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Abstract: The moth-flame optimization (MFO) algorithm is an effective nature-inspired algorithm
based on the chemical effect of light on moths as an animal with bilateral symmetry. Although it is
widely used to solve different optimization problems, its movement strategy affects the convergence
and the balance between exploration and exploitation when dealing with complex problems. Since
movement strategies significantly affect the performance of algorithms, the use of multi-search
strategies can enhance their ability and effectiveness to solve different optimization problems. In this
paper, we propose a multi-trial vector-based moth-flame optimization (MTV-MFO) algorithm. In
the proposed algorithm, the MFO movement strategy is substituted by the multi-trial vector (MTV)
approach to use a combination of different movement strategies, each of which is adjusted to accom-
plish a particular behavior. The proposed MTV-MFO algorithm uses three different search strategies
to enhance the global search ability, maintain the balance between exploration and exploitation, and
prevent the original MFO’s premature convergence during the optimization process. Furthermore,
the MTV-MFO algorithm uses the knowledge of inferior moths preserved in two archives to prevent
premature convergence and avoid local optima. The performance of the MTV-MFO algorithm was
evaluated using 29 benchmark problems taken from the CEC 2018 competition on real parameter op-
timization. The gained results were compared with eight metaheuristic algorithms. The comparison
of results shows that the MTV-MFO algorithm is able to provide competitive and superior results to
the compared algorithms in terms of accuracy and convergence rate. Moreover, a statistical analysis
of the MTV-MFO algorithm and other compared algorithms was conducted, and the effectiveness of
our proposed algorithm was also demonstrated experimentally.

Keywords: optimization; metaheuristic algorithms; moth-flame optimization; global numerical opti-
mization

1. Introduction

Metaheuristic algorithms have been shown to be effective due to complex charac-
teristics of difficult optimization problems such as dimensionality, multimodality, and
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non-differentiability [1]. Due to the growing complexity of optimization problems and com-
pared to conventional optimization algorithms, metaheuristics have proven their ability
to solve complex problems by providing feasible solutions in a reasonable time [2]. Thus,
there is an increasing trend to propose new algorithms and enhance the performance of
existing algorithms using improvement strategies [3]. Among the metaheuristics, nature-
inspired algorithms that draw inspiration from natural phenomena to create new and more
resilient competitive algorithms are prominent. Several new optimization algorithms have
been proposed recently due to the No-free-lunch (NFL) theorem [4], which states that no
particular optimization algorithm can solve all problems of all kinds of complexities. It is
also observed that depending on the set of parameter values, the same algorithm produces
different solutions to the same problem.

Metaheuristic algorithms simulate intelligent behavior from different aspects of crea-
tures in nature to derive rules for optimization purposes. In population-based metaheuristic
algorithms, a population of individuals is distributed over a boundary-limited search space
in which they try to move toward the best solution by exchanging information. Some
well-known and recently proposed metaheuristic algorithms in this regard are the particle
swarm optimization algorithm (PSO) [5], genetic algorithm (GA) [6], whale optimization
algorithm (WOA) [7], polar bear optimization (PBO) algorithm [8], salp swarm algorithm
(SSA) [9], red fox optimization (RFO) algorithm [10], and quantum-based avian navigation
optimizer algorithm (QANA) [11]. The salient features of metaheuristic algorithms such
as flexibility, derivation-free nature, and simplicity in implementation allow them to be
utilized in a wide range of problems in different fields including, but not limited to, classifi-
cation [12], healthcare [13], engineering [14,15], power and energy management [16], data
analysis [17], and image segmentation [18].

Population-based optimization algorithms have some common drawbacks, such as
lack of exploration or exploitation ability, inappropriate balance between exploration and
exploitation, slow or premature convergence behavior, and stagnation in local optima [19].
In this regard, new strategies have been integrated into existing algorithms to design an ef-
fective algorithm that can handle these defects. Some of these successful improvements use
strategies including opposition-based learning [20,21], levy flight [22,23], mutation [24,25],
rough sets [26,27], and chaotic maps [28,29].

The moth-flame optimization (MFO) [30] algorithm is one of the nature-inspired algo-
rithms that simulates the behavior of moths to navigate in nature. Moths fly at a constant
angle with the moon, called transverse orientation, which is an effective mechanism for
moving in a straight line over long distances. However, in the face of artificial lights, the use
of transverse orientation causes a spiral path to the light source. In this population-based
algorithm, the population of moths is directed by considering the distance to the corre-
sponding flame. Although the concept of MFO is simple, it has the potential to be one of the
flagship optimization algorithms, and accordingly, many improvements and applications
of MFO have been proposed. The MFO algorithm has been used in various applications
such as engineering problems [31], feature selection [32], medical diagnosis [29], global op-
timization [24], price forecasting [33], photovoltaic energy generation systems [34], power
correction [35], wind speed distribution [36], and economic load dispatch problems [37].

Despite the fact that MFO has been employed to tackle a variety of issues, it still
has flaws such as premature convergence and insufficiently balanced exploitation and
exploration [38,39]. These shortcomings originate from the MFO movement strategy,
which has a single guiding strategy that causes ineffective performance when dealing
with different kinds of problems. Therefore, equipping the MFO algorithm with multi-
movement strategies can enhance its ability and effectiveness. We proposed a multi-trial
vector (MTV) approach in our previous study [40] to combine complementary movement
strategies with simple metaheuristic algorithms such as MFO so that their frameworks
can be adapted to the MTV approach. Improving the MFO algorithm using a sufficient
combination of movement strategies and adapting them to the MFO’s movement strategy
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through the MTV approach to solve different complex optimization problems such as
shifted or shifted rotated problems was our main motivation for this study.

In this paper, we propose a multi-trial vector-based moth-flame optimization (MTV-
MFO) algorithm using the multi-trial vector approach. The MTV approach replaces the
spiral movement strategy of the MFO to obtain better performance when dealing with
various optimization problems. By embedding the MTV approach in the MFO algorithm,
different kinds of trial vector producers (TVPs) can be defined, each of which is suitable
to sustain a specific behavior during the optimization process. In addition, each defined
TVP can be applied to a dedicated portion of the population by using the MTV’s winner-
based distribution policy. In the MTV-MFO algorithm, two new proposed movement
strategies—the flag-guided trial vector producer (F-TVP) and contingent trial vector pro-
ducer (C-TVP)—are incorporated with the canonical moth-flame trial vector producer
(MFO-TVP). Furthermore, MTV-MFO employs inferior moth information preserved in
two external archives to prevent trapping in local optima and premature convergence.
The combination of three TVPs and the use of archives in the proposed MTV-MFO en-
rich the balance between exploration and exploitation, reduce the local optima trapping,
and prevent premature convergence. To validate the proposed MTV-MFO algorithm,
experiments were performed on 29 test functions derived from the special session on real-
parameter optimization of CEC 2018 [41]. The results were compared with state-of-the-art
nature-inspired metaheuristic algorithms including the krill herd (KH) [42], grey wolf
optimizer (GWO) [43], moth-flame optimization (MFO) [30], whale optimization algorithm
(WOA) [7], salp swarm algorithm (SSA) [9], butterfly optimization algorithm (BOA) [44],
henry gas solubility optimization (HGSO) [45], and Archimedes optimization algorithm
(AOA) [46]. Moreover, the proposed algorithm was statistically analyzed by the Friedman
test and student’s t-test. Additionally, the box plot analysis was performed to check the
consistency of the proposed algorithm. Based on the comparison of results, the MTV-MFO
demonstrated superiority on most test problems.

Briefly, the contributions of this paper can be summarized as follows.

1. The canonical MFO is modified by substituting the transverse orientation of MFO
with the MTV approach to enhance the performance of the original MFO.

2. Inthe flag-guided trial vector producer (F-TVP), the flag flame is introduced with the
aim of enhancing the exploration ability of the original MFO. Besides that, the best
flame is employed to calculate the distance between moth and flames. Additionally, a
new spiral function is used to model the flying path of moths.

3.  In the contingent trial vector producer (C-TVP), two new external archives are em-
ployed to increase exploratory capability and diversity. Additionally, the position of
the best moth is considered as the base vector to change the moths’ positions with
respect to the current best moth position.

4. The proposed MTV-MFO algorithm concurrently executes three trial vector producers
on the dedicated portion of the population based on the TVP’s improved rate. Experi-
mental results demonstrate that the MTV-MFO performs better than the canonical
MFO and other state-of-the-art nature-inspired algorithms.

The rest of the paper is organized as follows. In Section 2, the related works are
reviewed. Section 3 presents the mathematical model and flowchart of the MFO algorithm.
Section 4 contains the proposed MTV-MFO algorithm. The experimental evaluation of
the MTV-MFO and comparative algorithms is presented in Section 5, and the statistical
analysis in Section 6. Finally, the conclusions and future works are given in Section 7.

2. Related Work

Metaheuristic algorithms, especially nature-inspired ones, have proven their superior-
ity in solving complex optimization problems compared to deterministic algorithms [47].
Nature-inspired metaheuristic algorithms based on inspiration are mainly divided into
three categories: evolutionary, swarm intelligence, and physics-based algorithms. The
principles of natural evolutionary behavior are mimicked by evolutionary algorithms.
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Differential evolution (DE) [48], evolution strategy (ES) [49], genetic algorithm (GA) [6],
and evolutionary programming (EP) [50] are some prominent algorithms in this category.
The social behavior of swarms in nature is the inspiration for swarm intelligence algo-
rithms. Particle swarm optimization (PSO) [5], artificial bee colony (ABC) [51], social spider
optimization (SSO) [52], and Aquila optimizer (AO) [53] are some of the most popular
or newly proposed algorithms in this area. Proposed physics-based algorithms use the
fundamental physical concepts that exist in nature. Simulated annealing (SA) [54], central
force optimization (CFO) [55], atom search optimization (ASO) [56], and the Lichtenberg
algorithm (LA) [57] are some well-known or recently proposed algorithms in this category.

The emergence of optimization problems with diverse characteristics in different fields
leads to a trend toward effective algorithms that are able to find appropriate solutions.
Therefore, it is still necessary to propose new algorithms or improve existing algorithms to
eliminate their defects. These algorithms have been used to solve several real-world prob-
lems in both continuous and discrete spaces such as feature selection [58-61], scheduling
and planning [62], disease diagnosis [63], engineering problems [64], photovoltaic energy
generation systems [65,660], economic dispatch problems [67], global optimization [68-70],
community detection [71-73], and motion estimation [74,75]. Among swarm intelligence
algorithms, the moth flame optimization (MFO) algorithm has attracted noticeable interest
for optimization purposes. MFO is applied in various fields, including training multi-layer
perceptrons [76], optimal reactive power dispatch [77], terrorism prediction [78], optical
network unit placement [79], optimal sizing of an isolated micro-grid [80], and dynamic
performance enhancement for wind energy conversion systems [81].

In general, the metaheuristic algorithms have two common behaviors: exploration
(diversification) and exploitation (intensification). Exploration refers to the algorithm’s
ability to search the entire search space to find new solutions by scattering random indi-
viduals and moving through the search space to investigate different regions of the search
space. Exploitation refers to the ability of the algorithm to find the optimum solution near
a previously discovered solution. An effective optimization algorithm must sustain the
balance of exploration and exploitation to avoid being trapped at the local optimum. More-
over, the lack of either stage leads to premature or slow convergence, stagnation, and lost
diversity. The concept of simultaneously employing multiple search/movement strategies
has been studied in earlier optimization techniques and has been beneficial to achieve
better performance in many types of problems. Thus, using different strategies in the whole
search process guarantees diversity, exploration, exploitation, and balance between them.
It also increases the chance of finding the best solution to a complex optimization problem
with a large search space.

In the literature, several algorithms have been proposed that use multiple strategies
and operations to increase exploration and exploitation abilities, such as MEPSO [82],
MAPSO [83], MSODPSO [84], HCLDMS-PSO [85], EABC [86], MEGWO [87], I-GWO [88],
ESSA [89], SaDE [90], CoDE [91], AMPDE [92], and MTDE [40]. In [82], multi-strategy
ensemble particle swarm optimization (MEPSO) was proposed, in which the particles
of the population were divided into two parts, I and II. The Gaussian local search and
differential mutation incorporated the conventional PSO search strategy to guide the search
process. Analysis showed that the strategy used in part I can enhance the convergence
of the algorithm while the other strategy can extend the exploration ability and local
optima avoidance. In [83], a multi-strategy adaptive particle swarm optimization (MAPSO)
was proposed to search the global optimum in the entire search space with a very fast
convergence speed. MAPSO developed an innovative strategy of diversity measurement
to evaluate the population distribution and performed a real-time alternating strategy to
determine one of two predefined evolutionary states at each iteration.

In [84], the authors developed the multiple strategies-based orthogonal design PSO
(MSODPSO), in which a pool of auxiliary vector generation strategies is used. The social-
only model or the cognition-only model was utilized in each particle’s velocity update, and
an orthogonal design (OD) method was used with a small probability to construct a new
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exemplar in each iteration. In [85], the authors present a heterogeneous comprehensive
learning and dynamic multi-swarm particle swarm optimizer (HCLDMS-PSO) using two
mutation operators. The main population is divided into two sub-populations, exploitation
and exploitation exemplar, employing each strategy. In [86], an enhanced artificial bee
colony (EABC) algorithm was proposed to improve ABC’s performance. In the proposed
EABC algorithm, two new search equations are used to generate candidate solutions for
the employed bee and the onlooker bee steps. This improvement helps to balance the
exploration and exploitation and improve searchability. The experimental results with a
set of benchmark functions proved the proposed algorithm outperformed the canonical
ABC in terms of convergence speed and quality of obtained solution.

An enhanced version of grey wolf optimizer, namely multi-strategy ensemble grey
wolf optimizer MEGWO) [87], was designed to solve the feature selection problem in
real-world applications. The authors proposed the enhanced global best lead strategy,
adaptable cooperative strategy, and dispersed foraging strategy to boost the performance
of GWO. In MEGWO, three sets of search approaches integrate to update the wolves’
positions. Simulation results show that their proposed technique performed better than
other algorithms compared. In [88], an improved grey wolf optimizer (I-GWO) was
proposed to improve the search strategy of the conventional GWO algorithm. In this
improvement, a new dimension learning-based hunting search strategy was proposed to
tackle imbalanced exploration and exploitation and premature convergence weaknesses.
In [89], a multi-strategy enhanced salp swarm algorithm (ESSA) was proposed for global
optimization. In ESSA, several strategies were used to improve SSA performance, including
opposition-based learning, orthogonal learning, and quadratic interpolation. The results
obtained with benchmark functions demonstrated its superiority in achieving better results
and convergence.

In [90], the differential evolution algorithm with strategy adaptation (SaDE) was
proposed to simultaneously implement two mutation strategies in which the control
parameters F and CR are self-adapted based on prior experience. In [91], the authors
proposed a composite DE (CoDE) that used three strategies with three control parameter
settings. To generate new trial vectors for each individual, a search strategy and parameters
are selected at random. An adaptive multi-population differential evolution (AMPDE)
algorithm for continuous multi-objective optimization, in which the sub-populations’ size
was adaptively adjusted depending on the information gained from the previous search
knowledge, was developed in [92]. To generate perturbed vectors, individuals of each
sub-population changed according to the allocated crossover operator taken from GAs. In
recent work, a practical approach named multi-trial vector (MTV) that can handle multiple
strategies by defining and controlling the policies, dividing the population into multiple
sub-populations, and using different archives was proposed in [40]. This approach can
be applied to algorithms from each category. Based on this approach an effective multi-
trial vector-based differential evolution (MTDE) algorithm was proposed in which three
trial vector producers were defined, each of which is applied to a group of individuals.
Moreover, a life-time archive is used to archive inferior solutions that help to exchange
information and maintain diversity.

3. Moth Flame Optimization (MFO) Algorithm

The moth-flame optimization (MFO) [30] algorithm is a simple swarm intelligence
algorithm based on the chemical effect of light on moths as an animal with bilateral
symmetry [93]. The MFO algorithm simulates the navigation of moths in nature, called
transverse orientation, in which moths keep a constant angle at a distance to the moon
when flying at night. This orientation is an effective mechanism for moving in a straight
line over long distances. However, in the face of artificial lights, the use of transverse
orientation causes a spiral path to the light source. Similarly, to other population-based
metaheuristic algorithms, MFO starts by randomly distributing N number of moths in
a D-dimensional search space. In each iteration, the population of moths is directed by
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considering the distance to the corresponding flame. Then, the moths’ fitness is calculated
to determine the best positions of the moths, and the optimal positions are considered
as flames. Based on the inspiration, the MFO uses a logarithmic spiral in Equation (1) to
update the moths’ positions around the search space.

M; = D; x ¢ x cos(2mt) + F; (1)
where D; indicates the distance between the ith moth and jth flame that is calculated
by Equation (2), b is a constant value equal to 1 to shape the logarithmic spiral of the
movement, and ¢ is a random number in [-1, 1].

D; = |F; — M;| ()

The spiral movement in MFO depicts the flying moths’ spiral paths, which update
their positions with respect to the positions of the flames. The distance between a moth
and its corresponding flame is determined by the parameter ¢, in which ¢ = —1 indicates
the closest proximity to the flame and ¢ = 1 represents the furthest proximity to the flame
in all directions in the search space. The number of flames decreases through progressive
iterations by Equation (3),

Flame,, = round (N —1Ix NT_Z> 3)

where N is the total number of moths, [ indicates the current iteration, and T is the maximum
number of iterations.

4. Multi-Trial Vector-Based Moth-Flame Optimization (MTV-MFO) Algorithm

Although the MFO algorithm is easy to implement and applicable to solve various
optimization problems, such as optimal power flow, scheduling problems, and traveling
salesman, the effectiveness of the algorithm in dealing with different complex problems is
still unsatisfying. Generally, the success of algorithms in solving problems with diverse
characteristics such as uni-modality or multi-modality with flat or rigid search space
depends on the choices of the movement strategies and parameters. Consequently, based on
the NFL theorem, there is no single movement strategy in an algorithm that can outperform
other strategies and cope with diverse optimization problems. This implies that it would
be beneficial to use different movement strategies in an algorithm to solve problems
with diverse characteristics, such as multimodality, non-separability, and dimensionality.
Motivated by these considerations, the multi-trial vector-based moth-flame optimization
(MTV-MFO) algorithm is proposed to tackle the MFO algorithm'’s flaws while attempting
to preserve its simplicity. The premature convergence to local optima and insufficient
balance between exploration and exploitation are the MFO algorithm’s weaknesses. As a
result of these flaws, the MFO algorithm fails to solve a variety of complex problems.

In this paper, the MTV approach replaces the single spiral movement strategy of the
MFO algorithm to obtain better performance when dealing with various and complex
optimization problems. By embedding the MTV approach in the MFO algorithm, different
types of trial vector producers (TVPs) can be defined, each of which is suitable to sus-
tain a specific behavior during the optimization process. In addition, each defined TVP
can be applied to a dedicated portion of the population using the MTV’s winner-based
distribution policy. Hence, the exchange of information between moths from different
sub-populations during population distribution can improve the MTV-MFO algorithm’s op-
timization efficiency. In the proposed MTV-MFO algorithm, two new movement strategies,
flag-guided trial vector producer (F-TVP) and contingent trial vector producer (C-TVP),
are incorporated with the original spiral movement of the MFO to reduce the local optima
trapping, prevent premature convergence, and enrich the balance between exploration and
exploitation. In the following, the proposed MTV-MFO algorithm’s steps are described
in detail.
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As depicted in Figure 1, the proposed MTV-MFO algorithm consists of four steps:
initializing, winner-based distributing, multi-trial vector producing, and evaluating and
population updating. After initialization of N moths in the search space, the sub-population
size of each TVP is calculated in every nliter iteration, and the moths are relocated by one
of the three TVPs. During the evaluation and population updating step of the proposed
algorithm, the inferior solution archive and inferior candidate solution archive preserve
the subordinate moths in order to use their knowledge leading the existing moths in the
population. To lead the moths across the search space, three TVPs are considered in the
multi-trial vector producing step; they are moth-flame trial vector producer (MFO-TVD),
flag-guided trial vector producer (F-TVP), and contingent trial vector producer (C-TVP).
The combination of these TVPs promotes the detection of promising regions by the MTV-
MFO algorithm when solving different problems. Table 1 provides the nomenclature for
the parameter descriptions used in the following section.

Initializing

Population

> iter < Maxlter

Yes

Reward distributing policy

Sub-populations

If done for

iter=iter+1

All TVPs

=i+l

\ 4

A

Inferior candidate Inferior solution

solution archive

archive

Evaluating and population updating

v

Archiving

Figure 1. The flowchart of the proposed MTV-MFO algorithm.
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Table 1. The nomenclature used in the MTV-MFO algorithm.

Parameter Description
M, F The moths and flames’ position matrixes
The improved rate of MFO-TVP, F-TVP,
ImpRateyiro-Typ, ImpRater_typ, ImpRatec.typ and C-TVP
The portion size of MFO-TVP, F-TVP,
Npro-rve, Neve, Nervp and E—TVP
MMEO-TVP pAqF-TVP pqC-TVP The sub-population of each TVP
X!nfSolution | xInfCandidate The archive of inferior and candidate solutions
XAl The union population of XInfSolution,
XInfCandzdntel and M

Initializing step: N moths are randomly generated in the search space within the
lower (I) and upper (1) bounds using Equation (4).

Mijj =i+ (uj — 1;) x rand(0. 1) )

where M;; is the ith moth’s position in the jth dimension, /; and u; are the minimum and
maximum limits of the jth dimension, and rand is a uniformly distributed random variable
between 0 and 1, respectively. The moth’s position is stored in matrix M, which has N rows
and Dim columns. Additionally, matrix M is replicated in matrix F, which reserves the
position of flames. The fitness value of moth M,; is calculated in the tth iteration by the
fitness function, f (M; (1)).

The winner-based distributing step: In every nlter iteration, for the population distri-
bution between three TVPs, the size of the sub-population is determined by calculating the
improved rate shown by ImpRate. For each TVP, ImpRate indicates the ratio of the number
of improved moths by considering their fitness to the number of function evaluations in the
previous nlter iterations. For each TVP, the improved rate is calculated using Equation (5),

Nlmpmvfd moths by MFO—TVP
Nyro-1vp X NFEs
Improved moths by F-TVP (5)
Np-tvpxNpgs 7
Improved moths by C—TVP
Ne—1vp % NrEs

7

ImpRatepmro-Tvp =

ImpRatep,TVp =

ImpRatec_typ =

where ImpRateyro-vp, ImpRatertyp, and ImpRatec.Typ are the improved rates, Nyro-Tvp,
Ne.ryp, and Nc.typ are the sub-population size of MFO-TVP, F-TVP, and C-TVP, and Ng; is
the number of function evaluations performed by each TVP in the last nlter, respectively. In the
MTV-MFO algorithm, the reward rule defined in Equation (6) is considered for distribution
policy; thus, the TVP with higher ImpRate has a larger sub-population.

For TVP with higher ImpRate Ngyp_pop = 2 X A X N ©)
For the other TVPs Ngyppgp = A X N

where N is the total number of moths, Ny, is the sub-population’s size by considering
the TVPs” improved rate, and A is considered 0.25. Then, in this step, three sub-population
sizes, Nyiro-Tvp, NE-Tvp, and Nc.ryp, are determined, and the sub-populations MMFO-TVP
MFTVP and METVP are created.

Multi-trial vector producing step: In each iteration, the position of moth M; is altered
according to the movement strategy of the MFO-TVP, F-TVP, or C-TVP. The MFO-TVP
improves the exploitation search ability, which increases the ability to search for new
solutions in a small or immediate neighborhood. F-TVP uses a flag flame, spiral movement,
gbest is used to exploit and escape the local optima, while C-TVP is adjusted to strike a
balance between exploration and exploitation.
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Moth-flame trial vector producer (MFO-TVP): In each iteration, M;MFO-TVP the ith moth
from the MFO-TVP’s sub-population, is moved similarly to the mechanism described in
the previous section. The distance is calculated by considering the corresponding flame
and the logarithmic spiral movement is used to generate the candidate moth. Finally, the
MFO-TVP generates the distance and relocates moth MMFO-TVP by Equations (7) and (8).

DIMFOfTVP(t + 1) — Fj(t) _ MZMFOfTVP(t) (7)

CMFO=TVP (1 4 1) = DMFOTVP (¢ 4 1) x € x cos(27r) + F(t) 8)

where DMFO-TVP indicates the distance of the ith moth of MMFO-TVP to the jth flame
calculated by Equation (3), C;MFO-TVP is the candidate solution provided by logarithmic
spiral movement, b is a constant value set to 1, and r is a random number in [—1, 1]. Since
the MFO-TVP movement strategy is the same as the MFO movement, this leads to the
production of undifferentiated moths over the course of the iterations, which results in
undesired premature convergence, imbalanced exploration and exploitation, and degraded
results in performance. The pseudo-code of the MFO-TVP is shown in Algorithm 1.

Algorithm 1. Moth-flame trial vector producer (MFO-TVP).

Input: MMFO-TVP

Output: CMFO-TVP

1: Procedure MFO-TVP

2 For i =1 to Nyro.Tvp

3 DlMFofTVP(t+ 1) = )Fj(t) _ MIMFOfTVP(t)

4: CMFO=TVP (4 1) = DMFOTTVP (1 1) x " x cos(27r) + Fi(t)
5.

6

7:

End
Return produced vectors in
End procedure

CMF O-TVP

Flag-guided trial vector producer (F-TVP): Meanwhile, the components used in calculat-
ing the distance and movement have the main effect on the moths’ position; in F-TVDP, the
flag flame is introduced with the aim of enhancing the exploration ability. Additionally,
the best flame is employed to calculate the distance between moth and flame, and a new
spiral function is used to model the flying path of moths. Thus, the distance is calculated
by considering the position of the best flame as flag flame to guide the moths. Moreover, in
the movement equation of this TVD, the logarithmic spiral shape is changed and a random
flame is utilized to form the next position of the moths. The distance and candidate moths
are generated by F-TVP according to Equations (9) and (10).

Dy~ TVP(t41) = | Fpest (1) — M TV (1) ©)

CF-TVP(t+1) = DFTVP (1 +1) x € x cos(27r) + Frgna(t) (10)

where D;F"TVP indicates the distance of the ith moth of MFTVP to the best flame of the
population Fpg, C;FTVP is the candidate solution, b is a constant value set to —1, r is a
random number in [—1, 1], and F,,,,; is a random flame selected from the entire set of
flames. The pseudo-code of the F-TVP is shown in Algorithm 2.
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Algorithm 2. Flag-guided trial vector producer (E-TVP).
Input: MFTVP
Output: CFTVP
: Procedure F-TVP
Fori=1to NPTVP

1
2
3 DI TYP(t41) = |Fyest (1) = METTVP (1)

4: CI7TVP(t+1) = DFTTVP (1 +1) x €% x cos(27tr) + Frgpa(t)
5.

6

7

End
Return produced vectors in
: End procedure

CF-TVP

Contingent trial vector producer (C-TVP): C-TVP is introduced to overcome premature
convergence and insufficient balance between exploration and exploitation. Thus, two new
external archives are employed with the aim of enhancing the population diversity and
exploration ability. In addition, the best moth position is considered as the base vector
in order to change the moths” position with respect to the current best moth position.
Therefore, the last TVP uses a difference between a random moth from the combination of
two archives and the entire moths’ population as shown in Equation (11) and the current
moth. The candidate moths are generated by C-TVP according to Equation (12).

xAll _ xlInfSolution | | ycInfCandidate | ar (11)
ClchVP(t + 1) = Fbest(t) + FC x (X:}zlr{d - MiC7TVP(t)> 12)

’

where X4 is the union of two archives X[fSolution anq xInfCandidate 319 the entire moths

population M, Fp,g is the best flame’s position in the whole population, FC is a constant
value set by 0.7, and C;“TV" is the candidate solution provided for the ith moth of the
MCETVP The pseudo-code of the C-TVP is shown in Algorithm 3.

Algorithm 3. Contingent trial vector producer (C-TVP).

Input: MC—TVP’ M, XInfSolution, xInfCandidate
Output: CETVP
Procedure C-TVP
XAl — py XInfSolution | ; xInfCandidate
Fori=1to Nc.ryp
C-TVP C-TVP
GV 1) = Fua(0) PO x (3~ M ()
n
Return produced vectors in C&TVP
End procedure

Evaluating and population updating: At the end of each iteration, the fitness values
of the candidate moths CMFO-TVP CETVP and CETVP are calculated and compared to the
previous fitness values of the moths, and the best candidate solutions are permitted for
surviving to the next iteration.

Archiving: In each iteration, during the evaluation and population updating step of
the MTV-MFO algorithm, two types of inferior moths are obtained. These solutions have
salient knowledge about the promising regions of the search space; thus, it is beneficial
to store and share their information to guide newly generated moths mostly in the last
iterations. Inferior solution archive X001 contains those solutions that are replaced
by their candidates. Additionally, inferior candidate solution archive X™"Cendidate jncludes
generated candidate solutions that are not eligible for entering the population. At the end
of each iteration, the inferior moths (either solution or candidate) are added to the archives,
and each archives’ member lifetime variable is increased by one. If the number of archive
members exceeds N, then inferior members with a higher lifetime value are randomly
removed. By employing these archives during the movement process, good diversity can
be maintained in simple and complex functions.
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The pseudo-code of the proposed MTV-MFO algorithm is shown in Algorithm 4.

Algorithm 4. Multi-trial Vector-based Moth-Flame Optimization (MTV-MFO) Algorithm.

Input: N, Dim, Maxlter, nlter
Output: The global optimum (Fp,s)

1: Begin

2: iter = 1, Rewarded-TVP = MFO-TVP.

3: Randomly distribute N moths in the search space.

4: Evaluating fitness f(M;) and set the Fpq;.

5: While iter < MaxlIter

6:  If mod (iter, nlter) ==

7: Determining ImpRateyiro-tvp, ImpRater_typ, and ImpRatec.Typ using Equation 5.
8: Calculating Npro-Tvp, NeTvp, and Ne_ryp using Equation 6.

9:  Endif

10:  Distributing M into MMFO-TVP  pFTVP MCETVP hased on reward distributing policy.
11: Do for each TVP

12: Fori=1to Ngyp pop

13: Multi-trial vector producing.

14: If £(C;) < (M)

15: Updating M; by C; and counting the improved moth.

16: End if

17: Archiving.

18: End for

19: End do

20: Updating Fpeg.

21:iter = iter + 1.

22:End while

23: Return the global optimum (Fp,).
24:End

5. Experimental Evaluation and Results

In this section, the proposed MTV-MFO algorithm’s performance is evaluated by a
comprehensive experimental study and a statistical analysis. These experiments include
exploration and exploitation, local optima avoidance, and convergence evaluation to assess
the performance of the MTV-MFO algorithm. The results are compared with the state-of-
the-art and recent nature-inspired algorithms, including krill herd (KH) [42], grey wolf
optimizer (GWO) [43], moth-flame optimization (MFO) [30] algorithm, whale optimization
algorithm (WOA) [7], salp swarm algorithm (SSA) [9], butterfly optimization algorithm
(BOA) [44], henry gas solubility optimization (HGSO) [45], and Archimedes optimization
algorithm (AOA) [46].

5.1. Benchmark Test Functions and Experimental Environment

The proposed MTV-MFO algorithm was evaluated on 29 test functions of the CEC
2018 benchmark suite [41]. These functions are classified into four categories: unimodal
(Func 1, Func 3), simple multimodal (Func 4-Func 10), hybrid (Func 11-Func 20), and
composition functions (Func 21-Func 30). The detailed descriptions and mathematical
formulations of CEC 2018’s functions are provided in Appendix A. Each category is suitable
to assess the ability of algorithms to benchmark the exploitative capability, convergence
behavior, exploratory capability, the ability to maintain a balance between exploration and
exploitation, and local optima avoidance. Matlab R2018a was used for implementing the
MTV-MFO, and the experiments were run on a CPU, Intel Core(TM) i7-3770 3.4GHz and
8.00 GB RAM.

5.2. Experimental Setup

The parameters of all comparative algorithms were set the same as suggested values
by their original works, as shown in Table 2. All benchmark functions were evaluated
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by 20 independent runs with different dimensions of 10, 30, and 50. In each run, the
maximum number of iterations (MaxIter) was set by (Dim x 10000)/N where Dim and N
were respectively set to the dimensions of the problem and 100. The fitness error value,
f(Fpest) — £(X¥), was used to report the obtained results, where f(Fj,) is the obtained
minimum fitness value and f(X*) is the true global optimum solution of the test function.
The mean and standard deviation of the error value were used to measure the performance
of the algorithms. The detailed experimental results are shown in Appendix B and in
Tables A2—-Ab5, in which the best-obtained error values are marked in boldface, and the
overall results are compared in Tables 3-6. Moreover, the last three rows of each table
denoted “w/1/t” indicate the number of wins (w), losses (1), and ties (t) of algorithms.

Table 2. The parameter settings of algorithms.

Algorithms Parameters Values

KH Vy=0.02, D™ = (0.005, N™™ = 0.01

GWO, WOA a=[20]

SSA ¢y,c3 = random numbers in [0, 1]

BOA p=0.38,a=[010.3],c=0.01
T TR T S
AOA u=09,1=01,C;=2,C,=6,C3=1,Cy=2
MTV-MFO nlter = 20

Table 3. The overall results for unimodal test functions.

KH GWO MFO WOA SSA BOA HGSO AOA MTV-

Dim — Metric o512 (014) (015  (016) (017 (019 (2019 (20200  MFO
Overall .10 (w/l/y 0/2/0  0/2/0  0/2/0  0/2/0  0/2/0  0/2/0  0/2/0  0/2/0  2/0/0
results 30 (w/l/t)  0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 2/0/0
50 (w/l/t)  0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 2/0/0

Dim: Dimension, w: wins, 1: losses, t: ties.

Table 4. The overall results for simple multimodal test functions.

Dim Metric KH GWO MFO WOA SSA BOA HGSO AOA MTV-
(2012) (2014) (2015) (2016) (2017) (2019) (2019) (2020) MFO
Overall 10 (w/l/y 0/7/0  0/7/0  0/7/0 0/7/0  0/7/0  0/7/0  0/7/0  0/7/0  7/0/0
results 30 (w/l/t)y  0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 7/0/0
50 (w/l/t)  0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 7/0/0

Dim: Dimension, w: wins, 1: losses, t: ties.

Table 5. The overall results for hybrid test functions.

Dim Metric KH GWO MFO WOA SSA BOA HGSO AOA MTV-
(2012) (2014) (2015) (2016) (2017) (2019) (2019) (2020) MFO
Overall 10 (w/l/t) ~0/10/0 0/10/0 0/10/0 0/10/0 0/10/0  0/10/0  0/10/0  0/10/0  10/0/0
results 30 (w/1/t) 0/10/0 1/9/0  0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0  9/1/0
50 (w/l/ty 0/10/0 1/9/0  0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0  9/1/0

Dim: Dimension, w: wins, I: losses, t: ties.
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Table 6. The overall results for composition test functions.

KH GWO MFO WOA SSA BOA HGSO AOA MTV-

Dim — Metric 515 (2014) (2015  2016) (2017 (2019 (2019 (20200  MFO
overay 10 W/1/9 1/9/0 0/10/0 0/10/0 0/10/0 2/8/0  0/10/0 1/9/0  0/10/0  6/4/0
results 30  (w/l/ty 1/9/0 0/10/0 0/10/0 0/10/0 1/9/0  0/10/0  0/9/1  2/7/1  5/4/1

50  (w/l/ty 0/10/0  0/10/0 0/10/0 0/10/0 1/9/0  0/10/0 0/9/1  1/8/1  7/3/0

Dim: Dimension, w: wins, I: losses, t: ties.

5.3. Exploration and Exploitation Evaluation

The unimodal functions are particularly used to evaluate the exploitative capability
and convergence behavior of the algorithm in those problems that have one optimum,
whereas the multimodal functions are suitable to assess the explorative and local optima
avoidance abilities of the algorithm. Therefore, by using these two types of test functions,
the exploitative and explorative abilities of the MTV-MFO were assessed and compared
with comparative algorithms as follows. Tables 3 and A2 in the Appendix B show that
the MTV-MFO algorithm greatly improves MFO results and can provide superior results
for unimodal functions in all dimensions 10, 30, and 50. This is mainly because the C-
TVP and MFO-TVP movement strategies are mostly exploitative, which helps to escape
from possible local optima and maintain diversity. Thus, it can be stated that the MTV-
MFO algorithm exploits the optimum solution more effectively than the MFO and other
comparative algorithms.

As shown in Tables 4 and A3, the MTV-MFO can provide superior results on simple
multimodal functions on dimensions 10, 30, and 50. The experiment was performed on
Func 4-Func 10, where the number of local minima increased exponentially as long as the
dimension of the function increased. The overall results on all dimensions show that the
MTV-MFO can find superior solutions on seven multimodal functions, while comparative
algorithms find unsatisfactory solutions. These results indicate that the proposed MTV-
MFO algorithm has better exploration behavior. The main reason for sufficient exploration
by the MTV-MFO is mostly because the C-TVP preserves diversity by using archives and
explores the search space extensively.

5.4. Evaluation of Local Optima Avoidance

Hybrid and composition functions are defined as more complex and challenging
optimization problems because their search landscape is made of multiple unimodal and
multimodal functions. Therefore, these functions were suitable to assess the MTV-MFO
algorithm’s ability in maintaining the balance of exploration and exploitation, which results
in local optima avoidance. The reported results in Tables 5 and A4 demonstrate that the
MTV-MFO on all three dimensions for hybrid functions has superior performance and gen-
erates better solutions. Moreover, the overall and detailed results for solving composition
functions by the MTV-MFO and other algorithms are reported in Tables 6 and A5, where
the MTV-MFO generates results competitive to those of other, comparative algorithms.
Since the MTV-MFO considers the improved rate of each TVP to measure the portion
size of sub-populations, an appropriate balance can be achieved between exploration and
exploitation. As the results demonstrate, the MTV-MFO obtains a good balance between
exploration and exploitation, which improves its local optima avoidance ability.

5.5. Convergence Evaluation

In this experiment, the MTV-MFO convergence behavior and speed were assessed
and compared to the comparative algorithms. Figure 2 shows the convergence curves
for unimodal function (Func 1), multimodal function (Func 5), hybrid functions (Func 12
and Func 18), and composition function (Func 30) on dimensions 10, 30, and 50. These
curves show the mean of best values in every iteration for each algorithm over 20 runs.
The MTV-MFO algorithm has a faster convergence on unimodal and multimodal functions.
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The main reason for sufficient exploitation and exploration of the proposed algorithm is
using the combination of best-obtained solutions by three TVPs during the optimization.
Additionally, the convergence curves indicate the superiority of the MTV-MFO algorithm
on the hybrid and composition functions. The results verify that the MTV-MFO algo-
rithm properly provides a balance between exploration and exploitation in hybrid and
composition functions. In addition, it preserves diversity, which can handle difficulties in
complex functions.
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Figure 2. Convergence curves of some functions from CEC 2018 with different dimensions. D: Dimension, gbest: best
gained value, F: Function.

To summarize the results gained by the performance evaluation, Table 7 shows the
overall effectiveness (OE) of the MTV-MFO and comparative algorithms based on their
total performance results shown in Tables 3-6. The algorithms” OE is calculated using
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Equation (13), where the parameters N and L are the numbers of functions and the total
number of loser functions for each algorithm, respectively.

Owerall Ef fectiveness (OE) = ((N —L)/N) x 100 (13)

Table 7. Overall effectiveness of the MTV-MFO and comparative algorithms.

KH GWO MFO WOA SSA BOA HGSO AOA MTV-MFO
Dim =10 1/28/0 0/29/0 0/29/0 0/29/0 2/27/0 0/29/0 1/28/0 0/29/0 25/4/0
Dim =30 1/28/0 1/28/0 0/29/0 0/29/0 1/28/0  0/29/0 0/28/1 2/26/3 23/5/1
Dim =50 0/29/0  1/28/0  0/29/0  0/29/0 1/28/0  0/29/0 0/28/1 1/27/1 25/4/0
Total (w/1/t) 2/8/0 2/8/0 0/87/0 0/87/0 4/83/0 0/87/0 1/84/2 3/82/4 73/13/1
OE 2.29% 2.29% 0% 0% 4.59% 0% 3.44% 5.74% 85.05%

Dim: dimension, w: wins, I: losses, t: ties, OE: overall effectiveness.

6. Statistical Analysis

In this section, statistical analyses including Friedman and Student’s t-tests were
performed to show the significant difference between the results obtained for the MTV-
MFO and comparative algorithms. To ensure a fair comparison, all analyses were run on
Matlab R2018a.

6.1. Friedman Test

Although the experimental evaluation results compare the proposed MTV-MFO al-
gorithm and comparative algorithms’ overall performance, the algorithms’ statistical
significance was not determined. Then, the non-parametric test Friedman was conducted
to prove the superiority of the MTV-MFO statistically. The Friedman test (Fy) [94] is a non-
parametric test used for multiple comparisons of different algorithms for all functions. This
test was used to rank the MTV-MFO and comparative algorithms based on the achieved
fitness by using Equation (14),

12xn 5 kx (k+1)2
Pf_kx(k+1) ;ij 4 (14)
where k, n, and R]- are the number of algorithms, case tests, and the mean rank of the jth
algorithm, respectively. For each pair of algorithmes, it ranks from 1 (best result) to k (worst
result), then calculates the average ranks obtained in all problems to obtain the final rank
of each algorithm. Based on the Friedman test results tabulated in Table 8, the overall
ranking proved the MTV-MFO algorithm’s superiority compared with other state-of-the-art
algorithms on dimensions 10, 30, and 50.

6.2. Student’s t-Test

In order to verify if there was a significant difference between the gained results
between the proposed algorithm and the comparative algorithms, the pairwise student’s t-
test was used. The null hypothesis, Hy, states that the average best value for both compared
algorithms is the same unless the two values are different, which shows the alternative
hypothesis Hj. In Table 9, the results of this pairwise statistical test are demonstrated with
a 5% significance level. The gained results show the superiority of the MTV-MFO algorithm
in comparison with other state-of-the-art algorithms on dimensions 10, 30, and 50, while in
most functions the MTV-MFO algorithm obtained t-test values greater than 1.
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Table 8. Friedman test results.

Algorithm  Dim  F1 F3 F4 F5 F6 F7 F8 F9 F10 FI1 FI2 F13 F14 F15 F16 F17
10 2.35 5.60 400 5.00 495 210 3.50 345 5.00 385 510 490 5.40 6.35 8.00 455
KH 30 2.85 5.85 2.80 3.70 5.40 245 315 480 400 445 340 2.90 595 3.60 395 115
50 3.00 535 325 3.90 5.65 3.20 460 455 450 550 245 325 450 2.90 420 5.55
10 5.10 475 475 205 3.70 3.05 2.10 445 235 265 365 3.90 460 435 3.50 3.90
GWO 30 6.10 3.55 515 225 225 2.90 1.65 2.15 2.25 310 560 545 410 490 175 225
50 6.00 3.40 5.70 225 1.95 2.80 2.60 2.50 225 110 615 5.85 440 5.80 2.10 235
10 3.90 503 3.65 405 2.50 455 5.25 3.38 3.5 360 230 460 6.25 495 3.95 3.5
MFO 30 6.85 7.20 6.70 5.10 475 5.75 535 6.50 440 700 555 465 440 465 5.05 6.35
50 7.45 7.35 7.00 6.75 475 7.90 6.35 6.60 5.00 640 675 6.55 450 6.15 6.65 7.20
10 565 400 575 6.50 8.25 7.65 7.65 8.55 5.10 560 580 585 525 5.90 5.65 6.50
WOA 30 410 845 5.60 7.15 8.20 7.80 6.60 7.75 575 450 605 5.55 6.70 6.40 6.55 6.55
50 400 6.55 3.05 3.80 7.20 5.20 3.20 3.20 2.10 260 435 480 455 550 485 145
10 3.05 2.40 2.70 3.50 5.10 465 3.60 335 515 540 470 5.00 345 3.55 3.95 450
SSA 30 2.20 2.00 255 3.25 485 345 375 430 3.10 220 295 525 225 5.45 3.30 3.30
50 1.60 2.00 2.70 460 165 275 440 5.15 125 225 350 465 240 425 345 425
10 9.00 8.90 9.00 8.85 8.20 8.50 8.65 8.15 8.55 800 865 8.10 8.20 855 7.50 8.30
BOA 30 9.00 6.90 9.00 8.90 8.15 8.90 8.90 8.60 8.95 855  9.00 9.00 595 8.95 9.00 9.00
50 9.00 8.05 9.00 8.95 8.50 855 9.00 8.95 8.70 885  9.00 9.00 8.60 9.00 9.00 9.00
10 8.00 6.00 7.65 7.70 7.35 7.65 6.95 7.15 7.75 670 765 645 6.60 645 6.75 6.80
HGSO 30 7.80 480 7.90 7.75 7.60 6.95 7.70 6.70 6.70 770 800 8.00 7.25 8.05 7.60 7.10
50 7.55 6.60 7.95 7.85 8.25 7.40 7.95 8.05 7.05 635 800 7.90 7.10 7.95 7.65 7.30
10 6.95 7.30 6.50 595 3.80 5.00 490 525 585 815 615 520 425 3.90 470 585
AOA 30 5.10 525 430 585 2.80 525 6.20 3.05 7.95 640 345 3.20 7.40 2.00 5.90 440
50 5.00 470 525 5.70 2.95 5.55 5.80 5.00 825 775 380 2.00 7.95 245 3.90 5.40
10 1.00 1.02 1.00 140 115 185 240 127 1.70 105 1.00 1.00 1.00 1.00 1.00 1.05
MTV-MFO 30 1.00 1.00 1.00 1.05 1.00 1.55 1.70 115 1.90 110 1.00 1.00 1.00 1.00 1.90 1.90
50 140 1.00 110 1.20 110 1.65 110 1.00 2.90 120 1.00 1.00 1.00 1.00 3.20 2.50
Algorithm  Dim F18 F19 F20 F21 F22 F23 F24 F25 F26 F27  F28 F29 F30 R Quenll
10 415 430 6.85 3.65 2.50 5.30 430 325 420 725 460 545 645 470 5
KH 30 3.70 1410 515 415 225 5.60 6.25 3.20 5.30 790  3.00 5.65 465 429 4
50 5.00 325 5.80 435 5.80 7.00 7.15 400 7.00 800 410 6.25 5.60 182 5
10 595 420 455 6.15 415 2.05 545 3.85 410 335 640 2.80 5.85 406 3
GWO 30 160 160 3.15 2.80 5.40 175 275 165 1.90 180 555 225 5.60 3.63 3
50 5.00 525 240 2.60 3.10 2.25 240 5.65 245 615 580 255 6.70 3.88 4
10 5.00 5.90 3.65 6.28 3.60 3.95 7.50 5.10 410 245 565 405 5.20 440 4
MFO 30 5.35 410 5.70 6.10 6.35 3.75 3.95 6.60 420 505 775 480 3.60 543 6
50 5.10 5.70 6.35 7.20 6.00 5.50 445 6.80 460 605 775 6.00 415 6.17 7
10 410 7.30 7.10 8.20 6.25 6.50 7.75 6.25 7.10 645 505 8.35 6.70 644 7
WOA 30 6.30 7.00 6.50 7.95 6.90 7.05 6.80 410 7.20 710 490 7.90 6.65 655 7
50 425 595 1.90 450 1.20 3.85 3.65 1.05 445 365 260 5.00 345 3.86 3
10 5.70 340 460 3.70 3.60 3.35 5.40 3.50 2.90 235 465 2.70 440 394 2
SSA 30 2.65 535 405 410 3.50 2.90 245 215 2.30 485 215 480 450 344 2
50 235 475 3.65 405 420 3.25 295 2.75 2.00 430 240 440 5.10 3.55 2
10 7.80 7.65 6.85 3.55 750 7.95 255 9.00 6.15 725 755 7.70 8.25 7.75 9
BOA 30 7.50 8.95 8.40 225 465 8.60 9.00 9.00 8.95 895  9.00 9.00 9.00 8.28 9
50 8.85 8.95 8.95 8.00 6.65 8.85 9.00 9.00 9.00 900  9.00 9.00 9.00 8.77 9
10 8.10 6.10 6.60 545 8.35 8.75 225 6.05 7.50 715 465 6.30 345 6.70 8
HGSO 30 7.75 7.85 5.90 8.60 5.80 8.15 7.70 7.75 7.10 180 660 6.20 8.00 7.13 8
50 7.75 8.05 6.30 8.60 6.15 8.15 7.85 7.90 7.65 165 635 7.85 8.00 7.35 8
10 3.20 515 3.75 5.50 695 5.65 5.85 6.50 7.65 650 545 6.05 3.25 5.56 6
AOA 30 6.15 2.05 490 6.80 8.60 5.50 480 6.15 555 130 495 2.15 1.50 479 5
50 5.70 2.10 6.65 440 8.65 480 6.00 555 6.05 135 525 215 1.00 487 6
10 1.00 1.00 1.05 2.52 2.10 1.50 3.95 1.50 1.30 2.25 1.00 1.60 1.45 1.45 1
MTV-MFO 30 1.00 1.00 125 2.25 1.55 1.70 1.30 1.40 2.50 325 110 225 1.50 146 1
50 1.00 1.00 3.00 1.30 3.25 135 1.55 2.30 1.80 485 175 1.80 2.00 173 1

Dim: Dimension, F: Function.
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Table 9. Student’s ¢-test results for MTV-MFO vs. each comparative algorithm.

Algorithm Dim F1 F3 F4 F5 Fe F7 F8 F9 F10 F11 F12 F13 F14 F15
10 4.18 3.55 10.90 9.85 3.55 1.95 3.39 1.67 8.94 7.19 5.24 6.75 247 3.81
KH 30 491 14.40 21.20 10.10 17.40 293 7.40 14.00 494 7.82 7.16 9.09 3.37 11.40
50 6.00 23.10 6.13 14.70 28.80 5.50 14.20 24.70 5.00 8.99 512 8.56 4.65 12.80
10 1.67 2.89 12.70 231 3.50 3.09 -0.17 1.74 1.46 6.96 3.03 529 2.66 3.93
GWO 30 5.84 16.60 17.20 6.91 8.05 2.90 0.61 5.07 0.65 10.70 3.87 1.50 2.37 133
50 10.10 19.60 9.64 3.79 6.07 2.83 7.47 4.51 —1.85 4.86 3.34 3.48 2.86 2.47
10 1.00 2.75 9.18 13.30 2.69 6.18 5.09 111 5.34 3.49 1.07 3.85 4.14 4.33
MFO 30 522 8.49 5.69 18.60 8.65 7.50 11.10 13.10 5.75 4.14 2.60 177 3.51 4.08
50 14.80 8.90 491 16.00 27.40 9.69 14.40 19.40 5.60 3.52 3.69 1.89 2.73 1.50
10 243 4.93 3.97 6.89 11.00 8.17 7.84 5.99 9.22 6.24 3.16 6.56 2.20 3.80
WOA 30 6.00 9.50 18.00 15.40 31.70 16.70 11.30 13.50 11.20 11.30 5.89 8.59 2.81 8.39
50 6.00 9.50 7.99 9.20 27.20 8.96 6.56 10.40 —3.12 8.04 5.89 8.40 2.81 8.35
10 4.80 11.80 11.50 4.15 3.78 5.66 2.83 119 7.29 5.06 2.79 4.95 9.82 4.32
SSA 30 3.65 14.60 22.50 8.94 10.50 6.94 6.62 7.50 3.57 6.40 3.95 6.69 5.42 7.13
50 233 16.00 5.14 9.72 16.90 225 8.81 18.50 3.12 5.38 713 8.16 6.08 6.59
10 8.42 19.60 10.80 25.40 18.60 30.00 20.80 9.84 21.80 8.91 4.13 4.84 8.11 10.80
BOA 30 18.10 25.30 24.30 44.90 42.20 52.70 60.00 33.40 32.10 18.50 14.30 7.32 10.80 3.95
50 43.00 48.70 42.80 57.50 46.90 38.20 66.50 48.90 57.10 44.40 15.90 12.60 4.39 9.11
10 10.00 10.60 16.30 25.60 25.20 29.90 18.20 18.00 15.70 12.80 9.78 8.97 431 8.46
HGSO 30 21.00 24.00 16.20 55.10 45.30 35.90 49.60 21.10 16.70 10.30 10.70 14.20 9.03 8.96
50 20.60 73.90 19.00 48.30 63.00 30.10 58.40 50.90 34.30 16.80 18.00 10.80 11.90 18.80
10 13.20 7.92 5.68 15.20 9.66 13.30 9.88 6.28 9.69 8.79 6.98 19.30 3.50 4.65
AOA 30 9.02 18.50 28.40 34.50 14.70 27.30 36.30 11.00 18.20 10.70 10.40 5.75 7.27 5.51
50 8.24 41.00 16.30 13.00 18.50 17.10 10.70 19.80 60.40 26.50 10.10 6.13 24.30 17.10
Algorithm Dim F17 F18 F19 F20 F21 F22 F23 F24 F25 F26 F27 F28 F29 F30
10 10.40 534 2.67 8.20 —0.40 048 10.10 —0.95 4.88 1.79 5.78 5.03 6.61 2.84
KH 30 5.15 3.96 4.20 6.92 7.95 -1.17 13.50 13.40 7.12 4.33 10.40 13.60 7.25 5.73
50 8.30 7.40 6.28 5.56 14.60 8.35 19.80 16.40 8.92 22.50 14.20 7.07 10.40 9.26
10 6.19 6.47 3.33 5.24 4.15 247 2.00 2.36 4.49 1.83 2.76 10.80 4.34 3.20
GWO 30 147 3.54 3.38 5.04 292 5.61 134 3.54 10.80 —1.92 4.16 14.50 0.12 3.53
50 —0.31 3.36 1.96 —2.42 597 —0.61 3.75 1.90 8.98 252 4.45 8.43 2.38 15.60
10 9.53 4.44 295 5.00 3.54 0.79 7.80 317 6.50 7.32 0.75 9.43 3.79 3.60
MFO 30 8.06 3.02 322 8.69 11.10 6.37 10.50 17.70 494 9.38 519 5.48 5.12 2.36
50 10.20 3.39 4.41 5.99 23.30 9.76 18.00 13.50 533 16.60 4.16 14.00 10.80 219
10 6.24 5.02 4.92 9.74 6.24 1.89 11.10 2.03 8.09 441 4.09 7.40 9.66 4.56
WOA 30 9.87 4.06 4.28 9.37 9.88 6.69 19.60 14.20 9.97 11.00 7.83 17.40 15.40 6.35
50 —3.66 4.05 4.28 —3.92 6.51 —4.68 8.55 5.88 —6.31 7.06 -3.71 2.32 8.76 5.85
10 12.00 6.51 2.14 7.06 -020 —0.27 4.66 0.70 3.63 —0.33 0.71 5.27 298 157
SSA 30 3.55 4.52 7.08 6.35 6.71 3.11 4.60 5.36 3.84 —1.43 5.84 6.62 7.21 6.17
50 4.64 8.57 8.29 1.00 8.51 2.16 6.04 4.00 1.64 -1.92 -1.17 173 9.66 20.30
10 27.20 3.76 2.53 19.20 -196 635 19.70 —5.31 13.90 7.66 8.10 7.76 15.50 5.73
BOA 30 5.54 3.38 5.53 18.20 —-0.19  10.00 22.30 18.00 22.70 21.40 15.00 40.90 8.16 6.19
50 8.95 7.12 7.04 24.60 12.50 4.49 28.50 36.40 74.70 57.30 21.80 40.90 6.70 10.00
10 25.60 574 527 13.30 1.22 8.37 24.20 —4.28 13.20 18.20 10.80 14.90 16.30 223
HGSO 30 15.70 7.14 12.60 15.70 31.50 19.90 33.40 27.00 29.90 28.60 —5.88 6.07 9.06 16.90
50 13.00 15.70 11.90 7.20 51.00 4.80 24.90 35.50 27.20 21.10 —18.80 833 10.80 19.00
10 21.20 6.38 7.58 14.90 1.77 6.01 21.00 0.12 15.50 10.50 512 123.00 15.20 2.64
AOA 30 8.00 14.20 11.80 10.80 23.50 22.70 18.60 13.20 35.00 14.90 —5.88 21.80 —0.18 -1.92
50 8.21 21.30 27.80 9.26 6.50 40.70 7.78 26.80 19.60 15.60 —18.80 7.51 1.03 —31.30

Dim: dimension, F: function.

6.3. Box Plot Analysis

A box plot analysis was performed to investigate the distributional aspects of the
experiments in previous subsections; boxplots for selected functions on dimensions 10, 30,
and 50 are illustrated in Figure 3. The best-gained values for each function from 20 runs
were used for this analysis. The box plot shows the dispersion and symmetry of the gained
results while illustrating the distribution of the results. The first, second (median), third,
and lower quartiles, upper limits, and outliers are shown by a box plot. The larger the
rectangular box, the more dispersed the results are, and the algorithm’s gained results are
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unstable. It also represents the performance that is the weakest in comparison. The median
of data sets is indicated by the red crossbar, and outliers are indicated by the plus sign (+)
in red. The boxplot analysis confirms the consistent ability of the MTV-MFO algorithm in
searching for the optimal solution, and also proves its ability to gain better results overall.
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Figure 3. Box plots of some functions from CEC 2018 with different dimensions.

7. Conclusions and Future Works

Swarm-intelligence metaheuristic algorithms are well-known stochastic algorithms that
are used to solve different optimization problems including non-linear, non-differentiable,
and non-convex problems; however, there are flaws in the algorithms when solving complex
problems. In this article, we used the multi-trial vector approach to propose a multi-trial
vector-based moth-flame optimization (MTV-MFO) algorithm, which is an enhancement for
the moth-flame optimization (MFO) algorithm. The movement strategy of the MFO leads
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to premature convergence and insufficient balance between exploration and exploitation.
Therefore, the MFO’s movement strategy was substituted by the MTV approach to use a
combination of different TVPs. In the MTV approach, the whole population is distributed
based on the winner-based distribution policy to a number of sub-populations, such that
each sub-population has its own TVP. The main advantages of the MTV-MFO are using two
strategies, flag-guided trial vector producer (F-TVP) and contingent trial vector producer
(C-TVP), which cooperate with the canonical moth-flame trial vector producer (MFO-TVP)
to handle different problems with diverse characteristics. Furthermore, the MTV-MFO
algorithm uses the knowledge of inferior moths preserved in two archives to prevent
premature convergence and avoid local optima. The statistical analysis results revealed a
significant difference between the results of the proposed algorithm and other comparative
algorithms. From the results gained by experimental performance evaluation and statistical
analysis, the conclusions can be stated as follows:

- The proposed F-TVP and C-TVP enhance exploitation and exploitation.

- Cooperation of the proposed F-TVP and C-TVP with the canonical MFO-TVP enhances
the balance between exploration and exploitation, which enables the MTV-MFO
algorithm to escape from the local optima.

- Theresults obtained from different experiments on diverse test functions with various
characteristics and statistical tests verify the performance of the MTV-MFO algorithm
in comparison to other, comparative algorithms.

The MTV-MFO algorithm is designed to optimize single-objective continuous prob-
lems, and it can be extended to solve binary problems and developed for multi-objective
problems. Furthermore, the MTV-MFO algorithm can be applied to solve real-world opti-
mization problems in electrical networks, structural engineering such as load balancing,
scheduling, resource distribution, and vehicle routing.
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Appendix A

The detailed descriptions and mathematical formulations of CEC 2018's functions are
provided in Table AT.

Table A1. Description of benchmark functions from CEC 2018.

Function Name and Formulation Fi* = Fi(x*)

Shifted and Rotated Bent Cigar Function

100
fi(x) =2 +10°CP 152, Fi(x) = f1(M(x —01)) + F*

Func1

Shifted and Rotated Zakharov Function

4 300
o) = xRy + (£R,05x) " + (£2405x), B(x) = f3(M(x - 03)) + F5*

Func 3
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Table A1. Cont.

Function Name and Formulation Fi' = Fi(x*)
Func 4 Shifted and Rotated Rosenbroc]z(s Function 100
unc _ 2048 (x—
f) = P71 00(2 1) + (517, B = fu (M(%) n 1) R
Func 5 Shifted and Rotated Rastrigin’s Function 500
f5(x) =P (x} — 10cos(27x;) +10), F5(x) = f(M(x —05)) + F5*
Shifted and Rotated Expanded Scaffer’s F6 Function
(smz <\/x2 +y2> 70,5>
Func 6 fo(x) = g(x1.x2) +g(x2.x3) +... +g(xp_1.xp) + g(xp-x1), Schaffer’s F6 Function : g(x,y) = 0.5+ ~—————"—7" 600
(10001(x2+12))
0.5(x—0
Fs(x) = f20 (M<7<100 5) )) + "
Shifted and Rotated Lunacek Bi_Rastrigin Function
fr(x) = min(zgl(xy- — )% dD +sED | (% — M)Z) + 10(D - zglcos(znz‘))/
Func?7 2 700
1g-—d 10(x— N . .
po =254 =—\/ s =1~ Wﬁd =1,y= YTU)' £ = 2sign(x;* )y; + po, fori=1.2,...,D
o 600(x—
2= A0(3 — o), Fy(x) = h(M(%)) +E
Shifted and Rotated Non-Continuous Rastrigin’s Function
D
fa(x)= ¥ (sz —10cos(27z;) +10) + fi3
i=
o 5l20x=0) [ % N if [%;] <05 S
2 =M; =0, Vi { mundl% if 4] > 05 fori=12,...,D
Z =M AOM, T,?_;ﬁ (Tosz (v)), A% :adiagonalmatrixinDdimensionswiththeih diagonalelementasAy = «2(0-1) ,i=12,... D.
Func 8 14p il o 800
Tasy B:ifx; >0.x=x D1V ,fori=1, ... ,D Togz: for x; = sign(x;) exp(X; +0.049(sin(c1 %;) + sin(cp%;))). fori = 1 and D.
. -1 if x; <0
o= log(lxil) ifxi#0 ooy e =
Where £; = { i otherwise 518" %) = (i Dltf;l;c;ugsf’]
_f 10 ifx >0 _[ 79 ifx >0
a= { 55 othermwise a4 2= { 3.1 otherwise
5.12(x—o
Fg(x) = fg <4<mo sl ) +R"
Shifted and Rotated Levy Function
Func 9 fo(x) = sin?(mwy) + L7 (w; — 1)? {1 + 10sin? (mrw; + 1)} + (wp —1)2 [1 + sinz(ZHwD)}, Where w; = 1+ Xif Vi=1..... D 900
5.12(x—o,
Fy(x) = fo (M(igog 2) )) +R*
Shifted and Rotated Schwefel’s Function
D
fro(x) =418.9829 x D — Y g(z;)
i=1
z;sin(|z;]"/?) if |z <500
F 10 -500)2 1000
une ¢lzy={ (00— mod(z,.Soo))sin( \SOofmnd(zluSOO)\) - %) if z; > 500
) 2
(mod(|zi].500) ~ 500) sin (v/[mod([z;]:500) — 500]) (00 if z; < —500
1000 (x—
Fio(x) = fi0 (4(1%001*0) ) +Fio*
Func 11 Hybrid Function 1 (N = 3) 1100
F11(HF1), N =3, p = (0.2, 0.4, 0.4], g1: Zakharov Function f3, g»: Rosenbrock Function f4, g3: Rastrigin’s Function f5
Hybrid Function 2 (N = 3)
Func 12 Fi2(HF2), N =3, p =[0.3, 0.3, 04, g1: High Conditioned Elliptic Function f11, g>: Modified Schwefel’s Function fj. 1200
83 Bent Cigar Function f;
Func 13 Hybrid Function 3 (N = 3) 1300
F13(HF3), N =3, p = (0.3, 0.3, 0.4], g1: Bent Cigar Function f}, g»: Rosenbrock Function fy.¢3: Lunache Bi — Rastrigin Function f;
Hybrid Function 4 (N = 4)
Func 14 Fi4(HF4), N =4, p=1[0.2, 0.2, 0.2, 0.4, g1: High Conditioned Elliptic Function f11, g»: Ackley’s Function fi3.¢3: Scaffer’s F; Function fpq, 1400
84 Rastrigin’s Function f5
Hybrid Function 5 (N = 4)
Func 15 Fi5(HF5), N =4, p =[0.2, 0.2, 0.3, 0.3], g1: Bent Cigar Function f;, g»: HGBat Function fig.¢3: Rastrigin’s Function fs, 1500
84: Rosenbrock’s Function fy
Hybrid Function 6 (N = 4)
Func 16 Fi4(HF6), N =4, p=0.2, 0.2, 0.3, 0.3], g1: Expanded Schaffer Fs Function fs, g»: HGBat Function f1g.¢3: Rosenbrock’s Function fy, 1600
g4: Modified Schwefel’s Function fi(
Hybrid Function 6 (N = 5)
Func 17 Fi17(HF7), N =5, p=[0.1, 0.2, 0.2, 0.2, 0.3], g1: Katsuura Function f4, g»: 1700
Ackley’s Function f13, g3: Expanded Girewank'’s plus Rosenbrock’s Function fig,
84: Modified Schwefel’s Function f1o, g4: Rastrigin’s Function f5
Hybrid Function 6 (N = 5)
Func 18 Fig(HF8), N =5, p=[0.2, 0.2, 0.2, 0.2, 0.2], g1: High Conditioned Elliptic Function f;, g: Ackley’s Function fy3, 1800
83: Rastrigin’s Function f5.¢4: HGBat Function fig,
g5: Discus Function f1,
Hybrid Function 6 (N = 5)
Func 19 Fi9(HF9), N =5, p=[0.2, 0.2, 0.2, 0.2, 0.2], g1: Bent Cigar Function fy, gp: Rastrigin’s Function f5, 1900

¢3¢ Expanded Girewank’s plus Rosenbrock’s Function fg,
84: Weierstrass Function f14, ¢5: Expanded Schaffer’s Fg Function fg
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Table A1. Cont.

Function Name and Formulation Fi' = Fi(x*)
Hybrid Function 6 (N = 6)
Func 20 Fy0(HF10), N =6, p = (0.1, 0.1, 0.2, 0.2, 0.2, 0.2], g1: Happycat Function f7, g»: Katsuura Function fi¢, g3: Ackley’s Function fi3, 2000
g4: Rastrigin’s Function f5,
g5: Modified Schwefel’s Function f1(, g6: Schaffer’s F; Function fpq
Composition Function 1 (N = 3)
Func 21 Fy1, N=3, 0 =10, 20, 30], A = [1, 1le-6, 1], bias = [0, 100, 200], g1: Rosenbrock’s Function F;’, g»: High Conditioned Elliptic Function Fy;’, 2100
£3: Rastrigin’s Function F”
Composition Function 2 (N = 3)
Func 22 Fy, N =3, o =10, 20, 30], A = [1, 10, 1], bias = [0, 100, 200], g1: Rastrigin’s Function F5’, g»: Griewank’s Function Fy5’, 2200
g3: Modified Schwefel’s Function Fyp”
Composition Function 3 (N = 4)
Func 23 Fy3, N =4, o =[10, 20, 30, 40}, A = [1, 10, 1, 1], bias = [0, 100, 200, 300], g1: Rosenbrock’s Function F;’, g»: Ackley’s Function F3’, 2300
g3: Modified Schwefel’s Function Fjy’, g4: Rastrigin’s Function F5’
Composition Function 4 (N = 4)
Func 24 Fy, N =4, 0 =10, 20, 30, 40}, A = |10, 1 x 10—, 10, 1|, bias = [0, 100, 200, 300], g1: Ackley’s Function Fy3’, 2400
g2: High Conditioned Elliptic Function Fy1’, g3: Girewank Function Fj5’, g4: Rastrigin’s Function F5’
Composition Function 5 (N = 5)
Func 25 Fys, N =5, o = [10, 20, 30, 40, 50], A = [10, 1, 10, 1e — 6, 1], bias = [0, 100, 200, 300, 400], g: Rastrigin’s Function Fs’, 2500
g2: Happycat Function Fy;’, g3: Ackley Function Fy3’, g4: Discus Function Fyy’,
85: Rosenbrock’s Function Fy’
Composition Function 6 (N = 5)
Func 26 Fys, N =5, o =[10, 20, 20, 30, 40], A = [le — 26, 10, 1le — 6, 10, 5e — 4], bias = [0, 100, 200, 300, 400], g1: Expanded Scaffer’s F6 Function Fy’, 2600
g, * Modified Schwefel’s Function Fyg’, g3: Griewank’s Function Fy5’,
84: Rosenbrock’s Function Fy’, g5: Rastrigin’s Function F5’
Composition Function 7 (N = 6)
Func 27 Fy7, N =6, o = [10, 20, 30, 40, 50, 60], A = [10, 10, 2.5, 1 x 1026, 10, 1 x 109, 5 x 10—4], bias = [0, 100, 200, 300, 400, 500], 2700
g1: HGBat Function Fg’, g»: Rastrigin’s Function F5’, g3: Modified Schwefel’s Function Fjy’, g4: Bent —
Cigar Function Fy;’, g4: High Conditioned Elliptic Function Fj1’, ¢5: Expanded Scaffer’s F6 Function Fg’
Composition Function 8 (N = 6)
— — — _6 _4 faa —
Func 28 Fyg, N =6, o = [10, 20, 30, 40, 50, 60}, A = [10, 10, 1 x 10-°, 1, 1, 5 x10—*|, bias = [0, 100, 200, 300, 400, 500], 2500
81: Ackley’s Function Fy3’, g»: Griewank’s Function Fy5’, g3: Discus Function Fy5’, g4: Rosenbrock’s Function Fy’,
g4: HappyCat Function Fy7’, g5: Expanded Scaffer’s F6 Function Fy"
Func 29 Composition Function 9 (N = 3) 2900
Fy9, N =3, 0 =10, 30, 50], A = [1, 1, 1], bias = [0, 100, 200}, g1: Hybrid Function 5 F5’, g»: Hybrid Function 6 F¢’, g3: Hybrid Function 7 F;’
Composition Function 10 (N = 3)
Func 30 3000
F39, N =3, o =10, 30, 50], A = [1, 1, 1], bias = [0, 100, 200], g1: Hybrid Function 5 F5’, g»: Hybrid Function 8 Fg’, ¢3: Hybrid Function 9 Fy’
Appendix B
The detailed results for the unimodal, multimodal, hybrid, and composition functions
of CEC 2018 for the proposed MTV-MFO algorithm and comparative algorithms are
provided in Tables A2-A5.
Table A2. The obtained results for unimodal test functions.
. . KH GWO MFO WOA SSA BOA HGSO AOA
Fune Dim Metric (2012) (2014) (2015) (2016) (2017) (2019) (2019) (2020) L
Avg 4.81 x 102 2.69 x 10° 3.51 x 10° 237 x 10° 3.17 x 103 9.77 x 10° 5.64 x 108 3.64 x 107 0
10 SD 5.15 x 102 7.21 x 10° 1.57 x 107 4.36 x 10° 2.96 x 103 2.39 x 10° 252 x 108 1.23 x 107 0
Min 3.00 x 10! 5.00 x 103 3.15 x 10! 1.36 x 10* 4.58 x 100 3.62 x 107 2.39 x 108 1.64 x 107 0
Avg 1.59 x 104 8.15 x 108 6.85 x 10° 3.01 x 10° 4.86 x 103 5.62 x 1010 1.52 x 1010 479 x 107 1.33 x 102
Func1 30 SD 1.44 x 10* 6.24 x 108 5.86 x 107 224 x 10° 5.76 x 103 5.04 x 107 3.24 x 10° 2.37 x 107 143 x 102
Min 2.86 x 10° 1.60 x 108 5.49 x 10 7.79 x 10° 5.58 x 10! 4.75 x 1010 1.07 x 10%0 1.72 x 107 3.53 x 1072
Avg 2.31 x 10° 4.74 x 10° 3.64 x 1010 1.02 x 107 6.71 x 10° 1.07 x 101 3.95 x 1010 5.69 x 108 2.06 x 103
50 SD 1.70 x 10° 2.11 x 107 1.10 x 100 1.06 x 107 8.58 x 10° 5.19 x 107 8.59 x 10° 3.09 x 108 1.52 x 10°
Min 6.31 x 10* 1.19 x 10° 1.87 x 10'0 2.86 x 10° 9.38 x 100 9.43 x 1010 2.64 x 1010 2.29 x 108 8.40 x 100
Avg 9.01 x 102 5.33 x 102 3.41 x 10° 1.68 x 102 1.17 x 1077 1.35 x 10* 7.31 x 102 1.81 x 103 0
10 SD 1.13 x 103 8.25 x 107 5.53 x 103 1.52 x 102 443 x 1010 2.86 x 10° 3.07 x 107 1.02 x 103 0
Min 2.85 x 10! 252 x 10! 0 3.79 x 100 3.37 x 1010 8.42 x 103 3.40 x 102 3.19 x 102 0
Avg 453 x 10* 2.62 x 104 8.80 x 104 1.54 x 10° 361 x 1078 8.30 x 104 3.84 x 10* 4.15 x 10* 0
Func3 30 SD 1.41 x 10* 7.06 x 103 4.64 x 10* 7.27 x 10 1.10 x 108 8.16 x 103 7.17 x 103 1.01 x 10* 0
Min 2,66 x 10* 9.68 x 103 1.18 x 10* 4.94 x 10* 249 x 1078 6.44 x 10* 211 x 10* 2.15 x 10 0
Avg 1.15 x 10° 6.76 x 10* 1.89 x 10% 6.98 x 10* 1.96 x 1077 2.35 x 10° 1.39 x 10° 1.01 x 10° 0
50 SD 2.23 x 10* 1.55 x 104 9.49 x 10* 2.77 x 10* 546 x 1078 5.73 x 10* 8.39 x 103 1.10 x 10* 0
Min 8.23 x 10* 421 x 10* 1.44 x 10* 3.65 x 10* 1.28 x 1077 1.78 x 10° 1.26 x 10° 8.24 x 10* 0
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Table A2. Cont.

10 (w/1/1) 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 2/0/0
Rank 30 (w/1/1) 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 2/0/0
50 (w/1/1) 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 0/2/0 2/0/0
Func: function, Dim: dimension, Avg: mean, SD: standard deviation, Min: minimum error value, w: wins, 1: losses, t: ties.
Table A3. The obtained results for simple multimodal test functions.
Func Dim Metric @012 G0t 019 (016 Goin 2019 019y Qoo MTVMFO
Avg 5.91 x 10° 7.85 x 100 5.48 x 10° 401 x 10! 3.97 x 100 1.24 x 10° 4.65 x 10! 1.80 x 101 0
b SD 242 x 10° 2.76 x 107 2,67 x 10° 452 x 10! 1.55 x 100 3.21 x 102 1.28 x 10! 1.42 x 10 0
Min 1.18 x 1071 6.17 x 10° 1.15 x 10° 3.05 x 10° 8.81 x 1073 6.26 x 102 2.33 x 10! 7.86 x 100 0
Avg 9.87 x 10! 1.59 x 102 5.10 x 102 1.58 x 102 8.71 x 10! 212 x 10* 1.63 x 10% 1.28 x 102 742 x 1071
Func 4 30 SD 2.03 x 10! 4.16 x 10! 4.00 x 102 3.94 x 10! 1.71 x 10! 3.62 x 10° 4.48 x 102 2.01 x 10! 1.41 x 109
Min 6.83 x 10! 9.85 x 10! 9.92 x 10! 1.13 x 102 3.70 x 10! 1.15 x 10* 1.06 x 103 1.02 x 102 1.70 x 1073
Avg 1.54 x 102 4.42 x 102 2.78 x 103 2.82 x 102 1.41 x 102 4.16 x 10* 7.71 x 103 3.48 x 102 6.16 x 10!
* SD 5.06 x 10! 1.86 x 102 2.48 x 103 6.46 x 101 5.08 x 10! 5.30 x 103 1.78 x 10% 7.15 x 101 3.82 x 10!
Min 7.32 x 10 2.08 x 102 4.46 x 102 2.10 x 102 3.25 x 10! 3.24 x 10* 451 x 10° 2.00 x 102 5.74 x 1072
Avg 2,69 x 10! 1.14 x 101 2.20 x 10! 4.44 x 10! 1.85 x 101 1.18 x 102 497 x 10! 3.35 x 10! 8.95 x 107
b SD 7.13 x 10° 441 x 100 5.47 x 10° 2.26 x 101 9.29 x 109 1.35 x 10! 5.38 x 10° 6.49 x 100 2,96 x 109
Min 1.59 x 10! 4.08 x 100 8.95 x 10° 1.50 x 10! 7.96 x 100 9.06 x 10! 3.64 x 10! 1.93 x 10 3.98 x 109
Avg 1.37 x 102 9.53 x 10! 1.88 x 102 2.64 x 102 1.27 x 102 5.86 x 102 3.06 x 102 2.11 x 102 6.13 x 10!
Func 5 30 SD 3.14 x 10! 2.03 x 10! 3.29 x 10! 5.56 x 10! 2.96 x 10! 4.66 x 10! 1.71 x 10 1.45 x 10 1.51 x 10
Min 9.06 x 10! 558 x 10! 1.31 x 102 1.79 x 102 7.76 x 101 5.05 x 102 2.56 x 102 1.90 x 102 3.08 x 10!
Avg 2.56 x 102 1.81 x 102 443 x 10? 413 x 102 3.04 x 102 9.51 x 102 5.45 x 102 3.68 x 102 1.47 x 102
* SD 3.11 x 10! 3.45 x 10! 8.55 x 10! 8.06 x 101 6.46 x 10! 5.18 x 10! 2.80 x 10! 7.74 x 101 2.08 x 10!
Min 2.09 x 102 1.21 x 102 3.29 x 102 2.73 x 102 2.06 x 102 8.18 x 102 4.80 x 102 2.11 x 102 9.25 x 10!
Avg 5.40 x 100 1.19 x 109 421 x 1071 3.15 x 10! 6.38 x 100 6.51 x 10! 243 x 10! 9.41 x 1071 0
v SD 6.81 x 100 1.52 x 100 7.00 x 1071 1.28 x 10 7.55 x 100 1.38 x 10 4.30 x 10° 436 x 1071 0
Min 3.86 x 107> 251 x 1072 0 1.28 x 10 272 x 1072 437 x 10! 1.60 x 10 2.70 x 1071 0
Avg 3.55 x 10! 5.24 x 100 2.82 x 10! 6.93 x 10! 3.12 x 10! 1.17 x 102 6.48 x 10! 8.75 x 100 1.34 x 1071
Func 6 30 SD 9.06 x 10° 2.81 x 10° 1.44 x 10! 9.73 x 10° 1.32 x 10! 1.24 x 10 6.35 x 100 2.63 x 10° 1.07 x 101
Min 1.95 x 10! 8.70 x 1071 7.63 x 10° 5.02 x 10! 9.19 x 10° 8.83 x 10! 473 x 10! 5.06 x 107 1.49 x 102
Avg 5.13 x 10! 1.10 x 10! 4.76 x 10! 7.54 x 101 4.34 x 10! 1.32 x 102 8.24 x 10! 2.06 x 10! 4.70 x 10°
% SD 6.46 x 100 3.96 x 10° 6.44 x 10° 9.30 x 100 9.48 x 100 7.76 x 10° 4.74 x 100 4.14 x 100 2.41 x 10°
Min 3.74 x 10! 5.12 x 10° 3.66 x 101 6.58 x 101 2.40 x 10! 1.18 x 102 7.14 x 10! 1.46 x 10! 6.24 x 1071
Avg 2.10 x 10! 252 x 10! 3.58 x 10! 7.61 x 101 3.46 x 10! 3.21 x 102 6.63 x 101 3.77 x 10! 1.80 x 10!
v SD 5.34 x 10° 8.53 x 100 1.17 x 10 3.26 x 10! 1.25 x 101 6.53 x 10! 7.30 x 10° 5.29 x 10° 4.04 x 10°
Min 1.26 x 10! 1.46 x 101 1.48 x 10 2.71 x 10! 2.00 x 10! 1.82 x 102 452 x 10! 2,99 x 10! 7.78 x 109
Avg 1.33 x 102 1.53 x 102 3.27 x 102 5.04 x 102 1.64 x 102 1.15 x 103 4.01 x 102 2.44 x 102 1.16 x 102
Func? % SD 2,64 x 10 4.96 x 10! 1.22 x 102 1.01 x 102 3.09 x 10! 1.17 x 102 3.32 x 10! 1.37 x 101 1.30 x 10
Min 8.34 x 10! 9.08 x 10! 1.56 x 102 3.35 x 102 1.11 x 102 9.01 x 102 3.24 x 102 2.15 x 102 9.23 x 10!
Avg 3.62 x 102 3.38 x 102 9.72 x 102 1.01 x 103 3.36 x 102 1.86 x 10% 8.29 x 102 5.15 x 102 2.82 x 102
% SD 5.66 x 10! 8.31 x 10! 3.07 x 102 1.01 x 102 9.21 x 10! 1.28 x 102 6.43 x 101 3.84 x 10! 3.84 x 10!
Min 2.74 x 102 2.07 x 102 4.02 x 102 7.66 x 102 2.18 x 102 1.66 x 10° 7.17 x 102 431 x 102 1.93 x 102
Avg 1.63 x 10! 1.04 x 10t 2.48 x 10! 4.05 x 10! 1.73 x 10t 1.04 x 102 321 x 10! 234 x 10! 1.02 x 10*
b SD 6.96 x 100 3.67 x 100 1.12 x 10! 1.58 x 10! 9.37 x 100 1.32 x 10! 3.30 x 10° 5.24 x 107 3.41 x 100
Min 7.96 x 100 5.97 x 109 497 x 100 2.09 x 10! 4.97 x 100 7.63 x 10! 2,67 x 10! 1.36 x 101 1.9 x 100
Avg 1.09 x 102 7.73 x 10t 1.67 x 10% 2.16 x 102 1.19 x 102 4.82 x 10% 253 x 102 1.89 x 102 7.27 x 10!
Func 8 % SD 1.69 x 10 2.83 x 10! 3.83 x 10! 5.54 x 10! 2.72 x 10! 3.62 x 10! 1.36 x 10 1.55 x 101 1.07 x 101
Min 7.36 x 10 422 x 10! 9.11 x 10! 1.28 x 102 8.36 x 10! 422 % 102 2.27 x 102 1.57 x 102 5.07 x 10!
Avg 2.84 x 102 2.02 x 102 3.97 x 102 411 x 102 2.89 x 102 9.91 x 102 5.71 x 102 3.59 x 102 1.28 x 102
% SD 477 x 10! 3.18 x 10! 7.78 x 10! 7.29 x 10 8.11 x 10! 5.42 x 10! 2.75 x 10! 9.00 x 10! 2.10 x 10!

Min 2.09 x 102 1.36 x 102 2.69 x 102 293 x 102 1.93 x 102 8.76 x 102 5.03 x 102 2.18 x 102 8.16 x 10!
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Func Dim Metrc 2012) (ot 019 (016) o) 2019 (aor9) Guo)  MTV-MFO
Avg 8.52 x 100 6.17 x 100 3.79 x 10! 452 x 102 4.79 x 100 2,54 x 103 9.80 x 10! 3.81 x 100 0
b SD 228 x 10! 1.58 x 10 1.53 x 102 3.37 x 102 1.80 x 10! 6.69 x 102 2.43 % 10! 2.71 x 10° 0
Min 335x 107> 493 x 102 0 4.81 x 10! 1.36 x 1010 1.13 x 10% 4.46 x 10! 1.02 x 100 0
Avg 231 x 103 5.29 x 102 4.68 x 103 6.42 x 103 223 x 103 2.69 x 10* 498 x 103 9.96 x 102 1.50 x 102
Func9 % SD 6.62 x 102 3.60 x 102 1.55 x 10% 2.04 x 10° 1.24 x 103 4.98 x 103 9.90 x 102 3.18 x 102 9.61 x 10!
Min 9.31 x 102 8.54 x 10! 2.82 x 103 272 x 10° 4.25 x 10! 1.65 x 10* 3.17 x 10° 5.03 x 102 9.80 x 10°
Avg 9.41 x 103 4.49 x 103 147 x 104 2.01 x 10% 1.01 x 104 7.99 x 104 261 x 10% 1.02 x 104 1.26 x 103
* SD 1.36 x 103 3.26 x 103 3.08 x 103 6.78 x 103 222 x 103 5.95 x 103 2.02 x 10° 1.93 x 103 4,98 x 102
Min 7.64 x 103 151 x 103 7.99 x 103 1.24 x 10* 6.49 x 10° 6.85 x 10* 2,05 x 10* 7.01 x 103 415 x 102
Avg 9.94 x 102 5.21 x 102 7.37 x 102 9.41 x 102 9.15 x 102 2.24 x 103 1.36 x 10° 1.05 x 103 4.06 x 102
1 SD 2.88 x 102 3.13 x 102 2.73 x 102 2.47 x 102 2.60 x 102 2.16 x 102 1.82 x 102 2,51 x 102 1.28 x 102
Min 4.56 x 102 4.14 x 10! 3.14 x 102 4.81 x 102 2.99 x 102 1.73 x 10% 8.50 x 102 5.36 x 102 1.34 x 102
Avg 4.06 x 10° 3.25 x 10° 423 x 10° 5.18 x 10° 3.60 x 10° 8.93 x 10° 5.72 x 103 6.60 x 10° 3.08 x 10°
Func 10 30 SD 4.36 x 102 9.30 x 102 7.04 x 102 7.27 x 102 551 x 102 3.18 x 102 3.44 x 102 4.75 x 102 5.31 x 102
Min 3.37 x 10° 1.77 x 10° 2.98 x 103 3.83 x 10° 2.75 x 103 8.24 x 103 5.10 x 103 5.61 x 103 1.97 x 10%
Avg 6.65 x 103 5.45 x 103 7.32 x 103 8.87 x 10% 6.47 x 103 1.56 x 10% 1.17 x 104 1.32 x 104 5.36 x 103
* SD 8.55 x 102 7.81 x 102 1.09 x 103 1.13 x 103 1.03 x 103 433 x 102 6.84 x 102 413 x 102 4.48 x 102
Min 5.33 x 10° 3.91 x 103 494 x 103 7.22 x 103 481 x 10° 1.49 x 104 1.08 x 10* 1.26 x 10* 492 x 103
10 (w/1/1) 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 7/0/0
Rank 30 (w/1/1) 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 7/0/0
50 (w/1/1) 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 0/7/0 7/0/0
Func: function, Dim: dimension, Avg: mean, SD: standard deviation, Min: minimum error value, w: wins, 1: losses, t: ties.
Table A4. The obtained results for hybrid test functions.
Func Dim Metric o012 Gots G019 (016) o1 2019 (2019, Qo MTV-MFO
Avg 4.09 x 10! 1.97 x 10t 413 x 10! 8.50 x 10! 9.43 x 10! 1.70 x 103 1.30 x 102 2.11 x 102 4.30 x 10°
v SD 2.30 x 10! 9.59 x 109 4.78 x 10! 5.71 x 10! 7.99 x 10 1.34 x 10° 4.43 x 10! 1.05 x 102 1.79 x 100
Min 2,67 x 10° 6.26 x 107 3.48 x 10° 3.02 x 10! 1.36 x 101 2,55 x 102 6.00 x 10! 7.94 x 10 9.95 x 101
Avg 4.02 x 102 2.30 x 102 1.92 x 10% 3.52 x 102 1.66 x 102 7.00 x 103 1.44 x 10% 8.34 x 102 9.20 x 10!
Func 11 30 SD 1.84 x 102 4.87 x 10! 1.97 x 10% 9.76 x 10! 4.74 x 10! 1.94 x 10% 5.84 x 102 3.08 x 102 2.32 x 10!
Min 1.56 x 102 1.40 x 102 222 x 102 1.96 x 102 9.11 x 10! 3.95 x 103 5.80 x 102 4.50 x 102 5.77 x 10!
Avg 3.56 x 103 1.34 x 103 7.81 x 103 4.69 x 102 2.77 x 102 245 x 10* 4.89 x 10° 9.76 x 103 1.59 x 102
% SD 1.69 x 103 1.09 x 103 9.73 x 103 1.04 x 102 7.45 x 101 2.95 x 103 1.25 x 103 1.63 x 103 3.40 x 10!
Min 1.29 x 10° 3.63 x 102 5.38 x 102 3.31 x 102 1.46 x 102 1.70 x 10* 2.51 x 10° 6.82 x 10° 1.11 x 102
Avg 1.10 x 106 4.87 x 10° 2.82 x 10° 421 x 10° 1.03 x 100 4.12 x 108 6.48 x 100 2.07 x 106 1.91 x 102
v SD 9.36 x 10° 7.19 x 10° 1.17 x 10° 5.96 x 10° 1.66 x 10° 1.88 x 108 2.96 x 10° 1.32 x 10° 8.94 x 10!
Min 7.29 x 10* 2.04 x 10 1.13 x 103 417 x 10* 1.95 x 10* 3.51 x 107 9.12 x 10° 3.40 x 10° 1.14 x 101
Avg 2.83 x 10° 3.40 x 107 1.38 x 108 3.69 x 107 2.26 x 10° 1.55 x 1010 1.27 x 10° 3.07 x 10° 2,99 x 103
Func 12 % SD 1.77 x 100 3.93 x 107 2.37 x 108 2.80 x 107 2.55 x 10° 2,67 x 10° 532 x 108 1.32 x 10° 1.23 x 10°
Min 3.07 x 10° 7.71 x 10° 442 x 10° 1.17 x 107 223 x 10° 1.04 x 1010 5.61 x 108 1.57 x 10° 9.78 x 102
Avg 1.06 x 107 4.62 x 108 2.75 x 107 1.85 x 108 1.87 x 107 8.30 x 1010 1.57 x 1010 2.38 x 107 5.00 x 10%
% SD 9.25 x 10° 6.18 x 108 3.33 x 10° 9.28 x 107 1.17 x 107 9.33 x 107 3.89 x 107 1.05 x 107 1.96 x 10*
Min 1.93 x 10° 2.77 x 107 7.25 x 107 4.84 x 107 4.33 x 10° 6.93 x 1010 8.50 x 10° 7.26 x 10° 1.44 x 10*
Avg 9.77 x 103 7.93 x 10° 1.09 x 10* 1.52 x 10* 1.21 x 104 4.79 x 10° 1.67 x 10* 1.06 x 10* 6.65 x 10°
b SD 6.47 x 10° 6.70 x 103 1.27 x 10* 1.04 x 10* 1.10 x 10* 5.68 x 10° 8.32 x 103 2.46 x 10° 291 x 10°
Min 247 x 10° 7.16 x 102 1.38 x 102 3.50 x 10° 1.01 x 103 1.64 x 10° 436 x 10° 6.38 x 10° 9.95 x 1071
Avg 3.74 x 10* 1.01 x 107 5.38 x 10° 1.21 x 10° 1.19 x 10° 1.38 x 1010 4.36 x 108 3.65 x 10% 9.99 x 102
Func 13 % SD 1.80 x 10* 3.02 x 107 1.36 x 10° 6.24 x 10* 7.87 x 10% 3.45 x 107 1.37 x 108 2.77 x 10* 450 x 102
Min 1.49 x 10* 2.54 x 10 1.58 x 10* 3.64 x 10* 2,93 x 10* 4.94 x 10° 2.27 x 108 2,51 x 103 1.07 x 102
Avg 4.80 x 10* 7.92 x 107 5.58 x 108 1.54 x 10° 1.15 x 10° 5.04 x 1010 2.36 x 10° 1.40 x 10* 3.54 x 103
% SD 229 x 10 1.02 x 108 1.32 x 10° 7.49 x 10* 6.10 x 10* 1.05 x 1010 9.74 x 108 7.73 x 103 2,58 x 103
Min 222 x 10* 5.08 x 10* 8.46 x 10* 418 x 10* 3.36 x 10* 3.16 x 1010 9.55 x 108 551 x 103 1.48 x 102
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Func Dim Metrc 2012) (ot 019 (016) o) 2019 (aor9) Guo)  MTV-MFO
Avg 8.02 x 102 9.30 x 102 5.82 x 102 3.38 x 102 8.59 x 10! 417 x 103 5.39 x 102 2.00 x 102 1.88 x 10

b SD 1.42 x 103 1.53 x 103 6.04 x 102 6.49 x 102 2.75 x 10! 471 x 103 5.42 x 102 227 x 102 9.20 x 10°

Min 6.46 x 101 5.75 x 10! 5.62 x 101 493 x 10! 4.16 x 10! 1.69 x 102 1.15 x 102 4.05 x 10! 1.99 x 10°

Avg 3.45 x 10° 1.09 x 10° 8.86 x 10* 9.55 x 10° 5.67 x 103 4.99 x 10° 4.46 x 10° 5.25 x 10° 1.22 x 102

Func 14 % SD 458 x 10° 2.06 x 10° 1.13 x 10° 1.52 x 10° 459 x 103 2.61 x 10° 221 x 10° 3.23 x 10° 2.96 x 10!
Min 1.47 x 10* 1.37 x 10° 9.32 x 103 3.39 x 10* 5.03 x 102 1.55 x 100 4.05 x 10* 391 x 10* 6.42 x 10!

Avg 355 x 10° 455 x 10° 7.81 x 10° 552 x 10° 5.29 x 10% 1.53 x 108 3.40 x 10° 4.72 x 10° 2.77 x 102

* SD 3.41 x 10° 7.11 x 105 1.28 x 10° 401 x 10° 3.87 x 10 8.75 x 107 1.28 x 100 8.69 x 10° 431 x 10!

Min 2.14 x 10* 2.08 x 10 2,06 x 103 1.44 % 10° 1.24 x 10* 2.83 x 107 1.69 x 100 3.08 x 10° 1.89 x 102

Avg 2.97 x 10° 1.34 x 103 1.74 x 10% 2.36 x 103 5.23 x 102 1.89 x 10% 2.33 x 103 7.88 x 102 2,92 x 109

1 SD 3.48 x 10° 1.52 x 103 1.79 x 10% 2.78 x 103 5.39 x 102 1.20 x 10* 1.23 x 10% 7.55 x 102 1.69 x 100

Min 2.54 x 102 4.24 % 10! 1.12 x 102 1.29 x 102 4.22 x 10! 6.99 x 103 2.37 x 102 2.18 x 102 1.04 x 100

Avg 1.64 x 10* 1.34 x 10° 3.98 x 10% 8.84 x 10* 455 x 10* 1.10 x 10° 3.28 x 10° 5.90 x 102 1.33 x 102

Func 15 30 SD 6.40 x 103 453 x 10° 435 x 10* 471 x 10* 2.85 x 10* 3.63 x 108 1.64 x 100 3.60 x 102 5.11 x 10!
Min 7.88 x 10° 6.09 x 103 9.05 x 102 5.19 x 103 9.34 x 103 6.06 x 108 6.91 x 10° 2.01 x 102 1.61 x 10!

Avg 2.12 x 10* 4.81 x 10° 3.17 x 107 7.74 x 104 450 x 10* 9.58 x 10° 2.31 x 108 1.72 x 104 5.82 x 102

* SD 7.14 x 103 8.72 x 10° 9.46 x 107 6.32 x 10* 3.02 x 10* 2.47 x 107 5.50 x 107 431 x 10° 2.68 x 102

Min 1.10 x 10* 2.78 x 10 3.70 x 10* 1.59 x 10* 1.27 x 104 5.52 x 107 1.18 x 108 9.09 x 103 2.30 x 102

Avg 3.18 x 102 8.05 x 10! 1.03 x 102 1.77 x 102 9.00 x 10! 7.36 x 102 2.13 x 102 1.19 x 102 6.62 x 1071

b SD 1.22 x 102 7.56 x 101 8.98 x 10! 1.29 x 102 9.35 x 10! 1.78 x 102 6.25 x 10! 7.38 x 101 412 x 1071

Min 2.24 x 10 411 x 100 453 x 100 1.69 x 10! 2.80 x 100 3.22 x 102 4.79 x 10! 3.69 x 10! 2,57 x 1072

Avg 1.16 x 103 6.53 x 102 1.46 x 10% 1.89 x 103 9.85 x 102 494 x 103 2.10 x 103 1.60 x 103 7.64 x 102

Func 16 0 SD 2.81 x 102 2.82 x 102 3.89 x 102 4.90 x 102 2.35 x 102 7.24 x 102 1.35 x 102 2.00 x 102 1.40 x 102
Min 8.12 x 102 1.83 x 102 3.65 x 102 1.01 x 103 4.62 x 102 3.71 x 103 1.81 x 103 1.20 x 103 5.43 x 102

Avg 1.74 x 103 1.30 x 10% 2.55 x 103 3.06 x 103 1.58 x 10° 9.84 x 103 297 x 103 1.69 x 103 1.16 x 10°

* SD 3.13 x 102 3.05 x 102 5.22 x 102 7.24 % 102 420 x 102 1.37 x 10% 4.24 x 102 7.00 x 102 223 x 102

Min 1.12 x 103 8.21 x 102 1.47 x 10% 1.71 x 103 8.63 x 102 7.14 x 103 1.90 x 10% 547 x 102 1.10 x 103

Avg 5.71 x 10! 5.38 x 10! 453 x 10! 9.74 x 10! 5.52 x 10! 3.34 x 102 7.30 x 10! 6.59 x 10! 9.82 x 100

v SD 1.60 x 10! 3.07 x 10! 1.67 x 10 6.20 x 10! 1.63 x 101 1.09 x 102 7.04 x 10° 1.12 x 10! 7.42 x 109

Min 1.74 x 10! 244 x 10! 2.20 x 10! 411 x 10! 2.37 x 10! 1.29 x 102 5.76 x 10! 3.99 x 10! 1.31 x 100

Avg 4.62 x 102 2.53 x 102 7.26 x 102 7.29 x 102 3.50 x 102 3.86 x 10° 8.08 x 102 427 x 102 1.96 x 102

Func 17 0 SD 2.13 x 102 1.33 x 102 2.78 x 102 2.17 x 102 1.67 x 102 1.73 x 10% 1.29 x 102 1.05 x 102 9.83 x 10!
Min 9.94 x 10! 6.81 x 10! 1.16 x 102 3.83 x 102 1.23 x 102 1.94 x 10% 5.23 x 102 2.74 x 102 3.82 x 10!

Avg 1.64 x 103 9.90 x 102 2.08 x 103 2.35 x 10° 1.40 x 103 1.71 x 10* 211 x 103 1.67 x 103 1.02 x 103

% SD 2.82 x 102 2.55 x 102 3.89 x 102 3.43 x 102 2.33 x 102 8.10 x 103 229 x 102 2.01 x 102 2.39 x 102

Min 9.95 x 102 4.41 x 102 1.50 x 10% 1.63 x 103 1.05 x 103 7.15 x 103 1.54 x 103 1.35 x 10° 3.60 x 102

10 Avg 9.37 x 103 2.38 x 104 1.74 x 10* 9.12 x 103 2.14 x 10% 6.45 x 107 2.07 x 10° 4.02 x 103 1.79 x 10!

SD 7.83 x 103 1.65 x 104 1.75 x 10* 8.10 x 103 1.47 x 10* 7.19 x 107 1.61 x 10° 2.81 x 10 7.55 x 109

Min 4.41 x 102 1.05 x 103 1.55 x 10% 9.68 x 102 217 x 103 8.98 x 10° 791 x 103 4.14 x 102 1.40 x 100

30 Avg 3.94 x 10° 6.73 x 10° 1.55 x 10° 1.93 x 100 1.57 x 10° 1.05 x 108 2.23 x 10° 1.11 x 10° 3.06 x 102

Func 18 SD 4.45 x 10° 8.50 x 10° 2.30 x 10° 2.12 x 10° 1.55 x 10° 7.39 x 107 1.40 x 100 3.49 x 10° 1.24 x 102
Min 2.94 x 10* 3.79 x 10* 5.76 x 10* 1.10 x 10° 4.88 x 10* 1.54 x 107 8.23 x 10° 548 x 10° 9.16 x 10!

50 Avg 2.62 x 10° 3.06 x 10° 438 x 10° 493 x 10° 416 x 10° 2.50 x 108 9.12 x 10° 2.89 x 10° 5.23 x 103

SD 1.58 x 10° 4.06 x 10° 5.78 x 10° 5.17 x 10° 2.14 x 10° 9.00 x 107 2.60 x 10° 6.07 x 10° 2.97 x 103

Min 6.76 x 10° 1.64 x 10° 1.78 x 10° 6.09 x 10° 1.66 x 10° 4.32 x 107 4.74 x 10° 1.62 x 10° 1.16 x 10%

10 Avg 1.25 x 10° 416 x 103 7.45 x 103 1.27 x 10* 8.09 x 102 1.07 x 10° 418 x 103 1.34 x 10% 3.30 x 10°

SD 2.09 x 103 5.58 x 103 1.13 x 10* 1.16 x 10* 1.68 x 10° 1.16 x 10° 3.54 x 10° 7.88 x 102 1.17 x 109

Min 5.03 x 10! 2.31 x 10! 1.07 x 102 6.90 x 10! 1.42 x 101 8.63 x 103 2.16 x 102 3.51 x 102 8.15 x 1071

30 Avg 1.20 x 10° 3.54 x 10° 1.29 x 10° 2.65 x 10° 3.98 x 10° 1.05 x 10° 9.34 x 10° 3.38 x 103 8.86 x 10!

Func19 sD 128x10° 469 x 10° 179 %105 277x105  251x10°  492x 105 332 x 10 125% 100 279 x 10!
Min 5.38 x 10° 448 x 10° 1.56 x 10° 2,58 x 10° 145 x 10* 4.34 x 107 3.00 x 10° 1.33 x 103 5.03 x 10!

50 Avg 1.66 x 10° 3.21 x 10° 3.62 x 10° 2.31 x 10° 6.52 x 10° 4.74 x 10° 1.67 x 108 1.90 x 10* 5.01 x 102

SD 1.18 x 10° 7.31 x 10° 3.67 x 10° 2.07 x 100 3.52 x 10° 1.38 x 10° 6.29 x 107 3.01 x 103 2.60 x 102
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Func Dim Metrc 2012) Gots 019 (0%6) ot 2019 (aor9) Guo)  MTV-MFO
Min 1.99 x 10* 3.79 x 10* 1.30 x 10* 2,67 x 10* 439 x 10* 1.87 x 10° 5.75 x 107 1.39 x 10* 1.97 x 102
10 Avg 1.37 x 102 7.69 x 10! 5.86 x 10! 1.32 x 102 7.33 x 10 2.75 x 102 1.15 x 102 5.49 x 10! 3.44 x 10°
SD 7.09 x 101 6.15 x 10! 4.86 x 101 5.77 x 10! 472 x 10! 8.17 x 10! 3.57 x 10! 1.53 x 10! 4.84 x 100
Min 4.87 x 10! 2.30 x 10! 6.24 x 1071 6.06 x 101 2.58 x 10! 1.13 x 102 5.67 x 101 3.32 x 10! 0

30 Avg 5.76 x 102 419 x 102 5.90 x 102 6.72 x 102 4.84 x 102 1.41 x 10° 5.91 x 102 5.40 x 102 1.97 x 102
Func 20 SD 2.17 x 102 1.32 x 102 2.41 x 102 1.82 x 102 1.40 x 102 1.54 x 102 6.82 x 10! 1.02 x 102 1.13 x 102
Min 2.88 x 102 2.39 x 102 8.86 x 10! 3.88 x 102 2.86 x 102 1.03 x 103 4.80 x 102 3.57 x 102 3.02 x 10!
50 Avg 1.33 x 103 7.59 x 102 1.46 x 103 1.68 x 103 1.00 x 103 2.88 x 103 1.40 x 103 1.44 x 103 7.13 x 102
SD 3.25 x 102 2.09 x 102 3.58 x 102 2,58 x 102 2.79 x 102 3.78 x 102 2.14 x 102 1.69 x 102 1.81 x 102
Min 4.85 x 102 458 x 102 5.58 x 102 1.34 x 10% 3.65 x 102 1.87 x 10° 1.02 x 10% 9.59 x 102 6.28 x 102

10 (w/1/1) 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 10/0/0

Rank 30 (w/1/1) 0/10/0 1/9/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 9/1/0

50 (w/1/1) 0/10/0 1/9/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 0/10/0 9/1/0

Func: function, Dim: dimension, Avg: mean, SD: standard deviation, Min: minimum error value, w: wins, 1: losses, t: ties.
Table A5. The obtained results for composition test functions.

Func Dim Metric @012 G0t 019 (016 Goin 2019 aors) Qoo MTVMFO
Avg 1.28 x 102 1.96 x 102 1.89 x 102 2.35 x 102 1.31 x 102 2.85 x 102 1.52 x 102 1.54 x 102 1.33 x 102
b SD 4.69 x 10! 412 x 10! 6.00 x 10! 4.85 x 10! 5.09 x 10! 492 x 10! 3.81 x 10! 3.05 x 10! 5.20 x 10!
Min 1.01 x 102 1.01 x 102 1.00 x 102 1.05 x 102 1.00 x 102 1.54 x 102 1.12 x 102 1.12 x 102 1.00 x 102
Avg 3.12 x 102 2.81 x 102 3.73 x 102 452 x 102 3.16 x 102 7.18 x 102 4.67 x 102 3.88 x 102 2.65 x 102
Func 21 30 SD 2.18 x 10! 1.64 x 10! 3.93 x 10! 7.32 x 101 2.95 x 10! 5.18 x 10! 2.50 x 10! 1.53 x 10! 1.78 x 10!
Min 2.69 x 102 2,61 x 102 2.89 x 102 3.38 x 102 2,61 x 102 6.41 x 102 3.98 x 102 3.36 x 102 2.35 x 102
Avg 4.39 x 102 3.75 x 102 6.27 x 102 7.47 x 102 430 x 102 1.27 x 103 8.20 x 102 4.60 x 102 3.25 x 102
* SD 3.34 x 10! 3.03 x 10! 5.49 x 10! 9.57 x 10! 4.76 x 10! 6.05 x 10! 3.33 x 10! 9.51 x 10! 2.02 x 10!
Min 3.66 x 102 3.24 x 102 5.11 x 102 6.04 x 102 3.65 x 102 1.12 x 103 7.4 x 102 3.22 x 102 2.75 x 102
Avg 9.44 x 10! 1.06 x 102 9.73 x 10! 1.34 x 102 8.82 x 10! 1.08 x 103 1.83 x 102 1.35 x 102 9.03 x 10!
b SD 2.30 x 10! 7.39 x 100 2.68 x 10! 1.01 x 102 3.27 x 10! 2.63 x 102 3.56 x 10! 2,95 x 10! 2.68 x 10!
Min 2,03 x 10 1.01 x 102 3.43 x 10! 3.16 x 10! 224 x 1073 5.84 x 102 9.47 x 10! 1.08 x 102 2.44 x 10!
Avg 1.00 x 102 2.05 x 103 2.82 x 103 3.64 x 10° 1.49 x 103 8.62 x 103 1.72 x 103 5.79 x 103 1.01 x 102
Func 22 30 SD 5.08 x 107! 1.55 x 103 1.91 x 10% 237 x 103 2.00 x 103 7.63 x 102 3.65 x 102 1.12 x 103 1.15 x 109
Min 1.00 x 102 2.43 x 102 2.16 x 102 1.12 x 102 1.00 x 102 7.01 x 103 9.08 x 102 2.95 x 103 1.00 x 102
Avg 821 x 103 6.15 x 103 8.23 x 10° 9.35 x 103 7.05 x 10% 1.60 x 10* 9.30 x 103 1.34 x 10* 6.07 x 103
* SD 9.28 x 102 7.59 x 102 7.07 x 102 1.25 x 103 1.58 x 10° 5.51 x 102 248 x 10° 7.32 x 102 5.91 x 102
Min 6.04 x 103 4.79 x 10° 7.29 x 103 6.69 x 103 5.10 x 103 1.51 x 104 5.41 x 10° 1.15 x 10* 451 x 103
Avg 3.33 x 102 3.13 x 102 3.24 x 102 3.42 x 102 3.18 x 102 4.79 x 10? 3.68 x 102 3.36 x 102 3.09 x 102
v SD 1.04 x 10! 8.44 x 100 7.97 x 109 1.37 x 10 8.66 x 100 4.84 x 10! 1.05 x 10 5.64 x 100 2,12 x 109
Min 3.12 x 102 3.04 x 102 3.12 x 102 3.19 x 102 3.04 x 102 3.98 x 102 3.47 x 102 3.26 x 102 3.05 x 102
Avg 5.90 x 102 431 x 102 5.01 x 102 7.02 x 102 453 x 102 1.37 x 10° 7.85 x 102 5.73 x 102 419 x 102
Func 23 % SD 5.56 x 10! 3.57 x 10! 3.29 x 10! 6.65 x 10! 3.26 x 10! 1.56 x 102 4.75 x 10! 3.13 x 10! 1.50 x 10
Min 4.87 x 102 3.94 x 102 438 x 102 5.70 x 102 3.97 x 102 1.05 x 10% 6.96 x 102 4.79 x 102 3.87 x 102
Avg 1.06 x 103 6.10 x 102 8.18 x 102 1.30 x 10% 6.56 x 102 2.63 x 103 1.35 x 10% 7.81 x 102 5.78 x 102
* SD 1.02 x 102 3.56 x 10! 5.94 x 10! 1.53 x 102 5.69 x 10! 1.58 x 102 1.27 x 102 1.07 x 102 2.24 x 10!
Min 8.62 x 102 5.39 x 102 7.29 x 102 1.04 x 103 5.43 x 102 2.36 x 10° 1.07 x 103 6.43 x 102 5.30 x 102
Avg 2.61 x 102 3.44 x 102 3.61 x 102 3.57 x 102 3.10 x 102 5.09 x 102 1.65 x 102 2.94 x 102 291 x 102
v SD 1.22 x 102 9.49 x 100 1.01 x 10 9.78 x 10! 9.11 x 10! 4.69 x 10! 5.18 x 10! 7.80 x 101 9.80 x 10!
Min 1.00 x 102 3.32 x 102 3.43 x 102 5.49 x 10! 1.00 x 102 419 x 102 1.32 x 102 1.70 x 102 1.00 x 102
Avg 6.99 x 102 5.34 x 102 5.72 x 102 7.69 x 102 5.12 x 102 1.59 x 10% 8.66 x 102 6.22 x 102 4.81 x 102
Func 24 % SD 7.24 x 10 6.84 x 10! 2.46 x 10! 9.04 x 10! 2.59 x 10! 1.96 x 102 6.21 x 10! 443 x 10! 1.23 x 10
Min 5.79 x 102 4.64 x 102 5.35 x 102 6.06 x 102 4.63 x 102 1.21 x 10% 7.66 x 102 5.23 x 102 455 x 102
Avg 1.23 x 103 6.90 x 102 8.06 x 102 1.27 x 10% 7.09 x 102 2.87 x 103 1.53 x 10% 1.02 x 103 6.49 x 102
% SD 1.45 x 102 8.60 x 10! 4.80 x 10! 1.51 x 102 537 x 10! 2.84 x 102 1.18 x 102 5.64 x 10! 2.59 x 10!
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Min 1.04 x 10% 6.07 x 102 7.36 x 102 1.03 x 10% 6.16 x 102 212 x 103 1.26 x 10% 8.81 x 102 5.87 x 102
Avg 429 x 102 4.34 x 102 439 x 102 445 x 102 422 x 102 1.09 x 10% 450 x 102 452 x 102 4.03 x 102
b SD 226 x 10! 2.08 x 10! 2.50 x 10! 2.01 x 10! 2.38 x 10! 1.50 x 102 1.14 x 10! 2.67 x 100 1.39 x 10
Min 3.98 x 102 3.98 x 102 3.98 x 102 3.99 x 102 3.98 x 102 7.41 x 102 4.24 x 102 4.46 x 102 3.98 x 102
Avg 420 x 102 4.49 x 102 7.07 x 102 4.46 x 102 4.06 x 102 3.56 x 103 8.20 x 102 5.02 x 102 3.87 x 102
Func 25 . SD 2.08 x 10! 2.59 x 10! 2.90 x 102 2.70 x 10! 220 x 10! 5.12 x 102 6.48 x 10! 1.46 x 10! 1.37 x 109
Min 3.89 x 102 4.06 x 102 3.89 x 102 3.94 x 102 3.83 x 102 2.79 x 103 7.08 x 102 4.63 x 102 3.83 x 102
Avg 591 x 102 8.83 x 102 2.16 x 103 6.22 x 102 5.25 x 102 1.46 x 10% 3.94 x 103 8.21 x 102 5.06 x 102
* SD 242 x 10! 1.88 x 102 1.38 x 10% 454 x 10! 3.86 x 10! 142 x 10° 5.48 x 102 5.54 x 10! 3.79 x 10!
Min 5.36 x 102 7.03 x 102 5.52 x 102 5.26 x 102 4.60 x 102 1.19 x 10* 2.80 x 103 7.56 x 102 459 x 102
Avg 413 x 102 3.24 x 102 3.73 x 102 7.4 x 102 2.95 x 102 1.63 x 10° 5.54 x 102 5.66 x 102 3.00 x 102
1 SD 2.84 x 102 5.97 x 10! 449 x 101 451 x 102 7.38 x 10 3.64 x 102 6.25 x 10! 1.14 x 102 0
Min 490 x 1073 3.00 x 102 3.00 x 102 2.03 x 102 337 x 107 8.94 x 102 4.48 x 102 3.24 x 102 3.00 x 102
Avg 3.28 x 103 1.77 x 103 2.81 x 103 495 x 103 1.58 x 103 1.04 x 10* 4.44 x 10° 3.62 x 103 1.91 x 10%
Func 26 30 SD 1.39 x 10° 2.25 x 102 4.01 x 10? 1.15 x 103 1.08 x 103 9.77 x 102 3.72 x 102 5.22 x 102 2.31 x 102
Min 2.00 x 102 1.45 x 10% 222 x 103 1.63 x 103 2.00 x 102 8.13 x 10° 3.73 x 10° 2.83 x 10° 1.44 x 10%
Avg 7.40 x 103 3.27 x 103 5.34 x 103 1.09 x 104 2.08 x 103 1.61 x 104 8.64 x 103 6.53 x 103 2.95 x 103
> SD 8.69 x 102 5.35 x 102 5.75 x 102 151 x 103 1.88 x 103 7.06 x 102 1.11 x 103 9.53 x 102 3.20 x 102
Min 5.58 x 10° 2.71 x 103 461 x 10% 7.89 x 103 3.00 x 102 147 x 104 7.24 x 103 423 x 10° 2.36 x 103
Avg 427 x 102 3.95 x 102 3.93 x 102 4.24 x 102 3.95 x 102 5.72 x 102 422 x 102 415 x 102 3.92 x 102
b SD 2.64 x 10 4.00 x 109 2.30 x 10° 3.57 x 10! 1.55 x 10 5.52 x 10! 1.26 x 10! 1.89 x 10 2.20 x 109
Min 3.95 x 102 3.90 x 102 3.90 x 102 3.94 x 102 3.89 x 102 4.69 x 10% 4.06 x 102 3.96 x 102 3.89 x 102
20 Avg 7.05 x 102 5.30 x 102 5.37 x 102 6.40 x 102 5.33 x 102 2.12 x 103 5.00 x 102 5.00 x 102 5.13 x 102
Func27 sD 840x100  132x100  202x100  723x10!  121x 100 377 x 10? 823 x 172x 107 1.00 x 101
Min 5.75 x 102 5.09 x 102 5.10 x 102 5.40 x 102 5.12 x 102 1.49 x 10% 5.00 x 102 5.00 x 102 4.89 x 102
Avg 1.70 x 103 7.93 x 102 8.26 x 102 1.40 x 103 6.94 x 102 5.14 x 103 5.00 x 102 5.00 x 102 7.15 x 102
* SD 2.96 x 102 7.05 x 101 1.05 x 102 2.37 x 102 7.10 x 101 5.76 x 102 1.60 x 1074 229 x 1074 5.11 x 10!
Min 1.30 x 103 6.32 x 102 6.46 x 102 9.83 x 102 5.84 x 102 4.02 x 10% 5.00 x 102 5.00 x 102 6.18 x 102
10 Avg 4.60 x 102 5.37 x 102 5.06 x 102 4.79 x 102 491 x 102 9.94 x 102 4.77 x 102 4.94 x 102 3.00 x 102
SD 1.43 x 102 9.79 x 10! 9.75 x 10! 1.08 x 102 1.62 x 102 147 x 102 5.30 x 10! 7.03 x 100 0
Min 3.00 x 102 3.68 x 102 3.69 x 102 3.01 x 102 3.00 x 102 7.45 x 102 3.99 x 102 4.82 x 102 3.00 x 102
30 Avg 447 x 102 5.38 x 102 1.30 x 10% 4.94 x 102 4.09 x 102 5.32 x 103 9.19 x 102 5.00 x 102 3.15 x 102
Func 28 SD 2.66 x 10! 6.17 x 10! 7.91 x 102 263 x 10! 3.35 x 10! 7.82 x 102 4.56 x 102 1.94 x 1074 3.78 x 10!
Min 3.95 x 102 4.65 x 102 5.70 x 102 4.38 x 107 3.10 x 102 3.25 x 10° 5.00 x 102 5.00 x 102 3.00 x 102
50 Avg 5.40 x 102 1.15 x 10° 494 x 103 6.38 x 102 4.89 x 102 1.17 x 10* 3.46 x 103 1.20 x 103 4.77 x 102
SD 3.87 x 10! 3.54 x 102 1.43 x 10% 6.42 x 10! 2.05 x 10! 1.38 x 10% 1.60 x 103 4.34 x 102 1.85 x 10!
Min 4.81 x 102 6.53 x 102 7.90 x 102 5.70 x 102 4.61 x 102 7.14 x 103 5.00 x 102 5.00 x 102 453 x 102
10 Avg 3.26 x 102 2.72 x 102 2.96 x 102 4.23 x 102 2.69 x 102 6.86 x 102 3.44 x 102 3.34 x 102 2.51 x 102
SD 5.02 x 10! 1.74 x 101 5.04 x 10! 7.65 x 10 3.01 x 10! 1.30 x 102 2.14 x 10! 2.03 x 10! 1.25 x 101
Min 2.64 x 102 2.50 x 102 2.37 x 102 3.16 x 102 2.40 x 102 3.94 x 102 2,99 x 102 2.92 x 102 2.31 x 102
30 Avg 1.28 x 10° 7.57 x 102 1.11 x 103 1.88 x 10° 1.09 x 103 6.13 x 10° 1.37 x 10% 7.43 x 102 7.52 x 102
Func 29 SD 2.81 x 102 1.40 x 102 2.65 x 102 2.93 x 102 1.76 x 102 2,51 x 103 2.62 x 102 1.88 x 102 1.24 x 102
Min 6.77 x 102 5.61 x 102 7.23 x 102 1.35 x 10% 7.77 x 102 2.69 x 103 1.02 x 103 4.45 x 102 5.31 x 102
50 Avg 240 x 103 1.33 x 10% 2.20 x 103 4.02 x 103 1.80 x 10% 1.30 x 10° 3.84 x 10° 1.26 x 103 1.13 x 10%
SD 531 x 102 291 x 102 2.89 x 102 7.43 x 102 2.33 x 102 8.23 x 10* 1.10 x 103 4.41 x 102 2.16 x 102
Min 1.62 x 10° 7.63 x 102 1.69 x 10% 2.35 x 10° 1.30 x 103 3.08 x 10* 222 x 10° 6.05 x 102 6.21 x 102
10 Avg 1.04 x 100 7.62 x 10° 2.95 x 10° 6.44 x 10° 1.64 x 10° 3.99 x 107 553 x 10% 1.31 x 10° 5.04 x 102
SD 1.64 x 10° 1.06 x 106 3.66 x 10° 6.32 x 10° 4.66 x 10° 3.03 x 107 1.10 x 10° 221 x 10° 8.47 x 10!
Min 1.40 x 10* 439 x 103 1.46 x 10° 1.81 x 10* 3.87 x 10° 1.60 x 10° 2.92 x 102 2.85 x 102 3.95 x 102
Func 30 -
30 Avg 191 x 100 6.01 x 10° 9.35 x 10° 9.31 x 10° 147 x 10° 1.62 x 10° 7.45 x 107 3.13 x 103 4.09 x 10%
SD 1.49 x 100 7.61 x 10° 1.76 x 10° 6.55 x 10° 1.06 x 10° 8.17 x 108 1.98 x 107 1.86 x 103 1.15 x 103
Min 1.72 x 10° 3.18 x 10° 1.28 x 10* 1.05 x 106 4.04 x 10° 5.62 x 108 4.06 x 107 2.99 x 102 2.44 % 103
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Table A5. Cont.

KH GWO MFO WOA SSA BOA HGSO AOA

Func Dim Metric 012) (2014) (2015) (2016) 2017) (2019) 019) (2020) MTV-MFO
50 Avg 4.48 x 107 6.99 x 107 6.59 x 107 9.07 x 107 2.71 x 107 8.72 x 10° 5.84 x 108 6.34 x 10° 7.58 x 10°
SD 213 x 107 1.99 x 107 1.33 x 108 3.26 x 107 5.80 x 10° 212 x 10° 1.37 x 108 2.70 x 103 1.07 x 10°
Min 1.87 x 107 3.55 x 107 4.99 x 10° 351 x 107 1.94 x 107 5.31 x 10° 3.74 x 108 1.86 x 10° 6.18 x 10°
10 (w/1/1) 1/9/0 0/10/0 0/10/0 0/10/0 2/8/0 0/10/0 1/9/0 0/10/0 6/4/0
Rank 30 (w/1/1) 1/9/0 0/10/0 0/10/0 0/10/0 1/9/0 0/10/0 0/9/1 2/7/1 5/4/1
50 (w/1/1) 0/10/0 0/10/0 0/10/0 0/10/0 1/9/0 0/10/0 0/9/1 1/8/1 7/3/0

Func: function, Dim: dimension, Avg: mean, SD: standard deviation, Min: minimum error value, w: wins, 1: losses, t: ties.
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