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simulated annealing (SA) is used. In this model, a new method called the black hole selection
(BHS) is proposed, in which exploration and exploitation can be increased. In the BHS method, the
acceptance probability feature of the SA algorithm is used to increase exploitation by searching for
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1. Introduction

Optimization is defined as the process of finding the best solution among alternative solutions in line with the conditions given
for a specific problem. The basic goal of the optimization method is to find the necessary parameters for the best result of the
fitness function (Murty, 2003). Due to the tremendous recent development of information technology, the use of optimization
methods has increased. Many real-world problems can be seen as optimization problems and many algorithms have been used
to solve optimization problems. Metaheuristic algorithms are the popular algorithms that are used for solving optimization
problems.

Metaheuristic algorithms aim to examine the search space effectively and efficiently in optimization problems where the
mathematical model cannot be established or where it is very costly to build a model. Although it is not always possible to
find the best global solution with these algorithms, the convenience of their application, their ability to produce fast and
effective solutions to large-scale and complex problems, the fact that the metaheuristic method developed for any problem
can also be applied to other problems makes these methods very useful (Kaya & Figlali1 2018; Talbi, 2009). The most important
advantage of the metaheuristic algorithm can be said to be the ability to reach the global best without getting stuck with the
local best (Laporte et al., 2000). Considering the publications, there are various metaheuristic algorithms that have been used
and accepted in many studies. Differential Evolution (DE) (Storn, 1996; Storn & Price, 1997), Ant Colony Optimization
(ACO) (Colorni et al., 1991; Jovanovic & Tuba, 2013), Artificial Bee Colony (ABC) (Karaboga, 2005), Gravity Search
Algorithm (GSA) (Rashedi et al., 2009), Cat Swarm Optimization (CSO) (Chu et al., 2006), Animal Migration Optimization
(AMO) (Li et al., 2014; Luo et al., 2016), Particle Swarm Optimization (PSO) (Kennedy & Eberhart, 1995), Simulated
Annealing (SA) (Kirkpatrick et al., 1983), Harris Hawks Optimization (HHO) (Heidari et al., 2019), Multi-verse Optimizer
(MVO) (Mirjalili et al., 2016) algorithms can be given as examples of metaheuristic algorithms.
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The common goal of metaheuristic algorithms is to find the best result in current conditions. In order for algorithms to achieve
this common goal, they must have two main features. These two main features are exploration and exploitation. Achieving
the balance between exploration and exploitation will significantly enhance the success of the algorithm. When researches are
examined, it is seen that metaheuristic algorithms are classified as population-based algorithms (e.g., evolutionary algorithms,
swarm intelligence) that are exploration-oriented, and single-solution algorithms (e.g., simulated annealing, local search) that
are exploitation-oriented (Mafarja & Mirjalili, 2017). Combining optimization algorithms is a way to balance exploration and
exploitation capability (Mirjalili & Hashim, 2010; Mafarja & Mirjalili, 2017). Combining a metaheuristic algorithm with at
least one algorithm using different and advantageous aspects is defined as a hybrid metaheuristic algorithm. In order to
increase the efficiency of optimization algorithms, it is seen that various processes such as hybridization, improvement and
modification are developed in many studies (Alizada, 2019). Considering the studies conducted, it is seen that generally good
results are obtained when applied in an optimization problem using the advantageous aspects of two or more algorithms. Our
aim in this study is to combine MVO and SA algorithms with a new hybrid method to increase performance for function
optimization.

In general, hybrid algorithms can be basically detached into two groups as collaborative and integrative (Ting et al., 2015).
Collaborative hybrids are a combination of multiple algorithms, operating in sequence or in parallel. In collaborative hybrids,
the effects of algorithms on performance are half. Integrative hybrids are created by integrating a secondary algorithm into a
main algorithm. This is accomplished by replacing a function in the metaheuristic algorithm with another metaheuristic (Talbi,
2002). In integrative hybrids, the effect of the second algorithm on the results is much less than the main algorithm. In this
paper, the integrative hybrid model in which a population-based algorithm (MVO) is hybridized with another single-solution-
based algorithm (SA) is used for function optimization. In the proposed model, the SA algorithm will increase the exploitation
in the MVO algorithm. Different hybrid models of metaheuristic algorithms have been developed for function optimization
so far. However, a hybrid model using MVO and SA algorithms has not been encountered in the studies and this model will
be applied for the first time.

The SA algorithm has an important place among metaheuristic algorithms and has been used in many studies. SA is one of
the local search algorithms developed for the solution of combinatorial optimization problems and used in the solution of
continuous and discrete problems (Alizada, 2019; Henderson et al., 2003). The most remarkable characteristic of the SA
algorithm is its capability to avoid the local best. In the algorithm, it is sometimes possible to get rid of local best points by
accepting randomly determined aspirant solutions that may cause an increase or decrease in the objective function (Dupanloup
et al., 2002). The major shortcoming of SA is that its efficiency is not satisfactory. This is because SA cannot learn enough
from its search history while sampling to generate aspirant solutions (Wang et al., 2016).

MVO algorithm is one of the current metaheuristic optimization algorithms suggested in 2015 (Mirjalili et al., 2016). MVO's
inspiration is the three basic notions of multiverse theory: wormholes, black holes and white holes. The notions of black hole
and white hole are used by MVO to explore search areas. In contrast, wormholes are used for exploitation in the local area
achieved through the exploration stage to find the best global solution. Mirjalili, the architect of this algorithm, showed in his
study that MVO achieved ambitious consequences compared to other metaheuristic algorithms. However, information
exchange is not sufficient in the structure of the MVO algorithm, so it has problems such as low accuracy, slow convergence,
changeable system and easily stuck to local minimums (Jia et al., 2019; Song et al., 2020).

GSMVO (Jia et al., 2019), H-MVO (Abasi et al., 2020), QMVO (Sayed et al., 2019), DE-SMVO (Chen et al., 2021), HPSO-
MVO (Jangir et al., 2017), WOASA (Mafarja & Mirjalili, 2017), SA-MFO (Sayed & Hassanien, 2018), SA-PSO (Pan et al.,
2019), CSA (Alkhateeb & Abed-Alguni, 2019), HHOBSA (Abdel-Basset et al., 2021) are many studies in which MVO and
SA are hybridized with other algorithms and are used in subjects such as function optimization, engineering problems, training
of artificial neural networks. These hybrid algorithms aim to reduce the likelihood of catching a local best. In this study, a
hybridization method was tried to complement the shortcomings of MVO. It was seen that there was no hybrid study
conducted with MVO and SA in the literature review. In this study, a simulated annealing method was applied while updating
the universes in the standard version of MVO to further increase the success of MVO. IMVOSA has SA's ability to escape
local best and MVO's learning mechanism and quick search capability to guide the creation of aspirant solutions. IMVOSA
was tested with 50 well-known benchmark functions that are commonly used in the literature for experimental study. Test
consequences show that the suggested algorithm can meaningfully improve the success of the MVO. Furthermore,
experimental consequences show that IMVOSA produces better results than other algorithms.

In the second part of this study, the original MVO and SA algorithms are briefly explained. In the third chapter, detailed
information about the proposed hybrid algorithm (IMVOSA) and its components is given. In the fourth chapter, comparative
test results with other optimization algorithms of IMVOSA are given and the success of the proposed algorithm is evaluated.
Finally, in the fifth chapter, the consequences obtained from the study were evaluated and suggestions were made for
prospective studies.
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2. MVO and SA algorithms

2.1. MVO
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Multi-verse optimizer was suggested by Seyedali Mirjalili in 2015 (Mirjalili et al., 2016). Inspired by the notions of
wormbholes, black holes and white holes in multiverse theory and the big bang theory. Wormholes, black holes and white
holes are mathematically modeled for local search, exploration and exploitation in this population-based algorithm. The
objective function for each search agent is specified by the inflation rate. Each object and each universe in the search agent

represent a variable and an aspirant solution.

Object exchange among universes occurs when universes which have high inflation rates try to send objects to universes
which have low inflation rates. However, in order to be a stable universe in low inflation rate universes, it takes objects from
universes with high inflation rates. In the optimization process, the above steps are initiated in each iteration and then adjusted

according to the inflation rates.
During the optimization process, the following rules apply to MVO's universes:

— the high rate of inflation increases the opportunity of having white holes;

— the low rate of inflation increases the opportunity of having black holes;

— universes which have high inflation rates frequently send objects to white holes;

— universes which have low inflation rates are more likely to take objects from black holes;

— objects in every universe can perform a random move approaching the best universe, independent of the rate of
inflation with wormholes. There is invariably an opportunity to transfer objects from a universe which has a high

inflation rate to a universe which has a low inflation rate.

The conceptual model of the proposed algorithm is shown in Fig. 1.
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Fig. 1. Conceptual Model of MVO Algorithm (Mirjalili et al., 2016).

The mathematical model of this algorithm is as follows:
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where xij identifies the jth parameter of ith universe, x,{ identifies the jth parameter of kth universe chosen by a roulette wheel
selection, rnd1 is a number obtained randomly in the range [0, 1], NR(UN;) is normalized inflation rate of the ith universe,
UN; shows the ith universe.

It is seen that wormholes randomly alter the objects of universes without taking into account inflation rates in order to preserve
the variety of the universes and to exploit them. Wormhole tunnels are always assumed to be built between a universe and the
best universe ever generated. The mathematical model of this structure is as follows:

{Xj + TDR X ((ub; — lb;) X rnd4 + lb;) rnd3 < 0,5 42 < WEP
rn
) = X'j — TDR X ((ub; — lb;) X rnd4 + lb;) rnd3 = 0,5 (3)
x! rnd2 > WEP

L

where X; identifies the jth parameter of best universe generated up to now, xl.j identifies the jth parameter of ith universe,
WEP and TDR are the coefficients, ub; is the upper bound of jth variable, [b; shows the lower bound of j th variable, and
rnd2, rnd3, rnd4 are numbers obtained randomly in the range [0, 1].

From Eq. (3) it can be seen that the MVO has two coefficients: Wormhole existence probability (WEP) and Travelling
distance rate (TDR). The mathematical model for both coefficients is as follows:

“4)

where, L is the maximum iterations, [ is the current iteration, max is the maximum value which is 1 the original MVO paper
and min is the minimum value which is 0.2 in the original MVO paper.

WEP=min+l><(

max—min)

1/
TOR=1-2 (5)

L1/p

where p identifies the accuracy of exploitation on iterations. Higher value p means earlier and more correct local search -
exploitation. The pseudo-code for MVO algorithm is given in Algorithm 1. Details about the algorithm can also be found in
(Mirjalili et al., 2016).

Algorithm 1. MVO

1: Generate random universes (UN)

2: Initialize BestUniverse, WormholeExistenceProbability, TravellingDistanceRate
3: SUN = Sorted universes

4: NR = Normalize inflation rates (fitness) of the universes

5: while Time < Max_time

6:  Assess the fitness of all universes

7

8

9

for each universe indexed by i
Update TravellingDistanceRate, WormholeExistenceProbability
BlackHolelndex = i;
10:  for each object indexed by j
11: rndl = random([0, 1]);

12: if rnd1 < NR(Uj)

13: WhiteHoleIndex = Roulette Wheel Selection(-NR);

14: UN(BlackHolelndex, j) = SUN(WhiteHolelndex,j),

15: end if

16: rnd2 = random([0, 1]);

17 if rnd2 < WormholeExistenceProbability

18: rnd3 = random([0, 1]);

19: rnd4 = random([0, 1]);

20: if rnd3 < 0.5

21: UN(ij)= BestUniverse(j)+TravellingDistanceRate X
((ub(j) - Ib(j)) X rnd4 + Ib(j)),

22: else

23: UN(i,j)= BestUniverse(j)-TravellingDistanceRate X
((ub(j) - Ib(j)) X rnd4 + Ib(j));

24: end if

25: end if

26: end for

27: end for

28: end while
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2.2. SA4 algorithm

Simulated annealing was suggested by Kirkpatrick et al. (1983), based on the hill climbing method and applied to solve
optimization problems. The algorithm is inspirited by the annealing operation, which is based on replacing the properties of
a particular material with heat treatment. The creation of fresh solutions in the simulated annealing algorithm is performed
randomly or based on predetermined rules. At each iteration, the existing solution is compared with the newly created solution.
SA can accept not only new solutions that improve the existing solution, but also worse results that meet certain criteria in
order not to stick to the local best and to find the global best. The acceptance probability of new solutions that do not improve
the existing solution varies depending on the temperature (Henderson et al., 2003). These criteria are determined by the
Boltzmann probability, and this mechanism is defined as follows:

Pr— e (-(F(VEF-RF(YO)))

(6)

where Pr is identified as the acceptance probability. F(Y,) represents the objective function for current solution and F(Y)
represents the objective function for neighbor solution. When F (Y) is better than F(Y), SA uses the acceptance probability
mechanism to determine whether the neighbor solution should be considered as the current solution. T}, is the temperature
value at time k and its value in each iteration is calculated as follows:

Ty =axXTy 7

where a refers to the temperature coefficient. In studies, the a value generally takes a value between 0.8 and 0.99. T}, is the
initial temperature value and Ty, is the temperature at time k, r is a number obtained randomly in the range [0, 1]. Starting
the simulated annealing algorithm with a relatively high temperature value will prevent it from being attached to the local best
(Eglese, 1990). Detailed information about the simulated annealing algorithm can be found in (Kirkpatrick et al., 1983). The
pseudo-code for SA algorithm is given in Algorithm 2.

Algorithm 2. SA
1: T = Temperature value
2: Ty = Final temperature value
3: a = Temperature coefficient
4: S = First solution
5: f{S) = Fitness value of the first solution
6: while 7> T
7: S’ = A new solution in the S neighborhood
8 (S’ = Calculate the fitness value of S’

9 iff(S) <SS

10: NS =§";

11: JINS) =1(S);

12: else

13: Af=f(S) - f(S)
14: r =random[0, 1];
15: ifr>exp(—Af/T)
16: NS =8";

17: JSINS) =1(S);
18: else

19: NS =S;

20: JINS) = £(S);
21: end if

22: end if

23: S =NS;

24: T=Txa

25: end while

3. IMVOSA algorithm

MVO is a population-based algorithm with successful consequences in many optimization problems. Although the MVO
algorithm has many advantages, the exchange of information in the structure of this algorithm is not enough, so it has
disadvantages such as slow convergence, low accuracy and sticking to local minimums (Jia et al., 2019; Song et al., 2020).
To overcome these shortcomings, improvements to the original algorithm's structure are proposed. Details of these
improvements are described below.

In the MVO algorithm, updating objects in a universe is performed by a simple location update (Jia et al., 2019). Equation 2,
used during the exploration phase of the original MVO algorithm, is proposed as follows to increase the exploration and
exploitation of the universe near the best universe.
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j {x’ rndl < NI(U;)

- 8
T\ rndl = NIU) ®

where xij identifies the jth parameter of ith universe, X; identifies the jth parameter of best universe generated up to now, xi

identifies the jth parameter of kth universe chosen by a roulette wheel selection, rnd1 is a number obtained randomly in the
range [0, 1], UN; shows the ith universe, NR(UN;) is normalized inflation rate of the ith universe.

Tidal disruption is an astronomic event that happens when a star gets close enough to a supermassive black hole and the black
hole shreds by tidal force, resulting in an event called spaghettification (Hawking, 1988; Komossa, 2015). Due to the tidal
event, all objects in the black hole's gravitational field are pulled towards the center of the black hole, forming spirals around
the black hole. In supermassive black holes, it is possible to cross the event horizon in one piece. However, this is impossible
in smaller massive black holes. Today, there is no proven, clear information about the state of objects crossing the event
horizon regarding black holes.

Based on the tidal disruption effect of black holes and the phenomenon of spaghettification of objects exposed to this effect,
we propose a new method in the MVO algorithm. In this method, in order to achieve global best, objects that cross the event
horizon and enter the black hole can be altered by the influence of the black hole, in this way exploration and exploitation can
be increased. In this method, we used the SA algorithm in an integrative hybrid model structure to avoid local minimum and
increase exploitation.

This method, which we call the black hole selection method (BHS), obtains a new set of solutions consisting of the total
number of probabilities, taking into account the possibility that each object is in three positions when the black holes of low
inflation-value universes draw objects from high inflation-value universes. Within this solution set, a sub-solution set is
created at certain intervals and randomly determined in each iteration. From this sub-solution set, the universe with the best
fitness value is selected by the black hole. The mathematical representation of the proposed method is as follows:

NU = 3¢ ©

NU shows the total number of universes calculated for three locations of objects in a black hole, and d (Equation 1) identifies
the number of objects in a universe.

R=_M_ (10)

max+1-1

R identifies an integer identifying the number of universes to search, NU (Equation 9) identifies the total number of universes
calculated for three locations, max (Equation 4) identifies the total number of iterations, [ (Equation 4) identifies the number
of valid iterations.

rnd2 = [0.R] (11)
rnd2 is a random integer that takes a value between 0 and R (Equation 10). R identifies the number of universes to search.
NSU =rnd2 X (max +1—1) (12)

NSU identifies the number of the first universe to start searching, rnd2 (Equationll) is a randomly selected integer, max
(Equation 4) is the total number of iterations, [ (Equation 4) is the number of valid iterations.

NEU =rnd2 x (max +1—1) + (max — 1) (13)

NEU identifies the number of the last universe to complete the search, rnd2 (Equationl1) is a randomly selected integer,
max (Equation 4) the total number of iterations, [ (Equation 4) the number of current iterations. In this study, the three location
values that each object can be found in the black hole are calculated as follows:

xj = x; + TDR X rnd3 x (X; — x;) (15)
xj = x; — TDR X rnd3 x (X; — x;) (16)

where x; identifies the jth parameter of thre universe inside the black hole, X; identifies the jth parameter of best universe
generated up to now, TDR (Equation 5) is a coefficient, 7nd3 is a number obtained randomly in the range [0, 1].

In our proposed BHS method, we used the acceptance probability feature of the SA algorithm to make acceptable not only
new solutions that improve the existing solution, but also worse results that meet certain criteria in order to avoid to the local
best and to find the global best. In this way, the values of the objective function of the solutions produced will not tend to
decrease continuously, and in some cases, the solutions with high objective function will be accepted and the search for the
global best will be performed. The main purpose of metaheuristic algorithms is to find the best solution or close to best
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solutions. For this purpose, the two basic components of metaheuristic algorithms, exploration-exploitation concepts come to
the fore (Blum & Roli, 2003). Exploration generally means the ability to visit many and different regions of the search area,
while exploitation means the ability to obtain better solutions in areas identified by exploration. A good and balanced
combination of these two main components will increase the chances of achieving a global solution (Yang, 2010). In this
context, we have made the following changes in the exploitation phase (Equation 3) of the standard MVO algorithm to attain
a balance between exploration and exploitation in the IMVOSA algorithm.

X;+ TDRX ((ub; = b)) x rnd6 +1b) 5 <05
2/ = 4 X — TDR x ((ub; — Ib;) X rnd6 + 1b;)  nd5 =05 "¢~ a7
x/ rnd4 < WEP

i

where X; identifies the jth parameter of best universe generated up to now, WEP and TDR are the two main coefficients, ub;

is the upper bound of jth variable, [b; is the lower bound of j th variable, xl-] identifies the jth parameter of ith universe, and
rnd4, rnd5, rnd6 are numbers obtained randomly in the range [0, 1]. Unlike the standard MVO algorithm, an update will be
made if the rnd4 value is greater than the WEP coefficient. This process occurs when rnd4 value is less than WEP coefficient
in standard MVO algorithm. With the change made in this section, the local search or exploitation near the best solution found
up to the current iteration, tends to decrease from the first iteration to the last iteration, as opposed to the standard MVO
algorithm. The pseudo-code of the IMVOSA algorithm is as follows:

Algorithm 3. IMVOSA (continued overleaf)

1: Generate random universes (UN)

2: Initialize BestUniverse, WormholeExistenceProbability, TravellingDistanceRate

3: SUN = Sorted universes

4: NR = Normalize inflation rates (fitness) of the universes
5: while Time < Max_time
6
7
8

Assess the fitness of all universes
for each universe indexed by i
Update TravellingDistanceRate, WormholeExistenceProbability
9: BlackHolelndex = i;
10:  for each object indexed by j
11: rndl = random(/0, 1]);

12: if rndl < NR(Uy)

13: WhiteHoleIndex = Roulette_ Wheel _Selection(-NR);

14: UN(BlackHolelndex, j) = SUN(WhiteHolelndex.,j),

15: else

16: UN(BlackHolelndex, j) = BestUniverse(j);

17 end if

18: end for

19: S = UN(BlackHolelndex)

20: f(U) = Calculate fitness value of UN(BlackHolelndex)

21: Calculate NU, R, NSU, NEU values according to Equations 9, 10, 12, 13

22 if NEU > NU

23 NEU = NU

24: for each universe in the sub-solution set

25 for each object indexed by j

26: m =k %3/+1

27: if m <3/

28: S(j) = BestUniverse(j) - UN(BlackHolelndex, j)

29: else

30: rnd2=random([0,1]);

31 if m<3/ x 2

32: S(j)=UN(BlackHolelndex,j) + TravellingDistanceRate X
rnd2 X BestUniverse(j)-UN(BlackHolelndex, j))

33: else

34: S(j)=UN(BlackHolelndex,j)-TravellingDistanceRate X
rnd2 X BestUniverse(j)-UN(BlackHolelndex, j))

35 end if

36: end if

37: end for

38: 1(S) = Calculate the fitness value of S

39: if 1(S) < fITUN(BlackHolelndex))
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Algorithm 3. (continued)

40:
41:
42:
43:
4:
45:
46:
47:
48:
49:
50:
51:

fRL2

57:
58:

59:
60:
6l:
62:

UN(BlackHolelndex) = S
else
Af'=f(S) - f{UN(BlackHolelndex))
rnd3 = random([0, 1]);
if rnd3 < exp(-Af/T)
UN(BlackHolelndex) = S
end if
end if
T=TxXa
end for
for each object indexed by j
rnd4 = random([0,1]);
if rnd4 < WormholeExistenceProbability
rnd5 = random([0, 1]);
rnd6 = random([0, 1]);
if rnd5 < 0.5
UN(ij)= BestUniverse(j)+ TravellingDistanceRate X

((ub(j) - Ib@G)) X rnd6 + 1b(j));
else

UNM(ij)= BestUniverse(j)- TravellingDistanceRate X
((ub@) - Ib(j)) X rnd6 + Ib(j)),
end if
end if
end for

end for

63: end while

4. Experimental Results

4.1. Test Functions and Comparison Algorithms

In this study, 50 benchmark functions with different characteristics commonly used in publications were used to assess the
success of the proposed IMVOSA algorithm. Mathematical formulas and properties of benchmark functions are listed in Table
1. As shown in table 1, functions such as F; - F,, unimodal and F,; - F5, multimodal are divided into two groups. Unimodal
functions with a global best reveal the exploitation capabilities of algorithms, while multimodal functions demonstrate the
algorithms' ability to exploration and avoid local minimums. Unimodal functions with a global best reveal the exploitation
capabilities of algorithms, while multimodal functions demonstrate the ability of algorithms to avoid local minimums and to
exploration. Bounds, dimensions and global minimum values of functions are listed in Table 2.

Table 1
Unimodal and multimodal benchmark functions (continued overleaves)
Name Type Equation
ACkley N.2 Unl E (x) — —20064)'%/):2 +37
Booth Uni F(x)=(x,+2x,-7) +(2x, +x, -5)’
It i F(x)=(x +10)" +(x, +10)" + e~
B U i d-1 x2,+ 2
o T RE=ZE) T e
i=1
Dixon & Pri Uni 2
ixon & Price ni F(x)=(5 _1)2 +Zi(2x,.2 . —1)2
Drop-Wave Uni 1 +cos(1 P m )
Fo(x)=~ T
(O.S(x] +x, )+2)
L5 Uni o F () =100(x, - %) +(1-x)’
Matyas Uni F(x)= 0.26()612 +x; ) —0.48x,x,
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Table 1. (continued)

Name Type Equation

Powell Sum Uni

d N
Fy(x)=) |x["
i=1

%)

Fy (x):Z

i

Schwefel's Problem 1.2 Uni 4
—1

Schwefel's Problem 2.20 Uni d

Schwefel's Problem 2.21 Uni F,(x)=max|x|,1<i<d

d d
Fa()= 2 + [T
i=1 i=1

Schwefel's Problem 2.22 Uni

Schwefel's Problem 2.23 Uni d

Step Uni d
F(x)= ZUXJJ
i=1
Step 2 Uni d
F (x) = Z“xnl +0 SJ
i=1
Sum Squares Uni Fo(x)= d 2
i=1
Trecanni Uni F, (x) =x' —4x] +4x, +x]
Wayburn Seader 1 Uni F(x)= (xle +x! _17)2 +(2x, +x, _4)2
Wayburn Seader 2 Uni

2 27 2
Fy (x) =] 1613=4(x, ~03125)" =4 (x, =1.625)" | +(x, =1)

Ackley Multi 1 & 1 d
F, (x)=-20exp [—0.2 ,Z Dt ] - exp(zz cos(27x,))
i=1 i=1

+20+exp(1)
Alpine 1 Multi a
pine o Fy,(x)= Z|x,. sin(x, +0.1x, )|

i=1
Bartels Conn Multi F,(x)= |x12 +x + xl)c2|+|sin(x1 )| +|cos(x2 )|
Beale Multi By (x)=(1.5—x +xx,)° +(2.25—x1 +x1x§)2 +(2.625—x1 +x,X) )2
Bohachevsky 1 Multi £ (x)=x] +2x; —0.3cos(37x,)—0.4cos(47x,)+0.7
Bohachevsky 2 Multi £, (x)=x] +2x; —0.3cos(37x,)0.4 cos(47x,)+0.3
Bohachevsky 3 Multi £ (x)=x] +2x; —0.3cos(37x, +47x,)+0.3
Cross-in-Tray Multi

1007[(,\',2 +,\'22)Tj //r‘

Fy(x)= —0.0001[ sin(x, )sin(x, )e

0.1
+1]
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Table 1. (continued)

Name Type Equation

Csendes Multi 4 1
Fyy (x) =Y x’(2+sin—)
i=1 X;

Colville Multi () =100(x, =3 ) (1=, +90(x, =3 ) +(1=x, )" +10.1( (1, =1)" +(x, 1))

+19.8(x, —1)(x, —1)

Deckkers-Aarts Multi

Fy(x)=10°x] +x; —(xl2 +x )2 +107° (xl2 +x )4

Griewank Multi 4 52 d X,
— [+1

Fa () =2, 4300 ~[Tcos Ji

i=1

i=1

Goldstein-Price Multi ,(19—14x, +3x2 —14x,
Fy(x)=|1+(x +x,+1) , .
+6x,x, +3x,
L(18-32x, +12x
30+ (2x, —3x,)
+48x, —36x,x, +27x,
Helical Valley Multi X X
arctan £2j arctan [Zj +7
x20=>6= 1 ,xl<0:>6?:—xl
2 2
Fyy (x) :100[(;:3 108’ + ({fx + 2 —1)2:|+x32
Himmelblau Multi Fyy(x)= (xlz +x, -1 1)2 +(x1 +x _7)2
Holder-Table Multi ‘1—[(#”3)}“/”
Fyg(x) =—lsin(x,)cos(x, )e -
Keane Multi sin® (x, —x, )sin’ (x, +x,)
Fy (x)=- 5 -
\/x1 + X,
Kowalik Problem Multi a=0.1957, 0.1947, 0.1735, 0.16, 0.0844, 0.0627, 0.0456, 0.0342, 0.0323, 0.0235, 0.0246
b"=0.25,05,1,2, 4, 6,8,10,12, 14, 16
11
Fy (x) = Z(ai —(x (biz +bx, )) / (bi2 +bx; +x, ))
i=1
Levy N.13 Multi - 7 (x) = sin® (37, )+ (x, —1)7 (1+sin® (37, )) + (x, ~1)° (1+sin® (27, ))
Pathological Multi u sin? m 05
F(x)=)Y| 05+ - —
= 140.001(x = 2x,x,,, +x7,,)
ies 2 bt F, (x)=1+ sin’ x, +sin” x, — 0. lef(x'2 +)
Pri Multi 2
rice 3 R, (x)=100(x, - ) +6[64(x,-0.5)" ~x,~0.6
. . 5
Price 4 Multi Fyy (x) = x'x, - x}) +(6x, X2 +x2)
Rastrigin Multi d

F,,(x)=10d + Z[xf —10coscos(27x, )J

i=1
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Name

Type Equation

Salomon

Schaffel N.1

Six Hump Camel

Three Hump Camel

Weierstrass

Wolfe

Multi d d
F,(x)=1-cos| 27 ,ZXZ,Z +0.1 /fo
i=1 i=1

Multi sin’ (xlz +x22 )2 -0.5
Fy (x) =05+ 2
(1+0.001(x +x,))
Multi o
F, (x) =(4—2.1xl2 +?’jx12 + X%, +(4x§ —4)x§
Multi

6
F,(x)=2x] -1.05x/ +%+x1x2 +x;

Multi a=0.5 b=3 kmax=20

Fo(x)= Zd:rfak cos (27zb* (x, + 0.5))—d1§fa" cos (7zb* )}

i=1 | k=0 k=0

Multi 4 0.75

Fy (x) =§(x]2 +x22 _xlxz) + x5

MVO (Mirjalili et al., 2016) and six algorithms commonly mentioned in the literature to assess the success of the IMVOSA
algorithm: Cuckoo Search (CS) (Yang & Deb, 2009), Differential Evolution (DE) (Storn & Price, 1997), Harris Hawks
Optimization (HHO) (Heidari et al., 2019), Moth Flame Algorithm (MFO) (Mirjalili, 2015), Particle Swarm Optimization
(PSO) (Kennedy & Eberhart, 1995) and Gravity Search Algorithm (GSA) (Rashedi et al., 2009) were used. The results of the
algorithms used to solve the 50 selected benchmark functions were compared using various statistical measurements and

methods.

Table 2
Bounds, dimensions and minimum fitness

F, Range D Fmin F, Range D Fmin
F, [-32, 32] 2 -200 Fa [-100, 100] 2 0

F, [-10, 10] 2 0 F,, [-100, 100] 2 0

F; [-20, 0] 2 0 Fq [-10, 10] 2 —2.06261218
F, [-1, 4] 20 0 Fyo [-1, 1] 20 0

Fs [-10, 10] 20 0 Fzq [-10, 10] 4 0

F, [-5.2,5.2] 2 -1 Fz, [-20, 20] 2 24777
F, [0, 10] 2 0 Fz, [-600, 600] 20 0

Fy [-10, 10] 2 0 F3q [-2, 2] 2 3

Fy [-1, 1] 20 0 Fs, [-10, 10] 3 0

Fio [-100, 100] 20 0 Fix [-6, 6] 2 0

g [-100, 100] 20 0 Fsq [-10, 10] 2 —19.2085
Fi5 [-100, 100] 20 0 Fs, [-10, 10] 2 —0.673668
Fi3 [-100, 100 20 0 Fig [-5, 5] 4 0.0003075
Fi4 [-10, 10] 20 0 Fsq [-10, 10] 2 0

Fis [-100, 100] 20 0 Fio [-100, 100] 20 0

Fie [-100, 100] 20 0 F,, [-10, 10] 2 0

F,; [-10, 10] 20 0 Fs [-500, 500] 2 0

Fig [-5, 5] 2 0 F,4 [-500, 500] 2 0

Fiq [-5, 5] 2 0 Fua [-5.12, 5.12] 20 0

Fy [-500, 500] 2 0 Fe [-100, 100] 20 0

F>1 [-32, 32] 20 0 [z [-100, 100] 2 0

F,, [-10, 10] 20 0 F,, [-5, 5] 2 -1.0316
Fys3 [-500, 500] 2 1 Fug [-5, 5] 2 0

F,, [-4.5,4.5] 2 0 Fyq [-0.5,0.5] 20 0

Fe [-100, 100] 2 0 Feq [0, 2] 3 0
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4.2. Experimental setup

Experiments were carried out using the EvoloPy framework. Evolopy is a framework consisting of classical and up-to-date
metaheuristic algorithms written in Python language with an easy-to-use interface. Studies have been conducted on
optimization, clustering, feature selection and artificial neural network training using Evolopy (Mirjalili et al., 2017; Khurma
et al., 2020; Qaddoura et al., 2021). The suggested algorithm and the others are coded in Python 3.8 language and have been
tested on a personal computer with Intel (R) Core (TM) i7-10875H CPU 2.30 GHz, 64 Bit Windows 10 operating system and
16 GB (RAM). The parameter settings for the algorithms used in the comparison are shown in Table 3. For all algorithms and
benchmark functions used the number of search agents is set to 30, the number of iterations is set to 100. Each algorithm has
been run independently 30 times to achieve balanced performance consequences. Values are normalized in the range [0,1] for
better analysis of consequences (Mirjalili et al., 2017). At the stage of evaluating the performance of algorithms, the average
value (Ave) and standard deviation (Std) of the values obtained as a result of each experiment were calculated for each
function. In addition, non-parametric Wilcoxon rank-sum test was implemented to the results to investigate the relationship
among algorithms; p value was considered less than 0.05 (5E-02) in order to evaluate whether there was a statistically
distinctive difference. Table 5 contains the results from the Wilcoxon rank-sum test.

Table 3
Parameters and values of IMVOSA and other algorithms (continued overleaf)
Algorithm Parameter Description Value
WEP Max Maximum WEP 1
WEP_Min Minimum WEP 0.2
IMVOSA p Exploitation accuracy 6
T Initial temperature 1
a Cooling rate 0.88
WEP Max Maximum WEP 1
MVO WEP_Min Minimum WEP 0.2
D Exploitation accuracy 6
cs Pa Discovery Rate 0.25
B Beta 1.5
DE mutation_factor Mutation factor 0.5
crossover_ratio Crossover Ratio 0.7
Vmax Maximum particle velocity 6
cl Acceleration coefficient] 2
PSO c2 Acceleration coefficient2 2
wMax Maximum inertia weight coefficient 0.9
wMin Minimum inertia weight coefficient 0.2
HHO No custom parameters
MFO b Logaritmik spiral 1
GSA Gy Gravitational constant 20
a User-specified constant 100

4.3. Experimental Results and Discussions

In this part, the success of IMVOSA and other metaheuristic algorithms was analyzed and compared based on average and
standard deviation values for 30 trials. In addition, the relationship among algorithms using the results obtained from
algorithms was investigated by applying Wilcoxon statistical test.

Table 4
Statistical results for 50 benchmark functions (continued overleaves)
F, IMVOSA MVO CS DE HHO MFO PSO GSA
F Ave 0.00E+00 1.00E+00 8.93E-02 8.13E-09 2.31E-09 3.05E-12 5.87E-06 1.54E-07
Std 0.00E-+00 1.00E+00 1.17E-01 1.94E-08 1.75E-08 5.03E-12 1.58E-05 1.41E-07
F Ave  7.32E-03 4.60E-04 2.09E-05 6.60E-15 1.39E-01 0.00E+00 1.45E-11 1.00E+00
2 Std 2.82E-03 1.30E-04 1.07E-05 4.52E-15 1.31E-01 0.00E+00 1.24E-11 1.00E+00
F Ave 5.80E-04 4.96E-04 3.96E-06 1.81E-20 1.00E+00 0.00E+00 1.56E-13 5.95E-17
8 Std 2.63E-04 1.46E-04 3.29E-06 2.32E-20 1.00E+00 0.00E+00 1.82E-13 2.48E-17
F Ave 0.00E+00 8.80E-04 8.19E-01 7.41E-03 9.44E-23 8.21E-02 1.00E+00 5.16E-01
4 Std 0.00E+00 5.06E-04 4.85E-01 4.44E-03 3.00E-22 8.34E-02 1.00E+00 6.68E-01
F Ave 3.17E-05 1.28E-03 2.49E-01 5.90E-03 0.00E+00 1.00E+00 5.79E-03 1.91E-02
5 Std 0.00E+00 3.57E-04 4.73E-02 1.18E-03 2.96E-07 1.00E+00 2.83E-03 1.01E-02
F Ave  0.00E+00 2.16E-01 5.17E-01 7.59E-02 0.00E+00 4.27E-01 2.73E-01 1.00E+00
6 Std 0.00E-+00 7.67E-01 7.86E-01 4.07E-01 0.00E+00 1.00E+00 8.40E-01 8.69E-01
E Ave  8.99E-02 2.65E-01 0.00E+00 2.12E-01 5.94E-02 2.03E-01 1.00E+00 4.58E-01
7 Std 1.94E-01 7.44E-01 0.00E+00 5.20E-01 2.62E-01 3.75E-01 1.00E+00 4.39E-01
F, Ave 0.00E+00 3.25E-05 7.69E-07 1.85E-14 2.56E-23 2.20E-14 2.12E-10 1.00E+00

Std 0.00E+00 2.60E-05 9.40E-07 2.83E-14 9.66E-23 8.82E-14 6.19E-10 1.00E+00
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F, IMVOSA MVO CS DE HHO MFO PSO GSA
g Ave 000E+00  142E-02  207E-01  3.24E-03  251E-12  177E-02  156E-02  1.00E+00
9 Std 0.00E+00 2.44E-03  3.71E-02  7.88E-04 2.92E-12  7.22E-03  4.33E-03  1.00E+00
E Ave 0.00E+00 4.94E-02  4.61E-01 1.00E+00  3.62E-14  7.35E-01  8.80E-03  1.50E-01
10 gtd  0.00E+00 7.58E-02  3.61E-01  7.64E-01  6.17E-13  1.00E+00 1.46E-02  2.04E-01
g Ave 0.00E+00  7.31E-02  1.00E+00 1.77E-01 1.38E-11  3.32E-01 1.18E-02  7.94E-01
1 Std 0.00E+00 1.16E-01 7.28E-01  2.13E-01  2.19E-10 1.00E+00  1.93E-02  9.64E-01
g Ave 0.00E+00 9.12E-02  8.03E-01  7.34E-01  3.25E-12  1.00E+00 4.09E-02  3.72E-01l
12 Std  0.00E+00 2.62E-01  5.15E-01  7.58E-01  3.83E-11 1.00E+00  5.61E-02  3.19E-01
g Ave 000E+00  1.00E+00  2.81E-01 ~ 8.10E-I5  148B-25  256E-14  3.23E-15  149E-08
13 Std  0.00E+00  1.00E+00  4.04E-01 1.07E-15  9.64E-26  4.98E-15  1.28E-15  2.73E-08
E Ave 0.00E+00 3.67E-11  5.99E-01 1.20E-03  1.51E-90  1.00E+00 1.46E-05  2.83E-02
4 Std  0.00E+00 4.29E-11  3.95E-01  7.10E-04  4.42E-90  1.00E+00 1.80E-05  4.37E-02
g Ave 000E+00  7.97E-02  1.0OE+00  1.80E-01 5.06E-11  2.97E-01 1.09E-02  8.25E-01
15 Std  0.00E+00  1.74E-01 1.00E+00 2.82E-01  9.27E-10  9.65E-01  2.85E-02  9.26E-01
g Ave LI9E-03  2388E-03  1.0OE+00 4.54E-02  0.00E+00 1.84E-01 1.92E-04  5.92E-01
16 Std  4.10E-04  4.81E-03  1.00E+00 7.21E-02  0.00E+00 3.63E-01  4.75E-04  6.26E-01
g Ave 000E+00  134E-02  LOOE+00 ~ 397E-02  2.90B-22  4.63E-01  7.66E-02  1.18E-01
17 Std  0.00E+00 1.05E-02  3.19E-01  2.03E-02  1.38E-21 1.00E+00  2.23E-01 1.02E-01
g Ave 949E-14  2.70E-04  1.50E-05  3.53E-13  4.60E-06  0.00E+00 2.33E-12  1.00E+00
18 Std  0.00E+00 5.16E-05  4.09E-06  2.36E-13  3.39E-06 2.35E-14  1.48E-12  1.00E+00
g Ave 8.47E-03  1.52E-04 7.77E-04 126E-08 4.05E-02  8.58E-07  0.00E+00  1.00E+00
19 Std  7.51E-03  1.00E-04  6.85E-04  3.30E-08  2.60E-02  1.89E-06  0.00E+00  1.00E+00
g Ave 140E-08  4.65E-09  879E-11  0.00E+00  7.63E-12  4.0SE-I5  1.22B-13  1.00E+00
20 gtd  7.17B-09  2.05B-09 3.51B-11  0.00E+00  7.05E-12  420E-15  1.70E-13  1.00E+00
E Ave 0.00E+00 1.73E-01  1.00E+00 4.28E-01  4.04E-11  8.73E-01 1.22E-01  3.62E-01
21 Std  0.00E+00 9.03E-02  2.28E-01  5.77E-01  2.97E-10  1.00E+00 1.10E-01  2.64E-01
g Ave 0.00E+00 4.91E-01  1.00E+00 8.09E-01  6.95E-07  3.46E-01 1.46E-01 1.57E-01
22 std  0.00E+00 6.87E-01  4.24E-01  4.79E-01 1.45E-05  1.00E+00 4.39E-01  4.76E-01
g Ave 000E+00  2.36E-04  8.63E-06  1.03E-14 ~ 424E-14  0.00E+00  3.1SE-10  1.00E+00
23 Std  0.00E+00  1.43E-04  5.55E-06  9.41E-15  1.26E-13  0.00E+00 4.13E-10  1.00E+00
E Ave 1.00E+00 6.25E-01  5.85E-04  0.00E+00  1.56E-01 1.03E-11  2.36E-09  4.01E-01
24 gtd  1.00E+00  7.99B-01  6.04E-04  0.00E+00 422E-01  2.43E-11  4.09E-09  2.98E-01
g, Ave 0.00E+00  5.34E-01  2.18E-02  0.00E+00  0.00E+00  0.00E+00 9.41E-12  1.00E+00
25 Std  0.00E+00  1.92E-01 1.06E-02  0.00E+00  0.00E+00  0.00E+00  8.23E-12  1.00E+00
g Ave  0.00E+00 8.67E-02  2.56E-03  5.07E-16  1.91E-17  0.00E+00 8.10E-13  1.00E+00
26 Std  0.00E+00 2.57E-02  1.11E-03  4.32E-16  2.06E-17  0.00E+00  5.08E-13  1.00E+00
g Ave 000E+00  5.60E-02  2.24E-03  3.38E-12  268E-14  6.87E-07  139E-09  1.00E+00
27 Std  0.00E+00 1.67E-02  8.11E-04  3.30E-12  443E-14  1.18E-06  1.16E-09  1.00E+00
E Ave 1.00E+00 6.01E-01  2.03E-02  1.00E-05  6.72E-02  0.00E+00  9.49E-08  0.00E-+00
28 gtd  1.00E+00 4.16E-01 1.87E-02  2.56E-05  1.02E-01  0.00E+00  2.69E-07  0.00E+00
g Ave 228E-11 4.47E-09 2.59E-02 2.75E-04  0.00E+00 5.86E-03  3.25E-03  1.00E+00
29 Std  1.61E-11  225E-09 5.60E-03  1.23E-04  0.00E+00 3.13E-03  1.56E-03  1.00E+00
g Ave 2.41E-02  1.89E-02 1.78E-02  2.84E-03  0.00E+00 1.54E-02  4.35E-03  1.00E+00
30 Std  6.82E-03  6.10E-03  1.19E-03  2.96E-05  0.00E+00 6.26E-03  5.94E-04  1.00E+00
g Ave 215E-06  455E-05  3.40E-06  1.0SE-14  1.55B-01 ~ 0.00E+00  3.06E-15  1.00E+00
31 §td  5.16E-06  7.69E-05  6.37E-06  4.15E-14  7.73E-01  0.00E+00 1.36E-14  1.00E+00
F Ave 0.00E+00 5.20E-03  1.17E-01 1.03E-02  5.50E-20  2.43E-02  4.71E-02  1.00E+00
32 §td  0.00E+00 8.01E-04  1.75E-01 1.50E-02  1.50E-18  6.49E-02  1.25E-01 1.00E+00
g, Ave LOOE+00  3.33E-01 1.57E-05  0.00E+00  7.78E-01  8.22E-16 9.22E-14  1.57E-01
33 Std 1.00E+00 5.98E-01 8.97E-06 3.24E-16 4.70E-01  0.00E+00 6.73E-14  2.19E-01
g Ave 131E-01  424E-03  LI9E-02  0.00E+00  6.15E-02  1.01E-01 1.45E-03  1.00E+00
34 Std  4.11E-01 1.20E-02  1.62E-02  0.00E+00  9.94E-02  3.96E-01  4.89E-03  1.00E+00
F Ave 830E-04 6.11E-04 7.53E-05 6.12E-08  2.47E-03  0.00E+00 2.15E-12  1.00E-+00
35 Std  1.84E-04  1.34E-04  1.84E-05  7.18E-08  2.01E-03  0.00E+00 1.13E-12  1.00E+00
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Table 4. (continued)
F, IMVOSA MVO CS DE HHO MFO PSO GSA
Ave 7.48E-06  5.93E-06 1.00E+00  8.64E-03 1.11E-02  0.00E+00  1.35E-02  3.64E-02

Fze Std  6.56E-09 4.27E-09 1.00E+00  1.48E-05 2.79E-05 0.00E+00  1.81E-05 1.85E-05
F Ave 4.20E-01 1.00E+00  1.54E-01 1.60E-02 3.63E-02 0.00E+00  9.83E-08 0.00E+00
37 Std  1.00E+00  9.76E-01 2.72E-01 6.18E-02 7.34E-02 0.00E+00  3.02E-07 0.00E+00
F Ave 2.51E-01 4.63E-01 3.51E-02 1.33E-02 0.00E+00  3.20E-02 3.76E-01 1.00E+00
38 Std  5.60E-01 1.00E+00  2.30E-03 7.37E-03 8.86E-03 0.00E+00  6.57E-01 8.69E-01
F Ave 5.36E-01 1.58E-01 4.19E-02 3.09E-16 2.67E-02 0.00E+00  1.47E-10 1.00E+00
39 Std  4.11E-01 6.55E-02 2.93E-02 3.29E-16 2.03E-02 0.00E+00  1.08E-10 1.00E+00
F Ave 0.00E+00  9.95E-01 1.00E+00  4.15E-01 1.51E-04  4.00E-01 8.81E-01 5.45E-01
40 Std  0.00E+00  5.12E-01 4.14E-01 9.05E-01 6.85E-03 7.78E-01 8.07E-01 1.00E+00
F Ave 1.03E-01 1.98E-01 9.24E-02 0.00E+00  7.67E-02 1.80E-01 1.47E-01 1.00E+00
41 Std  4.96E-02 5.67E-03 3.80E-02 4.76E-02 5.24E-02 0.00E+00  3.17E-02 1.00E+00
F Ave 829E-09  4.79E-09 1.49E-10 8.57E-11 0.00E+00  5.98E-11 8.57E-11 1.00E+00
42 Std  2.69E-09 1.48E-09 3.54E-11 2.13E-11 0.00E+00  1.86E-11 2.14E-11 1.00E+00
F Ave 0.00E+00  1.00E+00  9.99E-12 1.86E-20 9.35E-18 8.28E-16  4.55E-15 9.81E-02
43 Std  0.00E+00  1.00E+00  3.48E-12 5.53E-21 6.01E-18 6.06E-16 1.93E-15 5.04E-02
F Ave 0.00E+00  6.39E-01 9.38E-01 1.00E+00  0.00E+00  7.61E-01 7.70E-01 3.83E-01
44 Std  0.00E+00  7.44E-01 4.08E-01 4.06E-01 0.00E+00  1.00E+00  8.59E-01 6.43E-01
F Ave 4.49E-04 1.42E-01 1.00E+00  3.64E-01 0.00E+00  5.67E-01 7.73E-02 5.38E-01
45 Std  1.24E-02 1.61E-01 6.61E-01 3.04E-01 0.00E+00  1.00E+00  7.50E-02 4.77E-01
F Ave 0.00E+00  1.23E-05 1.54E-02 7.99E-06 0.00E+00  0.00E+00  7.16E-15 1.00E+00
46 Std  0.00E+00  9.02E-06 3.86E-02 3.33E-05 0.00E+00  0.00E+00  3.09E-14 1.00E+00
F Ave 7.94E-02 7.53E-02 3.44E-03 4.81E-07  4.98E-03 0.00E+00  8.08E-10 1.00E+00
47 Std  2.48E-02 1.27E-02 8.83E-04 3.52E-07 1.96E-03 0.00E+00  6.44E-10 1.00E+00
F Ave 0.00E+00  1.19E-05 8.38E-07 8.52E-20 3.19E-20 3.54E-28 2.27E-14 1.00E+00
48 Std  0.00E+00  7.68E-06 8.03E-07 1.27E-19 5.12E-20 6.27E-28 2.15E-14 1.00E+00
F Ave 0.00E+00  5.87E-01 1.00E+00  3.53E-01 2.18E-08 4.19E-01 4.82E-01 3.51E-01
49 Std  0.00E+00  1.00E+00  5.34E-01 3.46E-01 8.63E-07 7.03E-01 8.10E-01 9.18E-01
Fs Ave 0.00E+00  0.00E+00  1.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00

Std  0.00E+00  0.00E+00  1.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00

Statistical results obtained from 50 comparison functions using IMVOSA, MVO, CS, DE, HHO, MFO, PSO and GSA
algorithms are shown in Table 4. As seen in this table, IMVOSA performs better than other algorithms for most functions in
unimodal and multimodal groups.

In the unimodal function group, the best results were obtained in 12 functions from 20 functions including F;, F,, Fg, Fg — F;5,
F;; with the IMVOSA algorithm. Other best results are MFO algorithm 3 functions, HHO algorithm 3 functions, CS
Algorithm 1 function, DE Algorithm 1 function, PSO Algorithm 1 function respectively. With the GSA and MVO algorithms,
the best results were not obtained in any of the 20 test functions in the unimodal function group.

With the IMVOSA algorithm, the best results were obtained in 14 functions from 30 functions in the multimodal function
group, including Fyq — Fy3, Fo5 — Fy7, F35, Fug, Fu3, Fas, Fae, Fag - F5o. Other best results are 10 functions with MFO algorithm,
8 functions with HHO algorithm, 5 functions with DE algorithm, 3 functions with GSA Algorithm, 1 function with PSO
Algorithm, 1 function with CEO algorithm, respectively. The best results were not obtained in any of the 30 test functions in
the multimodal function group with the CS algorithm. Fig. 2 shows convergence curves for some functions from the unimodal
and multimodal function group to observe the convergence attitude of the IMVOSA algorithm and to better compare the
success of the IMVOSA algorithm and other algorithms. As shown in Fig. 2, the proposed IMVOSA algorithm has achieved
successful consequences by outperforming other algorithms with regard to performance and stability. The nonparametric
Wilcoxon rank sum statistical test was applied to understand the relationship among the MVO, CS, DE, HHO, MFO, PSO,
and GSA algorithms used in comparison with the IMVOSA algorithm. This test is used to verify whether solutions are
statistically different (Wilcoxon, 1992). The fact that the p value for this test is less than 0.05 (5E-02) identifies a statistically
significant difference. Consequences for this test are given in Table 5. In the table, the algorithm with the best average value
is compared with other algorithms and gets the N/A value. In cases where there are algorithms or algorithms with the same
score as the IMVOSA algorithm for any function, the IMVOSA algorithm was chosen as the best algorithm. According to
Table 5, the IMVOSA algorithm performs better than other algorithms. The IMVOSA algorithm has a p value smaller than
0.05 for many benchmark functions and can be concluded to be statistically significant. From these results, it can be said that
IMVOSA has a higher ability of exploration and exploitation than MVO and other algorithms.
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Table 5
Wilcoxon rank sum test p-values (N/A = not applicable) (continued overleaf)

F, IMVOSA MVO CS DE HHO MFO PSO GSA

Fy N/A 2.87E-11 2.87E-11 2.87E-11 1.27E-10 2.13E-09 2.87E-11 2.87E-11
F, 2.87E-11 2.87E-11 2.87E-11 4.73E-11 2.87E-11 N/A 2.87E-11 3.88E-11
Fs3 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 N/A 2.87E-11 2.87E-11
F, N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fs 2.87E-11 2.87E-11 2.87E-11 2.87E-11 N/A 2.87E-11 2.87E-11 2.87E-11
Fg N/A 2.87E-11 2.87E-11 2.87E-11 1.00E+00 7.60E-02 2.87E-11 1.27E-10
F, 5.12E-04 4.16E-01 NA 4.25E-01 1.28E-01 2.23E-06 8.50E-03 3.31E-10
Fg N/A 2.87E-11 2.87E-11 2.87E-11 1.02E-07 2.87E-11 2.87E-11 2.87E-11
Fy N/A 424E-11 4.24E-11 4.24E-11 4.24E-11 4.24E-11 4.24E-11 4.24E-11
Fio N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fi1 N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fi, NA 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fi3 N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fi4 NA 2.87E-11 2.87E-11 2.87E-11 1.00E+00 2.87E-11 2.87E-11 2.87E-11
Fis N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fig 2.87E-11 2.87E-11 2.87E-11 2.87E-11 NA 2.87E-11 2.87E-11 2.87E-11
Fi7 N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fig 6.57E-01 2.87E-11 2.87E-11 1.72E-03 2.71E-08 N/A 7.73E-10 1.72E-03
Fig 2.87E-11 2.87E-11 3.51E-11 1.33E-06 3.51E-11 3.21E-06 N/A 2.87E-11
Fyo 2.87E-11 2.87E-11 2.87E-11 N/A 5.23E-11 4.25E-01 2.89E-07 2.87E-11
F1 N/A 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fy, NA 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11
Fy3 N/A 2.87E-11 2.87E-11 2.87E-11 1.47E-02 1.00E+00 2.87E-11 2.87E-11
Fyy 2.87E-11 2.87E-11 2.87E-11 N/A 1.94E-09 5.12E-04 2.87E-11 2.87E-11
Fys N/A 2.87E-11 2.87E-11 1.00E+00 1.00E+00 1.00E+00 2.87E-11 1.83E-01
Fye NA 2.87E-11 2.87E-11 4.59E-02 6.57E-01 1.00E+00 2.87E-11 9.19E-06
Fy N/A 2.87E-11 2.87E-11 1.27E-10 2.68E-01 2.66E-02 2.87E-11 2.87E-11
Fyg 2.87E-11 2.87E-11 2.87E-11 1.47E-02 2.87E-11 N/A 7.60E-02 1.00E+00
Fyq 2.87E-11 2.87E-11 2.87E-11 2.87E-11 NA 2.87E-11 2.87E-11 2.87E-11
F3o 4.01E-10 1.62E-09 4.84E-10 6.80E-08 N/A 1.93E-08 2.49E-08 3.88E-11
F31 2.87E-11 2.87E-11 2.87E-11 2.68E-01 2.87E-11 N/A 2.68E-01 2.87E-11
F;, N/A 2.87E-11 2.87E-11 2.87E-11 6.57E-01 2.87E-11 2.87E-11 2.87E-11
F33 2.87E-11 2.87E-11 2.87E-11 N/A 3.02E-11 3.94E-03 4.29E-11 1.01E-08
F34 1.62E-09 3.18E-11 2.87E-11 N/A 3.18E-11 2.05E-10 8.49E-10 2.87E-11
F3s5 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 N/A 2.87E-11 2.87E-11
F3¢ 2.87E-11 2.87E-11 2.87E-11 1.90E-03 2.87E-11 N/A 4.59E-02 2.13E-09
F3, 2.87E-11 2.87E-11 2.87E-11 2.95E-08 2.87E-11 N/A 1.02E-07 1.00E+00
Fsg 4.00E-09 2.79E-09 1.63E-08 1.02E-07 NA 2.71E-08 2.33E-09 3.18E-11
F39 2.87E-11 2.87E-11 2.87E-11 2.87E-11 2.87E-11 N/A 2.87E-11 2.87E-11
Fyo NA 2.87E-11 2.87E-11 2.87E-11 1.27E-10 2.87E-11 2.87E-11 2.87E-11
Fuq 5.20E-03 3.01E-10 1.05E-02 N/A 1.93E-01 7.79E-03 5.65E-02 1.86E-10
Fyy 3.88E-11 3.51E-11 4.84E-10 5.95E-01 N/A 1.27E-03 1.04E-01 2.87E-11
Fus3 N/A 2.87E-11 2.87E-11 2.87E-11 1.07E-06 2.87E-11 2.87E-11 2.87E-11
Fuy N/A 2.87E-11 2.87E-11 2.87E-11 1.00E+00 2.87E-11 2.87E-11 2.87E-11
Fys 5.32E-10 2.87E-11 2.87E-11 2.87E-11 N/A 2.87E-11 2.87E-11 2.87E-11
Fue N/A 2.87E-11 2.87E-11 2.87E-11 1.00E+00 1.00E+00 2.68E-01 2.87E-11
Fyy 2.87E-11 2.87E-11 2.87E-11 7.60E-02 2.87E-11 N/A 7.79E-03 8.24E-01
Fug N/A 2.87E-11 2.87E-11 2.87E-11 1.27E-10 1.63E-04 2.87E-11 2.87E-11
Fuo N/A 2.87E-11 2.87E-11 2.87E-11 5.32E-10 2.87E-11 2.87E-11 2.87E-11
Fsq NA 1.00E+00 2.87E-11 1.00E+00 1.00E+00 1.00E+00 1.00E+00 1.00E+00
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Fig. 2. Convergence curves of six benchmark functions (F1, F9, F17, F23, F27, F48)

5. Conclusion remarks

In metaheuristic algorithms, the aim is to reach the best result in current conditions. Algorithms must have advanced
exploration and exploitation abilities to achieve the best results. The balance between exploration and exploitation is
significantly influencing the performance of the algorithm. Algorithms can be combined to improve exploration and
exploitation capabilities. Combining a metaheuristic algorithm with at least one algorithm using different and advantageous

aspects is expressed as a hybrid metaheuristic algorithm.

This article introduces a new hybrid algorithm using MVO and SA algorithms. This new algorithm has been developed using
the strengths of MVO and SA. Our main purpose in this study is to combine MVO and SA algorithms with a new hybrid
method to increase success for function optimization. The success of the IMVOSA algorithm was tested on 50 benchmark
functions and the consequences were compared with the consequences of 7 other metaheuristic algorithms, including MVO
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algorithm. Comparison consequences show that the IMVOSA algorithm importantly improves the success of MVO algorithm
and performs better than other comparison algorithms. In the future, we intend to apply the proposed IMVOSA algorithm for
real engineering problems and training of artificial neural networks.
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