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Abstract: Numerous designed optimization problems in different disciplines of science should be solved using
appropriate techniques. population based optimization algorithms are one of the powerful tools in solving optimization
problems. The innovation of this paper is to present a new optimization algorithm called Mixed Best Members Based
Optimizer (MBMBO) that can be used to solve various optimization problems. The main idea in designing the
proposed MBMBO algorithm is to create a mixed member of several top members of the population in order to guide
and update the algorithm population. The main feature and advantage of the MBMBO is the lack of control parameters.
Therefore, the proposed MBMBO does not need to adjust the parameter. The various steps of the MBMBO are
described and then mathematically modeled for implementation in solving optimization problems. The performance
of the MBMBO in solving optimization problems is evaluated on a set of twenty-three standard objective functions.
These objective functions are of three different types, including seven unimodal objective functions, six high
dimensional multi-model objective functions, and ten fixed dimensional multi-model objective functions. The results
of evaluation of single-model objective functions indicate the high exploitation power and also the results of evaluation
of multi-model objective functions indicate the high exploration power of the proposed MBMBO algorithm. Also, the
results obtained from the simulation of the MBMBO are compared with the results of eight other well-known
optimization algorithms including Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Gravitational Search
Algorithm (GSA), Teaching Learning-Based Optimization (TLBQO), Gray Wolf Optimizer (GWO), Emperor Penguin
Optimizer (EPO), Hide Objects Game Optimization (HOGQO), and Shell Game Optimization (SGO). The results of
optimizing the objective functions of unimodal and multi-modal types using MBMBO show the acceptable ability of
the proposed algorithm to provide suitable solutions. Comparison of the simulation results shows that the proposed
MBMBO is much more competitive than the other eight optimization algorithms.
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1. Introduction

The optimization problem is simply defined as a
problem that has several feasible solutions. As a
result, optimization is finding the most appropriate
feasible solution for an optimization problem
considering all constraints. From a mathematical
point of view, each optimization problem consists of
three main parts: variables, constraints, and objective
functions. After mathematical modeling, the
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optimization problem must be solved using the
appropriate method. Population based optimization
algorithms is one of the efficient methods in
providing suitable solutions for various optimization
problems in different fields of science.

Optimization algorithms are methods that are
able to provide appropriate solutions based on
random search without the need to derivative and
gradient information. Optimization algorithms are
designed based on the modeling of various natural
phenomena, physical laws, game rules, and other
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processes that can be used to design an optimizer. For
example, modelling the behaviour of ants to find the
shortest path is used in the design of the Ant Colony
Optimization (ACO) algorithm [1]. Hook's law
simulation in a system of weights and springs has
been used in the design of the Spring Search
Algorithm (SSA) [2]. simulation of darts game and
player behaviour are used in the design of the Darts
Game Optimizer (DGO) algorithm [3]. An
optimization algorithm first delivers solutions
randomly, then in an iteration-based process, those
solutions are improved at each iteration. At the end of
the algorithm iterations, the best solution obtained
from the optimization algorithm is available. The
main difference between optimization algorithms is
how to update the population and improve solutions
in each iteration.

Each optimization problem has a basic solution
called global optimal. The important point is that the
solutions presented using optimization algorithms are
not necessarily global optimal. For this reason, the
solutions obtained from the optimization algorithms
are called quasi-optimal. In general, in comparison
the performance of optimization algorithms, an
algorithm is superior which can provide the best
quasi-optimal solution close to the global optimal.
For this reason, numerous optimization algorithms
have been designed by researchers to provide suitable
quasi-optimal solutions. In this regard, optimization
algorithms have been applied by scientists in various
fields such as energy [4, 5], protection [6], Energy
Commitment (EC) [7, 8], placement of electrical
equipment [9-11], operation of the electricity
network [12, 13], and energy carriers [14, 15] to
achieve the optimal solution.

The main contribution in this paper is designing a
new population based optimization algorithm called
Mixed Best Members Based Optimizer (MBMBO)
for solving various optimization problems. The main
idea in designing the proposed MBMBO is to update
the population of the algorithm based on a mixed
member made up of several top members of the
population. The special advantage of the MBMBO is
the effective use of information from population
members and thus increase the exploration power of
proposed optimizer in achieving quasi-optimal
solutions. The main feature of the proposed MBMBO
is lack of control parameters and no need to adjust the
parameter. The theory of the proposed MBMBO is
described and then mathematically is modeled for
implementation on optimization problems. The
performance of the MBMBO in providing suitable
quasi-optimal solutions is tested on a set of twenty-
three standard objective functions of three different
types unimodal, high-dimensional multimodal, and
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fixed dimensional multimodal functions. Also, the
obtained optimization results using the MBMBO are
compared with the performance of eight other well-
known optimization algorithms.

The rest of the paper is as follows: Section 2
provides an overview of optimization algorithms. In
section 3, the proposed MBMBO is introduced. The
simulation studies and the results are presented in
Section 4. Finally, conclusions and some suggestions
for future studies are provided in Section 5.

2. Background

As mentioned, many optimization algorithms
inspired by different ideas have been designed to be
used in solving various optimization problems in
different disciplines of science. Although the idea of
designing optimization algorithms is different, all of
these methods provide a solution to the optimization
problem based on a random search in the problem-
solving space. Therefore, the main criterion for the
superiority of optimization algorithms over each
other is to provide the best quasi-optimal solutions.
This has been the main reason to design numerous
optimization algorithms by scholars. In this section,
optimization algorithms are studied from the
perspective of design idea. Optimization algorithms
can be divided into four groups based on the idea of
design: swarm-based, physics-based, game-based,
and evolutionary-based optimization algorithms.

Swarm-based optimization algorithms are
developed inspired by natural processes, the behavior
of living organisms, plants, and animals. Particle
Swarm Optimization (PSO) is one of the oldest and
most popular optimization algorithms which is
designed based on the behavior of birds in search of
food [16]. Artificial Bee Colony (ABC) algorithm is
an optimization algorithm based on swarm
intelligence and intelligent behavior of the bee
population that simulates the behavior of a bee colony
[17]. Some of the other swarm-based optimization
algorithms are: Seagull Optimization Algorithm
(SOA) [18], Group Optimization (GO) [19],
Teaching-Learning-Based Optimization (TLBO)
[20], Doctor and Patient Optimizer (DPO) [8] Grey
Wolf  Optimizer (GWO) [21], Following
Optimization Algorithm (FOA) [22], Donkey
Theorem Optimization (DTO) [23], Rat Swarm
Optimizer (RSO) [24], Multi Leader Optimizer
(MLO) [25], Emperor Penguin Optimizer (EPO) [26],
and “The Good, the Bad, and the Ugly” Optimizer
(GBUO) [27].

Physics-based optimization algorithms are
developed based on the inspiration of various laws in
physics. Gravitational Search algorithm (GSA) is
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developed inspired by the law of gravity between
objects at different distances [28]. Momentum Search
Algorithm (MSA) is introduced from the simulation
of the laws of momentum and motion in a system
consisting of a number of spheres [29]. Simulated
Annealing (SA) is introduced based on simulation of
gradual melting and cooling of metals[30].

Evolutionary-based optimization algorithms are
developed based on simulation of various
phenomenon in genetic sciences. Genetic algorithm,
which is one of the oldest and most widely used
optimization algorithms, belongs to this group of
optimization algorithms. GA is inspired by the
process of reproduction and its simulation in three
main stages: parental selection, crossover, and
mutation [31]. Artificial Immune System (AIS) is
designed based on modeling the performance of the
human immune system against diseases and virus
attacks [32].

Game-based optimization algorithms have been
developed based on ideation on games rules. Football
Game-Based Optimization (FGBO) is developed
based on simulating the behavior of players and clubs
in the football league [33]. Orientation Search
Algorithm (OSA) is inspired by the behavior and
movement of the players in the direction determined
by the referee and the simulation of the rules in the
orientation game [34, 35]. Some of the other game-
based optimization algorithms are: Hide Objects
Game Optimization (HOGO) [36], Dice Game
Optimizer (DGO) [37], Ring Toss Game-Based
Optimization (RTGBO) [38], and Shell Game
Optimization (SGO) [39].

3. Mixed Best Members Based Optimizer

In this section, the theory of the proposed Mixed
Best Members Based Optimizer (MBMBO)
described and then mathematically modeled for
implementation on solving optimization problems.
MBMBO is a population-based algorithm that is able
to provide a suitable quasi-optimal solution to an
optimization problem during an iterative process. The
main idea in designing the MBMBO is to create a
mixed member of several top members of the
population in order to guide and update the algorithm
population.

The population of the algorithm using a matrix
called the population matrix is specified in Eq. (1).

[Xl] X1,1-X1,d - X1,m
[ | [ R ]

X =] X; I Xi1 - Xid - Xim (1)
L{ JNxm LCNl xNJdme'mJNxm
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Here, X is the population matrix of MBMBO, X;
is the i'th population member, x; 4 is the value of d’th
problem variable specified by i'th population member,
N is the number of population members, and m is the
number of problem variables.

Each member of the population matrix is a vector
that proposes values for the problem variables.
Therefore, based on the values proposed by each
member, a value is obtained for the objective function.
As a result, the objective function is defined as a
vector using Eq. (2).

P:1 [Fl(Xl) ]
F= ﬁi F, (X) @)
lFN JM lrvaen |,

Here, F is the vector of objective function and F;
is the value of objective function based on i'th
population member.

At this stage of modeling, a certain number of top
members of the population matrix are selected based
on the values of the objective function using Eqg. (3)
and Eq. (4).

®)
Nty xXm
Nry =14+ round(0.2 X N X %) (4)

Here, TM is the matrix of top members, TM; is
the jth top member, Ny is the number of top
members, t is the iteration counter, and T is the
maximum of iterations.

After selecting the top members of the population
matrix, the mixed member is created based on the
averaging of the selected top members using Eq. (5).

MBM = —ZNTM T™; (5)

Here, MBM is the mixed best member.

The population matrix update in the proposed
MBMBO is modeled based on the mixed best
member using Egs. (6) to (8).

T(MBM - xi,d), FMBM < Fl
Xid = {r(x- — MBM), else ©)
i,d )

xXig" = Xjq+dxig (7)
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Here, dx; 4 is the displacement value of i'th
population member in d’th dimension, r is a random
number in [0 1] interval, Fygy is the objective
function value of mixed-best member, x;'" is the
new suggested position for i'th population member in
d’th dimension, and F/**" is the objective function
value for new suggested position of i'th population
member.

This process of updating the population members
is repeated based on Egs. (3) to (9) until the algorithm
is stopped. After completing the iterations of the
algorithm, MBMBO provides the best obtained
guasi-optimal solution for the optimization problem.
The implementation steps of the proposed MBMBO
are shown as a flowchart in Fig. 1.

4. Simulation study and discussion

In this section, simulation studies on the
performance and power of the proposed MBMBO in
solving optimization problems are presented. For this
purpose, a set of twenty-three standard objective
functions of unimodal, high-dimensional multi-
model, and fixed-dimensional multi-model types
have been selected to analyze various aspects of the
proposed MBMBO. In order to evaluate the
optimization results obtained from the MBMBO,
these results are compared with the performance of
eight other optimization algorithms including (i)
popular algorithms: Genetic Algorithm (GA) [31],
Particle Swarm Optimization (PSO) [16], (ii) famous
algorithms: Gravitational Search Algorithm (GSA)
[28], Teaching Learning-Based Optimization
(TLBO) [20], Gray Wolf Optimizer (GWO) [21], (iii)
latest algorithms: Emperor Penguin Optimizer (EPO)
[26], Hide Objects Game Optimization (HOGO) [36],
and Shell Game Optimization (SGO) [39]. The two
indicators of average (Ave) and standard deviation
(std) of quasi-optimal solutions have been used as
criteria  for comparing the performance of
optimization algorithms.

The seven objective functions, including F1 to F7,
are unimodal functions. The optimization results of
these objective functions using the MBMBO and
eight other optimization algorithms are presented in
Table 1. The MBMBO has been able to provide the
global optimal solution for F1 and F6 objective
functions. in addition, MBMBO is the best optimizer
for the F2, F3, F4, and F7 objective functions
compared to the other eight optimization algorithms.
Analysis of the results of this table shows that the
proposed MBMBO has a high ability to solve this
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Start MBMBO

Input information of optimization problem:
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Create initial population.

Evaluate initial population.

Update TM matrix usina Eas. (3) and (4).

|

Update MBM usina Ea. (5).

\4

Calculate dx; 4 using Eq. (6).

Update x*s* using Eq. (7).

No

Update X; using Eq. (8).

<y

Yes

>

Yes

=i+l -

-1 =+l

Output: print best solution.

End MBMBO

Figure. 1 Flowchart of MBMBO

type of function and is more competitive than other
algorithms.

The six objective functions F8 to F13 are selected
from the high-dimensional multi-model type. The
performance of the MBMBO and eight other
optimization algorithms in solving this type of
objective functions are presented in Table 2. The
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proposed MBMBO has been able to provide the
global optimal solution for the F9, F11, and F13
objective functions by accurately scanning the
problem-solving space. The MBMBO is also the best
optimizer for the F8, F10, and F12 objective
functions than to the eight compared optimization
algorithms. Evaluation of the results indicates the
optimal performance of the proposed MBMBO in
providing quasi-optimal solutions.

The ten objective functions including F14 to F23
are considered to evaluate the performance of the
MBMBO in optimization and provide quasi-optimal
solutions  for  fixed-dimensional  multi-model
objective functions type. The optimization results of
these objective functions are presented in Table 3.
The MBMBO has performed better in optimizing the
F14 and F15 objective functions. In the case of F16,
F17, F18, F19, F20, F21, F22, and F23 objective
functions, the MBMBO with less standard deviation
has been able to provide the global optimal solution
more effectively. Analysis of the results of this table
shows that the MBMBO s able to solve this type of
optimization problems more effectively than similar
optimization algorithms.

A general comparison of the optimization results
obtained using the proposed MBMBO and eight other
optimization algorithms, shows that the MBMBO has
an acceptable ability to solve various optimization
problems and is superior and far more competitive
than other optimization algorithms.

4.1 Discussion and theoretical explanation

Exploitation and exploration capabilities are two
special indicators in order to analyze the performance
of optimization algorithms.

The exploitation power of an optimization
algorithm means the ability of that optimization
algorithm to provide a suitable quasi-optimal solution
to an optimization problem after the iterations of that
algorithm have ended. In fact, according to this
concept, optimization algorithms should be able to
provide a suitable quasi-optimal solution after full
implementation on an optimization problem.
Therefore, in comparison the performance of several
optimization algorithms, the algorithm that provides
the most appropriate quasi-optimal solution and near
to optimal global solution has higher exploitation
power. The unimodal objective functions, including
F1to F7, have only one main optimal solution and are
therefore suitable for evaluating the exploitation
power of optimization algorithms. The simulation
results of these objective functions using the
MBMBO and the other eight optimization algorithms
presented in Table 1 show the complete superiority of
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the proposed MBMBO algorithm over the other
algorithms.

Table 1. Results of MBMBO and other algorithms for
Unimodal test functions
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Table 3. Results of MBMBO and other algorithms for fixed-

Table 2. Results of MBMBO and other
algorithms for high-dimensional Multimodal test

dimensional Multimodal test functions

MBMBO | HOGO[36] | SGO[39] | EPO [26] GSA [28] GWO [21] | TLBO[20] | PSO [16] GA [31]
- Ave | 4.87x10° | 9.91x10" | 9.98x10* 1.08 9.98x10* 1.26 6.79 2.77 4.39
Yol std | 1.29x10™ | 5.25x10%? | 7.64x1072 | 4.11x107 9.14x10™ 6.86x10" 1.12 2.32 4.41x107
E Ave | 2.81x10° | 1.25x10* 3.3x10% 8.21x107 7.15x10°2 1.01x10% 5.15x102 | 9.09x10° | 7.36x107
© o std 3.78x107 | 2.15x10° | 1.25x10° | 4.09x10% 1.26x10! 3.75x10° 3.45x10° | 2.38x10° | 2.39x10°
. Ave -1.03 -1.03 -1.03 -1.02 -1.02 -1.02 -1.01 -1.02 -1.02
1 std | 2.97x102 | 3.26x10° | 5.12x10° | 9.80x107 4.74x10°8 3.23x10° 3.64x10® 0.00 4.19x107
E Ave | 3.98x101 | 3.98x10! | 3.98x107 | 3.98x10? 3.98x101 3.98x10% 3.98x107 | 3.98x107 | 3.98x107%
1 std 1.48x108 | 2.45x102 | 4.56x102 | 5.39x10° 1.15x107 7.61x104 0.45x105 | 9.03x10% | 3.71x107
m Ave 3.00 3.00 3.00 3.00 3.00 3.00 3.00 3.00 3.00
¥ [ std | 7.41x107 | 4.61x10%° | 1.15x108 | 1.15x10°% 1.48x10% 2.25x105 1.94x10° | 6.59x10° | 6.33x107
. Ave -3.86 -3.86 -3.86 -3.86 -3.77 -3.75 -3.73 -3.80 -3.81
Yol std | 4.96x10 | 6.23x10% | 5.61x10%° | 6.50x107 3.53x107 2.55x10°73 9.69x10* | 3.37x105 | 4.37x10%0
. Ave -3.36 -3.31 -3.31 -2.81 -3.23 -2.84 2.17 -3.32 -2.39
20 std 1.37x107 | 2.95x10% | 4.29x10° | 7.11x10% 5.37x10°2 3.71x10" 1.64x10T | 2.66x101 | 4.37x10%
- Ave -10.15 -10.15 -10.15 -8.07 -7.38 -2.28 -7.33 -7.54 -5.19
2 std 4.82x10°% | 1.05x10° | 1.25x102 2.29 2.91 1.80 1.29 2.77 2.34
- Ave -10.40 -10.40 -10.40 -10.01 -8.50 -3.99 -1.00 -8.55 -2.97
2 | std | 7.64x10%2 | 3.25x10® | 3.65x107 | 3.97x102 3.02 1.99 2.89x10* 3.08 1.37x1072
- Ave -10.55 -10.55 -10.53 -3.41 -8.41 -4.49 -2.46 -9.19 -3.10
2 [ std | 1.74x10™ | 2.91x10° | 5.26x10° | 1.11x1072 3.13 1.96 1.19 2.52 2.37
MBMBO | HOGO[36] | SGO[39] | EPO [26] GSA [28] GWO [21] | TLBO[20] | PSO [16] GA [31]
r [ Ave | -1.2x10% -1.2x10% -1.2x10"* | -8.76x10%2 -6.92x10*2 -4.69x10"! | -3.81x10"2 | -5.01x10*2 | -5.11x10%2
8 [ std | 1.51x10™ | 8.72x10%2 | 9.14x102 | 5.92x10"* | 9.19x10x10"* | 3.94x10"* | 2.83x10"* | 4.28x10"* | 4.37x10*"!
2 | g LA 0 5.62x10 8.76x10* | 6.90x10! 1.01x10%? 4.85x102 | 2.23x10"t | 1.20x10" | 1.23x10%
S std 0 3.21x102 | 4.85x102 | 4.81x10% 1.89x10" 3.91x10*1 | 3.25x10*! | 4.01x10*! | 4.11x10%
e F Ave | 6.51x10% 2.61x10%0 8.04x10%° | 8.03x1016 1.15 2.83x108 1.55%10*1 5.20x101 | 5.31x101
= 101 std | 4.36x10% | 2.14x108 | 3.34x108 | 2.74x10% 7.87x101 4.34x107 8.11 1.08x10° | 1.11x10°0
£ | Ave 0 1.56x10° | 4.23x10° | 4.20x10° 5.74x10 2.49x10° | 3.01x10% | 3.24x10° | 3.31x10°
1 std 0 4.15x107 5.11x107 | 4.73x10* 1.12x101 1.34x10* | 2.89x10% | 4.11x10° | 4.23x10°
F Ave | 1.32x10° 4.87%x10° 6.33x10° 5.09x103 1.27 1.34x10° 5.21x10% 8.93x10°8 9.16x108
21 std | 3.74x1010 | 3.96x10% 4.71x10* | 3.75x103 1.02 6.23x10%4 | 2.47x10*2 | 4.77x107 | 4.88x107
£ | Ave 0.00 0.00 0.00 1.25x108 6.60x1072 9.94x108 | 2.81x10*> | 6.26x102 | 6.39x107
131 std 0.00 0.00 0.00 2.61x107 4.33x10°2 2.61x107 | 8.63x10"2 | 4.39x102 | 4.49x10?2

suitable quasi-optimal solution.

Therefore, the MBMBO has high exploitation power

The exploration power of an optimization

in solving optimization problems and providing a
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algorithm means the ability of that optimization
algorithm to accurately search the problem-solving
space. Therefore, in analyzing the performance of
several optimization algorithms, an algorithm that
can search the problem-solving space more
accurately has better exploration power. This
indicator is especially important when solving
complex optimization problems that have local
optimal solutions. High dimensional multi-modal
objective functions including F8 to F13 and also fixed
dimensional multi-modal  objective  functions
including F14 to F23 have several local solutions.
Therefore, these objective functions are suitable for
analyzing the exploration index of optimization
algorithms. The optimization results of these
objective functions, presented in Table 2 and Table 3,
show the acceptable exploration ability of the
MBMBO in the exact search of the problem-solving
space.

5. Conclusion and future works

In this paper a new population-based
optimization algorithm called Mixed Best Members
Based Optimizer (MBMBO) has been introduced that
can be used to solve various optimization problems.
The main idea in designing the proposed MBMBO
was to create a mixed member of several top
members of the population in order to guide and
update the algorithm population. The proposed
MBMBO was mathematically modelled to be
implemented on optimization problems. The
performance of the MBMBO in providing suitable
quasi-optimal solutions was evaluated on a set of
twenty-three standard objective functions of types
unimodal, high-dimensional multi-model, and fixed-
dimensional multi-model. Unimodal objective
functions that have only one main optimal solution
has been considered to analyse the exploitation index.
The optimization results of these objective functions
indicated the high exploitation power of the MBMBO
in solving optimization problems. High-dimensional
multi-model and fixed-dimensional multi-model
objective functions that have several local solutions
in addition to the main optimal have been considered
to evaluate the exploration index. The optimization
results of these types of objective functions indicated
the high power of the proposed MBMBO in the
exploration index. optimization results obtained from
the MBMBO, have been compared with the
performance of eight other optimization algorithms
including Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), Gravitational Search Algorithm
(GSA), Teaching Learning-Based Optimization
(TLBO), Gray Wolf Optimizer (GWO), Emperor
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Penguin Optimizer (EPO), Hide Objects Game
Optimization  (HOGO), and  Shell Game
Optimization (SGO).

The optimization results showed the acceptable
ability of the proposed algorithm to solve various
optimization problems. In addition, a comparison of
the simulation results shows that the MBMBO is
superior to the other eight optimization algorithms
and is much more competitive.

The authors suggest some ideas and perspectives
for future studies. Design of the binary version as
well as multi-objective version of MBMBO is an
interesting topic for future investigations. Moreover,
implementing MBMBO on various optimization
problems and real-world optimization problems
could achieve some significant contributions, as well.
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