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Abstract
This work proposes a novel reptile search algorithm (RSA) to solve optimization problems called reinforcement reptile

search algorithm (RLRSA). The basic RSA performs exploitation through highly walking in the first half of searching

process while the exploration phase is executed through the hunting phase in the second half. Therefore, the algorithm is

not able to balance exploration and exploitation and this behavior results in trapping in local optima. A novel learning

method based on reinforcement learning and Q-learning model is proposed to balance the exploitation and exploration

phases when the solution starts deteriorating. Furthermore, the random opposite-based learning (ROBL) is introduced to

increase the diversity of the population and so enhance the obtained solutions. Twenty-three typical benchmark functions,

including unimodal, multimodal and fixed-dimension multimodal functions, were employed to assess the performance of

RLRSA. According to the findings, the RLRSA method surpasses the standard RSA approach in the majority of benchmark

functions evaluated, specifically in 12 out of 13 unimodal functions, 9 out of 13 multimodal functions, and 8 out of 10 fixed

multimodal functions. Furthermore, the RLRSA is applied to vessel solve pressure and tension/compression spring design

problems. The results show that RLRSA significantly found the solution with minimum cost. The experimental results

reveal the superiority of the RLRSA compared to RSA and other optimization methods in the literature.

Keywords Optimization algorithms � Reptile search algorithm (RSA) � Metaheuristics � Reinforcement learning

1 Introduction

Optimizations techniques categorized into two main cate-

gories are deterministic and stochastic methods. Deter-

ministic techniques are partitioned into nonlinear and linear

techniques [1]. The conventional methods utilize gradient

learning to navigate through the search space with the goal

of identifying the best possible solution [2, 3]. However,

the deterministic techniques are very useful for unimodal

search problems (linear), they are sensitive for trapping in

local minima if they are implemented for multimodal

search problems (nonlinear). This obstacle was solved by

developing several techniques based on modification or

hybridization of algorithm [4].

Stochastic methods employ randomized search param-

eters to explore the search space and identify a solution that

is close to optimal [5]. The most common stochastic

technique is metaheuristic techniques which have the

advantage of easy implementation, simplicity, flexibility

and independency to the problem [6–8]. Lately, meta-

heuristic algorithms were proposed to find solution for

complex optimization problems [8, 9] [10]. Metaheuristic

algorithm finds the near optimal solution with accept-

able accuracy in a reasonable time.

Metaheuristic technique has two main merits that are

diversification (exploration) and intensification (exploita-

tion) [8]. Diversification search scheme explores the search

space widely; however, intensification intensifies the

searching process in a narrow region of the promising

solutions to obtain the best solution. Metaheuristic
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algorithms can be grouped into four essential classes [11]:

(1) swarm-based intelligence (SI) [12], (2) human-based

methods (HM) [13], (3) physics-based methods (PM) [14],

and (4) evolutionary-based algorithms (EA) [15].

SI mimics the social behavior of some animal swarms

such as herds, flocks and schools where communications

between animals are the main characteristics and this

behavior is emulated via optimization operation. The par-

ticle swarm optimization (PSO) algorithm is an example of

a stochastic method within this category [16], whale opti-

mization algorithm (WOA) [17], reptile search algorithm

(RSA) [18], moth–flame optimization algorithm [19],

Harris hawk optimization algorithm [20], salp optimization

algorithm [21], bat optimization algorithm [22], and gray

wolf optimization algorithm [23].

HMs mimic the behavior of human communication in

communities. The most common HM algorithms are

teaching learning-based optimization (TLBO) [24], brain

storm optimization algorithm [25], human mental search

[26], poor and rich optimization algorithm [27], simple

human learning algorithm [28], and imperialist competitive

algorithm (ICA) [29].

PMs’ search strategy is mimicked by the physical and

mathematical laws in life. The most common PM algo-

rithms are simulated annealing (SA) [30], sine–cosine

optimization algorithm (SCA) [31], gravitational search

algorithm (GSA) [32], arithmetic optimization algorithm

(AOA) [33], electromagnetic field optimization [34], ions

motion optimization algorithm [35], and Henry gas solu-

bility optimization [36]. EAs simulate the attitude of nat-

ural evolution where it uses the operators such as mutation

and crossover which is inspired by biology. The most

common EA algorithms are genetic algorithm (GA) [37],

differential evolution (DE) [38], and evolution strategy

(ES) [39].

The after-mentioned metaheuristic methods are being

used to solve various optimization problems in different

areas such as bioinformatics [40–46], photovoltaic design

[47, 48], fuel cell design [49, 50], PID controller design

[51–54], passive suspension system design [55, 56], com-

binatorial optimization problems [57], structural design

[58], image watermarking [59, 60], image segmentation

[61, 62], mining high-utility item sets [63], privacy-pre-

serving data mining [64, 65], maximization occupancy of

GPU [66, 67], human activity recognition [68], fuel cell

[49, 69], exploiting GPU parallelism technique using MA

[70], and others. While these algorithms have shown suc-

cess in solving various optimization problems, it is widely

acknowledged, as per the no-free-lunch theory of opti-

mization, that no single algorithm can attain the optimal

solution for all optimization problems [71].

The reptile search algorithm (RSA) is a recently

developed population-based metaheuristic algorithm that

models the hunting behavior of crocodiles [18]. The main

advantages of RSA are concluded as achieving a near

optimum solution with reasonable quality for the tested

optimization problems, ease of implementation and its

control parameters are few. These advantages motivate

many researchers to use it for optimization of many engi-

neering problems such as optimize an adaptive neuro-fuzzy

inference system (ANFIS) to predict the swelling poten-

tiality for fine-grained soils in the foundation bed [72],

optimization of switching angle of the selective harmonic

elimination (SHE) [73], parameter extraction of photo-

voltaic models [74], structure design optimization [75],

routing and clustering in cognitive radio sensor network

[76], and image retrieval [77].

However, there are some disadvantages of RSA such as

the influence of objective value on the updating mechanism

of solution, self-learning mechanism vanish, slow conver-

gence, poor balancing mechanism between exploitation

and exploration, and high chance for trapping in local

optima. These drawbacks motivated many researchers to

enhance the behavior of RSA.

In [78], RSA was enhanced by using Levy flight and

crossover strategy (LICRSA) to improve the poor and slow

convergence accuracy of optimization problems. Levy

flight was used to increase the flexibility and variety of

solutions to ban early convergence and enhance the

robustness of the solution. LICRSA was applied to solve

CEC2020 functions and 5 mechanical engineering opti-

mization problems against other methods from the litera-

ture. LICRSA had superiority and powerful stability for

gripping the engineering optimization problems. Further-

more, RSA has been utilized in power system applications

to estimate the parameters of a PID controller, where it

incorporates the Levy flight and Nelder–Mead algorithm

[79]. Besides, an integration of RSA and Levy flight was

presented for parameters estimation of PID controller for

vehicle cruise control system [80].

A hybrid between RSA and remora optimization algo-

rithm (ROA) was presented to enhance the data clustering

process of data mining [81]. The proposed hybrid methods

avoid the weakness of RSA and enhance the quality of

found solution. The proposed method was tested on 20

mathematical benchmark functions and 8 data clustering

problems where it beats comparative methods in terms of

accuracy of the obtained solution. A binary RSA version

was implemented based on different chaotic maps (CRSA)

to solve feature selection problem in machine learning

[82]. Three objectives combined as objective function were

maximization of classification accuracy, produced wrapper

models’ complexity, and the size of features. Twenty UCI

datasets were applied as test data and the results shown the

superiority of CRSA over well-known techniques in the

literature.
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To tackle the feature selection problem in telecommu-

nication applications, RSA has been combined with the ant

colony optimization (ACO) algorithm [83]. Seven cus-

tomer churn prediction datasets were used as test data for

evaluation of ACO–RSA FS technique where its perfor-

mance beat that of other comparative algorithms. In [84],

the weakness of conventional RSA was enhanced based on

mutation technique. The proposed algorithm is evaluated

using CEC2019 benchmark functions and 5 industrial

engineering optimization design problems. Snake opti-

mizer (SO) algorithm was merged with RSA in parallel

manner to achieve the optimal features subset in a given

datasets [85]. The ideas of hybridization avoid RSA for

trapping in local optima by enhancing the balancing

between exploration and exploitation of the search space.

A modified version of RSA was presented to enhance

the population diversity using an adaptive chaotic reverse

learning strategy [86]. In addition, the elite alternative

pooling strategy is introduced to balance between

exploitation and exploration process. The improved algo-

rithm was evaluated using both benchmark CEC2017

functions and the robot path planning problem, and it

demonstrated superior performance in comparison to other

algorithms in terms of accuracy, convergence speed, and

stability. In [87], RSA was enhanced by merging the chaos

theory to enhance the exploration capability while simu-

lated annealing algorithm was used to avoid trapping in

local optima. The proposed technique’s performance was

evaluated to optimize the feature selection of medical

datasets. However, these trials of enhancement of RSA

achieve a reasonable accuracy of the obtained solutions but

still trials to enhance the avoidance of RSA from trapping

in local optima and quick the convergence rate. This paper

aims to hybrid the reinforcement learning technique and

opposition operators to enhance the performance of RSA.

Reinforcement learning (RL) which is a category of

machine learning is used to solve many optimization

problems [88]. Machine learning techniques categorized

into four kinds are supervised learning, semi supervised

learning, unsupervised learning, and reinforcement learn-

ing (RL). In RL techniques, the agents are learned to be

trained on the optimal behavior in the ganglion environ-

ment. The agents are trained to use their training knowl-

edge the ulterior actions. Two categories of RL algorithms

are model-based and model-free approaches. The model-

free approach can be categorized into two kinds which are

policy-based and value-based techniques. The value-based

techniques suitable for coordination with metaheuristic

techniques since they are policy-free and model-free which

supply more flexibility.

The agent is trained from the experience of environment

and its action in the value-based RL techniques via penalty

and reward. The agent mensuration success for performing

the task aim via the reward penalty then its decision was

made according to its achievement. The Q-learning tech-

nique is most the common one of the values-based RL

techniques. The agent is obtained penalty or reward after it

did random actions. According to the subsequent agent’s

actions, the experience is progressively constructed. The Q

table is constructed through the operation of constructing

experience [89]. All allowable actions are considered by

each agent and according to the values of Q table agent’s

state is updated to choose the optimum action which

maximizes the current reward’s state. Hence, the agent

decides to exploit or explore the search space. The

advantage of RL algorithms over metaheuristic algorithms

that it balances between the exploitation and exploration of

the search space and also can determine the optimum

design of parameters. The dynamic search of metaheuristic

algorithm is lower than that of RL techniques (for value-

based techniques especially) due to metaheuristic algo-

rithm working with determined policies in specific situa-

tions. However, in value-based techniques the agent

determines its action according to the reward penalty

strategy with no need for any specified policies and this

operation of change is online.

RL techniques were merged with many metaheuristic

techniques to enhance it. In [90], GA was improved by

merging with RL with mutation (RMGA) to solve traveling

salesman problem (TSP). In RMGA, the pairing selection

is performed heterogeneously instead of randomly in the

edge assembly crossover (EAX). In addition, the rein-

forcement mutation operator is performed by adjusting the

Q-learning technique which is applied to the agent pro-

duced from altered EAX. The developed technique RMGA

was applied on TSP with small and large instances and had

superiority over than traditional GA and EAX–GA in terms

of running time and quality of solutions. Teaching learn-

ing-based optimization (TLBO) was improved by merging

RL technique [88]. RL–TLBO was modified via two pha-

ses: First, the effect of the teacher is presented as a new

learner process. Second, a switching process between two

learning modes is introduced in the learner phase based on

the Q-learning method in RL technique. This enhancement

aimed to enhance the speed of convergence and the accu-

racy of solution. CEC mathematical benchmark functions

were employed to evaluate the performance of the algo-

rithm, which was also applied to solve engineering design

problems.

The particle swarm optimization (PSO) was enhanced

using reinforcement learning and the per-training concept

for enhancing the parameter adaptation ability to enhance

the convergence speed [91]. The adaptation of the single

parameter of gray wolf optimizer (GWO) was presented

based on reinforcement learning techniques merged with

neural networks to improve the performance of GWO [92].

Neural Computing and Applications (2024) 36:533–568 535

123



The performance of the enhanced GWO was evaluated on

choosing the weight’ values of the neural network for

feature selection to produce the superior over the conve-

nient GWO and other comparative algorithms.

Artificial bee colony algorithm with modified by using

Q-learning technique to reduce the tardiness of distributed

three-stage assembly scheduling problem to the minimum

level [93]. The Q-learning technique is applied to choose

the search operator dynamically and it consists of 12 states

which is based on the quality evaluation of the population.

Besides, its actions are 8 which is determined by the

neighborhood and global search where a new and effective

action selection and reward were presented.

To enhance the exploration capability and enhance the

search efficiency, two employed bee swarms are con-

structed where an adaptive competition operation and

communication between them are embraced.

Opposition-based learning (OBL) operators were used to

enhance the exploration capability of the metaheuristic

algorithms and increase the avoidance of trapping in local

optima. For example, in [94] salp swarm algorithm (SSA)

was improved through the integration of OBL to enhance

the accuracy of solutions, balance the exploration and

exploitation scheme, and improve the convergence process

of SSA. SSA–OBL was evaluated using CEC2015 bench-

mark mathematical functions and was applied to solve real-

world optimization problems such as spacecraft trajectory

optimization problem and circular antenna array design

problem.

The imbalance between exploitation and exploration of

PSO was enhanced by merging OBL for optimizing the

feature selection operators [95]. Datasets consist of 24

benchmarks that are used to evaluate PSO-OBL algorithm

against other metaheuristic algorithms in the literature. The

algorithm shows superiority over other techniques in terms

of high prediction accuracy. Hunger games search algo-

rithm (HGSA) was merged with OBL to tune the fractional

order PID controller [96]. Besides, the enhanced version of

HGSA was evaluated on CEC2017 test functions.

An improved SCA by applying the opposition of solu-

tions to increase the exploration of SCA (ISCA) [97]. In

m-SCA [98], SCA enhanced by applying the opposition on

the solutions beside adding a self-adaptive parameter was

added in the updating equations of SCA to enhance the

exploitation of promising regions of search space.

Improved Harris hawks optimization (HHO) based on

OBL was introduced to address the problem of trapping in

local optima and quick the convergence of search process

[99]. HHO–OBL’s performance was evaluated on

CEC2017 benchmark mathematical test functions and 5

constrained engineering problems such as feature selection

using 7 UCI datasets.

OBL has been introduced to enhance the arithmetic

optimization algorithm (AOA) and prevent it from getting

stuck in local optima [100]. This integration aims to

improve the algorithm’s ability to find the global optimal

solution. Besides, a spiral model was used for accelerating

the convergence speed of AOA. The enhanced AOA’s

performance was evaluated on 23 mathematical benchmark

functions and 4 engineering optimization problems were

the tubular column design, the cantilever beam design, the

three-bar truss design, and the pressure vessel design.

TLBO was merged with random OBL to enhance the

avoidance of local optima beside using RL techniques to

accelerated the convergence speed [88].

Based on the literature study, it is concluded that RL

technique can effectively balance the exploration and

exploitation of many metaheuristic algorithms and accel-

erate its convergence speed. Moreover, OBL was embed-

ded in many algorithms to enhance the avoidance of

trapping in local optima. These studies motivate us to

embed RL technique and OBL in RSA to overcome its

drawbacks.

The novelty of this work is listed as follows:

1: Introduce reinforcement learning is applied to find a

proper balance between exploration and exploitation

and therefore prevent premature convergence.

2: Prevent the tapping in local minimum through

exploring the search space by introducing random

opposition-based learning.

The paper is organized as follows: Sect. 2 represents

preliminaries including the standard RSA and the concept

of reinforcement learning. Section 3 shows the novelty of

the RLRSA. Section 4 demonstrates experimental results

and discussion. Finally, Sect. 5 concludes the work.

2 Preliminaries

2.1 Reptile search algorithm (RSA)

RSA is a novel optimization algorithm inspired by the

hunting behavior of crocodiles, which involves encircling

and hunting prey. The algorithm is modeled into two

mechanisms that are divided into the global search phase,

represented by the encircling behavior and is shown in

Fig. 1, and the local search phase, represented by the

hunting behavior and is shown in Fig. 2. These mecha-

nisms occur in the first and second half of the iteration,

respectively. The following two subsections discuss the

characteristics of these two mechanisms.
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2.1.1 Encircling phase

The global exploration phase of RSA employs two main

operators, high walking and belly walk, which facilitate the

hunting phase and help identify areas with a high density of

prey. High walking and belly walk occur in the first and

second half of the exploration phase, respectively.

Accordingly, the crocodile positions are updated as

demonstrated in Eq. 1

x i;jð Þ t þ 1ð Þ ¼
xbest jð Þ tð Þ � �n i;jð Þ tð Þ � B� R i;jð Þ tð Þ � randt� T

4

xbest jð Þ tð Þ � x r1;jð Þ � ES tð Þ � rand
T

4
\t� 2:

T

4

8
><

>:

ð1Þ

where xbest jð Þ tð Þ at index j corresponds to the jth position of

the best solution discovered in the current iteration t,

n i;jð Þ tð Þ is the jth position hunting operator for the ith

solution and based on Eq. 2,, B is a control parameter used

to increase the accuracy of high walking phase, R i;jð Þ tð Þ
determine the search region and is can be estimated using

Eq. 3, rand is a random number 2 (0,1) drawn from uni-

form distribution, x r1;jð Þ is the jth position of random

selected solution, and ES(t) is evolutionary sense that

represents a probability ratio between 2 and - 2 and is

calculated according to Eq. 4.

n i;jð Þ tð Þ ¼ xbest jð Þ tð Þ � p i;jð Þ ð2Þ

R i;jð Þ tð Þ ¼
xbest jð Þ tð Þ � x r2;jð Þ
xbest jð Þ tð Þþ 2

ð3Þ

ES tð Þ ¼ 2� r3 � 1� 1

T

� �

ð4Þ

where p i;jð Þ represents the distance between the jth positions

of fittest individual and the position of the current indi-

vidual and is estimated using Eq. 5, e represents a small

value, r2 random number 2 1;N½ �, and r3 is random

number 2 �1; 1½ �

p i;jð Þ ¼/ þ
x i;jð Þ �M xið Þ

xbest jð Þ tð Þ � UBj � LBj

� �
þ e

ð5Þ

where / is also a parameter that control the exploration

accuracy and equals to 0.1, M xið Þ is the average position of

the ith solution and is calculated from Eq. 6, UBjandLBj

are the upper and lower boundaries of the j-th position.

M xið Þ ¼
1

n

Xn

j¼1
x i;jð Þ ð6Þ

2.1.2 Hunting phase

The exploitative phase of RSA occurs in the second half of

the iteration, following the encircling phase, and consists of

hunting coordination and cooperation strategies. These two

strategies involve an intensive search near optimal solution

and can be demonstrated in Eq. 7.

x i;jð Þ t þ 1ð Þ ¼
xbest jð Þ tð Þ � P i;jð Þ tð Þ � rand

2T

4
\t� 3T

4

xbest jð Þ tð Þ � �n i;jð Þ tð Þ� 2 �R i;jð Þ tð Þ � rand
3T

4
\t� T

8
><

>:

ð7Þ

The first part of Eq. 7 represents coordination hunting,

whereas the second part represents cooperation hunting. In

this context, when t� T
2
,the encircling phase takes place

(global search), otherwise whent\ T
2
, the hunting phase

happens (local search) to find near/optimal solution.

Algorithm 1 presents the pseudocode for RSA. The

Fig. 1 Encircling phase

Fig. 2 Hunting phase
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algorithm initializes the parameters and the population in

the first line. The algorithm searches for the solution from

line 3 to line 13 until the termination condition is satisfied

as demonstrated in line 3. Line 9 of the algorithm updates

the position of each individual in every iteration using

either Eq. 1 or Eq. 7.

The best solution obtained thus far is output by the

algorithm in line 14.

2.2 Reinforcement learning

RL has been widely used to solve problems across various

domains. The fundamental idea of RL involves an agent

taking an action that alters the environment state, and

receiving a reward based on that action. RL has two dif-

ferent categories: policy-based method and value-based

method. Q learning (QL) is an example of a value-based

method. It is model-free in which the agent learns how to

act properly in Markovian domain [101]. During the

learning phase, the agent executes the action with the

highest expected Q value. The simplest form of Q learning

is one-step Q learning in which the Q value is updated

according to the state action in one step. The one-step Q

learning is applied in this work. The Q table is dynamically

updated according to the reward of each state action as in

Eq. 8.

Q st; atð Þ  1��ð ÞQ st; atð Þ
þ � rtþ1 þ c maxaQ stþ1; atþ1ð Þð Þ ð8Þ

where � and c are the learning rate and discount factor,

respectively, and both 2 0; 1½ �. The Q st; atð Þ is the Q value

of taking action at in the current state st whereas

maxaQ stþ1; atþ1ð Þ is the highest expected Q value in Q

table when taking action atþ1 on state stþ1. It is worth

mentioning that the highest learning rate � makes the

algorithm learn from expected Q value, whereas the low

value of learning rate makes the algorithm exploit the

previous Q value. Therefore, the learning rate balances

between exploitation and exploration.

Algorithm 2 shows pseudo-code for Q learning. The

algorithm 2 initializes the Q table and the reward table with

random values then the algorithm randomly selects random

state. The algorithm then chooses the action corresponding

to the selected state that maximize the future reward as

indicated in line 4 and 5. Consequently, the Q table, reward

table, and the new state are updated. The algorithm repeats

the line 3–9 until the termination condition is stratified.
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3 The development of the proposed RLRSA

3.1 Main idea of the proposed method

The basic RSA algorithm involves two main strategies to

find solutions: exploration and exploitation. During the

exploration phase, highly efficient walking and belly

walking strategies are used to search for new solutions. On

the other hand, during the exploitation phase, hunting

coordination and hunting cooperation are used to refine the

best solutions. However, the algorithm’s ability to change

direction is limited because exploration is done in the first

half of the iterations, while exploitation is done in the

second half. Consequently, the algorithm is susceptible to

being trapped in local optima. This presents a limitation in

that RSA is unable to change direction during the itera-

tions, which makes it susceptible to being trapped in local

optima. Therefore, the global minimum is not guaranteed

by static search behavior. The adaptive search operation

becomes a better choice for obtaining the global minimum

and reinforcement learning is introduced to accomplish this

task effectively. Opposition-based learning introduced to

enhance the search for potential solutions is by augmenting

the variety within the population.

3.2 The RLRSA structure

In RLRSA, the search space is considered as the interactive

environment, whereas each individual is regarded as the

train agent of RL. The Q-learning method is utilized to

dynamically switch between exploration and exploitation.

In Q-learning method, the Q value corresponding to state

action is updated based on the current best fitness and

average fitness in the previous iterations. In addition, a

reward table is used to reward or penalize the agent based

on the current action and state. The details are demon-

strated in the following:

3.2.1 State set and action set

The proposed RLRSA has three actions corresponding to

the value of the exploration rate (u), namely increase

exploration rate, decrease the exploration rate, and no

change. The value of u in the next iteration is updated

based on the best fitness in the current iteration and the

accumulated average fitness value as follows

utþ1 ¼
ut � 1þ Dð Þ if f Xt

best

� �
[M

ut � 1� Dð Þ if f Xt
best

� �
\M

ut otherwise

8
<

:
ð9Þ

where utþ1 is the exploration rate at next iteration, and D is

the incremental value, f Xt
best

� �
is the fitness of the best

position in the current iteration. M is the average fitness of

the fittest individuals found so far and can be calculated as

M ¼ 1

n

Xn

t¼1
wiX

t
best ð10Þ

where n is the number of executed iterations until the

current one, and wi is the weighted factor for the fittest

individual Xt
best at the iteration t and can be calculated as

follows.

wi ¼ et=T ð11Þ

where t is the current iteration and T is the total number of

the iteration. It is worth mentioning that the recently fittest

individuals have more significant contributions in calcu-

lating the value of M. In more details, if they obtained

fitness is greater than the mean average fitness, the algo-

rithm needs to narrow the searching area and enhance the

obtained solutions otherwise, the algorithm explores more

searching area to find new solutions and avoid to be
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trapped in local optima and premature convergence. To

sum up, the first case of Eq. 9 commonly happens when the

agent successfully obtains better fitness than the average

fitness. The second case shows that the fitness of the agent

begins to deteriorate compared to the previous agent’s

experience. Finally, the exploration rate does not change if

the agent is not motivated to change the exploration rate.

The RLRSA has three states s ¼ 1;�1; 0f g corre-

sponding to the after-mentioned actions as demonstrated on

Eq. 12

st ¼ sign f xtð Þ �Mð Þ; sign xð Þ ¼
1 if x[ 1

�1 if x\1

0 otherwise

8
<

:

ð12Þ

where st is the state obtained by the agent at the iteration

t.

3.2.2 Reward

The reward table in this work contains the positive (? 1)

corresponding to the state st ¼ 1 and negative (- 1)

otherwise. The current state st is equal to 1 in case of the

obtained fitness at iteration t is better than the average

fitness of the last t � 1 iterations. Consequently, Eq. 13

demonstrates the reward method.

Reward ¼ þ1 if st ¼ 1

�1 otherwise

�

ð13Þ

3.2.3 Adaptive learning rate

In addition, the proposed RLRSA carefully adapts the

learning rate based on the accumulated performance

because it has a significant impact on getting optimal

solution. On the one hand, when the learning rate is close to

one, the newly acquired information has a large impact on

the future reward. When the learning rate is low, existing

information is more valuable than newly acquired infor-

mation. To achieve the best results, the learning rate is

reduced adaptively through iteration using the equation

below.

� ¼ �init þ�final

2
��init ��final

2
: cos p 1� t

T

� �� �
ð14Þ

where �init;�final are the initial and the final value of the

learning rate, respectively.

3.2.4 Random opposition-based learning

One of the most robust and effective methods to increase

the diversity of the population is the opposition-based

learning (OBL) is proposed by [102]. To enhance the

performance of the algorithm, this method explores the

opposite location of the individual being evaluated. Ran-

dom opposition learning (ROBL) is introduced by [103]

and uses randomization to improve the OBL methods

which is defined as follows.

xj0 ¼ lj þ uj � rand� xj; j ¼ 1; 2; . . .. . .; n ð15Þ

where x
0
j, xj represent the opposite and original solutions,

and lj and uj indicate the lower and upper bound of the

variables. OBL is introduced in RLRSA to adaptively help

the algorithm to avoid trapping in local optima and there-

fore improve the obtained solution.

3.3 Overview of the RLRSA

Figure 3 shows the flowchart of the proposed RLRSA and

algorithm 3 demonstrates more details on how the algo-

rithm searches for the global solution. In the initialization

phase, the algorithm initializes the basic parameters, states,

actions, Q table, and reward table. The algorithm searches

for the global if the stopping criteria is not reached. The

searching process begins by calculating the fitness of the

individuals and finding the best solution then the best

action is selected from the Q table and the exploration rate

is updated accordingly based on this selection using Eq. 9.

Based on random number and exploration rate, either

exploration or the exploitation takes place, and the new

solution is generated. The reverse solution is then calcu-

lated using OBL based on the newly obtained solution after

that the elitism mechanism is used to select the fittest

solution between the reverse solution and the new solution.

Finally, the Q table, reward table and the current state are

updated. The learning rate is updated after each iteration

and the process is repeated until the stopping criteria is

satisfied.

3.4 Time complexity

As demonstrated in Fig. 3, the RLRSA algorithm divides

the finding of the global solution into two phases. In the

first phase, the algorithm initializes the population, and this

phase is executed on T ¼ OðNÞ and in the second phase,

the searching for the global solution is repeated Tmax times.

Accordingly, the computation complexity of each phase

can be demonstrated as follows.

4 Phase 1: Initialization.

The algorithm initializes N population with random values

for the next stage and thus the complexity of this phase is

OðNÞ.
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Fig. 3 The flowchart of RLRSA algorithm
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5 Phase 2: Searching

The searching process of the RLRSA includes four oper-

ations: exploitation, exploration, random opposite-based

learning, and elitism mechanisms. Because the algorithm

switch between exploration and exploration based on the

accumulated performance; therefore, it is assumed that

each process is executed for all individuals. In the explo-

ration phases, all individuals are directed toward the global

solution, whereas during the exploitation process, all the

individuals move toward the local solution. The total

complexity of exploration and exploration process is

OðN � TÞ? OðN � T � DÞ. Therefore, the computational

complexity of RLRSA can be expressed as:

O Nð Þ þ OðN � TÞ? OðN � T � DÞ. Here, T represents

the maximum number of iterations, and D denotes the

dimensionality of the solution.

Table 1 Parameters setting
Algorithm Parameters Values

RSA/LIRSA a 0.1

b 0.1

SSA c1, c2,c3 Random between 0 and 1

GWO Convergence parents a Reduced linearly from 2 to 0

PSO Topology Fully connected

Vmax 6

wMax 0.9

wMin 0.6

c1, c2 2

MPA Human caused (FADs) 0.2

High velocity C 10

GOA Cmax, Cmin 1, 0.00001

WOA a Decreased from 2 to zero

ALO Iratio 10w

w 2 to 6

EO GP 0.5

a1, a2 2, 1

DA a 0.5

w 0.2–0.9

CMA-ES Number of parents k
4

Table 2 Unimodal benchmark

functions
Function Description Dimensions Range fmin

F1 f xð Þ ¼
Pn

i¼1 x
2
i

30, 100, 500, 1000 [- 100, 100] 0

F2 f xð Þ ¼
Pn

i¼0 xij j þ
Qn

i¼0 xij j 30, 100, 500, 1000 [- 10, 10] 0

F3 f xð Þ ¼
Pd

i¼1ð
Pn

j¼1x
2
j Þ 30, 100, 500, 1000 [- 100, 100] 0

F4 f xð Þ ¼ maxi xij j; 1� i� nf g 30, 100, 500, 1000 [- 100, 100] 0

F5 f xð Þ ¼
Pn

i¼1½100ðx2i � xiþ1Þ2 þ ð1� xiÞ2� 30, 100, 500, 1000 [- 30, 30] 0

F6 f xð Þ ¼
Pn

i¼1 xi þ 0:5½ �ð Þ2 30, 100, 500, 1000 [- 100, 100] 0

F7 f xð Þ ¼
Pn

i¼0 ix
4
i þ random 0; 1½ Þ 30, 100, 500, 1000 [- 128, 128] 0
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6 Experimental setup and discussions

In this study, twenty-three global optimization problems

are used to evaluate the performance of the proposed

RLRSA. In addition, the proposed RLRSA is applied to

find the best solution for one of the most common

engineering problems, namely pressure vessel design

problem. In order to evaluate the effectiveness of the

proposed RLRSA, it was compared against several other

global optimization algorithms, which included: ant lion

optimizer (ALO) [104], covariance matrix adaptation

evolution strategy (CMAES) [105], slap swarm algorithm
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(SSA) [106], marine predator algorithm (MPA) [107],

dragonfly algorithm (DA) [108], whale optimization algo-

rithm (WOA) [17], equilibrium optimizer (EO) [109],

particle swarm optimization algorithm (PSO) [110],

grasshopper optimization algorithm (GOA) [111], gray

wolf optimizer (GWO) [23], sine–cosine algorithm (SCA)

[31], and the standard RSA.

In experiments, the common parameters setting, such as

the number population is set to 30, the number of inde-

pendent runs is set to 25, and the number of function

evaluations is set to 15,000. In addition, other parameters

values of algorithms are set as their implementation and are

shown in Table 1. Furthermore, the parameter settings of

RLRSA are identical to those of the standard RSAseco

[18]. Statistical measurements are used to quantify the

quality of the obtained solution including the worst, best,

average, and standard deviation of the fitness values.

Three scenarios are used to evaluate the effectiveness of

RLRSA against other methods. The first scenario shows the

comparative analysis of RLRSA and other methods to

unimodal and multimodal benchmark functions with solve

10, 500, 100, and 500 dimensions. The second scenario

evaluates the performance of RLRSA on fixed-dimensional

multimodal benchmark functions. The fourth scenario

shows how the RLRSA can be used to solve real-world

problems and compare the performance of RLRSA against

other methods.

6.1 Description of the benchmark

The twenty-three benchmarks used to evaluate the perfor-

mance of the proposed RLRSA are classified based on the

number of extreme solutions. The first type is known as

unimodal functions and the main feature of this type is that

it has only one single solution in the search space. Table 2

shows the unimodal functions (F1–F7) and their definition.

The 2nd and 3rd categories of benchmark functions are,

respectively, classified as multimodal and fixed-dimension

multimodal. The main characteristics of these types are that

they have more than one extreme solution in the search

space. Functions F8–F13 and their definition shown in

Table 3 are examples for multimodal function, whereas

Table 4 shows the functions F13–F23 and their description

as examples of multimodal with fixed dimensions.

6.2 Results and discussion

This section presents a comprehensive comparison of the

performance of the proposed reinforcement learning-based

RSA (RLRSA) against the standard RSA and other meth-

ods from the literature. The objective is to identify the best

solution for both unimodal and multimodal functions. In all
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tables, the algorithms are ranked based on average

performance.

Various algorithms are compared in Table 5, which

presents the worst, average, best, and standard deviation

(STD) fitness values for unimodal and multimodal func-

tions with 10 dimensions. The results highlight that

RLRSA achieves the smallest average values with small

standard deviation for 12 out of 13 test functions, outper-

forming other optimization methods. The CMA-ES algo-

rithm comes second and achieves better performance in 2

out of 13 test functions. This indicates that RLRSA

demonstrates remarkable stability and accuracy in solving

both unimodal and multimodal functions. Additionally, the

results confirm that RLRSA exhibits superior exploration

and exploitation capabilities, thanks to the learning

behavior of the reinforcement agent and the ROBL

strategy.

Furthermore, the performance of RLRSA is evaluated at

different dimensions: 50, 100, and 500, as illustrated in

Tables 6, 7, and 8, respectively. Table 6 reveals that

RLRSA consistently achieves minimum fitness values for

most problems at 50 dimensions. Specifically, RLRSA

ranks first in 9 out of 13 functions. CMA-ES performs

better on three functions (F6, F8, and F12). In addition,

RSA, RICRSA, MPA, and WOA show a good performance

on three functions.

Tables 7 and 8 show the performance of RLRSA, the

basic RSA, and other methods at 100 and 500 dimensions,

respectively. In Table 7, RLRSA demonstrates a superior

average fitness value in 11 out of 13 functions (84%).

However, RSA can find the best average fitness on only 2

out of 13 test functions. In addition, RICRSA ranks second

with high performance on three test functions.

Moving to high dimensions (500), RLRSA continues to

outperform other methods significantly, as indicated in

Table 7. On the one hand, RLRSA shows a superior per-

formance on 10 test functions compared to other methods.

On the other hand, MPA comes second with good perfor-

mance on four test functions.

Finally, Table 9 provides insights into the performance

of different algorithms in discovering solutions for fixed-

dimensional multimodal functions. On the one hand,

RLRSA shows competitive results when compared to the

basic RSA. Specifically, RLRSA surpasses the basic RSA

and other methods in 8 out of 10 benchmarks. On the other

hand, RSA comes second with good performance on 5 test

functions. To sum up, the reinforcement agent enables

RLRSA to effectively search for the global solution with

minimum number of iterations and find the best solution in

most benchmark functions.
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Table 5 Comparison between the performance of RLRSA and other methods on unimodal and multimodal functions with 10 dimensions

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

F1 Worst 0.00E?00 6.38E-171 1..50E-09 8.11E-10 1.47E-48 6.24E-19 1.10E-29

Average 0.00E?00 1.28E-171 1.05E-179 2.05E-10 7.04E-49 1.69E-19 5.17E-30

Best 0.00E?00 2.86E-181 4.54E-10 2.31E-15 3.41E-51 2.90E-21 4.84E-31

STD 0.00E?00 1.00E-02 4.07E-10 3.50E-10 5.59E-49 2.60E-19 3.91E-30

Rank 1 3 2 10 6 9 8

F2 Worst 0.00E?00 6.90E-86 1.61E-01 1.94E-08 5.06E-27 5.69E-09 2.67E-16

Average 0.00E?00 1.39E-86 3.31E-91 7.17E-09 1.84E-27 1.83E-09 1.12E-16

Best 0.00E?00 4.06E-94 7.87E-06 2.28E-11 5.24E-29 1.86E-10 1.57E-17

STD 0.00E?00 3.09E-86 7.12E-02 9.80E-09 2.28E-27 2.33E-09 1.31E-16

Rank 1 3 2 10 6 9 8

F3 Worst 0.00E?00 2.68E-142 1.62E-02 1.59E?00 5.94E-19 8.95E-05 8.91E-13

Average 0.00E?00 6.36E-143 3.12E-131 3.20E-01 1.46E-19 2.46E-05 2.97E-13

Best 0.00E?00 1.21E-149 5.51E-06 8.80E-06 5.86E-22 3.03E-07 4.34E-15

STD 0.00E?00 1.16E-142 7.22E-03 7.08E-01 2.53E-19 3.73E-05 4.11E-13

Rank 1 2 3 9 6 8 7

F4 Worst 0.00E?00 1.05E-81 6.64E-04 4.26E-03 5.97E-15 9.08E-04 8.97E-13

Average 0.00E?00 2.71E-82 1.09E-91 1.34E-03 2.15E-15 2.48E-04 4.84E-13

Best 0.00E?00 2.18E-89 1.63E-05 4.39E-06 2.37E-16 2.10E-05 2.33E-13

STD 0.00E?00 4.45E-82 2.80E-04 1.89E-03 2.56E-15 3.74E-04 2.72E-13

Rank 1 3 2 9 6 8 7

F5 Worst 2.59E?00 3.99E?00 6.44E?02 8.24E?00 8.07E?00 7.66E?00 8.83E?00

Average 5.60E-03 3.18E?00 1.21E?00 7.69E?00 6.98E?00 4.93E?00 8.79E?00

Best 8.75E-04 2.39E?00 7.90E?00 7.29E?00 6.25E?00 1.03E-01 8.77E?00

STD 2.72E-01 6.11E-01 2.61E?02 4.46E-01 7.65E-01 2.85E?00 2.39E-02

Rank 1 4 3 9 7 5 10

F6 Worst 2.250E-12 1.740E-09 9.370E-01 5.170E-01 5.330E-06 2.040E-16 8.62–11

Average 6.920E-23 1.320E-09 6.210E-08 4.120E-01 3.590E-06 4.370E-17 2.890E-11

Best 1.360E-12 1.130E-09 3.140E-01 2.920E-01 2.530E-06 2.990E-21 3.770E-12

STD 1.670E-10 2.460E-10 2.370E-01 9.680E-02 1.110E-06 8.970E-17 3.290E-11

Rank 1 5 7 12 8 2 4

F7 Worst 7.49E-07 9.05E-05 3.65E-02 3.85E-03 1.35E-03 1.62–02 2.18E-03

Average 5.82E-07 6.77E-05 5.23E-06 2.43E-03 6.45E-04 9.42E-03 1.09E-03

Best 2.46E-07 2.03E-05 1.41E-02 1.49E-03 3.96E-04 3.97E-03 3.96E-04

STD 1.52E-07 2.86E-05 8.75E-03 9.67E-04 3.91E-04 4.38E-03 7.21E-04

Rank 1 3 2 8 4 10 5

F8 Worst -1.70E?03 -2.89E?03 -2.50E?03 -1.91E?03 -2.30E?03 -1.53E?03 -3.25E?03

Average -5.08E?03 -2.05E?03 -2.99E?03 -2.01E?03 -2.72E?03 -2.12E?03 -3.54E?03

Best -2.42E?03 -3.60E?03 -3.27E?03 -2.11E?03 -3.15E?03 -2.60E?03 -3.99E?03

STD 4.18E?01 5.63E?02 3.02E?02 7.81E?01 3.49E?02 4.44E ? 02 2.723 ? 02

Rank 1 11 5 12 8 10 2

F9 Worst 0.00E ? 00 1.00E-02 2.59E ? 01 6.38E ? 00 1.52E ? 01 1.30E ? 01 5.04E-07

Average 0.00E ? 00 4.00E-03 1.52E-08 1.28E ? 00 4.32E ? 00 5.62E ? 00 1.02E-07

Best 0.00E ? 00 2.00E-03 5.98E ? 00 2.72E-12 0.00E ? 00 2.00E ? 00 0.00E ? 00

STD 0.00E ? 00 0.00E ? 00 8.76E ? 00 2.86E ? 00 6.67E ? 00 4.32E ? 00 2.26E-07

Rank 1 6 4 7 8 9 5

F10 Worst 0.00E ? 00 8.89E-16 2.82E ? 00 6.92E-06 1.52E-14 1.21E-09 8.00E-15

Average 0.00E ? 00 8.89E-16 6.32E-21 1.73E-06 1.16E-14 7.07E-10 5.16E-15

Best 0.00E ? 00 8.89E-16 9.24E-06 5.67E-08 8.00E-15 3.22E-10 4.45E-15

STD 0.00E ? 00 0.00E ? 00 1.11E ? 00 2.96E-06 3.65E-15 3.74E-10 1.60E-15
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Table 5 (continued)

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

Rank 1 3 2 10 8 9 7

F11 Worst 0.00E ? 00 0.00E ? 00 2.66E-01 4.74E-02 5.93E-02 5.35E-01 0.00E ? 00

Average 0.00E ? 00 0.00E ? 00 0.00E ? 00 1.23E-02 1.40E-02 2.46E-01 0.00E ? 00

Best 0.00E ? 00 0.00E ? 00 1.34E-01 6.64E-12 0.00E ? 00 1.02E-01 0.00E ? 00

STD 0.00E ? 00 0.00E ? 00 5.84E-02 2.05E-02 2.58E-02 1.80E-01 0.00E ? 00

Rank 1 1 1 7 8 11 1

F12 Worst 4.25E-25 9.18E-02 5.19E-01 2.20E-01 2.04E-02 2.82E-19 4.36E-11

Average 4.05E-25 6.19E-03 1.23E-16 1.35E-01 1.03E-02 5.83E-20 2.55E-11

Best 4.05E-25 3.56E-04 5.16E-11 6.61E-02 2.75E-06 2.05E-21 1.18E-11

STD 6.05E-25 2.82E-02 2.15E-01 6.03E-02 9.99E-03 1.25E-19 1.33E-11

Rank 2 7 4 10 8 3 6

F13 Worst 0.00E ? 00 3.95E-01 1.12E-02 4.76E-01 2.01E-01 1.13E-02 9.51E-11

Average 0.00E ? 00 1.45E-04 2.23E-03 3.94E-01 4.01E-02 2.21E-03 5.68E-11

Best 0.00E ? 00 3.77E-09 5.79E-10 3.36E-01 6.56E-06 8.62E-22 3.60E-11

STD 0.00E ? 00 1.59E-01 4.92E-03 5.20E-02 8.95E-02 4.92E-03 2.39E-11

Rank 1 4 6 12 10 5 3

Total 12 1 1 0 0 0 1

Fun Measure GOA WOA ALO EO DA CMA-ES

F1 Worst 3.71E-04 3.01E-69 1.44E-07 7.77E-55 2.37E?01 7.54E-46

Average 9.24E-05 1.03E-69 4.39E-08 1.96E-55 1.32E?01 3.87E-46

Best 4.54E-06 1.31E-74 1.40E-08 4.35E-58 9.42E-01 9.03E-47

STD 1.60E-04 1.45E-69 5.63E-08 3.35E-55 8.57E?00 2.48E-46

Rank 12 4 11 5 13 7

F2 Worst 8.08E?00 7.06E-49 1.83E?00 1.76E-32 6.00E?00 1.32E-22

Average 1.98E?00 1.42E-49 6.58E-01 4.77E-33 2.69E?00 7.55E-23

Best 4.29E-02 2.34E-54 2.08E-05 4.48E-34 1.13E?00 4.55E-23

STD 3.47E?00 3.16E-49 9.10E-01 7.13E-33 1.50E?00 3.54E-23

Rank 12 4 11 5 13 7

F3 Worst 7.93E?00 9.10E?02 3.58E?01 1.39E-26 2.31E?02 2.12E-37

Average 2.38E?00 4.21E?02 9.78E?00 2.82E-27 1.52E?02 7.70E-38

Best 7.68E-01 1.90E?01 7.72E-01 3.30E-30 4.95E?01 8.53E-39

STD 3.13E?00 3.75E?02 1.50E?01 6.10E-27 6.80E?01 8.76E-38

Rank 10 13 11 5 12 4

F4 Worst 3.69E-01 1.03E?01 1.45E-01 4.52E-18 5.50E?00 9.82E-21

Average 1.61E-01 3.17E?00 3.43E-02 9.12E-19 3.13E?00 4.97E-21

Best 8.76E-02 2.11E-03 1.06E-03 7.27E-22 1.60E?00 2.75E-21

STD 1.19E-01 4.06E?00 6.18E-02 2.03E-18 1.63E?00 2.90E-21

Rank 11 13 10 5 12 4

F5 Worst 4.74E?02 8.94E?00 2.14E?02 5.84E?00 1.21E?04 2.38E-02

Average 1.33E?02 7.66E?00 1.17E?02 5.55E?00 2.71E?03 1.89E-02

Best 3.60E?00 6.83E?00 6.00E?00 5.32E?00 1.36E?02 1.48E-02

STD 1.99E?02 8.27E-01 1.02E?02 2.46E-01 5.28E?03 3.33E-03

Rank 12 8 11 6 13 2

F6 Worst 7.240E-04 2.350E-01 1.190E-07 8.570E-14 4.590E?01 4.200E-04

Average 2.240E-04 5.030E-02 3.300E-08 4.130E-14 1.691E?01 3.310E-04

Best 3.710E-07 1.210E-03 7.100E-09 4.860E-16 1.040E?00 7.920E-04

STD 2.960E-04 1.040E-01 4.780E-08 3.310E-14 1.870E?01 4.790E-04

Rank 9 11 6 3 13 10

F7 Worst 1.53E-01 8.92E-03 6.19E-02 1.87E-03 4.23E-02 1.94E-03

Average 1.09E-01 5.22E-03 3.50E-02 1.31E-03 2.41E-02 1.09E-03
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6.3 Analysis of the convergence curve of RLRSA
versus standard RSA

The convergence curve of the proposed RLRSA compared

to other methods in the literature is shown in Fig. 4. The

convergence curves show that the RLRSA has a noticeable

improvement in exploration and exploitation when rein-

forcement learning is applied. For example, the conver-

gence rate of RLRSA on F1-F4, F7-F11 is faster than that

of other methods, and the convergence accuracy is also

better. The RLRSA outperforms the other methods on F5 in

the first twenty-two iterations and RSA achieves the same

convergence rate as RLRSA after iteration 23. The RLRSA

does not perform well on benchmarks F6 and F12. To

recap, reinforcement learning enables the algorithm to

efficiently explore the search space from the first iteration

and successfully find the best position of the agent.

Table 5 (continued)

Fun Measure GOA WOA ALO EO DA CMA-ES

Best 5.46E-02 2.00E-03 1.65E-02 7.19E-04 7.40E-03 5.76E-04

STD 4.37E-02 3.34E-03 1.92E-02 4.90E-04 1.65E-02 5.83E-04

Rank 13 9 12 7 11 5

F8 Worst -2.42E?03 -2.61E?03 -2.04E?03 -2.64E?03 -2.59E?03 6.55E?04

Average -2.76E?03 -3.10E?03 -2.47E?03 -3.20E?03 -2.76E?03 6.55E?04

Best -3.33E?03 -3.83E?03 -3.23E?03 -3.59E?03 -3.01E?03 6.55E?04

STD 3.48E ? 02 4.48E ? 02 4.98E ? 02 3.91E ? 02 1.66E ? 02 6.55E ? 04

Rank 6 4 9 3 6 13

F9 Worst 6.28E ? 01 1.43E-14 4.29E ? 01 0.00E ? 00 4.74E ? 01 1.61E ? 01

Average 4.35E ? 01 2.85E-15 3.15E ? 01 0.00E ? 00 3.14E ? 01 6.33E ? 00

Best 2.89E ? 01 0.00E ? 00 1.60E ? 01 0.00E ? 00 1.07E ? 01 0.00E ? 00

STD 1.42E ? 01 6.37E-15 1.15E ? 01 0.00E ? 00 1.52E ? 01 7.50E ? 00

Rank 13 3 12 1 11 10

F10 Worst 3.58E ? 00 8.00E-15 2.02E ? 00 4.45E-15 1.28E ? 01 8.89E-16

Average 1.69E ? 00 4.45E-15 4.04E-01 4.45E-15 4.99E ? 00 8.89E-16

Best 1.05E-03 8.89E-16 8.19E-05 4.45E-15 1.44E ? 00 8.89E-16

STD 1.31E ? 00 3.56E-15 9.01E-01 0.00E ? 00 4.45E ? 00 0.00E ? 00

Rank 12 5 11 5 13 3

F11 Worst 2.96E-01 2.47E-01 3.77E-01 2.95E-02 1.06E ? 00 0.00E ? 00

Average 2.59E-01 9.76E-02 2.36E-01 5.90E-03 5.90E-01 0.00E ? 00

Best 1.97E-01 0.00E ? 00 1.22E-01 0.00E ? 00 6.53E-02 0.00E ? 00

STD 4.20E-02 1.34E-01 1.14E-01 1.32E-02 3.76E-01 0.00E ? 00

Rank 12 9 10 6 13 1

F12 Worst 3.54E ? 00 2.33E-02 5.64E ? 00 6.86E-14 4.65E ? 00 4.72E-32

Average 1.28E ? 00 1.16E-02 2.91E ? 00 1.79E-14 1.64E ? 00 4.75E-32

Best 8.36E-04 1.49E-03 2.64E-01 6.00E-17 7.59E-02 4.74E-32

STD 1.44E ? 00 9.03E-03 1.96E ? 00 2.88E-14 1.81E ? 00 6.13E-48

Rank 11 9 13 5 12 1

F13 Worst 5.57E-02 1.58E-01 1.11E-02 4.40E-02 1.60E ? 00 1.37E-32

Average 2.31E-02 7.28E-02 4.41E-03 8.79E-03 9.40E-01 1.36E-32

Best 8.26E-04 2.50E-03 2.26E-07 4.03E-16 2.90E-01 1.36E-32

STD 2.30E-02 6.47E-02 6.03E-03 1.97E-02 4.70E-01 0.00E ? 00

Rank 9 11 7 8 13 2

Total 0 0 1 1 0 2
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Table 6 Comparison between the performance of RLRSA and other methods on unimodal and multimodal functions with 50 dimensions

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

F1 Worst 2.30E-162 1.20E-159 1.02E ? 03 7.02E ? 03 3.70E-11 6.97E ? 00 1.56E-21

Average 2.04E-171 3.00E-160 2.32E-148 3.28E ? 03 1.21E-11 3.99E ? 00 4.26E-22

Best 1.23E-171 8.94E-169 2.80E ? 02 5.74E ? 02 3.01E-12 2.36E ? 00 3.67E-24

STD 4.21E-170 5.98E-160 3.05E ? 02 2.70E ? 03 1.66E-11 2.03E ? 00 7.49E-22

Rank 1 2 3 11 7 9 5

F2 Worst 3.24E-82 5.79E-81 1.76E ? 06 1.58E ? 01 7.17E-05 1.09E ? 02 7.93E-12

Average 1.46E-84 1.45E-81 2.35E-83 7.97E ? 00 6.72E-05 9.39E ? 01 3.45E-12

Best 1.02E-82 3.55E-86 2.31E ? 02 1.43E ? 00 6.35E-05 7.56E ? 01 5.31E-13

STD 5.21E-83 2.89E-81 8.75E ? 05 7.01E ? 00 3.52E-06 1.39E ? 01 3.56E-12

Rank 1 3 2 9 7 11 5

F3 Worst 0.00E ? 00 2.24E-104 6.14E ? 04 1.52E ? 05 3.37E ? 03 1.65E ? 04 1.22E ? 01

Average 0.00E ? 00 5.60E-105 5.64E ? 04 8.90E ? 04 1.62E ? 03 1.39E ? 04 3.28E ? 00

Best 0.00E ? 00 5.26E-128 5.21E ? 04 3.35E ? 04 2.77E ? 02 9.04E ? 03 8.41E-02

STD 0.00E ? 00 1.12E-104 4.66E ? 03 5.65E ? 04 1.58E ? 03 3.44E ? 03 5.94E ? 00

Rank 1 2 8 10 6 7 4

F4 Worst 5.02E ? 08 7.22E ? 08 8.00E ? 08 7.30E ? 08 8.53E ? 08 7.56E ? 08 5.93E ? 08

Average 5.52E ? 08 5.52E ? 08 1.20E ? 09 6.31E ? 08 6.45E ? 08 6.51E ? 08 5.37E ? 08

Best 4.25E ? 08 4.80E ? 08 4.58E ? 08 4.50E ? 08 4.83E ? 08 5.53E ? 08 4.91E ? 08

STD 1.60E ? 08 6.25E ? 07 1.51E ? 08 1.24E ? 08 1.56E ? 08 8.32E ? 07 4.23E ? 07

Rank 2 2 13 6 7 8 1

F5 Worst 3.13E ? 01 4.90E ? 01 3.21E ? 07 5.68E ? 07 4.88E ? 01 1.45E ? 05 4.88E ? 01

Average 2.59E ? 01 4.60E ? 01 5.23E ? 01 2.52E ? 07 4.87E ? 01 6.08E ? 04 4.88E ? 01

Best 2.01E ? 01 4.90E ? 01 1.78E ? 07 1.97E ? 06 4.86E ? 01 1.68E ? 04 4.85E ? 01

STD 1.02E-01 1.80E-02 6.57E ? 06 2.76E ? 07 1.06E-01 6.03E ? 04 1.09E-01

Rank 1 2 7 11 4 9 5

F6 Worst 2.18E-05 1.23E ? 01 1.66E ? 04 8.98E ? 03 7.91E ? 00 8.91E ? 01 5.27E ? 00

Average 2.23E-05 1.20E ? 01 1.07E ? 04 4.02E ? 03 7.11E ? 00 6.90E ? 01 4.34E ? 00

Best 1.25E-06 1.17E ? 01 5.78E ? 03 4.04E ? 02 6.23E ? 00 4.91E ? 01 3.70E ? 00

STD 3.13E-08 3.55E-01 4.48E ? 03 3.76E ? 03 6.91E-01 1.79E ? 01 7.15E-01

Rank 2 7 10 9 6 8 3

F7 Worst 0.00E ? 00 3.03E-04 1.22E ? 01 2.02E ? 01 5.04E-02 3.20E ? 02 8.15E-03

Average 0.00E ? 00 1.76E-04 2.02E ? 00 1.52E ? 01 2.69E-02 2.01E ? 02 4.81E-03

Best 0.00E ? 00 7.87E-07 8.51E ? 00 4.56E ? 00 1.21E-02 1.22E ? 02 2.48E-03

STD 0.00E ? 00 1.50E-04 1.69E ? 00 7.22E ? 00 1.74E-02 9.00E ? 01 2.50E-03

Rank 1 2 8 9 7 12 3

F8 Worst - 3.84E ? 10 - 6.66E ? 03 - 8.65E ? 03 - 3.68E ? 03 - 6.85E ? 03 - 2.83E ? 03 - 1.06E ? 04

Average - 2.45E ? 10 - 7.51E ? 03 - 1.09E ? 01 - 4.03E ? 03 - 7.71E ? 03 - 3.91E ? 03 - 1.16E ? 04

Best - 8.45E ? 10 - 8.81E ? 03 - 9.62E ? 03 - 4.26E ? 03 - 8.89E ? 03 - 5.28E ? 03 - 1.28E ? 04

STD 2.54E ? 08 9.25E ? 02 4.38E ? 02 2.49E ? 02 8.92E ? 02 1.03E ? 03 9.66E ? 02

Rank 2 9 13 11 8 12 4

F9 Worst 0.00E ? 00 0.00E ? 00 4.36E ? 02 3.56E ? 02 3.06E ? 01 4.74E ? 02 0.00E ? 00

Average 0.00E ? 00 0.00E ? 00 0.00E ? 00 2.03E ? 02 2.08E ? 01 3.59E ? 02 0.00E ? 00

Best 0.00E ? 00 0.00E ? 00 3.11E ? 02 1.07E ? 02 8.94E ? 00 3.02E ? 02 0.00E ? 00

STD 0.00E ? 00 0.00E ? 00 5.84E ? 01 1.10E ? 02 1.08E ? 01 8.07E ? 01 0.00E ? 00

Rank 1 1 1 8 7 10 1
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Table 6 (continued)

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

F10 Worst 0.00E ? 00 4.45E-15 1.91E ? 01 2.06E ? 01 2.18E-04 6.38E ? 00 2.32E-12

Average 0.00E ? 00 1.79E-15 1.82E-20 1.95E ? 01 1.44E-04 4.97E ? 00 1.61E-12

Best 0.00E ? 00 8.89E-16 1.73E ? 01 1.62E ? 01 9.61E-05 4.37E ? 00 2.93E-13

STD 0.00E ? 00 1.79E-15 7.77E-01 2.20E ? 00 5.22E-05 9.42E-01 8.96E-13

Rank 1 3 2 12 7 9 5

F11 Worst 0.00E ? 00 0.00E ? 00 1.63E ? 02 2.21E ? 01 7.68E-02 1.33E ? 02 1.06E-02

Average 0.00E ? 00 0.00E ? 00 0.00E ? 00 1.46E ? 01 4.71E-02 1.17E ? 02 2.64E-03

Best 0.00E ? 00 0.00E ? 00 7.03E ? 01 2.58E ? 00 5.22E-06 8.97E ? 01 0.00E ? 00

STD 0.00E ? 00 0.00E ? 00 4.16E ? 01 8.81E ? 00 3.30E-02 1.94E ? 01 5.28E-03

Rank 1 1 1 9 8 11 7

F12 Worst 2.45E-07 1.37E ? 00 1.94E ? 07 9.21E ? 07 7.40E-01 2.29E ? 01 2.02E-01

Average 1.53E-07 1.27E ? 00 1.02E ? 00 6.45E ? 07 6.13E-01 1.44E ? 01 1.38E-01

Best 1.01E-07 9.55E-01 2.10E ? 06 1.33E ? 07 4.20E-01 9.81E ? 00 7.76E-02

STD 1.25E-09 2.03E-01 7.46E ? 06 3.50E ? 07 1.53E-01 5.81E ? 00 5.48E-02

Rank 2 8 7 13 6 9 3

F13 Worst 0.00E ? 00 5.00E ? 00 4.00E ? 07 2.12E ? 08 4.62E ? 00 1.24E ? 03 4.63E ? 00

Average 0.00E ? 00 4.49E ? 00 1.20E ? 00 9.36E ? 07 4.05E ? 00 3.38E ? 02 4.19E ? 00

Best 0.00E ? 00 4.49E ? 00 7.59E ? 06 1.91E ? 07 3.59E ? 00 3.22E ? 01 3.69E ? 00

STD 0.00E ? 00 1.28E-03 1.34E ? 07 8.26E ? 07 4.91E-01 5.99E ? 02 4.07E-01

Rank 1 8 3 11 5 9 7

Total 9 2 2 0 0 0 2

Fun Measure GOA WOA ALO EO DA CMA-ES

F1 Worst 7.80E ? 03 5.58E-42 1.11E ? 04 4.08E-21 3.64E ? 03 2.92E-06

Average 6.72E ? 03 1.40E-42 6.73E ? 03 1.09E-21 3.02E ? 03 2.12E-06

Best 4.78E ? 03 4.56E-58 3.74E ? 03 3.21E-23 2.48E ? 03 1.04E-06

STD 1.36E ? 03 2.79E-42 3.11E ? 03 2.00E-21 5.52E ? 02 8.48E-07

Rank 12 4 13 6 10 8

F2 Worst 4.13E ? 24 9.37E-36 3.83E ? 02 1.30E-11 1.23E ? 02 2.50E-01

Average 1.04E ? 24 3.66E-36 2.16E ? 02 9.37E-12 8.00E ? 01 2.14E-01

Best 5.80E ? 02 2.97E-43 1.44E ? 02 5.37E-12 5.45E ? 01 1.90E-01

STD 2.08E ? 24 4.07E-36 1.12E ? 02 3.38E-12 3.03E ? 01 2.71E-02

Rank 13 4 12 6 10 8

F3 Worst 8.16E ? 04 5.53E ? 05 1.67E ? 05 2.16E ? 02 1.64E ? 05 6.54E ? 00

Average 7.19E ? 04 3.89E ? 05 1.20E ? 05 6.02E ? 01 1.28E ? 05 3.25E ? 00

Best 5.74E ? 04 3.11E ? 05 8.76E ? 04 1.83E ? 00 8.91E ? 04 1.71E ? 00

STD 1.03E ? 04 1.11E ? 05 3.72E ? 04 1.04E ? 02 3.89E ? 04 2.27E ? 00

Rank 9 13 11 5 12 3

F4 Worst 7.04E ? 08 7.98E ? 08 8.89E ? 08 6.87E ? 08 6.80E ? 08 9.03E ? 08

Average 6.51E ? 08 6.98E ? 08 7.61E ? 08 6.18E ? 08 5.59E ? 08 7.87E ? 08

Best 5.58E ? 08 6.49E ? 08 6.73E ? 08 4.40E ? 08 4.47E ? 08 5.91E ? 08

STD 6.40E ? 07 6.78E ? 07 9.23E ? 07 1.19E ? 08 9.54E ? 07 1.39E ? 08

Rank 8 10 11 5 4 12

F5 Worst 7.21E ? 07 4.88E ? 01 2.54E ? 07 4.87E ? 01 9.10E ? 07 1.46E ? 02

Average 5.04E ? 07 4.88E ? 01 1.65E ? 07 4.80E ? 01 4.29E ? 07 6.90E ? 01

Best 3.80E ? 07 4.88E ? 01 5.52E ? 06 4.72E ? 01 7.77E ? 06 4.29E ? 01

STD 1.50E ? 07 2.87E-02 8.22E ? 06 7.60E-01 3.70E ? 07 5.13E ? 01

Rank 13 5 10 3 12 8
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Table 6 (continued)

Fun Measure GOA WOA ALO EO DA CMA-ES

F6 Worst 2.86E ? 04 8.39E ? 00 2.90E ? 04 6.79E ? 00 3.52E ? 04 1.81E-06

Average 2.03E ? 04 6.55E ? 00 2.41E ? 04 6.40E ? 00 2.37E ? 04 1.48E-06

Best 1.42E ? 04 5.44E ? 00 2.17E ? 04 5.69E ? 00 1.36E ? 04 8.62E-07

STD 6.06E ? 03 1.35E ? 00 3.34E ? 03 4.80E-01 9.34E ? 03 4.30E-07

Rank 11 5 13 4 12 1

F7 Worst 4.04E ? 02 3.08E-02 3.15E ? 01 1.71E-02 3.05E ? 01 6.33E-03

Average 3.00E ? 02 1.62E-02 1.88E ? 01 6.79E-03 1.52E ? 01 5.88E-03

Best 2.48E ? 02 7.29E-03 9.03E ? 00 1.09E-03 1.90E ? 00 5.22E-03

STD 7.02E ? 01 1.09E-02 1.03E ? 01 7.13E-03 1.18E ? 01 4.97E-04

Rank 13 6 11 5 9 4

F8 Worst - 8.26E ? 03 - 8.61E ? 03 - 9.04E ? 03 - 7.93E ? 03 - 4.21E ? 03 - 5.79E ? 12

Average - 9.31E ? 03 - 1.25E ? 04 - 9.04E ? 03 - 1.09E ? 04 - 5.68E ? 03 - 2.55E ? 17

Best - 9.86E ? 03 - 1.51E ? 04 - 9.04E ? 03 - 1.30E ? 04 - 6.62E ? 03 - 1.00E ? 18

STD 7.24E ? 02 3.00E ? 03 0.00E ? 00 2.10E ? 03 1.13E ? 03 4.99E ? 17

Rank 6 3 7 5 10 1

F9 Worst 6.92E ? 02 0.00E ? 00 4.37E ? 02 9.98E-01 5.32E ? 02 3.34E ? 02

Average 6.02E ? 02 0.00E ? 00 3.80E ? 02 4.99E-01 4.51E ? 02 3.23E ? 02

Best 5.22E ? 02 0.00E ? 00 2.95E ? 02 1.14E-13 3.09E ? 02 3.08E ? 02

STD 7.00E ? 01 0.00E ? 00 6.74E ? 01 5.76E-01 9.89E ? 01 1.13E ? 01

Rank 13 1 11 6 12 9

F10 Worst 2.07E ? 01 1.48E-13 1.79E ? 01 3.53E-08 1.89E ? 01 4.16E-04

Average 2.01E ? 01 5.07E-14 1.27E ? 01 1.77E-08 1.55E ? 01 2.99E-04

Best 1.94E ? 01 4.45E-15 1.73E ? 00 8.24E-09 1.27E ? 01 2.51E-04

STD 5.44E-01 6.57E-14 7.42E ? 00 1.21E-08 2.56E ? 00 7.84E-05

Rank 13 4 10 6 11 8

F11 Worst 2.17E ? 02 0.00E ? 00 2.57E ? 02 8.00E-15 1.28E ? 02 1.67E-05

Average 1.53E ? 02 0.00E ? 00 2.26E ? 02 2.48E-15 9.05E ? 01 1.61E-05

Best 1.13E ? 02 0.00E ? 00 2.05E ? 02 0.00E ? 00 4.30E ? 01 1.47E-05

STD 4.45E ? 01 0.00E ? 00 2.47E ? 01 3.76E-15 3.79E ? 01 9.96E-07

Rank 12 1 13 5 10 6

F12 Worst 7.29E ? 07 7.04E-01 4.71E ? 07 3.58E-01 7.48E ? 05 5.42E-08

Average 3.61E ? 07 4.79E-01 1.57E ? 07 3.02E-01 4.76E ? 05 4.07E-08

Best 1.69E ? 07 2.25E-01 2.12E ? 06 2.59E-01 1.68E ? 01 2.58E-08

STD 2.57E ? 07 2.38E-01 2.13E ? 07 4.59E-02 3.38E ? 05 1.22E-08

Rank 12 5 11 4 10 1

F13 Worst 1.77E ? 08 4.45E ? 00 1.78E ? 08 4.30E ? 00 5.52E ? 07 1.29E-06

Average 1.27E ? 08 3.75E ? 00 9.67E ? 07 4.09E ? 00 1.91E ? 07 1.12E-06

Best 7.40E ? 07 3.21E ? 00 2.65E ? 07 3.79E ? 00 4.13E ? 06 8.30E-07

STD 4.41E ? 07 5.45E-01 7.71E ? 07 2.19E-01 2.43E ? 07 2.13E-07

Rank 13 4 12 6 10 2

Total 0 2 0 0 0 3
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Table 7 Comparison between the performance of RLRSA and other methods on unimodal and multimodal functions with 100 dimensions

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

F1 Worst 0.000E ? 00 2.59E - 157 2.050E ? 04 1.580E ? 04 1.05E - 06 1.400E ? 02 2.60E - 21

Average 0.000E ? 00 6.490E-158 1.290E-160 9.450E ? 03 5.200E-07 1.040E ? 02 1.570E-21

Best 0.000E ? 00 9.30E - 165 1.760E ? 04 4.830E ? 03 2.14E - 07 7.620E ? 01 3.73E - 22

STD 0.000E ? 00 1.30E - 157 1.200E ? 03 4.980E ? 03 3.65E - 07 2.920E ? 01 1.04E - 21

Rank 1 3 2 10 7 9 5

F2 Worst 3.270E-85 2.67E - 83 2.970E ? 06 3.750E ? 00 1.64E - 04 7.780E ? 01 4.22E - 13

Average 2.120E-85 7.240E-84 7.124E-85 2.150E ? 00 9.650E-05 6.060E ? 01 1.570E-13

Best 1.130E-92 4.16E - 89 1.440E ? 02 6.80E - 01 4.55E - 05 4.200E ? 01 5.08E - 14

STD 2.470E-85 1.31E - 83 1.490E ? 06 1.620E ? 00 5.33E - 05 1.870E ? 01 1.78E - 13

Rank 1 3 2 9 7 10 5

F3 Worst 7.340E-93 1.29E - 91 6.600E ? 04 9.570E ? 04 6.850E ? 02 1.580E ? 04 1.850E ? 00

Average 5.340E-94 3.220E-92 1.236E-93 6.790E ? 04 4.620E ? 02 1.250E ? 04 4.950E-01

Best 6.450E-120 3.71E - 116 4.620E ? 04 4.040E ? 04 1.410E ? 02 1.080E ? 04 5.13E - 07

STD 2.650E-101 6.43E - 92 8.620E ? 03 2.820E ? 04 2.300E ? 02 2.350E ? 03 9.00E - 01

Rank 1 3 2 10 7 8 4

F4 Worst 9.520E-81 4.43E - 71 6.970E ? 01 8.980E ? 01 1.490E ? 00 2.850E ? 01 1.10E - 08

Average 3.210E-81 1.120E-71 1.532E-74 7.960E ? 01 1.180E ? 00 2.490E ? 01 5.980E-09

Best 2.520E-84 1.24E - 81 5.280E ? 01 6.910E ? 01 8.82E - 01 2.200E ? 01 2.90E - 09

STD 6.520E-80 2.22E - 71 8.290E ? 00 8.660E ? 00 3.13E - 01 3.300E ? 00 3.72E - 09

Rank 1 3 2 12 7 8 4

F5 Worst 2.520E ? 01 4.910E ? 01 3.340E ? 07 3.130E ? 07 4.890E ? 01 3.670E ? 04 4.880E ? 01

Average 6.036E ? 01 4.910E ? 01 3.420E ? 01 1.670E ? 07 4.880E ? 01 2.810E ? 04 4.850E ? 01

Best 1.920E ? 01 4.910E ? 01 3.820E ? 06 7.660E ? 05 4.870E ? 01 1.930E ? 04 4.800E ? 01

STD 6.320E-04 8.26E - 03 1.420E ? 07 1.680E ? 07 1.13E - 01 9.630E ? 03 3.75E - 01

Rank 8 7 1 11 5 9 4

F6 Worst 0.000E ? 00 1.220E ? 01 1.420E ? 04 5.280E ? 03 7.370E ? 00 1.340E ? 02 5.190E ? 00

Average 0.000E ? 00 1.210E ? 01 1.052E ? 03 3.030E ? 03 7.000E ? 00 6.400E ? 01 4.060E ? 00

Best 0.000E ? 00 1.190E ? 01 7.120E ? 03 4.940E ? 02 5.970E ? 00 3.090E ? 01 2.800E ? 00

STD 0.000E ? 00 1.63E - 01 3.400E ? 03 1.990E ? 03 6.85E - 01 4.770E ? 01 1.120E ? 00

Rank 1 7 9 10 6 8 3

F7 Worst 0.000E ? 00 1.70E - 03 1.650E ? 01 2.250E ? 01 2.77E - 02 2.620E ? 02 4.57E - 03

Average 8.120E-03 5.640E-04 1.120E ? 01 1.410E ? 01 1.980E-02 9.590E ? 01 2.130E-03

Best 0.000E ? 00 1.39E - 04 8.750E ? 00 5.790E ? 00 1.29E - 02 3.180E ? 01 3.03E - 04

STD 0.000E ? 00 7.54E - 04 3.560E ? 00 7.500E ? 00 7.10E - 03 1.120E ? 02 1.79E - 03

Rank 1 2 8 9 7 12 3

F8 Worst - 8.45E ? 03 - 9.53E ? 03 - 8.16E ? 03 - 3.47E ? 03 - 6.69E ? 03 - 2.78E ? 03 - 1.05E ? 04

Average - 1.230E ? 18 - 1.040E ? 04 - 8.590E ? 03 - 3.900E ? 03 - 7.860E ? 03 - 3.930E ? 03 - 1.150E ? 04

Best - 2.18E ? 04 - 1.23E ? 04 - 9.07E ? 03 - 4.09E ? 03 - 8.87E ? 03 - 5.86E ? 03 - 1.32E ? 04

STD 1.150E ? 04 1.250E ? 03 4.100E ? 02 2.890E ? 02 1.170E ? 03 1.350E ? 03 1.270E ? 03

Rank 1 4 9 13 10 12 3

F9 Worst 0.000E ? 00 0.000E ? 00 4.040E ? 02 1.720E ? 02 1.800E ? 01 3.400E ? 02 0.000E ? 00

Average 0.000E ? 00 0.000E ? 00 0.000E ? 00 7.290E ? 01 1.410E ? 01 2.950E ? 02 0.000E ? 00

Best 0.000E ? 00 0.000E ? 00 3.280E ? 02 2.660E ? 01 8.790E ? 00 2.480E ? 02 0.000E ? 00

STD 0.000E ? 00 0.000E ? 00 3.620E ? 01 6.620E ? 01 4.180E ? 00 3.790E ? 01 0.000E ? 00

Rank 1 1 1 8 7 9 1

F10 Worst 0.000E ? 00 8.890E-16 3.410E ? 00 4.350E-01 7.860E-10 1.940E-02 2.570E-14

Average 0.000E ? 00 8.890E-16 7.230E-16 1.110E-01 4.160E-10 9.460E-03 9.780E-15

Best 0.000E ? 00 8.890E-16 1.170E ? 00 6.620E-04 6.490E-11 3.390E-04 4.420E-15

STD 0.000E ? 00 0.000E ? 00 1.080E ? 00 2.170E-01 3.230E-10 8.030E-03 1.080E-14
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Table 7 (continued)

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

Rank 1 3 2 10 8 9 5

F11 Worst 0.000E ? 00 0.000E ? 00 3.300E-01 6.760E-01 5.950E-02 3.110E ? 01 3.960E-02

Average 0.000E ? 00 0.000E ? 00 0.000E ? 00 3.810E-01 2.760E-02 9.090E ? 00 1.680E-02

Best 0.000E ? 00 0.000E ? 00 7.160E-02 4.420E-04 1.120E-16 5.450E-01 0.000E ? 00

STD 0.000E ? 00 0.000E ? 00 1.060E-01 3.320E-01 3.210E-02 1.480E ? 01 2.000E-02

Rank 1 1 1 10 7 13 6

F12 Worst 0.000E ? 00 1.090E ? 00 9.950E ? 00 3.250E-01 6.440E-02 4.240E-04 2.530E-03

Average 0.000E ? 00 3.840E-01 4.600E ? 00 2.310E-01 5.640E-02 1.350E-04 7.870E-04

Best 0.000E ? 00 1.630E-01 1.240E ? 00 1.510E-01 4.140E-02 3.610E-06 3.900E-10

STD 0.000E ? 00 5.990E-01 3.810E ? 00 7.680E-02 1.050E-02 1.970E-04 1.200E-03

Rank 1 9 10 8 6 3 4

F13 Worst 0.000E ? 00 9.700E-01 3.070E-01 6.840E-01 6.020E-01 2.140E-02 1.190E-01

Average 0.000E ? 00 8.130E-02 1.660E-01 5.470E-01 3.810E-01 5.480E-03 3.740E-02

Best 0.000E ? 00 6.110E-02 1.710E-02 4.610E-01 2.160E-01 1.720E-05 2.740E-04

STD 0.000E ? 00 1.500E-01 1.200E-01 9.620E-02 1.660E-01 1.070E-02 5.450E-02

Rank 1 5 6 10 8 3 4

Total 11 2 3 0 0 0 1

Fun Measure GOA WOA ALO EO DA CMA-ES

F1 Worst 3.980E ? 04 9.73E - 41 5.780E ? 04 2.31E - 17 1.730E ? 04 1.29E - 02

Average 3.520E ? 04 2.440E-41 3.490E ? 04 6.220E-18 1.190E ? 04 9.480E-03

Best 3.130E ? 04 2.75E - 47 1.800E ? 04 2.10E - 19 7.080E ? 03 5.89E - 03

STD 3.660E ? 03 4.87E - 41 2.020E ? 04 1.13E - 17 5.300E ? 03 3.18E - 03

Rank 13 4 12 6 11 8

F2 Worst 1.160E ? 21 1.02E - 20 2.130E ? 02 5.30E - 09 2.020E ? 02 5.15E - 03

Average 2.870E ? 20 2.540E-21 2.020E ? 02 3.360E-09 1.480E ? 02 3.330E-03

Best 2.290E ? 07 6.12E - 30 1.830E ? 02 1.10E - 09 7.490E ? 01 2.31E - 03

STD 5.740E ? 20 5.07E - 21 1.340E ? 01 1.86E - 09 5.820E ? 01 1.27E - 03

Rank 13 4 12 6 11 8

F3 Worst 8.730E ? 04 4.800E ? 05 1.790E ? 05 6.000E ? 01 1.990E ? 05 6.600E ? 00

Average 6.720E ? 04 3.830E ? 05 1.310E ? 05 1.800E ? 01 1.290E ? 05 3.880E ? 00

Best 5.430E ? 04 3.050E ? 05 9.120E ? 04 4.41E - 02 5.600E ? 04 4.08E - 01

STD 1.460E ? 04 7.680E ? 04 3.910E ? 04 2.860E ? 01 5.800E ? 04 2.800E ? 00

Rank 9 13 12 6 11 5

F4 Worst 6.610E ? 01 9.830E ? 01 7.100E ? 01 7.87E - 03 5.540E ? 01 2.08E - 02

Average 6.280E ? 01 8.550E ? 01 5.550E ? 01 4.210E-03 4.400E ? 01 1.630E-02

Best 5.550E ? 01 5.470E ? 01 3.520E ? 01 4.24E - 04 3.300E ? 01 1.28E - 02

STD 4.960E ? 00 2.070E ? 01 1.500E ? 01 3.20E - 03 9.380E ? 00 3.37E - 03

Rank 11 13 10 5 9 6

F5 Worst 1.390E ? 08 4.900E ? 01 3.130E ? 07 4.810E ? 01 1.700E ? 07 4.420E ? 01

Average 9.120E ? 07 4.890E ? 01 1.950E ? 07 4.800E ? 01 9.540E ? 06 4.350E ? 01

Best 4.420E ? 07 4.880E ? 01 8.890E ? 06 4.760E ? 01 2.220E ? 05 4.280E ? 01

STD 4.460E ? 07 6.85E - 02 9.280E ? 06 2.61E - 01 8.690E ? 06 5.94E - 01

Rank 13 6 12 3 10 2

F6 Worst 2.580E ? 04 7.320E ? 00 4.260E ? 04 6.230E ? 00 3.360E ? 04 2.92E - 06

Average 1.970E ? 04 6.920E ? 00 2.790E ? 04 5.910E ? 00 1.630E ? 04 2.120E-06

Best 1.300E ? 04 6.340E ? 00 2.000E ? 04 5.490E ? 00 5.280E ? 03 1.24E - 06

STD 5.290E ? 03 4.15E - 01 1.050E ? 04 3.52E - 01 1.360E ? 04 7.54E - 07

Rank 12 5 13 4 11 2
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6.4 Real-world application

This section addresses two engineering design problems,

including pressure vessel design problems and tension and

compressing spring problem. The RLRSA method is

applied to solve this optimization problem. The results of

RLRSA are compared to various optimization algorithms

from the literature.

This section focuses on two specific engineering design

problems: pressure vessel design and tension/compression

spring problems. To tackle these optimization challenges,

this work applies the RLRSA method. We then compare

the performance of RLRSA with several optimization

algorithms found in the literature. This comparison allows

us to assess the effectiveness and efficiency of RLRSA in

solving these design problems.

6.4.1 pressure vessel design problem (PVD)

To evaluate the performance of the proposed RLRSA, one

of the complex engineering problems known as pressure

vessel design problem (PVD) is shown in Fig. 5. The

parameter settings for all methods are the same as the

above experiment. The PVD problem has four variables

including the thickness of the shell (Ts), the inner radius R,

the length of cylindrical section of the vessel (L), and the

Table 7 (continued)

Fun Measure GOA WOA ALO EO DA CMA-ES

F7 Worst 4.850E ? 02 1.80E - 02 3.100E ? 01 9.20E - 03 4.370E ? 01 1.08E - 02

Average 3.680E ? 02 9.310E-03 1.800E ? 01 6.440E-03 1.930E ? 01 8.130E-03

Best 2.420E ? 02 4.11E - 03 7.190E ? 00 5.12E - 03 8.200E ? 00 5.91E - 03

STD 1.190E ? 02 6.27E - 03 1.090E ? 01 1.88E - 03 1.650E ? 01 2.01E - 03

Rank 13 6 10 4 11 5

F8 Worst - 8.99E ? 03 - 7.84E ? 03 - 9.04E ? 03 - 8.44E ? 03 - 3.63E ? 03 - 1.31E ? 14

Average - 9.880E ? 03 - 8.880E ? 03 - 9.060E ? 03 - 1.020E ? 04 - 5.110E ? 03 - 4.160E ? 17

Best - 1.06E ? 04 - 9.98E ? 03 - 9.14E ? 03 - 1.09E ? 04 - 6.37E ? 03 - 1.14E ? 18

STD 6.560E ? 02 5.120E ? 02 4.830E ? 01 1.160E ? 03 1.290E ? 03 5.390E ? 17

Rank 6 8 7 5 11 2

F9 Worst 7.090E ? 02 0.000E ? 00 3.750E ? 02 2.100E ? 00 5.690E ? 02 3.340E ? 02

Average 6.640E ? 02 0.000E ? 00 3.380E ? 02 5.240E-01 4.520E ? 02 3.180E ? 02

Best 6.310E ? 02 0.000E ? 00 2.950E ? 02 5.690E-14 3.850E ? 02 2.950E ? 02

STD 3.200E ? 01 0.000E ? 00 4.030E ? 01 1.060E ? 00 8.210E ? 01 1.680E ? 01

Rank 13 1 11 6 12 10

F10 Worst 2.000E ? 01 2.940E-14 1.640E ? 01 1.650E-13 8.470E ? 00 8.890E-16

Average 1.950E ? 01 1.160E-14 9.820E ? 00 1.040E-13 7.780E ? 00 8.890E-16

Best 1.910E ? 01 8.890E-16 2.330E ? 00 4.360E-14 7.100E ? 00 8.890E-16

STD 4.010E-01 1.270E-14 5.760E ? 00 5.400E-14 6.810E-01 0.000E ? 00

Rank 13 6 12 7 11 3

F11 Worst 5.890E-01 3.020E-01 4.610E-01 2.030E-02 1.510E ? 01 1.150E-02

Average 5.420E-01 1.330E-01 2.310E-01 5.070E-03 5.960E ? 00 2.850E-03

Best 4.510E-01 0.000E ? 00 1.140E-01 0.000E ? 00 2.650E ? 00 0.000E ? 00

STD 6.180E-02 1.570E-01 1.570E-01 1.020E-02 6.070E ? 00 5.700E-03

Rank 11 8 9 5 12 4

F12 Worst 5.320E ? 04 3.550E-01 4.330E ? 01 2.000E-02 4.500E ? 06 4.720E-32

Average 1.350E ? 04 2.010E-01 2.450E ? 01 7.280E-03 1.130E ? 06 4.720E-32

Best 2.230E ? 01 1.390E-01 1.370E ? 01 4.820E-05 1.030E ? 01 4.720E-32

STD 2.660E ? 04 1.040E-01 1.360E ? 01 9.440E-03 2.250E ? 06 0.000E ? 00

Rank 12 7 11 5 13 2

F13 Worst 3.710E ? 04 7.320E-01 3.180E ? 01 7.720E-01 8.420E ? 05 1.360E-32

Average 1.500E ? 04 4.500E-01 1.320E ? 01 2.900E-01 2.410E ? 05 1.360E-32

Best 5.810E ? 01 1.550E-01 2.000E ? 00 9.940E-02 2.510E ? 03 1.360E-32

STD 1.830E ? 04 3.230E-01 1.300E ? 01 3.240E-01 4.040E ? 05 0.000E ? 00

Rank 12 9 11 7 13 2

Total 0 1 0 0 0 0
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Table 8 Comparison between the performance of RLRSA and other methods on unimodal and multimodal functions with 500 dimensions

Fun Measure RLRSA RSA LICRSA0 SCA GWO PSO MPA

F1 Worst 2.31E - 153 1.92E - 150 9.460E ? 04 2.120E ? 04 3.04E - 03 2.290E ? 03 2.63E - 22

Average 5.380E-152 4.790E-151 1.250E-25 1.560E ? 04 1.690E-03 1.680E ? 03 1.350E-22

Best 2.79E - 171 2.70E - 162 5.900E ? 04 1.100E ? 04 7.70E - 04 1.240E ? 03 4.73E - 24

STD 3.25E - 161 9.56E - 151 1.470E ? 04 5.200E ? 03 9.86E - 04 4.550E ? 02 1.07E - 22

Rank 1 2 3 10 7 9 5

F2 Worst 0.000E ? 00 6.29E - 77 1.340E ? 171 2.320E ? 02 2.960E ? 00 1.630E ? 161 1.95E - 10

Average 0.000E ? 00 1.610E-77 3.330E ? 170 1.790E ? 02 1.830E ? 00 4.060E ? 160 1.070E-10

Best 0.000E ? 00 1.13E - 83 1.700E ? 132 1.360E ? 02 3.97E - 01 1.050E ? 67 1.39E - 11

STD 0.000E ? 00 3.13E - 77 6.510E ? 04 4.400E ? 01 1.150E ? 00 6.560E ? 04 9.53E - 11

Rank 1 2 12 8 6 11 4

F3 Worst 2.57E - 78 1.58E - 73 8.520E ? 06 1.240E ? 07 1.060E ? 06 2.720E ? 06 8.780E ? 04

Average 4.980E ? 02 5.000E ? 02 3.290E ? 02 2.550E ? 09 6.550E ? 05 5.520E ? 08 4.990E ? 02

Best 1.74E - 103 1.85E - 95 2.800E ? 06 6.300E ? 06 7.390E ? 05 7.860E ? 05 1.520E ? 04

STD 3.23E - 85 7.84E - 74 2.360E ? 06 2.610E ? 06 1.480E ? 05 8.790E ? 05 3.930E ? 04

Rank 1 2 7 11 5 6 3

F4 Worst 0.000E ? 00 1.88E - 67 9.770E ? 01 9.980E ? 01 9.100E ? 01 6.340E ? 01 1.22E - 05

Average 0.000E ? 00 4.930E-68 9.720E ? 01 9.970E ? 01 8.070E ? 01 5.840E ? 01 3.580E-06

Best 0.000E ? 00 4.27E - 71 9.650E ? 01 9.960E ? 01 7.130E ? 01 5.540E ? 01 2.97E - 07

STD 0.000E ? 00 9.20E - 68 5.56E - 01 1.16E - 01 1.020E ? 01 3.520E ? 00 5.71E - 06

Rank 1 2 11 13 7 5 3

F5 Worst 3.590E ? 01 5.000E ? 02 4.930E ? 09 3.220E ? 09 1.080E ? 06 5.880E ? 08 5.000E ? 02

Average 3.590E ? 01 5.000E ? 02 4.390E ? 09 2.550E ? 09 6.550E ? 05 5.520E ? 08 4.990E ? 02

Best 3.890E ? 01 5.000E ? 02 3.980E ? 09 1.780E ? 09 1.310E ? 05 4.520E ? 08 4.990E ? 02

STD 3.05E - 04 5.10E - 03 4.040E ? 08 6.140E ? 08 3.980E ? 05 6.680E ? 07 8.99E - 02

Rank 2 5 1 13 8 9 3

F6 Worst 1.530E ? 02 1.260E ? 02 1.060E ? 06 2.700E ? 05 1.640E ? 02 2.310E ? 05 1.090E ? 02

Average 1.390E ? 02 1.250E ? 02 9.540E ? 05 2.530E ? 05 1.460E ? 02 2.280E ? 05 1.080E ? 02

Best 1.250E ? 02 1.250E ? 02 8.600E ? 05 2.380E ? 05 1.210E ? 02 2.230E ? 05 1.070E ? 02

STD 2.300E ? 01 1.98E - 01 9.820E ? 04 1.640E ? 04 2.250E ? 01 4.300E ? 03 1.450E ? 00

Rank 5 4 12 9 6 8 2

F7 Worst 0.000E ? 00 3.61E - 04 1.880E ? 04 2.080E ? 04 9.86E - 01 6.190E ? 04 8.10E - 03

Average 0.000E ? 00 1.800E-04 1.180E ? 04 1.770E ? 04 7.120E-01 5.850E ? 04 4.490E-03

Best 0.000E ? 00 3.86E - 05 8.660E ? 03 1.530E ? 04 5.29E - 01 5.240E ? 04 2.47E - 03

STD 0.000E ? 00 1.52E - 04 4.710E ? 03 2.750E ? 03 2.19E - 01 4.310E ? 03 2.50E - 03

Rank 1 2 10 11 7 13 3

F8 Worst 0.000E ? 00 - 7.47E ? 04 - 2.68E ? 04 - 1.22E ? 04 - 1.03E ? 04 - 9.57E ? 03 - 5.11E ? 04

Average 0.000E ? 00 - 7.87E ? 04 - 3.26E ? 04 - 1.34E ? 04 - 2.92E ? 04 - 1.20E ? 04 - 5.54E ? 04

Best 0.000E ? 00 - 8.11E ? 04 - 3.74E ? 04 - 1.46E ? 04 - 3.64E ? 04 - 1.57E ? 04 - 5.97E ? 04

STD 0.000E ? 00 2.790E ? 03 4.720E ? 03 1.050E ? 03 1.270E ? 04 2.860E ? 03 4.730E ? 03

Rank 1 4 9 12 10 13 6

F9 Worst 0.000E ? 00 0.000E ? 00 6.010E ? 03 1.490E ? 03 3.590E ? 02 8.360E ? 03 0.000E ? 00

Average 0.000E ? 00 0.000E ? 00 1.250E-10 1.280E ? 03 2.720E ? 02 7.830E ? 03 0.000E ? 00

Best 0.000E ? 00 0.000E ? 00 5.880E ? 03 1.150E ? 03 1.220E ? 02 7.270E ? 03 0.000E ? 00

STD 0.000E ? 00 0.000E ? 00 5.470E ? 01 1.450E ? 02 1.070E ? 02 5.320E ? 02 0.000E ? 00

Rank 1 1 5 8 7 12 1
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Table 8 (continued)

Fun Measure RLRSA RSA LICRSA0 SCA GWO PSO MPA

F10 Worst 0.000E ? 00 8.88E - 16 2.090E ? 01 2.100E ? 01 2.530E ? 00 1.900E ? 01 3.78E - 09

Average 0.000E ? 00 8.880E-16 0.000E ? 00 2.100E ? 01 2.150E ? 00 1.870E ? 01 2.430E-09

Best 0.000E ? 00 8.88E - 16 2.030E ? 01 2.100E ? 01 1.490E ? 00 1.840E ? 01 1.42E - 09

STD 0.000E ? 00 0.000E ? 00 2.61E - 01 2.18E - 02 4.58E - 01 2.53E - 01 1.02E - 09

Rank 1 3 1 13 7 11 5

F11 Worst 0.000E ? 00 0.000E ? 00 6.660E ? 03 2.260E ? 03 1.350E ? 00 1.980E ? 03 0.000E ? 00

Average 0.000E ? 00 0.000E ? 00 6.200E-10 1.660E ? 03 1.150E ? 00 1.900E ? 03 0.000E ? 00

Best 0.000E ? 00 0.000E ? 00 6.160E ? 03 7.960E ? 02 9.20E - 01 1.820E ? 03 0.000E ? 00

STD 0.000E ? 00 0.000E ? 00 2.420E ? 02 6.270E ? 02 1.72E - 01 6.680E ? 01 0.000E ? 00

Rank 1 1 5 9 7 10 1

F12 Worst 0.000E ? 00 0.000E ? 00 6.170E ? 03 3.370E ? 03 1.290E ? 00 2.070E ? 03 0.000E ? 00

Average 0.000E ? 00 0.000E ? 00 1.200E-18 2.240E ? 03 1.020E ? 00 1.940E ? 03 0.000E ? 00

Best 0.000E ? 00 0.000E ? 00 5.260E ? 03 1.310E ? 03 3.68E - 01 1.840E ? 03 0.000E ? 00

STD 0.000E ? 00 0.000E ? 00 3.840E ? 02 8.870E ? 02 4.32E - 01 9.740E ? 01 0.000E ? 00

Rank 1 1 4 11 7 9 1

F13 Worst 2.300E ? 02 5.000E ? 01 8.630E ? 09 1.070E ? 10 3.070E ? 02 2.840E ? 08 4.990E ? 01

Average 1.990E ? 02 5.000E ? 01 7.840E ? 09 8.830E ? 09 2.050E ? 02 2.650E ? 08 4.990E ? 01

Best 1.850E ? 02 5.000E ? 01 7.280E ? 09 6.570E ? 09 1.060E ? 02 2.460E ? 08 4.990E ? 01

STD 1.420E ? 01 1.190E ? 03 6.350E ? 08 1.730E ? 09 8.390E ? 01 1.560E ? 07 3.72E - 02

Rank 12 13 7 8 3 10 1

Total 10 3 2 0 0 0 4

Fun Measure GOA WOA ALO EO DA CMA-ES

F1 Worst 9.200E ? 04 9.50E - 24 1.260E ? 05 4.24E - 12 4.820E ? 04 1.83E - 02

Average 8.900E ? 04 2.680E-24 9.070E ? 04 1.540E-12 3.750E ? 04 1.250E-02

Best 8.200E ? 04 1.49E - 37 5.930E ? 04 1.38E - 13 2.750E ? 04 9.98E - 03

STD 4.710E ? 03 4.59E - 24 3.080E ? 04 1.92E - 12 8.710E ? 03 3.87E - 03

Rank 12 4 13 6 11 8

F2 Worst 1.720E ? 137 3.94E - 21 2.700E ? 247 5.09E - 06 1.250E ? 03 9.250E ? 01

Average 4.320E ? 136 1.190E-21 6.730E ? 246 3.810E-06 1.050E ? 03 8.490E ? 01

Best 2.260E ? 103 6.42E - 25 2.070E ? 03 2.77E - 06 7.170E ? 02 7.950E ? 01

STD 8.620E ? 136 1.88E - 21 6.560E ? 04 1.13E - 06 2.260E ? 02 5.920E ? 00

Rank 10 3 13 5 9 7

F3 Worst 7.650E ? 06 1.450E ? 08 1.060E ? 07 2.020E ? 05 1.710E ? 07 9.860E ? 06

Average 2.420E ? 09 4.990E ? 02 2.210E ? 09 5.000E ? 02 1.170E ? 09 8.000E ? 04

Best 3.400E ? 06 3.390E ? 07 4.820E ? 06 3.620E ? 04 5.980E ? 06 5.900E ? 06

STD 1.880E ? 06 5.720E ? 07 2.400E ? 06 9.330E ? 04 4.700E ? 06 1.670E ? 06

Rank 8 13 10 4 12 9

F4 Worst 9.560E ? 01 9.970E ? 01 8.840E ? 01 9.830E ? 01 9.960E ? 01 3.590E ? 01

Average 8.980E ? 01 9.250E ? 01 8.420E ? 01 7.560E ? 01 9.870E ? 01 3.330E ? 01

Best 8.710E ? 01 8.000E ? 01 7.940E ? 01 5.260E ? 01 9.690E ? 01 3.150E ? 01

STD 3.920E ? 00 8.770E ? 00 4.420E ? 00 1.950E ? 01 1.240E ? 00 1.950E ? 00

Rank 9 10 8 6 12 4

F5 Worst 2.600E ? 09 4.990E ? 02 3.380E ? 09 5.000E ? 02 1.820E ? 09 1.180E ? 05

Average 2.420E ? 09 4.990E ? 02 2.210E ? 09 5.000E ? 02 1.170E ? 09 8.000E ? 04

Best 2.300E ? 09 4.980E ? 02 1.780E ? 09 5.000E ? 02 6.910E ? 08 6.190E ? 04

STD 1.280E ? 08 4.22E - 01 7.820E ? 08 2.52E - 02 5.340E ? 08 2.550E ? 04

Rank 12 3 11 5 10 7
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Table 8 (continued)

Fun Measure GOA WOA ALO EO DA CMA-ES

F6 Worst 8.090E ? 05 1.050E ? 02 1.100E ? 06 1.200E ? 02 3.590E ? 05 5.010E ? 02

Average 7.620E ? 05 1.020E ? 02 1.010E ? 06 1.190E ? 02 3.160E ? 05 4.900E ? 02

Best 7.340E ? 05 9.870E ? 01 8.740E ? 05 1.180E ? 02 2.320E ? 05 4.820E ? 02

STD 4.140E ? 04 2.630E ? 00 1.150E ? 05 9.19E - 01 7.250E ? 04 9.400E ? 00

Rank 11 1 13 3 10 7

F7 Worst 5.120E ? 04 4.93E - 02 1.400E ? 04 3.06E - 02 7.930E ? 03 5.02E - 01

Average 4.740E ? 04 3.320E-02 1.030E ? 04 1.830E-02 4.070E ? 03 4.240E-01

Best 4.260E ? 04 1.31E - 02 5.960E ? 03 9.01E - 03 1.220E ? 03 3.62E - 01

STD 3.580E ? 03 1.56E - 02 4.140E ? 03 1.02E - 02 2.830E ? 03 5.91E - 02

Rank 12 5 9 4 8 6

F8 Worst - 3.33E ? 04 - 1.27E ? 05 - 9.04E ? 04 - 3.86E ? 04 - 1.51E ? 04 - 6.07E ? 04

Average - 3.71E ? 04 - 1.40E ? 05 - 9.04E ? 04 - 4.27E ? 04 - 1.71E ? 04 - 6.65E ? 04

Best - 3.96E ? 04 - 1.51E ? 05 - 9.04E ? 04 - 4.59E ? 04 - 1.91E ? 04 - 7.18E ? 04

STD 2.700E ? 03 9.980E ? 03 0.000E ? 00 3.270E ? 03 1.650E ? 03 5.670E ? 03

Rank 8 2 3 7 11 5

F9 Worst 8.490E ? 03 0.000E ? 00 6.190E ? 03 1.030E ? 00 6.660E ? 03 4.880E ? 03

Average 8.170E ? 03 0.000E ? 00 5.800E ? 03 2.560E-01 5.980E ? 03 4.790E ? 03

Best 8.050E ? 03 0.000E ? 00 5.300E ? 03 5.07E - 10 5.280E ? 03 4.720E ? 03

STD 2.120E ? 02 0.000E ? 00 3.800E ? 02 5.10E - 01 5.820E ? 02 5.830E ? 01

Rank 13 1 10 6 11 9

F10 Worst 2.050E ? 01 3.93E - 09 1.990E ? 01 1.59E - 03 1.920E ? 01 4.390E ? 00

Average 2.020E ? 01 1.220E-09 1.330E ? 01 7.100E-04 1.860E ? 01 4.190E ? 00

Best 1.990E ? 01 1.12E - 10 8.89E - 16 1.92E - 04 1.740E ? 01 3.950E ? 00

STD 2.62E - 01 1.83E - 09 9.090E ? 00 6.28E - 04 8.66E - 01 1.80E - 01

Rank 12 4 9 6 10 8

F11 Worst 6.380E ? 03 0.000E ? 00 8.290E ? 03 1.47E - 09 2.810E ? 03 5.010E ? 00

Average 5.730E ? 03 0.000E ? 00 6.470E ? 03 7.460E-10 2.060E ? 03 4.900E ? 00

Best 5.300E ? 03 0.000E ? 00 5.580E ? 03 2.63E - 10 1.450E ? 03 4.820E ? 00

STD 4.850E ? 02 0.000E ? 00 1.240E ? 03 5.20E - 10 5.650E ? 02 8.54E - 02

Rank 12 1 13 6 11 8

F12 Worst 6.360E ? 03 1.12E - 16 6.250E ? 03 7.09E - 09 3.250E ? 03 5.340E ? 00

Average 5.880E ? 03 2.790E-17 5.500E ? 03 3.670E-09 2.140E ? 03 5.060E ? 00

Best 5.450E ? 03 0.000E ? 00 4.300E ? 03 5.51E - 10 1.240E ? 03 4.620E ? 00

STD 3.760E ? 02 5.56E - 17 8.620E ? 02 2.81E - 09 8.660E ? 02 3.62E - 01

Rank 13 5 12 6 10 8

F13 Worst 7.810E ? 09 4.770E ? 01 7.840E ? 09 4.990E ? 01 2.770E ? 09 2.160E ? 02

Average 7.210E ? 09 3.910E ? 01 7.240E ? 09 4.970E ? 01 1.600E ? 09 1.980E ? 02

Best 6.580E ? 09 3.020E ? 01 6.640E ? 09 4.930E ? 01 1.130E ? 09 1.830E ? 02

STD 6.060E ? 08 8.060E ? 00 5.800E ? 08 2.94E - 01 7.850E ? 08 1.400E ? 01

Rank 11 2 9 5 9 5

Total 0 3 0 0 0 0
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Table 9 Comparison of RLRSA and other methods on the fixed-dimension multimodal benchmark functions (F14–F23)

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

F14 Worst 0.000E ? 00 9.990E-01 2.990E ? 00 2.990E ? 00 1.090E ? 01 3.980E ? 00 9.990E-01

Average 0.000E ? 00 9.990E-01 1.600E ? 00 1.500E ? 00 6.300E ? 00 2.790E ? 00 9.990E-01

Best 0.000E ? 00 9.990E-01 9.990E-01 9.990E-01 2.990E ? 00 2.000E ? 00 9.990E-01

STD 0.000E ? 00 0.000E ? 00 8.890E-01 8.600E-01 4.110E ? 00 1.090E ? 00 0.000E ? 00

Rank 1 2 7 6 11 8 2

F15 Worst 0.000E ? 00 8.380E-04 2.090E-02 1.920E-03 2.050E-02 9.940E-04 3.000E-04

Average 0.000E ? 00 5.770E-04 4.810E-03 1.290E-03 8.460E-03 9.210E-04 3.000E-04

Best 0.000E ? 00 3.650E-04 7.440E-04 6.930E-04 3.090E-04 8.670E-04 3.000E-04

STD 0.000E ? 00 2.250E-04 8.960E-03 4.910E-04 1.100E-02 6.650E-05 2.900E-15

Rank 1 5 9 8 12 7 3

F16 Worst - 1.030E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00

Average - 1.030E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00

Best - 1.030E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00

STD 1.190E-03 1.200E-03 1.530E-14 2.180E-05 2.810E-08 1.930E-16 0.000E ? 00

Rank 12 1 1 1 1 1 1

F17 Worst 2.280E-01 3.990E-01 0.000E ? 00 4.030E-01 3.990E-01 3.990E-01 3.990E-01

Average 2.310E-01 3.990E-01 0.000E ? 00 4.010E-01 3.990E-01 3.990E-01 3.990E-01

Best 2..20E-01 3.990E-01 0.000E ? 00 4.000E-01 3.990E-01 3.990E-01 3.990E-01

STD 1.120E-03 1.580E-02 0.000E ? 00 1.380E-03 1.060E-05 0.000E ? 00 4.380E-14

Rank 4 5 1 13 5 5 5

F18 Worst 2.130E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 8.410E ? 01 3.010E ? 00 3.010E ? 00

Average 2.130E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 1.930E ? 01 3.010E ? 00 3.010E ? 00

Best 2.130E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00

STD 1.200E-15 1.760E-12 5.960E-13 1.140E-03 3.630E ? 01 1.270E-15 1.140E-15

Rank 1 2 2 2 13 2 2

F19 Worst - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00

Average - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00

Best - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00

STD 3.370E-01 3.380E-01 2.820E-10 1.330E-03 1.830E-03 3.150E-16 3.150E-16

Rank 10 1 1 10 1 1 1

F20 Worst - 1.030E ? 00 - 1.040E ? 00 - 3.170E ? 00 - 2.610E ? 00 - 3.090E ? 00 - 3.210E ? 00 - 3.210E ? 00

Average - 2.050E ? 00 - 2.060E ? 00 - 3.250E ? 00 - 2.950E ? 00 - 3.210E ? 00 - 3.260E ? 00 - 3.310E ? 00

Best - 2.630E ? 00 - 2.640E ? 00 - 3.330E ? 00 - 3.080E ? 00 - 3.330E ? 00 - 3.330E ? 00 - 3.330E ? 00

STD 6.340E-01 6.350E-01 7.710E-02 1.900E-01 8.600E-02 6.520E-02 5.330E-02

Rank 13 12 7 11 10 6 1

F21 Worst - 1.020E ? 01 - 5.070E ? 00 - 5.070E ? 00 - 4.970E-01 - 1.020E ? 01 - 2.640E ? 00 - 1.030E ? 01

Average - 1.002E ? 02 - 9.140E ? 00 - 6.009E ? 01 - 8.950E-01 - 1.020E ? 01 - 7.160E ? 00 - 1.030E ? 01

Best - 1.020E ? 01 - 1.030E ? 01 - 1.030E ? 01 - 2.110E ? 00 - 1.030E ? 01 - 1.030E ? 01 - 1.020E ? 01

STD 1.210E ? 01 2.290E ? 00 2.280E ? 00 6.940E-01 3.000E-03 4.120E ? 00 1.790E-11

Rank 1 6 2 12 5 8 3

F22 Worst - 1.020E ? 01 - 5.100E ? 00 - 3.730E ? 00 - 9.070E- 01 - 1.050E ? 01 - 2.760E ? 00 - 1.050E ? 01

Average - 3.602E ? 01 - 9.280E ? 00 - 2.564E ? 01 - 1.910E ? 00 - 1.050E ? 01 - 6.480E ? 00 - 1.050E ? 01

Best - 1.020E ? 01 - 1.050E ? 01 - 1.050E ? 01 - 4.030E ? 00 - 1.050E ? 01 - 1.050E ? 01 - 1.050E ? 01

STD 0.000E ? 00 2.350E ? 00 3.320E ? 00 1.440E ? 00 1.350E-03 3.690E ? 00 1.050E-11

Rank 1 7 2 12 3 10 3

F23 Worst - 1.050E ? 01 - 2.880E ? 00 - 1.060E ? 01 - 2.470E ? 00 - 1.060E ? 01 - 1.060E ? 01 - 7.900E-01

Average - 3.621E ? 01 - 6.600E ? 00 - 1.060E ? 01 - 4.150E ? 00 - 1.060E ? 01 - 1.060E ? 01 - 2.100E ? 00

Best - 1.050E ? 01 - 1.060E ? 01 - 1.060E ? 01 - 7.280E ? 00 - 1.060E ? 01 - 1.060E ? 01 - 5.140E ? 00

STD 1.200E-01 3.700E ? 00 2.110E-11 1.920E ? 00 1.990E-03 1.550E-15 1.910E ? 00

Rank 1 9 2 12 2 2 13
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Table 9 (continued)

Fun Measure RLRSA RSA LICRSA SCA GWO PSO MPA

Total 8 5 4 1 2 2 3

Fun Measure GOA WOA ALO EO DA CMA-ES

F14 Worst 1.470E ? 01 1.090E ? 01 5.940E ? 00 9.990E-01 2.000E ? 00 7.990E ? 00

Average 1.240E ? 01 4.150E ? 00 3.580E ? 00 9.990E-01 1.410E ? 00 6.930E ? 00

Best 9.810E ? 00 9.990E-01 9.990E-01 9.990E-01 9.990E-01 4.010E ? 00

STD 1.870E ? 00 4.240E ? 00 2.280E ? 00 1.580E-16 5.450E-01 1.670E ? 00

Rank 13 10 9 2 5 12

F15 Worst 2.190E-02 1.530E-03 2.050E-02 3.540E-04 2.050E-02 0.000E ? 00

Average 9.800E-03 7.750E-04 4.960E-03 3.220E-04 5.730E-03 0.000E ? 00

Best 7.860E-04 3.140E-04 7.770E-04 3.090E-04 1.510E-03 0.000E ? 00

STD 1.060E-02 4.570E-04 8.660E-03 1.990E-05 8.200E-03 0.000E ? 00

Rank 13 6 10 4 11 1

F16 Worst - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 0.000E ? 00

Average - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 0.000E ? 00

Best - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 - 1.040E ? 00 0.000E ? 00

STD 2.150E-13 1.190E-09 2.940E-13 1.930E-16 4.240E-07 0.000E ? 00

Rank 1 1 1 1 1 13

F17 Worst 0.000E ? 00 3.990E-01 3.990E-01 3.990E-01 3.990E-01 0.000E ? 00

Average 0.000E ? 00 3.990E-01 3.990E-01 3.990E-01 3.990E-01 0.000E ? 00

Best 0.000E ? 00 3.990E-01 3.990E-01 3.980E-01 3.990E-01 0.000E ? 00

STD 0.000E ? 00 1.990E-04 1.810E-13 0.000E ? 00 1.200E-06 0.000E ? 00

Rank 1 5 5 5 5 1

F18 Worst 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00

Average 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00

Best 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00 3.010E ? 00

STD 1.760E-12 1.560E-04 1.550E-12 1.140E-15 4.640E-13 0.000E ? 00

Rank 2 2 2 2 2 2

F19 Worst - 3.090E ? 00 - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.880E ? 00

Average - 3.550E ? 00 - 3.860E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00

Best - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.870E ? 00 - 3.880E ? 00

STD 3.300E-01 4.470E-03 4.660E-11 6.270E-16 1.490E-03 0.000E ? 00

Rank 13 10 1 1 1 1

F20 Worst - 3.210E ? 00 - 3.100E ? 00 - 3.200E ? 00 - 3.210E ? 00 - 3.190E ? 00 - 3.210E ? 00

Average - 3.310E ? 00 - 3.280E ? 00 - 3.280E ? 00 - 3.310E ? 00 - 3.220E ? 00 - 3.240E ? 00

Best - 3.330E ? 00 - 3.330E ? 00 - 3.330E ? 00 - 3.330E ? 00 - 3.330E ? 00 - 3.330E ? 00

STD 5.570E-02 9.930E-02 6.910E-02 5.330E-02 6.060E-02 5.330E-02

Rank 1 4 4 1 9 8

F21 Worst - 2.690E ? 00 - 5.060E ? 00 - 2.690E ? 00 - 2.950E-01 - 2.640E ? 00 - 1.030E ? 01

Average - 6.160E ? 00 - 8.080E ? 00 - 4.620E ? 00 - 4.670E-01 - 6.640E ? 00 - 1.030E ? 01

Best - 1.030E ? 01 - 1.020E ? 01 - 5.110E ? 00 - 7.120E-01 - 1.030E ? 01 - 1.030E ? 01

STD 3.790E ? 00 2.760E ? 00 1.090E ? 00 1.600E-01 3.380E ? 00 0.000E ? 00

Rank 10 7 11 13 9 3

F22 Worst - 2.760E ? 00 - 2.950E-01 - 3.730E ? 00 - 5.100E ? 00 - 2.760E ? 00 - 1.050E ? 01

Average - 7.350E ? 00 - 5.570E-01 - 7.740E ? 00 - 9.350E ? 00 - 6.390E ? 00 - 1.050E ? 01

Best - 1.050E ? 01 - 8.590E-01 - 1.050E ? 01 - 1.050E ? 01 - 1.040E ? 01 - 1.050E ? 01

STD 4.200E ? 00 2.730E-01 3.670E ? 00 2.389 ? 00 3.560E ? 00 0.000E ? 00

Rank 9 13 8 6 11 3

F23 Worst - 1.690E ? 00 - 5.110E ? 00 - 3.850E ? 00 - 3.850E ? 00 - 1.690E ? 00 - 1.060E ? 01

Average - 4.270E ? 00 - 9.430E ? 00 - 9.210E ? 00 - 9.210E ? 00 - 6.530E ? 00 - 1.060E ? 01

Best - 1.060E ? 01 - 1.060E ? 01 - 1.060E ? 01 - 1.060E ? 01 - 1.060E ? 01 - 1.060E ? 01

STD 3.610E ? 00 2.430E ? 00 3.010E ? 00 3.010E ? 00 3.750E ? 00 0.000E ? 00

Rank 11 6 7 7 10 2

Total 3 1 1 3 2 3
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Fig. 4 Convergence of RLRSA against other method
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Fig. 4 continued
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Fig. 4 continued
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thickness of the head (Th). The main aim of the design is to

minimize the cost of welding, forming of the pressure

vessel and the materials.

The mathematical formulation of this problem is:

Consider x
* ¼ x1x2x3x4½ �

Minimize f x
*

� �
¼ 0:6224x1x2x4 þ 1:7781x2x

2
3þ

3:1661x21x4 þ 19:84x21x3

Subject to g1 x
*

� �
¼ �x1 þ 0:0193x3� 0; g2 x

*
� �

¼ �x3 þ 0:000954x3� 0;

g3 x
*

� �
¼ �3:14x4x23 �

4

3
x23 þ 1:296000� 0; g4 x

*
� �

¼ x4 � 240� 0

Variables range 0� x1; x2� 99Þ; 10� x3; x4� 200ð Þ
It can be seen from the results in Table 10 that the

proposed RLRSA can get the best solution which achieves

the smallest cost with nearly 5888.4833 with a difference

of 146.275 compared with the standard RSA. The main

reason for the superiority of the RLRSA compared to RSA

is that the reinforcement learning as well as ROL enhance

exploration and exploitation phase and balance between

them when it is necessary.

6.4.2 Tension/compression spring design problem

The design of tension/compression spring problem shown

in Fig. 6 includes the optimization of the wire diameter (d),

the mean coil diameter (D), the number of coils (N), and

the objective function and the constraints for this problem

can be described as follows.

X ¼ ½x1; x2; x3; �

Minimize f Xð Þ ¼ x3 þ 2ð Þx2x12
subject to

g1 Xð Þ ¼ 1� x32x3
71785x41

� 0

g2 Xð Þ ¼ 4x22 � x1x2
12566ðx2x31 � x41Þ

þ 1

5108x21
� 0

g3 Xð Þ ¼ 1� 140:45x1
x22x3

� 0

Fig. 4 continued

Fig. 5 Pressure vessel design problem [18]

Neural Computing and Applications (2024) 36:533–568 563

123



g4 Xð Þ ¼ x1 þ x2
1:5

� 1� 0

the range of variables

0:05� x1� 2:0

0:25� x2� 1:3

2:0� x3� 15

Table 11 shows the solutions to the problem using dif-

ferent optimization methods. It is obvious that the RLRSA

attains the better performance and get the best solution of

Table 10 Compassion between

RLRSA and different

algorithms for solving pressure

vessel design problem

Algorithm Optimal values for variables Optimal cost

Ts Th R L

Branch-bound [112] 1.1250 0.6250 48.9700 106.7200 7982.5000

GWO [23] 0.8125 0.4345 42.0892 176.7587 6051.5639

MVO [6] 0.8125 0.4375 42.0907 176.7387 6060.8066

WOA [17] 0.8125 0.4375 42.0983 176.6390 6059.7410

ES [113] 0.8125 0.4375 42.0981 176.6405 6059.7456

CPSO [114] 0.8125 0.4375 42.0913 176.7465 6061.0777

CSCA 0.8125 0.4375 42.0984 176.6377 6059.7340

HS [115] 1.1250 0.6250 58.2902 43.6927 7197.7300

GA [116] 0.8125 0.4375 42.0974 176.6541 6059.9463

PSO-SCA [117] 0.8125 0.4375 42.0984 176.6366 6059.7143

HPSO [117] 0.8125 0.4375 42.0984 176.6366 6059.7143

ACO [118] 0.8125 0.4375 42.0984 176.6378 6059.7258

GSA [32] 1.1250 0.6250 55.9887 84.4542 8538.8359

RSA [18] 0.8401 0.4190 43.3812 161.5556 6034.7591

RLRSA 0.7787 0.3849 40.3332 199.8388 5888.4833

Fig. 6 Tesnion/compression spring design problem [18]

Table 11 Compassion between

RLRSA and different

algorithms for

Tension/compression spring

design problem

Algorithm Optimal values for variables Optimal cost

d D N

GWO 0.0516900000 0.3567370000 11.2888500000 0.0126660000

MVO 0.0525100000 0.3760100000 10.3351400000 0.0127910000

WOA 0.0512080000 0.3452140000 12.0040310000 0.0126762000

ES 0.0516440000 0.3553610000 11.3979250000 0.0126970000

CPSO 0.0517280000 0.3576430000 11.2445440000 0.0126746000

CSCA 0.0516090000 0.3547150000 11.4108320000 0.0126703000

HS 0.0511540000 0.3498700000 12.0764310000 0.0126705000

GA 0.0514801000 0.3516600000 11.6322000000 0.0127047800

PSO 0.0517280000 0.3576440000 11.2445430000 0.0126747000

GSA 0.0502760000 0.3236800000 13.5254100000 0.0127022000

RSA 0.0578140000 0.5847800000 4.0167000000 0.0117600000

RLRSA 0.0551180000 0.5059000000 5.1167000000 0.0109380000
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the problem and achieves minimum weight of the objective

function.

7 Conclusion

This work presents an enhanced reptile search algorithm

(RLRSA) by integrating the Q-learning model and random

opposite-based learning (ROBL) strategies. The Q-learning

model helps the individual to learn from the results and to

switch between encircling and hunting phases, and hence

increase the convergence speed of the algorithm. In addi-

tion, ROBL prevents the algorithm from trapping in local

optima through increasing the diversity of the population.

The experimental results show competitive performance

compared to the basic RSA and other state-of-the-art

algorithms. Moreover, the proposed is applied to solve

pressure vessel design and tension/compression spring

engineering design problems. The results also show the

competitive performance of RLRSA compared to other

methods from the literature. One drawback of the proposed

RLRSA is that it has only significant impact when the

search space is too large but in case of simple functions

with only one extreme solution, the algorithm does not

show significant difference than the standard RSA.

Funding Open access funding provided by The Science, Technology

& Innovation Funding Authority (STDF) in cooperation with The

Egyptian Knowledge Bank (EKB).

Data availability All data generated or analyzed during this study are

included in this published article.

Declarations

Conflict of interest The authors declare that they have no conflict of

interest.

Open Access This article is licensed under a Creative Commons

Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as

long as you give appropriate credit to the original author(s) and the

source, provide a link to the Creative Commons licence, and indicate

if changes were made. The images or other third party material in this

article are included in the article’s Creative Commons licence, unless

indicated otherwise in a credit line to the material. If material is not

included in the article’s Creative Commons licence and your intended

use is not permitted by statutory regulation or exceeds the permitted

use, you will need to obtain permission directly from the copyright

holder. To view a copy of this licence, visit http://creativecommons.

org/licenses/by/4.0/.

References

1. Horst R, Tuy H (2013) Global optimization: deterministic

approaches. Springer Science & Business Media

2. Abualigah L (2021) Group search optimizer: a nature-inspired

meta-heuristic optimization algorithm with its results, variants,

and applications. Neural Comput Appl 33(7):2949–2972

3. Abualigah L, Diabat A (2020) A comprehensive survey of the

Grasshopper optimization algorithm: results, variants, and

applications. Neural Comput Appl 32(19):15533–15556

4. Luenberger DG, Ye Y (1984) Linear and nonlinear program-

ming, vol 2. Springer

5. Gardiner CW (1985) Handbook of stochastic methods, vol 3.

Springer, Berlin

6. Abualigah L (2020) Multi-verse optimizer algorithm: a com-

prehensive survey of its results, variants, and applications.

Neural Comput Appl 32(16):12381–12401

7. Abualigah L, Diabat A, Geem ZW (2020) A comprehensive

survey of the harmony search algorithm in clustering applica-

tions. Appl Sci 10(11):3827

8. Talbi E-G (2009) Metaheuristics: from design to implementa-

tion, vol 74. John Wiley & Sons

9. Soler-Dominguez A, Juan AA, Kizys R (2017) A survey on

financial applications of metaheuristics. ACM Comput Surv

(CSUR) 50(1):1–23

10. Valadi J, Siarry P (2014) Applications of metaheuristics in

process engineering, vol 31. Springer

11. Abualigah L, Diabat A (2021) Advances in sine cosine algo-

rithm: a comprehensive survey. Artif Intell Rev

54(4):2567–2608

12. Parpinelli RS, Lopes HS (2011) New inspirations in swarm

intelligence: a survey. Int J Bio-Inspired Comput 3(1):1–16

13. Kosorukoff A (2001) Human based genetic algorithm. In: 2001

IEEE international conference on systems, man and cybernetics.

e-Systems and e-Man for Cybernetics in Cyberspace (Cat. No.

01CH37236). IEEE

14. Biswas A et al (2013) Physics-inspired optimization algorithms:

a survey. J Optim 2013

15. Fonseca CM, Fleming PJ (1995) An overview of evolutionary

algorithms in multiobjective optimization. Evol Comput

3(1):1–16

16. Kennedy (1995) Particle swarm optimization. Neural Netw

17. Mirjalili S, Lewis A (2016) The whale optimization algorithm.

Adv Eng Softw 95:51–67

18. Abualigah L et al (2022) Reptile search algorithm (RSA): a

nature-inspired meta-heuristic optimizer. Expert Syst Appl

191:116158

19. Mirjalili S (2015) Moth-flame optimization algorithm: a novel

nature-inspired heuristic paradigm. Knowl-Based Syst

89:228–249

20. Heidari AA et al (2019) Harris hawks optimization: algorithm

and applications. Futur Gener Comput Syst 97:849–872

21. Mirjalili S et al (2017) Salp swarm algorithm: a bio-inspired

optimizer for engineering design problems. Adv Eng Softw

22. Yang X-S (2010) A new metaheuristic bat-inspired algorithm.

Nature inspired cooperative strategies for optimization (NICSO

2010). Springer, pp 65–74

23. Mirjalili S, Mirjalili SM, Lewis A (2014) Grey wolf optimizer.

Adv Eng Softw 69:46–61

24. Rao RV, Savsani VJ, Vakharia D (2011) Teaching–learning-

based optimization: a novel method for constrained mechanical

design optimization problems. Comput Aided Des

43(3):303–315

25. Shi Y (2011) Brain storm optimization algorithm. International

conference in swarm intelligence. Springer

Neural Computing and Applications (2024) 36:533–568 565

123

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


26. Mousavirad SJ, Ebrahimpour-Komleh H (2017) Human mental

search: a new population-based metaheuristic optimization

algorithm. Appl Intell 47(3):850–887

27. Moosavi SHS, Bardsiri VK (2019) Poor and rich optimization

algorithm: a new human-based and multi populations algorithm.

Eng Appl Artif Intell 86:165–181

28. Wang L et al (2014) A simple human learning optimization

algorithm. Computational intelligence, networked systems and

their applications. Springer, pp 56–65

29. Atashpaz-Gargari E, Lucas C (2007) Imperialist competitive

algorithm: an algorithm for optimization inspired by imperial-

istic competition. In: 2007 IEEE congress on evolutionary

computation. IEEE
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