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SLIME MOULD ALGORITHM-BASED MUTATED CHAOTIC LOCAL SEARCH
FOR GLOBAL OPTIMIZATION AND ENGINEERING APPLICATIONS

Adel Got1, Djaafar Zouache2, Naila Aziza Houacine1,* and Habiba Drias1

Abstract. Swarm intelligence has gained increasing interest, with the Slime Mould Algorithm (SMA)
standing out as a promising yet convergence-prone metaheuristic. To address this limitation, we
propose an improved variant, called mSMACLS, which integrates a mutated Chaotic Local Search
(mCLS) strategy into SMA. The mCLS mechanism selectively perturbs dimensions of the global best
solution using chaotic sequences, enhancing local exploitation while maintaining global exploration.
We evaluate 10 chaotic maps to identify the most effective configuration and conduct extensive
experiments on 23 standard benchmark functions and 10 more complex optimization problems. The
proposed algorithm is further validated on 15 challenging benchmark problems from the CEC2017
competition on constrained single-objective optimization. Results show that the Logistic chaotic
map provides the best performance within the mCLS framework. Overall, mSMACLS consistently
outperforms six well-known metaheuristics across most test cases, demonstrating improved convergence
speed and solution quality. Finally, the algorithm’s applicability is tested on 3 real-world engineering
design problems, and the results were very encouraging. The source code is publicly available
at https://www.mathworks.com/matlabcentral/fileexchange/182303-slime-mould-algorithm-

based-mutated-chaotic-local-search.
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1. Introduction

Solving an optimization problem consists of minimizing or maximizing, depending on the context, a math-
ematical formula generally known as objective function, and it is expressed by a set of decision variables or
dimensions. Knowing that the objective function is the mathematical description of the problem to be solved,
the set of variables represents the size of this problem. Therefore, the main goal when solving any optimization
problem is to find the best configuration of variables that leads to the global best objective value. However,
the real-world optimization problems are generally defined in non-linear and high-dimensional search spaces
that comprises several local optima, leading in serious challenges to find the global optimum. Hence, dealing
with these challenges via traditional and deterministic methods seems to be not only very hard, but totally
impracticable. For this reason, population-based metaheuristics have become an efficient and powerful choice
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for solving complex optimization problems [1]. Indeed, one of the strengths of metaheuristics is their ability to
approximate the best solution in reasonable time, and their efficiency to deal with any optimization problem
whatever its nature (non-linear, non-convex, high-dimensional, etc). Broadly speaking, and during its optimiza-
tion process, any metaheuristic performs two tasks universally known as exploration and exploitation [2]. The
aim of exploration is to visit unexplored regions in the search space in order to increase the diversity of solutions,
while the aim of exploitation is to perform some local searches in the neighborhood of a promising region in
order to enhance the quality of the current best solution [3].

Inspired mainly from the collective behavior of animals that live in groups, Swarm Intelligence (SI) are one of
the most popular metaheuristics which have attracted much attention [4,5]. Indeed, many SI-based algorithms
have been developed in the last decade such as Grey Wolf Optimizer (GWO) [6], Whale Optimization Algorithm
(WOA) [7], Manta Ray Foraging Optimizer (MRFO) [8], Aquila Optimizer (AO) [9], and more recently Artificial
Rabbits Optimization (ARO) [10], Coati Optimization Algorithm (COA) [11], Sand Cat Swarm Optimization
(SCSO) [12], Greylag Goose Optimization (GGO) [13], Moth Flame Optimizer (MFO) and its variants [14,15],
the prominent Parrot Optimizer (PO) inspired by parrots’ (pyrrhura molinaes’) behavior [16], the interesting
Artemisinin Optimization (AO) which mimics the process of artemisinin medicine therapy for malaria [17], and
the Polar Lights Optimization (PLO) introduced in [18] and the well-reputed RIME algorithm proposed in
[19]. These algorithms have received significant attention and they have been widely adopted to handle many
practical problems such as multi-objective and engineering design problems [20–23], machine learning [24–26],
wireless sensor networks [27], renewable energy [28], ambulance dispatching and relocation problem [29–31],
online sequential learning machine [32], the diagnose faults of rolling bearings [33], the detection of faults
in gears [34], etc. However, despite this effectiveness in solving various real-world situations, and due to their
stochastic behavior, the improvement of Swarm Intelligence metaheuristics is still an open topic for many scholars
until now, as the recent Non-dominated sorting advanced butterfly optimizer introduced in [35] to deal with
multi-objective problems, the MCF-FFA algorithm proposed in [36] to solve the Traveling Salesman Problem
(TSP) via an improved Farmland Fertility Algorithm, the prominent Multi-objective imperialist competitive
algorithm (NSICA) which treats feature selection as a multi-objective problem for effective cardiac arrhythmia
diagnosis [37], the improved Artificial Rabbits Optimizer through CLS and OBL strategies (COARO) applied
to different engineering design problems and its binary version BCOARO applied in Breast Cancer Problem
[38]. Under this context, non-linear dynamics, and chaos theory in particular, has been widely adopted to
improve the performance of several SI-based metaheuristics [39–41]. Indeed, the ergodicity and the non-repetition
characterizing the chaotic maps allow them to increase the exploration and exploitation abilities of SI algorithms.
Typically speaking, the exploration is often enhanced by replacing some random parameters of the algorithm
with chaotic sequences. Here, it is worth mentioning that some studies have adopted the chaos theory to
improve the diversity of the initial population, hence, improving the exploration ability. On the other hand, the
exploitation is often enhanced by incorporating a Chaotic Local Search (CLS) into the algorithm itself.

For instance, the authors in [42] proposed the Chaotic Whale Optimization Algorithm (CWOA) which replaces
the controlling exploration/exploitation parameter 𝑝 in the basic WOA by a sequence of chaotic numbers. Among
the 10 investigated chaotic maps in this study, the results shown that only Circle and Iterative maps which
have failed to improve the basic WOA, while the Tent map has significantly improved the performance of
WOA. However, we haven’t any idea on its performance on more complex functions and practical problems as
it was benchmarked only on twenty classical test functions. The same idea was applied in [43] to adjust the
key parameter 𝑎 of GWO, where Chebyshev map is selected as the best chaos map. The results shown that
the proposed CGWO clearly outperforms its competitors in benchmark functions and real-world problems. In
CGOA [44], chaos theory is embedded to refine the parameters 𝑐1 and 𝑐2 of the standard GOA algorithm. The
authors have drew an interesting conclusion, which suggests that refining 𝑐1 or 𝑐2 separately cannot improve
the performance of the GOA considerably. In contrast, Circle map was the best chaotic GOA for updating
𝑐1 and 𝑐2 parameters. In [45], Tent chaotic map is employed to initialize the dragonflies to maintain a good
diversity along the initial population at the hope of improving the search efficiency of the PDA algorithm.
The obtained results have demonstrated that the proposed TPDA can converge to the global optima with a
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Table 1. Some developed chaotic metaheuristics.

Chaotic version Improved algorithm Improved strategy Optimal chaotic map

CKHA [48] Krill Herd Algorithm Exploration (param.chaos) Singer map
CWOA [42] Whale Optimization Algorithm Exploration (param.chaos) Tent map
CGWO [43] Grey Wolf Optimizer Exploration (param.chaos) Chebyshev map
CGOA [44] Grasshopper Optimization

Algorithm
Exploration (param.chaos) Circle map

CSSA [49] Salp Swarm Algorithm Exploration (param.chaos) Logistic map
CMRFO [50] Manta Ray Foraging Optimizer Exploration (param.chaos) Singer map
ACPSO [51] Particle Swarm Optimization Exploration (param.chaos) Logistic map
CSCPS [52] Sand Cat Optimizer Exploration (param.chaos) Logistic map

CSPSO [53] Particle Swarm Optimization Exploration (pop.init) Sinusoidal map
IAHA [54] Artificial Hummingbird Algorithm Exploration (pop.init) Chebyshev map
eHHO [55] Harris Hawks Optimizer Exploration (pop.init) Logistic map
AChOA [56] Chimp Optimization Algorithm Exploration (pop.init) Tent map
IRSA [57] Reptile Search Algorithm Exploration (pop.init) Circle map
CASFO [58] Sailfish Optimizer Exploration (pop.init) Tent map
TPDA [45] Dragonfly Algorithm Exploration (pop.init) Tent map
ISSA [59] Sparrow Search Algorithm Exploration (pop.init) Tent map

CJADE-M [60] Adaptive Differential Evolution Exploitation (CLS) Multiple chaotic maps
QOCALO [47] Ant Lion Optimizer Exploitation (quasi-

oppositional CLS)
Logistic map

OCS-GWO [61] Grey Wolf Optimizer Exploitation (opposition-
based CLS)

Logistic map

DECLS [62] Differential Evolution Exploitation (CLS) Logistic map
CLSGMFO [46] Moth Flame Optimizer Exploitation (CLS) Logistic map
mBES [63] Bald Eagle Search Exploitation (CLS) Logistic map

good robustness and stability. However, the used population classification evolution strategy has increased the
computational complexity of the algorithm. Regarding the use of Chaotic Local Search (CLS), CLSGMFO
algorithm is developed in [46] by incorporating a CLS Logistic-based map into the MFO algorithm to handle
local search more efficiently. The algorithm was applied to perform financial predictions, and the results were
very satisfactory in terms of accuracy. In [47], the CLS strategy is applied around the global best solution of
ALO algorithm, which leads in better exploitation ability. Indeed, the findings on benchmark functions and
three real structural problems show the high performance of the proposed QOCALO compared to the standard
ALO and other metaheuristics.

Obviously, apart from the above mentioned references, there is a lot of interesting works in this research
direction in literature, and to sum up, Table 1 summarizes some prominent contributions on the improvement
of metaheuristics through chaos theory.

Slime Mould Algorithm (SMA) is a recent SI-based metaheuristic which has been developed by simulating
a special social behavior observed in Slime mould [64]. Despite its recent appearance, SMA has shown high
performance in various optimization situations. However, it is still able to be improved. Hence, this paper
presents a new improved version of the SMA called mSMACLS (for mutated Chaotic Local Search SMA). The
main contributions of the proposed chaotic-based algorithm are summarized as follows:

– A novel and effective local search strategy based on chaos theory is proposed and integrated into the standard
SMA algorithm to improve its performance.

– The proposed mCLS strategy acts as a mutation operator on the current best solution to improve the
exploitation ability of SMA.
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– The ten most popular chaotic maps are investigated and compared to select the appropriate chaotic map
for the proposed mSMACLS algorithm.

– Expensive numerical and graphical comparison is performed against thirteen well-known algorithms on
twenty-three classical and twenty-five complex test functions are employed.

– The performance of the proposed mSMACLS in handling real-world problems is tested on three practical
engineering problems.

The remainder of paper is structured as follows: Section 2 presents the basic SMA algorithm. Section 3
describes, with detailed explanations, the proposed mSMACLS algorithm. Section 4 outlines the experimental
simulations. At the end, Section 5 concludes the the paper.

2. Slime Mould Algorithm

As mentioned above, Slime Mould Algorithm is a recent population-based Swarm Intelligence metaheuristic
inspired by the oscillation strategy adopted by slime moulds during their attempts to find the optimal path
towards the source-food in nature [64]. Moreover, SMA algorithm employs adaptive weights to model the
positive and negative feedback generated during the propagation wave of slime moulds. The following subsections
summarize the mathematical model of SMA algorithm.

2.1. Approach food mechanism

In this phase, slime moulds identify the source-food based on its odor in the air. This behavior is expressed
by the following system of equations:

𝑥𝑖(𝑡 + 1) =

{︃
𝐺𝑏𝑒𝑠𝑡 + 𝑏 · (𝑤 · 𝑥1(𝑡)− 𝑥2(𝑡)) if rand (0, 1) < 𝑝

𝑐 · 𝑥𝑖(𝑡) Otherwise
(1)

where, 𝑥𝑖(𝑡) is the position of 𝑖th slime mould at iteration 𝑡, 𝐺𝑏𝑒𝑠𝑡 is the global best solution obtained to date,
𝑥1 and 𝑥2 are two individuals randomly selected from the population of slime moulds, 𝑐 is a parameter which
decreases linearly from 1 to 0, and 𝑏 is another parameter in the interval [−𝑎, 𝑎], so as:

𝑎 = arctanh
(︂
−

(︂
𝑡

𝑇

)︂
+ 1

)︂
(2)

where, 𝑇 is the maximum number of iterations. On the other hand, 𝑝 and 𝑤 in equation (1) are given as follows:

𝑝 = tanh |𝑆(𝑖)− BF| (3)

where, 𝑆(𝑖) is the fitness of the 𝑖th search agent, and BF is best fitness found so far.

𝑤(𝑆𝑚𝑒𝑒𝑙𝐼𝑛𝑑𝑒𝑥(𝑡)) =

⎧⎨⎩1 + rand (0, 1) · log
(︁

BF−𝑆(𝑖)
BF−WF + 1

)︁
, 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛

1− rand (0, 1) · log
(︁

BF−𝑆(𝑖)
BF−WF + 1

)︁
, others

(4)

𝑆𝑚𝑒𝑒𝑙𝐼𝑛𝑑𝑒𝑥 = 𝑠𝑜𝑟𝑡(𝑆) (5)

where, BF and WF represent the best and the worst fitness values, respectively, 𝑆𝑚𝑒𝑒𝑙𝐼𝑛𝑑𝑒𝑥 stands for the
sequence of fitness values, and 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 indicates that 𝑆(𝑖) ranks first half of the search agents.
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2.2. Warp food mechanism

Here, and if the food density is low, slime mould moves towards another direction in the search space. This
movement is given by equation (6).

𝑥𝑖(𝑡 + 1) =

⎧⎪⎨⎪⎩
rand (0, 1) · (𝑢𝑏− 𝑙𝑏) + 𝑙𝑏 rand (0, 1) < 𝑧

𝐺𝑏𝑒𝑠𝑡 + 𝑏 · (𝑤 · 𝑥1(𝑡)− 𝑥2(𝑡)) 𝑧 ≤ rand (0, 1) < 𝑝

𝑐 · 𝑥𝑖(𝑡) rand (0, 1) ≥ 𝑝

(6)

where, 𝑧 ∈ [0, 0.1] and it is used to control the exploration and exploitation of the search space during the
optimization process. 𝑙𝑏 and 𝑢𝑏 are the upper and lower bounds of the search space, respectively.

3. The proposed mSMACLS algorithm

As in almost all population-based SI-based metaheuristics, and during the exploitation phase, the search
agents of SMA algorithm update their current positions with respect to the position of the best search agent
(𝐺𝑏𝑒𝑠𝑡) found until now. Therefore, increasing the strength of SMA algorithm to exploit the most promising
regions in the search space can increase the possibility to improve the quality of the optimal solution in the next
iterations, hence, improving the performance of the algorithm in general manner. Under this context, the use of
a local search strategy seems to be more effective to improve the exploitation ability of Slime Mould Algorithm.

In this paper, and as mentioned before, a local search strategy based on the chaos theory is incorporated into
the basic SMA algorithm to improve its performance. The proposed mutated Chaotic Local Search (mCLS) is
used to refine the current global best solution 𝐺𝑏𝑒𝑠𝑡. Here, it should be noted that the adopted CLS acts as
a mutation operator. That is to say, it is not applied to all dimensions of the current 𝐺𝑏𝑒𝑠𝑡, but it is applied
only to some dimensions of 𝐺𝑏𝑒𝑠𝑡 based on a predefined mutation probability 𝑃𝑚 (𝑃𝑚 = 50% in our case),
which makes the difference between our strategy and other existing CLS strategies in literature. The main
reason behind this is because CLS is an iterative method, and applying it to all dimensions of 𝐺𝑏𝑒𝑠𝑡 can lead
the search to go very far from 𝐺𝑏𝑒𝑠𝑡 after few iterations, hence, losing the main objective behind using CLS
strategy (which is performing a search in the neighborhood of 𝐺𝑏𝑒𝑠𝑡). Accordingly, applying CLS just on some
dimensions of 𝐺𝑏𝑒𝑠𝑡 lead to maintain the role for which CLS is adopted, hence, generating a new candidate
solution in the neighborhood of 𝐺𝑏𝑒𝑠𝑡. The implemented mCLS in the proposed mSMACLS algorithm can be
expressed by:

𝑥′𝑑 = 𝐺𝑏𝑒𝑠𝑡𝑑 + 𝑟(𝑢𝑏− 𝑙𝑏)(𝑐rand − 0.5) (7)

where, 𝑥′ is the new candidate solution and 𝑥′𝑑 is its 𝑑th-dimension generated by CLS. 𝐺𝑏𝑒𝑠𝑡𝑑 is the 𝑑th-
dimension of 𝐺𝑏𝑒𝑠𝑡 on which the mCLS will be applied, 𝑑 is in [1, 𝐷], where 𝐷 is the size of the problem in
consideration. 𝑟 is the CLS radius initialized to 0.0001, and adjusted over iterations by 𝑟(𝑡 + 1) = 0.988(𝑡).
𝑢𝑏 and 𝑙𝑏 are the upper and lower bounds of the search space, respectively. 𝑐rand stands for a chaotic number
selected randomly from the adopted chaotic sequence, and it is removed temporary from the chaotic sequence
to avoid select it again during the local iterations. The chaotic sequence is generated by using one of the 10
chaotic maps listed in Table 2. They are also graphically illustrated for 100 iterations in Figure 1.

Another important perspective which should be mentioned is that the execution of mCLS stops when a max-
imum number of iterations 𝑡𝑐𝑙𝑠 is reached. However, the proposed mCLS can improve the current global best
solution 𝐺𝑏𝑒𝑠𝑡 before reaching this maximum local iterations 𝑡𝑐𝑙𝑠, which may leads in unwanted premature con-
vergence. Hence, to avoid, as much as possible, this issue, mCLS procedure is forced to be stopped once a better
solution is found even if the maximum local iterations is not reached. The general process of proposed mCLS
is presented in Algorithm 1. Furthermore, Algorithm 2 outlines the pseudo-code of the proposed mSMACLS
algorithm.

Accordingly, the algorithm start the optimization by generating randomly the initial population of candidate
solutions. Then, and over iterations, each search agent is evaluated to update the global best solution 𝐺𝑏𝑒𝑠𝑡.
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Table 2. Details of the ten chaotic maps.

No Map name Map equation

1 Chebyshev map 𝑐𝑘+1 = cos(0.5 cos−1 𝑐𝑘)

2 Circle map 𝑐𝑘+1 = 𝑐𝑘 + 0.5− 1.1
𝜋

sin(2𝜋𝑐𝑘)mod(1)

3 Gauss/mouse map 𝑐𝑘+1 = 0 if 𝑐𝑘 = 0, 𝑐𝑘+1 = 1
𝑐𝑘

mod(1) else

4 Iterative map 𝑐𝑘+1 = abs
(︁
sin
(︁

𝑝
𝑐𝑘

)︁)︁
, 𝑝 ∈ (0, 1)

5 Logistic map 𝑐𝑘+1 = 4× 𝑐𝑘(1− 𝑐𝑘)

6 Piecewise map 𝑐𝑘+1 = { 𝑐𝑘
0.4

if 0 ≤ 𝑐𝑘 < 0.4, 𝑐𝑘−0.4
0.1

if 0.4 ≤ 𝑐𝑘 < 0.5, 0.6−𝑐𝑘
0.1

if 0.5 ≤
𝑐𝑘 < 0.6, 1−𝑐𝑘

0.4
if 0.6 ≤ 𝑐𝑘 < 1}

7 Sine map 𝑐𝑘+1 = sin(𝜋𝑐𝑘)

8 Singer map 𝑐𝑘+1 = 1.073(7.86𝑐𝑘 − 23.31𝑐2
𝑘 + 28.75𝑐3

𝑘 − 13.302875𝑐4
𝑘)

9 Sinusoidal map 𝑐𝑘+1 = 2.3𝑐2
𝑘 sin(𝜋𝑐𝑘)

10 Tent map 𝑐𝑘+1 = 𝑐𝑘
0.4

if 0 < 𝑐𝑘 ≤ 0.4, 𝑐𝑘+1 = 1−𝑐𝑘
0.6

if 0.4 < 𝑐𝑘 ≤ 1
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Figure 1. Visualization of the 10 adopted chaotic maps.

After that, the algorithm updates the position of each search agent based on equation (6) to simulate the
behavior of slime moulds. The new population is then evaluated again to select the new 𝐺𝑏𝑒𝑠𝑡 solution. At
this stage, the proposed mutated Chaotic Local Search algorithm is invoked to update 𝐺𝑏𝑒𝑠𝑡. This process is
executed until the maximum number of iterations is reached. Finally, the algorithm returns the optimal solution
and its fitness function.

4. Experimental results and analysis

This section provides an extensive experiments to validate the proposed algorithm, and it is divided into the
following main subsections:

– The first one exhibits the comparison of SMA and the ten implemented variants of mSMACLS to identify
the most appropriate chaotic map.
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Algorithm 1. Pseudo-code of mCLS strategy.
1: Generate the chaotic sequence
2: Identify the number of dimensions 𝑝 on which the CLS will be applied
3: while 𝑡 < 𝑡𝑐𝑙𝑠 do
4: Set 𝑥′ = 𝐶𝑢𝑟𝑟𝐺𝑏𝑒𝑠𝑡
5: for (𝑗 = 1 to 𝑑𝑖𝑚) do
6: if rand (0, 1) < 𝑃𝑚 then
7: Select randomly a chaotic number 𝑐rand

8: Generate new solution 𝑥′ by applying CLS using equation (7)
9: Remove temporary 𝑐rand from the generated chaotic sequence

10: end if
11: end for
12: Adjust the bounds of 𝑥′ if necessary
13: if (𝑥′ is better than 𝐶𝑢𝑟𝑟𝐺𝑏𝑒𝑠𝑡) then
14: Update 𝐺𝑏𝑒𝑠𝑡
15: end if
16: end while

Algorithm 2. Pseudo-code of mSMACLS algorithm.
1: Initialize the population 𝑃𝑂𝑃 with 𝑁 search agents
2: while 𝑡 < 𝑖𝑡𝑒𝑟 𝑚𝑎𝑥 do
3: Evaluate each search agent
4: Update the current 𝐺𝑏𝑒𝑠𝑡
5: Update the best fitness BF
6: Calculate 𝑤 based on equation (4)
7: for (each search agent) do
8: Update 𝑝, 𝑏, and 𝑐 parameters
9: Update the position of the current search agent based on equation (6)

10: end for
11: Evaluate the new population 𝑃𝑂𝑃
12: Identify 𝐺𝑏𝑒𝑠𝑡
13: Apply mCLS using Algorithm 1
14: end while
15: Return the final 𝐺𝑏𝑒𝑠𝑡

– The second outlines the comparison of mSMACLS and the first 6 selected algorithms on twenty-three classical
test functions first, and then, on ten complex problems.

– The third subsection compares mSMACLS first with other four selected algorithms, and then, with three
chaotic-based algorithms, on fifteen constrained optimization test problems taken from CEC2017 competition
series.

– Finally, the fourth subsection, which outlines the performance of the proposed mSMACLS on three real-world
problems.

All algorithms are implemented on MATLAB2016b, and they are executed on the same computer.

4.1. Comparison between SMA and mSMACLS variants

Twenty-three classical benchmark functions are used to compare the basic SMA and mSMACLS algorithms.
Theses functions includes 7 unimodal (F1–F7), 6 multimodal (F8–F13), and 10 fixed-size dimension multimodal
(F14–F23). Some information about these functions are listed in Table 3. The population size and the number
of iterations in all algorithms are set to 30 and 100 respectively. Furthermore, and due to their stochastic
behavior, the comparison is mainly done based on the averaged results obtained over 20 independent runs for
each algorithm.
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Table 3. Characteristics of the used benchmark functions.

Test function Name Type Dimension Range Optimum

F1 Sphere Unimodal 30 [−100, 100] 0
F2 Schwefel 2.22 Unimodal 30 [−10, 10] 0
F3 Schwefel 1.2 Unimodal 30 [−100, 100] 0
F4 Schwefel 2.21 Unimodal 30 [−100, 100] 0
F5 Rosenbrock Unimodal 30 [−30, 30] 0
F6 Step Unimodal 30 [−100, 100] 0
F7 Quartic Unimodal 30 [−1.28, 1.28] 0

F8 Schwefel 2.26 Multimodal 30 [−500, 500] −418.9829D
F9 Rastrigin Multimodal 30 [−5.12, 5.12] 0
F10 Ackley Multimodal 30 [−32, 32] 8.8818e−16

F11 Griewank Multimodal 30 [−600, 600] 0
F12 Penalized Multimodal 30 [−50, 50] 0
F13 Penalized2 Multimodal 30 [−50, 50] 0

F14 Foxholes Multimodal 2 [−65.53, 65.53] 0.998004
F15 Kowalik Multimodal 4 [−5, 5] 0.0003075
F16 Six-hump camel back Multimodal 2 [−5, 5] −1.03163
F17 Branin Multimodal 2 [−5, 10]× [0, 15] 0.398
F18 Goldstein-Price Multimodal 2 [−5, 5] 3
F19 Hartman 3 Multimodal 3 [0, 1] −3.8628
F20 Hartman 6 Multimodal 6 [0, 1] −3.32
F21 Langermann 5 Multimodal 4 [0, 10] −10.1532
F22 Langermann 7 Multimodal 4 [0, 10] −10.4029
F23 Langermann 10 Multimodal 4 [0, 10] −10.5364

Table 4 displays the averaged results obtained by the basic SMA algorithm and the different mSMACLS vari-
ants. It should be noted that mSMACLS1 adopts Chebyshev map, mSMACLS2 adopts Circle map, mSMACLS3
uses Gauss/mouse map, and so on. The best results are marked in boldface. Hence, and as a first observation,
all algorithms have the same performance in 5 test functions (F9, F10, F11, F16, and F17), and this is due by
the fact that they reached the theoretical optimal values of these test functions. As a second observation, it is
noticeable that the basic SMA is superior, or equivalent in the worst−case, to the other mSMACLS variants
in F8 and F12 test functions. However, in the rest of test functions (i.e., 16 test functions), there is always
some mSMACLS variants which are better than the basic SMA algorithm. For example, but not limited to,
mSMACLS4 has outperformed the basic SMA on 10 cases out of the rest 16 test functions, mSMACLS2 and
mSMACLS8 outperformed it on 11 cases, and mSMACLS7, mSMACLS9 and mSMACLS5 were better on 12
cases. Furthermore, it seems that mSMACLS5 with Logistic map is the best performer among the ten chaotic
maps, providing the best average values in 12 benchmark functions, followed by mSMACLS2 with Circle map
with 10 best average values in 10 functions.

However, the above discussion cannot give us a clear idea on which is the most suitable chaotic map. Therefore,
and to clarify the results, we present in Table 5 the final rank of each algorithm based on its average rank over
the 23 test functions. From the last line of this table, it is evident that mSMACLS1 with Chebyshev map is
the worst algorithm among the ten mSMACLS variants, and even it is worst than the basic SMA algorithm.
This reveals that Chebyshev map cannot be a good choice for our proposed mCLS strategy. On the other
hand, it is clear that all the rest 9 implemented mSMACLS algorithms are better than the basic SMA. This
reveals that the proposed mCLS strategy has contributed significantly in improving the performance of SMA
algorithm. Of course, each chaotic map with its own effectiveness. Indeed, the results of Table 5 have reinforced
the previous conclusion which suggested that mSMACLS5 with Logistic map dominates the other mSMACLS
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variants, which means that Logistic map has a positive impacte on the exploitation strength of the algorithm
without effecting the exploration ability. Based on these findings, Logistic is selected as the optimal map for
the proposed mSMACLS algorithm, and it will be investigated in the next experiments.

4.1.1. Convergence behavior analysis

Although the above results have demonstrated the ability of the proposed mutated CLS strategy in improving
the performance of the standard SMA algorithm, but, and until now, we haven’t any idea about the ability
of the proposed mSMACLS algorithm to converge towards the global optimum. Therefore, to investigate this
very important perspective, four well-known qualitative metrics namely search history, trajectory in the first
dimension, average fitness of entire population, and convergence curve, are employed, and they are represented
in Figure 2.

From the search history metric, it can be seen that the search agents, represented by black points, tend
to scatter around the red point which represents the global optimum in the search space. This behavior is
approximately identical in almost all test functions, indicating the ability of the proposed algorithm to get
consistently closer to the optimal configuration during the optimization process. Furthermore, and by inspecting
the trajectory metric of the leader search agent in its first variable, we can observe that there are sudden changes
in the beginning steps of optimization process. After that, these sharp movements are gradually decreased in
the next steps. These observations indicate that the proposed algorithm tends to explore the search space first
and then progressively exploit it over the course of iterations, resulting in a good transition between exploration
and exploitation. Broadly speaking, such behavior reveals that the proposed mSMACLS eventually converges
to a specific point and moves within promising local areas in the search space.

Another convergence indicator can be extracted from the third qualitative metric which shows the average
fitness of all individuals over the iterations. As it can be seen, the descending behavior of average fitness curves
proves that there is a good and fast enhancement of the initial random population. Indeed, this high performance
can be easily concluded by observing the fourth metric in which the proposed mSMACLS algorithm shows a
good convergence speed on most benchmarking functions.

4.1.2. Computational time analysis

The effect of the incorporated mCLS strategy on the computational time is also investigated in our experi-
ments. Figure 3 outlines the average runtime (in Seconds) of the standard SMA and the proposed mSMACLS
over the 20 independent runs.

From this figure, it is evident that the proposed algorithm consumes more run time than the standard SMA
algorithm, and this is not surprising due to the incorporated mCLS strategy that results in supplementary
computation cost. Furthermore, this figure allows us to observe that the runtime time gap between SMA and
mSMACLS decreases as the dimension of the problem decrease, which is the case for example in F16, F17, F19,
etc. which is also very logical because the proposed mCLS strategy acts as mutation operator, as described
previously in Section 3, thus, it visits certain dimensions rather than visiting all dimensions. Therefore, and
based on all the above findings and discussions, we can say that the proposed mSMACLS algorithm sacrifices
slightly the runtime at the hope of getting further improvement in the final solution.

Most mSMACLS variants significantly outperform the original SMA, confirming the benefit of integrating
chaotic local search into the optimization process. Among them, mSMACLS5 with the Logistic map consistently
achieves the best rankings, showing its ability to enhance both the exploration and exploitation balance. This
improvement is attributed to the ergodic and sensitive nature of chaotic maps, which introduce structured
randomness into the local search, allowing the algorithm to escape local optima and intensify the search around
promising regions. In contrast, mSMACLS1 with the Chebyshev map performs worse than the original SMA,
highlighting the importance of selecting an effective chaotic map.

The proposed mSMACLS algorithm demonstrates strong and reliable convergence, with agents consistently
approaching the global optimum and a smooth transition from exploration to exploitation. It achieves faster
and more stable convergence than the standard SMA, as shown by fitness and convergence curves. While it
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Figure 2. Search history, trajectory, average fitness, and convergence curve.

incurs a slight increase in runtime due to the mCLS strategy, this overhead is minimal in lower-dimensional
problems. Overall, mSMACLS offers a worthwhile trade-off between computational cost and improved solution
quality.

4.2. mSMACLS vs. First 6 selected metaheuristics

The current subsection outlines the comparison of mSMACLS against six recent and well-reputed algorithms,
including Artificial Hummingbird Algorithm (AHA) [65], Grey Wolf Optimizer (GWO) [6], Harris Hawks Opti-
mizer (HHO) [66], Manta Ray Foraging Optimizer (MRFO) [8], Teaching–Learning-Based Optimization (TLBO)
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Figure 2. Continued.

[67], and Whale Optimization Algorithm (WOA) [7]. For fair comparison, the common parameters such as the
population size, the number of iterations, and the number of independent runs, are set to be 30, 100, and 20,
respectively, for all algorithms. On the other hand, it is important to emphasize that the other parameters
of each algorithm have been kept as they were adopted by their original authors (under the hypothesis that
these parameters are the best choice), and they are detailed in Table 6. Finally, it should be noted that the
first comparison is performed on the above classical 23 benchmark functions, whereas the second comparison is
performed on other 10 modern functions.

4.2.1. Classical benchmark suites

The results are presented in Table 7 where Mean and Std stand for the average and the standard deviation,
respectively. Based on the theoretical perspective, it may seen that the proposed mSMACLS ranked third by
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Table 6. Parameter settings of the compared algorithms.

Algorithm Parameter setting

AHA Migration foraging coefficient: 𝑀 = 2𝑛.

GWO The coefficients: 𝑎 = 2− 2×𝑡
𝑇

, 𝐴 = 2 · 𝑎 · rand (0, 1)− 𝑎, 𝐶 = 2 · rand (0, 1).

HHO Factor to show the decreasing energy of rabbit: 𝐸 = 2 · 𝐸0 ·
(︀
1− 𝑡

𝑇

)︀
.

MRFO The somersault factor: 𝑆 = 2.

TLBO Teaching Factor: TF = rand 𝑖 ([1 2])

WOA The coefficients: 𝑎 = 2− 𝑡× ( 2
𝑇

), The shape of the logarithmic spiral: 𝑏 = 1.

mSMACLS The factors: 𝑏 = 1− 𝑡
𝑇

, and 𝑧 = 0.03

achieving the theoretical optimum value in 6 cases (F9–11, F16–18), after the AHA algorithm which has attained
the optimum value in 7 cases (F6, F9, F11, F16–19) and the MRFO algorithm which has achieved the theoretical
optimum in 9 cases (F6, F9–F11, F14, F16–F19). However, and based on the average point of view, the proposed
mSMACLS has obtained the best Mean value in 15 test functions (F1–4, F7–11, F16–18, F21–23), while MRFO
ranked second with best Mean value in 10 cases (F6, F9–11, F14–F19). Moreover, it is clear that mSMACLS
straightly outperforms GWO, HHO, TLBO, and WOA algorithms in terms of theoretical and average results.

Based on the standard deviation, mSMACLS has obtained the best Std metric in 12 cases (F1–4, F7–11,
F21–23), followed by MRFO algorithm with best Std in 9 cases, meaning that mSMACLS provides a good
stability and robustness over the 20 independent executions compared to its competitors. This conclusion can
be confirmed by the Box-and-whisker diagrams of some test functions presented in Figure 4. For each algorithm,
the top and bottom edges of each box represent the minimum and maximum values. The top and bottom blue
lines borders define the first and the third quartiles, respectively. The red line represents the median, whereas
the red “+” indicates the outliers points which are outside the box. Knowing that IRQ metric stands for the
inter-quartile range, or simply, the distance between the first and the third quartiles. The shorter the IRQ
is, the better the stability of the obtained solutions is. Hence, it may be observed that mSMACLS has the
shortest IRQ metric in almost all considered test functions. Also, it is clear that the mSMACLS generates less
outliers points, which means that the proposed algorithm has a stronger stability and robustness compared to
the selected state-of-the-art algorithms during the repeated executions.
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Table 7. Experimental results of different algorithms on classical test suites.

Function Metric AHA GWO HHO MRFO TLBO WOA mSMACLS

F1 Mean 7.0911E−23 0.0178 2.0457E−22 1.1539E−76 1.6256E−14 1.2596E−11 1.2885E−91
Std 2.2421E−22 0.0126 4.9369E−22 2.6336E−76 1.1027E−14 2.5224E−11 4.6510E−91

F2
Mean 5.3503E−14 0.0259 1.4109E−12 2.6252E−40 7.6180E−08 3.9572E−09 2.0223E−52
Std 9.3046E−14 0.0087 3.4914E−12 4.9742E−40 3.7662E−08 6.6074E−09 6.3782E−52

F3
Mean 2.9840E−22 333.4569 5.1270E−16 3.6214E−72 1.6414 1.0592E+05 8.2593E−75
Std 6.0152E−22 214.4506 1.9933E−15 1.4018E−71 1.2216 2.5010E+04 3.6621E−74

F4
Mean 1.3397E−11 1.4553 5.8165E−13 3.8358E−39 2.6139E−06 69.6378 3.6785E−49
Std 3.2333E−11 0.4222 1.9989E−12 8.5284E−39 1.3200E−06 25.2138 1.4473E−48

F5
Mean 28.6962 30.7466 0.3563 26.6881 27.7190 28.7698 19.2578
Std 0.1692 3.1548 0.4233 0.4567 0.3409 0.0605 13.1896

F6
Mean 0 2.8382 0.0066 0 0.3776 1.9700 0.8301
Std 0 0.6059 0.0097 0 0.1913 0.4665 0.5431

F7
Mean 0.0015 0.0191 9.1070E−04 8.7536E−04 0.0067 0.0309 5.9468E−04
Std 8.4103E−04 0.0082 9.1040E−04 7.0091E−04 0.0027 0.0324 5.4260E−04

F8 Mean −7.3451E+03 −5.8989E+03 −8.6028E+03 −6.9697E+03 −4.8594E+03 −9.3071E+03 −1.2562E+04
Std 533.4850 976.8578 2.3581E+03 867.2794 811.1306 6.1110E+03 5.7791

F9 Mean 0 30.4698 0 0 63.6426 14.0962 0
Std 0 13.9383 0 0 29.1798 50.9306 0

F10 Mean 8.8427E−13 0.0241 2.9612E−13 8.8818E−16 3.1877E−08 5.4630E−07 8.8818E−16
Std 2.9401E−12 0.0099 6.7808E−13 0 1.5899E−08 7.9375E−07 0

F11 Mean 0 0.0610 0 0 7.2970E−12 3.4525E−11 0
Std 0 0.0606 0 0 3.1862E−11 6.2019E−11 0

F12 Mean 0.1556 0.4159 6.7725E−04 0.0041 0.0159 0.1311 0.0560
Std 0.0391 0.2089 9.1074E−04 0.0038 0.0202 0.0695 0.0446

F13 Mean 2.6080 2.0783 0.0062 2.5897 0.6032 1.2794 0.7854
Std 0.4880 0.5687 0.0064 0.8648 0.2900 0.4247 0.9010

F14 Mean 1.9704 4.3757 1.9891 0.9980 0.9980 4.0925 1.2956
Std 2.2175 4.2509 1.2417 8.9251E−09 2.4318E−08 3.7276 0.7269

F15 Mean 4.2020E−04 0.0051 6.9386E−04 4.0335E−04 6.0394E−04 7.5228E−04 7.5412E−04
Std 1.3962E−04 0.0081 0.0013 1.0716E−04 1.6509E−04 4.7198E−04 2.9986E−04

F16 Mean −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316 −1.0316
Std 1.0366E−07 5.1778E−07 4.3768E−06 1.0188E−16 1.3478E−16 1.5764E−06 5.1356E−10

F17 Mean 0.3979 0.3980 0.3982 0.3979 0.3979 0.3987 0.3979
Std 1.9494E−05 3.1583E−04 7.7387E−04 6.0657E−13 7.6535E−13 0.0016 1.5994E−08

F18 Mean 3.0000 3.0005 3.0003 3.0000 3.0000 8.4279 3.0000
Std 1.0882E−07 8.8324E−04 4.4156E−04 4.6521E−15 1.4552E−15 11.1366 8.6339E−10

F19 Mean −3.8628 −3.8611 −3.8553 −3.8628 −3.8628 −3.8237 −3.8626
Std 2.4840E−07 0.0023 0.0116 1.8536E−15 2.0402E−15 0.0423 5.6702E−04

F20 Mean −3.3002 −3.2479 −3.2232 −3.2744 −3.2957 −3.1676 −3.2768
Std 0.0434 0.0775 0.0909 0.0598 0.0456 0.1349 0.0632

F21 Mean −7.5539 −6.8623 −5.8156 −6.8363 −9.4881 −6.8256 −10.1472
Std 2.0587 3.4320 1.8639 2.4903 1.7675 2.8996 0.0170

F22 Mean −8.2812 −9.7713 −6.8913 −8.8084 −9.0017 −6.4882 −10.4001
Std 2.1741 1.8492 2.5256 2.4990 2.5786 3.2141 0.0037

F23 Mean −9.0561 −8.9005 −4.8551 −8.8433 −10.1956 −6.1605 −10.5335
Std 1.9028 3.2693 0.8330 2.5146 1.4972 2.6316 0.0031

To further identify the significant difference between the algorithms, the Wilcoxon rank-sum with a significant
level equal to 0.05 is adopted as a non-parametric statistical test. This test provides as a result the so-called
“𝑝-value”, and it leads to three possible situations:

– Case 1 {=}: 𝑝-value (mSMACLS, algorithm 𝐴) > 0.05, implies that there is no difference between the
compared pairwise algorithms.

– Case 2 {+}: 𝑝-value (mSMACLS, algorithm 𝐴) < 0.05, implies that mSMACLS is significantly better than
algorithm 𝐴 if its average is better.

– Case 3 {−}: 𝑝-value(mSMACLS, algorithm 𝐴) < 0.05, implies that mSMACLS is significantly worse than
algorithm 𝐴 if its average is worst.
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Figure 4. Box-and-whisker diagrams on classical test suites.

The results of Wilcoxon test are reported in Table 8, and by seeing the last row which summarizes the obtained
𝑝-values, it is evident that the proposed algorithm performs significantly better than the selected methods.
Indeed, and for all the 138 cases (6 algorithms× 23 functions), the proposed mSMACLS was significantly better
(+) in 88 cases, similar (=) in 34 cases, and significantly worst (−) in 16 cases. In addition, the results have
confirmed that the MRFO is the best competitor to the proposed algorithm.

Furthermore, Figure 5 presents the convergence curves of algorithms along with the number of iterations.
It is worth mentioning that these curves are plotted in semi-logarithmic form. Accordingly, it can be stated
that the proposed mSMACLS converges faster with better accuracy compared to the selected six algorithms,
especially compared to AHA, GWO, TLBO, and WOA. This can be clearly observed in almost all test functions.
Additionally, in certain cases such as F10–12 test functions, mSMACLS’s convergence speed was slightly lower
than those of HHO and MRFO algorithms, however, it reached eventually a good convergence rate in the final
stage of optimization process.
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Table 8. 𝑝-values of Wilcoxon test on classical test suites.

Function Wilcoxon AHA GWO HHO MRFO TLBO WOA

F1 𝑝-value 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08
Sign + + + + + +

F2
𝑝-value 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08
Sign + + + + + +

F3
𝑝-value 6.7956E−08 6.7956E−08 6.7956E−08 1.1044E−05 6.7956E−08 6.7956E−08
Sign + + + + + +

F4
𝑝-value 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08
Sign + + + + + +

F5
𝑝-value 9.7479E−06 1.0472E−06 5.0907E−04 0.1075 0.1198 6.7956E−08
Sign + + − = = +

F6
𝑝-value 8.0065E−09 7.8980E−08 7.8980E−08 8.0065E−09 1.1452E−02 1.2008E−06
Sign − + − − − +

F7
𝑝-value 3.0479E−04 6.7956E−08 0.4093 0.3234 6.7956E−08 1.9177E−07
Sign + + = = + +

F8 𝑝-value 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 6.7956E−08 7.5773E−06
Sign + + + + + +

F9
𝑝-value 1.0000 8.0065E−09 1.0000 1.0000 8.0065E−09 2.9867E−08
Sign = + = = + +

F10
𝑝-value 2.9764E−08 8.0065E−09 1.0398E−07 1.0000 8.0065E−09 8.0065E−09
Sign + + + = + +

F11
𝑝-value 1.0000 8.0065E−09 1.0000 1.0000 8.0065E−09 8.0065E−09
Sign = + = = + +

F12
𝑝-value 1.3760E−06 7.8980E−08 9.1266E−07 2.9248E−05 4.3201E−03 6.8622E−04
Sign + + − − − +

F13
𝑝-value 1.2008E−06 9.2779E−05 5.1657E−06 3.4994E−06 0.3648 1.6668E−02
Sign + + − + = +

F14
𝑝-value 2.9248E−05 2.0615E−06 2.0407E−05 0.5883 0.7048 4.5400E−06
Sign + + + = = +

F15
𝑝-value 1.2940E−04 0.2976 3.7499E−04 5.8995E−05 0.1555 0.4569
Sign − = − − = =

F16 𝑝-value 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Sign = = = = = =

F17
𝑝-value 1.0000 6.7956E−08 1.9956E−04 1.0000 1.0000 2.2177E−07
Sign = + + = = +

F18
𝑝-value 1.0000 6.7956E−08 2.9248E−05 1.0000 1.0000 6.7956E−08
Sign = + + = = +

F19
𝑝-value 7.8980E−08 1.2505E−05 1.7936E−04 1.9543E−08 4.1424E−08 7.8980E−08
Sign − + + − − +

F20
𝑝-value 0.0638 0.0531 4.3201E−03 9.7864E−03 3.3287E−03 3.7499E−04
Sign = = + + − +

F21
𝑝-value 9.1727E−08 2.5629E−07 1.6570E−07 6.0213E−03 0.9460 6.7956E−08
Sign + + + + = +

F22
𝑝-value 3.0691E−06 1.9177E−07 1.2346E−07 4.6791E−02 0.08103 6.7956E−08
Sign + + + + = +

F23
𝑝-value 3.9873E−06 9.1727E−08 6.7956E−08 0.1264 3.0566E−03 6.7956E−08
Sign + + + = + +

Final score of +/=/– 14/6/3 20/3/0 14/4/5 9/10/4 10/9/4 21/2/0

4.2.2. CEC2019 benchmark suites

This part presents an extra comparison of the proposed mSMACLS and 6 selected algorithms on more complex
benchmark functions. These 10 functions, listed with their main characteristics in Table 9, were introduced in
the Special Competition on 100-Digit Challenge and Numerical Optimization Scenarios (CEC2019) [68].

Table 10 shows the obtained results and the rank of all algorithms on the CEC2019 test suites. From this
table, it can be seen that the proposed mSMACLS has obtained the best statistical Mean values in five cases
(CEC04, CEC06-08, CEC10), while TLBO and MRFO have obtained the best Mean values in four and three
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Figure 5. Convergence curves on classical test suites.

cases, respectively. However, the overall rank of all algorithms suggest that AHA was the second best performer
after the winner mSMACLS. These findings prove the high performance of the proposed algorithm compared to
the selected methods. However, and despite these encouraging results, the Std values listed in Table 10 suggested
that the stability of mSMACLS is not the same compared to its stability on the first benchmark functions set,
but it is still acceptable.

Indeed, Figure 6 on CEC2019 test suites shows that the proposed algorithm is still very competitive to the
other methods in terms of stability.

We used Wilcoxon test again to verify the performance of algorithms on these CEC2019 test functions. The
obtained 𝑝-values are listed in Table 11, and based on last row of this table, it can be seen that the proposed
algorithm is significantly superior to the other algorithms.

Figure 7 presents the convergence curves of the algorithms on CEC2019 test functions. It can seen that
the convergence behavior is approximately similar to the convergence behavior of the algorithms on classical
benchmark functions. That is to say, the proposed mSMACLS converges faster with better accuracy in certain
cases (as in CEC04 and CEC06-07 functions), and it was slower on other functions (as CEC08 and CEC09),
but with a good convergence rate in the final iterations. The exception is on CEC10 test function where the
HHO was the best performer in terms of accuracy and convergence speed.
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Figure 5. Continued.

Table 9. Characteristics of CEC2019 benchmark suites.

Name Function Dimension Range Optimum

CEC01 Storn’s Chebyshev Polynomial Fitting Problem 9 [−8192, 8192] 1
CEC02 Inverse Hilbert Matrix Problem 16 [−16384, 16384] 1
CEC03 Lennard-Jones Minimum Energy Cluser 18 [−4, 4] 1
CEC04 Rastrigin’s Function 10 [−100, 100] 1
CEC05 Griewangk’s Function 10 [−100, 100] 1
CEC06 Weierstrass Function 10 [−100, 100] 1
CEC07 Modified Schwefel’s Function 10 [−100, 100] 1
CEC08 Expanded Schaffer’s F6 Function 10 [−100, 100] 1
CEC09 Happy Cat Function 10 [−100, 100] 1
CEC10 Ackley Function 10 [−100, 100] 1
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Table 10. Comparison and ranks of algorithms on CEC2019 benchmarks.

Function Metric AHA GWO HHO MRFO TLBO WOA SMA

CEC01
Mean 4.7681E+04 2.3941E+09 7.3015E+04 4.2198E+04 1.6297E+09 2.0471E+11 6.0435E+04
Std 3.6390E+03 1.8947E+09 1.8863E+04 2.6401E+03 1.0258E+09 2.5391E+11 2.8301E+04
Rank 2 5 4 1 6 7 3

CEC02
Mean 17.3642 17.3479 17.3833 17.3429 17.3429 17.5725 17.3462
Std 0.0183 0.0016 0.0169 8.3385E−07 1.3728E−08 0.2075 0.0016
Rank 4 3 5 1 1 6 2

CEC03
Mean 12.7024 12.7025 12.7024 12.7024 12.7024 12.7024 12.7027
Std 1.5900E−06 4.5273E−04 1.7511E−05 1.2961E−12 3.6610E−07 3.1181E−05 3.3615E−04
Rank 1 2 1 1 1 1 3

CEC04
Mean 280.7217 252.1711 2.9623E+03 60.8599 78.6651 1.9000E+03 51.2453
Std 264.4406 517.1113 1.9513E+03 21.0407 32.4937 730.8877 33.3710
Rank 5 4 7 2 3 6 1

CEC05
Mean 1.5926 1.6414 2.6630 1.2717 1.2610 2.3261 1.3890
Std 0.1824 0.2198 0.7500 0.2317 0.1383 0.3857 0.1372
Rank 4 5 6 2 1 7 3

CEC06
Mean 9.0614 12.2195 10.4983 11.3723 11.3240 10.3046 8.8254
Std 0.8908 0.9118 1.2003 1.0077 0.7903 1.3868 1.2051
Rank 2 7 4 6 5 3 1

CEC07
Mean 319.5472 763.9039 414.2357 694.2357 825.8908 961.8305 290.8125
Std 108.2871 347.0000 122.0902 248.8753 191.4255 234.8166 250.3932
Rank 2 5 3 4 6 7 1

CEC08
Mean 5.4984 5.7812 5.9565 5.9329 5.9348 6.3034 5.3364
Std 0.5327 0.9746 0.6036 0.6227 0.4634 0.6409 0.5934
Rank 2 3 6 4 5 7 1

CEC09
Mean 4.1733 5.0250 122.7516 2.9960 2.8584 175.3242 3.1628
Std 0.8446 1.2639 121.2131 0.3032 0.2490 109.2464 0.6615
Rank 4 5 6 2 1 7 3

CEC10
Mean 20.2188 20.5960 20.3299 20.5654 20.5358 20.4706 20.0888
Std 0.0898 0.1150 0.3357 0.0760 0.1073 0.1557 0.0977
Rank 2 7 3 6 5 4 1

Avg rank 2.8 4.6 4.5 2.9 3.4 5.5 1.9
Overall 2 6 5 3 4 7 1
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Figure 6. Box-and-whisker diagrams on CEC2019 test suites.
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Table 11. 𝑝-values of Wilcoxon test on CEC2019 test suites.

Function Wilcoxon AHA GWO HHO MRFO TLBO WOA

CEC01 𝑝-value 4.9863E−02 6.7956E−08 2.5606E−03 2.3556E−06 6.7956E−08 6.7956E−08
Sign − + + − + +

CEC02
𝑝-value 9.8815E−05 5.2120E−03 1.2009E−05 1.2009E−05 1.2009E−05 1.2009E−05
Sign + + + − − +

CEC03
𝑝-value 6.7956E−08 1.2008E−06 6.7956E−08 6.7956E−08 6.7956E−08 4.5389E−07
Sign − − − − − −

CEC04
𝑝-value 5.2268E−07 8.5974E−06 6.7956E−08 2.5639E−03 2.1392E−03 6.7956E−08
Sign + + + + + +

CEC05
𝑝-value 6.2199E−04 5.6290E−04 6.7956E−08 9.0453E−03 7.7118E−03 6.7956E−08
Sign + + + − − +

CEC06
𝑝-value 0.5608 1.6570E−07 3.7499E−04 2.3556E−06 2.3556E−06 2.3412E−03
Sign = + + + + +

CEC07
𝑝-value 0.5075 5.8959E−05 2.9440E−02 4.6804E−05 1.5756E−06 2.9597E−07
Sign = + + + + +

CEC08 𝑝-value 0.3909 0.0903 1.0063E−02 2.9427E−02 1.6499E−02 1.2225E−03
Sign = = + + + +

CEC09
𝑝-value 7.4064E−05 4.5400E−06 1.9177E−07 0.8392 0.0810 6.7956E−08
Sign + + + = = +

CEC10
𝑝-value 7.4064E−05 7.8980E−08 7.5773E−06 6.7956E−08 1.0645E−07 3.9388E−07
Sign + + + + + +

Final score of +/=/− 5/3/2 8/1/1 9/0/1 5/1/4 6/1/3 9/0/1

In summary, the results of the first experiments have demonstrated that the introduced mutated Chaotic Local
Search strategy has significantly improved the performance of the standard Slime Mould Algorithm. In fact, 9 out
of the 10 tested CLS maps showed a considerable performance increase over the classical SMA. More specifically,
the Logistic map based CLS presented the best results among the 10 experimented CLS variants. These results
suggested that exploiting the Logistic map in the mSMALCS gives a better exploration/exploitation balance,
leading to concurrent results for global optimization.

Furthermore, the SMA-mutated Chaotic Local Search demonstrates a good convergence. It was consistent
even if it was not the fastest one, it reached satisfying results. CLS’s stop mechanism proved its efficiency in
avoiding premature convergence and stagnation in a local optimum.

Also, the proposed algorithm has proven to be very competitive and even superior to other well-regarded
algorithms. Indeed, mSMACLS exhibited high stability and boosted efficiency on classical benchmarks, as well
as modern complex ones. Regarding runtime, mSMACLS consumes very little additional time compared to the
classical SMA, but it is still very fast.

4.3. mSMACLS on constrained CEC2017 test functions

This subsection presents an additional analysis of the performance of mSMACLS on 15 benchmark functions
taken from CEC2017 competition. The CEC2017 benchmark suite for constrained single-objective optimization
consists of a diverse set of test functions designed to evaluate the effectiveness of algorithms in handling con-
straints. These functions typically operate in 10, 30, 50, or 100 dimensions, with 30 being the most commonly
used. Each function includes a varying number of equality and/or inequality constraints, ranging from none to
over 30, and the feasible regions can be small or disconnected, making the search space particularly challeng-
ing. The benchmark covers a wide spectrum of function types, including separable, non-separable, multimodal,
and rotated functions, and some are derived from real-world engineering problems. This diversity makes the
CEC2017 suite a robust and demanding benchmark for evaluating the convergence, robustness, and constraint-
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Figure 7. Convergence curves on CEC2019 test suites.

handling capabilities of optimization algorithms [69]. However, it is important to state that 30 is the number of
decision variables (i.e., dimension) of each used test function in this study.

4.3.1. mSMACLS vs. Second four selected algorithms

This section outlines the comparison of mSMACLS with four well-reputed algorithms namely JADE [70],
SHADE [71], CLPSO [72], and RIME [19]. All algorithms were executed 20 independent times, along with 2500
iterations, and a population size of 30 search agent.

Table 12 reports the mean and standard deviation (Std) of results obtained for 15 benchmark functions (F1,
F3–F6, F11–F15, F21–F25) where lower values indicate better performance. A comparative evaluation across
the benchmark suite reveals that SHADE achieves the best results in 8 functions, while JADE outperforms
others in 6 functions. mSMACLS ranks first in only 1 function (F25). This indicates that SHADE and JADE
remain dominant in terms of solution quality on this benchmark set.

However, a closer inspection shows that on several functions F5, F6, F11, F21, F23, and F24, the differences
between all algorithms are marginal, with mSMACLS producing results nearly indistinguishable from the best-
performing methods. Even in F25, where mSMACLS achieves the best average performance, the gap remains
relatively small.
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Table 12. Statistical results of algorithms on CEC2017.

Function Metric JADE SHADE CLPSO RIME mSMACLS

F1 Mean 1.6825E+02 1.0000E+02 1.7234E+04 8.3355E+04 4.2512E+03
Std 3.0522E+02 1.8064E−13 8.5523E+03 3.5800E+04 4.6828E+03

F3 Mean 8.6781E+03 3.0000E+02 7.1237E+04 9.7322E+02 3.2304E+02
Std 1.3781E+04 5.6191E−06 1.3126E+04 4.6025E+02 2.2978E+01

F4 Mean 4.1550E+02 4.5394E+02 5.1670E+02 5.0031E+02 4.9615E+02
Std 2.5227E+01 2.3730E+03 1.2926E+01 2.3586E+01 1.1225E+01

F5 Mean 5.4623E+02 5.3251E+02 5.8295E+02 5.8799E+02 6.1482E+02
Std 0.8703E+01 0.9608E+01 1.2145E+01 2.6218E+01 3.5183E+01

F6 Mean 6.0000E+02 6.0002E+02 6.0001E+02 6.0258E+02 6.1307E+02
Std 1.5865E−13 0.0030E−01 0.0004E−01 0.2126E+01 0.7931E+01

F11 Mean 1.1811E+03 1.2241E+03 1.2837E+03 1.2661E+03 1.2590E+03
Std 3.4487E+01 5.3310E+01 2.6186E+01 7.2221E+01 3.5135E+01

F12 Mean 9.6140E+03 1.7600E+04 2.4232E+06 4.1489E+06 2.0390E+06
Std 9.1860E+03 1.5827E+04 1.1462E+06 2.8112E+06 1.4563E+06

F13 Mean 2.6414E+03 2.3570E+03 4.4391E+04 2.8424E+04 3.0341E+04
Std 3.6754E+03 8.5057E+01 3.2460E+04 3.7283E+04 2.4012E+04

F14 Mean 1.3386E+04 1.5795E+03 8.4775E+04 3.4907E+04 6.2298E+04
Std 1.9779E+04 7.0016E+01 8.0470E+04 2.9145E+04 3.8637E+04

F15 Mean 2.5314E+03 1.7999E+03 3.2101E+03 1.2670E+04 2.7536E+04
Std 2.8727E+03 1.7870E+02 1.3224E+03 1.2325E+03 1.5065E+04

F21 Mean 2.3435E+03 2.3342E+03 2.3864E+03 2.3977E+03 2.3960E+03
Std 0.8784E+01 0.8938E+01 1.3641E+01 2.5845E+01 2.7265E+01

F22 Mean 2.3002E+03 3.0979E+03 2.9279E+03 4.4880E+03 5.6354E+03
Std 0.0756E+01 1.2425E+03 1.0994E+03 1.7630E+03 1.6103E+03

F23 Mean 2.6891E+03 2.6914E+03 2.7385E+03 2.7583E+03 2.7572E+03
Std 1.0196E+01 1.3067E+01 1.0101E+01 3.0231E+01 2.3578E+01

F24 Mean 2.8618E+03 2.8604E+03 2.9632E+03 2.9270E+03 2.9431E+03
Std 1.0999E+01 0.9075E+01 1.7252E+01 2.8719E+01 3.2370E+01

F25 Mean 2.8908E+03 2.8877E+03 2.8950E+03 2.8965E+03 2.8875E+03
Std 1.2408E+01 0.00641E+01 0.5099E+01 1.8266E+01 0.1900E+01

On F3 and F4, mSMACLS performs competitively, producing results very close to the best ones achieved by
SHADE and JADE, respectively. Similarly, for F1, F12, F13, F14, and F15, although mSMACLS does not lead,
its performance remains within an acceptable range when compared to the top algorithms.

In terms of stability (as measured by standard deviation), SHADE and JADE demonstrate the most consistent
performance across runs. mSMACLS shows a level of robustness comparable to CLPSO, and significantly more
stable than RIME, which shows high variability across most functions.

Figure 8 shows the convergence rate of the 5 compared algorithms, CLPSO exhibits the slowest convergence,
consistently falling behind all other algorithms. This indicates a lower optimization speed and suggests that it
may require significantly more iterations to reach competitive solution quality.

JADE and SHADE demonstrate very similar and superior convergence curves, consistently outperform-
ing others in terms of speed and stability. Their fast descent toward optimal regions highlights their strong
exploration–exploitation balance and robust search mechanisms.

The mSMACLS algorithm presents an intermediate convergence profile, with curves that always lie between
those of JADE and CLPSO. This suggests that while mSMACLS does not match the rapid convergence of
JADE and SHADE, it clearly improves upon the slower progress of CLPSO, offering a good compromise between
solution quality and convergence speed.
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Figure 8. Convergence curves on CEC2017 test suites.

4.3.2. mSMACLS vs. Chaotic-based algorithms

The current experiments investigate the performance of our algorithm against three chaotic-based improved
metaheuristics such as the Chaotic Kbest Gravitational Search Algorithm (CKGSA) [73], Chaotic Hybrid Sine
Cosine and Harris Hawk optimizers (CSCAHHO) [74], and the Chaotic Hybrid Butterfly with Particle Swarm
Optimizers (HPSOBOA) [75].

The results are presented in Table 13, mSMACLS clearly outperforms the other chaotic-based algorithms in
the majority of functions, achieving the best mean results on 14 out of 15 benchmark functions. While CKGSA
consistently delivers the weakest performance, both in terms of accuracy and reliability, HPSOBOA surpasses
mSMACLS on only one function (F22). Among the remaining algorithms, CSCAHHO, although trailing behind
mSMACLS, stands out as the closest competitor, showing relatively better performance compared to CKGSA
and HPSOBOA across most functions.

The experimental results also reveal that mSMACLS demonstrates superior stability, achieving the lowest
standard deviation on 11 out of 15 functions, which highlights its consistency and robustness across diverse
optimization landscapes. These findings confirm mSMACLS as the most reliable and effective algorithm among
the chaotic-based methods evaluated.

Figure 9 presents the convergence rate of the four algorithms. The convergence curves highlight that
mSMACLS consistently outperforms all other algorithms, showing a steady and continuous improvement across
all benchmark functions. Importantly, mSMACLS’s curves do not exhibit early stagnation on most functions,
which suggests that the algorithm maintains a high exploration capacity and could potentially achieve even
better results with more iterations.

In contrast, CKGSA and HPSOBOA exhibit a significant lack of convergence, with their curves stagnating
early or showing minimal improvement, an indication that both algorithms are likely trapped in local optima
and unable to escape. CSCAHHO performs slightly better, achieving a more effective convergence than CKGSA
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Table 13. The results of chaotic-based algorithms on CEC2017.

Function Metric CKGSA CSCAHHO HPSOBOA mSMACLS

F1 Mean 1.2336E+11 1.3459E+09 7.8694E+10 4.2512E+03
Std 2.2811E+11 3.8911E+08 2.0313E+09 4.6828E+03

F3 Mean 9.8819E+09 6.6397E+04 9.4243E+04 3.2304E+02
Std 3.2702E+10 7.6418E+03 8.2449E+01 2.2978E+01

F4 Mean 5.6307E+04 9.8219E+02 2.6821E+04 4.9615E+02
Std 1.4564E+04 1.4777E+02 4.6459E+03 1.1225E+01

F5 Mean 1.2046E+03 7.9648E+02 9.7807E+02 6.1482E+02
Std 4.8640E+01 3.4532E+01 0.1772E+01 3.5183E+01

F6 Mean 7.4337E+02 6.7407E+02 7.0941E+02 6.1307E+02
Std 1.5310E+01 0.8363E+01 0.2842E+01 0.7931E+01

F11 Mean 3.5773E+05 2.9821E+03 1.0872E+04 1.2590E+03
Std 8.8076E+05 6.5044E+02 5.9439E+01 3.5135E+01

F12 Mean 3.0297E+10 4.4024E+08 2.3665E+10 2.0390E+06
Std 8.5418E+09 3.3899E+08 3.1263E+09 1.4563E+06

F13 Mean 3.5360E+10 5.1099E+07 3.4655E+10 3.0341E+04
Std 1.3470E+10 4.1314E+07 5.0037E+09 2.4012E+04

F14 Mean 1.0393E+08 1.1146E+06 8.9990E+07 6.2298E+04
Std 1.0389E+08 8.6257E+05 5.7245E+07 3.8637E+04

F15 Mean 8.8371E+09 1.0191E+06 1.9277E+09 2.7536E+04
Std 3.8086E+09 9.2666E+05 1.9831E+08 1.5065E+04

F21 Mean 2.9568E+03 2.6047E+03 2.9070E+03 2.3960E+03
Std 7.0016E+01 4.4360E+01 0.9687E+01 2.7265E+01

F22 Mean 1.2543E+04 5.2135E+03 1.0613E+04 5.6354E+04
Std 4.6795E+02 2.5340E+03 4.8121E+01 1.6103E+03

F23 Mean 4.1302E+03 3.2100E+03 3.7453E+03 2.7572E+03
Std 3.6883E+02 1.0552E+02 8.0696E+01 2.3578E+01

F24 Mean 4.5949E+03 3.3298E+03 4.4737E+03 2.9431E+03
Std 3.7869E+02 7.5318E+01 2.3388E+02 3.2370E+01

F25 Mean 1.9048E+04 3.0845E+03 7.3777E+03 2.8875E+03
Std 4.6077E+03 4.4460E+01 1.0228E+03 0.1900E+01

and HPSOBOA, but still stagnates at an early stage when compared to mSMACLS, limiting its ability to reach
high-quality solutions in the later iterations.

Overall, these results emphasize mSMACLS’s superior convergence dynamics, which reflect a well-maintained
balance between exploration and exploitation throughout the optimization process.

4.4. mSMACLS for engineering design problems

As we know, any novel or improved optimization algorithm should be tested in real-world problems. For this
reason, three constrained engineering design problems including Pressure vessel, Speed reducer, and I-beam
vertical deflection problems, are used to verify the applicability of mSMACLS in real-world problems. The
mathematical description of these problems, their graphical representation, and the obtained results are given
in the following subsections.

4.4.1. Pressure vessel problem

This problem is a minimization problem in which the objective is to minimize the cost of a cylinder-shaped
pressure vessel by manipulating four design variables, the thickness of the shell (𝑇𝑠), the head thickness (𝑇ℎ),
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Figure 9. Convergence curves of chaotic-based algorithms on CEC2017 test suites.

Figure 10. Pressure vessel design problem.

the inner radius (𝑅), and the length of cylindrical unit (𝐿). Its mathematical model is as follows (Fig. 10):

𝑓(𝑇𝑠, 𝑇ℎ, 𝑅, 𝐿) = 0.6224𝑇𝑠𝑅𝐿 + 1.7781𝑇ℎ𝑅2 + 3.1661𝑇 2
𝑠 𝐿 + 19.84𝑇 2

𝑠 𝑇ℎ

Subject to:

𝑔1(𝑇𝑠, 𝑅) = −𝑇𝑠 + 0.0193𝑅 ≤ 0
𝑔2(𝑇ℎ, 𝑅) = −𝑇ℎ + 0.0095𝑅 ≤ 0

𝑔3(𝑅,𝐿) = −𝜋𝑅2𝐿− 4
3
𝜋𝑅3 + 1296× 103 ≤ 0

𝑔4(𝐿) = 𝐿− 240 ≤ 0

where, 0 ≤ 𝑇𝑠, 𝑇ℎ ≤ 99, and 0 ≤ 𝑅,𝐿 ≤ 200.
The obtained results, including the optimal design variables and the best fitness function for pressure vessel

design problem, are reported in Table 14. It can be seen that mSMACLS and TLBO algorithms get approxi-
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Table 14. Comparison of results on pressure vessel design.

Algorithm
Design variables

Optimum cost𝑇𝑠 𝑇ℎ 𝑅 𝐿

mSMACLS 0.778178103711504 0.384667742401682 40.320060163183456 199.994170489339 5885.402471561636
AHA 0.826553136874047 0.408171986438046 42.622357264475085 173.8503919473286 6084.258799830543
GWO 0.783900146865949 0.390933753981144 40.551640784373674 196.8896590169518 5916.019231628435
HHO 0.868432830501544 0.448923192942521 44.988278455077000 143.8401418869510 6129.909877181706
MRFO 0.804192655203123 0.399887985390306 41.640621777394530 182.8757083307062 5953.213006162547
TLBO 0.778182076150101 0.384657192775173 40.320202030579400 199.9932573227911 5885.404461211394
WOA 1.402708642177636 0.624453175826076 65.225508268659450 10.0000 7901.748320105698

mately similar results. However, mSMACLS yields the optimal cylindrical pressure vessel design, with a cost of
5885.402471 at the design variables 𝑇𝑠 = 0.778178, 𝑇ℎ = 0.384667, 𝑅 = 40.320060, and 𝐿 = 199.994170. Overall,
the obtained findings demonstrate that the proposed mSMACLS is the preferred tool for pressure vessel design
problem compared to the other selected algorithms.

4.4.2. Speed reducer problem

The aim of this problem is to minimize the weight of the speed reducer by handling seven variables including
the face width (𝑏), module of teeth (𝑚), the number of teeth in the pinion (𝑧), length of the first shaft between
bearings (𝑙1), length of the second shaft between bearings (𝑙2), the diameter of first shafts (𝑑1), and the diameter
of second shafts (𝑑2). The mathematical formulation of this problem is given as (Fig. 11):

𝑓(𝑏, 𝑚, 𝑧, 𝑙1, 𝑙2, 𝑑1, 𝑑2) = 0.7854𝑏𝑚2
(︀
3.3333𝑧2 + 14.9334𝑧 − 43.0934

)︀
− 1.508𝑏

(︀
𝑑2
1 + 𝑑2

2

)︀
+ 7.4777

(︀
𝑑3
1 + 𝑑3

2

)︀
+ 0.7854

(︀
𝑙1𝑑

2
1 + 𝑙2𝑑

2
2

)︀
Subject to:

𝑔1(𝑏, 𝑚, 𝑧) =
27

𝑏𝑚2𝑧
− 1 ≤ 0, 𝑔2(𝑏, 𝑚, 𝑧) =

397.5
𝑏𝑚2𝑧2

− 1 ≤ 0

𝑔3(𝑚, 𝑧, 𝑙1, 𝑑1) =
1.93𝑙31
𝑚𝑑4

1𝑧
− 1 ≤ 0, 𝑔4(𝑚, 𝑧, 𝑙2, 𝑑2) =

1.93𝑙32
𝑚𝑑4

2𝑧
− 1 ≤ 0

𝑔5(𝑚, 𝑧, 𝑙1, 𝑑1) =

√︁(︀
745𝑙1
𝑚𝑧

)︀2
+ 16.9× 106

110𝑑3
1

− 1 ≤ 0

𝑔6(𝑚, 𝑧, 𝑙2, 𝑑2) =

√︁(︀
745𝑙2
𝑚𝑧

)︀2
+ 157.5× 106

85𝑑3
2

− 1 ≤ 0

𝑔7(𝑚, 𝑧) =
𝑚𝑧

40
− 1 ≤ 0, 𝑔8(𝑏, 𝑚) =

5𝑚

𝑏
− 1 ≤ 0, 𝑔9(𝑏, 𝑚) =

𝑏

12𝑚
− 1 ≤ 0

𝑔10(𝑙1, 𝑑1) =
1.5𝑑1 + 1.9

𝑙1
− 1 ≤ 0, 𝑔11(𝑙2, 𝑑2) =

1.1𝑑2 + 1.9
𝑙2

− 1 ≤ 0

where, 2.6 ≤ 𝑏 ≤ 3.6, 0.7 ≤ 𝑚 ≤ 0.8, 17 ≤ 𝑧 ≤ 28, 7.3 ≤ 𝑙1, 𝑙2 ≤ 8.3, 2.9 ≤ 𝑑1 ≤ 3.9, and 5 ≤ 𝑑2 ≤ 5.5.
The results of algorithms on speed reducer design problem are listed in Table 15. This table reveals that

TLBO algorithm has obtained the optimal weight of 2994.4711, while the proposed mSMACLS algorithm has
ranked the second with a weight of speed reducer design of 2994.5703. Hence, these results demonstrate that
mSMACLS can be a good alternative to solve speed reducer design problem.

4.4.3. I-beam vertical deflection problem

I-beam design is a minimization problem in which the goal is to reduce the vertical deflection of the I-beam
via the manipulation of four design variables such as beam thickness (𝑏), flange width (ℎ), web thickness (𝑡𝑤),
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Figure 11. Speed reducer design problem.

Table 15. Comparison of results on speed reducer design.

Algorithm
Design variables

Optimum weight𝑏 𝑚 𝑧 𝑙1 𝑙2 𝑑1 𝑑2

mSMACLS 3.5000 0.7000 17.0000 7.3000 7.7169 3.3502 5.2867 2994.5703
AHA 3.5025 0.7001 17.0073 7.3646 7.7970 3.3534 5.2883 3001.6412
GWO 3.5124 0.7000 17.0000 7.3000 8.0405 3.3511 5.2985 3014.3547
HHO 3.5765 0.7145 21.6296 8.1629 7.7150 3.5683 5.2861 3133.7276
MRFO 3.5006 0.7000 17.0019 7.3947 7.7729 3.3545 5.2870 2998.5086
TLBO 3.5000 0.7000 17.0000 7.3000 7.7153 3.3502 5.2866 2994.4711
WOA 3.5340 0.7019 26.0971 8.2141 7.7368 3.5412 5.2859 3099.5772

Figure 12. I-beam vertical deflection problem.

and flange thickness (𝑡𝑓 ). Its mathematical model is as follows (Fig. 12):

𝑓(𝑏, ℎ, 𝑡𝑤, 𝑡𝑓 ) =
5000

𝑡𝑤(𝑏−2𝑡𝑓 )3

12 +
ℎ𝑡3𝑓
6 + 2ℎ𝑡𝑓

(𝑏−2𝑡𝑓 )2

4

Subject to:
𝑔(𝑏, ℎ, 𝑡𝑤, 𝑡𝑓 ) = 2ℎ𝑡𝑤 + 𝑡𝑤(𝑏− 2𝑡𝑓 ) ≤ 0

where, 10 ≤ 𝑏 ≤ 50, 10 ≤ ℎ ≤ 80, 0.9 ≤ 𝑡𝑤, 𝑡𝑓 ≤ 5.
Table 16 presents the results of the compared algorithms on I-beam vertical deflection design problem. It can

be observed that mSMACLS has achieved the optimum vertical deflection of 0.01713017 at the design variables
𝑏 = 50.0000, ℎ = 80.0000, 𝑡𝑤 = 1.475600, and 𝑡𝑓 = 3.346828. Moreover, TLBO algorithm has proven to be the
nearest competitor to mSMACLS compared to the remaining selected algorithms. Accordingly, the proposed
mSMACLS is the preferred algorithm for for reducing the vertical deflection of I-beam design problem.

5. Conclusion and future work

In this article, a new improved Slime Mould Algorithm is proposed to solve global optimization tasks. The
proposed mSMACLS incorporates a novel mutated Chaotic Local Search to maintain a good equilibrium between
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Table 16. Comparison of results on I-beam vertical deflection design.

Algorithm
Design variables

Optimum cost𝑏 ℎ 𝑡𝑤 𝑡𝑓

mSMACLS 50.0000 80.0000 1.475600865206976 3.346828933659509 0.017130177226180
AHA 49.850190306614635 79.723084958362620 1.299162757571804 3.204087384127902 0.017963501147718
GWO 50.0000 80.0000 1.464194008265208 3.324720661279445 0.017228171692087
HHO 49.908673800842920 78.104851187869680 1.504487221655084 3.357443971792722 0.017566702540271
MRFO 49.961419909197700 78.139992129549750 1.500614884190163 3.363277978813137 0.017493027284533
TLBO 50.0000 80.0000 1.475540913529209 3.346723329199981 0.017130642194437
WOA 47.154322937883390 58.107550137590100 1.920754845258790 3.591827638452064 0.025190071359208

exploration and exploitation. Ten different chaotic maps have been investigated. The first experiments show
that the proposed mCLS strategy can significantly improve the basic SMA algorithm, especially with Logistic
map. The proposed mSMACLS is then compared to well-known algorithms on classical and more complex test
functions, and the simulation results demonstrated that mSMACLS is significantly superior or at least very
competitive to the selected state-of-the-art metaheuristics. Finally, the algorithm is applied to three classical
engineering design problems, and the results demonstrate that the proposed mSMACLS can be a potential tool
for handling real-world applications.

However, and as any metaheuristic, we have observed that the proposed mSMACLS suffers from some limi-
tations such as the high execution time especially in high-dimensional problems, and the inconstancy in some
complex problems, meaning that mSMACLS can be further improved. Under this context, the use of a dynamic
CLS strategy or the fine-tune of CLS radius parameter can be an interesting idea. On the other hand, we plane
to apply mSMACLS to other real-world challenges, as optimal power flow problem. Also, a multi-objective
version of this algorithm may be considered in the future.
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