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Abstract Rao algorithms that include three algorithms are very simple and parameter-less algo-

rithms with effective and desirable performance. This paper modifies these three algorithms, merges

them, and establishes a powerful group algorithm. In the first optimization step, the suggested algo-

rithm is tested on 30 standard CEC2014 functions with 50 dimensions to compare it with main algo-

rithms, several well-known algorithms, and modified versions of RAO algorithm. It becomes

evident in the first test that the suggested optimizer is effective, and reliable for optimization of

real-parameter functions, and it has shown its superiority to original RAO algorithm and several

modern and modified versions of RAO algorithms for most of the test functions and achieved more

acceptable results than them. Moreover, the suggested algorithm benefits a faster convergence char-

acteristic than original RAO algorithms. The proposed Colonial Competitive RAO (CCRAO) has

been applied on five popular engineering problems and its results have been compared with those of

recent papers. According to the results, CCRAO is an effective, robust, and reliable optimizer for

engineering design problems and can contain all useful features of RAO algorithms altogether.

CCRAO has succeeded to converge to the best solution for these engineering problems and sur-

passes most of the other algorithms.
� 2022 THE AUTHORS. Published by Elsevier BV on behalf of Faculty of Engineering, Alexandria

University. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/

4.0/).
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1. Introduction

Optimization aims to discover the optimal acceptable solution
subject to the limitations and requirements of any problem. To

define a problem, different solutions are possible. A function
called objective function is defined so that the solutions are
compared, and the optimal solution is chosen. One of the crit-

ical steps in optimization process is to select an appropriate
objective function. Occasionally, several objectives are opti-
mized at the same time. Optimization problems that include
several objective functions are known as multi-objective prob-

lems. Establishing a new objective function with linear combi-
nation of main objective functions is one of the
straightforward approaches to address this type of problems,

where the impact of each function is specified based on its ded-
icated weight. Every optimization problem consists of several
independent variables called design variables, shown by a D-

dimension vector, x. The optimization aims to specify these
design variables so that the different limits of the objective
function is established [1]. One of the important optimization

approaches that have gained the attention of engineers and
users during recent years is metaheuristic algorithms so that
the acceptable solution is obtained at a shorter time thanks
to their simple structure. Metaheuristic algorithms aim to pre-

sent a solution to the problem during an acceptable time. Such
algorithms may not be the best real solution to solve a prob-
lem, but they can find the closest possible solution. Meta-

heuristic algorithms are inspired by nature, physics, and
humans and have widespread applications in solving optimiza-
tion problems.

Metaheuristic algorithms are usually combined with other
algorithms to reach an acceptable solution or escape from a
locally optimal solution [1]. Such an example is a combined

genetic algorithm (GA) and gravitational search algorithm
(GSA), known as GA-GSA, that attempts to maximize relia-
bility, availability, and maintainability (RAM) parameters at
the same time so that performance and productivity of the sys-

tem are improved [2]. In [3], GSA and GA algorithms are
merged to form GSA-GA algorithm to be applied to con-
strained nonlinear optimization problems with mixed vari-

ables. To overcome this challenge and to discover the global
searching capability of Harris Hawks Optimization (HHO),
reference [4] presents improved teaching–learning HHO

(ITLHHO) method to provide solution to most of the related
engineering and numerical optimization problems. The
authors in [5] introduce the particle swarm optimization
(PSO)-GA (PSO-GA) method to optimize various constrained

engineering and numerical optimization problems. The role of
PSO is improving the vector, but the GA modifies decision vec-
tors with the help of genetic original operators (i.e., crossover

and mutation). These operators also assist to create an equilib-
rium between exploitation and exploration agents.

There are many novel algorithms introduced in the litera-

ture which their names and inspirations are briefly summarized
in Table 1.

It is mentioned some of the previously mentioned optimiz-

ers face with an imbalance between global and local finding
operators during the optimization procedure. This may con-
duce to hooking in local optima. Some other algorithms suffer
from complicated overwhelming computation. Furthermore,

selecting appropriate values for parameters become challeng-
ing in some algorithms; thus, degrading the optimization effi-
ciency of the optimizer. Additionally, reaching the proper
optimal solution needs more iteration steps and is time-

demanding in some of the algorithms mentioned above. Based
on the no free lunch (NFL) theorem [45], one cannot find a
specific algorithm to optimize all styles of optimization test

functions. As a result, we need more sophisticated hybrid algo-
rithms to resolve the issue. Therefore, simple, and powerful
RAO algorithms are adopted in this paper to present a novel

strong algorithm called Colonial Competitive RAO
(CCRAO), the description of which is provided in the rest of
the study.

The structure of the paper is introduced here. Details of the

CCRAO algorithm are described in Section 2. RAO optimizer
is outlined in Section 3. Section 4 tests the performance of sug-
gested method via real-world test functions. This section

applies the algorithm to solve several well-known engineering
optimization problems that suffer from complex search spaces.
The related discussions and future trends for researchers are

also given in this section. Eventually, conclusions have been
briefly stated in Section 5 of the paper.

2. RAO algorithms

Rao introduced powerful and parameter-less optimization
algorithms called RAO algorithms in 2020 [46]. RAO algo-

rithms include three separate algorithms. They have become
popular among scholars thanks to their simplicity and power
such as the photovoltaic cell parameter estimation [47,48],
the reinforced concrete cantilever weight optimization [49],

mechanical design optimization [50], the cropping pattern
under a constraint environment [51], and optimal design of
mechanical system components [52].

The basic of RAO algorithms is that the worse member is
always subtracted from the better member, i.e., the population
moves towards the best solution. These algorithms include

three separate optimization vectors as follows [46]:
Rao-1 algorithm:

Ynew
i;j ¼ YIter

i;j þ r1;j YIter
best;j � YIter

worst;j

� �
ð1Þ

Rao-2 algorithm:

Ynew
i;j ¼ YIter

i;j þ r1;j YIter
best;j �YIter

worst;j

� �
þr2;j YIter

i;j

��� ���� YIter
k;j

��� ���� �
if f YIter

i

� �
< f YIter

k

� �
Ynew

i;j ¼ YIter
i;j þ r1;j YIter

best;j �YIter
worst;j

� �
þ r2;j YIter

k;j

��� ���� YIter
i;j

��� ���� �
else

8>>>><
>>>>:

ð2Þ
Rao-3 algorithm:

Ynew
i;j ¼YIter

i;j þ r1;j YIter
best;j� YIter

worst;j

��� ���� �
þr2;j YIter

i;j

��� ����YIter
k;j

� �
if f YIter

i

� �
< f YIter

k

� �
Ynew

i;j ¼YIter
i;j þ r1;j YIter

best;j� YIter
worst;j

��� ���� �
þ r2;j YIter

k;j

��� ����YIter
i;j

� �
else

8>>>><
>>>>:

ð3Þ
In above equations, denotes the ith member position in

algorithm population in the current iteration (Iter). j = 1:D

shows the jth dimension of each member in the population,

D shows the dimension of the problem. YIter
best and YIter

worst are



Table 1 Some of metaheuristic optimization algorithms and their inspirations.

Algorithm Ref.

Description

Heat Transfer Search (HTS) [6]

Based on the thermodynamics and heat transfer laws.

Pity Beetle Algorithm (PBA) [7]

Mimics the searching behavior for nest and food of a type of beetle.

Sine-Cosine Algorithm (SCA) [8]

Adopts a mathematical mode to oscillate the solutions outwards or towards the best solution using sine and cosine functions.

Turbulent Flow of Water-Based Optimization (TFWO): [9]

Inspiration by moving the water drops appearing in rebellious water circulation.

Rainfall Optimization (RO): [10]

Mimics the behavior of raindrops to optimize different problems.

Collective Decision Optimization (CDO): [11]

Imitates the social behavior of human in making decision.

Biogeography-Based Optimization (BBO): [12]

A different optimizer inspired on population and biogeography mathematics.

Supernova Optimizer (SO): [13]

Follows the movement of supernova phenomena in physics.

Atom Search Optimization (ASO): [14]

Follows the atomic movement model in physics.

Water Evaporation Optimization (WEO): [15]

Imitates evaporation of water particles on an illiquid area with various wettability.

Thermal Exchange Optimization (TEO): [16]

According to Newton’s rules of chilling out.

The CFA optimization framework [17]

Based on interaction of electrical particles due to electrical attraction and repulsion forces.

Artificial Bee Colony (ABC) [18]

Inspired by the smart search of honeybee population.

Grasshopper Optimization Algorithm (GOA) [19]

Follows the smart search of grasshopper population to find solutions

Squirrel Search Algorithm (SSA) [20]

Mimics the impellent exploring treatment of migrating squirrels and their impressive movement.

Colliding Bodies Optimization (CBO) [21]

Inspired by the collisions between objects.

Salp Swarm Algorithm (SSA) [22]

Based on the movement of salps during foraging and navigating in open waters.

Butterfly Optimization Algorithm (BOA) [23]

Based on the search and moving behaviors of butterflies.

Algorithm Of Innovative Gunner (AIG) [24]

Mimics selecting artillery factors to send a shot exactly toward the target.

Fitness-Distance Balance (FDB) [25]

Aims to optimize the premature convergence function in the meta-heuristic search framework.

Water Strider Algorithm (WSA) [26]

Inspired by the lifespan of water strider bugs.

Slime Mould Algorithm (SMA) [27]

Inspired by the swing style of slime mould.

Color Harmony Algorithm (CHA) [28]

Inspired by the related situations circa the dye circle in the harmonic templates and Munsell dye system.

Red Deer Algorithm (RDA) [29]

Competing male red deers to reach a harem with more hinds.

Symbiotic Organisms Search (SOS) [30]

An imitation of symbiotic interaction methods seen in organisms to live and reproduce within the ecosystem.

Bat-Inspired Algorithm (BA) [31]

Inspired by the echolocation search of bats.

Cuckoo Search (CS) [32]

Inspiration by the obligate brood parasitic behavior of a special type of cuckoos.

Fireworks algorithm (FWA) [33]

Based on the explosion of firework.

Social-Based Algorithm (SBA) [34]

Seeks individuals who participate in community development characteristic.

Soccer League Competition Algorithm (SLCA) [35]

Based on soccer leagues and competitions among teams and players

Sandpiper Optimization Algorithm (SOA) [36]

According to the travelling and attacking movement of sandpipers.

(continued on next page)
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Table 1 (continued)

Algorithm Ref.

Tunicate Swarm Algorithm (TSA) [37]

Inspired by the population search of tunicates in foraging and navigation processes

Seagull Optimization Algorithm (SOA) [38]

Based on the different attacking and travelling methods of seagulls.

Spotted hyena optimizer (SHO) [39]

Emulates spotted hyenas’ behavior.

Spring Search Algorithm (SSA) [40]

Specifying the governing laws.

Wild Geese Algorithm (WGA) [41]

Mimics wild geese and provides a model of different modes of their living including regular cooperative travelling, evolution, and fatality,

etc.

Nuclear Reaction Optimization (NRO) [42]

Imitates the nuclear reaction process.

Lightning Search Algorithm (LSA) [43]

Inspired by the physical event of lightning.

Human Mental Search (HMS) [44]

Inspired by the finding methods of the bid place in online auctions.
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positions of the best and worst members at the current itera-
tion. r1 and r2 represent two figures randomly selected in the

range of 0 and 1. YIter
k shows the position of the kth member

that is randomly selected, and f Y Iter

� �
illustrates the objective

function value for considered member in the current iteration.
In all three algorithms mentioned above, the situation of the
ith member at the next generation is calculated in (4):

YIterþ1
i ¼ Ynew

i if f Ynew
i

� �
6 f YIter

i

� �
YIterþ1

i ¼ YIter
i else

(
ð4Þ
2.1. Modeling abrupt changes in the population to correct RAO
algorithms through adding a variety

One of the shortcomings of RAO algorithms is to trap the

population in the local optima. The most known reason for
that is losing the population variety of RAO algorithms as
the number of iterations increases. To overcome this issue,

we have adopted abrupt changes in the population. Such
changes establish new features in the individuals. Abrupt
changes in the proposed algorithm are modeled through the

random displacement of one of the members of the group,
except for the leader, to a new random position. These changes
in the population, from an algorithm and optimization per-
spective, help the evolutionary movement to eschew trapping

in the local optimum points, and sometimes improves the posi-
tion of one member and displaces it to a better optimality
range. Each member of the group is selected with a probability

of 0.1 and one of its dimensions is changed, i.e.,

if rand < 0:1

j ¼ 1þ roundðrand � ðD� 1ÞÞ
YIterþ1

i;j ¼ Minj þ rand � ðMaxj �MinjÞ
end

Min and Max show the down and up limits of control
parameters.
3. Colonial competitive modeling among three RAO algorithms:

The proposed Colonial competitive optimizer

With the formation of the first groups of the algorithm’s pop-
ulation and determining the position of the group members
and the best member of each group as the group leader, the

imperialist competition between these groups begins with the
aim of getting bigger and stronger. Any group whose leaders,
i.e., the best group member in each iteration, if cannot reach a
better position over time, has not been able to succeed in impe-

rialistic competition and conflict with other groups and
increase its power so that it will gradually lose its members,
where it is even possible that each of the group will be given

to a stronger group and that group will fall altogether.
Therefore, the survival of a group will depend on the power

of the leader of that group and the domination of the members

of the weaker groups as a colony. As a result, during competi-
tion between different groups, the power of larger groups with
stronger leaders will gradually increase, and weaker groups
will be eliminated, and their members will be dominated by

other groups. To start the optimization process with the
CCRAO algorithm, we create NC initial groups from Npop pop-

ulations and divide the population between these groups in a
row in the first iteration. That is, we select three of the stron-

gest members and form three groups, and we give 4 members
to the first group, 5 to the second group, and 6 to the third
group. Then the cycle continues so that the whole population

can be placed in the groups. Next, Fig. 1 illustrates the opti-
mization cycle is carried out to reach the stage of competition
between groups. Also, Fig. 2 illustrates the pseudo code of the
suggested algorithm.

At this stage, the weakest member of the group with the
weakest leader is removed and given to the group with the best
function value (greatest power). The same optimization cycle

continues until the last iteration specified by the user, and if
in a particular iteration a group has only the leading member
left, we transfer that leader to the strongest group.



Fig. 1 The proposed Colonial Competitive Optimizer (CCRAO).
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Fig. 2 . The pseudo-code of the suggested algorithm.
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Fig. 2 (continued)
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4. Experimental study

4.1. RAO algorithms for optimization of CEC2014 test functions

To illustrate the capability of the CCRAO method suggested

in this paper compared to main algorithms, i.e., Rao algo-
rithms, 30 standard well-known test functions from
CEC2014 test functions [53] with dimension 50, which have

been widely used in recent years, is chosen. Table 2 provides
a summary of these functions. For RAO algorithms and the
proposed CCRAO algorithm, 32 populations with 15,625 iter-
ations have been selected so that the number of calculations of

the objective function per independent run time for all opti-
mization algorithms is equal to 500,000 (15625 � 32 = 5000
Table 2 CEC2014 test functions [53].

Unimodal test functions:

F1, F2, F3.

Simple Multimodal test functions:

F4, F5, F6, F7, F8, F9, F10, F11, F12, F13, F14, F15, F16.

Hybrid test functions:

F17, F18, F19, F20, F21, F22.

Composition test functions:

F23, F24, F25, F26, F27, F28, F29, F30.
00). Also, to achieve the simulation criteria, i.e., the mean,
standard deviation, and the best optimal values, the algorithm

for each function of CEC2014 has been performed by each
algorithm 25 independent runs. We consider the optimal value
for all optimization functions to be 0.

With a glance at the results given in Table 3 considering the
criteria shown as well as the rank of each algorithm in each test
function, one can see a remarkable superiority of the proposed

CCRAO algorithm to RAO algorithms for optimization of a
range of optimization functions. Furthermore, the last row
in Table 3 provides the number of times the best solution,
Nb, as well as the average rank value of thirty test functions,

Mr, are achieved by the algorithm, where the proposed algo-
rithm has the best statistical results. These numerical results
well demonstrate the strength and potential of the approach

suggested in this study as an equivalent algorithm and an alter-
native to the three Rao algorithms for optimization. To show
the convergence efficiency of these optimizers, Fig. 3 show

their convergence characteristic for all test functions.

4.2. Comparison with modern optimizers

To better understand the performance of CCRAO, several
well-known algorithms as well as improved versions of RAO
algorithms are examined. These algorithms are as follows,
where the codes of these algorithms are downloaded from

the authors’ websites and the control of their parameters is



Fig. 3 The convergence characteristics of RAO algorithms and CCRAO.
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Fig. 3 (continued)
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Fig. 3 (continued)
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Fig. 3 (continued)
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according to Table 4 and Table 5 for 30 and 50 dimensions,
respectively:

� Imperialist competitive algorithm (ICA) [54]
� Modified imperialist competitive algorithm (MICA) [54]
� Harris hawks optimization (HHO) [55]
� The self-adaptive population Rao algorithm (SAP-Rao)

[56]
� Quasi-oppositional-based Rao-2 algorithm (QO-Rao-2)
[57]

� GWO [58]

Table 6 and Table 7 summarize the simulation results

obtained for ICA, GWO, HHO, MICA, SAP-Rao, QO-
Rao-2 and CCRAO (this study) algorithms for D equal to
30 and 50, respectively. Symbols ‘‘-”, ‘‘+”, and ‘‘=” show

that the performance of corresponding algorithm is worse
than, better than, and like that of CCRAO, respectively.
According to the obtained result, CCRAO performs better
than the rest of mentioned algorithms. As can be observed
in Table 6 and Table 7, CCRAO with an average rank of

1.46 and 1.9333 is the decisive winner of this comparative
study for 30- and 50-dimensions test functions, respectively.
The second ranked is QO-Rao-2 with the average rank of
3.1667 and 3.2667 for these two dimensions, respectively.

As can be observed, there is a significant difference between
the proposed CCRAO and the second winner, i.e.,
QO-Rao-2.

The Wilcoxon’s test is adopted here to see whether two
algorithms show different behaviors [59]. Table 8 gives the p-
values when using Wilcoxon’s test on CCRAO and other algo-

rithms for 30 and 50-dimensional test cases. The p-values smal-
ler than 0.05 (the level of significance) are shown in bold.
Regarding the given data, once can easily observe that

CCRAO performance significantly better than the rest of algo-
rithms. Even though the CCRAO does not surpass QO-Rao-1



Table 3 The obtained results of different optimization algorithms.

Number

Functions

Best

Rank

Mean

Rank

Std.

Rank

Rao-1 Rao-2 Rao-3 CCRAO Rao-1 Rao-2 Rao-3 CCRAO Rao-1 Rao-2 Rao-3 CCRAO

F1 2.20e + 6

2

7.49e + 7

3

1.41e + 8

4

3.86e + 5

1

2.77e + 7

2

2.13e + 8

4

1.97e + 8

3

2.17e + 6

1

2.03e + 7

2

1.15e + 8

4

4.51e + 7

3

1.37e + 6

1

F2 7.18

2

1.31e + 6

3

2.13e + 10

4

0.0436

1

5810

2

7.29e + 7

3

2.84e + 10

4

2885

1

8508

2

2.15e + 8

3

5.76e + 9

4

3231

1

F3 1.63e + 4

2

7.42e + 4

4

6.32e + 4

3

725

1

2.26e + 4

2

1.00e + 5

4

8.64e + 4

3

995

1

7012

2

1.59e + 4

4

1.43e + 4

3

245

1

F4 17.3

2

105

3

1558

4

14.2

1

82.3

2

142

3

1976

4

57.8

1

24.2

2

52.8

3

455

4

22.8

1

F5 21.04

2

21.05

3

21.07

4

20.85

1

21.1

1

21.1

1

21.1

1

21.10

1

0.0456

4

0.0397

3

0.037

2

0.0175

1

F6 30.7

2

46.6

3

46.7

4

19.98

1

40.2

2

58.5

4

56.6

3

27.1

1

8.24

4

6.86

3

6.26

2

4.56

1

F7 3.41e-13

2

0.0784

3

128

4

2.68e-13

1

0.00886

2

0.453

3

165

4

0.00418

1

0.00734

1

0.297

3

37.6

4

0.00913

2

F8 129

2

356

3

360

4

102

1

397

2

409

3

440

4

261

1

123

4

33.0

2

35.2

3

31.2

1

F9 421

2

465

4

457

3

359

1

478

2

493

3

505

4

389

1

35.3

4

17.1

1

31.2

3

22.9

2

F10 1.12e + 4

4

2806

3

1150

2

1122

1

1.25e + 4

4

6988

1

7765

2

1.22e + 4

3

731

2

3488

3

4180

4

518

1

F11 1.26e + 4

3

1.21e + 4

1

1.21e + 4

1

1.23e + 4

2

1.31e + 4

3

1.28e + 4

2

1.31e + 4

3

1.27e + 4

1

319

2

405

3

543

4

286

1

F12 2.41

2

3.06

4

2.51

3

2.02

1

3.07

1

3.34

3

3.22

2

3.45

4

0.447

4

0.187

1

0.311

3

0.246

2

F13 0.466

2

0.59

3

1.78

4

0.345

1

0.613

2

0.773

3

2.96

4

0.458

1

0.117

3

0.0935

2

0.500

4

0.0853

1

F14 0.259

3

0.219

1

20.3

4

0.247

2

0.545

2

0.619

3

32.0

4

0.35

1

0.321

2

0.399

3

9.73

4

0.146

1

F15 33.3

2

43.6

3

8117

4

31.1

1

38.2

2

50.4

3

2.51e + 4

4

34.9

1

2.92

1

5.42

3

2.12e + 4

4

3.03

2

F16 22.0

2

22.1

3

22.1

3

20.8

1

22.5

2

22.5

2

22.5

2

21.5

1

0.248

3

0.200

1

0.211

2

0.460

4

F17 1.44e + 6

2

9.75e + 6

3

9.75e + 6

3

8.42e + 5

1

4.11e + 6

2

1.86e + 7

4

1.65e + 7

3
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to a great level, it is better in terms of average ranking basis as
listed in Table 8.

4.3. Applications of CCRAO in engineering

The proposed CCRAO is applied to some real optimization
problems so that its effectiveness is verified. The size of swarm

and value of iterations are respectively assumed to be 50 and
2000. Algorithm are executed thirty times to provide a fair
comparison. Moreover, parameters are adjusted based on

some original papers.

4.3.1. Optimal designing of a pressure vessel

The optimal design of a pressure vessel problem (problem 1)

minimizes the total cost of a pressure vessel constrained by
material, shaping, and welding costs. The problem consists
of two discrete (y1 and y2) and two continuous (y3 and y4) deci-

sion variables as given in Fig. 4, where y1 or Ts denotes the
thickness of the shell, y2 or Th represents the thickness of the
head, y3 or R is the inner radius, and y4 or L shows the length
of the cylindrical section of the vessel. The nonlinear objective

function of this problem with various inequality constraints
are written by [60]:

Minimize:

f Yð Þ ¼ 0:6224y1y3y4 þ 1:7781y2y
2
3 þ 3:1661y21y4 þ 19:84y21y3

ð5Þ
Subject to:

g1 Yð Þ ¼ �y1 þ 0:0193y3 6 0; ð6Þ

g2 Yð Þ ¼ �y2 þ 0:00954y3 6 0; ð7Þ

g3 Yð Þ ¼ �py23y4 �
4

3
py33 þ 1; 296; 000 6 0; ð8Þ

g4 Yð Þ ¼ y4 � 240 6 0; ð9Þ
10 6 yi 6 200, i = 3, 4 and0 6 yi 6 100, i = 1, 2.

Table 9 lists the obtained results by simulating the CCRAO
for the pressure vessel design and compares it with some pop-
ular optimizers introduced in [60]-[82]. Based on Table 9, the

fitness function value obtained through CCRAO is
6059.714335. Table 10 shows the best solutions to the pressure
vessel optimal design.

4.3.2. Three-bar truss optimal design

The purpose of this optimal design (problem 2) is to reduce the
volume of a statistically loaded three-bar truss constrained by

constraints of bar’s stress (r), depicted in Fig. 5. The following
equations express the problem subject to three constraints and
two design parameters [60], i.e., the cross-sectional areas,
A1 y1ð ÞandA2ðy2Þ, which are shown in Fig. 5:

Minimize:

f Yð Þ ¼ H � 2
ffiffiffi
2

p
y1 þ y2

� �
: ð10Þ

Subject to:

g1 Yð Þ ¼ P �
ffiffiffi
2

p
y1 þ y2ffiffiffi

2
p

y21 þ 2y1y2
� r 6 0; ð11Þ



Table 4 Parameters of tested optimization algorithms for

D = 30.

Algorithm Parameters

ICA [54] b = 2, c = p/5, n = 0.15, Ncountry (size of population

of algorithm) = 30; Nimp (size initial population of

empires) = 5.

MICA [54] bimp = b = 2, cimp = c= p/5, n= 0.15, Ncountry (size

of population of algorithm) = 30; Nimp (size initial

population of empires) = 5.

HHO [55] The size of population of algorithm = 45

SAP-Rao

[56]

The size of population of algorithm = 40, size of the

groups of algorithm = 4.

QO-Rao-2

[57]

The size of population of algorithm = 40.

CCRAO The size of population of algorithm = 32, NC = 3.

GWO [58] Wolves number N = 45, convergence constant

a = [2 0].
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g2 Yð Þ ¼ P � y2ffiffiffi
2

p
y21 þ 2y1y2

� r 6 0; ð12Þ

g3 Yð Þ ¼ P � 1ffiffiffi
2

p
y2 þ y1

� r 6 0; ð13Þ

0 6 yi 6 1, i = 1, 2.
r = 2kN/cm2, P = 2kN/cm2, H = 100 cm.

Table 11 tabulates the results obtained by simulating
CCRAO for this optimal design and compares its performance
with several standard algorithms like MBA [83], RL-BA [33],

CSA [60].
According to Table 11, the proposed CCRAO is superior to

RL-BA, DSS-MDE, PSO-DE, CSA, and HEAA. The stan-
dard deviation (Std.) of the solution is 3.6e-014, which pro-

vides the most reliable and robust solution for the design
problem. Moreover, Table 12 provides the best solutions
achieved in this problem.

4.3.3. Optimal designing of a welded beam

The optimal designing (problem 3) of a welded beam problem
aims to discover the minimum cost of a welded beam. The
Table 5 Parameters of tested optimization algorithms for

D = 50.

Algorithm Parameters

ICA [54] b = 2, c = p/5, n = 0.15, Ncountry (size of population

of algorithm) = 45; Nimp (size initial population of

empires) = 5.

MICA [54] bimp = b = 2, cimp = c= p/5, n= 0.15, Ncountry (size

of population of algorithm) = 45; Nimp (size initial

population of empires) = 5.

HHO [55] The size of population of algorithm = 60

SAP-Rao

[56]

The size of population of algorithm = 60, size of the

groups of algorithm = 4.

QO-Rao-2

[57]

The size of population of algorithm = 60.

CCRAO The size of population of algorithm = 32, NC = 3.

GWO [58] Wolves number N = 45, convergence constant

a = [2 0].
problem contains four continuous decision variables, y1 or h,
y2 or l, y3 or t, and y4 or b, illustrated in Fig. 6.

The following describes the nonlinear objective function of

the problem, which consists of five nonlinear and two linear
inequality constraints including bucking load on the bar
(Pb), bending stress in the beam (r), shear stress (s), end deflec-

tion of the beam (d) [60]:
Minimize:

f Yð Þ ¼ 1:10471y2y
2
1 þ 0:04811y3y4 14þ y2ð Þ ð14Þ

Subject to:

g1 Yð Þ ¼ s yð Þ � smax 6 0; ð15Þ

g2 Yð Þ ¼ r yð Þ � rmax 6 0; ð16Þ

g3 Yð Þ ¼ y1 � y4 6 0; ð17Þ

g4 Yð Þ ¼ 0:10471y21 þ 0:04811y3y4 14þ y2ð Þ � 5 6 0: ð18Þ

g5 Yð Þ ¼ 0:125� y1 6 0; ð19Þ

g6 Yð Þ ¼ d yð Þ � dmax 6 0; ð20Þ

g7 Yð Þ ¼ P� Pc yð Þ 6 0; ð21Þ
Subject to:

In this equation:

s yð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sð Þ2 þ 2ss

y2
2R

þ sð Þ2
r

ð22Þ

s ¼ Pffiffiffi
2

p
y1y2

; s ¼ MR

J
ð23Þ

M ¼ P Lþ y2
2

� �
; R ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
y22
4
þ y1 þ y3

2

� �2r
; d yð Þ ¼ 4PL3

Ey33y4
ð24Þ

J ¼ 2
ffiffiffi
2

p
y1y2

y22
12

þ y1 þ y3
2

� �2� 	
 �
; r yð Þ ¼ 6PL

y4y
2
3

; ð25Þ

Pc yð Þ ¼ 4:013E

ffiffiffiffiffiffiffi
y6
4
y2
3

36

q
L2

1� y3
2L

ffiffiffiffiffiffi
E

4G

r !
; ð26Þ

dmax = 0.25 in,smax = 13,000 psi,rmax = 30,000 psi,
G = 12e6 psi, E = 30e6 psi, L = 14 in, P = 6,000 lb.

0:1 6 y1; y4 6 20:1 6 y2; y3 6 10

Table 13 lists the results provided by simulating the

CCRAO for this problem and makes a comparison between
it and standard algorithms such as those given in Table 13.
This table illustrates the fitness function value found by the

proposed CCRAO is 1.724852. The CCRAO is amongst the
most reliable and robust approaches to optimizing a typical
problem. Table 14 tabulates the optimal results found in prob-

lem 3.

4.3.4. Optimal designing of tension/compression spring

The problem 4 minimizes the weight of a tension/compression

spring limited by material, shaping, and welding costs. The
problem includes three continuous design variables, Fig. 7,
where P or y3 is the number of active coils, D or y2 represents



Table 6 Brief results of CEC2014 test functions for various algorithms when D = 30.

Function MICA GWO ICA HHO SAP-Rao QO-Rao-2 RAO1 RAO2 RAO3 CCRAO

F1 Unimodal 2.86E+06

6.14E+05

2/�

4.60E+07

3.13E+07

8/�

1.28E+07

1.10E+07

7/�

8.74E+06

3.54E+06

6/�

6.49E+06

3.57E+06

4/�

3.75E+06

3.00E+06

3/�

9.34E+06

2.99E+06

5/�

4.89E+07

3.42E+07

9/�

8.35E+07

4.20E+07

10/�

6.75E+05

1.18E+05

1

F2 9.22E+02

5.28E+02

5/�

1.04E+09

1.60E+09

9/�

1.58E+03

3.24E+02

6/�

7.26E+05

2.43E+05

8/�

1.33E+02

2.96E+01

4/�

9.83E+01

6.47E+01

2/�

1.26E+02

9.72E+01

3/�

7.01E+05

5.33E+05

7/�

5.99E+09

3.04E+09

10/�

1.12E+01

9.24E+00

1

F3 3.19E+03

8.75E+02

5/�

2.95E+04

1.08E+04

7/�

4.49E+04

9.28E+03

10/�

1.70E+03

1.36E+03

3/�

1.90E+03

7.19E+02

4/�

9.25E+02

8.70E+02

2/�

5.00E+03

3.26E+03

6/�

4.11E+04

1.35E+04

9/�

3.45E+04

8.75E+03

8/�

5.48E+02

4.00E+02

1

F4 Simple

Multimodal

1.38E+02

6.14E+01

8/�

1.86E+02

5.16E+01

9/�

1.24E+02

7.42E+01

6/�

6.58E+01

3.29E+01

5/�

5.49E+01

3.64E+01

3/�

4.81E+01

2.95E+01

2/�

5.96E+01

4.53E+01

4/�

1.28E+02

4.00E+01

7/�

3.39E+02

7.03E+01

10/�

2.09E+01

1.49E+01

1

F5 2.09E+01

9.49E-02

2/�

2.09E+01

5.87E-02

3/�

2.10E+01

2.14E-01

2/�

2.09E+01

9.40E-02

2/�

2.09E+01

3.47E-01

2/�

2.09E+01

7.08E-02

2/�

2.09E+01

7.35E-02

2/�

2.09E+01

8.64E-02

2/�

2.09E+01

6.20E-02

2/�

2.07E+01

4.25E-02

1

F6 1.16E+01

7.46E+00

3/�

1.22E+01

2.72E+00

4/�

2.32E+01

8.50E+00

8/�

4.32E-01

8.50E-02

1/+

1.34E+01

5.63E+00

5/�

1.42E+01

3.20E+00

6/�

1.60E+01

6.97E+00

7/�

2.98E+01

6.39E+00

9/�

3.12E+01

3.87E+00

10/�

9.79E+00

7.18E+00

2

F7 4.17E-03

2.34E-03

4/�

1.14E+01

1.33E+01

9/�

6.37E-02

7.94E-01

7/�

2.67E-03

3.81E-02

2/+

4.57E-03

1.67E-03

5/�

5.22E-13

8.69E-13

1/+

5.86E-03

6.72E-03

6/�

1.00E-01

2.40E-01

8/�

1.49E+01

6.31E+00

10/�

3.69E-03

7.21E-03

3

F8 1.92E+01

3.28E+00

6/�

7.06E+01

1.58E+01

7/�

1.35E+01

5.17E+00

3/�

1.86E+01

4.59E+00

5/�

1.46E+01

6.14E+00

4/�

9.83E-13

4.12E-13

2/�

1.24E+02

5.11E+01

8/�

1.93E+02

3.00E+01

9/�

1.96E+02

3.18E+01

10/�

7.11E-13

3.43E-13

1

F9 9.59E+0

3.18E+01

1/+

8.87E+01

1.91E+01

2/+

2.84E+02

9.35E+01

9/�

3.76E+02

5.22E+01

10/�

2.19E+02

1.74E+01

5/�

1.98E+02

1.65E+01

4/�

2.30E+02

2.00E+01

6/�

2.53E+02

1.81E+01

8/�

2.46E+02

3.62E+01

7/�

1.45E+02

7.91E+00

3

F10 5.97E+03

5.13E+02

10/�

2.09E+03

5.21E+02

2/�

5.21E+03

1.31E+03

7/�

5.90E+03

6.70E+02

9/�

4.12E+03

7.13E+02

3/�

4.17E+03

7.20E+02

4/�

5.87E+03

3.95E+02

8/�

4.19E+03

8.79E+02

5/�

4.49E+03

1.24E+03

6/�

1.14E+03

9.35E+02

1

F11 4.02E+03

3.42E+02

3/�

2.70E+03

6.16E+02

1/+

4.88E+03

6.00E+02

4/�

5.17E+03

1.32E+03

5/�

6.01E+03

9.34E+02

7/�

5.82E+03

1.62E+03

6/�

6.87E+03

5.02E+02

9/�

6.67E+03

4.16E+02

8/�

6.92E+03

3.97E+02

10/�

3.83E+03

2.14E+02

2

F12 1.02E+00

4.57E-01

3/�

1.44E+00

1.18E+00

5/�

5.13E-01

6.12E-01

2/�

1.21E+00

4.50E-01

4/�

2.42E+00

3.31E-01

8/�

2.09E+00

9.15E-01

6/�

2.40E+00

4.10E-01

7/�

2.59E+00

2.82E-01

10/�

2.56E+00

2.98E-01

9/�

1.08E-01

2.26E-01

1

F13 5.16E-01

6.17E-02

7/�

3.49E-01

7.67E-02

1/+

5.23E-01

3.40E-01

8/�

3.60E-01

7.15E-02

3/�

5.06E-01

2.00E-01

6/�

4.59E-01

7.64E-02

4/�

5.14E-01

2.34E-01

5/�

5.49E-01

9.21E-02

9/�

1.48E+00

3.96E-01

10/�

3.57E-01

7.69E-02

2

F14 4.76E-01

3.16E-01

3/�

2.35E+00

4.22E+00

9/�

6.85E-01

2.64E-02

7/�

4.71E-01

8.52E-02

2/�

5.24E-01

6.95E-02

5/�

5.15E-01

9.32E-02

4/�

5.41E-01

3.02E-01

6/�

8.04E-01

2.98E-01

8/�

8.01E+00

5.15E+00

10/�

2.51E-01

6.19E-02

1

F15 1.83E+01

7.16E+00

6/�

1.97E+01

1.24E+01

7/�

1.64E+01

1.91E+01

4/�

2.35E+01

6.00E+00

9/�

1.58E+01

5.84E+00

2/�

1.60E+01

8.37E+00

3/�

1.68E+01

2.36E+00

5/�

2.28E+01

9.86E+00

8/�

7.14E+01

4.56E+01

10/�

1.43E+01

3.17E+00

1

(continued on next page)
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Table 6 (continued)

Function MICA GWO ICA HHO SAP-Rao QO-Rao-2 RAO1 RAO2 RAO3 CCRAO

F16 1.30E+01

3.20E-01

4/�

1.07E+01

7.31E-01

2/�

1.32E+01

6.91E-01

5/�

1.37E+01

6.53E-01

6/�

1.28E+01

5.24E-01

3/�

1.28E+01

4.90E-01

3/�

1.28E+01

9.21E-01

3/�

1.28E+01

7.63E-01

3/�

1.28E+01

8.43E-01

3/�

1.03E+01

4.52E-01

1

F17 Hybrid 6.24E+05

6.89E+04

3/�

1.94E+06

1.74E+06

7/�

3.82E+06

2.86E+06

9/�

1.10E+05

9.31E+04

1/+

8.42E+05

1.36E+06

5/�

7.19E+05

1.94E+05

4/�

9.70E+05

5.12E+05

6/�

4.13E+06

2.62E+06

10/�

2.63E+06

7.89E+05

8/�

1.46E+05

9.66E+04

2

F18 3.14E+02

9.19E+01

3/�

1.16E+03

1.26E+03

6/�

3.04E+03

8.27E+02

7/�

2.38E+02

1.14E+06

2/�

6.69E+02

5.30E+03

5/�

5.43E+02

9.45E+03

4/�

1.98E+05

5.35E+05

8/�

2.97E+07

7.68E+07

9/�

3.71E+07

2.90E+07

10/�

1.24E+02

8.15E+01

1

F19 3.66E+01

1.95E+01

8/�

3.88E+01

2.14E+01

10/�

3.74E+01

1.13E+01

9/�

1.75E+01

1.83E+01

5/�

1.12E+01

1.23E+00

2/�

1.18E+01

1.76E+00

3/�

1.26E+01

1.72E+00

4/�

2.53E+01

3.53E+01

6/�

2.60E+01

2.21E+00

7/�

1.03E+01

3.41E+01

1

F20 7.75E+02

5.11E+01

1/+

1.40E+03

7.48E+02

5/�

1.45E+03

2.53E+03

6/�

2.60E+03

1.21E+03

8/�

1.34E+03

6.64E+02

4/�

7.95E+02

2.42E+02

2/�

1.51E+03

7.68E+02

7/�

4.19E+03

1.89E+03

10/�

3.82E+03

2.63E+03

9/�

8.87E+02

8.56E+01

3

F21 4.93E+05

3.83E+05

7/�

2.32E+05

2.30E+05

4/�

4.77E+05

2.56E+05

6/�

9.62E+05

5.65E+05

9/�

1.47E+05

6.94E+04

3/�

1.38E+05

1.49E+05

2/�

2.91E+05

1.90E+05

5/�

1.26E+06

1.36E+06

10/�

7.24E+05

4.02E+05

8/�

1.20E+05

6.93E+04

1

F22 5.02E+02

4.62E+02

7/�

2.60E+02

1.26E+02

1/+

7.14E+02

3.70E+02

10/�

2.74E+02

1.19E+02

3/�

4.40E+02

1.99E+02

5/�

3.97E+02

1.81E+02

4/�

5.90E+02

1.71E+02

8/�

4.62E+02

1.54E+02

6/�

6.71E+02

1.39E+02

9/�

2.65E+02

1.06E+02

2

F23 Composition 3.18E+02

7.24E-03

2/�

3.28E+02

4.13E+00

3/�

3.30E+02

4.55E+00

4/�

3.32E+02

6.16E+00

5/�

3.15E+02

6.89E-13

1/=

3.15E+02

6.10E-13

1/=

3.15E+02

9.54E-13

1/=

3.15E+02

8.90E-03

1/=

3.34E+02

8.15E+00

6/�

3.15E+02

4.21E-13

1

F24 2.11E+02

7.74E+00

3/�

2.00E+02

5.91E-04

1/=

2.15E+02

8.98E+00

4/�

2.08E+02

5.67E+00

2/�

2.00E+02

7.41E-02

1/=

2.00E+02

6.24E-02

1/=

2.39E+02

8.56E+00

6/�

2.23E+02

1.19E+01

5/�

2.00E+02

5.60E-02

1/=

2.00E+02

5.85E-02

1

F25 2.04E+02

3.90E+00

2/�

2.11E+02

1.88E+00

6/�

2.12E+02

7.32E+01

7/�

2.10E+02

1.89E+01

5/�

2.05E+02

6.47E+00

3/�

2.05E+02

3.34E+00

3/�

2.07E+02

5.21E+00

4/�

2.14E+02

5.10E+00

8/�

2.16E+02

4.42E+00

9/�

2.02E+02

8.01E-01

1

F26 1.03E+02

9.12E-02

2/�

1.10E+02

3.15E+01

6/�

1.09E+02

5.14E-01

5/�

1.06E+02

1.42E-01

3/�

1.10E+02

2.25E-01

6/�

1.08E+02

2.78E-01

4/�

1.24E+02

8.10E+01

8/�

1.63E+02

1.08E+02

9/�

1.14E+02

2.45E+01

7/�

1.00E+02

1.98E-01

1

F27 7.05E+02

9.16E+01

5/�

6.02E+02

9.77E+01

3/�

1.34E+03

2.78E+02

9/�

1.95E+03

1.90E+02

10/�

6.57E+02

2.14E+02

4/�

5.41E+02

2.32E+02

1/+

7.71E+02

1.86E+02

6/�

9.69E+02

2.00E+02

7/�

1.01E+03

8.68E+01

8/�

5.48E+02

9.20E+01

2

F28 1.30E+03

8.02E+02

8/�

8.89E+02

5.31E+01

3/�

2.62E+03

5.05E+02

10/�

7.68E+02

9.40E+02

2/�

9.40E+02

7.31E+02

5/�

9.32E+02

6.45E+02

4/�

1.26E+03

3.42E+02

7/�

9.90E+02

8.25E+01

6/�

1.35E+03

3.47E+02

9/�

6.56E+02

3.46E+01

1

F29 2.28E+06

1.14E+06

4/�

9.92E+04

1.61E+05

1/+

2.49E+06

2.33E+06

6/�

5.61E+05

2.13E+05

3/�

2.45E+06

1.28E+06

5/�

2.70E+06

1.14E+06

7/�

9.49E+06

8.00E+06

10/�

3.61E+06

3.37E+06

9/�

3.12E+06

3.49E+06

8/�

4.00E+05

5.69E+05

2

F30 7.24E+03

4.51E+03

3.72E+04

3.51E+04

1.20E+04

1.13E+04

5.95E+04

3.06E+04

3.59E+03

1.42E+03

3.16E+03

1.30E+04

2.19E+04

2.35E+04

4.39E+03

1.38E+03

9.81E+03

6.79E+03

3.40E+03

1.86E+03

1
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Table 6 (continued)

Function MICA GWO ICA HHO SAP-Rao QO-Rao-2 RAO1 RAO2 RAO3 CCRAO

5/� 9/� 7/� 10/� 3/� 1/+ 8/� 4/� 6/� 2

+/�/= 2/28/0 5/24/1 0/30/0 3/27/0 0/28/2 3/25/2 0/29/1 0/29/1 0/29/1 —

Nb/Mr 2/4.5333 5/4.6667 0/6.4667 2/4.9333 2/4.0667 5/3.1667 1/5.9333 1/7.30 1/8.0 19/1.4667

Final rank 4 5 8 6 3 2 7 9 10 1

Table 7 Brief results of CEC2014 test functions for various algorithms when D = 50.

Function MICA GWO HHO ICA SAP-Rao QO-Rao-2 CCRAO

F1 Unimodal 9.32E+06

3.61E+06

3/�

8.14E+08

7.29E+06

7/�

1.05E+07

1.14E+07

4/�

3.17E+07

4.82E+06

6/�

1.75E+07

2.64E+06

5/�

3.65E+06

2.16E+06

2/�

2.17E+06

1.37E+06

1

F2 3.75E+03

5.81E+03

2/�

3.27E+09

1.68E+09

7/�

2.62E+06

2.47E+05

6/�

4.91E+03

2.57E+03

3/�

8.19E+04

4.25E+03

5/�

5.50E+03

6.95E+03

4/�

2.89E+03

3.23E+03

1

F3 8.45E+03

5.24E+03

4/�

8.34E+04

5.14E+03

7/�

4.58E+03

5.93E+02

3/�

6.29E+04

1.12E+04

6/�

9.48E+03

7.53E+02

5/�

1.80E+03

1.46E+03

2/�

9.95E+02

2.45E+02

1

F4 Simple

Multimodal

2.04E+02

6.73E+01

6/�

6.78E+02

5.13E+01

7/�

8.75E+01

3.29E+01

3/�

1.35E+02

7.28E+01

5/�

9.20E+01

6.43E+01

4/�

8.32E+01

4.91E+01

2/�

5.78E+01

2.28E+01

1

F5 2.10E+01

4.92E�02

3/+

2.11E+01

5.25E�02

4/=

2.10E+01

3.82E�02

3/+

2.08E+01

4.19E�03

2/+

2.13E+01

5.69E�02

5/�

2.07E+01

5.25E�02

1/+

2.11E+01

1.75E�02

4

F6 2.79E+01

5.29E+00

3/�

3.65E+01

7.24E+00

6/�

8.37E�01

7.59E�01

1/+

3.15E+01

9.73E+00

5/�

4.33E+01

6.51E+00

7/�

2.82E+01

5.12E+00

4/�

2.71E+01

4.56E+00

2

(continued on next page)
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Table 7 (continued)

Function MICA GWO HHO ICA SAP-Rao QO-Rao-2 CCRAO

F7 8.49E�03

8.53E�03

4/�

3.21E+01

9.18E+00

7/�

3.66E�03

9.72E�04

2/+

9.48E�02

6.64E�03

5/�

1.80E�01

5.36E�02

6/�

7.99E�13

2.64E�13

1/+

4.18E�03

9.13E�03

3

F8 3.56E+01

2.00E+01

4/�

1.42E+02

3.55E+01

7/�

4.03E+01

1.78E+01

5/�

2.70E+01

2.18E+01

3/�

5.74E+01

6.77E+01

6/�

8.20E�13

5.39E�14

1/+

2.61E+01

3.12E+01

2

F9 1.95E+02

3.82E+01

1/+

2.27E+02

3.69E+01

2/�

5.94E+02

8.64E+01

6/+

8.93E+02

5.34E+01

7/�

5.39E+02

1.45E+02

4/�

5.63E+02

3.47E+01

5/�

3.89E+02

2.29E+01

3

F10 1.39E+04

8.24E+02

3/�

8.27E+03

6.96E+02

1/+

3.60E+04

6.73E+02

4/�

7.19E+04

5.16E+03

6/�

3.27E+05

9.50E+04

7/�

5.66E+04

5.35E+02

5/�

1.22E+04

5.18E+02

2

F11 4.74E+04

5.89E+03

5/�

6.42E+04

8.14E+02

7/�

2.75E+04

1.15E+03

3/�

5.35E+04

1.98E+03

6/�

2.48E+04

1.35E+03

2/�

3.90E+04

3.81E+02

4/�

1.27E+04

2.86E+02

1

F12 3.72E+00

2.86E�01

4/�

3.40E+00

4.00E�01

2/+

4.01E+00

8.49E�01

6/�

8.35E�01

9.47E�02

7/�

3.86E+00

5.34E�01

5/�

3.00E+00

5.14E�01

1/+

3.45E+00

2.46E�01

3

F13 5.45E�01

2.95E�01

5/�

5.12E�01

4.62E�02

4/�

4.85E�01

6.98E�02

2/�

6.31E�01

1.96E�01

7/�

4.90E�01

5.93E�02

3/�

5.68E�01

1.10E�01

6/�

4.58E�01

8.53E�02

1

F14 5.00E�01

1.87E�01

5/�

5.18E�01

9.02E�02

6/�

3.72E�01

9.61E�02

2/�

5.80E�01

3.14E�01

7/�

3.75E�01

9.43E�02

3/�

4.54E�01

8.47E�02

4/�

3.50E�01

1.46E�01

1

F15 5.74E+01

6.11E+00

4/�

1.83E+02

5.37E+01

7/�

6.35E+01

7.20E+00

5/�

9.81E+01

2.20E+01

6/�

2.26E+01

1.87E+01

1/+

5.59E+01

6.63E+00

3/�

3.49E+01

3.03E+00

2

F16 2.18E+01

7.21E�01

3/�

2.18E+01

6.92E�01

3/�

3.09E+01

4.41E�01

4/�

2.15E+01

7.13E�01

1/=

2.16E+01

5.82E�01

2/�

2.15E+01

8.75E�01

1/=

2.15E+01

4.60E�01

1

F17 Hybrid 6.59E+06

9.01E+05

5/�

5.24E+07

8.75E+06

7/�

5.43E+06

4.95E+06

4/�

8.20E+06

3.45E+06

6/�

1.57E+06

1.93E+06

1/+

4.73E+06

2.36E+06

3/�

1.87E+06

1.07E+06

2

F18 4.58E+02

3.26E+02

4/�

3.99E+03

6.74E+02

5/�

3.52E+02

2.84E+02

2/�

5.97E+03

1.63E+03

7/�

3.72E+02

7.40E+02

3/�

5.35E+03

1.90E+03

6/�

2.80E+02

2.91E+02

1

F19 5.28E+01

3.44E+01

4/�

9.26E+01

4.35E+01

7/�

2.85E+01

6.55E+00

3/�

7.86E+01

2.32E+00

6/�

6.25E+01

4.79E+00

5/�

1.82E+01

2.73E+00

2/�

1.21E+01

1.60E+00

1

F20 2.40E+03

9.32E+02

2/+

2.19E+03

1.05E+03

1/+

1.29E+04

5.63E+03

5/�

8.44E+04

6.29E+04

7/�

5.38E+04

4.42E+03

6/�

2.94E+03

2.56E+03

3/+

3.15E+03

2.63E+03

4

F21 1.83E+06

6.26E+05

3/�

2.79E+07

3.51E+05

7/�

2.46E+06

4.80E+06

5/�

1.87E+06

6.10E+05

4/�

3.20E+05

8.35E+05

1/+

3.97E+06

9.62E+05

6/�

9.64E+05

4.42E+05

2
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Table 7 (continued)

Function MICA GWO HHO ICA SAP-Rao QO-Rao-2 CCRAO

F22 9.47E+02

3.95E+02

1/+

1.00E+03

3.13E+02

2/+

2.04E+03

7.49E+02

5/+

1.75E+03

5.58E+02

4/�

9.18E+03

9.42E+02

7/�

6.26E+03

7.41E+02

6/�

1.33E+03

1.90E+02

3

F23 Composition 3.46E+02

8.16E�01

2/�

3.44E+02

3.18E�10

1/=

3.50E+02

6.54E�10

3/�

3.50E+02

5.21E�04

3/�

3.52E+02

3.47E�02

4/�

3.44E+02

7.49E�13

1/=

3.44E+02

5.45E�13

1

F24 2.95E+02

4.22E+00

6/�

2.84E+02

5.11E+00

4/�

3.16E+02

5.98E+00

7/�

2.90E+02

6.47E+00

5/�

2.80E+02

3.11E+00

3/�

2.62E+02

1.30E+01

1/+

2.79E+02

2.82E+00

2

F25 2.20E+02

1.13E+01

4/�

2.25E+02

6.92E+00

5/�

2.20E+02

8.93E�01

4/�

2.30E+02

9.19E+00

6/�

2.18E+02

6.72E+00

2/�

2.19E+02

7.30E+00

3/�

2.13E+02

5.90E+00

1

F26 1.66E+02

5.02E+01

2/+

1.56E+02

6.87E+01

1/+

1.86E+02

6.78E+01

5/�

1.68E+02

5.84E+01

3/+

2.32E+02

2.40E+01

7/�

1.93E+02

7.02E�02

6/�

1.71E+02

4.84E+01

4

F27 1.18E+03

4.57E+02

3/�

6.99E+02

1.80E+02

1/+

3.75E+03

1.09E+02

5/�

1.92E+03

8.67E+01

4/�

5.78E+03

9.35E+03

6/�

6.18E+03

4.91E+02

7/�

1.11E+03

1.17E+02

2

F28 2.30E+03

5.49E+02

2/�

9.25E+03

3.65E+02

7/�

5.82E+03

5.45E+02

5/�

6.34E+03

1.07E+03

6/�

4.26E+03

9.47E+02

3�

5.17E+03

9.86E+01

4/�

2.04E+03

7.02E+02

1

F29 3.58E+07

1.05E+07

5/�

3.72E+08

2.83E+07

7/�

9.26E+06

8.64E+05

3/+

4.55E+06

7.86E+05

1/+

5.86E+07

3.34E+07

6/�

8.54E+06

3.62E+06

2/+

2.78E+07

1.91E+07

4

F30 3.87E+04

2.10E+04

4/�

6.98E+04

2.36E+04

5/�

9.53E+04

5.41E+03

7/�

2.85E+04

1.26E+04

3/�

8.62E+04

1.53E+04

6/�

2.48E+04

1.30E+04

2/�

1.94E+04

9.86E+03

1

+/�/= 5/25/0 6/22/2 6/24/0 3/26/1 3/27/0 7/21/2 -

Nb/Mr 2/3.5333 5/4.8000 1/4.0667 2/4.9000 3/4.4333 7/3.2667 14/1.9333

Final rank 3 6 4 7 5 2 1
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Table 8 The competitive results of Wilcoxon’s test and

performance of CCRAO versus other algorithms.

Corresponding algorithm CCRAO versus

D = 50 D = 30

p-values

MICA 1.7800E-05 3.5021E-06

GWO 1.3856E-05 5.8009E-06

HHO 8.8801E-07 2.9014E-09

ICA 9.2327E-08 6.0528E-10

SAP-Rao 3.3985E-06 5.9755E-08

QO-Rao-1 0.0053 9.1614E-04

Fig. 4 The pressu

Table 9 Optimal results of various optimizers for the problem 1.

Methods Best Mean

T-Cell [62] 6390.554 6737.0

Sinusodial FFA [63] 6059.71441707 6061.2

CPSO [64] 6061.0777 6147.1

DHOA [65] 6103.842 N.A.

NHAIS-GA [66] 6061.1229 6743.0

G-QPSO [61] 6059.7208 6440.3

QS [67] 6059.714 6060.9

CSA [60] 6059.71436343 6342.4

CB-ABC [68] 6059.714335 6126.6

HAIS-GA [69] 6832.584 7187.3

QPSO [61] 6059.7209 6440.3

BFOA [70] 6060.460 6074.6

ES [71] 6059.746 6850.0

CDE [72] 6059.7340 6085.2

GA3 [73] 6288.7445 6293.8

EO [74] 6059.7143 6668.1

CVI-PSO [75] 6059.7143 6292.1

PVS [76] 6059.714 6065.8

BA [77] 6059.7143348 6179.1

BIANCA [78] 6059.9384 6182.0

UPSO [79] 6154.70 8016.3

DEC-PSO [80] 6059.714335 6060.3

GA4 [81] 6059.9463 6177.2

ABC [82] 6059.714339 6245.3

Rao-1 [50] 6059.714334 6069.2

Rao-2 [50] 6059.714334 6062.0

Rao-3 [50] 6059.714334 6061.8

CCRAO 6059.71433 6060.2
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the mean coil diameter, and d or y1 shows the wire diameter.
The nonlinear objective function of the problem with the sev-
eral various inequality constraints are provided by following

equations [60]:
Minimize:

f Yð Þ ¼ y3 þ 2ð Þy2y21 ð26Þ
Subject to:

g1 Yð Þ ¼ 1� y32y3
71; 785y41

6 0; ð27Þ
re vessel design.

Worst Std.

65 7694.066 357

5542415 6090.52625202 6.88963799

332 6363.8041 86.4545

N.A. N.A.

848 7368.0602 457.99

786 7544.4925 448.4711

47 6090.526 N.A.

9910551 7332.8416211 384.94541634

23676 N.A. 1.14E + 02

14 8012.615 276

786 8017.2816 479.2671

25 N.A. 156

0 7332.87 426

303 6371.0455 43.013

432 6308.4970 7.4133

14 7544.4925 566.24

231 6820.4101 288.4550

77 6090.526 N.A.

3 6318.95 137.223

022 6447.3251 122.3256

7 9387.77 745.869

3057699 6090.52620169 4.35745530

533 6469.3220 130.9297

08144 N.A. 2.05E + 02

30694 6093.903548 10.451664

55668 6090.526202 7.171409

83052 6090.526202 7.810982

8032 6075.93125 2.8927



Table 10 The best solutions for the problem 1.

Design variables CCRAO

y1 0.8125

y2 0.4375

y3 42.098445590

y4 176.63659592

g1(Y) �1.130000537585829e-10

g2(Y) �0.035880829071400

g3(Y) �2.788752317428589e-05

g4(Y) �63.363404080000009

Best 6059.71433

Fig. 5 Schematic of the three-bar truss design.

Table 12 The best solutions for the optimal design problem 2.

Design variables CCRAO

y1 0.7886740

y2 0.40825150

g1(Y) �3.091606970428984e-10

g2(Y) �1.464097966658180

g3(Y) �0.535902033650981

Best 263.89584

Fig. 6 The welded beam optimal design.
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g2 Yð Þ ¼ 4y22 � y1y2
12; 566 y31y2 � y41ð Þ þ

1

5; 108y21
� 1 6 0; ð28Þ

g3 Yð Þ ¼ 1� 140:45y1
y22y3

6 0; ð29Þ
Table 11 Optimal results of various optimizers applied to the prob

Methods Best Mean

CS [85] 263.97156 264.0669

SFO [86] 263.89592128 N.A.

SBO [87] 263.8958466 263.9033

MBA [83] 263.895852 263.8979

CSA [60] 263.8958433765 263.8958

RL-BA [84] 263.89584 263.9003

SDO [88] 263.895843 263.8958

PSO-DE [88] 263.89584338 263.8958

DSS-MDE [89] 263.8958434 263.8981

HEAA [90] 263.895843 263.8958

Rao-1 [50] 263.895841 263.8962

Rao-2 [50] 263.895846 263.8974

Rao-3 [50] 263.895843 263.8972

CCRAO 263.89584 263.8958
g4 Yð Þ ¼ y1 þ y2
1:5

� 1 6 0: ð30Þ

0:05 6 y1 6 22 6 y3 6 150:25 6 y2 6 1:3 ð31Þ
In Table 15 the simulation results of the CCRAO for the

problem 4 are given when a comparison is made between them
and those of numerous standard algorithms mentioned in
lem 2.

Worst Std.

N.A. 9.0e-05

N.A. N.A.

5672 263.96975638 1.3E-02

96 263.915983 3.93E � 03

433765 263.8958433770 1.0123E-10

263.924700 6.06E � 03

45 263.895847 1.12e-06

4338 263.89584338 1.2E-10

518 263.95226 9.19E-03

65 263.896099 4.9e-05

07 263.897166 3.7109E-04

69 263.899734 1.0976E-03

43 263.899650 1.0390E-03

42 263.895843 3.9286E-07



Table 13 Optimal results of various optimizers for the problem 3.

Methods Best Mean Worst Std.

HGSO [91] 1.7260 1.7265 1.7325 7.66E-03

MRFO [92] 1.7248523 1.7248547 1.7248648 3.832E-06

BA [77] 1.7312065 1.8786560 2.3455793 2.677989E-01

EO [74] 1.724853 1.726482 1.736725 3.257E-03

IPSO [93] 2.3810 2.3819 N.A. 5.23E-03

BFOA [70] 2.3868 2.4040 N.A. 1.6E-02

GA4 [81] 1.728226 1.792654 1.993408 7.47E-02

CPSO [81] 1.728024 1.748831 1.782143 1.2926E-02

LFD [94] 1.77 2.30 3.04 3.16E-01

HSA-GA [95] 2.2500 2.26 2.28 7.8E-03

T-Cell [62] 2.3811 2.4398 2.7104 9.314E-02

RAER [96] 2.3816 N.A. 2.38297 3.4E-04

CDE [72] 1.73346 1.768158 1.824105 2.2194E-02

(l + k)-ES [97] 1.724852 1.777692 N.A. 8.8E-02

HPSO [98] 1.724852 1.749040 1.814295 4.01E-02

SBO [89] 2.3854347 3.0025883 6.3996785 9.59E-01

SBM [99] 2.4426 2.5215 2.6315 N.A.

UPSO [64] 1.92199 2.83721 N.A. 6.83E-01

FSA [100] 2.3811 2.4041 2.4889 N.A.

SFO [88] 1.73231 N.A. N.A. N.A.

EPSO [101] 1.7248530 1.7282190 1.7472200 5.62E-03

Sinusodial FFA [63] 1.724868 1.724953 1.724868 4.6E-05

WCA [102] 1.724856 1.726427 1.744697 4.29E-03

CVI-PSO [75] 1.724852 1.725124 1.727665 6.12E-04

PFA [103] 1.7248530 N.A. N.A. N.A.

BIANCA [78] 1.725436 1.752201 1.793233 2.3001E-02

GWO [58] 1.72624 N.A. N.A. N.A.

Rao-1 [50] 1.724852 1.724852 1.724852 1.1387E-08

Rao-2 [50] 1.724852 1.724852 1.724852 1.0219E-08

Rao-3 [50] 1.724852 1.724852 1.724852 5.1434E-08

CCRAO 1.724852 1.724852 1.724852 9.7241E-09
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Table 15. As per Table 15, the value of the fitness function
obtained using CCRAO is 0.012665. Furthermore, CCRAO

is recommended as one of the most reliable and robust
approaches so that the typical problem can be solved. Table 16
tabulates the best solutions found for the problem 4.

4.3.5. Optimal designing of a gear train

Fig. 8 illustrates the schematic of a gear train optimal design
(problem 5). The problem tries to give the best cost of the gear

ratio of this system and includes only boundary limits of
Table 14 The best solutions in the optimization problem 3.

Design variables CCRAO

y1 0.2057296398

y2 3.47048866550

y3 9.0366239101

y4 0.20572963980

g1(Y) �2.265333023387939e-07

g2(Y) �3.193272277712822e-07

g3(Y) 0.0

g4(Y) �3.432983785311915

g5(Y) �0.08072963980

g6(Y) �0.235540322584496

g7(Y) �1.105492628994398e-06

Best 1.724852
parameters. Parameters nA (y1), nD (y4), nC (y3), and nB (y2)
are discrete decision variables as each gear should consist of

an integral number of teeth. The objective function has been
shown as [60]:

Minimize:

f Yð Þ ¼ 1

6:931

� 
� y2y3

y1y4

� � 2

ð32Þ

12 6 yi 6 60; i ¼ 1; 2; 3; 4:

Table 17 lists the CCRAO simulation results of the problem
5. The table also compares the results with those of standard

algorithms such as UPSO [79], MBA [83], CS [85]. Based on
Table 17, the fitness function value found by CCRAO is
2.700857e-12. The suggested CCRAO provides the most

reliable and robust approach to solve the optimization
problem. Moreover, Table 18 finds the best solutions for the
problem 5.

4.4. Discussions and prospect of the future

CCROA, several ROA algorithms, and some other algorithms
are applied to five well-known engineering problems using

CEC2014 standard benchmarks to make a comparison
between them. According to this comparison one can observe
that the proposed CCROA performs more acceptable and pro-

vides outstanding results besides showing great potential from



Fig. 7 The tension/compression spring optimal design.

Table 15 Optimal results of various optimizers for the problem 4.

Methods Best Mean Worst Std.

EO [74] 0.012666 0.013017 0.013997 3.91E-04

BFOA [72] 0.012671 0.012759 N.A. 1.36E-04

T-Cell [62] 0.012665 0.012732 0.013309 9.4E-05

CDE [72] 0.012670 0.012703 0.012790 2.07E-05

CPSO [64] 0.0126747 0.012730 0.012924 5.19E-05

SI [104] 0.013060 0.015526 0.018992 N.A.

CA [105] 0.012721 0.013568 0.0151156 8.4E-04

(l + k)-ES [97] 0.012689 0.013165 N.A. 3.9E-04

GA4 [81] 0.012681 0.012742 0.012973 9.5E-05

GA3 [73] 0.0127048 0.012769 0.012822 3.93E-05

HPSO [98] 0.0126652 0.0127072 0.0127190 1.58E-05

LFD [94] 0.0127 0.0138 0.0156 9.82E � 04

G-QPSO [61] 0.012665 0.013524 0.017759 1.268E-03

SBO [89] 0.012669249 0.012922669 0.016717272 5.92E-04

DSS-MDE [54] 0.012665233 0.012669366 0.012738262 1.25E-05

HGA [106] 0.012668 0.013481 0.016155 N.A.

UPSO [79] 0.01312 0.02294 N.A. 7.2E-03

GWO [58] 0.0126660 N.A. N.A. N.A.

SDO [86] 0.0126663 0.0126724 0.0126828 6.1899E-06

PFA [103] 0.01266528 N.A. N.A. N.A.

CVI-PSO [75] 0.0126655 0.012731 0.0128426 5.58E-05

Sinusodial FFA [63] 0.0126660517 0.0127072216 0.0127680353 2.57941E-05

DDAO [107] 0.0129065 0.0151829 0.0173199 1.26E-03

BA [77] 0.01266522 0.01350052 0.0168954 1.42027E-03

QS [67] 0.012665 0.012666 0.012669 N.A.

WCA [102] 0.012665 0.012746 0.012952 8.06E-05

BIANCA [78] 0.012671 0.012681 0.012913 5.1232E-05

Rao-1 [50] 0.012666 0.012712 0.012846 3.6195E-05

Rao-2 [50] 0.012669 0.013232 0.030455 2.5886E-03

Rao-3 [50] 0.012672 0.013086 0.017773 1.2062E-03

CCRAO 0.012665 0.012666 0.012668 2.1639e-06
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exploration and exploitation aspects when applied to real-
parameter (shifted) multimodal and enlarged multimodal func-

tions, as well as in real-parameter unimodal functions.
Concerning the obtained results, it is seen on real-

parameter composite and hybrid functions demonstrate that

the CCRAO algorithm balances exploration and exploitation
phases. CCRAO’s average optimization results and standard
deviation are like those generated by the modern optimizers.
Convergence speed of CCROA is also much better than other
algorithms. Therefore, CCRAO algorithm can be adopted for

to complex objective functions of science and engineering fields
in the upcoming years. In future works, researchers can focus
on the impact of spirals on CCRAO’s performance. Addition-

ally, the authors recommend utilizing certain operators when
solving multi-objective algorithms using the CCRAO
algorithm.



Table 16 The best solutions for the design problem 4.

Design variables CCRAO

y1 0.0516233836

y2 0.35513835890

y3 11.382241176

g1(Y) �2.217884273347792e-06

g2(Y) �3.187804137771977e-06

g3(Y) �4.050626575050973

g4(Y) �0.728825505000000

Best 0.012665

Table 18 The best solutions in

the problem 5.

Design variables CCRAO

y1 43

y2 19

y3 16

y4 49

Best 2.700857e-12
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5. Conclusion

The present study introduces a new colonial competitive opti-

mizer using three modified RAO metaphor-less algorithms,
called CCRAO. The CCRAO algorithm is investigated and
modeled using mathematical equations. The standard

CEC2014 functions with 30 and 50 dimensions are adopted
to validate the algorithm and its convergence rate. To delve
deeper into the applications of the suggested algorithm, several
engineering optimization problems were incorporated, includ-

ing optimal designs of a three-bar truss, gear train welded
Fig. 8 Schematic of the ge

Table 17 Optimal results of various optimizers for the problem 5.

Methods Best Mean

CS [85] 2.7009E-12 1.9841E

UPSO [79] 2.700857E-12 3.80562

MBA [83] 2.700857E-12 2.47163

Rao-1 [50] 2.7009E-12 9.6288E

Rao-2 [50] 2.7009E-12 5.7864E

Rao-[50] 2.7009E-12 1.2022E

CCRAO 2.700857E-12 3.5216E
beam, pressure vessel, and tension/compression spring to show
the optimization power of CCRAO. To prove the superiority

of the CCRAO algorithm, a comprehensive analysis is per-
formed to compare it with other popular modern algorithms.
According to a comparative statistical analysis, the CCRAO

algorithm is highly effective in finding optimal solutions with
higher rates of convergence. The high performance of the
CCRAO algorithm from convergence aspect, local optima

avoidance, exploration and exploitation was shown in this
study. The algorithm presented acceptable performance when
adopting for solving practical engineering problems. Accord-
ing to simulations, the suggested CCRAO algorithm shows
ar train optimal design.

Worst Std.

-9 2.3576E-9 3.5546E-9

E-8 N.A. 1.09E-07

5E-9 2.06290E-8 3.94E-09

-08 1.2045E-06 2.6504E-07

-08 8.9490E-07 1.6169E-07

-07 8.9490E-07 2.5475E-07

-10 1.0063E-09 3.5216E-10
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robust and powerful performance when dealing with optimiza-
tion problems.
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