sub-tables from (a)
to (e), comparing EBPSO against various state-of-the-art binary optimization algorithms.

For the initial benchmark functions F1 to F4, results shown in Tables 2.a to 5.e indicate
that EBPSO consistently achieves superior mean fitness values, especially at higher convergence
probabilities Pmin = 0.9. These tables also demonstrate lower standard deviations compared to
standard BPSO and Binary Genetic Algorithm (BGA), reflecting improved stability and reliability
of EBPSO’s convergence behavior.

For the more challenging functions F5 through F7 (Tables 6.a to 8.e), EBPSO maintains
competitive performance, with mean values comparable to or better than other advanced algorithms.
The speedup factors reported in these tables confirm that EBPSO runs significantly faster than
conventional BPSO and often surpasses the runtime efficiency of Binary GA, particularly in low to
medium dimensional spaces.

Function F8, analyzed in Tables 8.a to 8.e, reveals some instances where EBPSO’s mean solution
quality is slightly lower than a few competing algorithms. Nevertheless, EBPSO still demonstrates
competitive performance with generally faster computational times, which is critical for large-scale
optimization scenarios.

Function F10, as detailed comprehensively in Tables 11.a through 11.e, shows that EBPSO
achieves the best trade-off between solution quality and computational efficiency across all tested
dimensions (160 to 1280). EBPSO outperforms BPSO, BGA, BSCA, BRKO, BDO, BGWO, BHHO,
BWOA, and BWMV in terms of both mean fitness values and runtime. The speedup values in
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Tables 11.b to 11.e particularly emphasize EBPSO’s superior scalability and time efficiency. It
is important to note from Tables 7 and 11 that while EBPSO’s speedup relative to Binary GA
decreases as problem dimensionality increases, it consistently maintains significant speed advantages
over standard BPSO and other metaheuristics even in large-scale problems.

This notable computational acceleration is attributed to EBPSO’s novel update mechanism,
which simplifies the traditional velocity and sigmoid transfer computations in standard BPSO to a
more efficient, single-step position generation process. This simplification reduces computational
overhead without sacrificing solution quality.

In conclusion, the extensive comparative analyses presented in Tables 2 to 11 and their respective
sub-tables clearly demonstrate that EBPSO offers robust, reliable, and scalable performance for a
wide range of binary optimization benchmarks, making it a strong candidate for future research
and applications in binary optimization.

Table 2.a: The obtained results for function F1 by standard
BPSO, BGA and EBPSO.

Function (n) BGA (mut) BPSO (wmin) EBPSO (Pmin) Speedup (EBPSO & BGA) Speedup (EBPSO & BPSO)

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9

F1 (160) Mean 101.37 114.315 114.435 110.13 159.84 159.96 160 160 159.95 159.99 160 160 - -

F1 (160) STD 3.90 4.1393 4.07 3.79 0.41 0.21 0 0 0.22 0.12 0 0 - -

F1 (160) Time 20.24 18.39 17.07 16.31 1.73 1.74 1.74 1.74 0.73 0.73 0.74 0.74 22.34 2.36

F1 (320) Mean 192.53 209.475 209.835 203.47 301.78 304.96 309.6 317.44 306.8 311.69 317.02 319.89 - -

F1 (320) STD 5.42 5.96 5.51 5.20 2.89 2.67 2.32 1.32 2.53 2.36 1.51 0.33 - -

F1 (320) Time 18.34 18.04 21.11 19.59 2.96 2.97 2.97 2.97 1.20 1.20 1.19 1.19 15.16 2.48

F1 (640) Mean 367.435 390.945 388.895 381.61 544 550.78 562.95 590.29 553.52 566.03 583.77 612.5 - -

F1 (640) STD 7.91 9.627 7.80 7.66 5.73 6.05 5.29 5.07 5.98 4.92 4.60 3.82 - -

F1 (640) Time 24.06 25.49 23.69 25.44 5.72 5.80 5.79 5.75 2.19 2.20 2.15 2.20 11.02 2.64

F1 (1280) Mean 709.645 741.01 740.075 727.555 974.81 986.1 1009.37 1061.25 989.57 1010.98 1043.78 1103.56 - -

F1 (1280) STD 9.82 12.76 11.36 10.599 9.69 10.04 9.46 9.83 7.88 8.29 7.82 8.14 - -

F1 (1280) Time 35.45 38.38 38.68 36.15 11.45 11.50 11.52 11.52 4.15 4.13 4.09 4.03 8.80 2.80

Table 2.b: The obtained results for function F1 by BSCA,
BRKO and EBPSO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup (EBPSO & BSCA) Speedup (EBPSO & BRKO)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F1 (160) Mean 101.16 101.26 101.16 100.755 125.805 126.225 126.495 126.71 159.95 159.99 160 160 - -

F1 (160) STD 2.2055 2.3372 2.1294 1.9039 1.7824 2.0111 1.99 1.8237 0.22 0.12 0 0 - -

F1 (160) Time 11.54 10.82 11.54 13.22 24.29 24.18 23.94 32.82 0.73 0.73 0.74 0.74 14.82 14.82

F1 (320) Mean 189.925 189.63 190.07 190.085 238.895 239.825 240.77 241.495 306.8 311.69 317.02 319.89 - -

F1 (320) STD 2.8495 2.7355 2.9774 2.9219 2.4319 2.4747 2.7834 3.1081 2.53 2.36 1.51 0.33 - -

F1 (320) Time 23.56 20.31 23.86 23.51 29.37 30.09 30.45 31.85 1.20 1.20 1.19 1.19 17.07 17.07

F1 (640) Mean 362.52 362.525 362.895 362.77 461.315 462.18 462.845 464.215 553.52 566.03 583.77 612.5 - -

F1 (640) STD 4.3023 4.4113 4.5491 4.591 4.0232 3.9468 4.0213 4.28 5.98 4.92 4.6 3.82 - -

F1 (640) Time 34.58 32.33 32.45 31.97 37.77 36.93 36.44 35.06 2.19 2.20 2.15 2.20 14.87 14.87

F1 (1280) Mean 699.565 700.69 699.8 700.435 896.005 898.5 899.39 901.965 989.57 1010.98 1043.78 1103.56 - -

F1 (1280) STD 5.752 6.4128 6.0622 6.3329 5.2091 5.6868 5.7357 6.3296 7.88 8.29 7.82 8.14 - -

F1 (1280) Time 62.35 60.27 59.9 69.3 51.2 51.24 51.16 50.01 4.15 4.13 4.09 4.03 14.86 12.70
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Table 2.c: The obtained results for function F1 by BDO,
BZOA and EBPSO.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup (EBPSO & BDO) Speedup (EBPSO & BZOA)

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F1 (160) Mean 127.025 126.96 126.72 125.135 127.21 127.11 126.785 125.025 159.95 159.99 160 160 - -

F1 (160) STD 1.9038 1.977 2.0812 1.8485 2.1739 1.8379 1.9284 2.0915 0.22 0.12 0 0 - -

F1 (160) Time 34.53 38.38 34.81 26.76 27.57 27.87 24.65 25.55 0.73 0.73 0.74 0.74 36.66 36.66

F1 (320) Mean 241.35 241.21 240.4 237.415 241.37 241.51 240.335 237.575 306.8 311.69 317.02 319.89 - -

F1 (320) STD 2.6865 2.8958 2.9682 2.667 2.6913 3.1859 2.7951 2.6085 2.53 2.36 1.51 0.33 - -

F1 (320) Time 34.43 34.83 27.08 35.12 28.14 25.53 24.63 27.68 1.20 1.20 1.19 1.19 22.76 22.76

F1 (640) Mean 464.715 463.83 463.01 455.985 464.465 464.01 462.19 456.295 553.52 566.03 583.77 612.5 - -

F1 (640) STD 4.0366 3.9359 4.6238 3.6421 4.0198 4.005 3.8018 4.2718 5.98 4.92 4.6 3.82 - -

F1 (640) Time 52.06 46.33 53.55 37.25 31.73 32.42 31.63 32.2 2.19 2.20 2.15 2.20 17.33 14.76

F1 (1280) Mean 902.36 901.06 896.83 886.75 901.52 900.655 896.995 886.06 989.57 1010.98 1043.78 1103.56 - -

F1 (1280) STD 5.6081 5.5504 6.0184 6.0264 6.2289 6.003 5.9376 5.9268 7.88 8.29 7.82 8.14 - -

F1 (1280) Time 60.59 67.32 80.87 67.1 43.99 44.89 43.09 47.59 4.15 4.13 4.09 4.03 15.03 10.92

Table 2.d: The obtained results for function F1 by BGWO,
BHHO and EBPSO.

Function (n) BGWO (α) BHHO (α) EBPSO (Pmin) Speedup (EBPSO & BGWO) Speedup (EBPSO & BHHO)

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9

F1 (160) Mean 119.485 119.495 120.105 119.835 130.21 132.04 132.27 132.1 159.95 159.99 160 160 - -

F1 (160) STD 2.6115 2.7441 2.7081 2.6092 2.1693 2.5097 2.3616 2.4698 0.22 0.12 0 0 - -

F1 (160) Time 13.61 12.49 12.66 11.8 16.94 17.17 18.11 17.65 0.73 0.73 0.74 0.74 16.16 16.16

F1 (320) Mean 230.44 230.2 230.96 230.76 250.395 254.985 255.27 254.39 306.8 311.69 317.02 319.89 - -

F1 (320) STD 3.7863 4.089 3.8947 4.0339 3.6262 4.0773 4.5052 4.6171 2.53 2.36 1.51 0.33 - -

F1 (320) Time 20.52 19.78 20.1 20.55 19.56 19.08 20.69 20.22 1.2 1.2 1.19 1.19 16.62 16.44

F1 (640) Mean 449.645 449.31 449.55 448.885 486.95 495.91 498.375 497.97 553.52 566.03 583.77 612.5 - -

F1 (640) STD 5.9126 5.6933 5.3495 5.5571 7.2296 7.6139 7.4246 7.7672 5.98 4.92 4.6 3.82 - -

F1 (640) Time 36.4 37.7 58.45 36.84 24.78 25.38 26.06 27.76 2.19 2.2 2.15 2.2 16.93 11.53

F1 (1280) Mean 881.045 882.145 881.005 881.11 955.625 974.425 975.55 978.08 989.57 1010.98 1043.78 1103.56 - -

F1 (1280) STD 7.9349 8.9389 8.2107 7.5351 12.0027 13.1899 15.2534 14.1278 7.88 8.29 7.82 8.14 - -

F1 (1280) Time 73.02 93.2 76.06 74.9 31.7 33.95 34.19 38.46 4.15 4.13 4.09 4.03 18.12 7.87

Table 2.e: The obtained results for function F1 by BWOA,
BWMV and EBPSO.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup (EBPSO & BWOA) Speedup (EBPSO & BWMV)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F1 (160) Mean 125.34 128.325 131.77 132.97 127.195 127.185 127.3 127.345 159.95 159.99 160 160 - -

F1 (160) STD 3.8671 4.5825 5.3951 5.8753 1.9305 1.9107 1.7916 1.8563 0.22 0.12 0 0 - -

F1 (160) Time 24.94 21.79 20.09 19.13 24.99 22.13 29.35 28.62 0.73 0.73 0.74 0.74 26.21 26.21

F1 (320) Mean 246.32 253.52 260.47 263.8 241.815 241.525 242.04 241.805 306.8 311.69 317.02 319.89 - -

F1 (320) STD 5.6655 8.9207 10.2864 10.6028 2.9242 2.9222 2.7583 2.7161 2.53 2.36 1.51 0.33 - -

F1 (320) Time 24.41 29.58 29.55 23.4 26.02 25.56 25.28 27.22 1.2 1.2 1.19 1.19 19.66 19.66

F1 (640) Mean 486.035 504.215 521.355 527.99 464.495 464.95 465.275 465.245 553.52 566.03 583.77 612.5 - -

F1 (640) STD 8.5548 17.3652 15.877 16.8065 4.0187 4.0605 3.7867 4.1647 5.98 4.92 4.6 3.82 - -

F1 (640) Time 28.07 26.93 29.16 27.97 37.2 46.2 40.69 37.7 2.19 2.2 2.15 2.2 12.53 12.53

F1 (1280) Mean 962.07 1003.6 1037.055 1050.985 902.63 903.54 903.515 903.445 989.57 1010.98 1043.78 1103.56 - -

F1 (1280) STD 15.621 32.6728 36.4165 35.7198 6.1476 6.1505 5.3263 6.0147 7.88 8.29 7.82 8.14 - -

F1 (1280) Time 38.96 42.71 38.86 37.67 57.41 58.31 57.99 51.36 4.15 4.13 4.09 4.03 9.35 9.35
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Table 3.a: The obtained results for function F2 by EBPSO,
BPSO, and BGA.

Function (n) Binary GA (mut) BPSO (wmin) EBPSO (Pmin) Speedup (EBPSO & BGA) Speedup (EBPSO & BPSO)

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9

F2 (160) Mean 1.645 1.865 2.395 2.25 8.14 8.5 8.97 9.67 8.61 9.2 9.48 9.67 - -

F2 (160) STD 0.66 0.83 0.94 0.81 1.18 1.19 1.24 1.43 1.34 1.31 1.39 1.6 - -

F2 (160) Time 270.94 274.8 270.68 272.86 1.92 1.9 1.9 1.88 0.8 0.79 0.81 0.81 342.63 2.37

F2 (320) Mean 2.105 2.635 3.23 3.01 10.61 11.16 12.17 14.04 11.47 12.55 13.26 14.35 - -

F2 (320) STD 0.71 1.03 1.07 0.86 1.58 1.6 1.52 1.72 1.54 1.8 1.88 1.91 - -

F2 (320) Time 520.65 594.65 837.03 533.12 3.13 3.1 3.15 3.14 1.28 1.28 1.27 1.27 409.96 2.45

F2 (640) Mean 2.905 3.975 4.755 3.895 13.49 14.31 15.72 19.28 15.31 16.69 18.31 20.7 - -

F2 (640) STD 0.864 1.31 1.25 0.93 1.83 1.92 2.07 2.18 2.08 2.04 2.2 2.29 - -

F2 (640) Time 1104.48 1172 1111.67 1599.51 6.16 6.09 6.2 6.17 2.22 2.26 2.25 2.25 497.51 2.74

F2 (1280) Mean 4.155 6.03 6.275 5.135 16.9 18.23 20.47 25.67 20.73 22.67 25.64 29.6 - -

F2 (1280) STD 1.05 1.66 1.29 0.99 2.01 2.33 2.22 2.65 2.54 2.65 3.11 3.06 - -

F2 (1280) Time 2203.03 1966.99 2020.49 2028.58 11.53 11.98 11.51 11.61 4.14 4.16 4.12 4.12 477.42 2.82

Table 3.b: The obtained results for function F2 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup (EBPSO & BSCA) Speedup (EBPSO & BRKO)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F2 (160) Mean 2.07 2.08 2.095 2.105 4.65 4.595 4.705 4.75 8.61 9.2 9.48 9.67 - -

F2 (160) STD 0.274 0.3059 0.3098 0.3794 0.6837 0.5753 0.5727 0.6982 1.34 1.31 1.39 1.6 - -

F2 (160) Time 83.65 84.13 83.85 83.36 98.71 96.68 99.2 97.71 0.8 0.79 0.81 0.81 105.52 105.52

F2 (320) Mean 2.625 2.595 2.6 2.57 6.405 6.445 6.59 6.645 11.47 12.55 13.26 14.35 - -

F2 (320) STD 0.5517 0.5753 0.5385 0.5339 0.6715 0.7463 0.7155 0.7739 1.54 1.8 1.88 1.91 - -

F2 (320) Time 182.13 178.12 158.7 158.59 172.96 170.6 171.9 170.07 1.28 1.28 1.27 1.27 124.87 124.87

F2 (640) Mean 3.36 3.375 3.37 3.41 9.315 9.53 9.65 9.685 15.31 16.69 18.31 20.7 - -

F2 (640) STD 0.52 0.5426 0.5857 0.5403 0.8921 0.9429 0.9734 0.9725 2.08 2.04 2.2 2.29 - -

F2 (640) Time 315.36 310.71 308.74 311.13 321.08 321.39 323.08 322.93 2.22 2.26 2.25 2.25 139.07 137.22

F2 (1280) Mean 4.54 4.535 4.59 4.545 14.31 14.45 14.52 14.715 20.73 22.67 25.64 29.6 - -

F2 (1280) STD 0.6545 0.6073 0.6495 0.6387 1.0648 1.1522 1.1746 1.1017 2.54 2.65 3.11 3.06 - -

F2 (1280) Time 614.59 619.07 614.7 635.25 615.14 631.69 624.43 619.02 4.14 4.16 4.12 4.12 149.17 149.2

Table 3.c: The obtained results for function F2 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup (EBPSO & BDO) Speedup (EBPSO & BZOA)

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F2 (160) Mean 4.825 4.855 4.765 4.41 4.76 4.75 4.635 4.475 8.61 9.2 9.48 9.67 - -

F2 (160) STD 0.6741 0.7239 0.721 0.5761 0.68 0.669 0.6647 0.5995 1.34 1.31 1.39 1.6 - -

F2 (160) Time 115.02 112.86 116.46 121.8 97.18 93.97 109.1 94.64 0.8 0.79 0.81 0.81 142.86 123.01

F2 (320) Mean 6.68 6.585 6.45 6.26 6.765 6.595 6.52 6.15 11.47 12.55 13.26 14.35 - -

F2 (320) STD 0.7922 0.7828 0.669 0.6946 0.7873 0.6935 0.8183 0.691 1.54 1.8 1.88 1.91 - -

F2 (320) Time 168.66 157.67 160.94 158.99 191.6 168.28 170.83 166.85 1.28 1.28 1.27 1.27 124.15 124.15

F2 (640) Mean 9.725 9.645 9.605 8.845 9.675 9.7 9.485 8.895 15.31 16.69 18.31 20.7 - -

F2 (640) STD 0.9997 0.905 0.9105 0.8608 0.7806 0.9747 0.9164 0.8741 2.08 2.04 2.2 2.29 - -

F2 (640) Time 326.45 346.82 414.85 358.45 312.82 313.18 312.76 319.82 2.22 2.26 2.25 2.25 147.05 139.03

F2 (1280) Mean 14.49 14.73 14.23 13.335 14.665 14.585 14.41 13.405 20.73 22.67 25.64 29.6 - -

F2 (1280) STD 1.1045 1.1167 1.0849 1.1414 1.2778 1.1103 1.3572 1.0104 2.54 2.65 3.11 3.06 - -

F2 (1280) Time 621.24 684.95 615.33 586.38 601.37 615.53 607.36 599.71 4.14 4.16 4.12 4.12 142.33 142.33
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Table 3.d: The obtained results for function F2 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup (EBPSO & BGWO) Speedup (EBPSO & BHHO)

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9

F2 (160) Mean 2.825 2.84 2.87 2.885 5.4 5.655 5.62 5.595 8.61 9.2 9.48 9.67 - -

F2 (160) STD 0.6741 0.7172 0.7093 0.7757 0.7874 0.7912 0.8807 0.9225 1.34 1.31 1.39 1.6 - -

F2 (160) Time 90.92 85 94.07 97.44 90.85 96.37 93.78 95.05 0.8 0.79 0.81 0.81 107.59 107.59

F2 (320) Mean 4.34 4.185 4.31 4.225 7.72 8.35 8.41 8.495 11.47 12.55 13.26 14.35 - -

F2 (320) STD 0.8969 0.819 0.9402 0.9297 0.9064 1.0989 1.0639 1.1314 1.54 1.8 1.88 1.91 - -

F2 (320) Time 169.46 198.63 214.01 224.38 165.86 168.25 169.08 168.36 1.28 1.28 1.27 1.27 133.43 130.6

F2 (640) Mean 6.75 6.78 6.75 6.675 12.115 13.17 13.225 13.36 15.31 16.69 18.31 20.7 - -

F2 (640) STD 1.256 1.2048 1.1169 1.086 1.3348 1.4701 1.5081 1.5622 2.08 2.04 2.2 2.29 - -

F2 (640) Time 332.77 430.88 390.41 391.62 313.16 323.63 375.87 323.9 2.22 2.26 2.25 2.25 149.9 139.18

F2 (1280) Mean 10.905 10.84 10.87 10.845 19.325 21.9 21.925 22.355 20.73 22.67 25.64 29.6 - -

F2 (1280) STD 1.5349 1.4437 1.4741 1.4321 1.9898 2.2271 2.5825 2.7201 2.54 2.65 3.11 3.06 - -

F2 (1280) Time 748.81 720.6 982.18 873.49 634.72 616.31 658.46 626.84 4.14 4.16 4.12 4.12 174.9 154.06

Table 3.e: The obtained results for function F2 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup (EBPSO & BWOA) Speedup (EBPSO & BWMV)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F2 (160) Mean 3.55 4.125 4.635 5.29 4.805 4.795 4.795 4.75 8.61 9.2 9.48 9.67 - -

F2 (160) STD 1.0037 1.1702 1.4463 1.583 0.661 0.6269 0.6656 0.6225 1.34 1.31 1.39 1.6 - -

F2 (160) Time 99.92 134.67 120.01 111.27 113.98 101.44 104.16 102.28 0.8 0.79 0.81 0.81 126.48 140.85

F2 (320) Mean 5.695 6.78 8.28 9.645 6.62 6.695 6.77 6.69 11.47 12.55 13.26 14.35 - -

F2 (320) STD 1.1798 1.8552 2.3413 2.5882 0.725 0.7629 0.7982 0.7375 1.54 1.8 1.88 1.91 - -

F2 (320) Time 191.17 170.6 165.85 163.87 184.25 179.37 180.17 180.53 1.28 1.28 1.27 1.27 129.03 129.03

F2 (640) Mean 9.965 12.9 15.93 17.715 9.685 9.79 9.795 9.73 15.31 16.69 18.31 20.7 - -

F2 (640) STD 1.9656 3.6263 4.054 4.7322 0.8976 0.8694 0.9236 0.8758 2.08 2.04 2.2 2.29 - -

F2 (640) Time 307.55 305.79 312.79 309.59 339.03 335.51 335.38 353.56 2.22 2.26 2.25 2.25 137.74 135.91

F2 (1280) Mean 18.105 23.61 31.01 35.81 14.62 14.615 14.745 14.715 20.73 22.67 25.64 29.6 - -

F2 (1280) STD 3.0023 5.8368 8.2934 8.3471 1.16 1.2234 1.109 1.1721 2.54 2.65 3.11 3.06 - -

F2 (1280) Time 605.49 694.81 640.04 606.76 654.64 682.61 1069.42 922.61 4.14 4.16 4.12 4.12 146.96 147.27

Table 4.a: The obtained results for function F3 by EBPSO,
BPSO, and BGA.

Function (n) BGA (mut) BPSO (wmin) EBPSO (Pmin) Speedup (EBPSO & BGA) Speedup (EBPSO & BPSO)

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9

F3 (160) Mean 21.245 34.035 34.595 30.83 79.81 79.93 80 80 79.97 80 80 80 - -

F3 (160) STD 3.73 4.61 4.15 3.82 0.41 0.26 0 0 0.17 0 0 0 - -

F3 (160) Time 37.38 36.73 33.42 31.89 1.8 1.8 1.81 1.81 0.92 0.91 0.92 0.9 35.43 1.98

F3 (320) Mean 32.135 49.19 49.075 43.7 141.8 145.29 149.49 157.39 147.26 151.92 156.98 159.88 - -

F3 (320) STD 5.61 6.01 5.66 5.48 2.9 2.76 2.38 1.48 2.44 2.42 1.63 0.34 - -

F3 (320) Time 31.32 32.12 30.86 33.02 3.58 3.4 3.68 3.37 1.52 1.52 1.49 1.48 20.85 2.33

F3 (640) Mean 48.455 71.755 68.795 61.625 224.83 231.22 243.29 270.99 233.36 246.12 264.07 292.87 - -

F3 (640) STD 7.267 8.64 7.78 7.81 5.84 6.37 5.73 5.09 6.19 5.7 5.14 3.74 - -

F3 (640) Time 35.58 36.89 40.86 56.31 6.28 6.41 6.45 6.37 2.51 2.53 2.52 2.5 14.23 2.54

F3 (1280) Mean 70.565 101.7 98.22 86.59 335.32 347.49 367.67 421.11 349.46 370.15 402.61 463.8 - -

F3 (1280) STD 10.96 12.44 11.621 10.03 8.86 10.49 9.11 9.1 9.2 9.58 8.11 8.1 - -

F3 (1280) Time 65.67 55.66 53.89 55.45 12.34 12.36 12.35 12.4 4.7 4.68 4.7 4.65 11.59 2.64
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Table 4.b: The obtained results for function F3 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup (EBPSO & BSCA) Speedup (EBPSO & BRKO)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F3 (160) Mean 20.77 21.305 21.305 21.33 22.625 23.03 23.01 23.57 79.97 80 80 80 - -

F3 (160) STD 2.0993 2.3879 2.1799 2.1473 1.8666 1.8355 2.1886 2.1107 0.17 0 0 0 - -

F3 (160) Time 14.88 15.15 15.98 14.92 28.56 27.96 27.31 28.33 0.92 0.91 0.92 0.9 16.53 16.58

F3 (320) Mean 30.12 29.97 30.395 29.685 32.615 32.655 33.01 33.55 147.26 151.92 156.98 159.88 - -

F3 (320) STD 3.4388 3.1175 3.2216 2.4911 2.716 2.9131 3.0659 3.0623 2.44 2.42 1.63 0.34 - -

F3 (320) Time 20.83 21.34 22.36 21 31.29 32.4 30.99 32.98 1.52 1.52 1.49 1.48 14.07 14.19

F3 (640) Mean 42.375 42.77 42.23 42.66 46.06 45.78 46.805 47.57 233.36 246.12 264.07 292.87 - -

F3 (640) STD 4.1188 4.4042 4.643 4.537 4.2856 3.9245 3.9896 4.4794 6.19 5.7 5.14 3.74 - -

F3 (640) Time 35.03 33.73 35.47 34.37 39.84 40.5 41 39.03 2.51 2.53 2.52 2.5 13.49 13.49

F3 (1280) Mean 59.61 59.645 59.01 61 64.685 65.255 65.665 67.785 349.46 370.15 402.61 463.8 - -

F3 (1280) STD 6.4256 5.6133 5.2924 6.039 5.9309 5.6036 5.5338 6.1195 9.2 9.58 8.11 8.1 - -

F3 (1280) Time 64.72 67.01 62.33 61.72 56.69 54.93 55.75 57.2 4.7 4.68 4.7 4.65 13.27 12.19

Table 4.c: The obtained results for function F3 by EBPSO,
BZOA, and BDO.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup (EBPSO & BDO) Speedup (EBPSO & BZOA)

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F3 (160) Mean 24.06 23.68 23.63 23.72 23.595 23.635 23.81 24.09 14.73 80 80 80 - -

F3 (160) STD 2.2263 2.0143 2.2278 2.2807 2.1263 2.1099 2.1433 2.3199 3.1316 0 0 0 - -

F3 (160) Time 25.64 23.82 24.57 24.64 25.6 26.36 26.81 25.62 17.44 0.91 0.92 0.9 26.47 26.47

F3 (320) Mean 33.905 33.8 33.63 33.62 33.895 33.685 33.5 33.89 21.02 151.92 156.98 159.88 - -

F3 (320) STD 3.0077 2.985 2.8095 3.1041 3.1897 2.9284 2.7713 3.0212 3.8678 2.42 1.63 0.34 - -

F3 (320) Time 27.16 29.13 27.8 26.57 30.34 29.08 30.24 28.83 28.45 1.52 1.49 1.48 17.95 17.95

F3 (640) Mean 47.6 47.695 47.51 47.145 47.29 47.725 47.925 48.09 30.165 246.12 264.07 292.87 - -

F3 (640) STD 4.0571 3.9461 4.286 4.0415 4.3642 4.3023 3.8012 4.4723 6.1942 5.7 5.14 3.74 - -

F3 (640) Time 34.55 33.88 36.08 35.89 36.64 35.52 36.27 35.96 46.21 2.53 2.52 2.5 13.55 13.55

F3 (1280) Mean 67.7 68.285 66.77 67.91 68.365 68.15 67.57 68.32 42.59 370.15 402.61 463.8 - -

F3 (1280) STD 5.7044 6.3391 5.4997 6.2587 6.0796 6.0735 5.8442 6.4752 7.5942 9.58 8.11 8.1 - -

F3 (1280) Time 44.43 45.68 45.07 43.88 48.16 48.43 46.78 49.08 73.81 4.68 4.7 4.65 9.44 9.44

Table 4.d: The obtained results for function F3 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup (EBPSO & BGWO) Speedup (EBPSO & BHHO)

0.5 1 1.5 2 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9

F3 (160) Mean 14.98 14.975 15.34 24.665 24.225 24.035 23.655 5.595 79.97 80 80 80 - -

F3 (160) STD 3.0099 3.047 3.0355 2.0549 2.1434 2.2746 2.3078 0.9225 0.17 0 0 0 - -

F3 (160) Time 17.94 17.72 18.68 20.64 21 21.11 22.11 95.05 0.92 0.91 0.92 0.9 19.69 19.69

F3 (320) Mean 21.545 21.405 20.96 35.195 34.75 34.4 33.62 8.495 147.26 151.92 156.98 159.88 - -

F3 (320) STD 3.9278 4.5838 4.393 3.1156 3.0931 2.9983 3.1298 1.1314 2.44 2.42 1.63 0.34 - -

F3 (320) Time 24.92 28.11 25.1 23.02 22.8 25.18 24.98 168.36 1.52 1.52 1.49 1.48 15.55 15.41

F3 (640) Mean 30.915 30.235 29.745 49.805 48.755 48.565 47.59 13.36 233.36 246.12 264.07 292.87 - -

F3 (640) STD 6.4867 6.3348 6.0067 4.4099 4.0193 4.2797 4.6143 1.5622 6.19 5.7 5.14 3.74 - -

F3 (640) Time 40.07 42.36 41.69 28.69 28.86 30.36 30.17 323.9 2.51 2.53 2.52 2.5 11.48 11.48

F3 (1280) Mean 41.39 43.325 42.355 69.44 69.285 68.74 68.26 22.355 349.46 370.15 402.61 463.8 - -

F3 (1280) STD 8.0373 8.1957 8.1049 5.9545 5.833 5.9793 6.6312 2.7201 9.2 9.58 8.11 8.1 - -

F3 (1280) Time 76.95 74.94 73.12 36.96 37.33 40.75 39.47 626.84 4.7 4.68 4.7 4.65 7.95 7.95
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Table 4.e: The obtained results for function F3 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup (EBPSO & BWOA) Speedup (EBPSO & BWMV)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F3 (160) Mean 15.54 16.035 15.445 15.795 23.955 23.77 23.905 23.84 79.97 80 80 80 - -

F3 (160) STD 2.8911 3.0222 3.187 3.0452 2.0477 2.3973 2.0411 1.8424 0.17 0 0 0 - -

F3 (160) Time 23.6 23.76 24.75 23.86 37.96 28.74 27.53 26.72 0.92 0.91 0.92 0.9 26.22 26.4

F3 (320) Mean 22.37 22.23 21.855 21.555 34.065 34.03 33.78 33.975 147.26 151.92 156.98 159.88 - -

F3 (320) STD 4.342 4.221 4.1838 4.3055 2.9868 2.9798 3.236 2.8043 2.44 2.42 1.63 0.34 - -

F3 (320) Time 25.95 31.86 30.24 27.45 31.09 40.6 54.98 59.6 1.52 1.52 1.49 1.48 17.53 18.55

F3 (640) Mean 31.445 31.06 31.035 30.665 47.565 47.92 47.62 48.125 233.36 246.12 264.07 292.87 - -

F3 (640) STD 6.1088 5.759 5.8859 6.4291 4.097 4.1393 4.0269 4.3577 6.19 5.7 5.14 3.74 - -

F3 (640) Time 31.55 32.34 31.67 32.36 98.17 77.27 63.41 60.56 2.51 2.53 2.52 2.5 12.62 12.67

F3 (1280) Mean 44.32 44.03 45.12 44.23 67.455 67.885 68.79 68.105 349.46 370.15 402.61 463.8 - -

F3 (1280) STD 8.09 9.1482 8.1594 8.6924 6.0248 5.3246 6.951 6.5065 9.2 9.58 8.11 8.1 - -

F3 (1280) Time 39.68 43.03 41.39 41.08 58.15 55.01 53.39 57.51 4.7 4.68 4.7 4.65 8.53 8.83

Table 5.a: The obtained results for function F4 by EBPSO,
BPSO, and BGA.

Function (n) BGA (mut) BPSO (wmin) EBPSO (Pmin) Speedup (EBPSO & GA) Speedup (EBPSO & BPSO)

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9

F4(160) Mean 101.38 113.98 113.575 109.825 159.82 159.96 159.99 160 159.94 160 160 160 - -

F4(160) STD 7 4.49 4.84 3.80 0.4 0.21 0.07 0 0.23 0 0 0 - -

F4(160) Time 28.54 36.98 25.55 26.15 1.65 1.68 1.69 1.68 0.75 0.75 0.75 0.73 35 2.25

F4(320) Mean 192.45 208.84 207.475 202.67 302.05 304.93 309.63 317.37 307.24 312.01 317.07 319.92 - -

F4(320) STD 5.20 7.98 7.54 6.03 2.88 2.55 2.21 1.55 2.49 2.21 1.44 0.3 - -

F4(320) Time 45.68 30.62 28.18 28.39 3.05 3.12 3.1 3.12 1.28 1.28 1.25 1.25 22.54 2.45

F4(640) Mean 368.01 388.685 388.11 379.495 544.77 551.74 562.42 591.15 553.63 565.8 583.99 612.05 - -

F4(640) STD 7.70 12.57 11.76 9.159 5.76 6.01 5.77 5.27 5.53 5.1 4.46 3.71 - -

F4(640) Time 35.11 37.47 52.84 41.64 6.1 6.11 6.1 6.14 2.29 2.26 2.27 2.32 15.54 2.68

F4(1280) Mean 708.545 736.655 736.055 724.99 974.8 986.81 1007.75 1061.18 989.39 1011.18 1043.28 1103.83 - -

F4(1280) STD 12.8 18.41 13.67 11.347 10.37 9.63 9.32 10.45 7.91 8.27 9.05 8.23 - -

F4(1280) Time 48.22 42.45 46.14 178.34 11.71 11.73 11.73 11.72 4.27 4.26 4.22 4.25 10.06 2.76

Table 5.b: The obtained results for function F4 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup (EBPSO & BSCA) Speedup (EBPSO & BRKO)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F4(160) Mean 102.13 102.445 102.29 102.13 126.025 126.175 126.67 127.185 159.94 160 160 160 - -

F4(160) STD 1.885 2.1626 1.8884 1.9958 1.8586 1.9064 1.8306 1.8923 0.23 0 0 0 - -

F4(160) Time 13.94 14.82 13.58 13.99 27.15 31.51 27.21 25.46 0.75 0.75 0.75 0.73 18.6 18.6

F4(320) Mean 191.51 191.58 191.935 191.45 239.175 239.78 240.285 240.895 307.24 312.01 317.07 319.92 - -

F4(320) STD 2.5807 2.7827 3.0856 2.8013 2.5641 2.6668 2.5067 2.6027 2.49 2.21 1.44 0.3 - -

F4(320) Time 20.71 21.61 19.92 19.96 31.56 31.3 31.32 30.11 1.28 1.28 1.25 1.25 15.94 15.94

F4(640) Mean 364.445 364.68 364.995 365.1 461.205 461.605 463.215 463.7 553.63 565.8 583.99 612.05 - -

F4(640) STD 4.0059 3.9582 3.7236 4.4889 4.1332 3.8209 3.6958 3.8987 5.53 5.1 4.46 3.71 - -

F4(640) Time 36.55 40.04 41.85 44.14 39.88 38.19 39.25 40.26 2.29 2.26 2.27 2.32 16.17 17.65

F4(1280) Mean 703.44 704 703.995 703.355 896.955 897.375 899.915 901.01 989.39 1011.18 1043.28 1103.83 - -

F4(1280) STD 5.9864 6.4366 5.2445 5.5398 5.9693 5.0729 5.829 6.2849 7.91 8.27 9.05 8.23 - -

F4(1280) Time 73.24 61.43 61.78 60.42 54.67 55.21 58.39 61.92 4.27 4.26 4.22 4.25 14.32 12.95
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Table 5.c: The obtained results for function F4 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup (EBPSO & BDO) Speedup (EBPSO & BZOA)

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F4(160) Mean 127.325 126.89 126.725 125.115 126.935 127.02 126.56 125.19 159.94 160 160 160 - -

F4(160) STD 1.9051 1.8703 2.0073 1.9728 1.8844 2.0856 1.7766 1.8504 0.23 0 0 0 - -

F4(160) Time 24.64 22.68 23.73 24.09 25.18 25.05 24.17 26.05 0.75 0.75 0.75 0.73 31.07 31.07

F4(320) Mean 241.055 241.32 240.545 237.495 241.39 240.86 240.72 237.35 307.24 312.01 317.07 319.92 - -

F4(320) STD 2.9465 2.6903 2.7492 2.6889 3.119 2.7533 2.9986 2.812 2.49 2.21 1.44 0.3 - -

F4(320) Time 26.42 27.14 25.31 26.25 28.97 28.93 27.97 28.16 1.28 1.28 1.25 1.25 20.25 20.25

F4(640) Mean 464.635 464.24 463.015 456.77 463.735 463.7 462.31 456.555 553.63 565.8 583.99 612.05 - -

F4(640) STD 4.0536 4.7034 4.1719 4.2962 3.7369 3.8717 4.0502 4.37 5.53 5.1 4.46 3.71 - -

F4(640) Time 33.21 32.34 33.07 32.29 35.45 35.64 35.05 35.25 2.29 2.26 2.27 2.32 14.29 14.29

F4(1280) Mean 901.595 901.09 896.57 886.245 902.06 900.58 897.815 885.095 989.39 1011.18 1043.28 1103.83 - -

F4(1280) STD 5.7412 6.3128 5.6263 5.7554 6.7666 5.7187 5.7062 5.6273 7.91 8.27 9.05 8.23 - -

F4(1280) Time 43.26 43.68 42.45 44.43 46.27 46.26 46.6 45.3 4.27 4.26 4.22 4.25 10.06 10.06

Table 5.d: The obtained results for function F4 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup (EBPSO & BGWO) Speedup (EBPSO & BHHO)

0.5 1 1.5 2 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9

F4(160) Mean 119.35 119.71 119.31 119.19 130.235 132.065 132.005 132.04 159.94 160 160 160 - -

F4(160) STD 2.8209 2.7778 2.7953 2.7137 2.1656 2.4353 2.515 2.4897 0.23 0 0 0 - -

F4(160) Time 16.07 16.78 16.85 15.58 21.17 19.2 19.86 22.27 0.75 0.75 0.75 0.73 21.34 21.34

F4(320) Mean 231.445 230.31 230.55 230.66 250.615 254.39 255.18 255.035 307.24 312.01 317.07 319.92 - -

F4(320) STD 4.1901 3.5964 4.4629 4.1164 3.6106 4.3724 4.3437 4.2654 2.49 2.21 1.44 0.3 - -

F4(320) Time 24.37 24.23 24.34 24.41 21.25 21.72 24.35 23.17 1.28 1.28 1.25 1.25 19.38 17

F4(640) Mean 450.3 450.11 449.63 449.55 487.795 495.945 497.405 496.72 553.63 565.8 583.99 612.05 - -

F4(640) STD 6.3953 6.0933 6.1809 6.0686 6.9169 7.3595 7.2001 7.7221 5.53 5.1 4.46 3.71 - -

F4(640) Time 40.79 41.99 40.23 41.99 31.32 32.79 28.95 30.21 2.29 2.26 2.27 2.32 17.8 13.86

F4(1280) Mean 881.135 881.915 882.005 880.555 957.615 973.715 977.515 978.575 989.39 1011.18 1043.28 1103.83 - -

F4(1280) STD 8.1662 8.2788 8.5273 7.8579 11.5003 14.4244 13.9531 15.4339 7.91 8.27 9.05 8.23 - -

F4(1280) Time 79.86 79.03 78.79 82.56 35.78 38.06 38.48 38.29 4.27 4.26 4.22 4.25 18.67 8.48

Table 5.e: The obtained results for function F4 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup (EBPSO & BWOA) Speedup (EBPSO & BWMV)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F4(160) Mean 125.375 127.82 131.395 133.02 127.11 127.31 127.41 127.55 159.94 160 160 160 - -

F4(160) STD 3.5573 4.5197 5.5199 5.5533 1.9894 1.9401 1.9601 2.1278 0.23 0 0 0 - -

F4(160) Time 26.02 22.24 23.83 23.47 27.35 26.33 27.71 26.56 0.75 0.75 0.75 0.73 30.47 30.47

F4(320) Mean 244.95 253.23 261.16 266.06 241.545 241.52 241.75 242.18 307.24 312.01 317.07 319.92 - -

F4(320) STD 6.057 9.0326 9.3249 9.5361 2.7673 2.867 2.7564 2.9979 2.49 2.21 1.44 0.3 - -

F4(320) Time 25.68 24.83 25.99 24.31 28.7 31.05 31.58 30.61 1.28 1.28 1.25 1.25 19.45 19.45

F4(640) Mean 484.92 502.265 522.155 526.83 464.35 464.93 465.17 465.76 553.63 565.8 583.99 612.05 - -

F4(640) STD 9.1703 17.1428 17.7702 16.8959 4.2565 4.2468 4.072 3.8849 5.53 5.1 4.46 3.71 - -

F4(640) Time 36.95 32.03 33.57 30.56 48.94 49.13 56.21 48.51 2.29 2.26 2.27 2.32 13.52 13.52

F4(1280) Mean 964.555 1002.475 1036.885 1051.715 902.515 902.8 903.645 903.96 989.39 1011.18 1043.28 1103.83 - -

F4(1280) STD 13.3532 34.0448 34.9743 33.719 5.5543 5.4936 5.2734 5.6106 7.91 8.27 9.05 8.23 - -

F4(1280) Time 40.18 44.95 38.99 39.55 55.24 53.88 52.41 52.33 4.27 4.26 4.22 4.25 9.24 9.24
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Table 6.a: The obtained results for function F5 by EBPSO,
BPSO, and BGA.

Function (n) Binary GA (mut) Standard BPSO (wmin) EBPSO (Pmin) Speedup (EBPSO & BGA) Speedup (EBPSO & BPSO)

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9

F5 (160) Mean 21.175 34.29 34.91 30.26 37.5 40.28 44.97 55.325 61.34 60.72 58.9 53.765 - -

F5 (160) STD 3.77 4.26 3.91 3.55 1.86 1.94 1.68 1.67 1.78 1.87 1.98 2.25 - -

F5 (160) Time 38.82 35.27 42.08 41.2 82.4 82.6 79.86 80.42 6.65 7.26 9.72 6.96 5.3 12.01

F5 (320) Mean 31.585 49.59 49.255 43.77 53.605 57.85 65.42 81.9 109.645 108.025 103.78 93.95 - -

F5 (320) STD 5.68 6.75 5.36 5.38 2.72 2.89 3.037 2.62 3.76 3.58 4.4 4.97 - -

F5 (320) Time 67.03 44.45 36.31 43.45 153.9 147.09 146.49 161.34 13.03 11.86 10.77 11.18 3.37 13.6

F5 (640) Mean 48.385 71.005 70.67 61.14 76.735 82.88 93.52 118.07 198.705 196.03 187.32 168.24 - -

F5 (640) STD 8.24 9.05 7.76 6.83 3.91 3.7 3.94 4.26 8.33 8.16 9.27 10.64 - -

F5 (640) Time 37.95 34.7 40.55 39.71 296.06 287.18 289.28 300.86 20.12 28.09 32.91 34.08 1.72 14.27

F5 (1280) Mean 68.34 100.455 99.605 86.995 108.585 118.025 134.07 169.28 370.46 362.215 345.3 308.81 - -

F5 (1280) STD 11.71 12.58 12.66 9.54 5.19 5.66 5.9 5.43 14.93 17.21 16.92 21.29 - -

F5 (1280) Time 45.11 47.14 47.9 48.48 598.49 584.73 975.23 640.4 47.85 69.26 53.81 52.1 0.94 12.22

Table 6.b: The obtained results for function F5 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup (EBPSO & BSCA) Speedup (EBPSO & BRKO)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F5 (160) Mean 21.18 21.225 21.15 21.075 45.775 45.975 46.53 46.765 61.34 60.72 58.9 53.765 - -

F5 (160) STD 2.116 2.0626 2.0803 2.0492 1.9299 1.8012 1.7718 1.9672 1.78 1.87 1.98 2.25 - -

F5 (160) Time 14.19 13.82 14.91 16.21 28.3 26.69 25.76 28.18 6.65 7.26 9.72 6.96 2.08 6.64

F5 (320) Mean 30.005 29.93 29.88 29.56 79.91 79.77 80.45 81.505 109.645 108.025 103.78 93.95 - -

F5 (320) STD 3.0356 3.2148 3.1521 2.8384 2.9567 2.5273 2.903 3.0594 3.76 3.58 4.4 4.97 - -

F5 (320) Time 27.31 24.81 22.12 20.63 30.02 31.65 30.04 31.56 13.03 11.86 10.77 11.18 1.92 10.74

F5 (640) Mean 42.26 42.125 42.66 42.86 141.06 141.045 142.4 143.765 198.705 196.03 187.32 168.24 - -

F5 (640) STD 4.4139 4.0877 4.3491 4.8949 4.0616 3.6032 3.51 4.0062 8.33 8.16 9.27 10.64 - -

F5 (640) Time 40.64 34.1 34.38 33.64 38.1 40.24 38.3 40.38 20.12 28.09 32.91 34.08 1.67 20.14

F5 (1280) Mean 59.545 60.015 60.5 59.67 256.77 257.66 259.51 261.11 370.46 362.215 345.3 308.81 - -

F5 (1280) STD 5.7808 6.1094 6.3883 5.5119 5.0217 5.6758 5.1556 5.2998 14.93 17.21 16.92 21.29 - -

F5 (1280) Time 66.77 61.92 62.3 62.08 57.84 54.9 53.35 60.22 47.85 69.26 53.81 52.1 1.29 44.84

Table 6.c: The obtained results for function F5 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup (EBPSO & BDO) Speedup (EBPSO & BZOA)

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F5 (160) Mean 47.04 47.165 46.62 45.345 47.015 46.98 46.755 45.47 61.34 60.72 58.9 53.765 - -

F5 (160) STD 1.9464 2.0044 2.0262 2.0411 2.0012 1.9312 2.0112 1.9259 1.78 1.87 1.98 2.25 - -

F5 (160) Time 22.72 24.96 23.16 23.85 27.59 26.1 26.42 26.41 6.65 7.26 9.72 6.96 3.42 6.77

F5 (320) Mean 81.735 81.31 80.86 77.755 81.38 81.24 80.55 77.545 109.645 108.025 103.78 93.95 - -

F5 (320) STD 2.9673 2.7593 2.9155 2.887 2.6221 2.7299 2.8526 2.7126 3.76 3.58 4.4 4.97 - -

F5 (320) Time 27.44 27.37 27.22 27.49 28.08 29.15 27.7 29.42 13.03 11.86 10.77 11.18 2.53 10.76

F5 (640) Mean 144.45 143.585 142.13 136.45 143.985 143.84 142.325 136.83 198.705 196.03 187.32 168.24 - -

F5 (640) STD 4.302 3.9576 4.0241 3.9544 4.2994 3.9134 4.2848 4.6445 8.33 8.16 9.27 10.64 - -

F5 (640) Time 45.52 48.79 39.28 36.7 35.83 35.91 36.17 35.77 20.12 28.09 32.91 34.08 1.82 19.69

F5 (1280) Mean 261.685 260.73 257.4 245.785 261.59 260.695 257.395 246.08 370.46 362.215 345.3 308.81 - -

F5 (1280) STD 6.0519 5.915 5.616 6.2249 6.188 5.7282 6.1813 5.0905 14.93 17.21 16.92 21.29 - -

F5 (1280) Time 59.3 51.27 54.03 46.23 46.98 45.8 46.64 47.2 47.85 69.26 53.81 52.1 0.97 47.66
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Table 6.d: The obtained results for function F5 by EBPSO,
BSGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup (EBPSO & BGWO) Speedup (EBPSO & BHHO)

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9

F5 (160) Mean 39.415 39.3 39.695 50.31 52.1 52.24 52.375 132.04 61.34 60.72 58.9 53.765 - -

F5 (160) STD 2.7844 2.8775 2.6004 2.1081 2.3065 2.3049 2.4051 2.4897 1.78 1.87 1.98 2.25 - -

F5 (160) Time 15.92 17.09 16.31 19.88 20.76 20.15 21.08 22.27 6.65 7.26 9.72 6.96 2.39 6.82

F5 (320) Mean 71.145 70.985 70.935 90.5 94.115 94.835 94.47 255.035 109.645 108.025 103.78 93.95 - -

F5 (320) STD 4.0968 4.1767 4.0621 3.4409 3.5555 4.4348 3.7066 4.2654 3.76 3.58 4.4 4.97 - -

F5 (320) Time 30.93 35.94 33.35 22.79 22.01 23.56 24.88 23.17 13.03 11.86 10.77 11.18 2.12 10.38

F5 (640) Mean 129.66 129.81 129.125 167.39 175.655 177.525 177.53 496.72 198.705 196.03 187.32 168.24 - -

F5 (640) STD 5.5176 6.1477 6.6595 6.8548 7.2791 7.4813 7.6111 7.7221 8.33 8.16 9.27 10.64 - -

F5 (640) Time 41.93 41.8 41.1 27.4 29.1 29.17 30.01 30.21 20.12 28.09 32.91 34.08 1.36 20.15

F5 (1280) Mean 241.22 241.61 241.475 315.08 332.91 337.785 339.2 978.575 370.46 362.215 345.3 308.81 - -

F5 (1280) STD 7.8448 8.3239 8.7618 12.5041 13.1321 13.2649 14.3217 15.4339 14.93 17.21 16.92 21.29 - -

F5 (1280) Time 72.8 73.62 75.11 35.34 36.92 40.67 41.36 38.29 47.85 69.26 53.81 52.1 0.74 47.76

Table 6.e: The obtained results for function F5 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup (EBPSO & BWOA) Speedup (EBPSO & BWMV)

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9

F5 (160) Mean 45.38 48.385 51.555 53.35 47.14 47.27 47.35 47.41 61.34 60.72 58.9 53.765 - -

F5 (160) STD 3.8504 4.7272 5.683 5.1485 1.9825 1.9019 1.8432 1.8498 1.78 1.87 1.98 2.25 - -

F5 (160) Time 23.46 23.22 23.45 23.33 26.18 27.04 25.65 27.26 6.65 7.26 9.72 6.96 3.49 6.65

F5 (320) Mean 85.58 92.475 101.02 105.69 81.84 82 81.765 81.855 109.645 108.025 103.78 93.95 - -

F5 (320) STD 6.488 9.1362 10.3131 9.6796 2.8887 2.9326 3.0232 3.0156 3.76 3.58 4.4 4.97 - -

F5 (320) Time 25.6 25.96 25.97 25.4 33.46 30.45 29.66 29.6 13.03 11.86 10.77 11.18 2.36 10.76

F5 (640) Mean 165.805 184.165 198.19 206.87 144.775 145.28 145.58 145.59 198.705 196.03 187.32 168.24 - -

F5 (640) STD 10.1068 17.6678 20.1181 19.0473 4.3467 4.1117 4.0929 4.3124 8.33 8.16 9.27 10.64 - -

F5 (640) Time 43.1 44.38 42.93 42.87 56.08 59.25 56.4 56.17 20.12 28.09 32.91 34.08 1.34 19.74

F5 (1280) Mean 324.245 356.23 384.435 398.93 269.07 269.16 269.52 269.45 370.46 362.215 345.3 308.81 - -

F5 (1280) STD 25.539 33.1176 35.6381 34.5077 6.2523 6.0517 6.0187 6.4172 14.93 17.21 16.92 21.29 - -

F5 (1280) Time 44.28 45.99 44.62 44.38 50.32 49.85 48.74 48.72 47.85 69.26 53.81 52.1 0.95 44.27

Table 7.a: The obtained results for function F6 by EBPSO,
BPSO, and BGA.

Function (n) Binary GA (mut) Standard BPSO (wmin) EBPSO (Pmin) Speedup

0.001 0.01 0.05 0.1 0.3 0.5 0.7 0.9 0.6 0.7 0.8 0.9 GA BPSO

F6 (160) Mean 63.62 80.63 80.6 76.012 85.407 89.721 97.153 113.67 124.04 122.94 119.68 111.87 - -

F6 (160) STD 5.08 5.98 5.94 4.37 2.49 2.65 2.61 3.03 3.09 3.46 3.77 4.22 - -

F6 (160) Time 18.97 18.07 17.65 19.38 81.77 81.83 82.57 324 6.84 6.8 8.83 11.43 2.6 12.03

F6 (320) Mean 115.51 136.78 136.33 129.19 142.27 148.39 158.45 181.74 225.19 223.96 215.31 201.35 - -

F6 (320) STD 6.58 7.79 7.66 6.59 3.48 3.67 3.62 4.04 6 6.82 6.56 7.03 - -

F6 (320) Time 20.41 19.65 21.57 21.56 162.15 186.63 246.33 178.65 14.48 12.28 12.17 11.47 1.71 14.14

F6 (640) Mean 210.89 237.63 237.25 227.64 244.55 253.16 266.62 299.78 420.22 415.67 401.07 371.29 - -

F6 (640) STD 8.62 10.71 9.72 9.51 4.5 4.86 4.54 5.57 12.44 14.22 12.77 14.95 - -

F6 (640) Time 24.93 27.75 25.89 27.64 570.17 422.64 496.99 291.44 37.82 22.46 27.15 25.39 1.11 12.98

F6 (1280) Mean 393.59 428.25 427.07 410.64 437.39 447.97 467.10 511.55 794.53 781.75 761.51 702.10 - -

F6 (1280) STD 12.29 13.27 13.80 11.90 6.80 6.72 7.02 7.40 25.06 24.31 29.01 29.82 - -

F6 (1280) Time 35.68 36.43 35.78 38.84 663.76 699.60 577.17 573.42 76.15 53.80 47.91 63.58 0.74 12.00
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Table 7.b: The obtained results for function F6 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 BSCA BRKO

F6 (160) Mean 63.43 63.76 63.67 63.53 98.58 99.01 99.55 100.07 124.04 122.94 119.68 111.87 - -

F6 (160) STD 2.51 2.69 2.71 2.77 3.00 2.88 3.09 2.85 3.09 3.46 3.77 4.22 - -

F6 (160) Time 18.95 20.22 16.68 16.16 29.72 24.13 25.73 23.22 6.84 6.80 8.83 11.43 2.38 6.79

F6 (320) Mean 112.32 112.74 112.43 112.71 178.80 179.66 180.36 181.22 225.19 223.96 215.31 201.35 - -

F6 (320) STD 3.86 3.38 3.77 4.16 4.20 4.00 4.30 4.11 6.00 6.82 6.56 7.03 - -

F6 (320) Time 26.11 23.84 22.72 24.92 28.10 28.26 27.78 28.49 14.48 12.28 12.17 11.47 1.98 11.47

F6 (640) Mean 204.97 205.55 204.56 205.59 332.66 332.74 334.18 336.09 420.22 415.67 401.07 371.29 - -

F6 (640) STD 4.78 5.01 4.38 5.07 5.26 5.81 5.51 5.86 12.44 14.22 12.77 14.95 - -

F6 (640) Time 36.41 41.89 37.49 37.63 36.30 36.75 35.76 37.47 37.82 22.46 27.15 25.39 1.62 22.41

F6 (1280) Mean 382.01 382.33 383.02 382.69 627.87 631.14 631.67 635.36 794.53 781.75 761.51 702.10 - -

F6 (1280) STD 6.25 6.43 6.67 6.54 8.60 8.95 7.62 8.30 25.06 24.31 29.01 29.82 - -

F6 (1280) Time 69.54 63.34 64.24 63.41 52.09 51.06 49.68 51.22 76.15 53.80 47.91 63.58 1.32 39.46

Table 7.c: The obtained results for function F6 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 BDO BZOA

F6 (160) Mean 100.10 100.26 99.57 97.26 100.15 100.40 99.53 97.33 124.04 122.94 119.68 111.87 - -

F6 (160) STD 2.93 3.04 3.01 3.12 2.81 3.29 2.83 3.10 3.09 3.46 3.77 4.22 - -

F6 (160) Time 27.43 23.40 34.80 31.39 22.21 23.25 22.96 23.22 6.84 6.80 8.83 11.43 3.44 6.46

F6 (320) Mean 181.92 180.99 180.08 175.77 181.63 181.03 179.79 175.74 225.19 223.96 215.31 201.35 - -

F6 (320) STD 4.44 4.24 4.07 4.31 4.12 3.95 3.83 4.12 6.00 6.82 6.56 7.03 - -

F6 (320) Time 27.66 37.52 33.12 39.23 26.71 26.07 26.16 26.22 14.48 12.28 12.17 11.47 2.41 11.08

F6 (640) Mean 336.63 335.05 333.63 325.28 336.39 336.15 333.21 325.14 420.22 415.67 401.07 371.29 - -

F6 (640) STD 6.02 5.87 6.24 5.65 5.86 6.08 5.96 5.92 12.44 14.22 12.77 14.95 - -

F6 (640) Time 52.52 40.33 42.62 31.94 32.23 33.42 32.49 33.60 37.82 22.46 27.15 25.39 1.42 22.49

F6 (1280) Mean 634.96 633.68 629.29 613.76 634.80 633.33 628.89 614.07 794.53 781.75 761.51 702.10 - -

F6 (1280) STD 8.18 8.50 8.30 8.02 7.90 7.81 8.47 9.41 25.06 24.31 29.01 29.82 - -

F6 (1280) Time 45.19 43.22 51.64 45.88 43.85 44.30 45.13 52.50 76.15 53.80 47.91 63.58 0.90 48.02
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Table 7.d: The obtained results for function F6 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup

0.5 1 1.5 2 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9 BGWO BHHO

F6 (160) Mean 88.59 89.01 89.07 88.77 105.36 108.97 108.62 108.70 124.04 122.90 119.68 111.90 - -

F6 (160) STD 3.90 4.46 4.10 3.86 3.06 3.95 3.75 4.02 3.09 3.46 3.77 4.22 - -

F6 (160) Time 13.33 13.67 15.50 15.21 22.53 21.63 21.51 23.73 6.84 6.80 8.83 11.43 1.96 6.97

F6 (320) Mean 166.29 166.02 166.30 166.05 195.75 201.93 202.90 202.10 225.20 224.00 215.31 201.40 - -

F6 (320) STD 6.08 5.66 5.70 5.86 6.31 6.30 6.63 6.40 6.00 6.82 6.56 7.03 - -

F6 (320) Time 21.12 21.53 21.39 20.93 23.63 24.43 24.05 26.94 14.48 12.28 12.17 11.47 1.82 11.50

F6 (640) Mean 315.15 314.69 315.35 315.87 369.64 384.30 386.75 387.95 420.20 415.70 401.07 371.30 - -

F6 (640) STD 7.32 8.05 8.54 8.27 9.68 11.44 11.44 12.52 12.44 14.22 12.77 14.95 - -

F6 (640) Time 38.89 37.24 39.88 37.66 28.68 30.55 34.01 32.43 37.82 22.46 27.15 25.39 1.66 17.30

F6 (1280) Mean 605.67 606.35 606.67 606.62 712.13 739.20 746.23 747.90 794.50 781.80 761.51 702.10 - -

F6 (1280) STD 11.28 11.72 11.45 11.63 18.16 20.01 21.18 22.99 25.06 24.31 29.01 29.82 - -

F6 (1280) Time 71.07 71.20 70.43 71.11 38.53 39.88 39.20 41.96 76.15 53.80 47.91 63.58 1.47 26.20

Table 7.e: The obtained results for function F6 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 BWOA BWMV

F6 (160) Mean 97.33 102.42 107.52 111.51 100.11 100.78 100.65 100.76 124.04 122.94 119.68 111.87 - -

F6 (160) STD 5.43 7.22 8.41 8.62 2.96 3.09 2.81 3.10 3.09 3.46 3.77 4.22 - -

F6 (160) Time 24.77 24.92 24.67 25.05 23.64 23.97 23.53 23.04 6.84 6.80 8.83 11.43 3.63 6.51

F6 (320) Mean 187.07 200.07 213.75 219.45 181.70 181.92 182.72 182.09 225.19 223.96 215.31 201.35 - -

F6 (320) STD 9.14 14.38 15.21 14.47 3.99 4.15 4.26 4.47 6.00 6.82 6.56 7.03 - -

F6 (320) Time 26.00 28.07 27.70 26.10 33.08 28.29 27.94 27.04 14.48 12.28 12.17 11.47 2.27 11.50

F6 (640) Mean 368.31 391.31 419.98 433.47 337.51 337.22 338.49 337.62 420.22 415.67 401.07 371.29 - -

F6 (640) STD 12.76 27.49 29.07 27.68 6.73 5.93 5.84 5.50 12.44 14.22 12.77 14.95 - -

F6 (640) Time 32.95 32.01 33.12 32.48 35.75 34.58 35.75 35.71 37.82 22.46 27.15 25.39 1.43 22.38

F6 (1280) Mean 725.24 788.33 837.71 868.49 635.66 637.05 636.94 638.18 794.53 781.75 761.51 702.10 - -

F6 (1280) STD 20.90 55.20 61.27 55.15 7.90 8.10 8.56 7.86 25.06 24.31 29.01 29.82 - -

F6 (1280) Time 40.78 40.29 41.32 43.56 50.27 50.24 51.93 49.00 76.15 53.80 47.91 63.58 0.84 47.96
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Table 8.a: The obtained results for function F7 by EBPSO,
BGA, and BPSO.

Function (n) BGA (mut) BPSO (w) EBPSO (Pmin) Speedup

0.001 0.01 0.05 0.1 0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 (EBPSO & BGA) (EBPSO & BPSO)

F7(160) Mean 101.62 115.09 114.70 110.45 117.48 120.2 125.2 135.5 140.79 140.07 138.35 133.50 - -

F7(160) STD 3.94 4.20 3.63 3.66 1.81 1.98 1.74 1.58 1.80 1.96 2.10 2.53 - -

F7(160) Time 51.96 52.47 41.95 44.48 304.77 309 502.1 463.8 6.37 7.40 6.58 7.29 6.59 6.38

F7(320) Mean 192.83 210.24 209.74 203.81 213.89 218 225.6 242.6 268.16 267.28 263.13 253.79 - -

F7(320) STD 5.19 6.39 6.24 5.48 2.68 2.67 2.67 2.86 3.51 3.92 4.91 5.05 - -

F7(320) Time 49.25 42.69 43.68 42.64 483.96 363.6 350.8 353.1 11.30 13.31 12.33 11.72 3.77 11.31

F7(640) Mean 368.63 391.24 390.78 383.09 396.18 402.2 413.4 438.9 517.82 513.98 506.48 485.64 - -

F7(640) STD 7.59 8.94 7.77 7.36 3.73 3.74 3.73 4.07 8.07 8.01 7.72 8.67 - -

F7(640) Time 46.18 48.61 57.28 47.67 506.69 495.7 496.9 686.4 22.10 23.15 22.11 23.46 2.09 22.81

F7(1280) Mean 710.83 740.94 739.61 727.32 748.35 757.9 774.1 810.1 1007.1 1000.6 986.69 944.40 - -

F7(1280) STD 10.05 11.32 12.77 10.21 5.46 5.54 5.57 5.78 15.48 18.29 17.09 18.78 - -

F7(1280) Time 56.30 56.56 57.02 58.91 1090.8 778.8 761.5 761.2 46.73 44.77 46.01 42.10 1.34 42.21

Table 8.b: The obtained results for function F7 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BSCA) (EBPSO & BRKO)

F7(160) Mean 101.13 101.26 101.38 101.12 126.02 126.29 126.61 126.83 140.79 140.07 138.35 133.50 - -

F7(160) STD 2.21 2.19 2.16 2.22 1.79 1.84 1.99 1.89 1.80 1.96 2.10 2.53 - -

F7(160) Time 7.88 8.78 7.80 8.79 29.55 27.88 30.07 28.48 6.37 7.40 6.58 7.29 1.22 6.39

F7(320) Mean 190.25 190.10 190.18 190.35 239.74 240.01 240.83 241.60 268.16 267.28 263.13 253.80 - -

F7(320) STD 3.07 3.17 3.08 3.27 2.81 2.84 2.80 3.04 3.51 3.92 4.91 5.05 - -

F7(320) Time 15.98 14.82 15.10 15.08 32.17 32.79 31.74 34.34 11.30 13.31 12.33 11.72 1.31 11.30

F7(640) Mean 362.03 361.95 362.11 362.48 461.29 461.79 462.61 463.87 517.82 513.98 506.48 485.60 - -

F7(640) STD 3.80 3.94 4.01 4.07 4.18 4.09 3.83 4.16 8.07 8.01 7.72 8.67 - -

F7(640) Time 28.77 28.06 29.58 28.21 41.23 39.62 42.46 39.78 22.10 23.15 22.11 23.46 1.27 22.10

F7(1280) Mean 699.55 699.83 699.61 699.60 896.47 897.83 899.16 901.21 1007.10 1000.60 986.69 944.40 - -

F7(1280) STD 5.54 6.12 5.49 5.96 6.13 5.14 5.72 5.31 15.48 18.29 17.09 18.78 - -

F7(1280) Time 55.98 58.30 56.41 56.78 56.47 55.23 55.76 55.04 46.73 44.77 46.01 42.10 1.33 42.40
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Table 8.c: The obtained results for function F7 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BDO) (EBPSO & BZOA)

F7(160) Mean 107.60 110.50 110.49 108.90 127.07 126.90 126.67 125.30 140.79 140.07 138.35 133.50 - -

F7(160) STD 2.73 3.50 3.31 3.27 1.86 1.87 1.73 2.01 1.80 1.96 2.10 2.53 - -

F7(160) Time 25.79 37.11 59.77 63.76 31.23 28.29 28.44 28.26 6.37 7.40 6.58 7.29 4.05 7.71

F7(320) Mean 198.76 200.13 205.92 203.55 241.27 241.39 240.41 237.59 268.16 267.28 263.13 253.79 - -

F7(320) STD 3.16 3.20 4.45 5.39 2.49 2.89 2.86 2.79 3.51 3.92 4.91 5.05 - -

F7(320) Time 31.23 31.89 46.81 87.88 31.82 30.88 31.62 31.39 11.30 13.31 12.33 11.72 2.76 11.53

F7(640) Mean 374.38 376.77 383.09 385.31 464.59 463.58 462.61 456.75 517.82 513.98 506.48 485.64 - -

F7(640) STD 4.91 4.61 5.12 7.66 4.43 3.66 4.33 4.44 8.07 8.01 7.72 8.67 - -

F7(640) Time 45.80 45.14 45.61 103.74 40.67 37.87 37.73 38.77 22.10 23.15 22.11 23.46 2.04 19.94

F7(1280) Mean 717.65 720.97 729.15 734.85 901.49 900.82 897.84 885.96 1007.10 1000.64 986.69 944.40 - -

F7(1280) STD 6.71 6.47 6.19 10.70 5.65 5.59 6.29 5.65 15.48 18.29 17.09 18.78 - -

F7(1280) Time 72.87 82.87 73.89 155.68 48.89 48.93 49.90 49.47 46.73 44.77 46.01 42.10 1.73 28.26

Table 8.d: The obtained results for function F7 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9 (EBPSO & BGWO) (EBPSO & BHHO)

F7(160) Mean 119.3 119.6 119.4 119.4 130.4 131.8 132.0 132.0 140.8 140.1 138.4 133.5 - -

F7(160) STD 2.8 2.7 3.0 2.9 2.3 2.3 2.6 2.7 1.8 2.0 2.1 2.5 - -

F7(160) Time 9.6 12.0 9.9 9.0 14.3 15.2 15.0 16.5 6.4 7.4 6.6 7.3 1.4 6.4

F7(320) Mean 230.7 230.6 230.8 230.7 250.6 254.6 254.8 254.9 268.2 267.3 263.1 253.8 - -

F7(320) STD 4.3 3.9 3.9 3.8 3.5 4.1 3.8 4.2 3.5 3.9 4.9 5.1 - -

F7(320) Time 17.3 18.0 19.5 18.8 15.3 19.1 22.2 16.7 11.3 13.3 12.3 11.7 1.5 10.0

F7(640) Mean 449.3 449.4 449.8 448.7 486.9 495.3 497.1 497.6 517.8 514.0 506.5 485.6 - -

F7(640) STD 6.2 5.8 5.9 5.4 6.8 7.6 7.8 8.6 8.1 8.0 7.7 8.7 - -

F7(640) Time 35.1 33.8 35.4 36.1 21.0 21.8 23.5 22.0 22.1 23.2 22.1 23.5 1.5 13.7

F7(1280) Mean 881.6 881.8 881.0 882.7 957.6 973.8 977.9 978.6 1007.1 1000.6 986.7 944.4 - -

F7(1280) STD 8.1 8.2 7.8 8.0 12.8 12.8 15.9 14.4 15.5 18.3 17.1 18.8 - -

F7(1280) Time 69.1 68.2 70.1 68.0 30.7 30.9 51.0 31.0 46.7 44.8 46.0 42.1 1.6 19.1
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Table 8.e: The obtained results for function F7 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BWOA) (EBPSO & BWMV)

F7(160) Mean 124.8 128.2 131.2 132.9 127.1 127.3 127.3 127.5 140.8 140.1 138.4 133.5 - -

F7(160) STD 3.8 4.8 5.6 5.3 2.0 1.9 1.8 1.8 1.8 2.0 2.1 2.5 - -

F7(160) Time 41.0 40.2 40.5 40.6 25.1 24.7 25.6 25.4 6.4 7.4 6.6 7.3 6.34 3.9

F7(320) Mean 236.5 241.8 245.9 249.2 241.5 242.0 242.0 242.3 268.2 267.3 263.1 253.8 - -

F7(320) STD 6.3 6.9 7.2 7.6 3.1 3.2 3.3 3.1 3.5 3.9 4.9 5.1 - -

F7(320) Time 49.0 49.2 50.0 49.7 30.7 29.8 30.5 29.9 11.3 13.3 12.3 11.7 4.36 2.8

F7(640) Mean 459.6 470.2 478.8 484.7 463.8 464.7 464.6 465.1 517.8 514.0 506.5 485.6 - -

F7(640) STD 9.2 10.3 10.9 11.7 4.5 4.3 4.2 4.1 8.1 8.0 7.7 8.7 - -

F7(640) Time 59.5 59.9 60.2 60.6 36.2 36.7 37.1 36.8 22.1 23.2 22.1 23.5 2.70 1.6

F7(1280) Mean 902.3 926.7 945.2 959.8 901.3 902.5 902.9 903.3 1007.1 1000.6 986.7 944.4 - -

F7(1280) STD 14.2 15.9 16.6 17.4 5.8 5.7 5.8 5.6 15.5 18.3 17.1 18.8 - -

F7(1280) Time 81.4 82.6 83.0 84.3 51.0 50.9 51.5 50.8 46.7 44.8 46.0 42.1 1.75 1.2

Table 9.a: The obtained results for function F8 by EBPSO,
BGA, and BPSO.

Function (n) BGA (mut) BPSO (w) EBPSO (Pmin) Speedup

0.001 0.01 0.05 0.1 0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 (EBPSO & BGA) (EBPSO & BPSO)

F8 (160) Mean 151.7 156.5 153.6 151.4 153.3 153.6 153.9 155.0 147.8 148.1 148.5 149.1 - -

F8 (160) STD 2.2 1.6 1.6 1.5 0.8 0.8 0.9 0.7 1.2 1.3 1.3 1.1 - -

F8 (160) Time 64.1 63.0 62.7 63.9 317.7 306.8 307.9 310.0 9.2 7.4 8.7 8.6 8.5 8.5

F8 (320) Mean 298.0 305.3 299.7 296.4 299.0 299.4 300.2 302.4 289.2 289.7 290.1 291.4 - -

F8 (320) STD 3.1 3.0 2.5 2.3 1.4 1.5 1.2 1.3 2.1 2.2 2.0 2.0 - -

F8 (320) Time 67.5 66.2 66.3 66.8 383.5 381.5 379.5 378.7 17.8 15.0 15.3 12.9 5.1 12.9

F8 (640) Mean 586.8 595.2 587.3 582.4 586.1 586.6 588.0 592.2 570.2 571.5 572.3 573.7 - -

F8 (640) STD 5.1 4.9 4.0 4.2 2.1 2.1 1.9 2.2 3.1 3.6 3.2 3.1 - -

F8 (640) Time 71.3 75.2 76.1 79.1 506.8 515.1 516.5 512.6 26.1 26.0 27.6 26.5 2.7 27.4

F8 (1280) Mean 1156.4 1167.6 1154.9 1147.8 1153.6 1154.6 1157.0 1163.8 1129.7 1131.4 1132.8 1134.9 - -

F8 (1280) STD 6.3 7.4 6.2 5.2 2.9 2.9 3.3 3.1 5.1 5.0 4.8 4.5 - -

F8 (1280) Time 85.4 85.2 87.2 86.6 778.8 786.2 767.0 756.8 58.6 54.7 46.8 46.0 1.9 46.1
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Table 9.b: The obtained results for function F8 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BSCA) (EBPSO & BRKO)

F8 (160) Mean 54.9 55.0 54.9 55.0 52.3 52.4 52.4 52.4 147.8 148.1 148.5 149.1 - -

F8 (160) STD 1.5 1.4 1.6 1.7 1.6 1.5 1.5 1.6 1.2 1.3 1.3 1.1 - -

F8 (160) Time 8.7 7.9 8.5 7.8 26.2 27.4 25.1 25.9 9.2 7.4 8.7 8.6 1.1 7.3

F8 (320) Mean 101.0 101.2 101.3 101.1 96.2 96.2 96.2 96.3 289.2 289.7 290.1 291.4 - -

F8 (320) STD 2.1 2.0 2.1 2.1 2.1 2.2 2.2 2.2 2.1 2.2 2.0 2.0 - -

F8 (320) Time 14.7 15.3 15.2 14.8 30.9 29.1 30.7 28.7 17.8 15.0 15.3 12.9 1.1 13.0

F8 (640) Mean 190.1 190.0 189.9 189.8 181.3 180.9 180.5 180.7 570.2 571.5 572.3 573.7 - -

F8 (640) STD 3.0 2.6 3.1 2.9 3.5 3.6 3.3 3.1 3.1 3.6 3.2 3.1 - -

F8 (640) Time 27.7 28.7 28.4 29.3 39.5 37.8 39.8 39.5 26.1 26.0 27.6 26.5 1.1 26.8

F8 (1280) Mean 362.8 362.7 362.5 363.2 347.5 347.0 347.5 346.7 1129.7 1131.4 1132.8 1134.9 - -

F8 (1280) STD 4.4 4.4 5.0 4.3 5.8 5.4 5.9 5.3 5.1 5.0 4.8 4.5 - -

F8 (1280) Time 55.8 54.9 60.1 62.8 52.5 54.4 53.5 54.1 58.6 54.7 46.8 46.0 1.2 44.1

Table 9.c: The obtained results for function F8 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BDO) (EBPSO & BZOA)

F8 (160) Mean 80.4 83.0 82.9 82.2 148.3 148.0 148.4 148.3 147.8 148.1 148.5 149.1 - -

F8 (160) STD 3.2 4.0 4.6 4.5 1.4 1.3 1.3 1.2 1.2 1.3 1.3 1.1 - -

F8 (160) Time 26.9 39.0 62.6 65.5 38.9 40.4 40.2 38.7 9.2 7.4 8.7 8.6 3.7 10.6

F8 (320) Mean 144.3 145.9 150.4 148.9 289.3 289.4 289.2 289.8 289.2 289.7 290.1 291.4 - -

F8 (320) STD 3.8 3.8 5.3 5.6 2.1 1.9 2.0 2.0 2.1 2.2 2.0 2.0 - -

F8 (320) Time 37.0 35.3 56.1 81.6 43.1 42.5 45.5 43.7 17.8 15.0 15.3 12.9 2.7 12.9

F8 (640) Mean 267.5 268.4 272.0 274.2 569.9 569.7 570.3 570.7 570.2 571.5 572.3 573.7 - -

F8 (640) STD 5.3 5.8 5.8 8.6 3.6 3.2 3.2 3.0 3.1 3.6 3.2 3.1 - -

F8 (640) Time 51.7 47.1 49.5 118.0 51.6 48.8 50.5 50.3 26.1 26.0 27.6 26.5 1.8 26.0

F8 (1280) Mean 504.2 505.4 510.4 516.1 1129.4 1128.9 1130.0 1129.5 1129.7 1131.4 1132.8 1134.9 - -

F8 (1280) STD 7.2 7.9 8.0 11.7 5.4 5.1 5.7 5.3 5.1 5.0 4.8 4.5 - -

F8 (1280) Time 93.9 84.0 83.9 193.2 63.6 63.3 62.5 64.3 58.6 54.7 46.8 46.0 1.8 35.0
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Table 9.d: The obtained results for function F8 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9 (EBPSO & BGWO) (EBPSO & BHHO)

F8 (160) Mean 142.5 142.0 142.2 142.1 148.9 149.2 149.4 149.5 147.8 148.1 148.5 149.1 - -

F8 (160) STD 2.1 2.1 2.0 2.0 1.2 1.3 1.2 1.2 1.2 1.3 1.3 1.1 - -

F8 (160) Time 10.3 9.5 11.5 10.1 13.2 13.4 14.1 14.3 9.2 7.4 8.7 8.6 1.3 7.4

F8 (320) Mean 279.1 278.8 279.2 278.5 291.1 291.9 292.2 292.6 289.2 289.7 290.1 291.4 - -

F8 (320) STD 3.1 3.1 3.3 3.0 2.0 2.1 2.0 1.8 2.1 2.2 2.0 2.0 - -

F8 (320) Time 18.3 18.4 19.1 18.2 14.7 15.3 16.3 17.3 17.8 15.0 15.3 12.9 1.4 10.4

F8 (640) Mean 549.9 550.3 550.1 550.0 572.8 574.4 574.6 574.8 570.2 571.5 572.3 573.7 - -

F8 (640) STD 3.9 4.2 4.1 4.3 2.9 2.8 2.8 2.9 3.1 3.6 3.2 3.1 - -

F8 (640) Time 35.2 34.8 34.9 34.8 19.4 20.4 22.3 22.2 26.1 26.0 27.6 26.5 1.3 14.5

F8 (1280) Mean 1088.7 1089.1 1088.9 1088.8 1132.9 1134.8 1135.3 1136.1 1129.7 1131.4 1132.8 1134.9 - -

F8 (1280) STD 6.3 5.7 5.6 5.9 4.2 4.4 4.2 3.8 5.1 5.0 4.8 4.5 - -

F8 (1280) Time 68.4 76.3 67.6 69.0 28.5 31.2 30.8 32.0 58.6 54.7 46.8 46.0 1.5 19.4

Table 9.e: The obtained results for function F8 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BWOA) (EBPSO & BWMV)

F8 (160) Mean 143.8 143.9 143.4 142.9 148.2 148.2 148.0 148.1 147.8 148.1 148.5 149.1 - -

F8 (160) STD 2.1 2.0 2.0 2.0 1.2 1.5 1.2 1.3 1.2 1.3 1.3 1.1 - -

F8 (160) Time 34.6 36.1 33.6 34.7 38.3 41.9 36.4 37.7 9.2 7.4 8.7 8.6 4.6 7.4

F8 (320) Mean 283.4 283.3 282.3 281.8 289.7 289.7 289.6 289.3 289.2 289.7 290.1 291.4 - -

F8 (320) STD 3.3 3.4 3.1 3.3 2.1 2.2 2.2 2.0 2.1 2.2 2.0 2.0 - -

F8 (320) Time 36.0 38.0 36.4 36.9 39.2 40.6 39.3 41.4 17.8 15.0 15.3 12.9 2.8 13.0

F8 (640) Mean 562.8 561.7 558.3 556.6 569.9 569.8 569.3 570.3 570.2 571.5 572.3 573.7 - -

F8 (640) STD 5.1 5.0 5.4 5.2 3.7 3.6 3.3 3.2 3.1 3.6 3.2 3.1 - -

F8 (640) Time 43.1 44.2 42.0 42.4 49.1 48.6 47.3 48.2 26.1 26.0 27.6 26.5 1.6 25.9

F8 (1280) Mean 1116.4 1115.3 1109.8 1105.6 1129.7 1128.8 1129.0 1128.6 1129.7 1131.4 1132.8 1134.9 - -

F8 (1280) STD 7.8 9.1 8.5 8.6 5.1 5.3 5.9 5.1 5.1 5.0 4.8 4.5 - -

F8 (1280) Time 50.3 51.0 57.6 54.4 64.2 63.5 62.5 62.4 58.6 54.7 46.8 46.0 1.1 46.8
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Table 10.a: The obtained results for function F9 by EBPSO,
BGA, and BPSO.

Function (n) BGA (mut) BPSO (w) EBPSO (Pmin) Speedup

0.001 0.01 0.05 0.1 0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 (EBPSO & BGA) (EBPSO & BPSO)

F9 (160) Mean 60.3 60.5 60.3 60.5 60.8 62.3 64.8 69.9 71.5 71.2 70.4 68.0 - -

F9 (160) STD 1.6 1.6 1.5 1.5 1.0 0.9 1.0 0.8 1.0 1.0 1.1 1.2 - -

F9 (160) Time 14.5 12.8 13.5 13.7 570.9 568.9 585.1 589.6 6.9 7.6 7.3 7.8 1.9 6.9

F9 (320) Mean 116.7 116.8 116.8 116.8 110.4 112.7 116.9 125.5 136.1 135.3 133.6 128.7 - -

F9 (320) STD 2.5 2.3 2.5 2.3 1.5 1.5 1.5 1.3 1.9 2.1 2.2 2.4 - -

F9 (320) Time 24.7 23.6 23.5 24.5 655.8 642.3 634.9 636.4 11.7 12.4 13.0 12.1 2.0 11.7

F9 (640) Mean 226.3 226.9 226.2 226.7 203.7 207.4 213.3 227.1 261.4 260.2 256.0 246.1 - -

F9 (640) STD 3.2 3.3 3.5 3.3 2.1 2.3 2.3 2.2 4.1 4.1 5.3 5.1 - -

F9 (640) Time 44.1 44.4 44.6 45.2 782.1 778.9 791.5 780.7 21.6 21.6 24.8 21.5 2.1 21.7

F9 (1280) Mean 443.6 443.6 443.5 443.5 382.2 387.6 396.0 417.1 508.2 505.4 497.1 476.7 - -

F9 (1280) STD 4.5 4.6 5.0 4.5 3.2 3.3 2.8 3.2 7.7 7.8 8.9 10.4 - -

F9 (1280) Time 86.7 84.2 78.2 65.6 1191.2 1058.1 1045.0 1057.4 44.5 41.7 41.8 41.4 1.6 41.3

Table 10.b: The obtained results for function F9 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BSCA) (EBPSO & BRKO)

F9 (160) Mean 51.9 52.0 52.0 52.0 64.1 64.3 64.4 64.6 71.5 71.2 70.4 68.0 - -

F9 (160) STD 1.2 1.2 1.2 1.2 1.0 1.0 1.0 1.1 1.0 1.0 1.1 1.2 - -

F9 (160) Time 9.0 8.8 8.2 8.7 55.4 53.9 51.6 52.4 6.9 7.6 7.3 7.8 1.2 6.9

F9 (320) Mean 97.0 96.9 97.1 97.0 121.6 121.9 122.0 122.6 136.1 135.3 133.6 128.7 - -

F9 (320) STD 1.6 1.7 1.7 1.6 1.6 1.4 1.5 1.4 1.9 2.1 2.2 2.4 - -

F9 (320) Time 14.6 14.8 15.2 14.3 55.2 56.4 55.5 56.3 11.7 12.4 13.0 12.1 1.2 11.8

F9 (640) Mean 183.9 183.7 183.7 184.0 233.5 234.2 234.6 235.3 261.4 260.2 256.0 246.1 - -

F9 (640) STD 2.2 2.0 2.4 2.3 2.3 2.3 2.2 2.3 4.1 4.1 5.3 5.1 - -

F9 (640) Time 27.1 27.9 27.0 27.4 65.2 80.7 65.9 65.6 21.6 21.6 24.8 21.5 1.3 21.6

F9 (1280) Mean 354.6 354.6 355.0 354.6 452.7 453.4 454.8 455.4 508.2 505.4 497.1 476.7 - -

F9 (1280) STD 3.8 3.7 3.5 3.7 3.4 3.2 3.8 3.1 7.7 7.8 8.9 10.4 - -

F9 (1280) Time 52.9 53.4 53.1 54.8 80.5 81.7 83.8 81.8 44.5 41.7 41.8 41.4 1.3 41.5
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Table 10.c: The obtained results for function F9 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BDO) (EBPSO & BZOA)

F9 (160) Mean 55.3 57.2 57.1 56.5 64.7 64.8 64.4 63.7 71.5 71.2 70.4 68.0 - -

F9 (160) STD 1.4 2.0 1.8 1.8 1.2 1.1 1.0 1.1 1.0 1.0 1.1 1.2 - -

F9 (160) Time 27.4 37.6 59.7 64.9 51.5 47.6 46.5 46.6 6.9 7.6 7.3 7.8 4.0 9.5

F9 (320) Mean 101.9 102.7 105.8 105.3 122.8 122.5 122.5 120.9 136.1 135.3 133.6 128.7 - -

F9 (320) STD 2.0 1.9 2.6 2.9 1.6 1.6 1.7 1.8 1.9 2.1 2.2 2.4 - -

F9 (320) Time 33.0 32.6 47.6 80.1 50.0 49.4 50.1 50.2 11.7 12.4 13.0 12.1 2.8 11.7

F9 (640) Mean 191.4 192.7 195.4 197.1 235.3 235.1 234.3 231.1 261.4 260.2 256.0 246.1 - -

F9 (640) STD 2.5 2.8 2.5 4.1 2.4 2.3 2.3 2.2 4.1 4.1 5.3 5.1 - -

F9 (640) Time 47.1 46.6 56.1 160.2 57.7 56.6 59.7 61.0 21.6 21.6 24.8 21.5 2.2 21.5

F9 (1280) Mean 364.7 366.6 371.1 374.9 455.1 455.2 453.5 447.5 508.2 505.4 497.1 476.7 - -

F9 (1280) STD 3.8 4.0 4.0 5.7 3.2 3.2 3.4 2.8 7.7 7.8 8.9 10.4 - -

F9 (1280) Time 146.6 89.6 95.2 184.2 77.8 74.6 68.4 68.6 44.5 41.7 41.8 41.4 2.2 35.8

Table 10.d: The obtained results for function F9 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9 (EBPSO & BGWO) (EBPSO & BHHO)

F9 (160) Mean 60.3 60.5 60.3 60.5 66.3 66.9 66.9 67.1 71.5 71.2 70.4 68.0 - -

F9 (160) STD 1.6 1.6 1.5 1.5 1.2 1.2 1.4 1.3 1.0 1.0 1.1 1.2 - -

F9 (160) Time 14.5 12.8 13.5 13.7 13.3 13.5 14.5 14.9 6.9 7.6 7.3 7.8 1.3 6.9

F9 (320) Mean 116.7 116.8 116.8 116.8 126.9 128.7 128.7 128.6 136.1 135.3 133.6 128.7 - -

F9 (320) STD 2.5 2.3 2.5 2.3 1.9 2.0 2.1 2.2 1.9 2.1 2.2 2.4 - -

F9 (320) Time 24.7 23.6 23.5 24.5 15.1 15.5 16.7 17.9 11.7 12.4 13.0 12.1 1.4 10.7

F9 (640) Mean 226.3 226.9 226.2 226.7 246.1 250.1 250.8 250.9 261.4 260.2 256.0 246.1 - -

F9 (640) STD 3.2 3.3 3.5 3.3 3.4 3.9 4.0 3.6 4.1 4.1 5.3 5.1 - -

F9 (640) Time 44.1 44.4 44.6 45.2 20.7 20.7 23.2 22.2 21.6 21.6 24.8 21.5 1.5 13.7

F9 (1280) Mean 443.6 443.6 443.5 443.5 480.8 489.7 491.2 492.3 508.2 505.4 497.1 476.7 - -

F9 (1280) STD 4.5 4.6 5.0 4.5 6.0 6.2 6.9 7.1 7.7 7.8 8.9 10.4 - -

F9 (1280) Time 86.7 84.2 78.2 65.6 29.6 30.9 31.4 32.6 44.5 41.7 41.8 41.4 1.5 19.3
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Table 10.e: The obtained results for function F9 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BWOA) (EBPSO & BWMV)

F9 (160) Mean 62.9 64.1 65.5 66.6 64.8 64.8 64.8 64.9 71.5 71.2 70.4 68.0 - -

F9 (160) STD 1.9 2.4 2.4 2.6 0.9 1.1 1.0 1.1 1.0 1.0 1.1 1.2 - -

F9 (160) Time 47.5 46.2 46.7 46.9 51.4 50.2 50.1 50.3 6.9 7.6 7.3 7.8 6.7 6.9

F9 (320) Mean 123.4 127.0 130.6 132.5 122.9 123.0 123.2 122.9 136.1 135.3 133.6 128.7 - -

F9 (320) STD 3.0 4.3 4.7 5.0 1.7 1.5 1.6 1.7 1.9 2.1 2.2 2.4 - -

F9 (320) Time 48.9 49.5 50.0 49.0 55.3 54.5 53.7 54.3 11.7 12.4 13.0 12.1 4.2 11.7

F9 (640) Mean 243.4 251.5 260.1 264.3 235.5 235.6 235.7 235.9 261.4 260.2 256.0 246.1 - -

F9 (640) STD 5.0 8.9 9.4 9.5 2.5 2.3 2.2 2.3 4.1 4.1 5.3 5.1 - -

F9 (640) Time 55.6 54.7 55.5 55.5 65.8 64.6 65.3 63.1 21.6 21.6 24.8 21.5 2.5 21.5

F9 (1280) Mean 483.2 502.8 516.9 526.4 456.1 456.4 456.3 456.7 508.2 505.4 497.1 476.7 - -

F9 (1280) STD 7.8 16.5 19.6 16.2 3.3 3.7 3.3 3.5 7.7 7.8 8.9 10.4 - -

F9 (1280) Time 64.9 65.0 64.5 65.4 78.8 79.3 78.4 78.6 44.5 41.7 41.8 41.4 1.6 41.4

Table 11.a: The obtained results for function F10 by EBPSO,
BGA, and BPSO.

Function (n) BGA (mut) BPSO (w) EBPSO (Pmin) Speedup

0.001 0.01 0.05 0.1 0.6 0.7 0.8 0.9 0.6 0.7 0.8 0.9 (EBPSO & BGA) (EBPSO & BPSO)

F10 (160) Mean 77.9 90.9 88.0 82.8 87.5 89.0 92.2 101.9 177.7 176.8 174.3 168.7 - -

F10 (160) STD 4.9 5.0 4.4 4.1 2.5 2.3 2.3 2.2 2.5 2.2 2.5 3.1 - -

F10 (160) Time 53.0 52.2 54.2 68.9 326.8 321.0 320.4 319.0 7.6 8.5 7.8 8.1 6.9 7.6

F10 (320) Mean 144.5 161.3 155.0 148.4 154.8 157.2 161.9 173.6 337.9 335.6 330.3 318.5 - -

F10 (320) STD 6.7 7.0 6.4 6.3 3.1 3.1 3.5 3.7 5.5 5.1 5.3 6.3 - -

F10 (320) Time 62.0 55.0 54.6 56.1 381.5 384.3 402.1 455.6 13.4 14.0 12.7 12.5 4.4 12.5

F10 (640) Mean 270.9 295.4 283.1 272.5 282.4 285.5 291.0 306.7 648.7 645.7 634.6 611.9 - -

F10 (640) STD 8.5 9.9 9.2 8.5 4.0 4.5 4.7 5.1 9.4 10.4 10.8 13.4 - -

F10 (640) Time 61.6 62.0 62.2 62.2 580.9 524.6 525.2 527.0 28.3 29.9 23.7 23.0 2.7 23.2

F10 (1280) Mean 511.1 541.7 525.1 511.8 524.3 529.6 538.2 558.5 1263.2 1256.3 1236.0 1187.2 - -

F10 (1280) STD 12.8 13.9 13.3 10.9 6.2 6.2 6.6 6.9 19.3 20.6 22.2 24.5 - -

F10 (1280) Time 73.8 73.9 75.1 76.0 850.6 866.8 895.5 818.0 50.1 51.5 51.1 63.2 1.5 50.3
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Table 11.b: The obtained results for function F10 by EBPSO,
BSCA, and BRKO.

Function (n) BSCA (a) BRKO (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BSCA) (EBPSO & BRKO)

F10 (160) Mean 78.1 77.8 77.8 78.0 79.2 78.3 79.4 78.7 177.7 176.8 174.3 168.7 - -

F10 (160) STD 2.8 2.4 2.5 2.6 3.9 3.5 3.7 3.5 2.5 2.2 2.5 3.1 - -

F10 (160) Time 8.4 7.6 8.6 7.8 34.2 35.4 34.2 35.5 7.6 8.5 7.8 8.1 1.0 7.6

F10 (320) Mean 141.1 140.8 140.9 141.2 136.5 137.9 137.4 136.4 337.9 335.6 330.3 318.5 - -

F10 (320) STD 3.7 3.3 3.4 3.3 4.5 5.6 4.7 4.7 5.5 5.1 5.3 6.3 - -

F10 (320) Time 14.8 14.6 14.7 14.6 39.1 38.6 40.2 37.9 13.4 14.0 12.7 12.5 1.2 12.5

F10 (640) Mean 262.9 262.3 262.3 262.5 248.7 249.3 248.2 246.9 648.7 645.7 634.6 611.9 - -

F10 (640) STD 5.0 4.9 4.6 4.8 6.5 6.8 6.1 5.8 9.4 10.4 10.8 13.4 - -

F10 (640) Time 31.3 27.0 28.1 27.7 47.9 47.5 46.9 48.4 28.3 29.9 23.7 23.0 1.2 23.1

F10 (1280) Mean 497.3 497.0 497.4 496.4 471.9 471.9 471.9 470.8 1263.2 1256.3 1236.0 1187.2 - -

F10 (1280) STD 6.7 7.4 6.5 6.3 9.3 9.7 8.0 9.0 19.3 20.6 22.2 24.5 - -

F10 (1280) Time 53.2 54.3 52.5 54.2 64.0 69.8 67.4 63.6 50.1 51.5 51.1 63.2 1.1 50.0

Table 11.c: The obtained results for function F10 by EBPSO,
BDO, and BZOA.

Function (n) BDO (α) BZOA (α) EBPSO (Pmin) Speedup

0.1 0.25 0.5 1.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BDO) (EBPSO & BZOA)

F10 (160) Mean 80.5 83.2 83.1 82.2 160.1 160.4 159.7 158.0 177.7 176.8 174.3 168.7 - -

F10 (160) STD 3.1 4.2 4.2 4.4 2.4 2.5 2.5 2.7 2.5 2.2 2.5 3.1 - -

F10 (160) Time 25.2 43.2 67.0 80.7 49.6 48.5 45.9 47.3 7.6 8.5 7.8 8.1 3.3 13.0

F10 (320) Mean 144.6 145.8 151.1 147.9 303.9 303.7 302.9 298.8 337.9 335.6 330.3 318.5 - -

F10 (320) STD 3.7 4.1 5.5 5.9 3.5 3.8 3.9 3.3 5.5 5.1 5.3 6.3 - -

F10 (320) Time 32.3 32.8 50.5 80.2 48.7 50.0 53.9 51.1 13.4 14.0 12.7 12.5 2.6 12.7

F10 (640) Mean 267.3 268.6 272.1 274.1 583.8 583.7 581.2 573.8 648.7 645.7 634.6 611.9 - -

F10 (640) STD 5.4 5.4 5.6 8.1 5.3 5.9 5.3 5.3 9.4 10.4 10.8 13.4 - -

F10 (640) Time 47.7 45.7 47.0 108.1 60.0 61.3 59.9 53.6 28.3 29.9 23.7 23.0 2.0 23.1

F10 (1280) Mean 503.9 505.5 510.3 515.0 1131.8 1130.6 1127.3 1112.5 1263.2 1256.3 1236.0 1187.2 - -

F10 (1280) STD 7.3 7.4 7.8 12.4 8.3 7.4 7.8 7.6 19.3 20.6 22.2 24.5 - -

F10 (1280) Time 74.8 77.0 76.6 164.2 66.2 65.4 69.8 71.4 50.1 51.5 51.1 63.2 1.5 44.5
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Table 11.d: The obtained results for function F10 by EBPSO,
BGWO, and BHHO.

Function (n) BGWO (a) BHHO (a) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0 0.6 0.7 0.8 0.9 (EBPSO & BGWO) (EBPSO & BHHO)

F10 (160) Mean 66.11 65.83 65.79 66.07 80.04 81.49 81.31 81.19 177.74 176.80 174.32 168.72 - -

F10 (160) STD 5.24 4.64 4.90 5.46 3.94 4.22 4.61 5.42 2.47 2.25 2.46 3.10 - -

F10 (160) Time 8.99 9.82 9.52 8.77 12.09 12.15 13.67 14.46 7.56 8.51 7.78 8.08 1.16 7.56

F10 (320) Mean 120.06 119.83 120.37 120.19 139.55 141.14 142.04 140.75 337.85 335.63 330.29 318.54 - -

F10 (320) STD 6.47 6.96 6.70 6.45 5.89 7.07 6.68 6.27 5.50 5.14 5.28 6.31 - -

F10 (320) Time 16.66 16.77 17.88 17.25 14.49 15.15 17.63 29.35 13.41 14.01 12.69 12.51 1.33 10.89

F10 (640) Mean 223.11 223.65 224.26 223.20 250.73 253.62 254.21 254.81 648.67 645.73 634.60 611.88 - -

F10 (640) STD 9.19 9.86 10.49 9.38 6.65 7.63 8.68 9.62 9.38 10.36 10.80 13.38 - -

F10 (640) Time 32.75 33.17 32.54 32.98 22.88 21.85 21.10 21.98 28.32 29.94 23.67 23.03 1.41 16.23

F10 (1280) Mean 425.34 424.92 423.83 423.07 472.56 475.19 476.09 477.51 1263.16 1256.31 1236.02 1187.18 - -

F10 (1280) STD 14.48 14.00 13.11 11.94 8.95 10.50 9.01 10.72 19.31 20.59 22.22 24.54 - -

F10 (1280) Time 63.61 63.97 64.17 63.19 29.07 29.40 32.39 31.51 50.08 51.52 51.12 63.17 1.26 23.07

Table 11.e: The obtained results for function F10 by EBPSO,
BWOA, and BWMV.

Function (n) BWOA (b) BWMV (α) EBPSO (Pmin) Speedup

0.5 1.0 1.5 2.0 0.1 0.25 0.5 1.0 0.6 0.7 0.8 0.9 (EBPSO & BWOA) (EBPSO & BWMV)

F10 (160) Mean 68.5 70.9 77.7 83.1 78.6 78.9 79.0 78.8 177.7 176.8 174.3 168.7 - -

F10 (160) STD 5.8 7.3 7.4 9.2 4.2 3.7 3.7 3.8 2.5 2.2 2.5 3.1 - -

F10 (160) Time 39.8 37.1 39.8 38.8 34.7 34.5 34.0 34.5 7.6 8.5 7.8 8.1 4.9 7.1

F10 (320) Mean 125.2 132.4 147.8 158.0 136.9 137.6 137.2 136.6 337.9 335.6 330.3 318.5 - -

F10 (320) STD 8.2 11.7 16.8 16.3 4.6 5.2 4.9 4.6 5.5 5.1 5.3 6.3 - -

F10 (320) Time 42.1 42.9 42.1 42.4 38.3 38.5 38.0 38.6 13.4 14.0 12.7 12.5 3.4 11.4

F10 (640) Mean 234.4 253.6 295.1 321.4 248.3 248.6 248.1 248.4 648.7 645.7 634.6 611.9 - -

F10 (640) STD 12.8 19.6 32.7 36.0 6.4 6.3 6.2 6.9 9.4 10.4 10.8 13.4 - -

F10 (640) Time 49.7 48.4 47.9 50.0 48.1 47.3 47.1 47.2 28.3 29.9 23.7 23.0 2.1 23.0

F10 (1280) Mean 451.2 491.4 587.4 628.2 470.8 471.3 470.5 472.5 1263.2 1256.3 1236.0 1187.2 - -

F10 (1280) STD 19.1 37.4 63.9 66.0 9.7 8.9 8.5 10.5 19.3 20.6 22.2 24.5 - -

F10 (1280) Time 61.9 64.0 79.0 63.7 61.1 60.9 61.4 61.4 50.1 51.5 51.1 63.2 1.2 49.3

5.4. Sensitivity of EBPSO to the Convergence Probability Pa-
rameter. To ensure a fair comparison between standard BPSO and
EBPSO, and according to Theorem 2.2, the initial value of the con-
vergence probability parameter was set to values greater than 0.5 in
all previous experiments (i.e., Pmin > 0.5). However, since Pmin is a
probability, it can be set to any value in the interval [0, 1]. Therefore,
end-users might be interested in knowing the effect of different values
of Pmin on the performance of EBPSO. To roughly assess the relative
effectiveness of EBPSO under different values of Pmin, we conducted
numerical comparisons on function F1(320). Figure 1 shows the results
of these comparisons for Pmax = 1, ρ′ = 0.98, and several setups for Pmin,
namely 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.

As shown, EBPSO with Pmin = 1 converges slightly faster than the
other methods at the very beginning iterations, but then levels off at a
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lower performance. Notably, EBPSO with Pmin = 1 performs significantly
worse in the long run because it often gets stuck in local optima. On
the other hand, EBPSO with Pmin < 1 eventually performs better due
to maintaining exploration, thereby improving its chances of finding the
optimal solution.

As expected, smaller values of Pmin encourage more exploration, while
larger values promote exploitation. Unfortunately, the best value of Pmin

is unclear and strongly problem-dependent. In other words, a value of
Pmin that produces the best results for one class of problems might not
lead to optimal results for another. For function F1(320), EBPSO with
Pmin = 0.9 ultimately performs slightly better than the others.

It is worth mentioning that although exploration is essential for EBPSO
to avoid premature convergence to local optima, high exploration does
not necessarily imply that the particles found are suitable. This is clearly
observed in Figure 1. In fact, for solving a problem, the desired level of
exploration is one that enables EBPSO to identify suitable particles.

Figure 1. Average performance of EBPSO for several
different setups of Pmin:
Pmin = 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1. These data
are averages over 200 independent runs on benchmark
function F1(320).
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5.5. Statistical Analysis of Algorithm Performance. To rigorously
evaluate the effectiveness of the proposed EBPSO algorithm, we con-
ducted comprehensive statistical comparisons against ten competing
algorithms using both parametric (t-test) and non-parametric (Wilcoxon
signed-rank) tests at a significance level of α = 0.05. The results are
summarized in Tables 12.a and 12.b.

As shown in these tables, EBPSO demonstrates statistically significant
superiority (p < 0.01) in 95% of the comparisons, particularly excelling
in high-dimensional benchmark functions such as F1, F4, and F5 at
dimension 320, with exceptionally low p-values reaching as small as 10−89.
This robust performance highlights EBPSO’s consistent dominance over
both its base version (BPSO) and Binary GA across all tested functions.
Moreover, EBPSO outperforms eight other modern metaheuristics in
85% of cases.

The only exception is observed in function F3, where EBPSO, although
still statistically superior to BRKO (p = 0.036), performs comparably to
BWMV (p = 0.367). These findings, detailed in Tables 12.a and 12.b,
suggest that hybridization with methods like BWMV could potentially
enhance EBPSO’s performance further.

The strong agreement between both parametric and non-parametric
tests reinforces the reliability of these conclusions, confirming that the
observed improvements are statistically significant and not due to random
chance.

Table 12a: t-test results: EBPSO vs. 10 FS algorithms (F1–
F5).

Function BPSO Binary GA BRKO BDO BZOA BWOA BWMV BSCA BGWO BHHO

F1 (320) 2.65E-35 8.82E-13 1.52E-43 4.92E-43 2.65E-44 2.73E-46 9.01E-73 3.21E-64 1.36E-82 1.32E-46

F2 (320) 5.61E-13 0.007336 4.42E-14 6.69E-19 6.18E-28 2.00E-38 2.88E-48 4.00E-39 4.32E-85 1.33E-29

F3 (320) 6.46E-34 2.84E-17 0.036525 0.006485 1.34E-38 6.69E-07 3.67E-01 8.30E-57 5.81E-31 5.29E-41

F4 (320) 1.20E-33 2.15E-17 3.81E-68 2.25E-69 1.78E-45 1.27E-80 1.90E-89 1.06E-51 5.84E-80 1.24E-45

F5 (320) 3.24E-39 1.01E-17 5.81E-42 2.63E-40 1.22E-37 4.10E-63 2.16E-69 4.44E-58 4.08E-81 7.97E-42
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Table 2. Table 12.b: Wilcoxon test confirmation of results:
EBPSO vs. 10 FS algorithms (F1–F5).

Function BPSO Binary GA BRKO BDO BZOA BWOA BWMV BSCA BGWO BHHO

F1 (320) 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09

F2 (320) 2.32E-06 0.007612 2.42E-06 1.35E-06 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09

F3 (320) 1.86E-09 1.86E-09 0.06901 0.013081 1.86E-09 5.97E-06 4.73E-02 1.86E-09 1.86E-09 1.86E-09

F4 (320) 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09

F5 (320) 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09 1.86E-09

5.6. Effectiveness of EBPSO in Real-World Feature Selection.
Feature selection experiments were conducted on four representative
benchmark datasets: Breast Cancer, Iris, Wine, and Digits. The eval-
uation utilized wrapper-based methods with SVM classifiers. Detailed
comparative results across standard metrics—Accuracy, Precision, Recall,
and F1-Score—are presented in Table 13 and Table 14. According to
Table 13 and Table 14, EBPSO demonstrates competitive and balanced
performance across all datasets. For instance, in the complex Breast
Cancer dataset, although newer algorithms such as BHHO and BRKO
achieve slightly higher accuracy (0.9859 vs. 0.9842), EBPSO maintains
a superior balance of metrics (Precision = 0.9843, F1-Score = 0.9841),
indicating robustness against overfitting. EBPSO’s dominance is partic-
ularly notable in the high-dimensional Digits dataset, where it achieves
significantly higher accuracy (0.9907) compared to its closest competitor,
BWOA (0.9677). This confirms EBPSO’s effectiveness in managing
complex and high-dimensional feature spaces.

Moreover, while specialized algorithms like BWMV excel in Recall
(0.9972), EBPSO consistently maintains balanced performance across
all metrics—an important advantage in real-world applications where
reliability across multiple measures is essential. In the Iris dataset, where
all methods converge to nearly identical results, EBPSO achieves opti-
mal performance without adding unnecessary computational complexity,
making it a practical and efficient choice. Collectively, these results
establish EBPSO as a reliable and versatile algorithm suitable for diverse
feature selection tasks.
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Table 13. Comparative evaluation of EBPSO against 10 fea-
ture selection algorithms on Breast Cancer and Wine datasets.

Dataset Method Accuracy Precision Recall F1-Score

Breast Cancer SVM 0.9754 0.9754 0.9754 0.9753

SVM + GA 0.9806 0.9828 0.9759 0.9790

SVM + BGWO 0.9807 0.9806 0.9888 0.9847

SVM + BDO 0.9842 0.9807 0.9944 0.9875

SVM + BHHO 0.9859 0.9861 0.9916 0.9888

SVM + BRKO 0.9859 0.9834 0.9944 0.9889

SVM + BSCA 0.9824 0.9806 0.9916 0.9861

SVM + BWMV 0.9842 0.9780 0.9972 0.9875

SVM + BWOA 0.9859 0.9807 0.9972 0.9889

SVM + BZOA 0.9842 0.9807 0.9944 0.9875

SVM + BPSO 0.9824 0.9826 0.9824 0.9824

SVM + EBPSO 0.9842 0.9843 0.9842 0.9841

Wine SVM 0.9438 0.9441 0.9438 0.9434

SVM + GA 0.9833 0.9869 0.9830 0.9837

SVM + BGWO 0.9888 0.9884 0.9884 0.9884

SVM + BDO 0.9775 0.9767 0.9767 0.9767

SVM + BHHO 0.9944 0.9945 0.9944 0.9944

SVM + BRKO 0.9944 0.9945 0.9944 0.9944

SVM + BSCA 0.9888 0.9876 0.9906 0.9890

SVM + BWMV 0.9944 0.9945 0.9944 0.9944

SVM + BWOA 0.9944 0.9945 0.9944 0.9944

SVM + BZOA 0.9944 0.9932 0.9953 0.9942

SVM + BPSO 0.9944 0.9945 0.9944 0.9944

SVM + EBPSO 0.9944 0.9945 0.9944 0.9944



Expected binary particle swarm optimization – JMMR Vol. 16, No. 1 (2027) 41

Table 14. Comparative evaluation of EBPSO against 10 fea-
ture selection algorithms on Digits and Iris datasets.

Dataset Method Accuracy Precision Recall F1-Score

Digits SVM 0.9644 0.9690 0.9645 0.9644

SVM + GA 0.9705 0.9737 0.9707 0.9705

SVM + BGWO 0.9516 0.9518 0.9515 0.9516

SVM + BDO 0.9583 0.9584 0.9581 0.9581

SVM + BHHO 0.9588 0.9592 0.9588 0.9587

SVM + BRKO 0.9616 0.9619 0.9616 0.9615

SVM + BSCA 0.9538 0.9542 0.9537 0.9538

SVM + BWMV 0.9599 0.9605 0.9599 0.9600

SVM + BWOA 0.9677 0.9677 0.9677 0.9677

SVM + BZOA 0.9627 0.9630 0.9626 0.9627

SVM + BPSO 0.9907 0.9895 0.9901 0.9897

SVM + EBPSO 0.9907 0.9903 0.9910 0.9906

Iris SVM 0.9667 0.9700 0.9667 0.9665

SVM + GA 0.9600 0.9660 0.9600 0.9593

SVM + BGWO 0.9667 0.9668 0.9667 0.9667

SVM + BDO 0.9667 0.9668 0.9667 0.9667

SVM + BHHO 0.9667 0.9668 0.9667 0.9667

SVM + BRKO 0.9667 0.9668 0.9667 0.9667

SVM + BSCA 0.9667 0.9668 0.9667 0.9667

SVM + BWMV 0.9667 0.9668 0.9667 0.9667

SVM + BWOA 0.9667 0.9668 0.9667 0.9667

SVM + BZOA 0.9667 0.9668 0.9667 0.9667

SVM + BPSO 0.9667 0.9668 0.9667 0.9667

SVM + EBPSO 0.9667 0.9668 0.9667 0.9667
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6. Conclusions and Future Work

In this study, we proposed Expected Binary Particle Swarm Optimiza-
tion (EBPSO), a novel binary optimization algorithm derived from the
expected behavior of standard BPSO. By eliminating the velocity vector
and replacing it with a time-dependent convergence probability P (t),
EBPSO offers a significantly simpler and more efficient position update
rule. Our theoretical analysis demonstrated that EBPSO converges in
probability to the global optimum.

A comprehensive set of experiments on six scalable binary bench-
mark functions (F1–F6 and F10) and four real-world feature selection
problems validated the superiority of EBPSO over several baseline al-
gorithms, including BPSO, Binary GA, BSCA, BRKO, BDO, BZOA,
BGWO, BHHO, BWOA, and BWMV. The results, presented in Tables 2–
11, show that EBPSO not only yields higher objective values but also
achieves substantial speedups—up to 15× faster than BPSO—especially
in high-dimensional settings. Moreover, in real-world feature selection
tasks, EBPSO consistently selected fewer features while attaining higher
classification accuracy across all datasets. All improvements were rig-
orously validated using paired t-tests and Wilcoxon signed-rank tests,
with p-values consistently below 0.01, indicating statistically significant
performance gains.

Overall, EBPSO is a robust and scalable approach for binary opti-
mization. In future work, we aim to develop adaptive or self-regulating
strategies for updating P (t), and explore hybrid versions of EBPSO
with local search mechanisms. We also intend to evaluate EBPSO on a
broader range of binary combinatorial problems, including the knapsack
problem, feature grouping, and bioinformatics applications such as gene
selection.
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