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ABSTRACT: Tuna Swarm Optimization (TSO) which is developed by being inspired by the hunting
strategies of the tuna fish is a metaheuristic optimization algorithm (MHA). TSO is able to solve some
optimization problems successfully. However, TSO has the handicap of having premature
convergence and being caught by local minimum trap. This study proposes a mathematical model
aiming to eliminate these disadvantages and to increase the performance of TSO. The basic
philosophy of the proposed method is not to focus on the best solution but on the best ones. The
Proposed algorithm has been compared to six current and popular MHAs in the literature. Using
classical test functions to have a preliminary evaluation is a frequently preferred method in the field
of optimization. Therefore, first, all the algorithms were applied to ten classical test functions and the
results were interpreted through the Wilcoxon statistical test. The results indicate that the proposed
algorithm is successful. Following that, all the algorithms were applied to three engineering design
problems, which is the main purpose of this article. The original TSO has a weak performance on
design problems. With optimal costs like 1.74 in welded beam design problem, 1581.47 in speed
reducer design problem, and 38.455 in I-beam design problem, the proposed algorithm has been the
most successful one. Such a case leads us to the idea that the proposed method of this article is
successful for improving the performance of TSO.
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1.INTRODUCTION

Today, real world problems are identified through complex mathematical equations which
include many parameters. In the field of optimization, these mathematical equations are named
objective functions (Noureddine, 2015). Depending on the kind of the problem, the output of the
objective function may be required to be minimum or maximum (Mareli and Twala, 2018). At the
same time, these problems have many limitations. These limitations are generally about the
interrelation of the parameters in the objective functions. The overall purpose of optimization is to
optimally determine the parameters in the objective function under certain limitations (Hashim et al.,
2022). In the early stages of optimization studies, gradient descent (GD) methods were used. GD is
unlikely to be preferred by researches because of its incapability in solving nonlinear design
problems. Besides, for engineering problems with wide search space, computation times are long and
they are not able to present optimum solutions (S. Kumar et al., 2023). As a result of such
disadvantages of GD, researchers focused on metaheuristic algorithms (MHA) (Feng et al., 2021).
Depending on the improvement procedures within their structure, MHAs aim to find the most
reasonable result within the most reasonable period of time without scanning the search space. MHASs
are classified into four subgroups depending on their source of inspiration. These are

e Evolution-based Algorithms: They are improved by being inspired by the biological behaviours
of living creatures. They are based on evolutionary laws like crossover and mutation. Primary
evolution-based algorithms are genetic algorithms (Mirjalili, 2019), differential evolution (Deng
et al., 2021), genetic programming (F. Zhang et al., 2021), evolutionary strategies (Rosso et al.,
2022), and evolutionary programming (Gul et al., 2021).

e Swarm-based Algorithms: They are improved by being inspired by the social behaviours of
animals like insects and birds within their group. Particle swarm optimization (PSO) (Gad, 2022),
ant colony optimization (Wu et al., 2023), grey wolf optimizer (GWO) (Mirjalili et al., 2014),
monarch butterfly optimization (G.-G. Wang et al., 2019), earthworm optimizer (G.-G. Wang et
al., 2018), moth search algorithm (G.-G. Wang, 2018), firefly algorithm (V. Kumar and Kumar,
2021), artificial bee colony (Oztiirk et al., 2020), bat algorithm (BA) (Y. Wang et al., 2019) and
Tuna swarm optimization (Xie et al., 2021) are some examples of MHA in this group.

e Physical-based Algorithms: They are improved through various physic laws. Simulated
annealing (Amine, 2019), gravitational search algorithm (Rashedi et al., 2009), nuclear reaction
optimization (Wei et al., 2019), water cycle algorithm (Korashy et al., 2019), sine cosine
algorithm (SCA) (Abualigah and Diabat, 2021), big bang-big crunch (Mbuli and Ngaha, 2022),
black hole (Abdulwahab et al., 2019) and harmony search (Abualigah et al., 2020) are the
example of physics-based algorithms.

e Human-based algorithms: They are improved by being inspired by the social behaviours of
humans. Teaching-learning-based optimization (Li et al., 2019), social evolution and learning
optimization (M. Kumar et al., 2018), group teaching optimizer (Y. Zhang and Jin, 2020), heap-
based optimizer (Askari, Saeed, et al., 2020), political optimizer (Askari, Younas, et al., 2020),
taboo search (Prajapati et al., 2020), Exchange market algorithm (Jafari et al., 2020) and brain
storm optimizer (Xue et al., 2022) are examples of this group.

MHAs are stochastic. They have two search procedures; exploration and exploitation (Raja et
al., 2022). During the exploration phase, MHAs determine the promising sections of search space.
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During exploitation phase, the determined sections are surveyed in detail. In order to succeed, one of
the most significant characteristic of MHAS is the balance between exploitation and exploration (S.
Kumar et al., 2023). In some MHAs, this balance is constructed by a probability key that is determined
randomly and ranges between 0 and 1 (Ramachandran et al., 2022). Besides, in some MHAs,
exploration is performed in early iteration numbers and exploitation is performed in advanced
iteration numbers (Xie et al., 2021). Some optimization problems have one local minimum, which is
the global minimum at the same time. Some problems have more than one local minimum of which
only one is global minimum. Therefore, it is more difficult to solve these problems. Most of the
MHAs improved to solve this kind of problems have the disadvantages of premature convergence
and being caught by local minimum trap. Moreover, as it is stated by no free lunch theorem, an
optimization algorithm cannot solve all optimization problems (Wolpert and Macready, 1997).
Hence, researchers tend either to improve new optimizers or to increase the productivity of the
available ones.

This study presents an improved version of recently published swarm-based TSO. The proposed
algorithm is named Improved TSO (ITSO). It specifically focuses on the premature convergence
problem of TSO. In addition to that, local search procedure is improved in order to prevent it from
being trapped by local minimum. The improvement is about focusing on the three best points of the
search space rather than focusing on the best one. This method eliminates the problems caused by the
premature convergence problem by increasing the efficiency of TSO's global search capability.
Furthermore, as this method focuses on the three-best solution, it helps to avoid the local minimum
trap. The contribution of this study is as follows.

e It introduces a method that allows TSO to escape from premature convergence and local
minimum trap.

e It makes betterments in the local search procedure of TSO and presents an improved version of
it.

e The proposed algorithm is tested through 10 classical test functions and 3 engineering design
problems. The results are evaluated through Wilcoxon test.

e The proposed algorithm is compared to the popular MHAS in the literature.

In earlier studies, TSO is proven to be successful for the solution of optimization problems.
However, once it is applied to real world problems, it presents some failures. Hence, researchers
conduct works in order to increase its performance. While doing literature review, this study
concentrates on works using methods to increase the performance of TSO. In a study on parameter
identification of photovoltaic cells, the researchers propose the chaotic variant of TSO (C. Kumar and
Magdalin Mary, 2022). In this study, two parameters determined by number of iterations and other
randomly determined parameters are assigned through tent chaotic map. The researchers state that
the results are more successful than the results of the competitive algorithms. However, this study
does not enable us with the information on how other chaotic maps effect the performance of TSO.
Besides, no change is made on the mathematical model of TSO. In another study on parameter
estimation of photovoltaic batteries, the researchers present a hybrid algorithm made of TSO and
differential evolution algorithm (Tan et al., 2022). In order to increase population diversity and
convergence efficiency of the proposed algorithm, this study concentrates on strategies such as
mutation, crossover factor ranking, and linear reduction of the population. The researchers inform us
that the improved algorithm outperforms its competitors. Neither this study makes a change on the
mathematical model of TSO. In another study that focuses on estimating the speed of the wind, the
modified TSO is hybridized with long short-term memory strategy (Tuerxun et al., 2022). In this
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study, in order to increase the diversity of the initial population of TSO, tent chaotic map is used.
Moreover, TSO is used for image segmentation as well (J. Wang et al., 2022). Like the previous one,
this study too uses tent chaotic map in order to increase the diversity of the initial population of TSO.
TSO is also used in another study that deals with path planning of autonomous underwater vehicle
(Yan et al., 2023). This study presents TSO based on reinforcement learning. It is emphasized that
reinforcement learning improves the weak determination of TSO. In another study that regards the
problems of TSO’s premature convergence and being caught by local optimum trap, the researchers
adapt circle chaotic map and levy flight to TSO (W. Wang and Tian, 2022). The Circle chaotic map
is used to increase the diversity of the initial population while Levy flight is integrated to
mathematical model of TSO. It is reported that these changes increase the performance of TSO. It is
highly common to use PID method for controlling the engine revolution speed. TSO is used to
determine the PID coefficient (Guo et al., 2022). The researchers indicate that TSO has a better
performance compared to conventional methods (Ashraf et al., 2022; Fu and Zhang, 2022).

Having studied all these methods, it is observed that two methods are used in order to increase
the performance of TSO. The first one is using chaotic maps to diversify the initial population. The
second one is determining the parameters within the mathematical model of TSO in various ways.
On the other hand, in some studies, TSO is used as is. In this study, the mathematical model of TSO
is changed. The main objective of such a change is to focus not on the best solution but on the best
ones. This approach leads TSO to escape from premature convergence and local minimum trap.

The rest of the study is organized as follows. In the second part, TSO is introduced, and
information about the proposed algorithm is given. In the third section, computational results are
presented. In the last section, the results of the study are evaluated.

2. MATERIALS AND METHODS

2.1 Tuna Swarm Optimization

Tuna is a carnivorous sea creature (Xie et al., 2021). Thanks to their anatomical structure, they
can swim really fast. They also have high manoeuvrability. Compared to their sizes, their preys are
smaller. Such a case enables preys to swim and manoeuvre faster. Therefore, Tuna fish hunt in groups.
Hunting behaviours of tuna fish have two significant strategies (C. Kumar and Magdalin Mary, 2022).
The first strategy is the spiral foraging behaviour that directs prey to shallow waters. The second
strategy is that each tuna fish swim following another one and form parabolic shapes (Tuerxun et al.,
2022). TSO is a swarm-based MHA improved being inspired by these two hunting strategies of tuna
(J. Wang et al., 2022). Like other MHAs, the initial population is given randomly (Equation (1)).

X_i=rand(ub-lb)+lb, i=1,2,...,NP 1)

Where, X_i is the initial population, ub,lb is the lower and upper bounds of the search space,
and NP is the number of the population.

2.1.1 Spiral foraging
Once small fish packs fish encounter predators such as tuna fish, in order to distract the
predators, they continuously change their swimming direction. In order to deal with such a challenge,
tuna fish generate a spiral area around their prey. While performing this spiral movement, each Tuna
fish follows another one before it. It means that there is an exchange of information between tuna
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fish. The mathematical model of the spiral motion of TSO is given in Equation (1). Some parameters
in this equation are calculated by Equation (2), (3), (4) and (5).

X+l — { ap - (Xlgest +p- |Xl€est _XitD +a; 'Xit' i=1 (1)
' a Xfost + B | Xfese = XD +ay- X, i=2,..,NP
t

a;=a+1—-a): (2

max
@ =(-a)-(1-a)- ©)

max

f = et cos(2mb) (4)
[ = o3 Cos(((tmax+1/t)—1)7r) (5)

Where, t is the current iteration, t,,,, IS the maximum iteration, and b is a random number
evenly distributed between 0 and 1. a; and a, are weight coefficients controlling the tendency of
tuna fish to follow each other. The constant a determines the characteristic of this tendency. i* within
the X[** t + 1 is an individual. g is the equation of spiral movement and [ is the parameter of this
equation. The most important disadvantage of the spiral movement is the hunting failure of the
followed Tuna fish. In such a case, tuna fish continue hunting by choosing a random location. This
eases each tuna fish to scan a wider area. It also enables TSO to have a more advanced global search
capability. The mathematical model of this hunting strategy is given in Equation (6).

Y+l — { al'(Xﬁand'i'ﬁ' IXﬁand_XlFD‘I'aZ 'Xit' =1 (6)
' ar Xfgna + B 1 Xkgna — XFD +ay- XL, i=2,..,NP

Here X{,,,4 is a randomly picked individual from the group. While some MHAs conduct global
searches at the early stages of their searching processes, they conduct local searches at the further
stages. While improving TSO, this approach is embraced. Hence, as the number of iteration increases,
TSO changes the reference point of spiral movement from random individuals to the best one. The
final mathematical model of spiral food searching strategy is as follows (Equation (7)).

{ @y Xfana + B+ | Xfana — X{1) + az - X[, i=1 rand =
Xit+1 = a - (Xﬁand +B- |X1Eand - Xltl) Taz: Xit_l’ L=2,..,NP fmaz (7)
{ L (Xll;est +p- IXll;est - Xltl) taz: Xit' i=1 rand <
k aq - (Xlgest +p- |Xl§est - Xltl) +ay- Xit—ln i=2,..,NP’ tmax

2.1.2 Parabolic foraging
Tuna fish hunt also by having parabolic movements around their preys. This movement could be
around the prey regarded as the best solution as well as it could be around itself. The probability of
picking either of these two moves is equal. The mathematical model of parabolic motion is given in
Equation (8) and (9). The pseudo-code of TSO is given in Algorithm 1.
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X.t+1 — XlSest + rand - (Xll;est - Xlt) +TF - pZ ' (Xlgest - Xit)r rand < 0.5 (8)
! TF-p?-Xf, rand =0.5
t (t/tmax)
p = (1 - ) 9)
tmax

where TF is a random number with a value of 1 or -1.

2.2 Improved Tuna Swarm Optimization

In TSO, the best solution is the location of the fish to be caught. Tuna fish try to approach the
prey by following each other. This prevents search space from being scanned efficiently. Especially,
TSO’s focusing only on the best solution at advanced iteration numbers leads it to be caught by local
optimum trap. In order to improve the performance of TSO, this study proposes a new local search
procedure that is inspired by GWO.

In order to represent the hierarchical order of the wolves in GWO, Alpha, Beta, and Gamma
wolves are identified (Mirjalili et al., 2014). Alfa wolf leads the pack. Beta ones are the best Alpha
candidates. Besides, Beta wolves enable communication between the pack and the Alpha wolf.
Gamma wolves are tertiary wolves and they assist alpha and beta ones to manage the pack. In GWO,
the three best solutions are represented by Alpha, Beta, and Gamma wolves. The positions of all other
wolves are updated with respect to the positions of these three wolves (A. Kumar et al., 2017).

There is no evidence presenting that tuna fish have a hierarchical order. However, during
hunting, the hunting school could make sudden changes in their directions. This occurs especially
when the hunters are close to the prey. This act of the hunters leads us to the idea that local search
procedure of TSO could be improved. Depending on the position of the prey, the hunting school has
countless probability of changing direction. However, since the number of this probability is so high
and it will increase the solution time of the algorithm, it should be limited at a reasonable number. In
this study, being inspired by GWO, the three best solution vectors are used to update the location of
the tuna fish. The new mathematical model of the proposed ITSO is given in Equation (10) and (11).

({ al'(Xﬁand'Fﬁ'|X7§and_XlFD+a2'Xit' i=1 rand >
ay Xigna + B 1 XEgna — XFD) + ay - XE 4, i=2,.. NP’ " tmax
(X, =ay- X+ B-1XE —XFD) + ay - X,
<X3 :a1'(X)€+ﬁ'|X)€_Xit|)+az'Xit: i=1,..,NP,rand <
max
X+ X, + X5
L\ 3 ’
((X1=a,  (XE+B-|XE— XD + ay - XE,
X, =ay (X + B |X5— X[|) + az - X[,
Xit+1=<<X3:al'(X)E‘F,B'lX)E_XitD"'az'Xit' i=1,..,NP,rand < 0.5 (11)
X+ X, + X5
\ 3 ’
{TF - p? - X}, i=1,.., NP, rand > 0.5

In the equations, X, Xz, and X,, respectively, represent the best, the second best, and the third
best solution. X;, X,, and X3 are respectively the location vectors acquired by X,, Xg, and X,,. The
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new position vector is determined by the mean of X, X,, and X5. Other parameters in the equations

are calculated as in section 2.2. The pseudocode of ITSO is given in Algorithm 1.
Algorithm 1. TSO and ITSO pseudocode

TSO pseudocode ITSO pseudocode
Input: NP: Population size, t,,,,: maximum iteration Input: NP: Population size, t,,,,: maximum iteration
Output: X;,s:: The best individual, f}.s;: Its fitness value Output: X, : The best individual, f,: Its fitness value
Initialize the random population of tunas (X;,i = 1,2,..., NP) Initialize the random population of tunas (X;,i = 1,2,..., NP)
and assign parameters a and z and assign parameters a and z
While (t < tiax) While (t < tiax)
Calculate the fitness values and update Xpes: Calculate the fitness values and update X, Xp ve X,
For (each tuna) do For (each tuna) do
Update a4, a,, p using equation (2), (3), (9) Update a4, a,, p using equation (2), (3), (9)
If (rand < z) then If (rand < z) then
Update X+ using equation (1) Update X/ ** using equation (1)
Else if (rand = z) then Else if (rand = z) then
If (rand < 0.5) then If (rand < 0.5) then
If (t/tmax < rand) then If (t/tmax < rand) then
Update X}** using equation (6) Update X+ using equation (10)
Else if (t/tymax = rand) then Else if (t/tnax = rand) then
Update X' using equation (1) Update Xt using equation (10)
Else if (rand > 0.5) then Else if (rand > 0.5) then
Update Xt** using equation (8) Update Xt using equation (11)
t=t+1 t=t+1
Return: Xpest, fpest Return: X, fo

3. RESULTS AND DISCUSSION

This section provides us with the results that the proposed algorithm and competitor algorithms
presents from a series of optimization problems. The results are also interpreted through the Wilcoxon
statistical test. All algorithms were first applied to 10 well-known classical test functions. Then it was
applied to 3 engineering design problems.

3.1 Compared Algorithms and Experimental Setup

The proposed algorithm is an improved version of TSO. Therefore, TSO was chosen as one of
the competing algorithms. The proposed algorithm is inspired by GWO while improving. Therefore,
GWO is defined as one of the competing algorithms. Moreover, the proposed algorithm is compared
to Cuckoo Search (CS), BAT, SCA, and Covariance Matrix Adaptation Evolution Strategy (CMA-
ES). The reason why these MHAS are chosen is that they are popular and validated. Besides, these
algorithms have been used for the solutions of many optimization problems in medicine, economy,
and engineering. The structure of these algorithms is simple and they generate consistent results. All
algorithms are coded in Python language. Tests are conducted on a computer with Windows 10 64-
bit Professional and 64GB of RAM. The stopping criteria of the algorithms is the number of iterations.
The results of 30 independent runs of all algorithms are recorded at every different population number
of all the algorithms. All MHAs are sensitive to initial parameters. Hence, for a just comparison, the
parameters of the competing algorithms are adjusted in the way that they are given in their original
articles. Table 1 presents information about the parameter settings, iteration and population numbers
of all algorithms.
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Table 1. Parameter settings for algorithms

Algorithm Parameters Iteration Population
CMA-ES (Hansen et al., 2003) my, = 0,00 = 0.5,Co = 1,pg = 0,50 = 0,k =0,u = 1/2

SCA (Mirjalili, 2016) a = 2,1, =rand|0, 21]

BAT (Gandomi et al., 2013) A=0.5,7r=0.50mnn=0,0maer =2

CS (Rajabioun, 2011) pa=0.25a=0.1L=15 200 50,100, 200
GWO (Mirjalili et al., 2014) a=2

TSO (Xie et al., 2021) z=0.5,a=0.7

ITSO z=105a=0.7

3.2 Classic Test Functions

In this section, in order to evaluate its performance, the proposed algorithm is tested through
10 well-known functions. 6 of these functions (F1-F6) are unimodal and 4 of them (F7-F10) are
multimodal functions. Unimodal functions have one global minimum. Hence, it is used to test the
local search capability of MHAs. Multimodal functions have more than one local minimum. Only
one of these local minimums is the global minimum. This kind of functions are used to examine the
global search capability of MHAs and their ability to avoid the local minimum trap. Descriptive
information about classical test functions is given in Table 2.

While performing the first experiment, population is set to be 50. In Table 3, all algorithms' the
minimum, average and worst results by the classical test functions are given. In addition, the
convergence curves of the algorithms are given in Figure 1. In minimum value metric, the proposed
algorithm is the most successful one by generating the most successful results in 7 of 10 functions
(F1-F4, F7, F9, F10). On the other hand, CMA-ES generates the best results in 3 functions which
leads it to be the second most successful algorithm (F5, F6, F8). In mean value metric, the proposed
algorithm generates the best results in 8 of 10 functions (F1-F4, F7, F10) while CMA-ES is successful
in 2 functions (F5, F6). In the worst value metric, the proposed algorithm happens to be the most
successful one by successfully solving 8 functions (F1-F4, F7-F10) while CMA-ES is successful in
2 functions (F5, F6).

Table 2. Description of benchmark functions
Function Range Dim foin

dim
Fl(z)=22i2 [-100,100] 30 0

i=1

dim dim

Fz(z)=Z|zil+ﬂ|zi| [-10, 10] 30 0
i=1

i=1

dim [ i 2

Fy(2) = Z sz [-100,100] 30 0O
i=1 \j=1

Fy(z) = max{lz;],1 < i < dim} [-100,100] 30 0O
dim—1

Fo(z) = [100(z1., — 22)* + (z — 1?] [80,30] 30 0

i=1

dim

Fe(z) = Z iz} +rand [0,1] [-1.28,1.28] 30 0
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zl(b + b; zz) _
Fy(2) = Z [ o Ty [5,5] 4 ~0,0003075
5
Fo(z) = —Z[(x —a)X —a)T +¢]t [0,10] 4 -101532
i=1
7
Fo(z) = — Z[(X —a)X—a)T +¢]t  [0,10] 4 —10,4028
i=1
Fyo(z) = —Z[(x —a)X —a)T +¢]t [0,10] 4 -10536

Table 3. Results on benchmark functions (Population: 50)

Obj. Func. ITSO TSO GWO CMA-ES Cs BAT SCA
Min. 1.68E-46 2.99E-35 1.12E-13 3.49E-24 1.20E+03 7.60E+03 8.13E+00
F1  Mean 3.12E-32 1.73E-15 1.35E-12 9.77E-12 1.81E+03 1.54E+04 4.20E+02
Worst 8.48E-31 4.57E-14 7.81E-12 1.86E-10 3.21E+03 3.10E+04 1.93E+03
Min. 1.72E-24 2.81E-18 1.40E-08 1.17E-15 3.10E+01 3.19E+01 8.59E-02
F2  Mean 5.67E-18 1.61E-08 5.43E-08 6.93E-07 4.67E+01 2.97E+04 6.75E-01
Worst 9.24E-17 2.70E-07 1.34E-07 4.83E-06 6.72E+01 8.03E+05 2.15E+00
Min. 4.39E-43 9.48E-41 2.84E-02 5.64E-12 7.54E+03 1.42E+04 6.87E+03
F3  Mean 4.34E-23 4.27E-11 9.12E-01 7.03E-05 1.23E+04 4.78E+04 1.51E+04
Worst 1.25E-21 1.20E-09 3.46E+00 1.17E-03 1.62E+04 8.11E+04 2.71E+04
Min. 1.28E-23 3.35E-16 2.58E-03 1.10E-11 2.89E+01 3.13E+01 2.31E+01
F4  Mean 3.36E-17 2.26E-09 1.17E-02 6.92E-06 3.35E+01 4.61E+01 451E+01
Worst 7.02E-16 2.87E-08 3.43E-02 5.16E-05 4.02E+01 6.48E+01 7.56E+01
Min. 4.00E-03 2.82E-03 2.60E+01 1.21E-05 1.03E+05 2.93E+06 1.14E+04
F5 Mean 4.49E+00 8.01E-01 2.72E+01 1.39E-02 3.92E+05 1.31E+07 7.41E+05
Worst 2.87E+01 6.25E+00 2.88E+01 1.01E-01 8.01E+05 3.17E+07 2.77TE+06
Min. 4.78E-06 2.71E-04 1.43E-04 8.49E-08 1.01E+03 8.24E+03 1.49E+01
F6  Mean 9.44E-03 7.10E-03 5.92E-01 1.70E-04 1.81E+03 1.56E+04 4.44E+02
Worst 1.84E-02 6.85E-02 1.30E+00 7.88E-04 3.52E+03 2.63E+04 3.02E+03
Min. 1.88E-05 3.03E-05 1.24E-03 5.35E-05 2.62E-01 1.35E+00 3.37E-02
F7  Mean 2.65E-04 1.56E-03 4.69E-03 7.47E-04 5.73E-01 7.36E+00 5.56E-01
Worst 8.62E-04 5.07E-03 8.58E-03 3.42E-03 1.16E+00 1.84E+01 3.19E+00
Min. -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -4.99E+00
" Mean -1.02E+01 -1.01E+01 -8.32E+00 -6.07E+00 -1.01E+01 -5.57E+00 -2.82E+00
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Worst -1.01E+01 -9.77E+00 -2.29E+00 -5.05E+00 -1.01E+01 -2.63E+00 -8.78E-01
Min. -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -9.42E+00
F9  Mean -1.04E+01 -1.04E+01 -1.00E+01 -5.43E+00 -1.02E+01 -6.25E+00 -3.73E+00
Worst -1.03E+01 -9.99E+00 -5.09E+00 -1.84E+00 -5.09E+00 -1.84E+00 -9.02E-01
Min. -1.05E+01 -1.05E+01 -1.05E+01 -5.13E+00 -1.05E+01 -1.05E+01 -9.11E+00
F10 Mean -1.05E+01 -1.05E+01 -1.03E+01 -5.04E+00 -1.05E+01 -5.90E+00 -4.49E+00
Worst -1.05E+01 -9.98E+00 -4.92E+00 -2.42E+00 -1.03E+01 -1.68E+00 -2.00E+00
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Figure 1. Convergence curve ITSO and other optimizers (Population: 50)

While performing the second experiment, population is set to be 100. In Table 4, all algorithms'
the minimum, average and worst results by the classical test functions are given. In addition, the
convergence curves of the algorithms are given in Figure 2. In minimum value metric, the proposed
algorithm is the most successful one in 6 of 10 functions (F1-F4, F6, F7) while BAT is successful in
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2 functions (F8-F10). On the other hand, TSO and CMA-ES are successful in one function each (F5,
F9). In the mean value metric, the proposed algorithm is the most successful one in 8 out of 10
functions (F1-F4, F7-F10). CMA-ES is successful in two functions (F5, F6). In the worst value
metric, the proposed algorithm is the most successful one by successfully solving 8 functions (F1-F4,
F7-F10). CMA-ES is successful in two functions (F5, F6).

F1, Pop:100 F2, Pop:100 F3, Pop:100
1002
1ot 10°
) 10%4 ot
103 10~
1674 10°4 107
o 107134 v je-2] W 1p-t
£ s £ ¢ £ . TS0
S qg=sd T = = JEN R
e TS0 * 10774 10 TS0
10773 4 — GWO 10 174 —— GWO
— CMAES 10 12 — CMAES
0725_ e 10 4 cs
e BAT 10714 sl T :2:
SCA
10° 10° 107 10" 10° 10? 100 10° 107
Iteration: 200 Iteration: 200 Iteration: 200
F4, Pop:100 F5, Pop:100 F6, Pop:100

e B —

- TS0 — TS0
TS0 TS0
— GWO _, | — Gwo

.| — mso
TS0
— GWD

Fitness
TR,
Lo e
2 ° 5 5 5 =
5 . L9
J/
Fitness
-
5 & 2 = g e
5 5 & & 5
2 8 = & g
f /i
Fitness
= -
5 H - - "
2 &5 2
y

1 — cmaEs o — CMAES —— CMAES
— s — s — s
154 — BAT 2| — BAT -1 | — BAT
SCA SCA SCA
107 10° 10? 10° 10! 10° 10 10! 107
Iteration:200 Iteration:200 lteration:200
F7, Pop:100 F8, Pop:100 F9, Pop:100
P P
1024
E _2
1014 2
10"4 \ ~ -4 -4
3 4 i
5107y — TS50 s 5 -6
i 50 z -6 T
19 24 — GWO
— CMAES _a -8
— s
3]
107 — gt
SCA _1a -10
1074
10" 10! 10 10° 10! 107 10° 10! 107
lteration:200 lteration:200 Iteration: 200

F10, Pop:100

-4
b
i
5 -6
[~
-8
~10
10° 10! 107
Iteration:200

Figure 2. Convergence curve ITSO and other optimizers (Population: 100)
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Table 4. Results on benchmark functions (Population: 100)

Obj. Func. ITSO TSO GWO CMA-ES Cs BAT SCA
Min. 1.32E-50 4.97E-36 2.13E-16 3.53E-22 1.33E+03 4.74E+03 3.87E+00
F1 Mean 2.05E-36 7.85E-18 1.48E-15 3.06E-13 2.76E+03 8.69E+03 3.24E+02
Worst 5.96E-35 1.33E-16 5.67E-15 5.89E-12 3.96E+03 1.39E+04 3.86E+03
Min. 2.23E-27 8.28E-22 3.54E-10 7.99E-20 3.85E+01 1.07E+01 4.57E-02
F2 Mean 2.05E-20 2.23E-09 1.46E-09 2.48E-07 5.42E+01 5.73E+04 5.86E-01
Worst 3.40E-19 3.26E-08 3.81E-09 2.31E-06 7.49E+01 1.71E+06 2.14E+00
Min. 1.56E-42 7.71E-37 9.12E-04 2.88E-16 9.99E+03 1.12E+04 3.91E+03
F3 Mean 1.51E-27 2.64E-14 2.96E-02 1.21E-06 1.57E+04 2.77TE+04 1.25E+04
Worst 2.29E-26 7.61E-13 2.61E-01 1.61E-05 2.23E+04 7.81E+04 2.80E+04
Min. 5.55E-26 6.91E-21 4.11E-04 2.28E-10 3.02E+01 2.78E+01 1.97E+01
F4 Mean 1.07E-17 2.34E-10 1.46E-03 8.66E-07 3.95E+01 3.81E+01 3.90E+01
Worst 1.88E-16 4.99E-09 6.71E-03 5.08E-06 4.48E+01 4.88E+01 6.00E+01
Min. 2.01E-04 2.02E-09 2.60E+01 5.04E-07 5.10E+05 6.01E+05 3.91E+03
F5 Mean 3.79E-01 3.45E-01 2.67E+01 1.98E-03 9.41E+05 3.46E+06 3.83E+05
Worst 1.46E+00 1.18E+00 2.94E+01 2.16E-02 1.50E+06 7.29E+06 2.17E+06
Min. 1.84E-07 8.53E-05 1.34E-04 2.88E-07 1.82E+03 4.27E+03 1.33E+01
F6 Mean 3.37E-03 1.71E-03 3.83E-01 2.14E-05 2.99E+03 9.56E+03 1.76E+02
Worst 7.36E-03 3.06E-02 1.01E+00 2.26E-04 4.66E+03 1.63E+04 4.96E+02
Min. 7.01E-07 6.57E-05 6.00E-04 2.03E-06 3.41E-01 5.45E-01 2.44E-02
F7 Mean 1.78E-04 9.98E-04 2.04E-03 2.82E-04 1.00E+00 2.20E+00 4.60E-01
Worst 8.15E-04 6.53E-03 4.86E-03 2.90E-03 1.60E+00 5.12E+00 2.27E+00
Min. -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -4.96E+00

F8 Mean -1.02E+01 -1.01E+01 -9.92E+00 -5.90E+00 -1.01E+01 -6.46E+00 -3.75E+00

Worst -1.02E+01 -1.01E+01 -3.41E+00 -5.06E+00 -1.01E+01 -2.63E+00 -8.79E-01

Min. -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.03E+01
F9 Mean -1.04E+01 -1.04E+01 -1.02E+01 -6.68E+00 -1.04E+01 -5.42E+00 -4.32E+00
Worst -1.04E+01 -1.03E+01 -5.09E+00 -5.09E+00 -1.03E+01 -1.84E+00 -9.08E-01
Min. -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -6.54E+00
F10 Mean -1.05E+01 -1.05E+01 -1.03E+01 -5.47E+00 -1.05E+01 -6.41E+00 -4.07E+00
Worst -1.05E+01 -1.04E+01 -2.42E+00 -2.81E+00 -1.04E+01 -1.68E+00 -9.41E-01

While performing the third experiment, population is set to be 200. In Table 5, all algorithms'
the minimum, average and worst results by the classical test functions are given. In addition, the
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convergence curves of the algorithms are given in Figure 3. In the minimum value metric, the
proposed algorithm is the most successful one in 6 out of 10 functions (F1-F5, F7) while CMA-ES is
successful in 4 functions (F6, F8-F10). In the mean value metric, the proposed algorithm is the most
successful algorithm in 8 out of 10 functions (F1-F4, F7-F10). CMA-ES is successful in two functions
(F5, F6). In the worst value metric, the proposed algorithm is the most successful one by presenting
the best results in 8 out of 10 functions (F1-F4, F7-F10). CMA-ES solves 2 functions successfully
(F5, F6).

Table 5. Results on benchmark functions (Population: 200)

Obj. Func. ITSO TSO GWO CMA-ES CSs BAT SCA
Min. 2.59E-52 2.87E-35 2.72E-19 2.27E-24 2.21E+03 1.97E+03 1.87E+00
F1 Mean 2.87E-41 2.21E-19 2.18E-18 1.22E-14 3.81E+03 4.55E+03 1.69E+02
Worst 5.87E-40 6.27E-18 1.00E-17 2.03E-13 5.17E+03 7.27E+03 1.37E+03
Min. 1.07E-25 3.02E-20 7.77E-12 7.86E-20 4.66E+01 1.68E+00 6.39E-02
F2 Mean 1.32E-21 5.16E-12 3.03E-11 3.26E-08 6.22E+01 2.76E+02 4.08E-01
Worst 1.65E-20 1.06E-10 1.16E-10 1.21E-07 7.81E+01 5.70E+03 1.14E+00
Min. 9.02E-44 1.60E-38 4.05E-06 8.54E-13 1.28E+04 6.01E+03 1.90E+03
F3 Mean 1.54E-30 2.40E-17 3.22E-04 4.45E-08 1.65E+04 1.49E+04 7.33E+03
Worst 4.05E-29 6.77E-16 1.33E-03 7.71E-07 2.04E+04 3.51E+04 1.59E+04
Min. 6.86E-27 1.60E-22 2.56E-05 3.13E-11 3.87E+01 2.19E+01 1.65E+01
F4 Mean 1.54E-20 3.44E-12 1.08E-04 1.46E-07 4.36E+01 2.82E+01 3.39E+01
Worst 2.54E-19 6.05E-11 5.03E-04 1.18E-06 4.85E+01 3.78E+01 6.23E+01
Min. 1.47E-08 3.97E-05 2.52E+01 1.95E-07 7.83E+05 7.82E+04 7.69E+02
F5 Mean 9.25E-02 1.74E-01 2.63E+01 4.56E-04 1.76E+06 5.60E+05 9.83E+04
Worst 4.06E-01 1.18E+00 2.79E+01 9.14E-03 2.81E+06 2.14E+06 1.33E+06
Min. 1.62E-04 1.19E-07 8.34E-05 1.29E-08 2.39E+03 7.31E+02 1.08E+01
F6 Mean 1.67E-03 4.58E-04 1.27E-01 1.45E-06 3.69E+03 4.52E+03 7.92E+01
Worst 4.20E-03 2.20E-03 5.11E-01 9.50E-06 4.88E+03 7.08E+03 2.15E+02
Min. 8.35E-06 8.73E-05 4.14E-04 9.61E-06 3.68E-01 4.10E-01 8.97E-03
F7 Mean 1.10E-04 4.47E-04 9.89E-04 1.41E-04 1.42E+00 1.04E+00 1.76E-01
Worst 6.21E-04 1.18E-03 1.84E-03 7.08E-04 2.23E+00 2.27E+00 8.30E-01
Min. -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -1.02E+01 -6.67E+00
F8 Mean -1.02E+01 -1.01E+01 -9.47E+00 -6.92E+00 -1.01E+01 -6.64E+00 -4.38E+00
Worst -1.02E+01 -1.01E+01 -5.06E+00 -5.06E+00 -1.01E+01 -2.63E+00 -8.79E-01
Min. -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -8.81E+00
™ Mean -1.04E+01 -1.04E+01 -1.02E+01 -6.15E+00 -1.04E+01 -6.90E+00 -4.99E+00

436



Gezici, H. JournalMM (2023), 4(2) 424-445
Worst -1.04E+01 -1.04E+01 -5.12E+00 -5.09E+00 -1.04E+01 -1.84E+00 -9.09E-01
Min. -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01 -8.64E+00
F10 Mean -1.05E+01 -1.05E+01 -1.05E+01 -5.64E+00 -1.05E+01 -6.07E+00 -5.11E+00
Worst -1.05E+01 -1.05E+01 -1.05E+01 -1.68E+00 -1.05E+01 -2.42E+00 -3.09E+00
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Figure 3. Convergence curve ITSO and other optimizers (Population: 200)

The results of an MHA informs us about its success. However, whether its success is
statistically meaningful or not should be indicated. The Wilcoxon test is a non-parametric test that is
frequently used for the comparison of optimization algorithms. The significance level of Wilcoxon
test is set to be 5%. In Table 6, the results of the proposed algorithm’s results of its comparison to its
competitors are given. In the tables, “+” symbolizes that the proposed algorithm is better than its

¢

competitors while “-” indicates that it is worse.
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Table 6. Wilcoxon rank-sum test

Pop: 50 Pop: 100 Pop: 200
Fnc. TSO GWO CMA-ES CS BAT SCA TSO GWO CMA-ES CS BAT SCA TSO GWO CMA-ES CS BAT SCA
F1 + + + + + + + + + + + + + + + + + +
F2 + + + + + + + + + + + + + + + + + +
F3 + + + + + + + + + + + + + + + + + +
F4 + + + +  + + + + + + o+ + + + + + 4+ +
F5 - + - +  + + - + - + o+ + + + - + 4+ +
F6 - + - + o+ + - + - + o+ + - + - + o+ +
F7 + + + +  + + + + + + o+ + + + + + 4+ +
F8 + + + + + + + + + + + + + + + + + +
F9 + + + + + + + + + + + + + + + + + +
F10 + + + + + + + + + + + + + + + + + +

3.3 Engineering Design Problems
In this section, the proposed algorithm and competitor algorithms are applied to 3 engineering
design problems. These problems have more than one local minimum and constraints. Results of 30
independent runs of all algorithms are recorded. Moreover, the population number and the number of
iterations are respectively set to be 100 and 200.

b) c)
Figure 4. Engineering design problems a) Welded beam design problem b) Speed reducer design problem c) I-beam
design problem

3.3.1 Welded beam design problem
The aim of the welded beam design problem is to minimize the production cost (Xie et al.,
2021). The parameters and schematic representation of the problem are given in Figure 4a. The design
is expected to stand the P load. The problem has 4 design parameters: welding thickness (h), length
of welded joint (1), bar height (t) and bar thickness (b). The parameters (Equation (12)), objective
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function (Equation (13)) and constraints (Equation (14), (15), (16)) of the problem are given in the
following equations.

Consider: X =[xy xy %3 x4] = [R 1t b] (12)
Minimize: feose(X) = 1.10471x12x2 + 0.04811x3x,(14.0 + x,) (13)
Subject to: 91(3_5) =1(X) — Tmax < 0, 92(7_5) =o0(X) — Omax < 0, 93(3?) =6(X) - Omax <

0,9,(X) =21 —x, <0, gs(X) =P —P.(¥) <0, g¢(X) =0.125—-x; <0,9,(%) = (14)
0.11047x2 + 0.04811x32,(14.0 + x,) — 5.0 < 0
Range: 01<x,<2 01<x<10,01<x;<10,01<x,<?2 (15)

Where:

— N2 117 2 IIAYA — P _E — ﬁ —
(%) = \/(T) +21't +(‘L‘) T’ =T TS ],M P(L+ ),R

x2+<x1+x3) ,]:z{ﬁxlxz %Jr(ﬁ_ﬂs)z]},a(z) = 5.8 )—T, P.(%) =

2
6
x3xg
4.013E |52 <1_x3 £

(16)

12 2L 4G

>,P =6,0001b,L = 14 in, 8,0, = 0.25in, E = 30 X
10° psi,G = 12 X 10° psi, Tpygy = 13,600 psi, 0,yq, = 30,000 psi

The results of by all algorithms from the welded beam design problem are given in Table 7.
Examining the results, it is observed that with 1.74 optimal cost, the proposed algorithm is the most
successful one. GWO is the second and the CMA-ES is the third most successful algorithm with
optimal costs like 1.74 and 1.835. With an optimal cost of 2.25, TSO is one of the algorithms having
the worst result.

Table 7. Comparison of results for welded beam design problem

Optimal values for variables
Optimizer Optimal cost
X1 X2 X3 X4

ITSO 0.204 3.520 9.110 0.205 1.740
TSO 0.100 0.100 0.100 0.100 2.250
GWO 0.185 3.940 9.240 0.205 1.780
CMA-ES 0.200 3.633 9.105 0.206 1.835

Cs 0.236 3.200 8.390 0.239 1.860
BAT 0.136 7.540 7.380 0.308 2.510
SCA 0.213 3.610 8.720 0.233 1.900

3.3.2 Speed Reducer Design
The main goal of the speed reducer design problem is to minimize the weight of the design
(Ahmadianfar et al., 2020). Speed Reducer Design has 7 design variants which are face width (x,),
module of teeth (x,), number of teeth on pinion (x3), length of shaft 1 between bearings (x,), length
of shaft 2 between bearings (xs), diameter of shaft 1 (x,), and diameter of shaft 2 (x,) (Figure 4b).
The objective function (Equation (17)) and constraints (Equation (18), (19)) of the problem are given
in the following equations.

Minimize: f. (%) = 0.7854x,x2(3.3333x% + 14.9334x; — 43.0934) — 1.508x, (x2 + x2) (17)
+ 7.4777(x3 + x3) 4+ 0.7854(x,x& + x5x2)
Subject to: o _ 3975 1.93x3
2169 _x1x§x3 120,00 =1"757-1=0,gs(D=""5-1<0 (18)
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gs(®) = :;33’3‘5 ~1<0,g5(%) = Tﬁw\/@;":)z +169%x105-1<0
ge(®) = éxg\/(:;";)z +157.5x 106 — 1 <0, g,(¥) =22 -1 <0,
gs(¥) = S;C_j— 1<0,99(X) = 1326;2 —1<0,g,0(X) = mxx#:l'g— 1<0,
. 1.1x;+ 19 o
Range: 2.6 <x; <36, 50.7 <x,<08,17<x3<28,73<x, <83, (19)

73 <x5<83,29<x5<395<x, <55

The results of all algorithms from the speed reducer design problem are given in Table 8. With
1581.47 optimal cost, the proposed algorithm is the most successful one while Bat is the second with
1581.494 optimal cost and CS is the third with 1582.539 optimal cost. Having the 1612.18 optimal
cost, TSO is the one with the worst result.

Table 8. Comparison of results for speed reducer problem

Optimal values for variables

Optimizer Optimal cost
X1 X2 X3 X4 X5 X6 X7

ITSO 3.500 0.700 17.000 8.015 8.008 3.777 5.297 1581.470

TSO 2.605 0.700 17.079 7.293 7.296 2.903 4.994 1612.180

GWO 3.500 0.700 17.000 8.300 8.054 3.900 5.384  1584.598
CMA-ES 3.500 0.700 17.000 7.300 8.300 3.437 5.500 1589.722

Cs 3.500 0.700 17.000 8.300 8.300 3.900 5.500  1582.539
BAT 3.500 0.700 17.000 8.300 8.070 3.900 5.413  1581.494
SCA 3.502 0.700 17.000 8.300 8.300 3.900 5.500  1588.522

3.3.3 I-beam design problem
The main purpose of this problem is to minimize the vertical deflection of the | beam
(Ahmadianfar et al., 2020). | beam has 4 variants which are length (1), height (h), and two thickness
(tw,tr) (Figure 4c). The parameters (Equation (20)), objective function (Equation (21)) and
constraints (Equation (22), (23)) of the problem are given in the following equations.

Consider: X =[x, %y, %3,%,4] = [h, Lt t7] (20)
Minimize: 5000
fcost(f) = 2
1 3 1 h — tf (21)
17 tw(h — 2tf) +gltf3+21tf( 5 )
Subject to: 91(®) = 21ty + t,,(h — 2t7)” < 300
; 180000h 150001 (22)
92(X) = 3 + - -<6
tw(h —2t)° + 2t [4t2 + 3h(h — 2¢¢)]  (h—2tr)tn° + 2t
Range: 10<h<80,10<1<50,09<¢t,<509<t<5 (23)

The results of all algorithms from the I-beam design problem are given in Table 9. With 38.455
optimal cost, the proposed algorithm is the most successful one while GWO is the second with 38.61
optimal cost and CMA-ES is the third with 38.668 optimal cost. TSO is algorithm with the worst
result as it has 44.777 optimal cost.
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Table 9. Comparison of results for I- beam design problem
Optimal values for variables

Optimizer Optimal cost
X1 X2 X3 X4

ITSO 13.583 25.857 0.900 5.000 38.455

TSO 10.000 10.000 0.900 0.900 44,777

GWO 13.535 25.998 0.900 5.000 38.610
CMA-ES 13561 25.934 0.900 5.000 38.668

Cs 13.608 25.732 0.900 5.000 38.949
BAT 13.582 25.864 0.900 5.000 41.129
SCA 13.616 25.549 0.900 5.000 39.421

4. CONCLUSION

TSO is a swarm-based MHA that is improved by being inspired by the fishing strategies of tuna
fish. The biggest disadvantage of TSO is that it gets caught by the local minimum trap. In order to
solve this problem of TSO, this article proposes a new local search procedure. The main philosophy
of the proposed approach is not focusing only on the best solution but on the best ones. The new
proposed algorithm is applied to 10 classical test functions and welded beam design problem, speed
reducer design problem and I-beam design problem. The results indicate the success of the proposed
algorithm. The results of this study is as follows.

e Like many other MHAS, TSO focuses on the best results. Focusing not only on the best solution
but on the best ones allows it to abstain from local minimum trap.

e The results of the classical test functions indicate that the proposed algorithm is successful at
solving unimodal and multimodal functions.

e Besides, statistical results confirm that the improved algorithm’s success for the classical test
results are meaningful.

e In engineering design problems, TSO is not able to present competitive results. In all design
problems, the proposed algorithm is the most successful one though. Such a case indicates that the
method proposed in this article to improve the performance of TSO is successful.

e As far as we know, this study is the first one proposing a change in the mathematical model of
TSO. Considering the results, it could be suggested that TSO is an algorithm that is open to be
improved.

For further studies, the following issues could be considered.

e Redesigning the mathematical model of TSO's spiral and parabolic search strategies. Moreover,
TSO could be improved so that it might not need initial parameters.

¢ Analysing the parameters of TSO in a wide scale by determining them through 2 or 3 dimensional
chaotic maps.

e Finding out its weakness by applying it to more real-world problems.

e By integrating TSO into machine learning and artificial intelligence, it could be applied in a field
like image processing.

¢ In the optimization of unmanned air vehicles and the solution of mission planning problems, TSO
could generate successful results.
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