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Recently, many intelligent algorithms have been proposed to find the best solution for complex engineering
problems. These algorithms can search volatile and multi-dimensional solution spaces and find optimal answers
timely. In this paper, a new meta-heuristic method is proposed that inspires the behavior of the swarm of birds
called Coot. The Coot algorithm imitates two different modes of movement of birds on the water surface: in the
first phase, the movement of birds is irregular, and in the second phase, the movements are regular. The swarm
moves towards a group of leading leaders to reach a food supply; the movement of the end of the swarm is in the
form of a chain of coots, each of coot which moves behind its front coots. The algorithm then runs on a number of
test functions, and the results are compared with well-known optimization algorithms. In addition, to solve
several real problems, such as Tension/Compression spring, Pressure vessel design, Welded Beam Design, Multi-
plate disc clutch brake, Step-cone pulley problem, Cantilever beam design, reducer design problem, and Rolling
element bearing problem this algorithm is used to confirm the applicability of this algorithm. The results show
that this algorithm is capable to outperform most of the other optimization methods. The source code is currently
available for public from: https://www.mathworks.com/matlabcentral/fileexchange/89102-coot-optimization-

algorithm.

1. Introduction

Optimization is the process of finding the best answer or the global
optimal point for a problem. In optimizing the problems, the optimal
global point is the minimum or maximum value of a function. Optimi-
zation issues can be found in all fields of study, which makes optimi-
zation techniques an essential and important direction of study for
researchers. The meta-heuristic algorithms are a kind of random algo-
rithms which used to find an optimal response. Optimization methods
and algorithms are categorized into two groups of exact algorithms and
approximate algorithms. Exact algorithms are capable of finding the
optimal answer in a precise manner, but they are not efficient enough for
strict optimization problems and their execution time expands expo-
nentially with the dimensions of the problems. Approximate algorithms
are capable of finding good (near optimal) solutions at a short time for
strict optimization problems. Approximate algorithms are divided into
three categories: heuristic algorithms, meta-heuristic and hyper heuristic
algorithms. The two main problems are the innovative algorithms,
catching them at the local optimum points and early convergence into
these points. Meta-heuristic algorithms to solve the deficit heuristic
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algorithms have been proposed (Spall, 2005). In fact, meta-heuristic
algorithms are one of a kind of approximate optimization algorithms
that have solutions for Escape from Local Optimum points and can be
applied to a wide range of problems. Various categories of these algo-
rithms have been developed in recent decades (Mahdavi et al., 2015).
The capabilities of the meta-heuristic processes can be a simple, flexible,
non-inference mechanism and avoid local optimums. Meta-heuristic
processes are inspired by physical phenomena, animal behavior,
evolutionary concepts, and human phenomena. A category of known
algorithms is presented in Fig. 1. Many articles have tried to classify
optimization algorithms based on their inspiration (Ertenlice & Kalayci,
2018; Hussain et al., 2018; Sotoudeh-Anvari & Hafezalkotob, 2018).
An important question arises here, when there are famous algorithms
such as those mentioned above, what is needed to offer and present new
algorithms. According to the NFL theorem (Blum & Roli, 2003; Wolpert
& Macready, 1997), there is no optimization algorithm that can solve all
optimization problems. In fact, the average performance of the opti-
mizers is almost the same. So there are a lot of problems that are not still
well solved notwithstanding the popular optimization algorithms, and
offering new algorithms can solve such problems. This is the motivation
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of the creation of a new bird collective-behavioral based optimization
algorithm called Coot to compete with current algorithms in solving
problems. In this paper, a new meta-heuristic algorithm is introduced
that imitates the movements of the COOT on the water.

The rest of the paper is organized as follows: Section 2 presents a
literature review of previous meta-heuristic algorithms. Section 3 de-
scribes the proposed COOT algorithm. The results and discussion of the
proposed algorithm, benchmark functions, and real problems are pre-
sented in Sections 4-5. Finally, Section 6 concludes this article and offers
suggestions for future work.

2. Related works

In recent years, optimization has become a popular research field
and an economical way to find an optimal solution to complex problems.
According to Fig. 1, we have divided the optimization algorithms into
four categories based on the type of inspiration: Swarm Based Algo-
rithms, which include Particle Swarm Optimization (PSO) (Eberhart &
Kennedy, 2002), Firefly Algorithm (FFA) (X.-S. Yang, 2010), Ant Colony
Optimization (ACO) (Colorni et al., 1991), Artificial Bee Colony (ABC)
(Basturk & Karaboga, 2006), Krill Herd (KH) (Gandomi & Alavi, 2012),
multi-leader whale optimization algorithm (MLWOA) (Abd Elaziz et al.,
2021), and Enhanced Crow Search Algorithm (ECSA) (Ouadfel & Abd
Elaziz, 2020). The second group is evolutionary algorithms such as
Genetic Algorithm (GA) (Holland, 1967), Evolution Strategy (ES)
(Rechenberg, 1973), Genetic Programming (GP) (Angeline, 1994),
Biogeography Based Optimizer (BBO) (Simon, 2008), Evolutionary
Programming (EP) (Yao et al., 1999), Differential Evolution (DE) (Storn
& Price, 1995), Virulence Optimization Algorithm (VOA) (Jaderyan &
Khotanlou, 2016). The third category is physics-based algorithms such
as Simulated Annealing (SA) (Kirkpatrick, 2014), Black Hole Algorithm
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(BH) (Hatamlou, 2013), Curved Space Optimization Algorithm (CSO)
(Moghaddam et al., 2012), and Ray Optimization (RO) (Kaveh &
Khayatazad, 2012). The fourth category is human-based algorithms such
as Harmony Search (HS) (Manjarres et al., 2013), Teaching Learning
Based Optimization (TLBO) (Rao et al., 2011), Imperialist Competitive
Algorithm (ICA) (Atashpaz-Gargari & Lucas, 2007), Exchanged Market
Algorithm (EMA) (Ghorbani & Babaei, 2014), Thermal Exchange Opti-
mization (TEO) (Kaveh & Dadras, 2017) and Tabu Search (TS) (Glover,
1989). There are other algorithms that are a combination of algorithms
in these four categories, such as Cooperative Meta-heuristic Algorithms
(Elaziz et al., 2021), volleyball premier league algorithm based on sine
cosine Algorithm (VPLSCA) (Moghdani et al., 2020), and competitive
chain-based Harris Hawks Optimizer (Elaziz et al., 2020). Some of the
most famous are described below. Genetic Algorithm (GA) is the most
popular evolutionary inspirational technique that mimics the principles
of Charles Darwin’s Compatibility Survival Theory. This method in-
volves the selection process, the crossover, and the mutation process to
replace the worst solution in each generation. In this algorithm, solu-
tions are improved according to the best solutions obtained by each
particle so far and the best found solution of the overall swarm. The ACO
algorithm imitates the collective behavior of ants in finding the shortest
path from the nest to the food source. One of the most important and
most interesting behavior of ants is their behavior in finding food, and in
particular how to find the shortest path between food and nest. This kind
of behavior of the ants has a kind of swarm intelligence that has recently
attracted the attention of scientists. In the natural world, ants of some
species (initially) wander randomly, and upon finding food return to
their colony while laying down pheromone trails. If other ants find such
a path, they are likely not to keep travelling at random, but instead to
follow the trail, returning and reinforcing it if they eventually find food.
The algorithm (DE) is presented to overcome the main defect of the
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Fig. 1. Categorization of meta-heuristic algorithms.
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genetic algorithm, namely the lack of local search in this algorithm. The
main difference between genetic algorithms and algorithms (DE) is in
the selection operators. In the ABC model, the colony consists of three
groups of bees: employed bees, onlookers and scouts. It is assumed that
there is only one artificial employed bee for each food source. In other
words, the number of employed bees in the colony is equal to the
number of food sources around the hive. Employed bees go to their food
source and come back to hive and dance on this area. The employed bee
whose food source has been abandoned becomes a scout and starts to
search for finding a new food source. Onlookers watch the dances of
employed bees and choose food sources depending on dances. The firefly
algorithm (FA) is a meta-heuristic algorithm, inspired by the flashing
behavior of fireflies. The primary purpose of a firefly’s flash is to act as a
signal system to attract other fireflies. The Firefly Algorithm is based on
the life of the firefly worms. In the firefly algorithm, worms tend to be
attracted to high-attraction light. The worm with less light can be
absorbed into the worm with more light. In this situation, the swarm
moves like a particle swarm algorithm (PSO). Of course, the degree of
motion is also taken randomly to prevent the early convergence of the
firefly algorithm. Bat algorithm is a heuristic algorithm proposed by
Yang in 2010 and has been inspired by a property, named as echolo-
cation, which guides the bats’ movements during their flight and
hunting even in complete darkness. The Salp swarm algorithm is
inspired by the movement of a chain of marine species called Salp that
has a clear body and its movement is like jellyfish, and water is pumped
through the body and causes the salp to move. Salps form a chain to
achieve fast and harmonious movement to find food. GSA is a nature-
inspired algorithm based on Newton’s famous law of gravity and the
law of motion. In this algorithm, search agents are a set of objects that
can be thought of as planets of a system. The optimum region, like a
black hole, sucks the planets toward you. Information about the fitness
of each object is stored in the form of gravitational masses and inertia.
The exchange of information and the impact of objects on each other are
under the force of gravitation.

Optimization algorithms have advantages and disadvantages.For
example, the pso algorithm solves problems with small and simple di-
mensions well, but has poor performance in high-dimensional, complex,
and hybrid problems, and suffers from premature convergence. Success-
History based Adaptive Differential Evolution (SHADE) algorithm, an
improved version of the DE algorithm, solves hybrid and complex
problems well and does not suffer from premature convergence, but it
does not solve high-dimensional problems well. Genetic algorithms and
gravitational search have the same disadvantages. In this article, we
tried to solve these disadvantages.

3. Coot optimization algorithms
3.1. Description

the Coots are small water birds that are members of the rail family,
Rallidae. They constitute the genus Fulica, the name being the Latin for
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“coot” (Paillisson & Marion, 2001). Coots have prominent frontal shields
or other decoration on the forehead, with red to dark red eyes and
colored bills. Many, but not all, have white on the under the tail. The
literature on American coot behavior includes extensive work on
breeding, habitat and migratory behavior (Randler, 2005; Varo & Amat,
2008; Zhang et al., 2011). There are many behaviors and movements of
coots on the water. In this article, we used the behavior of this bird on
the water surface to provide a new optimization method. Coots travel at
angles to their direction of motion and appear to come well within what
is, for surf scoters, a zone of repulsion. The behavior of coot’s swarm on
water consists of Three movements. A disordered movement of activity,
as shown in Fig. 2a, and a synchronized movement, shown in Fig. 2b.
The coots also make a chain move on the surface of the water, and each
coot moves behind its front coot, as shown in Fig. 3 (Trenchard, 2012).

Coots have different collective behaviors, our goal in this paper is to
simulate collective movements (regular and irregular movements on the
surface of the water. The whole group is directed toward the target
(food)by a few coots in front of the group, which we consider group
leaders.

Therefore, we consider the four different moves of coots on the water
surface, which are as follows.

1- Random movement to this side and that side

2- Chain movement

3- Adjusting the position based on the group leaders

4- Leading the group by the leaders towards the optimal area (leader
movement)

3.2. Mathematical model and algorithm

the basic framework of all optimization algorithms is the same. The
algorithm starts with (X) = {X1, X'2,... X} an initial random popula-
tion. This random population is repeatedly evaluated by the target

Fig. 3. Moving the chain of coots on the water (Trenchard, 2012).

Fig. 2. (a) Disordered phase, (b) Synchronized phase, (Trenchard, 2012).
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function and a target value is determined (6) ={01,03,...0p}. It is also
improved by a set of rules that are the core of an optimization technique.
Because population-based optimization techniques look for the optimal
amount of optimization problems, there is no guarantee of finding a
solution in one run. However, with sufficient numbers of random solu-
tions and optimization steps (iteration), the probability of finding the
global optimal increases. The population is randomly generated in the
sightly space using the formula (1):

CootPos(i) = rand(1,d).*(ub— Ib) + Ib @

Where CootPos(i) is the coot position, d the number of variables or
problem dimensions, 1b is the lower bound of the search space and ub is
the upper bound of the search space that is defined as the formula (2).
Each variable may have a different lower bound and upper bound
problem.

Ib = [Iby, lbs, ..., Ibg] ,ub = [uby, ub,, ..., uby] )

After generating the initial population and determining the position
of each agent, the fitness of each solution must be calculated using O; =
f(X) the objective function. We select the NL number of coots as group
leaders. The choice of leaders is random.

Now, the four movements of coots on the surface of the water, which
were mentioned in the previous section, are implemented.

3.2.1. Random movement to this side and that side

To implement this movement, we consider a random position ac-
cording to formula (3) in the search space and move the coot towards
this random position.

0 = rand(1,d).*(ub— Ib) +Ib 3

This coot movement explores different parts of the search space. If
the algorithm gets stuck in the local optimal, this movement will cause
the algorithm to escape from the local optimal. coot’s new position is
calculated according to formula (4).

CootPos(i) = CootPos(i) + A x R2 x (Q — CootPos(i)) “4)
Where R2 is a random number in the interval [0, 1], A is calculated

according to formula (5). Fig. 4 depicts the random movement of the
coot in different directions.

Random position (Q)

Random position (Q)

New position

R2*(Q-CootPos)

Coot current position

Random position (Q)

Fig. 4. Random movement to this side and that side.
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Where L is current iteration, Iter is maximum iteration.

3.2.2. Chain movement

The average position of two coots can be used to implement chain
movement (Mirjalili et al., 2017). Another way to implement a chain
movement is that we first calculate the distance vector between the two
coots and then move the coot toward the other coot about half the dis-
tance vector. We used the first method and the new position of the coot is
calculated according to formula (6).

CootPos(i) = 0.5 x (CootPos(i — 1) + CootPos(i))(6)

Where CootPos(i-1) is second coot. Fig. 5 shows the chain movement of
the coots.

3.2.3. Adjusting the position based on the group leaders

Usually the group is led by a few coots in front of the group and the
rest of the coots have to adjust their position based on the group’s
leaders and move toward them. A question that might be asked is that
each coot will adjust its position based on which leader. The average
position of the leaders can be considered, and the coots can update their
position based on this average position. Considering the average posi-
tion causes premature convergence. To implement this movement, we
use a mechanism according to formula (7) to select the leader.

K = 1+ (iMODNL) %)

Where i is the index number of the current coot, NL is the number of
leaders, and K is the leader’s index number. Fig. 6 shows the mechanism
for choosing a leader by coot.

the coot(i) must update its position based on the leader’s k. Formula
(8) calculates the next position of the coot based on the selected leader.

CootPos(i) = LeaderPos(k) +2 x R1 X cos(2Rn)

x (LeaderPos(k) — CootPos(i)) 8
Where CootPos(i) is the current position of coot, LeaderPos(k) is selected
leader position, R1 is a random number in the interval [0, 1], z is the
same pi value as 3.14, and R is a random number in the interval [-1, 1].
3.2.4. Leading the group by the leaders towards the optimal area (leader

movement)
The group must be directed towards a goal (optimal area), so leaders

CootPos(i) New Psition

Coot]’os(i).nu

CootPos(i-1) .

0.5*(CootPos(i-1)-CootPos(i))

Fig. 5. Chain movement of the coots.



I. Naruei and F. Keynia

Expert Systems With Applications 183 (2021) 115352

Global Best ‘
Leader Position ‘
Coot Position .

Fig. 6. mechanism for choosing a leader by coot.

need to update their position toward the goal. Formula 9 is recom-
mended to update the position of leaders. This formula looks for better
positions around this current optimal point. Sometimes leaders have to
move away from the current optimal position to find better positions.
This formula provides a good way of getting closer to optimal location
and getting away from it.

New Position

B X R3 x cos(2Rm) % R4 <0.5
.~ ) (gBest — LeaderPos(i)) + gBest
LeaderPos(i) = B g3 x cos(2Rm)x R4>=05 ©

(gBest — LeaderPos(i)) — gBest

Where gBest is the best position ever found, R3 and R4 are random
number in the interval [0, 1], r is the same pi value as 3.14, R is a
random number in the interval [—1, 1], and B is calculated according to
formula (10).

*

LeaderPos(k)\ N A7

Fig. 7. update of the leaders position relative to the best position.
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1
B=2-Lx () (10)
Where L is current iteration, Iter is maximum iteration.

2 x R3 Makes larger random movements so that the algorithm does
not get trapped in the local optimum. This means that we are performing
also exploration during the exploitation phase. Cos(2Rn) Searches
around the best search agent with different radius to find a better po-
sition around this search agent. Fig. 7 shows the update of the leaders
position relative to the best position.

The question that arises here is how and when these different
movements are performed. In order to preserve the random nature of the
optimization algorithms, we consider all these movements randomly. It
means that during the execution of the algorithm, the coot may move
randomly, in a chain, or toward group leaders.

The pseudo-code of COOT is presented below.

Initialize the first population of coots randomly by Eq 1 and
Eq2
Initialize the parameters of P=0.5, NL (number of leaders),
Ncoot(number of coots).
Ncoot=Npop-NI;
Random selection of leaders from the coots
Calculate the fitness of coots and leaders
Find the best coot or leader as the Globa optimum (gBest)
while the end criterion is not satisfied
Calculate A, B parameters by Eq 5 and Eq 10
If rand<P
R, R1, and R3 are random vectors along the dimensions of
the problem
Else
R, R1, and R3 are random number
End
For i=1 to the number of the coots
Calculate the parameter of K by Eq 7
If rand>0.5
Update the position of the coot by Eq 8
Else
If rand<0.5 i~=1
Update the position of the coot by Eq 6
Else
Update the position of the coot by Eq 4
End
End
Calculate the fitness of coot
If the fitness of coot < the fitness of leader(k)
Temp=leader(k); leader(k)=coot; coot=Temp;
end
End
For number of Leaders
If rand <0.5
Update the position of the Leader by Eq 9.1
Else
Update the position of the Leader by Eq 9.2
End
If the fitness of leader < gBest
Temp= gBest; gBest =leader; leader=Temp; (update
Global optimum)
end
End
Iter=iter+1;
end
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4. Results and discussion
4.1. COOT algorithm performance on the classical functions

In this section, the COOT algorithm is evaluated in 13 criteria
functions (with 30, 100, and 500 dimention). These are classical func-
tions that have been used by many researchers (Mirjalili, 2016; Saremi
etal., 2017). We selected these test functions to compare our results with
the results of the current meta-heuristic algorithms. These standard
functions are shown in Tables 1-2, where Dim represents the function
dimensions, Range is the boundary of the search space of the function,
and fmin is the optimal value.

The statistical results (mean and standard deviation) are reported in
Tables 4-6. To validate the results, the COOT algorithm is compared
with the PSO algorithm and Multi Verse Optimizer (MVO) (Mirjalili
et al., 2016), Gray Wolf Optimization (GWO) (Mirjalili et al., 2014), and
the Salp Swarm Algorithm (SSA) (Mirjalili et al., 2017), as SI-based
methods and Gravitational Search Algorithm (GSA) (Rashedi et al.,
2009), as a physics-based algorithm. In addition, the COOT algorithm is
compared with Artificial Electric Field Algorithm (AEFA)(Anita et al.,
2020), fitness dependent optimizer (FDO) (Abdullah & Ahmed, 2019),
Success-History based Adaptive Differential Evolu-tion (SHADE)
(Tanabe & Fukunaga, 2013), and genetic algorithm (GA) The initial
controlling parameters of algorithms are shown in Table 3.

We first implemented the algorithm on 13 test functions with 30
dimensions. from these 13 functions, the first 7 are unimodal and the
second 6 are multimodal. Unimodal functions are suitable for measuring
the exploitation of algorithms. As Table 4 (F1-F7) shows, the proposed
algorithm provides the best results in 5 test functions of 7. This shows
that the coot algorithm has successfully exploited the search space.
Multi-modal functions are used to measure the exploration of algo-
rithms. These functions have many local optimum and the algorithm
should avoid this local optimum. The statistical results of the algorithms
on these functions are shown in Table 4 (F8-F13) . The proposed algo-
rithm performs better than the other algorithms in the F9, F10, and F11
test functions and performs better than half the algorithms in other test
functions. The results show that the proposed algorithm is capable of
exploring the search space.

In the next step we implemented the proposed algorithm on the same
13 previous test functions with 100 dimensions. The results of this
implementation are presented in Table 5. the results show that the
proposed algorithm does not reduce performance by increasing the
problem size and is stable in most test functions. The proposed algorithm
at this stage performed better than all the compared algorithms in 6
unimodal test functions (F1,F2,F3,F4,F5 and F7) and 5 multimodal test
functions (F9,F10,F11,F12 and F13).

In the final step, the proposed algorithm was tested on 13 test
functions with 500 dimensions. The results of this experiment are shown
in Table 6. The coot algorithm has performed better than all other al-
gorithms in all test functions except function 8. The results show that the
proposed algorithm is still stable with increasing dimensions, but other
algorithms have shown very poor performance. The results in Tables 4 to

Table 1

Unimodal benchmark functions.
Function Dim Range v
filx) =30 %2 30,100, 500  [—100, 100] 0
fo(x) = S0 bl + [T 1l 30,100, 500  [-10, 10] 0
A -0, (2;71)9)2 30,100,500  [-100, 100] 0
fa(x) = max{|x;|, 1<i<n} 30,100,500  [-100, 100] 0
f3(x) = S 100(a1 — )" + (i —1)") 30,100,500 [=30, 30] 0
fo(x) = X0 (Ix; +0.5])? 30,100, 500  [—100, 100] 0
f7(x) = max{|x;|, 1<i<n } 30,100,500 [-1.28,1.28] 0
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Table 2
Multimodal benchmark functions.
Function Dim range Funin
Fs(x) = S, — xisin(/[xi]) 30, 100, 500 [-500, 500] 0
Fo(x) = Y0, [x? —10cos(2mx;) + 10] 30, 100, 500 [-5.12, 5.12] 0
T T 30, 100, 500 [-32, 32] 0
Fio(x) = —20exp(—0.2 Hziilxiz)fexp(;Eiilcos(Zﬂxi)) +20+e
1 no 4 n Xi 30, 100, 500 [-600, 600] 0
Fii(x) = mZizlxi - Hizlcos(%) +1
T -1 ) R ) 30, 100, 500 [-50, 50] 0
Fia(x) =4 10sin(y1) + > 06— 1?1 +10sin® (i) + (v — 1)
n n x+1
+D i, 10,100.4) + 377 u(x;.10.100.4)  yi =1+
k(xi—a)™ xi>a
u(x;,a,k,m) =< 0 —a<x<a
k(—x; —a)™ x; < —a
30, 100, 500 [-50, 50] 0

Fi3(x) = 0.1{sin®(3mx1) + Y (xi —1)[1 + sin®(3mx; + 1)]

+0en — 1)[1 + sin (2mxa) 1+, u(x;, 5,100, 4)

Table 3
Initial values for the controlling parameters of algorithms.
algorithm  parameter value
GA Type Real coded
Selection Roulette wheel
Crossover Single point 0.8
Mutation 0.3
PSO Topology Fully connected
Cognitive and social constants Cl=2,c2=2
Inertial weight Linearly decreases from 0.9 to 0.4
SSA Leader position update 0.5
probability
AEFA FCheck 1
Rpower 1
Tag 1
Rnorm 2
BA Loudness (A), pulse rate (r) 0.5, 0.5
GSA Rnorm, Rpower, alpha, and GO 2,1, 20, 100
GWO Convergence parameter (a) Linear reduction from 2 to 0
SHADE Pbest, Arc rate 0.1,2

6 show the scalability of the proposed algorithm.

We show the Friedman mean rank of the compared algorithms for all
classical functions in Fig. 8. Based on the results of Fig. 8, COOT has
demonstrated a reliable and confident behavior in all classical functions
compared to the other methods.

4.2. COOT algorithm performance on the CEC-2017 test functions

We used the 2017 test functions to show the performance of the
proposed algorithm. This set includes 30 unimodal (F1-F3), Multimodal
(F4-F10), Hybrid (F11-F20), Composition (F21-F30) test functions.
These functions are very complex and challenging (Awad, Ali, Sugan-
than, Liang, & Qu, 2017). For more details on these functions, see the
relevant article. The dimension is considered as 10 for all functions of
this set. It is noted that all algorithms are run 30 times with 1000 iter-
ations limited to 60,000 maximum number of function evaluations. The
proposed algorithm was tested on these 30 test functions and compared
with PSO, GA, GSA, Whale Optimization Algorithm (WOA) (Mirjalili &
Lewis, 2016), SSA, AEFA, SHADE, Harris Hawks Optimization (HHO)
(Heidari et al., 2019), and Gray-Wolf Optimizer (GWO) (Mirjalili et al.,
2014) algorithms.

The results of Table 7 show that the proposed algorithm generally

performed better on unimodal and multimodal functions than all the
compared algorithms except SHADE, and the COOT algorithm ranked
2nd.

In the next step, we implemented the coot algorithm on the hybrid
functions of the cec2017 collection and compared it with other algo-
rithms. The results are shown in Table 8. The results show that the coot
algorithm performed better on hybrid functions than other compared
algorithms except SHADE. It is noteworthy that the results of the pro-
posed algorithm on these functions are slightly different from the
SHADE algorithm.

In the final stage, the proposed algorithm was implemented on
Composition functions and compared with other algorithms. The results
are shown in Table 9. The results show that the coot algorithm per-
formed better on Composition functions than any other compared al-
gorithm (even SHADE). the proposed algorithm is ranked number one in
solving Composition functions. this indicates that the proposed algo-
rithm has the ability to solve such functions. We show the Friedman
mean rank of the compared algorithms for all three groups of CEC2017
functions in Fig. 9. Based on the results of Fig. 9, COOT has demon-
strated a reliable and confident behavior in all three groups of CEC2017
functions.

The motivations of the search factors in the early stages of the
optimization algorithm are sudden so that the exploration of the entire
search area is performed, and the movements gradually become slower
than to be exploited (He & Wang, 2007). The convergence behavior of
the COOT algorithm is shown in Fig. 10, for this purpose, the search
history and the path of the first search factor in the first dimension are
plotted. The second column of Fig. 10 shows the search history of the
search factors. The third column shows convergence. At the beginning of
the algorithm, the movements are sudden and gradually converge to a
point. In the PSO algorithm, the new position is updated based on the
position of the best search factor and the best experienced individual
position and the ratio of the previous speed. Difference between the
COOT algorithm and the PSO algorithm is that we do not have the
previous speed parameter in the proposed algorithm, and the position of
each search agent is updated based on the current position of the search
agent and the position of a number of search agents that are considered
as group leaders. In addition, the proposed algorithm updates a new
position based on chain movement and Random movement in different
directions. Another important difference is that in the COOT algorithm,
Each search factor adjusts its position on the basis of its current position
and leaders, and they are not directly related to gBest (global best), and
only the leaders are associated with the gBest. In PSO, all search agents
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Table 4
Results for the Unimodal and Multimodal benchmark functions with 30 Dimention and 15,000 NFE.
Function PSO GA GSA MVO SSA FDO AEFA SHADE COOoT
F1 min 9.3905E-08 1.5245E+00 9.6687E-17 5.8450E-01 2.0460E-08 4.0338E+03 1.2042E-23 3.6610E-11 2.8240E-47
max 5.0237E-05 7.4966E+00 9.1000E-03 2.0037E+00 8.2645E-07 1.3399E+04 9.9218E+01 3.6610E-11 4.3670E-23
avg 2.8706E-06 3.6872E+00 3.0385E-04 1.2702E+00 1.7064E-07 7.8924E+03 6.0848E-+00 5.3780E-10 1.4570E-24
std 9.0693E-06 1.3063E+00 1.7000E-03 3.5250E-01 1.9364E-07 2.2788E+03 1.7971E+01 6.2524E-10 7.9728E-24
F2 min 1.1259E-04 2.2110E-01 5.1650E-08 5.0970E-01 1.3170E-01 3.2510E+01 5.4704E+00 2.0643E-06 4.0984E-24
max 1.0800E-02 6.5960E-01 5.0147E+00 1.1893E+02 3.9579E+00 6.1353E+01 3.6682E+01 2.1998E-04 9.0834E-13
avg 1.8000E-03 4.7510E-01 3.6620E-01 8.2030E+00 1.6660E-+00 4.2446E+01 1.8795E+01 4.7532E-05 5.6782E-14
std 2.4000E-03 1.0590E-01 1.1040E+00 2.4081E+01 1.1661E+00 7.1491E+4-00 9.5159E+00 5.5129E-05 1.8801E-13
F3 min 3.1124E+01 2.8924E+03 4.7366E+02 7.1790E+01 2.4401E+4-02 8.9605E+03 1.1117E+03 1.1341E4+00 9.1935E-48
max 4.5637E+02 1.1739E+04 1.8799E+03 4.8576E+02 3.5921E+403 3.7133E+04 6.1801E+03 7.6335E+01 8.5873E-22
avg 1.5501E+02 5.1669E+03 9.7795E+02 2.1949E+02 1.6151E+03 2.3980E-+04 2.7861E+03 1.2696E+01 2.8626E-23
std 1.0194E+02 2.1462E+03 3.2710E+02 1.0143E+02 9.0216E+02 7.5680E+03 1.1680E+03 1.5411E+01 1.5678E-22
F4 min 1.0955E+00 4.9927E+00 3.8275E+00 8.3760E-01 4.3926E+00 3.0022E+01 3.3830E-01 3.2890E-01 9.1191E-25
max 6.1639E+00 2.1162E+01 1.5348E+01 4.5430E+00 2.1461E+01 4.9077E+01 9.2169E+00 2.3737E+00 3.0541E-12
avg 2.5264E+00 9.1426E+00 7.5426E+00 2.1585E+00 1.1956E+01 4.0549E+01 5.1815E+00 9.3560E-01 1.4861E-13
std 1.0886E+00 3.0510E+00 2.5359E+00 8.2130E-01 3.9178E+00 4.7330E+00 2.0748E+00 5.6400E-01 6.0000E-13
F5 min 1.6161E+01 1.7212E+02 1.8860E+01 3.2136E+01 2.5052E+01 2.6094E+06 1.6070E+02 9.1791E+00 2.8344E+01
max 1.0518E+02 9.0158E+02 3.7077E+02 1.5503E+403 1.5081E+03 1.1854E+07 6.3204E+-04 8.9323E+01 6.6751E+01
avg 3.7766E+01 4.1400E+02 5.5176E+01 2.2873E+02 2.5210E+402 6.1675E+06 6.4095E+03 2.7702E+01 3.1804E+01
std 2.4842E+01 1.7821E+02 6.5717E+01 3.0975E+02 3.4243E+02 2.3139E+06 1.3272E+04 1.8017E+01 7.8738E+00
F6 min 3.8856E-08 1.5385E+00 1.0763E-16 4.7280E-01 2.8657E-08 3.6309E+03 1.0198E-04 2.6025E-11 4.7900E-02
max 9.8496E-06 7.5916E+00 7.5898E-16 2.0189E+00 8.1567E-07 1.3997E+04 2.4047E+01 4.8932E-09 5.4550E-01
avg 1.5514E-06 3.6049E+00 2.1296E-16 1.2045E+400 2.0255E-07 7.5626E+03 3.6599E+00 6.8013E-10 1.9360E-01
std 2.4394E-06 1.5701E+400 1.1951E-16 3.6410E-01 1.9760E-07 2.1602E+03 5.7088E+00 1.2644E-09 1.2700E-01
F7 min 1.0200E-02 5.5600E-02 3.0500E-02 1.4000E-02 6.1500E-02 1.2952E+00 4.1100E-02 9.3000E-03 3.0816E-04
max 5.6100E-02 2.0180E-01 1.3260E-01 5.5000E-02 4.8950E-01 8.1979E+00 3.4235E+00 4.0200E-02 2.2100E-02
avg 2.5300E-02 1.2240E-01 7.7000E-02 3.1800E-02 1.7090E-01 3.4074E+00 5.7790E-01 2.0100E-02 4.4000E-03
std 1.0300E-02 3.9000E-02 3.1000E-02 1.0100E-02 9.1000E-02 1.5396E+00 7.8060E-01 7.5000E-03 4.8000E-03
F8 min —7.8895E+03 —1.1491E+04 —4.3168E+03 —9.0785E+03 —8.9386E+03 —4.0397E+03 —3.6057E+03 —1.2459E+04 —9.2190E+03
max —4.8503E+03 —1.0316E+04 —1.8340E+03 —5.5108E+03 —6.0596E+03 —2.1741E+03 —1.9205E+03 —1.1588E+04 —6.3040E+03
avg —6.5312E+03 —1.0872E+04 —2.6329E+03 —7.6056E+03 —7.4333E+03 —2.7823E+03 —2.5448E+03 —1.2156E+04 —7.5838E+03
std 8.0228E+02 3.0684E+02 5.4839E+02 7.8459E+02 7.7441E+02 4.0470E+02 4.7170E+02 2.0127E+02 7.3974E+02
F9 min 9.5516E+01 2.8791E+00 1.4924E+01 6.4368E+01 2.8854E+01 1.6057E+02 1.9899E+01 4.4270E+00 0.0000E+00
max 9.5516E+01 1.4370E+01 4.6763E+01 1.9867E+02 9.9496E+01 2.3677E+02 6.2682E+01 1.8577E+01 5.0591E-12
avg 4.8255E+01 7.7912E+00 3.0844E+01 1.1275E+402 5.9345E+01 2.0104E+02 3.8149E+01 9.8402E+00 1.8948E-13
std 1.6229E+01 2.8269E+00 6.9524E+00 3.6004E+01 1.8602E+01 1.9047E+01 9.4756E-+00 3.4910E+00 9.2219E-13
F10 min 4.6059E-05 3.2410E-01 6.9696E-09 4.6500E-01 1.6462E+00 1.0229E+01 2.7100E-02 1.7372E-06 8.8818E-16
max 2.8136E+00 1.6306E+00 3.2000E-02 4.0952E+00 4.3830E+00 1.4143E+01 3.2839E+00 1.6462E+00 1.9263E-08
avg 1.2718E+00 7.3590E-01 1.1000E-03 1.9650E+00 2.6130E+400 1.2901E+01 1.6247E+00 4.0880E-01 6.4475E-10
std 8.2150E-01 3.1770E-01 5.8000E-03 7.5410E-01 6.3640E-01 9.6770E-01 7.8610E-01 5.6220E-01 3.5164E-09
F11 min 3.8588E-08 9.1080E-01 1.7551E+01 7.0540E-01 8.9354E-04 3.3934E+01 2.7579E+00 2.2671E-11 0.0000E+00
max 7.0900E-02 1.0681E+00 4.1632E+01 9.7800E-01 4.5500E-02 1.0768E+02 1.8863E+01 3.1900E-02 6.1950E-14
avg 1.4800E-02 1.0221E+400 2.7649E+01 8.5800E-01 1.6900E-02 6.9498E+01 9.2975E+00 5.3000E-03 2.1057E-15
std 1.6700E-02 3.0900E-02 5.5112E+00 7.9800E-02 1.1700E-02 1.9762E+01 3.9670E+00 8.6000E-03 1.1305E-14
F12 min 3.0857E-09 2.9000E-03 2.8580E-01 2.0630E-01 2.7789E+00 6.7701E+4-04 5.7020E-01 3.6491E-12 1.2000E-03
max 9.3380E-01 2.4180E-01 5.9505E+00 5.3690E+00 1.1171E+01 1.0329E+07 1.4932E+01 1.0370E-01 1.3627E+00
avg 1.7650E-01 3.1500E-02 1.9528E+00 2.0997E+00 6.1111E+400 3.5338E+06 5.0410E+00 1.3800E-02 9.7700E-02
std 2.4850E-01 4.5400E-02 1.0741E+00 1.3981E+400 2.3871E+400 2.4166E+06 2.7787E+00 3.5800E-02 2.8540E-01
F13 min 3.4979E-07 7.6300E-02 2.0530E-01 5.4500E-02 9.0500E-02 4.0788E-+06 1.3446E+01 1.1206E-11 7.0200E-02
max 6.2250E-01 6.1460E-01 3.4698E+01 7.9380E-01 4.3504E+01 2.7790E+07 5.4673E+01 1.1000E-02 2.9777E+00
avg 3.4600E-02 3.0580E-01 8.7784E+00 1.9020E-01 1.7499E+01 1.2712E+07 3.2278E+01 2.2000E-03 5.4750E-01
std 1.1420E-01 1.3670E-01 6.9787E+00 1.2920E-01 1.4035E+01 6.7033E+-06 1.0520E+01 4.5000E-03 5.7420E-01

have the same constant movement and velocity at the same time, while
in coot it is not, and a coot may have a chain movement or randomly
movement.

The COOT algorithm differs from the Multi-Leader PSO (MLPSO)
algorithm (Liu & Liu, 2017).The proposed algorithm is inspired by coot
movements on the water, and like multi-leader pso, has not a speed

parameter. Another important difference is in the mechanism of leader
selection. We use a simple mechanism, but in multi-leader pso the game
theory mechanism is used. The multi-leader pso algorithm requires a lot
of memory to store the best experienced positions, whereas the proposed
algorithm does not use memory. All individuals of the multi-leader pso
algorithm use one mechanism to update , whereas the proposed
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Table 5
Results for the Unimodal and Multimodal benchmark functions with 100 Dimention and 15,000 NFE.
Function PSO GA GSA MVO SSA FDO AEFA SHADE COOT
F1 min 6.9653E+01 5.3853E+02 2.4878E+03 1.2229E+02 9.4142E+02 3.7611E+04 1.6677E+03 7.5320E-01 3.0297E-53
max 4.1826E+02 1.1458E+03 5.7871E+03 2.2844E+02 2.1602E+4-03 6.7058E+04 5.3680E+03 1.8241E+01 6.8693E-16
avg 1.7389E+02 8.1352E+02 4.1617E+03 1.6478E+02 1.4219E+03 4.8258E+04 2.8607E+03 4.3805E+00 2.2900E-17
std 7.7260E+01 1.5153E+02 9.1449E+02 2.5006E+01 3.2757E+02 6.9383E+03 7.9407E++02 3.9703E+00 1.2542E-16
F2 min 6.4414E+-00 1.3601E+01 1.0218E+01 3.4536E+02 3.6213E+01 2.0918E+02 1.5568E+02 1.2592E+00 2.8292E-24
max 2.1111E+01 1.9811E+01 3.6337E+01 2.5402E+29 6.4264E+01 1.0060E+11 2.4606E+02 1.1634E+01 1.8238E-09
avg 1.0261E+01 1.6708E+01 1.8472E+01 8.4672E+27 4.7148E+01 5.6671E+09 2.0603E+02 3.8326E+00 6.1960E-11
std 3.2575E+-00 1.6276E+00 5.8549E+00 4.6377E++28 6.6816E+00 2.0563E+10 2.3275E+01 1.9173E++-00 3.3281E-10
F3 min 1.5460E+04 2.3725E++04 8.1910E+03 5.4104E+04 1.5188E+04 1.1725E+05 1.2915E+04 1.1516E+04 5.4708E-50
max 4.5354E+04 6.6340E+04 2.5060E+04 7.8728E+04 9.4962E+04 4.3629E+05 4.0775E+04 2.1990E+04 1.4417E-17
avg 2.9170E+-04 4.4276E+04 1.4853E+04 6.6850E+04 4.8369E+04 3.1000E+-05 2.2100E+-04 1.6642E+04 4.8057E-19
std 7.8458E+03 1.1133E+04 3.9454E+03 7.4447E+403 2.0308E-+04 7.9865E-+04 7.0625E+03 2.6321E+03 2.6321E-18
F4 min 1.9029E+01 2.2930E+01 1.5925E+01 4.1073E+01 1.8872E+01 5.8822E+01 1.3870E+01 2.2190E+01 6.0397E-25
max 3.3467E+01 4.4164E+01 2.2626E+01 7.0415E+401 3.4763E+01 7.2361E+01 2.2128E+01 3.5270E+01 3.9719E-08
avg 2.3898E+01 3.1569E+01 1.8677E+01 6.0921E+01 2.7256E+01 6.6501E+01 1.7209E+01 2.7347E+01 1.3252E-09
std 3.0609E+00 4.9567E+00 1.5567E+00 6.0115E+00 3.7300E+00 3.3843E+00 2.1228E+00 2.9998E+00 7.2514E-09
F5 min 4.2886E+03 2.4757E+04 3.4972E+04 2.9795E+03 5.7971E+04 2.1160E+07 7.7741E+05 4.3150E+02 9.8321E+01
max 4.5207E+04 9.2137E+04 2.1749E+05 4.0191E+04 7.4674E4-05 1.2226E+08 3.8182E+06 2.9802E+03 1.6813E+03
avg 1.2503E+04 5.1870E+04 8.3437E+04 1.1509E+04 1.9647E+05 5.3902E+-07 1.9727E+06 8.4938E+02 1.6269E++02
std 1.0208E+04 1.6860E+04 3.9322E+04 9.4857E+03 1.4563E+05 2.4793E+07 7.4679E+05 4.5672E+02 2.9090E+02
F6 min 5.4796E+01 5.5967E+02 2.5107E+03 1.2456E+02 9.3516E+02 3.1718E+04 8.6381E+02 5.9980E-01 6.9538E+00
max 6.7712E+02 1.0809E+03 5.9838E+03 2.1477E+02 2.4838E+03 6.6621E+04 4.2775E+03 1.1422E+01 1.0185E+02
avg 2.0617E+02 7.8926E+02 4.1108E+03 1.5895E+02 1.4946E+03 4.7909E+04 2.7105E+03 3.1604E+00 1.6013E+01
std 1.3756E+02 1.3942E+02 8.8509E+02 2.0218E+01 4.0356E+02 9.2522E+03 8.1223E+02 2.4939E+00 2.0123E+01
F7 min 3.1330E-01 1.0732E+00 1.5553E+00 3.9310E-01 1.2984E+00 3.8034E+01 1.9142E+01 2.5900E-01 4.4694E-04
max 1.2000E+00 2.0674E+00 6.4619E+00 1.0035E+00 5.0470E+00 1.9305E+02 1.1556E+02 7.9920E-01 3.9800E-02
avg 5.0590E-01 1.5439E+00 3.6457E+00 6.6220E-01 2.8223E+400 7.8950E+01 4.8133E+01 4.6310E-01 7.6000E-03
std 1.9450E-01 1.5439E+00 1.3259E+00 1.5210E-01 8.5180E-01 3.4165E+01 2.3702E+01 1.1280E-01 7.4000E-03
F8 min —2.2982E+04 —2.9413E+04 —5.9794E+4-03 —2.5986E+04 —2.6220E+04 —7.4285E+03 —7.4198E+03 —2.5338E+04 —2.5166E+04
max —1.5181E+04 —2.3490E+04 —3.2591E+03 —1.9777E+04 —1.8242E+04 —4.3012E+03 —3.2762E+03 —2.1154E+04 —1.4408E+04
avg —1.9454E+04 —2.6667E+04 —4.6545E+03 —2.3136E+04 —2.1859E+04 —5.5331E+03 —4.9507E+03 —2.3174E+04 —1.8551E+04
std 1.9668E+03 1.4553E+03 6.8949E+02 1.5920E+03 1.7589E+03 7.5107E+02 1.1329E+03 1.2689E+03 3.1119E+03
Fo min 1.4270E+02 1.1965E+02 1.2272E+402 5.6876E+02 1.7487E+02 7.3325E+-02 3.5786E+02 3.7147E+02 0.0000E+00
max 2.7619E+02 2.0523E+02 2.2285E+02 8.5875E+02 3.6922E+02 9.4409E-+02 5.4809E+02 5.8470E+02 1.0800E-11
avg 1.8986E+02 1.6581E+02 1.7463E+02 7.2435E+02 2.4724E+02 8.5991E+02 4.5794E+02 4.7953E+02 7.6928E-13
std 3.3360E+01 2.0264E+01 2.5843E+01 7.9788E+01 4.1850E+01 4.5033E+01 5.4736E+01 4.6983E+01 2.2776E-12
F10 min 4.1052E+00 4.3875E+00 3.6487E+00 4.3924E+00 7.7675E+400 1.4740E+01 7.0457E+00 2.3368E+00 8.8818E-16
max 7.0695E+-00 5.5574E+00 5.3455E+00 2.0271E+01 1.1901E+01 1.8344E+01 1.0238E+01 5.3882E+00 1.4984E-07
avg 5.4362E+00 4.9694E+00 4.5101E+00 7.2739E+00 1.0173E+01 1.6212E+01 8.7752E+00 3.7818E+00 4.9956E-09
std 7.6760E-01 3.0500E-01 5.1920E-01 5.1781E+00 9.9020E-01 7.3760E-01 7.4500E-01 7.5190E-01 2.7357E-08
F11 min 1.5479E+00 6.1492E+00 6.0568E+02 2.1535E+00 7.7537E+4-00 3.0337E+02 5.6742E+01 3.0350E-01 0.0000E+00
max 9.9589E-+00 1.0079E+01 7.6007E+02 2.9745E+00 2.2365E+01 5.8944E+02 1.0335E+02 1.0966E+00 6.2061E-14
avg 2.9901E+00 8.3353E+00 6.8062E+02 2.5185E+00 1.4746E+01 4.4997E+02 8.4289E+01 7.7190E-01 2.1427E-15
std 1.5860E+00 9.5600E-01 4.5807E+01 2.3850E-01 4.1558E+00 6.8384E+01 1.2865E+01 2.2090E-01 1.1320E-14
F12 min 3.9423E+00 3.0565E+00 5.7002E+00 1.0048E+01 1.6992E+01 8.8284E-+06 2.3268E+01 8.4128E+00 7.9800E-02
max 2.2947E+01 8.6318E+00 2.6535E+01 4.0049E+01 5.3981E+01 7.7700E+07 1.6884E+04 2.1658E+01 8.1560E-01
avg 8.7237E+00 5.4697E+00 1.0926E+01 2.0978E+01 3.7215E+01 3.3948E+07 1.4319E+03 1.3624E+01 2.1890E-01
std 3.4332E+00 1.4374E+00 4.2637E+00 7.3682E+00 1.0021E+01 1.4375E+07 3.1733E+03 3.2159E+00 1.3430E-01
F13 min 7.0222E+01 7.7039E+01 1.6243E+02 1.1854E+402 2.0083E+02 5.2761E+407 1.9174E+04 5.1764E+01 8.8830E+00
max 2.0390E+03 2.1652E+03 5.3155E+04 2.1097E+02 1.7924E+04 2.2474E+08 1.5009E+06 1.5118E+02 3.2611E+01
avg 1.9408E+02 2.3802E+02 2.9855E+03 1.6390E+02 4.0649E+-03 1.2553E+08 3.4665E+05 1.0330E+02 1.3338E+01
std 3.5310E+02 4.2503E+02 9.6396E+03 2.3688E+01 5.4699E+03 4.8783E+07 3.1617E+05 3.1436E+01 6.2886E+00

algorithm has different movements such as chain, random, and posi-
tioning with leaders. Leaders in the multi-leader pso have no movement
and are considered to be several global best, whereas in the proposed
algorithm, leaders update their position based on a search mechanism.

5. The function of the COOT algorithm on engineering problems

There are eight limited problems in engineering design used by many
researchers: Tension/compression spring, welded beam, pressure vessel

designs, Multi-plate disc clutch brake, Step-cone pulley problem,
Cantilever beam design, reducer design problem, Rolling element
bearing problem. These problems have several constraints of equality
and inequality, so the COOT algorithm must be equipped with a
constraint control method so that it can also optimize constraint prob-
lems. The results of COOT is compared to various conventional and
modified optimizers proposed in previous studies. The swarm size and
maximum iterations of all problems are set to 30 and 500, respectively.
Details of these problems given in Table 10.
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Table 6
Results for the Unimodal and Multimodal benchmark functions with 500 Dimention and 15,000 NFE.

Function PSO GA GSA MVO SSA FDO AEFA SHADE COOT

F1 min 3.6808E+04 6.5848E+-04 4.6211E+04 1.0512E+05 7.9364E+04 3.0852E+05 3.9413E+04 4.9384E+04 2.6511E-48
max 6.9384E+04 1.0037E+05 6.0399E+04 1.3781E+05 1.0684E+-05 4.7681E+05 5.4746E+04 8.2090E+04 6.6401E-14
avg 5.0027E+04 8.1438E+04 6.0399E+04 1.1933E+05 9.3964E+04 3.8279E+05 4.5439E+04 6.5632E+04 2.2134E-15
std 6.7210E+03 7.5700E+03 3.5116E+03 7.1706E+03 6.4288E+03 4.1505E+04 3.5913E+03 9.3896E+03 1.2123E-14

F2 min 3.2376E+02 4.3959E+02 2.6372E+02 3.4268E+163 4.8017E+02 1.4127E+43 8.0209E+02 4.0100E+02 3.7287E-24
max 9.8879E+02 5.2330E+02 1.6959E+259 1.4004E+212 5.7101E+02 1.7450E+-82 9.2151E+02 5.1187E+02 1.6401E-08
avg 3.9069E+02 4.7627E+02 1.0599E+258 8.7528E+210 5.3654E+402 1.0932E+81 8.6421E+02 4.4930E+02 5.5242E-10
std 1.6151E+402 2.5733E+01 Inf Inf 2.1185E+01 4.3619E+81 3.8702E+01 3.3219E+01 2.9934E-09

F3 min 5.5263E+05 7.6767E+05 2.7650E+05 1.6668E+06 4.9857E+05 3.8826E+06 2.4146E+05 6.1753E+05 8.3862E-47
max 1.0601E+-06 1.9840E+06 1.0094E+07 2.3972E+06 3.4396E+06 1.1265E4-07 8.7262E+05 1.0379E+06 4.5877E-10
avg 8.3123E+05 1.1108E+06 1.5087E+06 2.0102E+06 1.2558E+06 6.9854E+06 4.9216E+05 8.2917E+05 1.5292E-11
std 1.3207E+4-05 2.6948E+05 1.8017E+06 1.8025E+05 7.0119E+05 1.9268E+06 1.9127E405 1.0465E+05 8.3760E-11

F4 min 4.1343E+01 4.3802E+01 2.4621E+01 9.1515E+01 3.4224E+01 8.4876E+01 2.3103E+01 4.5755E+01 2.0232E-20
max 5.8294E+01 6.2875E+01 3.1326E+01 9.6844E+01 4.9069E+01 9.2259E+01 2.9201E+01 5.5919E+01 5.1787E-06
avg 4.7236E+01 5.2207E+01 2.7836E+01 9.4505E+01 4.9069E+01 8.9575E+01 2.5918E+01 5.1845E+01 1.8379E-07
std 3.6291E+00 4.7943E+00 1.4761E+00 1.3172E+00 3.3986E+00 2.0731E+00 1.5457E+00 2.6468E+00 9.4531E-07

F5 min 1.2760E+-07 2.2638E+07 4.1780E+06 1.2258E+08 2.8498E+07 4.2613E+08 1.4721E+07 1.9523E+07 4.9828E+02
max 3.3610E+07 4.4365E+07 1.0161E+07 2.3352E+08 4.6954E+07 1.2913E+09 2.6641E+07 4.3955E+07 1.9703E+03
avg 1.8984E+07 3.3082E+07 7.9065E+06 1.7020E+08 3.7868E+07 7.9560E+08 2.0463E+07 3.2895E+07 5.6329E+02
std 5.4629E+06 6.4320E+06 1.3849E+-06 3.1479E+07 4.7897E+06 2.2299E+408 3.3034E+06 5.3305E+06 2.7088E+02

F6 min 3.8423E+04 6.8924E+04 4.9078E+04 1.0480E+05 8.2207E+04 2.9911E+405 3.9328E+04 5.2145E+04 9.2880E+01
max 7.7666E+04 9.4504E+04 5.9150E+04 1.3683E+05 1.0853E+05 4.7573E+05 5.3357E+04 7.7902E+04 8.4136E+02
avg 5.1448E+04 7.9750E+04 5.3027E+04 1.2070E+05 9.4904E+04 3.7512E+05 4.4402E+04 6.5248E+04 1.3305E+02
std 8.6422E+03 7.2140E+03 2.6357E+03 9.1593E+03 5.9897E+03 4.5469E+04 2.9581E+03 6.7303E+03 1.3415E+02

F7 min 9.2101E+01 1.5171E+02 5.6037E+02 9.1386E+02 2.0484E+02 2.5102E+03 6.2370E+03 1.4543E+02 1.3000E-03
max 1.9293E+02 3.8234E+02 1.1141E+403 1.3747E+03 3.5613E+02 1.0356E+04 1.1507E+04 4.0811E+02 3.2200E-02
avg 1.3554E+02 2.4666E+02 8.2546E+02 1.1319E+03 2.7803E+02 5.8119E+03 8.2084E+03 2.4212E+02 6.5000E-03
std 2.4390E+01 5.6000E+01 1.2642E+02 1.2296E+02 3.5019E+01 2.1375E+03 1.1084E+03 5.9078E+01 6.7000E-03

F8 min —8.8583E+04 —8.5571E+04 —1.4681E+04 —8.3260E+04 —7.0119E+04 —1.5196E+04 —1.5666E+04 —1.4771E+03 —6.2898E+-04
max —5.5065E+04 —6.8678E+04 —7.4462E+03 —6.9011E+04 —4.5715E+04 —8.7892E+03 —7.8757E+03 —2.8987E+04 —3.6691E+04
avg —7.1488E+04 —6.8678E+04 —1.0578E+04 —7.4162E+04 —6.0211E+04 —1.1925E+04 —1.0485E+04 —3.6666E+04 —5.1558E+04
std 7.0120E+03 5.0063E+03 1.8797E+03 3.5437E+03 5.1730E+03 1.3665E+03 1.7106E+03 1.1601E+04 8.1843E+03

F9 min 2.3523E+03 2.4012E+03 2.4620E+03 6.0437E+03 2.9262E+03 4.9024E+03 4.1803E+03 3.6510E+03 0.0000E+00
max 3.1291E+03 2.8384E+03 3.0258E+03 6.7914E+03 3.3706E+03 5.3181E+03 4.8004E+03 5.0782E+03 1.1823E-11
avg 2.6147E+03 2.6084E+03 2.7332E+03 6.3620E+03 3.1562E+03 5.1090E+03 4.4925E+03 4.7186E+03 6.6696E-13
std 1.7167E+02 1.0663E+02 1.3266E+02 1.5323E+02 1.1179E+02 1.1195E+02 1.7302E+02 2.9646E+02 2.4929E-12

F10 min 1.1586E+01 1.2011E+01 9.8522E+00 2.0750E+01 1.3772E+01 1.7884E+-01 1.0765E+01 1.3252E+01 8.8818E-16
max 1.4579E+01 1.3542E+01 1.0599E+01 2.0925E+01 1.4701E+01 1.8851E+401 1.1964E+01 1.5380E+01 2.9115E-10
avg 1.2611E+401 1.2804E+01 1.0309E+01 2.0848E+01 1.4233E+01 1.8448E+-01 1.1246E+01 1.4174E+01 9.8985E-12
std 7.1990E-01 3.8490E-01 2.3190E-01 4.1800E-02 2.2560E-01 2.2720E-01 3.0710E-01 4.6880E-01 5.3122E-11

F11 min 3.4119E+02 6.0434E+02 8.3054E+03 9.2894E+02 7.1616E+02 2.9611E+03 1.4612E+03 4.5174E+02 0.0000E+00

max 4.9681E+02 8.8882E+02 8.9899E+03 1.2469E+03 1.0289E+03 4.0857E+03 1.6730E+-03 8.2975E+02 5.5511E-16
avg 4.3280E+02 7.2506E+02 8.5724E+03 1.0621E+03 8.5258E+02 3.4910E+03 1.5562E+03 5.9419E+02 3.3307E-17
std 4.5487E+01 7.1661E+01 1.6570E+02 8.9525E+01 6.4001E+01 2.9346E+02 4.9317E+01 8.8492E+01 1.0967E-16

F12 min 2.6379E+05 6.0886E+-05 3.4457E+02 1.1626E+08 4.3341E+05 1.8557E+08 8.3501E+03 1.7592E+06 4.7600E-01
max 5.9586E+06 5.6498E+06 8.3174E+04 3.6330E+08 3.2591E+06 2.3435E+09 8.1940E+05 9.6591E+06 2.2340E+00
avg 2.0894E+06 2.2370E+06 1.1235E+04 1.7237E+08 1.3326E+06 1.3394E+09 1.4178E+05 4.7423E+06 7.3480E-01
std 1.4684E+-06 1.5781E+06 1.6197E+04 5.8659E+07 6.2813E+05 6.2396E+-08 1.4986E+05 2.0955E+06 3.7320E-01

F13 min 1.0736E+07 1.6556E+07 1.3007E+06 3.8990E-+08 2.1665E+07 1.2736E+4-09 3.4324E+06 3.1543E+07 4.9964E+01
max 5.4981E+07 6.3362E+07 4.7603E+06 7.1762E+08 5.0646E+07 4.9895E+09 1.4697E+07 7.5620E+07 1.4627E+02
avg 2.7536E+07 3.4847E+07 2.7957E+06 5.2545E+08 3.3483E+407 2.5448E+09 7.7103E+06 4.6371E+07 6.6950E+01
std 9.9799E+06 1.1122E+07 9.3455E+05 8.8629E+07 6.8832E+06 9.6179E+08 2.6282E+06 1.0160E+07 1.9292E+01

10
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Table 7
Results for the CEC-2017 (unimodal-multimodal) test functions with 10 Dimention and 60,000 NFE.

Function PSO GA GSA WOA SSA GWO HHO AEFA SHADE COoOoT

F1 min 1.0101E+02  3.2788E+03  1.0091E+02  4.4479E+04 1.6052E+02  6.1039E+03 1.4732E4-05 1.0095E+02  1.0000E+02 1.0021E+4-02
max 7.6872E+03  6.8707E+04  1.5331E+03  2.8587E+07 1.0526E+04  3.8108E+08 1.0891E4+06  1.1758E+03  1.0000E+02  5.2961E+03

avg 1.3090E+03  1.5662E+04  2.8798E+02  2.4365E406  3.9400E+03  2.7370E4+07  3.5793E+05  3.3198E+02  1.0000E+02  1.0417E+03
std 1.9790E4+03  1.5527E4+04  2.9812E+02  5.9762E406  2.8021E+03  9.2021E4+07  1.9299E+05  2.7238E+02  0.0000E+00  1.2215E+03
rank 5 7 2 9 6 10 8 3 1 4

F2 min 2.0000E+02  2.0000E4+02  5.5800E+03  4.4100E4-02  2.0000E4+02  4.2740E4+03  2.0000E+02  1.9749E+04  2.0000E+02  2.0000E-+02
max 2.0000E+02  1.9660E+03  1.4039E+05  5.0468E+405  4.8540E+03  1.6530E+09  2.9486E+04  3.7782E+07  2.0000E+02  2.0000E-+02

avg 2.0000E+02  3.8743E+02  3.7135E+04  8.0734E+04  6.7360E+02  6.2489E-+07 1.5394E4+03  3.6525E+06  2.0000E+02  2.0000E+02
std 0.0000E+00  4.0091E+02  3.4949E+04  1.2337E+05 1.1175E4+03  3.0075E408  5.3107E+03  7.5837E+06  0.0000E+00  0.0000E-+-00
rank 1 2 5 6 3 8 4 7 1 1

F3 min 3.0000E+02  4.7019E4+02  7.6273E+03  3.7519E402  3.0000E4+02  3.1074E4+02  3.0032E+02  5.0277E+03  3.0000E+02  3.0000E-+02
max 3.0000E+02  5.7982E+03  1.2572E+04  7.2820E+03  3.0000E+02  4.7251E+03  3.0245E+02  1.6631E+04  3.0000E+02  3.0000E+02

avg 3.0000E+02  2.2333E+03  1.0098E+04  1.3320E+03  3.0000E+02  1.2847E+03  3.0121E+02 1.1786E+04  3.0000E402  3.0000E+02
std 4.4783E-14 1.2425E+03  1.2314E+03 1.4511E+03  6.5485E-10 1.3874E+03  6.3660E-01 2.6733E+03  0.0000E+00  6.2685E-04
rank 2 8 9 7 3 6 5 10 1 4

F4 min 4.0182E+02  4.0002E+02  4.0409E+02  4.0083E+02  4.0060E+02  4.0281E4+02  4.0033E402  4.0642E4+02  4.0000E+02  4.0000E+02
max 4.0555E+02  4.0773E+02  4.0782E+02  5.3715E+02  4.7195E+02  4.6335E+02  4.9599E+02  4.0739E4+02  4.0000E4-02  4.0600E+02
avg 4.0366E+02  4.0451E+02  4.0662E+02  4.2774E4+02  4.0688E+02  4.0980E4+02  4.1186E402  4.0701E+02  4.0000E+02  4.0363E+02
std 8.2670E-01 2.6136E+00  8.3070E-01 3.5478E+01 1.2364E+01 1.0667E+01 2.1624E+01 2.1600E-01 0.0000E+00 1.5650E+4-00
rank 3 4 5 10 6 8 9 7 1 2

F5 min 5.1592E+02  5.0498E+02  5.3383E+02  5.1102E+02  5.0597E+02  5.0413E+02  5.2020E+02  5.0100E+02  5.0201E+02  5.0712E+02
max 5.6467E+02  5.3284E4+02  5.7762E+02  5.9735E4+02  5.4079E4+02  5.3456E4+02  5.8564E+02  5.0895E+02  5.0510E+02  5.3483E-+02

avg 5.3837E+02  5.1702E4+02  5.5852E+02  5.4938E402  5.2047E4+02  5.1355E4+02  5.4931E+02  5.0434E+02  5.0318E+02  5.1756E-+02
std 1.1543E+01 5.8266E+00  9.3088E+00  2.0066E+01 1.0058E+01  7.4670E400  1.6039E+01 2.1464E+00  7.3300E-01 6.0319E+00
rank 7 4 10 9 6 3 8 2 1 5

F6 min 6.0000E+02  6.0000E+02  6.0634E+02  6.1207E+02  6.0021E4+02  6.0003E+02  6.1252E4+02  6.0000E+02  6.0000E4-02  6.0004E+02
max 6.2525E+02  6.0019E+02  6.5065E+02  6.5205E+02  6.3713E+02  6.0270E+02  6.6538E+02  6.0010E+02  6.0000E402  6.0367E+402

avg 6.0598E+02  6.0007E+02  6.2539E+02  6.2966E+02  6.1064E+02  6.0044E4+02  6.3058E+02  6.0001E+02  8.8557E-06 6.0103E+02
std 5.5578E+00  5.0500E-02 9.2849E+00  1.0904E+01 8.2406E+00  6.5170E-01 1.2740E+01 2.0700E-02 8.8557E-06 1.1766E+00
rank 6 3 8 9 7 4 10 2 1 5

F7 min 7.1567E+02  7.1187E+02  7.1093E+02  7.3385E+02  7.1355E+02  7.1448E+02  7.4159E4+02  7.1060E4+02  7.1127E402  7.1463E+02
max 7.3648E+02  7.3548E+02  7.1967E+02  8.6444E+02  7.5709E+02  7.5592E+02  8.1903E4+02  7.1588E+02  7.1579E+402  7.4256E+02

avg 7.2265E+02  7.2011E+02  7.1364E+02  7.7900E4+02  7.3368E+02  7.2925E402  7.8134E402  7.1221E4+02  7.1347E4+02  7.2849E+402
std 4.7989E+00  5.0502E+00  1.7193E+00  2.8339E+01 1.1772E+01 1.0742E+01 2.0192E+01 1.2611E+00  9.4370E-01 7.1546E+00
rank 5 4 3 9 8 7 10 1 2 6

F8 min 8.0497E+02  8.0398E+02  8.1293E+02  8.1300E+02  8.0497E+02  8.0398E+02  8.0919E4+02  8.0100E+02  8.0125E+02  8.0597E+02
max 8.2786E+02  8.2090E+02  8.2985E+02  8.6570E+02  8.5373E+02  8.2189E+02  8.5189E+02  8.0597E+02  8.0703E402  8.2487E+02
avg 8.1625E+02  8.1052E+02  8.2046E+02  8.3792E4+02  8.2205E+02  8.1083E4+02  8.3031E402  8.0342E+02  8.0360E+02  8.1328E+02
std 5.9545E+00  4.2911E+00  4.4701E+00 1.2600E+4-01 1.2005E+01 4.1088E+00  9.3409E+00  1.3748E+00  1.2856E+00  5.0667E-+00
rank 6 3 7 10 8 4 9 1 2 5

F9 min 9.0000E+02  9.0005E+02  9.0000E+02  9.1751E4+02  9.0000E+02  9.0005E402  9.9346E402  9.0000E4+02  9.0000E4+02  9.0000E+02
max 9.0000E+02  9.1805E+02  9.0000E+02  2.2762E+03  1.1725E4+03  9.2576E+02  1.7072E4+03  9.0000E+02  9.0000E402  9.0254E+02

avg 9.0000E+02  9.0347E+02  9.0000E+02  1.5068E+03  9.2310E4+02  9.0390E+02  1.3350E4+03  9.0000E+02  9.0000E402  9.0037E+02
std 2.9856E-14 4.7377E+00  0.0000E+00  4.2929E+02  6.0725E+01  7.1371E+00  1.9276E+02  0.0000E+00  0.0000E+00  6.6450E-01
rank 2 4 1 8 6 5 7 1 1 3

F10  min 1.1301E4+03  1.1891E4+03  2.0301E4+03  1.3929E403  1.2486E+03  1.0339E4+03  1.4329E+03  1.5644E+03  1.0074E+03  1.2699E+03
max 2.1534E+03  2.1369E+03  3.2416E+03  2.7076E+03  2.3394E+03  1.8613E+03  2.4216E+03  2.8143E+03  1.2704E+03  2.1845E-+03

avg 1.8274E+03  1.6484E+03  2.8415E+03  2.0599E+03  1.7744E+03  1.5255E+03  2.0282E+03  2.1872E+03  1.0953E+03  1.7231E+03
std 2.3720E+02  2.0451E+02  2.9475E+02  3.5685E+02  2.5290E+02  2.0879E+02  2.2503E+02  3.5907E+02  6.4229E+01 2.2356E+02
rank 6 3 10 8 5 2 7 9 1 4
Friedman 4.3 4.2 6.0 8.5 5.8 5.7 7.6 4.3 1.2 3.9
mean rank
RANK 5 3 8 10 7 6 9 4 1 2
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Remarkably, since many algorithms have implemented these prob-
lems with different conditions, we have mentioned only the algorithms’
best solution.

5.1. Tension/Compression spring design problem

As shown in Fig. 11. The main goal of this engineering design
problem is to minimize the weight of the spring involving three decision
variables which are wire diameter (d), mean coil diameter (D) and a
number of active coils (N) (Khalilpourazari & Khalilpourazary, 2019).
This problem is subjected to three inequality constraints and an objec-
tive function given in Eq. (11).

? = [)Cl xeﬂ = [dDIV]7

f(?) =(x+ 2)xzxf,
.X3X3
.
- <0,
a1(¥) =1 = 2esy 717855
— 43 — x1x |
= O7
82(3) = 1566 — x) | 51080
140.45
ﬁxs
g4(7) X1 1+5X2 1<0,

0.05<x;<2.00,
0.25<x,<1.30,
2.00<6:<15.0

This problem has been solved with many mathematical and explor-
atory approaches (Han et al., 2018; Xia et al., 2018). The results of
comparing of the COOT algorithm with well - known optimization al-
gorithms such as the Opposition-Based Sine Cosine Algorithm (Abd
Elaziz et al., 2017), Grasshopper Optimization Algorithm using
Opposition-based Learning (Ewees et al., 2018), Modified Spider Mon-
key Optimization Based on Nelder-Mead (Singh et al., 2018), Harris
hawks optimizer (Heidari et al., 2019), salp swarm algorithm (Mirjalili
et al., 2017), thermal exchange optimization (Kaveh & Dadras, 2017),
Moth-flame optimization (Mirjalili, 2015b), Stochastic Fractal Search
(Salimi, 2015), Grey Wolf Optimizer (Mirjalili et al., 2014), Whale
Optimization Algorithm (Mirjalili & Lewis, 2016), Water Evaporation
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Optimization (Kaveh & Bakhshpoori, 2016), Bat algorithm (X. Yang &
Hossein Gandomi, 2012), chaotic water cycle algorithm (Heidari et al.,
2017), Sine cosine grey wolf optimizer (Gupta et al., 2020), Spotted
hyena optimizer (Dhiman & Kumar, 2017), Grey Prediction Evolution
Algorithm Based on Accelerated Even (Gao et al., 2020), Artificial
ecosystem-based optimization (Zhao et al., 2020), chaotic multi-verse
optimization (Sayed et al., 2018), I-ABC greedy (Sharma & Abraham,
2020), and Arithmetic Optimization Algorithm (AOA) (Abualigah et al.,
2021), are presented in Table 11. The results showed that the AOA al-
gorithm performs better than all of the compared optimization methods.
However, the COOT algorithm was able to take third rank.

5.2. Pressure vessel design

The objective of this problem is to minimize the total cost consisting
of material, forming, and welding of a cylindrical vessel as in Fig. 12.
Both ends of the vessel are capped, and the head has a hemispherical
shape. There are four variables in this problem:

The thickness of the shell (Ts).

The thickness of the head (Th).

Inner radius (R).

Length of the cylindrical section without considering the head (L).

This problem is subject to four constraints. These constraints and the
problem are formulated as follows:

7 = [xl X2 X3X4] = [TA-T;,RL]7
F(X) = 0.6224x,x3x5 + 1.7781x2x3 + 3.1661x7 x4 + 19.84x7x3,
21(X) = —x; +0.0193x;<0,

gz(?) = —x3+ 000954)63<07

(X)) = —mxdxy — %nxg + 1296000<0,
24(X) = x4 — 240<0,
0<x<99,
0<%, <99,
10<x3 <200,
10<x,<200

The results of comparing of the COOT algorithm with well - known
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Table 8
Results for the CEC-2017 (Hybrid) test functions with 10 Dimention and 60,000 NFE.

Function PSO GA GSA WOA SSA GWO HHO AEFA SHADE COOT

F11 min 1.1050E+03 1.1072E+03 1.1157E403 1.1244E+4-03 1.1035E+03 1.1097E+03 1.1164E+03 1.1524E+03 1.1000E+03 1.1031E+03
max 1.1777E+403 1.1582E+03 1.2017E+403 1.4367E+03 1.3270E+03 1.1560E+03 1.3936E+03 2.2352E+03 1.1037E+403 1.1623E+03
avg 1.1334E+03 1.1283E+03 1.1411E+03 1.1904E+03 1.1561E+03 1.1280E+03 1.1810E+03 1.3937E+03 1.1009E+03 1.1187E+03
std 1.9642E+01 1.3444E+01 2.2300E+01 6.7302E+01 4.7268E+01 1.3313E+01 6.4190E+01 2.1862E+02 1.2291E400 1.3122E+01
rank 5 4 6 9 7 3 8 10 1 2

F12 min 2.0205E+03 8.8482E+03 3.3082E+04 8.3933E+03 6.0567E+03 2.4931E+04 1.1031E404 1.6169E+04 1.2002E+03 3.0122E+03
max 5.2710E+404 5.5615E+06 2.2181E+06 1.6536E+07 6.3502E+-06 3.1953E+06 1.0386E+07 3.1185E+06 1.5567E+403 5.6675E+04
avg 1.3683E+04 1.9830E+06 7.9328E+05 5.0955E+-06 1.6929E+06 9.2055E+05 2.2004E+06 1.3799E+06 1.3311E+403 1.2721E+04
std 1.0944E+04 1.6473E+06 5.9468E+05 5.9709E+06 1.8402E+06 8.8092E+05 2.4818E+06 9.7197E+05 1.0528E+02 1.1177E+04
rank 3 8 4 10 7 5 9 6 1 2

F13 min 1.6661E+03 1.3227E+03 6.5051E+03 1.8785E+03 1.4797E+03 1.9781E+03 1.9571E+03 4.5702E+03 1.3000E+03 1.4203E+03
max 1.6708E+04 2.2735E+04 1.4100E+04 4.4093E+04 3.2077E+04 2.9204E+04 4.8159E+04 1.5647E+04 1.3085E+03 1.7229E+04
avg 8.9503E+03 8.5837E+03 1.0880E+04 1.5420E+04 1.0597E+04 1.2243E+04 1.5712E+04 1.0557E+04 1.3040E+03 2.6986E+03
std 4.3964E+03 5.5962E+03 2.1540E+03 1.1291E+04 8.1626E+03 7.4492E+03 1.2789E+04 3.3467E+03 2.6210E+00 2.9599E+03

4 3 7 9 6 8 10 5 1 2

F14 min 1.4398E+03 1.4265E+03 4.1537E+03 1.4793E+03 1.4404E+03 1.4561E+03 1.4661E+03 1.5660E+03 1.4000E+03 1.4270E+03
max 3.3246E+03 1.2481E+04 9.7948E+03 5.1903E+03 1.9378E+03 5.4546E+03 1.7986E+03 1.2958E+04 1.4050E+03 1.5829E+03
avg 1.8370E+03 2.9988E+03 6.8379E+03 1.8633E+03 1.5168E+03 2.6755E+03 1.5452E+03 5.2641E+03 1.4008E+03 1.4711E+403
std 5.5978E+02 2.3360E+03 1.4141E+403 9.2987E+02 8.7588E+01 1.7167E+03 6.6511E+01 2.6841E+03 1.0223E+4-00 3.6752E+01
rank 5 8 10 6 3 7 4 9 1 2

F15 min 1.5055E+03 1.5158E+03 9.9033E+03 1.6626E+03 1.6812E+03 1.5267E+03 1.6138E+03 3.5834E+03 1.5000E+03 1.5046E+03
max 4.0262E+03 1.4147E+04 3.2097E+04 2.3249E+404 6.6676E+03 8.2476E+03 5.9188E+03 2.4865E+04 1.5005E+03 1.7616E+03
avg 1.8305E+03 4.3278E+03 1.8085E+04 6.0438E+03 2.4824E+03 3.1302E+03 3.1737E+03 1.2953E+04 1.5003E+03 1.5925E+03
std 5.4564E+02 3.5510E+03 4.8772E+03 4.2689E+03 1.2865E+03 1.8963E+03 1.4318E+03 5.2319E+03 2.0020E-01 5.4971E+01
rank 3 7 10 8 4 5 6 9 1 2

F16 min 1.6005E+03 1.6003E+03 2.0114E+03 1.6111E403 1.6032E+03 1.6127E+403 1.7228E+03 1.8580E+03 1.6001E+403 1.6019E+03
max 2.0558E+03 2.0573E+03 2.5156E+03 2.0990E+03 2.0725E+-03 1.9909E+03 2.1215E+403 2.1939E+03 1.6018E+03 1.7346E+03
avg 1.8521E+403 1.7627E+03 2.1481E+03 1.8582E+03 1.7109E+03 1.7012E+403 1.9254E+03 2.0278E+03 1.6007E+403 1.6441E+03
std 1.3169E+02 1.3086E+02 1.0549E+02 1.5659E+02 1.1269E+02 9.6556E+01 1.1565E+02 8.8870E+01 3.8920E-01 5.2051E+01
rank 6 5 10 7 4 3 8 9 1 2

F17 min 1.7236E+03 1.7027E+03 1.7480E+03 1.7287E+03 1.7272E+03 1.7258E+03 1.7271E+03 1.7461E+03 1.7001E+03 1.7125E+03
max 1.8642E+03 1.7644E+03 2.1526E+03 1.9164E+03 1.9994E+03 1.8637E+03 1.9184E+03 1.9055E+03 1.7014E+403 1.7952E+03
avg 1.7541E+03 1.7348E+03 1.8768E+03 1.8050E+03 1.7719E+03 1.7495E+403 1.7790E+03 1.7972E+03 1.7005E+03 1.7465E+03
std 3.1020E+01 1.8185E+01 1.1287E+02 5.3134E+01 5.1275E+01 2.6872E+01 4.1064E+401 5.3334E+01 3.7910E-01 1.8145E+01
rank 5 2 10 9 6 4 7 8 1 3

F18 min 1.9528E+03 2.2642E+03 4.2162E+03 3.2654E+03 2.1302E+03 2.4486E+03 2.5697E+03 2.0504E+03 1.8000E+03 1.8835E+03
max 4.3593E+04 2.7081E+04 2.1639E+04 4.2602E+04 5.4077E+04 4.2668E+04 3.8970E+04 2.1200E+04 1.8210E+03 8.3704E+03
avg 1.0734E+04 7.1771E+03 9.9634E+03 1.5614E+04 1.8821E+04 2.9075E+04 1.8639E+04 9.2131E+03 1.8044E+03 3.1618E+03
std 1.1036E+04 6.4815E+03 3.6033E+03 1.0615E+04 1.1823E+04 1.2376E+04 1.2090E+-04 4.4185E+03 8.0845E+00 1.3668E+03
rank 6 3 5 7 9 10 8 4 1 2

F19 min 1.9241E+03 1.9035E+03 8.1905E+03 2.0864E+03 1.9175E+03 1.9113E+403 2.0512E+03 4.3743E+03 1.9000E+03 1.9064E+03
max 8.5734E+03 1.0040E+04 9.2625E+04 4.1341E+05 6.6029E+03 1.4826E+04 3.0920E+04 1.1276E+05 1.9015E+403 2.0660E+03
avg 4.0595E+03 4.4735E+03 5.3071E+04 5.3308E+04 2.5661E+03 4.9518E+03 8.8128E+03 2.7654E+04 1.9001E+03 1.9408E+03
std 2.0294E+03 2.3365E+03 1.9849E+04 9.9186E+04 1.2089E+03 4.9356E+03 8.7504E+03 2.8409E+04 2.7170E-01 3.6707E+01
rank 4 5 9 10 3 6 7 8 1 2

F20 min 2.0053E+03 2.0000E+03 2.1824E+03 2.0613E+03 2.0227E+03 2.0206E+03 2.0393E+03 2.0382E+03 2.0000E+03 2.0168E+03
max 2.3442E+403 2.1516E+03 2.5374E+03 2.2652E+03 2.2206E+03 2.2261E+03 2.3086E+03 2.3974E+03 2.0003E+03 2.1458E+03
avg 2.0838E+03 2.0282E+03 2.2601E+03 2.1602E+4-03 2.0828E+03 2.0561E+03 2.1298E+03 2.1723E+03 2.0000E+03 2.0458E+03
std 7.9273E+01 3.2827E+01 8.5042E+01 5.8918E-+01 4.8942E+01 4.5769E+01 6.9280E+01 7.0197E+01 7.9200E-02 2.4581E+01
rank 6 2 10 8 5 4 7 9 1 3

Friedman 4.7 4.7 8.1 8.3 5.4 5.5 7.4 7.7 1.0 2.2

mean rank
RANK 4 3 9 10 5 6 7 8 1 2

optimization algorithms such as the Opposition-Based Sine Cosine Al-
gorithm (Abd Elaziz et al., 2017), Grasshopper Optimization Algorithm
using Opposition-based Learning (Ewees et al., 2018), Modified Spider
Monkey Optimization Based on Nelder-Mead (Singh et al., 2018), Harris
hawks optimizer (Heidari et al., 2019), Moth-flame optimization (Mir-
jalili, 2015b), Grey Wolf Optimizer (Mirjalili et al., 2014), genetic al-
gorithm (Deb, 1991), Whale Optimization Algorithm (Mirjalili & Lewis,
2016), Water Evaporation Optimization (Kaveh & Bakhshpoori, 2016),

13

Bat algorithm (Yang & Hossein Gandomi, 2012), Sine cosine grey wolf
optimizer (Gupta et al., 2020), Grey Prediction Evolution Algorithm
Based on Accelerated Even (Gao et al., 2020), charged system search
(Kaveh & Talatahari, 2010), Artificial ecosystem-based optimization
(Zhao et al., 2020), chaotic multi-verse optimization (Sayed et al.,
2018), I-ABC greedy (Sharma & Abraham, 2020), and Arithmetic
Optimization Algorithm (Abualigah et al., 2021), are presented in
Table 12. The results showed that the OBSCA algorithm performs better
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Table 9
Results for the CEC-2017 (Composition) test functions with 10 Dimention and 60,000 NFE.

Function PSO GA GSA WOA SSA GWO HHO AEFA SHADE COOoT

F21 min 2.2000E+03  2.2054E+03  2.3035E+03  2.2072E+03  2.2000E+03  2.2001E+03  2.2012E+03  2.2648E+03  2.2000E+03  2.1000E+03
max 2.3587E+03  2.3301E+03  2.4127E+03  2.3992E+03  2.3380E+03  2.3330E+03  2.3813E+03  2.3159E+03  2.3067E+03  2.3146E+03

avg 2.2991E+03  2.3021E4+03  2.3625E+03  2.2960E403  2.2567E+03  2.3077E4+03  2.3064E+03  2.3045E+03  2.2778E+03  2.2015E+03
std 6.1421E+01 3.5656E+-01 1.9131E+01 7.0453E+01 5.9857E+01 2.7431E+01 6.3670E+01 8.9703E+00  4.5641E+01 2.8257E+01
rank 5 6 10 4 2 9 8 7 3 1

F22  min 2.2000E+03  2.3016E+03  2.3000E+03  2.2613E+03  2.2221E+03  2.2121E+03  2.2569E+03  2.3000E+03  2.2318E+03  2.2305E+03
max 3.1794E+03  2.3153E+03  2.3003E+03  2.3400E+03  2.3085E+03  2.5890E+03  2.3236E+03  2.3003E+03  2.3006E+03  2.3068E+03

avg 2.3222E+03  2.3062E+03  2.3000E+03  2.3104E+03  2.2984E+03  2.3109E+03  2.3100E+03  2.3000E+03  2.2979E+03  2.2969E+03
std 1.6429E+02  3.3745E4+00  7.3000E-02 1.8348E+01 1.9979E+01 5.7727E+01 1.5190E+01 5.2800E-02 1.2499E+01 1.7386E+01
rank 10 6 5 8 3 9 7 4 2 1

F23  min 2.6366E+03  2.6130E4+03  2.6964E+03  2.6181E4+03  2.6070E4+03  2.6026E4+03  2.6113E+03  2.6029E+03  2.6004E+03  2.6060E-+03
max 2.7525E4+03  2.6492E4+03  2.8845E+03  2.6879E403  2.6408E+03  2.6357E4+03  2.7238E+03  2.6197E+03  2.6083E+03  2.6308E-+03

avg 2.6724E+03  2.6291E+03  2.7572E+03  2.6477E+03  2.6219E+03  2.6178E+03  2.6663E+03  2.6123E+03  2.6055E+03  2.6166E+03
std 2.8527E+01 8.9443E4+00  5.4501E+01 1.7093E+01 9.7182E+00  8.5743E+00  3.0081E+01 4.3441E+00  1.4945E4+00  7.5665E+00
rank 9 6 10 7 5 4 8 2 1 3

F24  min 2.5000E+03  2.5001E4+03  2.5000E+03  2.5233E4+03  2.7363E4+03  2.7001E4+03  2.5007E+03  2.7279E+03  2.5000E+03  2.5000E+03
max 2.8792E+03  2.7807E4+03  2.8519E+03  2.8170E403  2.7603E+03  2.7714E4+03  2.9115E+03  2.7370E+03  2.7365E+03  2.7594E-+03
avg 2.7636E+03  2.7215E4+03  2.5905E+03  2.7644E+403  2.7470E+03  2.7461E4+03  2.7519E+03  2.7319E+03  2.7181E+03  2.6180E-+03
std 1.0998E+02  8.9360E+01 1.3976E+02  4.9661E+01 6.6626E+00  1.3317E+01 1.2159E4+02  2.4709E4+00  5.9313E+01 1.2082E+-02
rank 9 4 1 10 7 6 8 5 3 2

F25 min 2.8977E+03  2.8981E+03  2.8980E+03  2.8995E+403  2.8978E+03  2.8983E+03  2.8981E+03  2.9068E+03  2.8977E+03  2.8977E+03
max 2.9459E+03  2.9533E+03  2.9438E+03  3.0255E+03  2.9523E+03  2.9512E+03  2.9713E+03  2.9520E+03  2.9458E+03  2.9500E+03

avg 2.9180E+03  2.9385E4+03  2.9405E+03  2.9536E403  2.9252E4+03  2.9330E4+03  2.9323E+03  2.9476E+03  2.9270E+03  2.9193E+03
std 2.3824E+01 1.9914E+01 1.1349E+01 2.2288E+01 2.3771E+01 2.0086E+01 2.3977E+01 7.9839E+00  2.2500E+01 2.3452E+01
rank 1 7 8 10 3 6 5 9 4 2

F26  min 2.6000E+03  2.6009E4+03  2.8000E+03  2.6075E403  2.9000E+03  2.8055E+03  2.8103E+03  2.8000E+03  2.9000E+03  2.6000E-+03
max 3.9118E+03  3.3896E+03  4.4414E+03  4.4517E+03  3.9202E+03  3.9599E+03  4.5943E+03  3.3638E+03  2.9471E+03  3.0358E+03

avg 3.1141E+03  3.0645E+03  3.6125E+03  3.3825E+03  2.9512E+03  3.0165E+03  3.2923E+03  2.8788E+03  2.9016E+03  2.8993E+03
std 2.9980E+02 1.5631E4+02  7.3867E402  5.3713E+02 1.8745E4+02  2.9726E402  4.5733E+02 1.0366E+02  8.6083E400  6.8279E+01
rank 8 7 10 9 5 6 4 1 3 2

F27  min 3.1027E+03  3.0932E4+03  3.1477E+03  3.0960E403  3.0879E+03  3.0894E+03  3.0948E+03  3.0946E+03  3.0890E+03  3.0876E-+03
max 3.2958E+03  3.1393E4+03  3.3352E+03  3.1936E4+03  3.1565E+03  3.1033E4+03  3.2411E+03  3.1656E+03  3.0900E+03  3.0997E-+03

avg 3.1615E+03  3.1114E4+03  3.2598E+03  3.1237E4+03  3.0942E+03  3.0937E4+03  3.1393E+03  3.1133E+03  3.0895E+03  3.0926E+03
std 4.7787E+01 1.2029E+-01 4.4027E+01 2.8218E+01 1.2099E+-01 3.2018E+00  4.2710E+01 1.7947E+01 1.8960E-01 3.0994E+00
rank 9 5 10 7 4 3 8 6 1 2

F28  min 3.1000E+03  3.1002E+03  3.4208E+03  3.1192E4+03  3.1000E+03  3.1678E+03  3.1012E+03  3.3837E+03  3.1000E+03  3.1000E+03
max 3.4465E+03  3.4465E4+03  3.4947E+03  3.7494E403  3.7362E+03  3.4323E4+03  3.7318E+03  3.4494E+03  3.4118E+03  3.4118E-+03
avg 3.3640E+03  3.2888E+03  3.4547E+03  3.3957E403  3.2400E+03  3.3789E+03  3.4018E+03  3.3935E+03  3.2964E+03  3.1991E-+03
std 9.5907E+01 1.5356E4+02  1.9988E+01 1.6582E+-02 1.4245E4+02  6.9775E+01 1.2939E+02 1.9166E+01 1.4077E+02 1.2217E+402
rank 5 3 10 8 2 6 9 7 4 1

F29  min 3.1469E+03  3.1641E+03  3.2821E+03  3.2161E4+03  3.1382E+03  3.1456E+03  3.1829E+03  3.1797E+03  3.1307E+03  3.1526E+03
max 3.3397E+03  3.2811E+03  3.7052E+03  3.6245E+03  3.2800E+03  3.3432E+03  3.4817E+03  3.5410E+03  3.1572E+03  3.2597E+03

avg 3.2250E+03  3.2208E4+03  3.4357E4+03  3.3384E403  3.1994E4+03  3.1775E4+03  3.2925E+03  3.3097E+03  3.1391E+03  3.1925E+03
std 4.8234E+01 3.4343E+01 1.3226E+02  9.2970E+01 3.7332E+01 3.5933E+01 7.5201E+01 1.0211E+02  5.3253E4+00  2.6912E+01
rank 6 5 10 9 4 2 7 8 1 3

F30  min 4.0214E+03  4.4796E+04  5.3047E+05  2.8159E+04  4.3280E+03  8.3716E+03  1.2165E4+04  3.3338E+05  3.3945E403  3.5493E+03
max 1.2533E4+06  2.7991E4+06  1.5276E+06  8.0262E+06 1.7460E+06  3.0366E+06  5.4770E+06  8.0925E+06  8.2058E+05  8.2058E+05

avg 2.7642E+05  3.0087E+05  1.0915E+06  7.2469E+05  2.3287E+05  5.9625E+05  9.6804E-+05  1.4848E+06  1.9410E+05  1.0146E+05
std 4.3354E+05  5.3384E+05  3.0205E+05  1.5155E+06  4.8909E+05  8.7162E4+05  1.5536E4+06  1.4083E+06  3.5152E+05  2.4928E+05
rank 4 5 9 7 3 6 8 10 2 1
Friedman 6.6 5.4 8.3 7.9 3.8 5.7 7.2 5.9 2.4 1.8
mean rank
RANK 7 4 10 9 3 5 8 6 2 1

than all of the compared optimization methods. However, the COOT beam (o), buckling load on the bar (Pc), end deflection of the beam (3),
algorithm was able to take second rank. and side constraints.

This problem has four variables such as the thickness of weld (h),

length of the attached part of the bar (1), the height of the bar (t), and

5.3. Welded beam design thickness of the bar (b). The mathematical formulation is as follows:

The welded beam is shown in Fig. 13 is designed for minimum cost
subject to constraints on shear stress in weld (t), bending stress in the

14
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Table 10

Details of the eight real-world constrained optimization problem. D is the total
number of decision variables of the problem, g is the number of inequality
constraints, and h is the number of equality constraints.

Expert Systems With Applications 183 (2021) 115352

are used which are inner radius (r;), outer radius (ry), disk thickness (t),

No. Name D g h Objective L
Minimize :
1 Tension/Compression spring 3 4 0 Minimize
2 Pressure vessel design 4 4 0 Minimize f&) =203 —x)x3 (x5 + 1) B
3 Welded Beam Design 4 7 0 Minimize
4 Multi-plate disc clutch brake 5 8 0 Minimize subjectto :
5 Step-cone pulley problem 4 1 0 Minimize
6 Cantilever beam design 5 1 1 Minimize 81(X) = —Ppmar + P<0,
7 reducer design problem 7 1 0 Minimize
8 Rolling element bearing problem 10 9 1 Maximize 82 (f) = DrVsr = VsrmarPmax <0,
gg(.f) = AR +x — X2<O
X = [Xl X2 .)C3X4] = U’lltb], U
g4(2) =L + ()C5 + 1)(}C3 + 5)<0
F(T) = 1.10471:3x, + 0.0481 1x3x,(14.0 + x,), v
gs(X) = sM, — M, <0
81 (?) = T(?) - Tmax$07 '
86 (f) = TZOv
8(X) = 6(X) = 6,0,
87(%) = —Vermar + V<0,
&3 (?) = 6(?) - 5max<07
85(X) = T — T <0
24(¥) = x1 — 00, )
where
85(X) = P = P(¥)<0,
M — 2 0 -x N
g6(¥) = 0.125 — x,<0, h= g”xf*xsxzzi, 2 -,
g7 (7) = 1.10471x%xz + 0.04811x3x4(14.0 + x) — 5.0<0 = %md/s,
0.1<x,<2,
A= n(x} — 3)ymm?,
0.1<x,<10,
Dr = By /mm?
0.1<x3<10, © A ’
0.1<0<L2 Vg = R,n mm/s,
30
N2 1, X2 2 (13)
(%) = \/(r )+ 207"+ ("), 2x—x;
R, = g 5 5 mm,
MR XXy
' )4 X2
T = T =—M=P(L+7), Lo
V2x1% J 2 T=—"2"_
M;, + Mf

6PL 6PL’
o(¥) =—=,8(¥) =
X4X3 Ex3x,
2.6
X3,
. 4.013E 36 x [E
Pt( X ) - Lz ( - i E)a

P =60001b,L = 14in., e = 0.25in.,
E =30 x 1%psi, G = 12 x 10° psi,

Tiax = 13600 psi, 6,5 = 30000 psi

The results of comparing the COOT algorithm with different opti-
mization methods with the same penalty function are given in Table 13.

AR = 20mm, L,,,, = 30mm,p = 0.6,
Vemax = 10m/s,6 = 0.5mm,s = 1.5,
Tar = 15s,n = 250rpm, T, = 55Kg.m?,

M, = 40Nm, My = 2Nm, and pue = 1.

with bounds :

60<x,<80,90<x, <110, 1<x3<3,

0<x,<1000, 2<x5 9.

The results show the COOT algorithm has better performance in finding
optimum values of the welded beam problem. So the COOT algorithm

can be a good alternative to the old optimization algorithms.

5.4. Multiple disk clutch brake design problems

The main objective of this problem is to minimize the mass of a
multiple disk clutch brake. In this problem, five integer decision variables

(c)

16

the force of actuators (F), and several frictional surfaces (Z). Fig. 14 shows
the structural parameters of this problem. This problem contains nine
non-linear constraints. The problem can be defined as follows.

14

(d)

Fig. 11. (a) 3D view of the spring, (b) 2D view of the spring, (c) displacement
heat map, (d) stress heat map (Khalilpourazari & Khalilpourazary, 2019).
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Table 11

Results for Tension/compression spring.
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Algorithms d D N Optimal cost
COOT 0.051652753877 0.355844265085 11.340383344758 0.012665293034089
OBSCA(Abd Elaziz et al., 2017) 0.05230 0.31728 12.54854 0.012625
OBLGOA(Ewees et al., 2018) 0.0530178 0.38953229 9.6001616 0.01270136
SMONM(Singh et al., 2018) 0.051918 0.362248 10.97194 0.012666
HHO (Heidari et al., 2019) 0.051796393 0.359305355 11.138859 0.012665443
SSA (Mirjalili et al., 2017) 0.051207 0.345215 12.004032 0.0126763
TEO (Kaveh & Dadras, 2017) 0.051775 0.3587919 11.16839 0.012665
MFO (Mirjalili, 2015b) 0.051994457 0.36410932 10.868422 0.0126669
SFS (Salimi, 2015) 0.051689061 0.356717736 11.288966 0.012665233
GWO (Mirjalili et al., 2014) 0.05169 0.356737 11.28885 0.012666
WOA (Mirjalili & Lewis, 2016) 0 0.051207 0 0.345215 12 0.004032 0 0.0126763
WEO (Kaveh & Bakhshpoori, 2016) 0.051685 0.356630 11.294103 0.012665
BA (X. Yang & Hossein Gandomi, 2012) 0.05169 0.35673 11.2885 0.012665
CWCA (Heidari et al., 2017) 0.051709 0.35710734 11.270826 0.012672
SC-GWO (Gupta et al., 2020) 0.051511 0.352376 11.552600 0.012672
SHO (Dhiman & Kumar, 2017) 0.051144 0.343751 12.09550 0.012674000
GPEAae (Gao et al., 2020) 0.051685 0.356631 11.294000 0.012665
AEO (Zhao et al., 2020) 0.051897 0.361751 10.879842 0.0126662
CMVO (Sayed et al., 2018) 0.051689 0.356716 11.289012 0.012665
I-ABC greedy (Sharma & Abraham, 2020) 0.051686 0.356014 11.202765 0.012665
AOA (Abualigah et al., 2021) 0.0500 0.349809 11.8637 0.012124
A
-
- 2
- SECTION A-A (a)
(a) (b)
‘ (©)
(c) (d) . . .
Fig. 13. (a) 3D view of the welded beam, (b) 2D view of the welded beam, (c)
Fig. 12. (a) 3D shape of the pressure vessel, (b) 2D shape of the pressure vessel, displacement heat map, (d) stress heat map (Khalilpourazari & Khalilpour-
() displacement heat map, (d) stress heat map (Khalilpourazari & Kha- azary, 2019).
lilpourazary, 2019).
Table 12
Results for the pressure vessel.
Algorithms Ts Th R L Optimal cost
COOT 0.77817 0.384651 40.319618 200 5885.3487
OBSCA(Abd Elaziz et al., 2017) 1.2500 0.0625 59.1593 70.8437 5833.9892
OBLGOA(Ewees et al., 2018) 0.81622 0.40350 42.291138 174.811191 5966.67160
SMONM(Singh et al., 2018) 0.778322 0.384725 40.3275957 199.8889 5885.595
HHO (Heidari et al., 2019) 0.81758383 0.4072927 42.09174576 176.7196352 6000.46259
GWO (Mirjalili et al., 2014) 0.8125 0.4345 42.089181 176.758731 6051.5639
GA (Deb, 1991) 0.812500 0.437500 42.097398 176.654050 6059.9463
WEO (Kaveh & Bakhshpoori, 2016) 0.812500 0.437500 42.098444 176.636622 6059.71
BA (X. Yang & Hossein Gandomi, 2012) 0.812500 0.437500 42.098445 176.636595 6059.7143
MFO (Mirjalili, 2015b) 0.8125 0.4375 42.098445 176.636596 6059.7143
CSS (Kaveh & Talatahari, 2010) 0.812500 0.437500 42.103624 176.572656 6059.0888
WOA (Mirjalili & Lewis, 2016) 0 0.812500 0.437500 42 0.0982699 176 0.638998 6059 0.7410
SC-GWO (Gupta et al., 2020) 0.8125 0.4375 42.0984 176.63706 6059.7179
GPEAae (Gao et al., 2020) 0.812500 0.437500 42.098497 176.635954 6059.708025
AEO (Zhao et al., 2020) 0.8374205 0.413937 43.389597 161.268592 5994.50695
CMVO (Sayed et al., 2018) 0.8125 N/A 42.0984 176.6372 6059.7208
I-ABC greedy (Sharma & Abraham, 2020) 0.8125 0.4375 42.0984 176.6369 6059.7124
AOA (Abualigah et al., 2021) 0.8303737 0.4162057 42.75127 169.3454 6048.7844

17
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The optimal results of proposed COOT in compared to those revealed
by Harris Hawks Optimizer (Heidari et al., 2019), Teaching-learning-
based optimization (Rao et al., 2011), Water cycle algorithm (Eskandar
et al.,, 2012), Passing vehicle search algorithms (Savsani & Savsani,
2016), Flying Squirrel Optimizer (Azizyan et al., 2019), quantum-
behaved simulated annealing algorithm-based moth-flame optimiza-
tion (Yu et al., 2020), Artificial ecosystem-based optimization (Zhao
et al., 2020), chaotic multi-verse optimization (Sayed et al., 2018), and I-
ABC greedy (Sharma & Abraham, 2020). Table 14 shows the attained
results of different optimizers for this test case. From Table 14, we can
recognize that the COOT attains the best rank and can outperform all the
compared algorithms in terms of quality of solutions.

5.5. Step-cone pulley problem

This problem’s main objective is to minimize the weight of 4 step-
cone pulleys using five variables in which four variables are the di-
ameters of each step of the pulley, and the last one is the pulley’s width.
This problem contains 11 non-linear constraints to assure that the
transmit power must be at 0.75 hp. The mathematical formulation of
this problem can be defined as follows.

Minimize:

-l G e (G} -of ()
fi- 6]

Subject to:
hl()_C) = Cl 7C2 :07
h(x)=C —C; =0,
h(x) =C, — Cy =0,

8i—1234(X) = —Ri<2,
gi1254(%) = (0.75 x 745.6998) — P,<0

where,
(N‘ )2 (15)
—<_1
ﬂ'd,' Ni N .
i=— (1 +— -4 2a,i=(1,2,3,4),
G 2( N)+ 1n T2ai=(1,2,3,4),

R; =exp(ﬂ{n—2sin*{(%— 1)%} }) i=(1,2,3,4),

ﬂ'd,'Ni
60 ’
t=8mm, s=175MPa, u=0.35 p="7200kg/m’, a=3mm.

P = sto(1 —R;)

i= (1725374)7

A schematic view of this problem is illustrated in Fig. 15.
This problem has been solved by COOT and compared with the
literature in Table 15. It may be seen that the comparison is made

18

Expert Systems With Applications 183 (2021) 115352

between Method of TLBO (Rao et al., 2011), ABC (Rao et al., 2011), PVC
(Savsani & Savsani, 2016), and AEFA (Anita et al., 2020). Table 15
shows that the COOT algorithm outperforms other algorithms. This
shows the high performance of the COOT algorithm in approximating
the global optimum for this problem.

5.6. Cantilever beam design problem

A cantilever beam includes five hollow elements with square-shaped
cross-section. Fig. 16 shows that each element is defined by one variable,
while the thickness is constant, so there is a total of 5 structural pa-
rameters. The objective is to minimize the weight of the beam. There is
also one vertical displacement constraint that should not be violated by
the final optimal design. The problem formulation is as follows:

Minimize :
xX= [X]XngX;;)CsL
f(X) =0.6224(x; + x2 + x3 + x4 + x5),

61 37 19 7 1
g(x) :_3+_3+_3+_1+_3<17
XX X Xy XS

0.01<xy, X2, X3, X4, X< 100.

This problem has been solved by COOT and compared with the
literature in Table 16. It may be seen that the comparison is made be-
tween Method of MVO (Mirjalili et al., 2016), MMA (CHICKERMANE &
GEA, 1996), GCAI (CHICKERMANE & GEA, 1996), GCA_Il (CHICK-
ERMANE & GEA, 1996), CS (Gandomi et al., 2013), SOS (Cheng &
Prayogo, 2014), ALO (Mirjalili, 2015a), Interactive autodidactic school
(Jahangiri et al., 2020), Grey Prediction Evolution Algorithm Based on
Accelerated Even (Gao et al.,, 2020), and Artificial ecosystem-based
optimization (Zhao et al., 2020). Table 16 shows that the COOT algo-
rithm outperforms other algorithms. This shows the high performance of
the COOT algorithm in approximating the global optimum for this
problem.

5.7. Speed reducer design problem

The speed reducer design problem is an engineering design problem.
It has seven design variables, as shown in Fig. 17. The main objective of
this design problem is to minimize the weight of speed reducer with
subject to the following constraints (Mezura-Montes & Coello, 2005):

o Bending stress of the gear teeth.

e Surface stress.

e Transverse deflections of the shafts.

e Stresses in the shafts.

There are seven design variables (z1 — z 7) such as face width (b), the
module of teeth (m), number of teeth in the pinion (p), length of the first
shaft between bearings (I;), length of the second shaft between bearings
(1), diameter of first (d;) shafts, and diameter of second shafts (dz). The
mathematical formulation of this problem is described as follows:
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Table 13
Results for the welded beam.
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2.6521<3.6, 0.7<2,<0.8, 17<23<28, 7.3<2,<8.3,

7.3<25<8.3, 2.9<26<3.9, 5.0<5,<5.5.
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Algorithms T o Pc 5 Optimal cost
COOT 0.1988271 3.337971 9.191986 0.1988345 1.670301154263369
OBSCA(Abd Elaziz et al., 2017) 0.230824 3.069152 8.988479 0.208795 1.722315
OBLGOA(Ewees et al., 2018) 0.205769 3.471135 9.032728 0.2059072 1.7257
SMONM{(Singh et al., 2018) 0.20573 3.470489 9.036624 0.20573 1.724852
HHO (Heidari et al., 2019) 0.204039 3.531061 9.027463 0.206147 1.73199057
HS (Lee & Geem, 2004) 0.2442 6.2231 8.2915 0.2443 2.3807
GSA (Rashedi et al., 2009) 0.182129 3.856979 10 0.202376 1.879952
ESs (Mezura-Montes & Coello, 2005) 0.199742 3.61206 9.0375 0.206082 1.7373
CDE (Huang et al., 2007) 0.203137 3.542998 9.033498 0.206179 1.733462
LFD (Houssein et al., 2020) 0.1857 3.9070 9.1552 0.2051 1.7700
TSA (Kaur et al., 2020) 0.203290 3.471140 9.035100 0.201150 1.721020
SHO (Dhiman & Kumar, 2017) 0.205563 3.474846 9.035799 0.205811 1.725661
IAS (Jahangiri et al., 2020) 0.2057 3.4705 9.0366 0.2057 1.7249
GPEAae (Gao et al., 2020) 0.205731 3.470467 9.036624 0.205730 1.724851
AEO (Zhao et al., 2020) 0.2057296 3.4704886 9.0366239 0.2057296 1.7248520
CMVO (Sayed et al., 2018) 0.20573 3.4705 9.03662 0.20573 1.724852
I-ABC greedy (Sharma & Abraham, 2020) 0.2057294 3.47048861 9.03662389 0.20572876 1.7248210
AOA (Abualigah et al., 2021) 0.194475 2.57092 10.000 0.201827 1.7164
Considerz = 21223242526 27) = [bmpli b dy dy],
Minimizef(zZ) = 0.7854z,22(3.333322 + 14.9334z; — 43.0934)
—1.508z, (22 + 22) + 7.4777(z + 23) + 0.7854 (2422 + 2522),
Subject to :
27
81 (Z) = 2. 1<0,
212,23
. 3975
£:(2) = —5 — 1<0,
212535
_ 19373
8(20) = -2 - 1<0,
222723
_ 19373
g(2) = 4~ 1<0,
222723
. [(745(za/2223))* + 169 x 1072
o) = (0SL2/)) o
¢ Fig.14. Multiple disk clutch brake (Azizyan et al., 2019).
. [(745(z5/222:))" + 157.5 x 10°]'2 a7
8(2) = = — 1<0,
85z
_ 1937
g4(Z) = 4 4 1<07 . . . .
222723 Table 17 reveals the obtained optimal solutions by different algo-
oz rithms on this design problem. The proposed COOT is compared with
&(2) = 40 1<0, well-known metaheuristic algorithms namely (Kaur et al., 2020)(TSA),
5 Spotted Hyena Optimizer (SHO) (Dhiman & Kumar, 2017), Grey Wolf
gs() = X 1<0, Optimizer (GWO) (Mirjalili et al., 2014), Particle Swarm Optimization
° (PSO) (Eberhart & Kennedy, 2002), Multi-verse Optimizer (MVO)
9(2) = - 1<0 (Mirjalili et al., 2016), Sine Cosine Algorithm (SCA) (Mirjalili, 2016),
12z Gravitational Search Algorithm (GSA) (Rashedi et al., 2009), Genetic
- 1.5z + 1.9 Algorithm (GA) (Holland, 1967), Emperor Penguin Optimizer (EPO)
g10(2) = —a 1<0, (Dhiman & Kumar, 2018), Sine cosine grey wolf optimizer (Gupta et al.,
2020), Grey Prediction Evolution Algorithm Based on Accelerated Even
gn(z) = M — 1<0, (Gao et al., 2020), Artificial ecosystem-based optimization (Zhao et al.,
s 2020), chaotic multi-verse optimization (Sayed et al., 2018), I-ABC
where, greedy (Sharma & Abraham, 2020), and Arithmetic Optimization Al-

gorithm (Abualigah et al., 2021). Examining the results in Table 17, we
found that COOT is the best optimizer to deal with this problem and can
achieve superior results compared to other techniques.
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5.8. Rolling element bearing design problem

This problem is formulated to optimize the load-carrying capacity of
a rolling element bearing using five design variables and five design
parameters. These design variables are pitch diameter (D), ball diam-
eter (Dp), outer and inner raceway curvature coefficients (fp and f;) and
the total number of balls (Z). The design parameters are e, ¢, {, Kpmax,
and Kpmin appeared in only constraints. These all are considered as
variables, i.e. five design variables and five design parameters. This
problem contains nine non-linear constraints based on manufacturing
and kinematic factors. The mathematical formulation of this problem is
described as follows:

Maximize:

3.647£.2*° D4, otherwise

- { £.Z23DLS  if D,<25.4mm }
X) =

Subject to:

Fig.15. Step-cone pulley problem (Savsani & Savsani, 2016).

- Do
B fp— 4 —P |}
1) 2sin (D, /D,)

82(X) = 2Dy — Kppin(D — d) > 0,
8(%) = Kppar(D — d) — 2D, 20,
84(X) = (B, — Dy<0,
¢5(x) = D, — 0.5(D + d)>0,
8(X) =(05+¢€)(D+d)—D, <0,
g(x) =0.5(D — D,, — D,) — €D, >0,
gs(¥) = £i20.515,

(%) = f020.515,

where
—03

L=\ " (Fi(2f — 1\ 1073 D, , o
.=3791]|1 1.04( — pa L =—2 f=— fi=—
fo =379 +{ oi(17) (B%=D) } =P s b=,

{(D—d)/2 =3(T/4)}" +{D/2 — (T/4) = Dy} — {d/2 + (T/4)}2>

2{(D—d)/2=3(T/HHD/2— (T/4) — D}
T=D—d—-2D,, D= 160, d =90, B, = 30.

410—271:—2><cosl<

Table 14

Comparison of results for multi-plate disc clutch brake.
Algorithm 1i(x1) ro(X2) t(x3) F(x4) Z(xs) Optimal cost
COOT 70 90 1 214.13 2 0.23524245790
HHO (Heidari et al., 2019) 69.9999999992493 90 1 1000 2.3128 0.259768993
TLBO (Rao et al., 2011) 70 90 1 810 3 0.313656
WCA (Eskandar et al., 2012) 70 90 1 910 3 0.313656
PVS (Savsani & Savsani, 2016) 70 90 1 980 3 0.31366
FSO (Azizyan et al., 2019) 70 90 1 870 3 0.313657
QSMFO (Yu et al., 2020) 80 101.3002 3 600 9 0.2902
AEO (Zhao et al., 2020) 70 90 1 810 3 0.3136566
CMVO (Sayed et al., 2018) 70 90 1 910 3 0.313656
I-ABC greedy (Sharma & Abraham, 2020) 70 90 1 900 3 0.313766

20
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Table 15

Comparison of results for Step-cone pulley problem.
Algorithm X1 Xz X3 X4 Xs Optimal weight
COOT 38.5852399 53.0944977 70.787126 84.87239 89.82746 16.203291
TLBO (Rao et al., 2011) 40 54.7643 73.01318 88.42842 85.98624 16.63451
ABC(Rao et al., 2011) NAN NAN NAN NAN NAN 16.634655
PVC (Savsani & Savsani, 2016) 40 54.7643021 73.013177 88.428419 85.98624 16.63450513
AFFA (Anita et al., 2020) 39.25346 54.01469 72.01386 86.34195 89.03809 16.6218705

((( ( . @{
| X ) - -

Fig. 16. Cantilever beam design problem (Mirjalili et al., 2016).

Table 16

Comparison results for the cantilever design problem.
Algorithm Optimal values for variables Optimal weight

X1 Xo X3 X4 Xs

COOoT 6.02743657 5.3385748 4.4904867 3.483437 2.134591 1.3365745
MVO (Mirjalili et al., 2016) 6.0239402 5.3060112 4.4950113 3.496022 2.1527261 1.3399595
MMA (CHICKERMANE & GEA, 1996) 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400
GCA_I (CHICKERMANE & GEA, 1996) 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400
GCA_Il (CHICKERMANE & GEA, 1996) 6.0100 5.3000 4.4900 3.4900 2.1500 1.3400
CS (Gandomi et al., 2013) 6.0089 5.3049 4.5023 3.5077 2.1504 1.33999
SOS (Cheng & Prayogo, 2014) 6.01878 5.30344 4.49587 3.49896 2.15564 1.33996
ALO (Mirjalili, 2015a) 6.01812 5.31142 4.48836 3.49751 2.158329 1.33995
IAS (Jahangiri et al., 2020) 5.99140 5.30850 4.51190 3.50210 2.16010 1.34000
GPEAae (Gao et al., 2020) 6.014808 5.306724 4.493232 3.505168 2.153781 1.339982
AEO (Zhao et al., 2020) 6.028850 5.316521 4.462649 3.508455 2.157761 1.339965

Fig. 17. Speed reducer design (Hassan et al., 2005).
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Table 17

Expert Systems With Applications 183 (2021) 115352

Comparison of the best solution obtained from different algorithms for speed reducer design problem.

Algorithm Optimum variables Optimum cost
b m p L, Ly D, D,
COOT 3.24132 0.7 17 7.3 7.715336 3.350215 5.28665 2892.7461
TSA (Kaur et al., 2020) 3.50120 0.7 17 7.3 7.8 3.33410 5.26530 2990.9580
EPO (Dhiman & Kumar, 2018) 3.50123 0.7 17 7.3 7.8 3.33421 5.26536 2994.2472
SHO (Dhiman & Kumar, 2017) 3.50159 0.7 17 7.3 7.8 3.35127 5.28874 2998.5507
GWO (Dhiman & Kumar, 2017) 3.506690 0.7 17 7.380933 7.815726 3.357847 5.286768 3001.288
PSO (Dhiman & Kumar, 2017) 3.500019 0.7 17 8.3 7.8 3.352412 5.286715 3005.763
MVO (Dhiman & Kumar, 2017) 3.508502 0.7 17 7.392843 7.816034 3.358073 5.286777 3002.928
SCA (Dhiman & Kumar, 2017) 3.508755 0.7 17 7.3 7.8 3.461020 5.289213 3030.563
GSA (Dhiman & Kumar, 2017) 3.600000 0.7 17 8.3 7.8 3.369658 5.289224 3051.120
GA (Dhiman & Kumar, 2017) 3.510253 0.7 17 8.35 7.8 3.362201 5.287723 3067.561
SC-GWO (Gupta et al., 2020) 3.50064 0.7 17 7.30643 7.80617 3.35034 5.28694 2996.9859
GPEAae (Gao et al., 2020) 3.499997 0.7 17 7.300001 7.715311 3.350214 5.286653 2994.468240
AEO (Zhao et al., 2020) 3.5 0.7 17 7.3 7.7153199 3.3502146 5.2866545 2994.471066
CMVO (Sayed et al., 2018) 3.5 0.7 17 7.3 7.715319 3.350214 5.286654 2994.471
I-ABC greedy (Sharma & Abraham, 2020) 3.50021 0.7 17 7.3 7.71531189 3.3502147 5.2866554 2994.4710315
AOA (Abualigah et al., 2021) 3.50384 0.7 17 7.3 7.72933 3.35649 5.2867 2997.9157

With bounds:

0.5(D + d)<D,<0.6(D + d),
0.15(D — d)<D,<0.45(D — d),
4<Z<50,
0.515<£:<0.6,
0.515<£,<0.6,
0-4<KDmin<0-5ﬁ
O~6<KDmm‘<o-77
0.3<e<0.4,
0.02<e<0.1,
0.6<¢<0.85.

A schematic view of this problem is illustrated in Fig. 18.

This case covers near 1.5% of the feasible area of the target space.

The results of COOT is compared to HHO (Heidari et al., 2019), SCA
(Mirjalili, 2016), GA4 (Gupta et al., 2007), TLBO (Rao et al., 2011), and
PVS (Savsani & Savsani, 2016) techniques. Table 18 tabulates the results
of COOT versus those of other optimizers. Table 18 shows that the
proposed COOT has detected the best solution with the maximum cost
with substantial progress compared to HHO, SCA, GA4, TLBO, and PVS
algorithms.

As can be seen, the proposed COOT algorithm performed very well in
solving real-world engineering problems. It should be noted that most of
the compared algorithms achieved the above results with better condi-
tions such as more iterations, more search agents and more number
function evaluations (NFE). However, the proposed algorithm found a
better solution. Therefore, the proposed algorithm can replace previous

Fig. 18. Rolling element bearing problem (Heidari et al., 2019).

Table 18

Comparison of results for rolling element bearing design problem.
Algorithm GA4 TLBO PVS SCA HHO COoOoT
Dn 125.717100 125.7191 125.719060 125 125.000000 125.0000
Dy, 21.423000 21.42559 21.425590 21.14834 21.000000 21.8750
Z 11.000000 11.000000 11.000000 10.92928 11.092073 10.7770
F; 0.515000 0.515000 0.515000 0.515 0.515000 0.5150
Fo 0.515000 0.515000 0.515000 0.515 0.515000 0.5150
Kpmin 0.415900 0.424266 0.400430 0.5 0.400000 0.4319
Kpmax 0.651000 0.633948 0.680160 0.7 0.600000 0.6529
e 0.300043 0.300000 0.300000 0.3 0.300000 0.3000
e 0.022300 0.068858 0.079990 0.02778 0.050474 0.0200
¢ 0.751000 0.799498 0.700000 0.62912 0.600000 0.6000
Maximum cost 81843.30 81859.74 81859.741210 83431.117 83011.88329 83918.492
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Table 19
Results of the proposed COOT algorithm in solving real-world engineering
problems.

No. Name Optimal value Rank
1 Tension/Compression spring 0.012665293034089 3
2 Pressure vessel design 5885.3487 2
3 Welded Beam Design 1.670301154263369 1
4 Multi-plate disc clutch brake 0.23524245790 1
5 Step-cone pulley problem 16.203291 1
6 Cantilever beam design 1.3365745 1
7 reducer design problem 2892.7461 1
8 Rolling element bearing problem 83918.492 1
algorithms.

In summary, Table 19 shows the results of the proposed COOT al-
gorithm in solving real-world engineering problems.

6. Conclusion

In this paper, a new swarm-based optimization algorithm was sug-
gested that inspired regular and irregular movements of birds called
Coot on the surface of the water. Unique features such as swarm lead-
ership by a leading group and chain movement at the end of the swarm
are the main motive for creating this optimization algorithm. In order to
evaluate the algorithm in terms of exploration and exploitation, 13 test
functions (with 30, 100, and 500 dimention) including 7 single-modal
test functions for evaluating the exploitation of the algorithm and 6
multi-modal test functions for evaluation of algorithm exploration was
used. We used the 2017 test functions to show the performance of the
proposed algorithm. This set includes 30 unimodal (F1-F3), Multimodal
(F4-F10), Hybrid (F11-F20), Composition (F21-F30) test functions. The
results showed that the coot algorithm has a good and competitive
performance compared to other well-known optimization algorithms. In
addition, in order to evaluate the algorithm in unknown search spaces,
the proposed algorithm was applied to a number of well-known engi-
neering design issues, which showed that the Coot algorithm is efficient
in solving problems with unknown search spaces.

effective and efficient results can highlight the COOT as an alterna-
tive optimization algorithm to classical methods. Solving other optimi-
zation problems in different disciplines is recommended with COOT.
Since COOT is a population-based algorithm developing a binary and
multi-objective version of COOT would be a valuable contribution.
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