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This paper introduces a new method called the Mayfly Algorithm (MA) to solve optimization problems. Inspired
from the flight behavior and the mating process of mayflies, the proposed algorithm combines major advantages
of swarm intelligence and evolutionary algorithms. To evaluate the performance of the proposed algorithm, 38
mathematical benchmark functions, including 13 CEC2017 test functions, are employed and the results are

compared to those of seven state of the art well-known metaheuristic optimization methods. The MA’s perfor-
mance is also assessed through convergence behavior in multi-objective optimization as well as using a real-
world discrete flow-shop scheduling problem. The comparison results demonstrate the superiority of the pro-
posed method in terms of convergence rate and convergence speed. The processes of nuptial dance and random
flight enhance the balance between algorithm’s exploration and exploitation properties and assist its escape from

local optima.

1. Introduction

Optimization is a process of finding the best solution of a function
(either its minimum or its maximum value). Numerous real-world
problems are represented as optimization problems, through a for-
mulation as follows (for single-objective minimization)

Minimize f(x), x = [x, %, -+, XN] )
Subject to: g (x) >0,i=1,2, ---,m @
hx)=0,i=1,2, ---,p 3)
Ib; <x; <ub,i=1,2, N )

where f is a given function f: A - R from set A to real numbers.
The domain A is a subset of the Euclidean space R" and represents the
search space, and x; are the problem variables. f is generally called an
objective function, or alternatively cost or loss function for minimiza-
tion, and fitness or utility function for maximization. N is the number of
variables, p is the number of equality constraints, m is the number of
inequality constraints (g), lbi is the lower bound of the i" variable, and
ubi is its upper bound. For multi objective minimization, equation (1) is
formulated as follows:

Minimize F(x), x = {f; %), fi &), ---.f, (X)} %)

where o is the number of objectives (Mirjalili et al., 2017). In multi-
objective optimization problems, the aim is to find a set of non-
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dominated solutions, known as the Pareto front (Knowles & Corne,
2002; Mirjalili et al., 2017; Zitzler, Deb, & Thiele, 2000).

The early methods used for solving optimization problems were
mathematical or numerical methods in which the final solution is ob-
tained by reaching a zero-derivative point. However, solving a non-
linear non-convex problem with lots of variables and constraints using
these methods is almost impossible, because as the number of dimen-
sions increases, the search space also increases exponentially. Besides
that, the numerical methods may be stuck at a local optimum point at
which the derivative is also zero. As a consequence, there is no guar-
antee to find the global optimum solution by using such numerical
methods (Nematollahi, Rahiminejad, & Vahidi, 2017).

To overcome the drawbacks of numerical methods, more sophisti-
cated metaheuristic algorithms have been widely used to solve complex
optimization problems. The advantages of these methods are that they
are easily applied on both continuous and discrete functions, they do
not need any additional complex mathematical operations such as de-
rivatives, and they rarely get stuck in local optimum points.

The meta-heuristic methods are classified into single solution-based
methods and population-based methods. In single solution-based
methods, a solution is generated (usually at random) and keeps getting
improved until a stopping criterion is satisfied. In population-based
methods, a set of solutions is generated (randomly) in the predefined
search space and is updated iteratively to find a (near) optimal solution
based on the information interaction among solutions.

The population-based methods can be further divided into two main
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Table 1
Nature-inspired optimization algorithms developed during the past two years.
Algorithm Inspiration Year
Shark smell optimization (SSO) (Abedinia, Amjady, & Ghasemi, 2016) Ability of shark in finding its prey by smell sense 2016
Dolphin swarm optimization algorithm (DSOA) (Yong, Tao, Cheng-Zhi, & Hua-Juan, 2016) Mechanism of dolphins in swarms 2016
Virus colony search (Li, Zhao, Weng, & Han, 2016) Virus infection and diffusion strategies 2016
Whale optimization algorithm (WOA) (Mirjalili & Lewis, 2016) Social behavior of humpback whales 2016
Multi-verse optimizer (MVO) (Mirjalili, Mirjalili, & Hatamlou, 2016) Multi-verse theory 2016
Crow search algorithm (CSA) (Askarzadeh, 2016) Food hiding behavior of crows 2016
Salp swarm algorithm (Mirjalili et al., 2017) Swarming behavior of salps 2017
Grasshopper optimization algorithm (Saremi, Mirjalili, & Lewis, 2017) Swarming behavior of grasshoppers 2017
Selfish herd optimizer (SHO) (Fausto, Cuevas, Valdivia, & Gonzélez, 2017) Hamilton’s selfish herd theory 2017
Electro-search algorithm (Tabari & Ahmad, 2017) Orbital movement of the electrons 2017
Thermal exchange optimization (Kaveh & Dadras, 2017) Newton’s law of cooling 2017
Weighted superposition attraction (WSA) (Baykasoglu & Akpinar, 2017) Superposition principle 2017
Spotted hyena optimizer (Dhiman & Kumar, 2017) Social behavior of spotted hyenas 2017
Butterfly-inspired algorithm (Qi, Zhu, & Zhang, 2017) Mate searching mechanism of butterfly 2017
Lightning attachment procedure optimization (Nematollahi et al., 2017) Lightning attachment process 2017
Mouth brooding fish algorithm (Jahani & Chizari, 2018) Life cycle of mouth brooding fish 2018
Find-Fix-Finish-Exploit-Analyze algorithm (Husseinzadeh Kashan, Tavakkoli-Moghaddam, & Gen, 2019) Find-Fix-Finish-Exploit-Analyze (F3EA) targeting process 2019
Booster optimization algorithm (Pakzad-Moghaddam, Mina, & Mostafazadeh, 2019) Human intelligent behavior in exchange markets 2019

Mayfly Algorithm

Objective function fx), x=(X1, ..., xd)T
Initialize the male mayfly population X; (i = 1,2, ..., N) and velocities Vi
Initialize the female mayfly population y; (i = 1,2, ..., M) and velocities Vri
Evaluate solutions
Find global best gbest
Do While stopping criteria are not met
Update velocities and solutions of males and females
Evaluate solutions
Rank the mayflies
Mate the mayflies
Evaluate offspring
Separate offspring to male and female randomly
Replace worst solutions with the best new ones
Update pbest and gbest
end while

Postprocess results and visualization.

Fig. 1. Pseudo code of the mayfly algorithm (MA).

categories. The first category is the swarm intelligence optimization
algorithms that are based on the collective social behavior of insect or
animal groups. Particle swarm optimization (PSO) (Eberhart &
Kennedy, 1995), firefly algorithm (FA) (Yang, 2008) and ant colony
optimization (ACO) (Dorigo, Maniezzo, & Colorni, 1996) are some very
popular swarm intelligent methods. The second category is the evolu-
tionary algorithms (EAs) that were inspired from natural genetic evo-
lution. At each generation, the best individuals of the current popula-
tion survive and produce offspring similar to them in terms of
characteristics. Genetic algorithm (GA) (Goldberg, 1989) and differ-
ential evolution (DE) (Storn & Price, 1997) are some very popular EAs.
Based on the principles of Darwinian and evolution theory of living
beings, these algorithms follow specialized recombination, crossover,
mutation, selection, and adaptation strategies.

However, since optimization problems in different fields are widely
being evolved and enlarged, new heuristic optimization algorithms
must be introduced to advance the field of computational intelligence

optimization. Even though various optimization algorithms are in-
troduced in the literature, based on No-Free-Lunch (NFL) theorem
(Wolpert & Macready, 1997), there is no guarantee that an optimization
algorithm could solve every kind of optimization problem, that is an
optimization method may have satisfied results for some problems, but
not for some others. As a result, the motivation of this study is to in-
troduce a new optimization method inspired from the flight behavior of
mayflies as well as their mating process. A full description of the pro-
posed method is explained in Section 3. The validation and comparison
of the MA with other very popular optimization methods are presented
in Section 4.

2. Popular and recent optimization methods

Most optimization problems are very hard to solve. Especially the
problems that are classified as NP-hard ones, are impossible to be
solved by classic optimization methods in polynomial time (Knuth,
1974). To achieve a satisfactory solution, researchers have developed
optimization methods either by modifying/hybridizing existing algo-
rithms (Baez, Angel-Bello, Alvarez, & Melidn-Batista, 2019; Hakli &
Ortacay, 2019; Kaveh & Mesgari, 2019; Laha & Gupta, 2018; Peng, Pan,
Gao, Zhang, & Pang, 2018; Vlasi¢, burasevi¢, & Jakobovi¢, 2019) or
developing new ones. Some efficient, widely used methods are de-
scribed in the following.

2.1. Particle swarm optimization (PSO)

PSO (Kennedy & Eberhart, 1995) is a population-based swarm in-
telligence algorithm based on the swarm behavior of birds or fish,
which is used to solve continuous optimization problems. In PSO, a
problem solution is represented by the position of a particle that moves
into the search space. Each particle changes its position according to its
own experience and that of its neighbors. The position of a particle is
changed by adding a velocity to its current position. Each particle’s
velocity depends on its previous best position and the previous global
best position of the swarm. PSO’s advantages are that it does not require
the calculation of derivatives, the knowledge of good solutions is re-
tained by all particles (memory) and that the particles in the swarm
share information among them. Furthermore, PSO is less sensitive to
the nature of the objective function. As a result, PSO can be used for
stochastic objective functions since it can easily escape from local op-
tima (Tsafarakis, Marinakis, & Matsatsinis, 2011).
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Multi-objective Mayfly Algorithm

Initialize the male mayfly population xi(i = 1,2, ..., N) and velocities Vi
Initialize the female mayfly population y; (i = 1,2, ..., M) and velocities Vg

Evaluate solutions using the predefined objective functions
Store the nondominated solutions found in an external repository
Sort the mayflies
Do While stopping criteria are not met
Update velocities and positions of males and females
Evaluate solutions
If a new mayfly dominates its personal best
Replace personal best with the new solution
If no one dominates the other
The new solution has a chance of 50% to replace the personal best
Rank the mayflies
Mate the mayflies
Evaluate offspring
Separate offspring to male and female randomly
If an offspring dominates its same-sex parent
Replace parent with the offspring
Insert all the new nondominated solutions found in the external repository
Sort the nondominated solutions and truncate the repository if needed
end while

Postprocess results and visualization of non-dominated solutions

Fig. 2. Pseudo code of the multi-objective mayfly algorithm (MMA).

Table 2
Unimodal test functions.
Function ID Name Expression Search space min
F1 Sphere L) = Z?ﬂxlz’ [-10, 10] 0
F2 Rosenbrock L= 2?;11 [100Gxi+1 — x2)% + (1 — x2)2] [-5, 10] 0
F3 Sum Squares L) = 2{1 L ix,-z [-10, 10] 0
=
F4 Powell Sum &)= Z-d L ji+1 [-1,1] 0
i=
F5 Exponential £ = —e—°-5zzd=1xi2 [-1,1] -1
F6 Schwefel 2.20 £ = zfi LIl [—100, 100] 0
i=
F7 Schwefel 2.21 f,(x) = max Ixl [-100, 100] 0
i=1,-d
F8 Schwefel 2.22 f®= Zidzl il + Hid:1 Ixi [-100, 100] 0
F9 Zakharov [-5, 10] 0

S = Zlex,-z + (Zid:l O.Six,-)2 + (Zle O.Six,-)4
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Table 3
Multimodal test functions.
Function ID Name Expression Search space min
F10 Rastrigin fio®) = 10d + Z‘ii:l (x? — 10cos (27x;)) [-5.12, 5.12] 0
F11 Ackl - 0
cey f®x) =20+e— ZOexp[ ] - exp[ i=1 cos(ch,)] [-32,32]
F12 Griewank ; [—600, 600] 0
fo® =1+ Zl 1 4000 - IIi= 1cos(—,)
F13 Alpine No.1 fa(x) = Zi=1 Ixsinx; + 0.1x;] [0, 10] 0
F14 Salomon ~d 3 —100, 100 0
fa®=1- cos(Zn\g Zlfizlx,-z) + 0.1, Z‘iizlxiz [ I
F15 Qing Fis®) = Zid:l (2 — i) [—500, 500] 0
F16 Styblinski-Tank Fie®) = lz«ii . (e = 1652 + 5x) [-5, 5] —39.16599+d
F17 Xin-She Yang Function hx) = Zl Lrand[0, 1] = Ixf [-5, 5] 0
F18 Quartic fis®) = Ez . ix/ + random [0, 1) [-1.28, 1.28] 0 + random noise

2.2. Firefly algorithm (FA)

The FA is a population-based algorithm that was introduced in 2008
by Xin-She Yang (2008) and was based on the flashing patterns and
behavior of fireflies. The FA is used to solve continuous optimization
problems, and for some applications its success rate and efficiency are
better than those of PSO and GA, in both continuous and discrete
problems (Yang, 2009). The standard FA involves two important issues,
the variation of light intensity (I), and the formulation of attractiveness
(B). Each firefly is characterized by the light intensity, which is related
to the value obtained from the fitness function in that point. Fireflies
with worse light intensity are attracted by the ones with better light
intensity, until all fireflies are gathered in a single solution (local or
global optimum). The attractiveness between fireflies is formulated as a
function of the square of distance (r) between each other and the light
absorption coefficient (y). As the fireflies search for the best solution,
their movements are updated based on their current position, their
attractiveness, and a randomization term. When y tends to be zero, the
FA corresponds to the standard PSO (Yang, 2009). Studies have shown
that FA performs better than other algorithms because of its automatic
subdivision and its capability in dealing with multimodality (Yang &
He, 2013).

2.3. Genetic algorithm (GA)

GA was introduced in the 1960s by Holland and further analyzed by
Goldberg (1989). GA is a global search optimization technique that
imitates processes from natural evolution, based on the survival and
reproduction of the fittest. GA has shown great performance in many
complex optimization problems and it keeps getting improved by re-
searchers. In GA, solutions are usually coded as binary or integer strings
called chromosomes, which evolve over the algorithm’s iterations
through genetic operations like crossover and mutation. The chromo-
somes are being evaluated using an objective function. Should the new
chromosomes turn out to be better than the old ones, they will replace
the worse chromosomes in the next generation (migration strategy).
The evolution process continues until the stopping criteria are reached.

2.4. Differential evolution (DE)

Differential evolution algorithm (DE) developed by Storn and Price
(1997) is another population-based evolutionary algorithm for con-
tinuous optimization problems. In this algorithm, solution vectors are
initially generated, and are subjected to mutation, crossover and se-
lection operations. In the mutation operation, mutated vectors are

obtained through adding the difference between two arbitrarily se-
lected vectors of the solution space to a selected current solution. In the
crossover operation, parameters of the newly generated solution are
selected from either the mutated individual or the non-mutated in-
dividuals. Finally, there is a selection operation for selecting either a
new parent vector or the individuals that will survive to the next gen-
eration.

2.5. Harmony search (HS)

The HS is another example of a popular successful algorithm de-
veloped by Zong Woo Geem, Joong Hoon Kim, and Loganathan (2001).
This algorithm mimics the improvisation of musicians. Although har-
mony search algorithm is similar to genetic algorithm, it forms new
individuals in a different way, by using all individuals in the crossover
operation (Uymaz, Tezel, & Yel, 2015). The algorithm starts with the
formation of harmony memory composed by randomly generated so-
lutions. In order to create a new solution, the harmony memory can be
chosen randomly or from one of the existing solutions. Each chosen
solution is subject to a change depending on the pitch adjustment rate.
Should a new harmony vector produce better results than the worst
harmony, the worst harmony vector will be replaced by the new one.

2.6. Invasive weed optimization (IWO)

Mehrabian and Lucas (2006) developed a numerical stochastic op-
timization algorithm inspired from colonizing weeds. Weeds are plants
whose vigorous, invasive habits of growth pose a serious threat to de-
sirable, cultivated plants making them a threat for agriculture. Weeds
have shown to be very robust and adaptive to change in environment.
This algorithm tries to mimic robustness, adaptation and randomness of
colonizing weeds in a simple but effective optimizing algorithm known
as Invasive Weed Optimization (IWO).

2.7. Bees algorithm (BeA)

Bees Algorithm (BeA) is a metaheuristic optimization algorithm
proposed by Pham, Ghanbarzadeh, Kog, Otri, Rahim, and Zaidi (2006).
It is inspired by the food foraging behavior of honey bee colonies. In
this algorithm, bees, each one representing a problem solution, com-
municate with each other by using a waggle dance. Bees that produce
better results have more opportunity to do waggle dance. Hence, they
attract more bees to go to their location and target. This helps the al-
gorithm to investigate the unsearched areas in the search space.
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Table 4

Fixed-dimension test functions.

min

Search space

Dimension

Expression

Category

Name

Function ID

—100, 100]
~100, 100]

-1

X+ x3 + 25(sin?x + sin®x,)

Sy ®)

Multimodal

Eggcrate

F19
F20
F21
F22
F23

fro®) = (1.5 = X1 + x16)? + (2.25 — X1 + x1x7)? + (2.625 — x1 + xx3)?

Unimodal
for ®) = 1000 — )2 + (1 — x)?

Beale

Unimodal

Leon

0.3cos(37x) cos(47mx,) + 0.3

2+ 27 —

=X

fr (%)

Multimodal
Multimodal

Bohachevsky No. 2

2 2
—cos(x)cos(xp ) e~ 1= = (x2=7)

f3 %)

Easom

[-5,5]

4, 2
1 + ?xle + X5

— 1.05x

2

fa®)

Multimodal

Three-Hump Camel

F24

[-10, 10]

fs®) =

Multimodal

Colville

F25

1000 — )% + (g — 1)2 + (3 — 12 + 90(xF — x4)% + 10.1(( — 1)24(x4 — 1)?)

+19.805 — D(xg — 1)
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2.8. Recently developed optimization methods

Despite the exceptional performance of the optimization methods
mentioned above, researchers keep developing new methods to achieve
better results in terms of accuracy and efficiency, both in established
and in new problems that are being formulated. Table 1 shows some of
the recently developed nature-inspired optimization algorithms.

3. The proposed mayfly algorithm
3.1. Behavior of mayflies

Mayflies are insects that belong to the order Ephemeroptera, which
is part of an ancient group of insects called Palaeoptera. It is estimated
that there are over 3000 species of mayflies worldwide. Their name
derives from the fact that they appear mainly during May in the UK.

After hatching from the egg, immature mayflies are visible to the
naked eye and they spend several years growing as aquatic nymphs,
until they are ready to ascend to the surface as adults. An adult mayfly
lives only for a couple of days, until it fulfills its final goal to breed
(Dominguez, 2006; Mccafferty, 1991).

To attract females, most of male adults congregate in swarms a few
meters above water, performing a nuptial dance, through characteristic
up-and-down patterns of movement. Females fly into these swarms, in
order to mate with a male in the air. Mating may last just a few seconds
and when it is completed females drop their eggs onto the surface of
water, and their life cycle goes on (Allan & Flecker, 1989; Peckarsky,
McIntosh, Caudill, & Dahl, 2002; Spieth, 1940).

3.2. Mayfly algorithm

The proposed optimization method can be considered as a mod-
ification of PSO (Kennedy & Eberhart, 1995) and combines major ad-
vantages of PSO, GA (Goldberg, 1989) and FA (Yang, 2008). In fact, it
offers a powerful hybrid algorithmic structure, based on the behavior of
mayflies, for researchers who try to advance the performance of the
PSO algorithm using techniques such crossover (Mansouri, Mohammad
Hasani Zade, & Javidi, 2019) and local search (Zhou, Pang, Chen, &
Chou, 2018), since it has been proved that PSO needs some modifica-
tions, to guarantee an optimum point, when performing in high-di-
mensional spaces (Chen & Shi, 2019). Previously modified optimization
algorithms that combine advantages of existing ones are reported in the
literature (Haddad, Afshar, & Marifio, 2006; Yang, 2010). It is inspired
from the social behavior of mayflies, and particularly from their mating
process. We assume that after hatching from the egg, mayflies are al-
ready adults and fittest mayflies survive, regardless of how long they
live. The position of each mayfly in the search space represents a po-
tential solution to the problem. The algorithm works as follows. In-
itially, two sets of mayflies are randomly generated, representing the
male and female population respectively. That is, each mayfly is ran-
domly placed in the problem space as a candidate solution represented
by a d-dimensional vector x=(x,---,X4), and its performance is eval-
uated on the predefined objective function f(x). The velocity
v = (vy,---,vy)of a mayfly is defined as the change of its position, and the
flying direction of each mayfly is a dynamic interaction of both in-
dividual and social flying experiences. In particular, each mayfly ad-
justs its trajectory toward its personal best position (pbest) so far, as well
as the best position attained by any mayfly of the swarm so far (gbest).

3.2.1. Movement of male mayflies

Males' gathering in swarms, implies that the position of each male
mayfly is adjusted according to both its own experience and that of its
neighbors. Assuming x{ is the current position of mayfly i in the search
space at time step ¢, the position is changed by adding a velocity v/*?, to
the current position. This can be formulated as
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F3

Fig. 3. 2-D version of unimodal test functions in Table 2.

xit+1 = xit + vil+1

(6)

with X U (mins Ximax)-

Considering that male mayflies are always a few meters above water
performing the nuptial dance, we assume that they cannot develop
great speeds and that they move constantly. As a result, the velocity of a
male mayfly i is calculated as

vt =vi+ @ e (pbest; — x;) + ayefri (gbest; — x) @
where v} is the velocity of mayfly i in dimension j = 1, ...,n at time step
t, x;; is the position of mayfly i in dimension j at time step ¢, a; and a, are
positive attraction constants used to scale the contribution of the cog-
nitive and social component respectively. Furthermore, pbest, is the best
position mayfly i had ever visited. Considering minimization problems,
the personal best position pbest; at the next time step ¢ + 1, is calculated
as

x{ L £ () < f (pbest:)

pbest, = 1. .
is kept the same, otherwise

®

where f: R" - R is the objective function, which evaluates the quality
of a solution. The global best position ghest at time step ¢, is defined as

gbest € {pbest,, pbest,,---, pbest, |f (cbest)}
= min{f (pbest,), f (pbest,), -,f (pbesty)}

where N is the total number of male mayflies in the swarm. Finally, § is
a fixed visibility coefficient used in Eq. (7), used to limit a mayfly’s
visibility to others, while r, is the Cartesian distance between x; and
pbest; and r, is the Cartesian distance between X; and gbest. These dis-
tances are calculated as

©)

j=1

&
lx; — X,-II=\/Z Gy — X;)?
(10

where x;; is the j™ element of mayfly i and X; corresponds to pbest; or
gbest.

It is important for the functioning of the algorithm that the best
mayflies in the swarm continue to perform their characteristic up-and-
down nuptial dance. Hence, the best mayflies have to keep changing
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F12

F13

F15

F16

F18

Fig. 4. 2-D version of multimodal test functions in Table 3.

their velocities, which in such a case is calculated as

vitt=vi+d=r a1
where d is the nuptial dance coefficient and r is a random value in the
range [—1, 1]. This up and down movement introduces a stochastic
element to the algorithm.

3.2.2. Movement of female mayflies

Unlike males, female mayflies do not gather in swarms. They in-
stead fly towards males in order to breed. Assuming y/ is the current
position of female mayfly i in the search space at time step ¢, the po-
sition is changed by adding a velocity v/*' to the current position, i.e.

yit+l — yit + vit+1 (12)

Wlth yio U(ymin’ ymax)'

Whereas the attraction process could be randomized, we decided to
model it as a deterministic process. That is, according to their fitness
function, the best female should be attracted by the best male, the
second best female by the second best male, and so on. Consequently,

considering minimization problems, their velocities are calculated as

e i aye P (xf = yp), i FO) > Fx)
T e PO < F) 13)

where v is the velocity of female mayfly i in dimension j =1, ..,n at
time step ¢, yi;. is the position of female mayfly i in dimension j at time
step t, a, is a positive attraction constant and f§ is a fixed visibility
coefficient, while , is the Cartesian distance between male and female
mayflies, calculated using Eq. (10). Finally, fl is a random walk coef-
ficient, used when a female is not attracted by a male, so it flies ran-
domly and r is a random value in the range [-1, 1].

3.2.3. Mating of mayflies

The crossover operator represents the mating process between two
mayflies as follows: One parent is selected from the male population
and one from the female population. The way parents are selected is the
same as the way females are attracted by males. Particularly, the se-
lection can be either random or based on their fitness function. In the
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F21

F22

F23

F24

Fig. 5. 2-D version of fixed-dimension test functions in Table 4.

Table 5
Performance of basic MA with different parametres according to Sphere func-
tion at 5 dimensions.

a a B d fl Basic MA

Min Average
2 2 2 2 2 6.1214E-05 1.5654E-04
1.5 1.5 2 2 2 7.5804E-216 1.4688E-204
1.5 1.5 2 0.1 0.1 3.3428E-212 2.1144E-204
1 1.5 2 1 1 0 4.864e-319
1 1.5 2 0.1 0.1 0 0

latter, the best female breeds with the best male, the second best female
with the second best male, and so on. The results of the crossover are
two offspring which are generated as follows:

offspringl = L * male + (1 — L) * female

offspring2 = L * female + (1 — L) * male 14

where male is the male parent, female is the female parent and L is a
random value within a specific range. Offspring’s initial velocities are
set to be zero.

The basic steps of the Mayfly Algorithm (MA) can be summarized in
the pseudo code shown in Fig. 1.

3.3. Improvements of basic mayfly algorithm

While experimenting with the basic algorithm, we identified stabi-
lity issues related to the perturbation of the existing solutions due to
velocity. Premature convergence behavior of the algorithm was also
noticed, because of insufficient balance between exploitation and

exploration. To account for these shortcomings, a number of algorithm
modifications have been developed, which are presented below.

3.3.1. Velocity limits

Testing the performance of our algorithm, it was found that the
velocity quickly explodes to huge values, for example when updating
the velocity of a mayfly far from the global best or personal best po-
sition. This may lead to situations where mayflies fly out of the problem
space. It is worth noting that offspring’s zero initial velocity can be an
answer to this problem since there will be mayflies with small velocities
values that can still help convergence. Taking this into account and
being inspired from real mayflies that do not develop great speeds in
order to always stay above water, we assume that each mayfly is able to
develop a specified maximum velocity V},4. In such cases, the velocity
is adjusted as

1| Voo 0> Vi

ij - .

! = Vinax lﬁ)i;‘Jrl < —Vinax (15)
What is significant is that even though V.., controls the exploration

of the search space, too small values could prevent exploitation beyond

local optima. The V},,, values could be selected as

Vinax = rand # (Xmax — Xmin) (16)

where the rand € (0, 1].

3.3.2. Gravity coefficient

Even though velocity limit can prevent mayflies from developing
great speeds, sometimes velocities must be reduced in order to better
control the balance between exploration and exploitation abilities of
the mayflies. The gravity coefficient g which works similar to PSO’s
inertia weight (Shi & Eberhart, 1998), assists the achievement of a
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Table 6
Comparison of basic MA with its improvements at 5 dimensions.
Function ID Statistics Basic MA VGMA SMA IMA
F1 Best 0.0000E + 00 2.3756E—29 0.0000E + 00 0.0000E + 00
Worst 3.4276E — 304 8.7923E—24 0.0000E + 00 0.0000E + 00
Average 8.3607E— 306 5.7377E—25 0.0000E + 00 0.0000E + 00
Median 0.0000E + 00 3.5990E — 26 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 1.5647E—24 0.0000E + 00 0.0000E + 00
F2 Best 3.8202E+ 00 1.4014E-17 0.0000E + 00 0.0000E + 00
Worst 1.7497E + 04 1.7263E +00 5.3396E—28 1.7995E - 29
Average 1.4784E+03 4.2841E—-02 3.0863E—29 2.0798E—-30
Median 5.3676E + 02 7.2446E—-11 4.1908E - 30 0.0000E + 00
Std. 3.0185E+03 2.0138E-01 7.2279E-29 4.3249E - 30
F10 Best 3.1762E+ 00 2.2026E—-13 0.0000E + 00 0.0000E + 00
Worst 4.6678E + 01 6.5767E+ 00 4.3343E—-13 0.0000E + 00
Average 1.8583E +01 1.8654E +00 6.4659E—15 0.0000E +00
Median 1.6072E+01 1.9899E + 00 0.0000E + 00 0.0000E + 00
Std. 1.1094E+01 1.2829E+00 4.3545E—-14 0.0000E + 00
F11 Best 2.7765E— 04 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 2.6659E + 00 3.5527E—15 0.0000E + 00 0.0000E + 00
Average 2.8847E-01 2.4869E—16 0.0000E + 00 0.0000E + 00
Median 1.4419E-01 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 4.5693E—01 9.1103E—-16 0.0000E + 00 0.0000E + 00
F19 Best 1.3679E—07 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 9.5302E + 00 8.8508E —24 0.0000E + 00 0.0000E + 00
Average 4.7634E—01 1.3526E—25 0.0000E + 00 0.0000E + 00
Median 3.8534E—-05 3.2908E—32 0.0000E + 00 0.0000E + 00
Std. 2.0801E+00 9.1701E-25 0.0000E + 00 0.0000E + 00
F20 Best 4.5317E—-07 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 1.1108E-01 7.6207E—-01 7.6207E—-01 0.0000E + 00
Average 1.9360E — 02 6.0965E — 02 5.3344E—-02 0.0000E + 00
Median 1.6887E—-03 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 3.2672E—-02 2.0778E-01 1.9541E-01 0.0000E + 00
Table 7 Table 8
Comparison of different gbest selection techniques at 20 dimensions. Parameter values used in PSO, FA, GA, HSA, BeA and DE.
Function ID Statistics PGB-IMA T-IMA IMA Parameter PSO FA GA HSA BeA DE
F1 Best 1.9874E —54 1.4334E—-55 4.6429E - 51 Population size 60 25 100 60 45 50
Worst 1.9551E—40 8.1709E — 42 1.3421E-37 clandc2 2 - - - - -
Average 3.9919E-41 1.6342E—42 2.4097E-38 Inertia weight 0.8-0.45 - - - - -
Median 8.2332E-53 7.1494E - 50 8.1709E — 42 Y - 1 - - - -
Std. 8.2043E—41 3.4451E—42 4.4713E—38 B - 1 - - - -
F2 Best 3.2610E—01 1.6811E—01 4.8141E—01 « _ 02 - _ _ _
Worst 1.5771E+01 1.4597E+01 1.4618E+01 A - — - — — —
Average 1.1503E+01 1.0334E+01 1.0939E+01 Crossover rate - - 0.95 - - 0.1
Median 1.2422E+01 1.2505E +01 1.2274E+01 Mutation rate - - 0.1 - - 0.9
Std. 4.2109E + 00 4.6941E+00 4.5333E+00 Harmony consideration rate - _ - 0.9 _ _
F10 Best 5.6843E—14 5.6843E—14 2.8422E—-14 Minimum pitch adjusting rate - - - 0.4 - -
Worst 1.9899E + 00 1.9899E +00 9.9496E - 01 Maximum pitch adjusting rate - - - 0.9 - _
Average 4.9748E—-01 1.0945E+00 2.9849E - 01 Minimum bandwidth - — - 0.0001 — —
Median 6.4091E—12 9.9496E—-01 1.2790E-13 Maximum bandwidth - - - 1 - -
Std. 7.0354E—-01 5.6478E—01 4.8061E—01 Number of selected sites - - - - 3 -
F11 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 Number of elite sites _ _ _ _ 1 _
Worst 3.5527E—15 7.1054E—15 0.0000E + 00 Bees around elite points _ _ _ _ 7 _
Average 7.1054E—16 7.1054E—-16 0.0000E + 00 Bees around selected points - - - - 2 -
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 initial patch size — — - — 3 _
Std. 1.4980E—-15 2.2469E—-15 0.0000E + 00
F19 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 0.0000E + 00 0.0000E + 00 0.0000E + 00 . . .. cps
Average 0.0000E - 00 0.0000E - 00 0.0000E - 00 while the velocity of female mayfly i is now calculated by modifying the
Median 0.0000E+00  0.0000E+00  0.0000E-+00 Eq. (13) as:
Std. 0.0000E + 00 0.0000E + 00 0.0000E + 00 N
F20 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 . g* v+ aye P (xj — yij.), if f () > f )
Worst 0.0000E + 00 0.0000E + 00 0.0000E + 00 Yy = ¢ .
Average 0.0000E + 00 0.0000E + 00 0.0000E + 00 grvy+ flsr, i fO) < f0a) (18)
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 0.0000E + 00 0.0000E + 00 The gravity coefficient g can be a fixed number in the range of (0, 1],

sufficient balance between exploration and exploitation. As a result, the
velocity of male mayfly i is now calculated by modifying the equation
(7) as:

2 2
vt =g« Vy[' + e P (pbest; — x§) + ae P (gbest; — x§) a”n

or it can be gradually reduced over the iterations, allowing the algo-
rithm to exploit some specific areas, by being updated through the
following equation:

8max ~ 8mi .
Smax  OmI o jter

&= Bmax itekyax 19

where g, ., &,.;, are the maximum and minimum values that the gravity
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Table 9
Comparison of different methods in solving the unimodal test functions in Table 2 at 50 dimensions.

F Statistics PSO GA HSA DE MA

F1 Best 9.0916E—-09 5.9459E — 04 2.1164E+00 6.6959E — 05 6.5351E—13
Worst 5.2516E—07 1.4971E-01 4.8532E+00 2.5827E—04 2.4814E—06
Average 1.6365E - 07 1.7310E-02 3.5023E +00 1.3029E-04 1.1777E-07
Median 9.8565E — 08 7.7800E—03 3.4124E+00 1.3171E—04 2.9511E-10
Std. 1.3702E-07 2.5419E—02 6.1409E—01 3.3273E—-05 4.5203E—-07

F2 Best 3.8778E+01 6.5781E+01 1.0285E+03 2.0927E +02 3.0738E+01
Worst 1.5453E + 02 3.3243E+02 2.5445E+03 3.7072E+ 02 2.1624E+02
Average 6.3325E+01 1.8243E+02 1.6180E+03 2.7969E + 02 6.7703E+01
Median 4.6641E+01 1.7277E+02 1.5876E+03 2.7250E+02 4.6230E + 01
Std. 2.9532E +01 6.3965E + 01 3.3439E + 02 4.5395E +01 3.9877E+ 01

F3 Best 3.6765E—07 6.5414E—03 3.6258E+01 1.3487E—-03 1.9653E—-10
Worst 3.7220E-05 1.5491E+01 8.0616E+01 3.3831E—-03 1.2941E-04
Average 4.3627E - 06 6.1555E - 01 5.8971E+01 2.3484E-03 7.3923E-06
Median 2.5783E—-06 1.5920E-01 5.7006E +01 2.2617E—03 4.0522E—-08
Std. 5.8512E—-06 2.1984E+00 9.9515E+00 4.8276E — 04 2.5797E-05

F4 Best 2.5468E — 37 4.3467E - 20 1.1288E—11 2.9778E—26 2.4043E - 56
Worst 2.3548E—-31 4.9943E—-10 6.1448E—10 1.2147E—-23 8.5486E — 48
Average 1.5679E — 32 1.8671E—11 8.2341E—-11 1.8248E—24 5.2842E—49
Median 1.0982E—33 5.9549E—-14 4.7717E—11 8.5217E—25 1.8406E —51
Std. 3.9666E — 32 7.6283E—11 1.0830E—-10 2.5744E—24 1.6485E—48

F5 Best —9.9999E -01 —9.9999E-01 —9.8449E—-01 —9.9999E-01 —9.9999E—-01
Worst —9.9999E - 01 —9.9829E-01 —9.6833E—-01 —9.9999E-01 —9.9999E-01
Average —9.9999E - 01 —9.9988E—01 —9.7710E-01 —9.9999E - 01 —9.9999E - 01
Median —9.9999E - 01 —9.9995E-01 —9.7768E—-01 —9.9999E - 01 —9.9999E - 01
Std. 2.6540E—09 2.4545E—04 3.5064E—03 1.1330E—-07 3.4356E—11

F6 Best 2.3986E — 04 6.1763E—04 4.6960E +01 7.9372E—02 7.0870E — 06
Worst 5.2348E-03 5.3235E+00 9.2980E + 01 1.2640E—-01 1.9495E-01
Average 1.1695E-03 3.9365E—01 6.9238E+01 1.0060E—-01 6.9674E—03
Median 9.5742E—04 1.0056E —01 6.9686E + 01 9.7189E—02 4.6543E — 04
Std. 8.8833E—-04 1.0023E+00 8.5282E+ 00 1.2279E—-02 2.8710E—-02

F7 Best 3.6248E+00 1.1288E+01 2.0250E+01 2.9685E+01 2.7225E+00
Worst 7.1959E + 00 3.6458E+01 2.5839E+01 4.3723E+01 7.6811E+00
Average 5.4734E+00 1.9567E +01 2.2645E + 01 3.9186E + 01 3.8769E + 00
Median 5.4405E+00 1.8384E+01 2.2663E+01 3.9391E+01 3.8307E+00
Std. 7.6289E - 01 5.2053E+00 1.2687E+00 2.7231E+00 8.8291E—-01

F8 Best 1.1314E-03 4.8795E - 04 1.4999E + 01 1.0761E-01 1.9465E - 05
Worst 1.0589E +03 1.2687E+01 4.0299E + 01 2.0778E-01 3.9609E—01
Average 2.5721E+02 6.3639E—01 2.6360E+01 1.5741E-01 1.8945E - 02
Median 1.5880E - 02 8.6173E—02 2.6261E+01 1.5354E-01 8.6829E — 04
Std. 3.9035E + 02 1.9416E+00 4.3973E+00 2.2276E—02 6.0779E — 02

F9 Best 3.1275E+00 2.5367E+01 1.6626E + 02 5.4389E + 02 3.3591E-02
Worst 5.0851E+02 2.6116E+02 2.8451E+02 7.5811E+02 4.5475E-01
Average 9.2912E+01 8.8802E + 01 2.3063E +02 6.7040E + 02 1.7130E-01
Median 5.7622E+01 7.4723E+01 2.2840E +02 6.7974E + 02 1.6596E - 01
Std. 8.6769E+ 01 4.4836E+01 2.8412E+01 4.8105E+01 8.3733E—-02

coefficient can take, iter is the current iteration of the algorithm and
iter,q. is the maximum number of iterations.

3.3.3. Reduction of nuptial dance and random walk

The nuptial dance performed by male mayflies, as well as the fe-
males’ random walk, appear to be two very powerful local search
methods capable of helping the algorithm escape local optima.
However, performing a random walk could lead a mayfly to a far worse
search area. The problem comes from the fact that nuptial dance d or
random walk fl often take large initial values. This can be alleviated by
gradually reducing both nuptial dance d and random walk fI over the
iterations. Consequently, both values could be updated by using a
geometric progression formula as

di=dpd',0<d<1 (20)

fly =fl,6,0<6<1 (21)

where ¢ is the iteration counter and ¢ a fixed value in the range of (0.1).

3.3.4. Mutate the genes of offspring

To deal with situations of premature convergence that may lead to a
local instead of a global minimum, a variation of the original algorithm
adds a random mutation to a portion of the population, in order for the

10

algorithm to explore new areas of the search space that may not be
visited otherwise. Particularly, we add a normally distributed random
number to the chosen offspring’s variable for mutation. In this way the
offspring is altered as

oﬁspring;l = offspring, + oN, (0, 1) (22)
where, o is the standard deviation of the normal distribution and
N, (0, 1) is a standard normal distribution with mean = 0 and variance
=1.

3.4. Multi-objective mayfly algorithm (MMA)

We also modify the MA in order to be applied to multiobjective
optimization problems. Original MA saves only a single best solution,
instead of multiple solutions that multi-objective problems require. In
addition, MA updates the gbest with the best solution obtained so far in
each iteration, whereas there is no single best solution in multi-objec-
tive optimization problems. Hence, we equip MA with a repository of
solutions, which maintains the best non-dominated solutions obtained
so far during optimization, like Coello Coello, Pulido, and Lechuga
(2004) used in their research. Moreover, in contrast with MA, female
mayflies in MMA also update their personal best position.



K. Zervoudakis and S. Tsafarakis

Computers & Industrial Engineering 145 (2020) 106559

Table 10
Comparison of different methods in solving the multimodal test functions in Table 3 at 50 dimensions.

F Statistics PSO FA GA DE MA

F10 Best 3.5818E+01 1.3428E + 02 1.4942E+ 01 5.1514E+01 5.9697E + 00
Worst 1.5222E+02 2.4801E+02 7.1178E+01 8.0761E+01 2.1890E+01
Average 8.1826E + 01 1.7824E+02 2.8358E+01 6.5685E + 01 1.1903E+01
Median 8.0094E +01 1.7626E + 02 2.6080E + 01 6.6143E+01 1.0944E + 01
Std. 1.9773E+01 2.4561E+01 1.0221E+01 6.0005E +00 3.8202E+00

F11 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 0.0000E + 00 3.5527E—-15 0.0000E + 00 0.0000E + 00 0.0000E + 00
Average 0.0000E +00 5.6843E—-16 0.0000E + 00 0.0000E + 00 0.0000E + 00
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 1.3156E-15 0.0000E + 00 0.0000E + 00 0.0000E + 00

F12 Best 0.0000E +00 0.0000E +00 0.0000E + 00 0.0000E +00 0.0000E + 00
Worst 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 8.8782E—02
Average 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 4.1431E-03
Median 0.0000E +00 0.0000E +00 0.0000E + 00 0.0000E +00 0.0000E + 00
Std. 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 1.2929E - 02

F13 Best 2.4798E—-07 5.1657E +01 2.4882E — 02 0.0000E + 00 9.1193E-11
Worst 1.7760E + 01 7.7938E + 01 1.3206E + 00 0.0000E + 00 9.2080E - 05
Average 2.4865E+00 6.2260E +01 2.5143E—-01 0.0000E +00 6.5634E—06
Median 2.0364E—-05 6.3138E+01 1.8636E—01 0.0000E + 00 8.2389E—-08
Std. 5.0074E + 00 5.8752E +00 2.2950E—-01 0.0000E + 00 1.8657E—05

F14 Best 4.9987E—-01 2.9998E +00 6.9987E—01 2.2013E+00 1.1998E + 00
Worst 1.0998E + 00 7.3998E + 00 1.7998E + 00 2.8015E+00 3.9998E + 00
Average 7.9673E—-01 5.0778E+00 1.1038E+00 2.5420E +00 2.3150E +00
Median 7.9987E—-01 5.1998E + 00 9.9987E—-01 2.5156E + 00 2.2998E + 00
Std. 1.0220E-01 7.4403E—01 2.5230E—01 1.2307E-01 6.3363E—01

F15 Best 3.7490E—02 7.4752E+07 7.3404E+ 02 1.9783E+03 1.1734E-07
Worst 2.0620E +01 5.1837E+08 1.7980E + 06 4.3794E+03 7.4161E—01
Average 1.9738E+00 2.2682E+08 1.8140E+ 05 3.3955E+03 2.6477E—02
Median 8.1308E—-01 2.2793E+08 6.7025E + 04 3.3635E+03 3.3301E-05
Std. 3.4311E+00 1.1216E+08 3.3235E+05 5.0688E + 02 1.1027E-01

F16 Best —1.7720E+03 2.5791E+07 3.8881E+ 02 —1.4983E+03 —1.7886E +03
Worst —1.6186E+03 4.6693E + 08 3.9768E + 06 —1.3518E+03 —1.6331E+03
Average —1.7079E+03 1.0719E+08 3.3469E + 05 —1.4132E+03 —1.7134E+03
Median —1.7082E+03 9.4318E+07 5.4144E+ 04 —1.4098E+03 —1.7109E + 03
Std. 3.2677E+01 6.8873E+07 7.5358E+05 3.4590E+01 3.9927E+01

F17 Best 8.1806E—13 7.1851E-03 1.4874E-08 7.3147E+03 8.9188E - 05
Worst 2.1978E-02 1.4125E+01 1.4396E + 00 2.4851E+06 6.3505E+03
Average 1.1994E-03 1.2537E+00 3.3268E — 02 3.6867E+05 5.5851E+02
Median 4.3672E—10 4.4380E-01 5.9413E-05 2.0286E + 05 4.9078E + 01
Std. 4.3641E—-03 2.2301E+00 2.0377E-01 4.8412E + 05 1.4070E + 03

F18 Best 1.6437E—02 5.1565E—02 6.4896E — 03 1.0274E-01 1.4510E—-02
Worst 3.9078E—-02 2.9959E-01 5.3306E — 02 2.0661E—01 3.8504E — 02
Average 2.5368E —02 1.4019E-01 2.3188E - 02 1.4985E-01 2.9476E — 02
Median 2.5155E—-02 1.2152E-01 2.1608E — 02 1.5148E-01 3.0571E—-02
Std. 5.5360E—-03 5.9435E—-02 1.1134E-02 2.5086E —02 6.1212E—-03

3.4.1. Movement of male mayflies in multi-objective optimization

The movement of male mayflies in multi-objective optimization
works similarly to their movement when performing on single-objective
optimization problems. Since there is no single best solution in multi-
objective problems, the selection of gbest is performed by picking a
random solution from the repository of non-dominated solutions.

If the male mayfly is dominated by the gbest, equation (17) is used.
Otherwise, equation (20) is used.

3.4.2. Movement of female mayflies in multi-objective optimization
Similarly, the following equation is used for the female mayflies:

. g * Vi + aye P (xf — yij.), if male dominates female
vt =

P .
g x v + fl = r, otherwise (23)

3.4.3. Mating of mayflies in multi-objective optimization

Equation (14), is also used for the mating process. Particularly, a
male and a female are selected according to their rank. To advance the
convergence behavior of MMA, the crossover operator is performed
using the personal best position of each mayfly.

11

3.4.4. Crowding distance

The repository has a maximum size to store the non-dominated
solutions. To rank the mayflies and keep the best ones, a fast non-
dominated sorting using Crowding Distance (CD), just like NSGA-II
(Deb, Pratap, Agarwal, & Meyarivan, 2002) does, is performed. CD
provides an estimate of the largest cuboid enclosing a solution without
including any other solutions, by calculating the Euclidian distance
between neighbor individuals (Deb et al., 2002). The boundary solu-
tions which have the lowest and highest objective function values are
always selected by being given an infinite CD value. By summing up the
CD values of each objective function, the final CD value of a solution is
computed.

Previous research has already proven high performance results of
multiobjective swarm intelligence optimization methods combined
with CD (Feng, Zheng, & Li, 2010; Zhang & Li, 2014).

The basic steps of the Multi-objective Mayfly Algorithm (MMA) can
be summarized in the pseudo code shown in Fig. 2.

4. Validation and comparison

Even though the Mayfly Algorithm can be implemented in any
programming language, we chose Matlab because of the ease of
creating visualizations and using data containers, known as structure
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Table 11
Comparison of different methods in solving the fixed dimension test functions in Table 4.

F Statistics PSO FA GA DE MA

F19 Best 8.3877E—154 1.3524E—-67 6.6435E — 284 0.0000E + 00 0.0000E + 00
Worst 1.8233E—142 4.0166E — 64 2.2554E—-270 0.0000E + 00 0.0000E + 00
Average 7.8758E—144 8.5086E — 65 2.3272E-272 0.0000E + 00 0.0000E + 00
Median 6.7723E—147 6.5859E — 65 2.8104E—278 0.0000E +00 0.0000E + 00
Std. 3.1857E—143 8.5534E—-65 0.0000E + 00 0.0000E + 00 0.0000E + 00

F20 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 7.6207E—01 5.0930E —02 5.0173E—05 0.0000E +00 0.0000E + 00
Average 3.0482E—02 1.1275E-03 7.8445E—07 0.0000E +00 0.0000E + 00
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 1.5085E - 01 7.2154E—-03 5.5144E-06 0.0000E + 00 0.0000E + 00

F21 Best 0.0000E + 00 0.0000E + 00 4.3221E—15 0.0000E +00 0.0000E + 00
Worst 5.6571E—28 8.0306E—01 2.3985E—-01 5.6283E—-01 0.0000E + 00
Average 2.2863E—29 1.3302E-01 8.1565E—03 3.3505E - 02 0.0000E + 00
Median 0.0000E + 00 8.4495E—02 5.3619E—06 0.0000E +00 0.0000E + 00
Std. 8.6341E—29 1.6196E—01 3.5810E—-02 1.1740E—-01 0.0000E + 00

F22 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Average 0.0000E + 00 0.0000E + 00 0.0000E +00 0.0000E +00 0.0000E + 00
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00

F23 Best —1.0000E + 00 —1.0000E + 00 —1.0000E + 00 —1.0000E + 00 —1.0000E + 00
Worst —1.0000E + 00 0.0000E + 00 —1.0000E + 00 —1.0000E + 00 —8.1102E-05
Average —1.0000E + 00 —7.5260E—-01 —1.0000E + 00 —1.0000E + 00 —9.8000E—01
Median —1.0000E + 00 —1.0000E +00 —1.0000E + 00 —1.0000E + 00 —1.0000E + 00
Std. 0.0000E + 00 4.3038E—01 0.0000E +00 0.0000E +00 1.4141E-01

F24 Best 2.7397E—152 3.5417E—68 0.0000E + 00 3.7651E— 255 0.0000E + 00
Worst 6.8556E — 143 1.1056E - 65 0.0000E + 00 7.0690E — 245 0.0000E + 00
Average 2.1814E—144 3.1761E—66 0.0000E +00 1.6103E—246 0.0000E + 00
Median 8.9801E—147 2.0352E - 66 0.0000E + 00 2.9832E — 250 0.0000E + 00
Std. 9.9328E—144 2.9500E — 66 0.0000E + 00 0.0000E + 00 0.0000E + 00

F25 Best 1.3422E-07 2.9685E—07 2.9035E—07 8.3232E—05 0.0000E + 00
Worst 1.3481E—-03 6.1719E+00 7.9641E—01 3.7344E—02 6.3675E—30
Average 1.7379E - 04 3.9882E-01 2.1691E-01 5.9501E-03 1.6396E — 31
Median 1.1726E—-04 5.5848E —02 1.5227E-01 2.9506E—03 0.0000E + 00
Std. 2.4621E—04 1.0409E+ 00 2.1695E—-01 7.6570E—03 8.0074E—-31

arrays. All the simulations have been carried out on an i5, 3.3 GHz
desktop computer with 8 GB of RAM. Furthermore, we decided to
evaluate each version of the algorithm by comparing its performance
for a fixed number of function evaluations. In our simulations, we run
each algorithm with 95,000 function evaluations, performing 50 re-
plications for each one. Each run of MA takes less than 8 s, while each
run of MMA takes about 25 s.

4.1. Benchmark functions

The selection of test functions is very important when it comes to
validation and comparison of the performance of optimization algo-
rithms (Jamil & Yang, 2013). An algorithm’s efficiency and accuracy
dependent directly on the dimensionality of the search space, or the
ability of the particular algorithm to keep up the direction changes in
the function (Jamil & Yang, 2013). Test functions can be categorized
according to their modality or separability.

Multimodal are functions with more than one local optimum, the
use of which helps evaluating the ability of an algorithm to escape from
local optima as well as its exploration capability. In contrast, a function
f(x) is called unimodal if it is monotonically decreasing for x < x* or
increasing for x > x*. In such cases, f(x*) is the global optimum value
and there are no other local optima. Moreover, another classification of
test functions is into separable and non-separable ones.

In this section, the proposed method along with its variations is
evaluated with the use of six different benchmark mathematical func-
tions. Furthermore, the performance of the best variant is compared to
those of some other meta-heuristic methods on 38 different benchmark
mathematical functions as well as on multiobjective optimization and
on a discrete flowshop problem. The test functions include three dif-
ferent groups of functions: unimodal functions, multimodal functions,
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and fixed-dimension functions. These three kinds of test functions are
listed in Tables 2-4. The 2-D versions of the test functions, except the 4-
D Colville function, are depicted in Figs. 3-5.

4.2. Comparison of basic MA with its improvements

In this section we compare the basic MA with its improved varia-
tions. Initially, we fine tune the algorithms by using different popula-
tion sizes from n = 15 to n = 150. We found that for the most problems
a value of n = 30 to 80 is sufficient. Therefore, we used a fixed popu-
lation n = 40 (20 males and 20 females) for all simulations of MA.

For all the four versions of MA that we have compared, we used
attraction constants a; = 1, a, = 1.5, visibility coefficient § = 2, nuptial
dance d = 0.1, random flight fl = 0.1, single point uniform crossover
with the rate of 0.95 and linear selection mechanism as described in
Section 3.2.3.

These values came up from further fine tuning the basic MA as
shown in Table 5. Each initialization scheme was tested for 10 runs.

Another version of MA is the one with velocity limit and gravity
coefficient (VGMA), were V,,,, is generated through equation (16) with
rand=0.1 and g = 0.8.

Moreover, we consider as the stochastic MA (SMA) the one with
gradual reduction of nuptial dance, as well as random flight with
6 = 0.77, and gaussian mutation with a rate of 0.1.

Finally, as the Improved MA (IMA) we consider the Mayfly
Algorithm that incorporates all of its improvements. A more detailed
description of the above values is described in the Appendix A. Table 6
shows the comparison among four algorithms on six benchmark func-
tions.

As derives from the results in Table 6, the performance of IMA is
superior to the others. What is significant is that SMA found minimum
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Fig. 6. Convergence characteristic curves for PSO, FA, GA, HAS, IWO, BeA, DE and MA in solving the unimodal test functions in Table 2 at 50 dimensions.

values in all functions, without using velocity limits, which shows the
usefulness of the nuptial dance and the reduction of its values.

Moreover, as mentioned in Section 3.2.1, the gbest is selected from
the male population, since only males congregate in swarms. In an at-
tempt to investigate the impact of the gbest selection, two variants of the
IMA were developed. The first one shall be called PGB-IMA and con-
cerns the case in which the gbest is selected from the whole mayfly
population (both males and females). The second one (T-IMA), concerns
the case in which after a female mayfly locates a position better than
the gbest found so far, it turns into a male. To keep the proportion of
females and males in the population, the worst male in the swarm turns
into a female.

To compare PGB-IMA, T-IMA and IMA, the six benchmark functions
used in Table 6 were used. Because of the fact that when performing at
five dimensions the results of the three algorithms were very similar, we
increased the dimensions from five to 20, when performing on the non-
fixed-dimension test functions. Table 7 shows the comparison among
the three algorithms.

As derives from the results in Table 7, the three methods are very
competitive with each other. Particularly, PGB-IMA and T-IMA were
found to converge faster than IMA when performing on unimodal test
functions (F1 and F2), due to the guidance of the best solution ever
found. However, they were found to converge slower or even getting
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stuck at local optima points when performing on multimodal functions
(F10 and F11) compared to the performance of IMA. According to lit-
erature, the superiority of IMA when performing on multimodal test
functions could be due to its non-acceptance properties, of better so-
lutions for gbest. Not accepting better solutions is proved to be a fun-
damental property of metaheuristics because it allows a more extensive
search for the global optimal solution (Glover, 1986; Kirkpatrick,
Gelatt, & Vecchi, 1983). However, as it appears, this could negatively
affect the convergence behavior of the algorithm when performing on
multimodal test functions.

Since to the rest of the paper we not only use unimodal test func-
tions but also complex multimodal ones as well as a real world problem,
we continue the evaluation of the newly proposed method using the
IMA version (to the rest of the paper the MA abbreviation refers to the
IMA version).

4.3. Comparison with other algorithms

In order to test the performance of the new mayfly algorithm (MA),
we compare it with other popular metaheuristic algorithms, specifically
particle swarm optimization (PSO) (Kennedy & Eberhart, 1995), genetic
algorithm (GA) (Goldberg, 1989), firefly algorithm (FA) (Yang, 2008),
differential evolution (DE) (Storn & Price, 1997), harmony search
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(HSA) (Zong Woo Geem et al., 2001), invasive weed optimization
(IWO) (Mehrabian & Lucas, 2006) and bees algorithm (BA) (Pham
et al., 2006), which were briefly described in Section 2. Table 8 shows
the parameter values for each one of these algorithms according to the
literature (Kennedy & Eberhart, 1995; Mehrabian & Lucas, 2006; Pham
et al., 2006; Storn & Price, 1997; Yang, 2008; Zong Woo Geem et al.,
2001).

We now compare the MA with the state of the art optimization
methods mentioned above. Table 9-11 present the five most successful
algorithms according to the function groups, while Figs. 6-8 present the
convergence characteristic curves of all the optimization methods. A
more detailed comparison of all methods is presented in the Appendix
B.

The comparison results indicate the superiority of Mayfly over the
other algorithms. Table 9 and Table 11 illustrate that not only MA was
the only algorithm that found the best values in all 11 unimodal
functions, but also it has better mean values in most of them, no matter
the dimension. Table 9 and Table 10 show that at 50 dimensions, MA
found best values in 10 multimodal functions, leaving all the other al-
gorithms behind. Even though it was harder for all algorithms to locate
a global optimum, MA located best values on 14 different functions,
while PSO did it on five (see Fig. 9).
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MA also achieved better results irrespective of the size of the di-
mension. Furthermore, on 2-D, MA is the only algorithm that located
the best value in six different functions, while on 4-D (Colville’s func-
tion), MA is the only one that located the global minimum.

From the preceding analysis, it is derived that the proposed MA is
superior to the other algorithms in terms of accuracy and efficiency,
since it can detect a better value in most of the test functions, while
running with the same configuration on all problems. In cases where
most of the algorithms get trapped into local optima, MA is capable of
escaping thanks to males’ nuptial dance, females’ random flight and
mutation of their genes. Another important characteristic is that may-
flies’ low speeds as well as offspring’s zero speed can assist convergence,
while providing the algorithm with the advantage to have solutions
with both high and low velocities at the same time.

4.4. Comparison of MA with PSO, GA and DE on CEC 2017 test functions

In this subsection, the proposed MA algorithm is compared to the
three most successful optimization methods of Section 4.3 on CEC 2017
Competition on Constrained Real-Parameter Optimization (Fan et al.,
2018) test functions. In particular, MA is compared to PSO, GA and DE,
as presented in Table 12 and Fig. 10.



K. Zervoudakis and S. Tsafarakis

F20

Computers & Industrial Engineering 145 (2020) 106559

F21

Fitness

[ 0
10° 10! 102 10° 10° 10! 10° 10! 10?
Function Evaluations

Function Evaluations

F22

F23

10° 10* 10 10° 10’ 102 10° 10¢ 10
Function Evaluations

F24

Fitness
Fitness
o

10° 10! 102 10° 10 10' 10° 10’ 102
Function Evaluations

Function Evaluations

F25

015

Fitness

005

Function Evaluations

100 10! 102

10° 10* 10

Function Evaluations

Fig. 8. Convergence characteristic curves for PSO, FA, GA, HAS, IWO, BeA, DE and MA in solving the fixed-dimension test functions in Table 4.

2 m PSO
20 HFA
15 GA
9
10 HAS
5 I 22 223 I m WO
o b il
0
o a00000] g0 || : ..I 0 = BeA
Unimodal  Unimodal Multimodal Multimodal ~ Total mDE
(d=50) (fixed (d=50) (fixed
. . . . u MA
dimension) dimension)
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cording to the function groups.

4.5. Results of MMA

This subsection shows a comparison of the MMA’s convergence
behavior to that of the famous NSGA-II. The first three of a set of
challenging test functions called ZDT proposed by Zitzler et al. (2000)
are used for our comparison. Fig. 11 indicates that between MMA and
NSGA-II, the convergence of MMA is better, and very competitive. Note
that the maximum repository size for both MMA and NSGA-II is set to
50. Comparing to NSGA-II, MMA was able to explore the search space
more efficiently, by using only 25,000 function evaluations. Especially
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on ZDT3, which has a Pareto optimal front with separated regions,
MMA outperforms NSGA-II. These types of fronts are very common in
real world problems and very challenging to be determined, because an
algorithm might get trapped in one of the regions and fail to approx-
imate all the separated regions, like NSGA-II did.

To further compare the performance of the proposed MMA to that of
NSGA-II, the two set coverage metric (C) as well as the M; metric
proposed by Zitzler et al. (2000) were used.

Regarding the C metric when performing on ZDT1, values of
C(MMA, NSGA — II) = 0.66, and of C(NSGA — II, MMA) =0 were
found, which mean that most of the solutions obtained using NSGA-II
are dominated by or equal to solutions obtained using MMA and that
none of the solutions obtained from MMA are covered by the solutions
obtained from NSGA-II, respectively. Moreover, when performing on
ZDT2, values of C(MMA, NSGA — II) = 0.62, and of
C(NSGA — II, MMA) = 0 were found. Finally, when performing on
ZDT3, values of C(MMA, NSGA — II) = 0.52, and of
C(NSGA — II, MMA) = 0.02 were found.

Regarding the M5 metric, which considers the extent of the set of
objective vectors that correspond to each optimization method, values
of Mj(MMA) =1.38 and Mj;(NSGA — II) = 1.14 were found when
performing on ZDT1. Moreover, when performing on ZDT2, values of
M;(MMA) = 1.32 and Mj;(NSGA — II) = 1.12 were found. Finally,
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Table 12
Comparison of different methods in solving the CEC2017 test functions at 50 dimensions.
Function ID Statistics PSO GA DE MA
co1 Best 5.3510E+02 2.5368E+03 6.9573E + 04 1.3564E + 01
Worst 2.0959E+03 1.2096E + 04 9.1803E + 04 4.1288E + 02
Average 1.2353E+03 4.9716E + 03 8.1575E + 04 1.1953E +02
Median 1.2130E+03 3.9441E+03 8.1400E + 04 1.1972E + 02
Std. 3.3934E+02 2.4928E+03 6.6111E+03 7.9142E+01
Cco2 Best 1.0916E + 03 1.4037E+03 9.5138E +04 1.2680E + 02
Worst 2.2433E+03 9.6292E+03 1.1683E+ 05 8.7356E + 02
Average 1.7401E+03 3.6594E+03 1.0387E+05 4.1310E+ 02
Median 1.7115E+03 3.1638E+03 1.0422E+05 4.1738E +02
Std. 3.4918E +02 1.9934E + 03 6.3316E+03 1.7966E + 02
Co4 Best 8.9449E +01 6.1749E+01 1.2115E+02 4.3780E +01
Worst 2.7659E+ 02 2.4392E+02 1.7085E + 02 1.9700E + 02
Average 1.2870E + 02 1.3568E + 02 1.4773E+02 8.6502E + 01
Median 1.2139E+02 1.3399E + 02 1.4741E+02 8.3577E+01
Std. 3.8387E+01 4.2609E+01 1.2966E + 01 3.1208E+01
Cos5 Best 4.4943E+ 01 3.2324E+ 04 2.8626E +09 1.0681E+01
Worst 4.8663E +03 5.3996E + 06 7.6445E + 09 3.0010E +03
Average 5.6413E+02 7.0891E +05 5.4894E +09 3.9312E+02
Median 1.6431E+02 3.5026E + 05 5.5429E + 09 1.9763E + 02
Std. 1.2624E + 03 1.1066E + 06 1.3493E+09 6.227 6E + 02
Co6 Best 3.3595E + 04 1.0375E+05 1.4318E+05 2.8844E + 04
Worst 8.1536E + 04 3.9357E+06 2.7168E + 05 1.7322E+05
Average 5.3732E+ 04 5.1412E+ 05 2.0377E+05 8.3088E + 04
Median 5.5835E + 04 2.0721E+05 2.0137E+05 7.6958E + 04
Std. 1.3758E+04 8.5776E +05 2.5991E +04 3.2237E+04
Co7 Best —3.0185E+03 —2.7711E+03 —4.3794E+03 —4.7280E +03
Worst —2.0112E+03 —1.0836E+03 —4.1713E+03 —4.1953E+03
Average —2.4129E+03 —2.0770E+03 —4.2591E+03 —4.4513E+03
Median —2.4476E+03 —2.2589E+03 —4.2584E+03 —4.4442E + 03
Std. 2.1577E+02 5.8298E + 02 4.8843E+01 1.4266E + 02
C12 Best 9.1817E+01 5.7969E +01 1.0156E + 02 4.1788E+01
Worst 1.6534E + 02 2.0307E+02 1.3805E+ 02 1.3531E+02
Average 1.2336E +02 1.0955E + 02 1.2314E+02 7.4788E +01
Median 1.1844E +02 9.9529E +01 1.2420E + 02 6.8652E + 01
Std. 2.3428E+01 3.5072E+01 9.0717E+00 2.4277E+01
C13 Best 1.0069E + 02 4.8828E +02 7.1116E +02 1.8866E + 00
Worst 8.3801E+02 3.5644E +05 1.3312E+03 6.7625E + 02
Average 2.3953E+02 3.1949E + 04 9.9939E + 02 2.2171E+02
Median 1.6222E + 02 8.5454E +03 9.6916E + 02 1.5560E + 02
Std. 2.0406E + 02 7.4751E + 04 1.4049E + 02 1.8569E + 02
C20 Best 2.5846E + 00 1.5134E+01 4.8171E+00 2.3900E + 00
Worst 1.3939E +01 1.7307E+01 5.1830E+00 3.3521E+00
Average 4.8047E + 00 1.6301E+01 5.0130E+00 2.8111E+00
Median 3.6909E + 00 1.6412E+01 5.0283E+00 2.8075E+00
Std. 2.9486E + 00 5.7934E—-01 8.6177E—02 2.2765E—-01
Cc21 Best 3.4788E—-10 4.0808E — 06 1.5155E—-07 8.2280E—-08
Worst 7.4089E — 04 4.4849E - 03 7.8524E—03 4.0019E - 02
Average 7.7049E - 05 8.7135E—04 1.1329E-03 3.4500E—03
Median 1.4508E - 05 2.1869E— 04 6.7280E — 04 4.6607E — 04
Std. 1.6207E—04 1.3555E—-03 1.6743E—-03 8.1144E-03
Cc23 Best 2.2558E +00 2.2559E+00 2.2559E+00 2.2558E + 00
Worst 2.2569E + 00 2.2586E + 00 2.2605E + 00 2.2617E+00
Average 2.2561E+ 00 2.2565E + 00 2.2573E+00 2.2570E +00
Median 2.2560E + 00 2.2562E+00 2.2567E+00 2.2564E+00
Std. 2.8045E—04 6.8810E—04 1.4112E-03 1.3420E-03
C24 Best 5.4617E—05 5.6697E—05 5.9250E - 06 1.4169E - 04
Worst 1.8147E-03 3.4748E-03 8.8408E—03 6.1745E—-03
Average 6.1379E— 04 1.1497E-03 2.2585E—-03 2.3956E—-03
Median 3.8763E—04 1.1058E—03 1.4587E—-03 2.0604E—-03
Std. 5.7289E - 04 1.0392E-03 2.2385E—-03 1.7248E-03
C25 Best 2.8331E—-05 4.1397E—05 3.7093E—06 3.7033E—-06
Worst 2.3619E—-03 5.2847E—-03 5.9852E—03 1.5711E—-02
Average 6.8275E — 04 1.5155E-03 1.6657E—03 2.7498E - 03
Median 2.9799E - 04 1.3022E-03 9.4958E — 04 1.7142E-03
Std. 7.0987E—-04 1.3208E-03 1.6406E—-03 3.6932E—03

when performing on ZDT3, values of Mj;(MMA)= 162 and 4.6. Real-world problem

M; (NSGA — IT) = 1.34 were found. As a result, the fronts obtained from

MMA spread out to wider ranges compared to those obtained from To test MA’s accuracy and efficiency in discrete, as well as real

NSGA-IL engineering problems, we compared its performance to that of the other
algorithms using a classic flow-shop scheduling problem. Flow shop
scheduling problems, are a class of scheduling problems with a

16
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Fig. 10. Convergence characteristic curves for PSO, GA, DE and MA in solving the CEC2017 test functions.

workshop, proposed by Johnson (1954). In a flowshop scheduling
problem, there is a set of n jobs or tasks to be processed in a set of m
machines or processors in the same order. At any time, each job can be
processed on at most one machine and each machine can process at

17

most one job. Furthermore, once a job is processed on a machine, it
cannot be terminated before it is completed (Marinakis & Marinaki,
2013). The objective is to find a sequence for the processing of the jobs
in the machines so that a given criterion is optimized, with the most
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common criterion being the minimization of the makespan (Cpnq)
(Morton & Pentico, 1993). Given the job permutation 7 = {m, 7, -+, 7.},
the completion time for the n-job, m-machine problem is calculated as
described in the expression column in Table 13, where C (7, m) denotes
the completion time of the job 7; on the machine m. Because the MA is a
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continuous optimization method, right before the evaluation of a so-
lution we convert the solutions into discrete values as follows: At the
smallest value of the vector we assign the value 1, at the second smaller
the value 2 etc. Each solution is a vector of 20 length (jobs).

As we can see, MA is still competitive in discrete problems. Even
though DE surpassed MA in term of worst, average, median and std.,
MA located the same best value (see Table 15). Fig. 12 illustrates that
MA still converges faster than DE and the other algorithms.

5. Conclusions

In this paper, an optimization algorithm known as Mayfly Algorithm
(MA) is proposed. The proposed population-based approach combines
major advantages of existing algorithms and is inspired from the behavior
of adult mayflies, including the processes of crossover, mutation, gath-
ering in swarm, nuptial dance, and random walk. The latter two con-
stitute the main advantages of the purposed method, which enhance ex-
ploration. Moreover, through this research, it was found that by using two
different equations for each population (males and females), the ex-
ploration is improved. The method is benchmarked against seven high
quality meta-heuristic optimization algorithms on 25 test functions which
are classified in 3 groups (unimodal, multimodal and fixed-dimension), as
well as 13 CEC2017 test functions, multi-objective optimization and a
discrete classic flow-shop scheduling problem. Using those functions, the
characteristics of exploitation and exploration of the method are tested.
The results reveal that the proposed MA method has superior perfor-
mance to the most well-known metaheuristic optimization algorithms not
only in local search but also in global search capabilities. Although the
proposed method is not always the fastest one among the methods to
which the results are compared, it has a higher probability of finding a
global optimum. The convergence behavior of the proposed MA method
is also exceptional, since most of the times it reaches the best overall
solution in the early iterations. MA’s results are satisfactory to discrete
problems as well as multi-objective optimization.

One limitation of the proposed optimization method is that it suffers
from initial parameter tuning, which means that the performance of MA
as well as the performance of MMA are directly related to the values of
those parameters. For that reason, the proposed optimization method
can be further improved by using an automatic parameter tuning
method (Li & Cheng, 2017).

Another limitation concerns the use of CD distance in the MMA
approach. Even though multiobjective optimization algorithms are re-
ported to have high performance when combined with CD, they become
computationally expensive as the number of the objective functions
grows (Deb & Jain, 2014). For that reason, other techniques like Re-
ference Points (Deb & Jain, 2014) or grid making technique (Coello
Coello et al., 2004) can be combined with MMA in future research.

Moreover, future research may include other ways in which the
attraction process (females attracted by males) can be modeled, besides
the random attraction process and the one implemented in the current
paper. The roulette wheel selection procedure (Goldberg, 1989;
Mansouri et al., 2019) as well as the tournament selection (Kili¢ &
Yiizgeg, 2019) are strongly suggested to be used. Those methods may
result to the further improvement of MA’s accuracy, efficiency and
convergence behavior.

Another interesting area of future research is to use different
neighborhood topologies, each one of them having its own male and
female population, since neighborhood topologies have been proved to
assist PSO’s escape from local optima points (Oliveira, Pinheiro,
Andrade, Bastos-Filho, & Menezes, 2016).

Finally, the application of the proposed algorithm to other en-
gineering and industrial optimization problems, as well as comparing
MMA to other multiobjective optimization algorithms, using metrics for
comparing nondominated sets, are strongly suggested (Knowles &
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Table 13
Flowshop Scheduling Problem.
Expression Machines Jobs
Cm 1) = pryy (24) 5 20
C(m, 1) = C(mj—1, 1) + Pr1J =2, -n (25)
Cou k) =Clm k=1 +pg k=2 m (26)
C(mj, k) = max{C (71, k), C(m, k — 1) + p”j’k},j =2, -,n 27)
k=2, -m
Cmax () = C (75, m) (28)
Table 14
Machines and Jobs of Flowshop Scheduling Problem.
Jobs
Machines 15 64 64 48 9 91 27 34 42 3 11 54 27 30 9 15 88 55 50 57
28 4 43 93 1 81 77 69 52 28 28 77 42 53 46 49 15 43 65 41
77 36 57 15 81 82 98 97 12 35 84 70 27 37 59 42 57 16 11 34
1 59 95 49 90 78 3 69 99 41 73 28 99 13 59 47 8 92 87 62
45 73 59 63 54 98 39 75 33 8 86 41 41 22 43 34 80 16 37 94

Table 15
Comparison of different methods in solving the flowshop problem in Table 14.
Function ID Statistics PSO GA DE MA
F26 Best 1251 1251 1251 1251
Worst 1302 1299 1266 1282
Average 1262.04 1277.5 1254.62 1262.72
Median 1259 1278.5 1253.5 1260
Std. 1.3775E+01 1.2261E+01 4.1201E+00 6.0745E+ 00
1300, 7 4 CRediT authorship contribution statement
A
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1285t Validation, Resources, Writing - review & editing, Supervision.
§ 1280 |
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1270 This research is co-financed by Greece and the European Union
(European Social Fund- ESF) through the Operational Programme
12651 «Human Resources Development, Education and Lifelong Learning» in
1260 - the context of the project “Strengthening Human Resources Research
Potential via Doctorate Research” (MIS-5000432), implemented by the
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Fig. 12. Convergence characteristic curves for PSO, GA, DE and MA in solving
the flowshop scheduling problem.

Corne, 2002; Zitzler et al., 2000).
Appendix A

A more detailed description of the initial parameters of the IMA is described below. First, we decided to use the same crossover rate with GA. In
addition, the crossover rate was set to 0.95. For the rest of the parameters the algorithm performed several run tests for different combinations of values.
The gravity coefficient (g) values were set in the range of 0.5-0.9 with a gradual increase of 0.1. a; and a, were both set in the range of 1-2 with a gradual
increase of 0.5. § was set in the range of 1-2 with a gradual increase of 1. d and fl were both set in the range of 0.1-0.9 with a gradual increase of 0.2.
Finally, the 6 coefficient was set in the range of 0.66-0.99 with a gradual increase of 0.11. As a result, 9.000 different combinations of parameters were
tested on the Sphere function, at five dimensions. The results performing on the Sphere function had an average value of 0.0015, a standard deviation of
0.0045 and a median value of 3.4572E-159 in the range of 0-0.0385. Since more than one combination located the global best (zero), we decide to run
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the same tests using this time the Rastrigin function, at five dimensions. The results performing on the Rastrigin function had an average value of 3.5874,
a standard deviation of 2.2389 and a median value of 2.9848 in the range of 0-15.9193. As a result, we tried to find a combination that succeed in both
unimodal and multimodal test functions. The combinations that succeed on both test functions are presented in Table Al.

Table Al

Different combinations of parameters that succeed on both unimodal and multimodal test functions.
w a a B d fl )
0.8 1 1 1 0.9 0.9 0.66
0.8 1 1.5 2 0.1 0.2 0.66
0.8 1 1.5 2 0.1 0.1 0.77
0.8 1.5 1 1 0.7 0.7 0.88
0.8 1 2 0.3 0.2 0.66
0.9 1 2 0.2 0.1 0.66
0.9 1.5 1 2 0.3 0.4 0.88

The results presented above indicate that the proposed algorithm locate the best results using high values of gravity coefficient. Moreover, there was no variable that
was noticed to play a significant role in the results. The combination of all variables is what helps the algorithm to succeed. However, we decided to use the third
combination because it is the one locating global optima values faster. Particularly, while performing on Sphere function, it used about 80.000 function evaluations

compared, to the rest of the combinations that needed about 90.000 ones.

Appendix B

A full detailed description of the comparison is described below.
See Tables B1-B3.

Table B1
Comparison of different methods in solving the unimodal test functions in Table 2 at 50 dimensions.

F Statistics ~ PSO FA GA HSA WO BeA DE MA

F1 Best 9.0916E—-09 6.1635E+00 5.9459E — 04 2.1164E+00 3.5073E—-01 5.8450E + 02 6.6959E — 05 6.5351E—13
Worst 5.2516E—07 2.8508E+01 1.4971E-01 4.8532E+00 1.6249E + 00 8.4597E+02 2.5827E—04 2.4814E—06
Average 1.6365E—07 1.7080E +01 1.7310E—02 3.5023E + 00 9.2542E—01 7.4398E + 02 1.3029E—04 1.1777E-07
Median 9.8565E — 08 1.6496E + 01 7.7801E—-03 3.4124E+00 9.2513E—-01 7.4405E + 02 1.3171E-04 2.9511E-10
Std. 1.3702E—-07 5.5147E+00 2.5419E—-02 6.1409E—01 2.5722E—-01 6.1132E+01 3.3273E—-05 4.5203E—-07

F2  Best 3.8778E+01 1.5708E +03 6.5781E+01 1.0285E +03 1.9944E+02 1.5143E+06 2.0927E +02 3.0738E+01
Worst 1.5453E + 02 1.2313E+04 3.3243E+02 2.5445E+03 1.7263E+03 3.1514E+06 3.7072E+02 2.1624E+02
Average 6.3325E+01 4.3788E+03 1.8243E+02 1.6180E+03 7.3006E + 02 2.4221E+06 2.7969E + 02 6.7703E+01
Median 4.6641E +01 3.7765E + 03 1.7277E+02 1.5876E +03 6.7461E + 02 2.4212E+06 2.7250E + 02 4.6230E + 01
Std. 2.9532E +01 2.6143E+03 6.3965E +01 3.3439E+02 3.6649E + 02 4.0095E + 05 4.5395E + 01 3.9877E+01

F3 Best 3.6765E—-07 1.8829E +02 6.5414E-03 3.6258E+01 8.5321E+01 1.4755E + 04 1.3487E—-03 1.9653E-10
Worst 3.7220E-05 8.6492E +02 1.5491E+01 8.0616E+01 2.9368E +02 2.0576E + 04 3.3831E—-03 1.2941E-04
Average 4.3627E—-06 4.3059E + 02 6.1555E—01 5.8971E+01 1.7638E+02 1.6936E + 04 2.3484E-03 7.3923E—06
Median 2.5783E—06 4.1781E+02 1.5920E-01 5.7006E +01 1.6748E+02 1.6866E + 04 2.2617E—03 4.0522E - 08
Std. 5.8512E—-06 1.4320E+02 2.1984E+00 9.9515E+00 5.6734E+01 1.3230E+03 4.8276E—04 2.5797E—-05

F4  Best 2.5468E — 37 2.1631E—10 4.3467E—20 1.1288E—11 2.8377E—-06 6.5413E—06 2.9778E—26 2.4043E - 56
Worst 2.3548E-31 4.2506E — 07 4.9943E-10 6.1448E—10 9.3452E—-05 6.8302E—02 1.2147E-23 8.5486E — 48
Average 1.5679E — 32 4.2684E — 08 1.8671E—11 8.2341E—-11 1.8032E-05 7.2419E—-03 1.8248E—24 5.2842E—49
Median 1.0982E—33 1.5550E—08 5.9549E—14 4.7717E—11 1.1394E-05 2.0161E—03 8.5217E—25 1.8406E — 51
Std. 3.9666E — 32 8.2430E—-08 7.6283E—11 1.0830E—-10 1.7563E - 05 1.2030E-02 2.5744E—24 1.6485E—48

F5 Best —9.9999E - 01 —9.9286E—01 —9.9999E-01 —9.8449E-01 —9.2940E—-01 —6.0865E—01 —9.9999E - 01 —9.9999E - 01
Worst —9.9999E - 01 —9.5219E—-01 —9.9829E-01 —9.6833E—01 —7.9646E—01 —2.5020E-01 —9.9999E - 01 —9.9999E - 01
Average —9.9999E - 01 —9.7923E-01 —9.9988E—-01 —9.7710E-01 —8.6509E—01 —4.3922E-01 —9.9999E - 01 —9.9999E - 01
Median —9.9999E - 01 —9.8198E—-01 —9.9995E-01 —9.7768E—01 —8.6717E—-01 —4.5206E—01 —9.9999E - 01 —9.9999E -01
Std. 2.6540E—09 1.0248E—02 2.4545E—04 3.5064E—-03 3.0130E—02 9.0776E—02 1.1330E—07 3.4356E—11

F6  Best 2.3986E— 04 1.4810E +02 6.1763E— 04 4.6960E + 01 2.4649E + 02 1.4387E+03 7.9372E—02 7.0870E — 06
Worst 5.2348E-03 2.8451E+02 5.3235E+00 9.2980E +01 3.8313E+02 1.7096E + 03 1.2640E-01 1.9495E - 01
Average 1.1695E—-03 2.1296E +02 3.9365E—01 6.9238E+01 3.1659E +02 1.6214E+03 1.0060E—01 6.9674E—03
Median 9.5742E—04 2.0534E + 02 1.0056E— 01 6.9686E + 01 3.2057E+02 1.6384E+03 9.7189E—02 4.6543E- 04
Std. 8.8833E-04 3.2590E +01 1.0023E+00 8.5282E+00 3.4603E+01 5.7489E +01 1.2279E-02 2.8710E—02

F7 Best 3.6248E+00 1.5092E + 01 1.1288E+01 2.0250E+01 3.0790E +01 6.9732E+01 2.9685E+01 2.7225E+00
Worst 7.1959E + 00 3.0638E+01 3.6458E+01 2.5839E+01 6.3751E+01 8.2616E+01 4.3723E+01 7.6811E+00
Average 5.4734E+ 00 2.0873E+01 1.9567E+01 2.2645E +01 5.1490E + 01 7.8824E +01 3.9186E+01 3.8769E + 00
Median 5.4405E +00 1.9885E +01 1.8384E+01 2.2663E+01 5.3955E+01 7.9274E+01 3.9391E+01 3.8307E+00
Std. 7.6289E—-01 3.5103E+00 5.2053E+00 1.2687E+00 7.8414E+00 2.4505E+00 2.7231E+00 8.8291E—-01

20

(continued on next page)



K. Zervoudakis and S. Tsafarakis Computers & Industrial Engineering 145 (2020) 106559

Table B1 (continued)

F Statistics PSO FA GA HSA wo BeA DE MA
F8 Best 1.1314E-03 2.1413E+02 4.8795E — 04 1.4999E + 01 3.7204E+13 2.5894E + 35 1.0761E—01 1.9465E - 05
Worst 1.0589E +03 4.6073E+02 1.2687E+01 4.0299E+01 3.6568E + 38 5.7796E+ 63 2.0778E-01 3.9609E—-01
Average 2.5721E+02 3.3127E+02 6.3639E—01 2.6360E +01 7.3255E+ 36 1.3880E + 62 1.5741E-01 1.8945E - 02
Median 1.5880E—02 3.2179E + 02 8.6173E—02 2.6261E+01 1.3835E+23 4.9155E + 54 1.5354E—-01 8.6829E — 04
Std. 3.9035E+02 5.1429E+01 1.9416E+00 4.3973E+00 5.1713E+37 8.2164E +62 2.2276E—-02 6.0779E—02
F9 Best 3.1275E+00 1.1431E+02 2.5367E+01 1.6626E + 02 2.3977E+02 6.0395E + 02 5.4389E + 02 3.3591E—-02
Worst 5.0851E+02 1.5999E + 08 2.6116E+02 2.8451E +02 4.7607E + 02 1.1653E+03 7.5811E+02 4.5475E—-01
Average 9.2912E+01 5.8778E+06 8.8802E+01 2.3063E+02 3.5172E+02 8.1477E+02 6.7040E + 02 1.7130E-01
Median 5.7622E+01 2.3299E+02 7.4723E+01 2.2840E+02 3.4905E + 02 7.8747E+02 6.7974E + 02 1.6596E - 01
Std. 8.6769E + 01 2.6698E + 07 4.4836E + 01 2.8412E+01 5.8875E+01 1.2383E+02 4.8105E+01 8.3733E—02
Table B2
Comparison of different methods in solving the multimodal test functions in Table 3 at 50 dimensions.
F Statistics PSO FA GA HSA wo BeA DE MA
F10 Best 3.5818E+01 1.3428E+02 1.4942E+01 1.4768E+01 1.6795E + 02 2.3077E+02 5.1514E+01 5.9697E+00
Worst 1.5222E+02 2.4800E + 02 7.1178E+01 3.0829E + 01 3.4694E + 02 3.9446E + 02 8.0760E + 01 2.1890E + 01
Average 8.1826E + 01 1.7824E+ 02 2.8358E+01 2.2120E+01 2.4554E +02 3.2662E + 02 6.5685E + 01 1.1903E +01
Median 8.0094E +01 1.7626E + 02 2.6080E+01 2.1953E+01 2.3848E+02 3.3196E + 02 6.6143E+01 1.0944E + 01
Std. 1.9773E+01 2.4560E + 01 1.0220E+01 3.2249E + 00 4.1662E+ 01 3.7981E+01 6.0005E + 00 3.8202E+ 00
F11 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 4.5026E — 08 2.1267E—-06 1.3771E-09 0.0000E + 00 0.0000E + 00
Worst 0.0000E +00 3.5527E—-15 0.0000E + 00 7.9960E — 07 1.4300E — 04 1.8283E—-01 0.0000E + 00 0.0000E + 00
Average 0.0000E + 00 5.6843E—16 0.0000E + 00 2.4217E-07 3.6336E—05 2.6248E—02 0.0000E + 00 0.0000E + 00
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 2.0260E - 07 3.3308E—-05 6.1492E—03 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 1.3156E—-15 0.0000E + 00 1.6368E—07 2.4723E—-05 4.0269E — 02 0.0000E + 00 0.0000E + 00
F12 Best 0.0000E +00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00 0.0000E + 00
Worst 0.0000E + 00 0.0000E + 00 0.0000E + 00 9.8646E — 03 3.8107E—06 5.5234E—-04 0.0000E + 00 8.8782E—02
Average 0.0000E + 00 0.0000E + 00 0.0000E + 00 4.4748E—04 4.9617E—07 2.8348E - 05 0.0000E + 00 4.1431E-03
Median 0.0000E +00 0.0000E + 00 0.0000E + 00 2.2204E—16 9.6627E—08 7.9277E—-07 0.0000E + 00 0.0000E + 00
Std. 0.0000E + 00 0.0000E + 00 0.0000E + 00 1.9532E—-03 8.6140E—07 8.6408E—05 0.0000E + 00 1.2929E - 02
F13 Best 2.4798E—-07 5.1657E+01 2.4882E—-02 3.2969E - 01 6.4744E + 00 2.0167E+01 0.0000E + 00 9.1193E—-11
Worst 1.7760E+ 01 7.7938E+01 1.3206E+ 00 8.4272E—01 2.0454E+01 4.5992E+01 0.0000E + 00 9.2080E—05
Average 2.4865E+00 6.2260E+01 2.5143E—-01 6.3419E—01 1.2696E + 01 3.1933E+01 0.0000E + 00 6.5634E—06
Median 2.0364E—-05 6.3138E+01 1.8636E—01 6.2221E—-01 1.2599E + 01 3.2021E+01 0.0000E + 00 8.2389E - 08
Std. 5.0074E+00 5.8752E+00 2.2950E—-01 9.8274E—02 2.7823E+00 5.3776E+00 0.0000E + 00 1.8657E—-05
F14 Best 4.9987E—-01 2.9998E +00 6.9987E—01 3.1008E+00 7.0001E+00 2.6599E+01 2.2013E+00 1.1998E + 00
Worst 1.0998E +00 7.3998E + 00 1.7998E + 00 4.5735E +00 1.0427E+01 3.1056E + 01 2.8015E+00 3.9998E + 00
Average 7.9673E-01 5.0778E+00 1.1038E+00 3.7685E +00 8.3098E + 00 2.9372E+01 2.5420E +00 2.3150E+00
Median 7.9987E—-01 5.1998E+00 9.9987E—-01 3.6850E +00 8.1884E+00 2.9394E+01 2.5156E+00 2.2998E+00
Std. 1.0220E-01 7.4403E—-01 2.5230E-01 3.2354E-01 6.3587E—-01 8.3484E-01 1.2307E-01 6.3363E—-01
F15 Best 3.7490E - 02 7.4752E +07 7.3404E + 02 2.3623E+07 5.3033E+07 1.4553E+11 1.9783E+03 1.1734E-07
Worst 2.0620E+01 5.1837E+08 1.7980E + 06 7.9983E + 07 1.4602E + 08 2.3293E+11 4.3794E+03 7.4161E-01
Average 1.9738E+00 2.2682E+08 1.8140E+05 4.5846E + 07 8.9274E+07 1.9856E+11 3.3955E+03 2.6477E—02
Median 8.1308E-01 2.2793E+08 6.7025E + 04 4.4034E +07 8.8703E +07 2.0461E+11 3.3635E+ 03 3.3301E-05
Std. 3.4311E+00 1.1216E+08 3.3235E+05 1.4792E+07 2.0437E+07 1.9219E+10 5.0688E + 02 1.1027E-01
F16 Best —1.7720E+03 2.5790E+07 3.8881E+02 1.1431E+07 2.2743E+07 7.9656E+10 —1.4983E+03 —1.7886E + 03
Worst —1.6186E+03 4.6693E + 08 3.9768E + 06 3.8253E+07 1.1328E+08 1.1877E+11 —1.3518E+03 —1.6331E+03
Average —1.7079E+03 1.0719E+08 3.3469E +05 2.1556E +07 4.2062E + 07 1.0081E+11 —1.4132E+03 —1.7134E+03
Median —1.7082E+03 9.4318E+07 5.4144E +04 1.9495E +07 3.9217E+07 1.0249E+11 —1.4098E+03 —1.7109E + 03
Std. 3.2677E+01 6.8873E+07 7.5358E + 05 6.1442E+ 06 1.5178E+07 8.5271E+09 3.4590E +01 3.9927E+01
F17 Best 8.1806E—13 7.1851E—03 1.4874E—08 1.6983E—02 8.1874E+ 00 1.3780E+15 7.3147E+ 03 8.9188E - 05
Worst 2.1978E-02 1.4125E+01 1.4396E+ 00 4.7292E—-01 4.0028E + 06 3.6369E+18 2.4851E+06 6.3505E+03
Average 1.1994E-03 1.2537E+00 3.3268E — 02 1.5655E—01 1.9047E + 05 2.0162E+17 3.6867E + 05 5.5851E+02
Median 4.3672E—-10 4.4380E—-01 5.9413E-05 1.3743E-01 3.9317E+04 6.9589E +16 2.0286E + 05 4.9078E + 01
Std. 4.3641E—-03 2.2301E+00 2.0377E—-01 9.9140E—02 5.9086E + 05 5.3291E+17 4.8412E+05 1.4070E+03
F18 Best 1.6437E—02 5.1565E — 02 6.4896E — 03 1.2811E-01 6.9132E—01 9.1500E + 00 1.0274E—-01 1.4510E—-02
Worst 3.9078E—-02 2.9959E-01 5.3306E — 02 3.3293E-01 2.8672E+ 00 7.1420E+01 2.0661E—01 3.8504E — 02
Average 2.5368E—02 1.4019E-01 2.3188E—-02 2.4340E-01 1.5591E+00 2.6286E + 01 1.4985E-01 2.9476E — 02
Median 2.5155E—-02 1.2152E-01 2.1608E — 02 2.4642E—-01 1.4851E+00 2.4853E+01 1.5148E—-01 3.0571E—02
Std. 5.5360E—-03 5.9435E—02 1.1134E—-02 4.3562E—02 4.7719E-01 1.1828E+01 2.5086E — 02 6.1212E—-03
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Table B3
Comparison of different methods in solving the fixed dimension test functions in Table 4.
F Statistics PSO FA GA HSA WO BeA DE MA
F19 Best 8.3877E—154 1.3524E-67 6.6435E — 284 2.4073E—-15 3.3580E—12 1.6095E—83 0.0000E + 00 0.0000E + 00
Worst 1.8233E—142 4.0166E — 64 2.2554E—270 1.0421E—-12 1.7041E-08 5.7511E—-81 0.0000E + 00 0.0000E + 00
Average 7.8758E—144 8.5086E — 65 2.3272E—272 2.5071E—-13 4.2727E—09 1.3934E-81 0.0000E + 00 0.0000E + 00
Median 6.7723E—147 6.5859E — 65 2.8104E—278 1.5836E—13 3.2124E-09 9.4752E—82 0.0000E +00 0.0000E + 00
Std. 3.1857E—143 8.5534E—-65 0.0000E + 00 2.6674E—13 3.7597E—09 1.4033E-81 0.0000E +00 0.0000E + 00
F20 Best 0.0000E + 00 0.0000E + 00 0.0000E + 00 2.7096E—-15 1.2504E—14 4.2644E—09 0.0000E + 00 0.0000E + 00
Worst 7.6207E—01 5.0930E—-02 5.0173E—-05 4.6921E—11 2.2904E—-09 1.2224E-04 0.0000E + 00 0.0000E + 00
Average 3.0482E—02 1.1275E-03 7.8445E—-07 1.1428E—-11 5.8292E—10 3.9309E—06 0.0000E +00 0.0000E + 00
Median 0.0000E + 00 0.0000E + 00 0.0000E + 00 6.0477E—12 3.8604E—10 4.2451E—-07 0.0000E + 00 0.0000E + 00
Std. 1.5085E - 01 7.2154E-03 5.5144E—-06 1.3766E—11 5.7960E—-10 1.7321E-05 0.0000E + 00 0.0000E + 00
F21 Best 0.0000E + 00 0.0000E + 00 4.3221E—15 1.1994E—-13 3.3656E—12 2.9905E—05 0.0000E +00 0.0000E + 00
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