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Abstract. Slime mould algorithm (SMA) is a newly proposed swarm intelligence al-
gorithm. Because of its strong robustness, simple structure, and few setting parameters,
SMA has been worldwide concerned. However, the original SMA still has the problems
of slow convergence rate, poor optimization precision and propensity to jam at the lo-
cal optimum in several applications. To overcome these deficiencies, this paper proposes
an improved slime mould algorithm (ISMA) to generate higher-quality optimal solutions.
First, Tent chaotic mapping is adopted to replace the random distribution mode, which is
considered from promoting the diversity of the initial population. Then, a novel pinhole
imaging learning technique is developed to effectively explore the unknown domain and
help the algorithm get rid of the local optimum. Furthermore, a nonlinear inertia weight
that combines the inverse incomplete gamma function and beta distribution is embedded
to modify the updated rules, so that the algorithm maintains a balance between the global
exploration and local exploitation stage. Attributed to these improvements, the conver-
gence rate and optimization precision of the original SMA are greatly enhanced. The
validity of the proposed ISMA is evaluated on fifteen selected benchmark functions and
two structural engineering design problems. The results demonstrate that ISMA shows
superior performance and robustness compared against original SMA and most other ad-
vanced meta-heuristic algorithms.
Keywords: Slime mould algorithm, Tent chaotic mapping, Pinhole imaging learning,
Nonlinear inertia weight

1. Introduction. With the development of technology, increasingly complex constrained
optimization problems have attracted more attention from many researchers in different
disciplines and engineering fields around the world [1-3]. How to settle these problems is
an indivisible research hotspot. However, traditional mathematical optimization methods
are challenged by sub-optimal areas and the growing spatial dimension that cannot satisfy
the demands of current problems [4]. As a result, during the past two decades, swarm
intelligence (SI) algorithms have been rapidly developed to tackle complicated NP-hard
problems [5].

SI algorithm is a branch of meta-heuristic algorithms, which searches for an optimal
solution by simulating biological behaviour and physical phenomena observed in nature.
Due to its simplicity, efficiency and gradient-free information, numerous SI algorithms
have been available in recent years. Particle swarm optimization (PSO) [6] was first pro-
posed in 1995 based on the behaviour of birds in foraging. Ant colony optimization (ACO)
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[7] is designed to simulate the behaviour of ants looking for the optimal pathway between
their colony and the food source. Grey wolf optimizer (GWO) [8] is a simulation of the
hunting mechanism and social hierarchy in grey wolves. Whale optimization algorithm
(WOA) [9] mimics a special behaviour of humpback whales referred to as social behaviour.
Besides, Harris Hawks optimization (HHO) [10] is another SI algorithm, which is inspired
by the cooperation behaviour of Harries’ Hawks in hunting.
As a novel biologically-inspired algorithm, slime mould algorithm (SMA) was proposed

by Li et al. [11] in 2020, which principally emulates the foraging behaviour and mor-
phological variation of slime mould. It has the merits of few setting parameters, simple
operation, and strong robustness. As a result, SMA has been successfully applied in chem-
istry, physics, as well as other different fields during recent years, and the related literature
is as follows. Kumar et al. [12] used SMA to accurately estimate the parameters of solar
photovoltaic (PV) cells, which significantly improved the performance of PV systems.
Abdel-Basset et al. [13] proposed a neoteric classification model through integrating SMA
and whale optimization algorithm for the effective image segmentation of chest X-ray
images to determine whether a person is infected with the COVID-19 virus. Zubaidi et
al. [14] combined SMA with the artificial neural network to predict urban water demand
to help administrators effectively manage current water systems and arrange for expan-
sions to meet increasing water demand. Chen and Liu [15] presented a prediction model
based on SVR with hybrid SMA and K-means clustering method, which achieved the best
prediction precision on six datasets.
As with other SI algorithms, there are also two important phases in the search process

of SMA: global exploration and local exploitation [16-18]. In the exploration stage, the
search agents explore the overall target area as far as possible to rapidly reach the promis-
ing area. While in the exploitation stage, the feasible area defined in the exploration stage
is investigated to achieve the global best solution. Generally, it is crucial for an algorithm
to balance the relationship between exploration and exploitation so as to better evade local
minima while accelerating convergence. Even though SMA is a novel bio-inspired algo-
rithm that has already shown competitive performance on global optimization problems,
it still suffers from poor optimization precision, slow convergence rate, and the propensity
to get trapped in a local optimum in some applications. These drawbacks are primarily
associated with the poor quality of the initial population, lack of a proper balance between
the exploration and exploitation phases, and low likelihood of large spatial leaps in the
iteration process [19]. Therefore, many researchers have suggested a lot of improvements
based on the original SMA from different aspects. In [20], Sun et al. proposed a modified
version of SMA, named BTβSMA for numerical optimization. The adaptive β-hill climb-
ing mechanism was integrated into BTβSMA to prevent the algorithm from falling into a
local optimum, while Brownian motion was applied to initializing the population of slime
mould to enhance the global exploration capability. Although the advantages of BTβSMA
in terms of solution accuracy have been demonstrated, it neglects the complex runtime
of the algorithm and cannot balance well the relationship between the exploration and
exploitation stages, which leads to poor performance in multi-peaked functions. To avoid
the basic SMA trapping into the local optimum, Nguyen et al. [21] adopted the reverse
learning strategy to select the better individual to participate in subsequent iterations of
the computation and then introduced the weight coefficient to update the slime mould
position. In [22], Houssein et al. designed a hybrid algorithm that combines SMA with
adaptive guided differential evolution algorithm (SMA-AGDE) to avoid premature con-
vergence to a local minimum and enhance the population’s diversity. Furthermore, [23]
proposed a modified SMA (called ImSMA) through hiring the Lévy flight strategy to
explore the search area effectively, which was considered from boosting the convergence
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speed and improving the global search ability of the algorithm in the later phase. How-
ever, all the above improved strategies are mainly aimed at helping the algorithm get rid
of the local optimum, and it still lacks a balanced approach between search abilities and
also has room for further advancements in the solution accuracy and convergence speed.

The no free lunch (NFL) theorem indicates that there is no universal algorithm appli-
cable to all optimization problems [24]. So, it is essential to modify existing optimization
algorithms or design a new one to obtain better results in present or prospective opti-
mization problems [25]. With the purpose of further enhancing the convergence speed
and accuracy while minimizing the probability of trapping into the local optimal solution,
an improved slime mould algorithm (ISMA) is designed to resolve global optimization
problems in this study. First, Tent chaotic mapping is specifically dedicated to initializ-
ing the population to enable the slime mould individual to be uniformly distributed in
the solution space. Because the chaotic mapping is unpredictable, regular and ergodic, it
contributes to improving the population diversity and solution accuracy of the original
SMA. In addition, a brilliant optimization mechanism known as pinhole imaging learning
is proposed to boost the global exploration ability and help the algorithm jump out from
the local optimal solution. Lastly, a nonlinear inertia weight is put forward to redefine the
position updated rules of the algorithm for facilitating a balance between the exploration
and exploitation capabilities while expediting convergence. Fifteen benchmark functions,
including unimodal, multimodal, and fix-dimension multimodal functions are selected to
comprehensively investigate the effectiveness and feasibility of the proposed ISMA. The
comparison results indicate ISMA has superior performance on search precision and con-
vergence rate in contrast to the original SMA and other state-of-the-art algorithms. In
addition, ISMA is also applied to tackling the design of three-bar truss and the design of
pressure vessel problems. The experimental results reveal that ISMA provides the best
design among all competitors.

The remainder of this paper is arranged as follows. Section 2 briefly describes the orig-
inal SMA. The proposed ISMA is explained in detail in Section 3. Section 4 provides the
benchmark function tests and performance analysis of the proposed algorithm. In Section
5, ISMA is implemented to solve two practical application problems. Finally, the conclu-
sions of this paper are given in Section 6.

2. Slime Mould Algorithm. Slime mould algorithm [11] is a smart bio-inspired opti-
mizer based on the spreading and foraging behaviour of slime mould in nature. The slime
mould refers to Physarum polycephalum, a eukaryotic that lives in a humid and cold envi-
ronment. The process of developing a slime mould can be categorized into three stages: the
search for food, surrounding food, and digesting food. For the duration of the movement,
slime mould extends through the front end to form a fan-like shape, trailed by a network
of interconnected veins where the cytoplasm can flow, as illustrated in Figure 1. When
slime mould gets closer to the food source, its biological oscillator generates a propagating
wave to increase the cytoplasm via the vein. The increase in cytoplasmic flow leads to an
expansion of the vein diameter. Conversely, as the flow decreases, the vein contracts as a
result of the decrease in diameter. Based on such a combined negative-positive feedback
mechanism, slime mould may create the best pathway to attach food. Even if the quality
of food sources is different, slime mould is also capable of automatically establishing a
reasonable route towards that with a higher concentration to meet the nutritional require-
ments of maximum concentration [26]. According to the characteristics of slime mould,
the mathematical model of SMA is presented as follows.
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Figure 1. Foraging behaviour of slime mould [12]

In accordance with biological knowledge, slime mould can find food through its smell
in the air, and its contraction pattern at this time is formulated as

−−−−−→
X(t+ 1) =















rand · (Ub − Lb) + Lb, rand < z (1.1)
−−−→
Xb(t) +

−→
vb ·

(

W ·
−−−→
XA(t)−

−−−→
XB(t)

)

, r1 < p (1.2)

−→vc ·
−−→
X(t), r1 ≥ p (1.3)

where
−−→
X(t) is the current location of slime mould;

−−−→
Xb(t) stands for the optimal location

found so far;
−−−→
XA(t) and

−−−→
XB(t) are two entities chosen from the population; z is a constant,

and the original literature indicates that the algorithm performs best for most applications
when z = 0.03; Ub and Lb are the upper and lower bounds of the search space for a certain
problem; the value of−→vc is linearly decreasing from 1 to 0; rand and r1 are random numbers
within the interval [0, 1].

The value of
−→
vb oscillates randomly in the range [−a, a] as

−→
vb = [−a, a] (2)

a = arc tanh

(

1− t

max iter

)

(3)

where t is the current iteration; max iter represents the maximum iterations.
The mutation coefficient W mathematically emulates the oscillation frequency of slime

mould at various food concentrations, which is beneficial for slime mould approaching the
food faster when finding a high-quality food resource. At the same time, it inclines to
move more slowly towards the food of poor quality. This screening method guarantees
that the algorithm can converge to the optimal result with a good exploitation tendency
and exploratory ability. And W is calculated by the following formula:

W (index(i)) =















1 + r1 · log
(

bestF − S(i)

bestF − worstF
+ 1

)

, condition

1− r1 · log
(

bestF − S(i)

bestF − worstF
+ 1

)

, others

(4)

index = sort(S) (5)

where bestF and worstF stand for the best fitness and worst fitness obtained so far respec-

tively; S(i) represents the fitness of
−−→
X(t); condition denotes the first half of populations

in the S(i) ranking; and index represents the sequence of fitness values sorted.
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As for the parameter p in Equation (1) it could be computed as follows:

p = tanh |S(i)−DF | (6)

where DF is the optimal fitness in all iterations.
Slime mould is mainly influenced by propagating waves produced from the biological

oscillator, which regulate the flow of cytoplasm in the vein to make itself able to move to
a better position of food concentration. Regardless of whether slime mould has found a
favourable food origin, they would still extract several organisms to explore other regions

in an attempt to discover another higher-quality food source. With the help of
−→
vb, −→vc and

W , the simulation of the variation of vein width is completed. Figure 2 illustrates the
possible position under the different conditions in Equation (1). And the corresponding
execution steps of the SMA algorithm are presented as follows:

Step 1. Initialize the population size N , the maximum number of iterations max iter,
and the dimension of search space D;

Step 2. Randomly generate the initial positions of the slime mould population Xi (i =
1, 2, . . . , N) according to Equation (7), and let t = 0 be the current number of iterations:

XN×D = rand(N,D)× (Ub − Lb) + Lb (7)

where Ub and Lb are the upper and lower boundaries of the search space, respectively;
Step 3. Calculate the fitness values {f(Xi), (i = 1, 2, . . . , N)} of each slime mould and

sort them in ascending order to obtain S(i). Also, record both the best fitness value and
the worst fitness value;

Step 4. Calculate the mutation coefficient W by Equation (4);
Step 5. Update the current global optimal fitness and optimal solution, and use Equa-

tion (3) to renew the value of parameter a;
Step 6. Randomly generate a number rand in the interval [0, 1]. If rand < z, update

the position of slime mould individual by using Equation (1.1) and turn to Step 9;
Otherwise, turn to Step 7;

Step 7. Update the values of the parameter p, vb and vc according to Equations (2),
(3) and (6);

Step 8. Randomly generate a number r1 in the interval [0, 1]. If r1 < p, update the
position of slime mould individual by using Equation (1.2), and if r1 ≥ p, update the
current position according to Equation (1.3);

Step 9. Output the global optimal fitness and optimal solution if the maximum itera-
tions number (t = max iter) is achieved; if not, return to Step 3.

Algorithm 1 summarizes the pseudo-code of the basic SMA.

Figure 2. Possible positions in 2-dimension and 3-dimension [11]
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Algorithm 1. Slime mould algorithm
1. Set the population size N , the maximum iterations max iter, and spatial dimension D

2. Initialize the positions of slime mould Xi (i = 1, 2, . . . , N), and let t = 0
3. While (t ≤ max iter)
4. Compute the fitness value of each slime mould
5. Compute W according to Equation (4)
6. Update the global optimal fitness and optimal solution
7. Update a according to Equation (3)
8. For each slime mould do

9. If rand < z

10. Use Equation (1.1) to update the position
11. Else

12. Use Equations (2), (3) and (6) to update p, vb and vc
13. If r1 < p

14. Use Equation (1.2) to update the position
15. Else

16. Use Equation (1.3) to update the position
17. End If

18. End If

19. End For

20. t++
21. End While

22. Output: Global optimal fitness and optimal solution

3. Improved Slime Mould Algorithm. Although the original slime mould algorithm
has already achieved remarkable performance, some properties still have room for im-
provements to accomplish more powerful global search capability. Consequently, we offer
a new variant of SMA, which integrates three improved strategies. More details are given
in the consecutive subsections.

3.1. Tent chaotic mapping. It is indicated that abundant diversity of the initial pop-
ulation can considerably improve the performance of the algorithm both in terms of
convergence rate and accuracy [27,28]. When the original SMA is used to resolve opti-
mization problems, the population is generated randomly in the solution space depending
on Equation (7), which cannot guarantee the distribution is uniform, thus leading to poor
population diversity and decreasing the search efficiency at the later phase of the iteration
process.
Chaotic mapping is a complex dynamic method found in nonlinear systems with the

feature of unpredictability, regularity, and ergodicity [29,30]. Owe to its dynamic proper-
ties, the introduction of chaotic mapping for generating initial populations can not only
promote population diversity but also enhance the overall exploration capability of the
algorithm. Moreover, the chaotic mapping is greatly helpful to make the whole search
process more rapidly, which provides a key contribution to speeding up the convergence.
At present, Logistic chaotic mapping and Tent chaotic mapping are two commonly used
chaos. To contrast the effects of Logistic chaotic mapping and Tent chaotic mapping,
Figure 3 displays the distribution of chaotic sequences generated by two methods in the
range [0, 1] with the population size 500, respectively. It can be seen from the figure that
the sequences generated by Logistic chaotic mapping are more likely to be in the interval
[0, 0.1] and [0.9, 1] than the others, while those generated by Tent chaotic mapping are
relatively uniform in the feasible domain and better than the former [31]. Therefore, Tent
chaotic mapping is selected to replace the original random distribution mode to strength-
en the performance of the algorithm in this paper. And its mathematical formulation is
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(a) Logistic chaotic mapping (b) Tent chaotic mapping

Figure 3. Distribution of Logistic and Tent chaotic mapping

given by

Xn+1 =

{

2Xn, 0 ≤ Xn < 0.5
2(1−Xn), 0.5 ≤ Xn ≤ 1

(8)

Equation (8) after the Bernoulli shift transformation can be expressed as

Xn+1 = (2Xn) mod 1 (9)

For floating-point numbers in the interval [0, 1], when the computer conducts the Tent
chaotic mapping, it actually shifts the binary number of the fractional part unsigned to the
left. However, due to the limited word length of the computer, there exists a small period
(0.2, 0.4, 0.6, 0.8) in the Tent chaotic mapping [32,33]. Once the generatedXn falls into the
small period, it will converge to the invariant point 0 after a certain number of unsigned
left shifts, thus compromising the randomness and ergodicity of the sequence. Hence,
the steps to generate the Tent chaotic sequence in the feasible domain are as follows:

Step 1. Randomly generate the default value X0 in the range [0, 1] (pay attention to
avoiding X0 falling into a small period), expressed as the flag group S, S(1) = X0,
n = j = 1;

Step 2. Iterate according to Equation (9) and generate variables Xn, n = n+ 1;
Step 3. When the maximal iteration number is reached, carry out Step 5. Otherwise,

if the generated Xn falls into a small period, turn to Step 4. And if Xn does not appear
above, turn to Step 2;

Step 4. Reset the default value by Xn = S(j + 1) = S(j) + ε, j = j + 1, and turn to
Step 2;

Step 5. Terminate the program and save the generated sequence X = {X0, X1, . . . ,
Xn}.
3.2. Pinhole imaging learning. In the original SMA, depending on the algorithm’s
position updated rules, a new candidate position of slime mould is available by directing

the current individual to the global optimum
(−→
Xb

)

. As the positions of the current

individual continue to change, it may occur in the later iteration that all the remaining
slime moulds in the population are clustered around the global best individual, thus
leading to a decrease in the population diversity of the algorithm and even premature
convergence to the local minimum [20].
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Opposition-based learning (OBL) [34] as a robust optimization mechanism in the field
of intelligence computation was proposed by Tizhoosh in 2005. Its main idea is to calcu-
late and evaluate the current feasible solution as well as the corresponding inverse solution
simultaneously, and then select the better one to proceed with the next generation. By
introducing OBL to the meta-heuristic algorithms can effectively enlarge the search space
and increase the possibility of obtaining a better solution close to the global optimum.
Inspired by OBL strategy, this study designs a new technique called pinhole imaging learn-

ing (PIL) to update the current global optimal solution
(−→
Xb

)

dimension-by-dimension for

the sake of boosting the exploration capability and helping the algorithm get rid of the
local optimum. The PIL strategy overcomes the limitation that only the fixed reverse
individual can be generated in OBL and incorporates a common optics phenomenon (i.e.,
pinhole imaging) in which the light source passes diagonally through one side of the pin-
hole plate to another side and its corresponding reverse image will be displayed on the
screen at this time. Some concepts about PIL strategy are described as follows.

Definition 3.1. (PIL point) Let the vector
−→
Xb = (Xb,1, Xb,2, . . . , Xb,D) be the global opti-

mal solution in the current population, where Xb,j is a point of
−→
Xb in the jth dimension

with Xb,j ∈ [aj , bj], aj and bj stand for the upper and lower limits of the search boundary
in the jth dimension, j = 1, 2, . . . , D, and D is the spatial dimension. Then the relative
PIL point of Xb,j can be defined as X∗

b,j.

Suppose that in a certain space, Xb,j (the jth dimension optimal point) is the projection
on the x-axis of a light source p with height h. Besides, there is a pinhole plate placed at
the base point O (the midpoint of the upper and lower boundaries of the search space aj
and bj). Through the process of pinhole imaging, an inverted image p′ of height h′ can be
obtained on the screen and its projection on the coordinate axis is X∗

b,j (the PIL point),
as shown in Figure 4(a). From the figure, the following equation can be obtained based
on the laws of pinhole imaging and similar triangles:

(aj + bj)/2−Xb,j

X∗

b,j − (aj + bj)/2
=

h

h′
(10)

Let h/h′ = n, n is called the scaling factor. And the reverse point X∗

b,j generated by
the pinhole imaging learning operator can be calculated by transforming Equation (10):

X∗

b,j =
(aj + bj)

2
+

(aj + bj)

2n
− Xb,j

n
(11)

Figure 4. The principle of PIL strategy
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Obviously, when n = 1, Equation (11) could be simplified to the formula of general
OBL strategy acting upon Xb,j:

X∗

b,j = (aj + bj)−Xb,j (12)

So, we could regard the opposition-based learning as a peculiar case of the pinhole
imaging learning strategy. The reverse point obtained based on the OBL strategy is fixed,
but by dynamically changing the scaling factor n, the proposed PIL is possible to achieve
a better individual position thus enhancing the population diversity even further.

The dimension-by-dimension search model of the PIL strategy takes advantage of up-
dated achievements of each dimension until all components of the D-dimensional space
have been completed according to Equation (11), as shown in Figure 4(b). However, there
is no guarantee that the newly generated PIL point X∗

b,j is always better than the origi-
nal optimal point Xb,j, so it is necessary to filter them via the greedy strategy [35], the
implementation of which is described as follows:

Xnext
b,j =

{

X∗

b,j, f
(

X∗

b,j

)

< f(Xb,j)

Xb,j, f
(

X∗

b,j

)

≥ f(Xb,j)
, j = 1, 2, . . . , D (13)

where f(·) represents the fitness function (for the minimum problems). If the newly gen-
erated point is better than the original point, i.e., f

(

X∗

b,j

)

< f(Xb,j), the updated result
X∗

b,j will be retained. Nevertheless, it will be discarded and conduct the update of the
(j + 1)th dimension. Eventually, all the selected points Xnext

b,j will be consolidated in-

to a new candidate solution
−−−→
Xnext

b to participate in the subsequent optimization. The
pseudo-code of PIL strategy is shown in Algorithm 2.

Algorithm 2. Pinhole imaging learning strategy

Input: Current global optimal solution
−→
Xb = (Xb,1,Xb,2, . . . ,Xb,D), and scaling factor n

1. For (j = 1 to D) do

2. Generate the PIL point X∗

b,j according to Equation (11)

3. Evaluate the fitness value of the PIL point

4. If f
(

X∗

b,j

)

< f(Xb,j) // Greedy strategy

5. Xnext
b,j = X∗

b,j

6. Else

7. Xnext
b,j = Xb,j

8. End If

9. End For

Output: New candidate solution
−−−→
Xnext

b =
(

Xnext
b,1 ,Xnext

b,2 , . . . ,Xnext
b,D

)

3.3. Nonlinear inertia weight. Theoretically verified by Eberhart and Kennedy [6],
the inertia weight ω is an essential factor that affects the exploration and exploitation
abilities of PSO algorithm. If the inertia weight is ω > 1, the algorithm will quickly
diverge, and if the inertia factor ω < 0, the algorithm will easily fall into a stagnant state.
Many researchers have suggested that it is necessary to use a larger inertia weight in the
early stage of search to enhance the exploration ability of the algorithm and obtain the
promising region quickly. While in the later stage, it is desirable to change a smaller
inertia weight for a better exploitation capability and improve the optimization accuracy
[36]. If the relationship between exploration and exploitation is not well balanced, it will
cause inefficient search and even premature convergence to a local optimum [37]. Usually,
the inertia weight can be varied in a linear decreasing strategy or nonlinear attenuation,
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but the latter allows the better algorithm diversity. Hence, in order to further speed up the
convergence and foster an effective transition between the exploration and exploitation,
this paper draws on the PSO algorithm, and designs a nonlinear inertia weight that
combines the beta distribution and inverse incomplete gamma function to modify the
position updating mechanism of slime mould, which is expressed as

ω(t) = ωmin +
ωmax − ωmin

λ
× gammaincinv(λ, a0) + σbetarnd(b1, b2) (14)

a0 = 1− t

max iter
(15)

where ωmin and ωmax are the maximum and minimum values of ω, respectively; (1/λ)
gammaincinv(λ, a0) denotes the inverse incomplete gamma function, λ ≥ 0; σ is the
control factor; betarnd(b1, b2) denotes the random numbers that obey beta distribution,
b1 > 0, b2 > 0; t is the current iteration; and max iter is the maximum iteration.
Figure 5 shows the characteristics of the inverse incomplete gamma function. From the

figure, it can be seen that inverse incomplete gamma function has the property of nearly
linear decrease at the beginning of the iteration but exponential decrease at the later
stage. Therefore, the first two terms of Equation (14) ensure that the inertia weight can
be changed from ωmax to ωmin so as to facilitate a better balance between the exploration
and exploitation stages.

Figure 5. Characteristics of the inverse incomplete gamma function

In addition, the beta distribution as a set of continuous probability distributions defined
in the interval [0, 1], has the ability to approximate many forms of distribution, such as
the common normal distribution, and uniform distribution [38]. The probability density
function of beta distribution f(x) is defined as

f(x; b1, b2) =
1

B(b1, b2)
xb1−1(1− x)b2−1, 0 < x < 1 (16)

Figure 6 plots the selected densities of beta distribution with different parameters b1
and b2. When b1 = b2, the probability density of the beta distribution is symmetric at the
line x = 1/2; when b1 < b2, the density is skewed to the left; when b1 > b2, the density is
skewed to the right. It is noted that the uniform distribution is a special instance of the
beta distribution b1 = b2 = 1. Since all particles approach towards the optimal solution in
the later stages of the search, the population diversity also gradually decreases [39]. So,
the third term of Equation (14) incorporates the beta distribution to accommodate the
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Figure 6. Image of the beta density distribution

value distribution of the inertia weight, and adopts the control factor σ before betarnd to
rectify the deviation, thereby maintaining the stability of the algorithm and making the
variation of the weight more reasonable.

Finally, the position updated method of SMA with the nonlinear inertia weight is
represented as follows:

−−−−−→
X(t+ 1) =















rand · (Ub − Lb) + Lb, rand < z (17.1)
−−−→
Xb(t) + ω(t) · −→vb ·

(

W · −−−→XA(t)−
−−−→
XB(t)

)

, r1 < p (17.2)

ω(t) · −→vc ·
−−→
X(t), r1 ≥ p (17.3)

3.4. ISMA algorithm description. Incorporating the improvements described in Sub-
sections 3.1-3.3 above, the specific execution steps of the proposed improved slime mould
algorithm in this paper are presented as follows:

Step 1. Initialize the population size N , the maximum number of iterations max iter,
and the dimension of search space D;

Step 2. Apply Tent chaotic mapping to generating the initial positions of the popula-
tion Xi (i = 1, 2, . . . , N), and let t = 0 be the current number of iterations;

Step 3. Update the inertia weight ω according to Equation (14);
Step 4. Calculate the fitness values {f(Xi), (i = 1, 2, . . . , N)} of each slime mould and

sort them in ascending order to obtain S(i). Also, record both the best fitness value and
the worst fitness value;

Step 5. Calculate the mutation coefficient W by Equation (4);
Step 6. Update the current global optimal fitness and optimal solution, and use Equa-

tion (3) to renew the value of parameter a;
Step 7. Randomly generate a number rand in the interval [0, 1]. If rand < z, update

the position of slime mould individual by using Equation (17.1) and turn to Step 10;
Otherwise, turn to Step 8;

Step 8. Update the values of the parameter p, vb and vc according to Equations (2),
(3) and (6);
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Step 9. Produce a random number r1 in the interval [0, 1]. If r1 < p, update the
position of slime mould individual by using Equation (17.2), and if r1 ≥ p, update the
current position according to Equation (17.3);
Step 10. Perform PIL strategy to update the global optimal solution dimension-by-

dimension according to Algorithm 2;
Step 11. Output the global optimal fitness and optimal solution if the maximum

iterations number (t = max iter) is achieved; if not, return to Step 3.
Algorithm 3 outlines the pseudo-code of ISMA.

Algorithm 3. Improved slime mould algorithm
Initialization:

1. Set the population size N , the maximum iterations max iter, and spatial dimension D

2. Set t = 0, and Tent chaotic mapping is applied to generating the positions of slime mould
Xi (i = 1, 2, . . . , N)
Iteration:

3. While (t ≤ max iter)
4. Use Equation (14) to update inertia weight ω
5. Compute the fitness of each slime mould
6. Compute W according to Equation (4)
7. Update the current global optimal fitness and optimal solution
8. Update a according to Equation (3)
9. For each slime mould in population do

10. If rand < z

11. Use Equation (17.1) to update the position
12. Else

13. Use Equations (2), (3) and (6) to update p, vb and vc
14. If r1 < p

15. Use Equation (17.2) to update the position
16. Else

17. Use Equation (17.3) to update the position
18. End If

19. End If

20. Perform PIL strategy to update the global optimal solution
21. End For

22. t++
23. End While

Output: Global optimal fitness and optimal solution

4. Numerical Experiment and Result Analysis. To assess the feasibility and ro-
bustness of the proposed algorithm, several experiments are conducted in this section,
covering the effectiveness analysis of three improved strategies and the performance com-
parison of ISMA with other state-of-the-art algorithms. All experiments were executed on
MATLAB R2017a with Windows 10 system, and the hardware platform was configured
as Intel (R) Core (TM) i5-7400 CPU @ 3.00GHz and 16GB RAM.

4.1. Benchmark functions. In this paper, 15 classical benchmark functions were select-
ed from [26,40] to evaluate the global search capability of each algorithm. The expression,
space dimension, definition domain, and theoretical optimum of these functions are listed
in Table 1. The unimodal functions (F1 ∼ F7) are desperately hard to converge to only
one global minimum, so they are employed to investigate the convergence speed and solu-
tion precision of the algorithm. In comparison with unimodal functions, the multimodal
functions (F8 ∼ F12) incorporate multiple local optimums in the search space. Hence, they
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Table 1. Benchmark functions

Function Dim Range Fmin

F1(x) =
n
∑

i=1

x2i 30 [−100, 100] 0

F2(x) =
n
∑

i=1

|xi|+
n
∏

i=1

|xi| 30 [−10, 10] 0

F3(x) =
n
∑

i=1

(

i
∑

j=1

xj

)2

30 [−100, 100] 0

F4(x) = maxi{|xi|, 1 < i < n} 30 [−100, 100] 0

F5(x) =
n−1
∑

i=1

[

100
(

xi+1 − x2i
)2

+ (xi − 1)2
]

30 [−30, 30] 0

F6(x) =
n
∑

i=1

(|xi + 0.5|)2 30 [−100, 100] 0

F7(x) =
n
∑

i=1

ix4i + random[0, 1] 30 [−1.28, 1.28] 0

F8(x) =
n
∑

i=1

[

x2i − 10 cos(2πxi) + 10
]

30 [−5.12, 5.12] 0

F9(x) = 20− 20 exp

(

−0.2

√

1

n

n
∑

i=1

x2i

)

30 [−32, 32] 0

− exp

(

1

n

n
∑

i=1

cos(2πxi)

)

+ e

F10(x) =
1

4000

n
∑

i=1

x2i −
n
∏

i=1

cos

(

xi√
i

)

+ 1 30 [−600, 600] 0

F11(x) =
π

n

{

10 sin(πy1) +
n−1
∑

i=1

(yi − 1)2[1 + 10 sin2(πyi + 1)]

30 [−50, 50] 0
+ (yn + 1)2

}

+
n
∑

i=1

u(xi, 10, 100, 4)

yi = 1 +
xi + 1

4

u(xi, a, k,m) =



















k(xi − a)m, xi > a

0, −a < xi < a

k(−xi − a)m, xi < −a

F12(x) = 0.1

{

sin2(3πx1) +
n
∑

i=1

(xi − 1)2
[

1 + sin2(3πxi + 1)
30 [−50, 50] 0

+ (xn − 1)2 ×
[

1 + sin2(2πxn)
]]

}

+
n
∑

i=1

u(xi, 5, 100, 4)

F13(x) =

(

1

500
+

25
∑

j=1

(

j +
2
∑

i=1

(xi − aij)
6

)−1
)

−1

2 [−65, 65] 0.998

F14(x) =
11
∑

i=1

[

ai −
x1(b

2 + bix2)

b2i + bix3 + x4

]

4 [−5, 5] 0.0003

F15(x) = −
4
∑

i=1

ci exp

(

−
6
∑

j=1

aij(xj − pij)
2

)

6 [0, 1] −3.32
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are utilized to assess whether the algorithm has the potential to evade local optimum and
seek the global best settlement. The fix-dimension multimodal functions (F13 ∼ F15) are
a composition of the first two categories but with lower dimensions, which are used to
measure if the relationships between the exploration and development phases have been
perfectly balanced.

4.2. Effectiveness analysis of improved strategies. This paper presents Tent chaotic
mapping, pinhole-imaging-based learning, and nonlinear inertia weight to overcome the
defects of the original algorithm. So, this subsection is dedicated to validating the ef-
fectiveness of each strategy on the performance improvement of ISMA. Five algorithms,
the original SMA, SMA with only Tent chaotic mapping (CSMA), SMA with only pin-
hole imaging learning (OSMA), SMA with only nonlinear inertia weight (WSMA), and
the proposed ISMA were chosen for comparison experiments. For a fair comparison, the
maximum iteration and population size were set to 1000 and 50, respectively. The other
best parameters were set after a lot of tests and trials. In original SMA, z = 0.03; in
CSMA, z = 0.03; in OSMA, n = 12000; in WSMA, ωmin = 0.4; ωmax = 0.9; λ = 0.01;
σ = 0.01; b1 = 1; b2 = 2; in ISMA, z = 0.03; n = 12000; ωmin = 0.4; ωmax = 0.9; λ = 0.01;
σ = 0.01; b1 = 1; b2 = 2. Besides, all algorithms were run independently 30 times in

Table 2. Comparison results of improved strategies

F SMA CSMA OSMA WSMA ISMA

F1

Avg 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F2

Avg 3.84E-82 6.47E-132 3.01E-139 5.82E-210 4.94E-324

Std 2.10E-81 3.54E-131 1.65E-138 0.00E+00 0.00E+00

F3

Avg 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F4

Avg 1.91E-72 1.82E-117 2.72E-140 1.03E-204 3.49E-309

Std 7.01E-72 9.98E-117 1.34E-139 0.00E+00 0.00E+00

F5

Avg 2.20E-01 2.09E-01 8.32E-02 3.67E-02 1.83E-02

Std 5.01E-01 3.76E-01 1.03E-01 2.75E-02 1.41E-02

F6

Avg 8.82E-03 1.88E-03 1.00E-03 1.12E-04 3.85E-05

Std 1.13E-02 1.26E-03 7.50E-04 5.25E-05 2.10E-05

F7

Avg 1.04E-04 7.32E-05 6.75E-05 3.14E-05 3.10E-05

Std 9.02E-05 5.68E-05 4.69E-05 2.62E-05 2.16E-05

F8

Avg 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F9

Avg 8.88E-16 8.88E-16 8.88E-16 8.88E-16 8.88E-16

Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F10

Avg 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Std 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F11

Avg 9.47E-05 8.13E-05 5.79E-05 6.11E-05 2.93E-05

Std 1.95E-04 1.73E-04 9.84E-05 5.78E-05 2.81E-05

F12

Avg 7.20E-04 6.14E-04 1.74E-04 5.30E-05 2.17E-05

Std 9.75E-04 5.55E-04 2.44E-04 2.98E-05 9.93E-06

F13

Avg 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01

Std 1.61E-14 9.95E-15 1.65E-14 9.54E-16 6.33E-16

F14

Avg 4.33E-04 4.43E-04 3.29E-04 4.18E-04 3.32E-04
Std 2.23E-04 2.60E-04 5.49E-05 1.79E-04 1.12E-04

F15

Avg −3.21E+00 −3.24E+00 −3.27E+00 −3.24E+00 −3.27E+00

Std 3.63E-02 5.54E-02 6.03E-02 5.54E-02 5.42E-02
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each benchmark function to reduce the random factors. Table 2 summarizes the average
fitness (Avg) and standard deviation (Std) of each algorithm over 30 independent runs,
where the best result obtained is highlighted in bold. The average fitness characterizes the
convergence of the algorithm, and the better average fitness means the solution precision
of the algorithm is higher. While the standard deviation presents the robustness of the
algorithm, the lower the standard deviation indicates that the experimental results are
much closer to the mean.

Investigating the data in Table 2, we found that improvements designed in the previous
section have a synergistic influence on boosting the performance of the original SMA.
Regardless of the average fitness and standard deviation, ISMA provides the best results
on functions F2, F4, F5, F6, F7, F11, F12, and F15. For function F13, all methods can
obtain the same optimal value, but the standard deviation of ISMA is less than others.
For function F14, ISMA performs worse than OSMA but still ranks second among all
algorithms. Five algorithms achieve the same results in the remaining functions. The
experimental results reflect that the optimization precision and global search ability of
the proposed algorithm are greatly enhanced to some extent, which is due to the rich
population diversity support by Tent chaotic mapping.

Figure 7 visualizes the convergence curves of nine selected functions. It can also be
seen that the convergence rate of ISMA is better than that of the original SMA, CSMA,
OSMA and WSMA on unimodal functions F1, F3, F5, and F7. As well, the optimization
precision is higher. For multimodal functions F9 and F10, the optimization precision of
five algorithms is almost similar, while ISMA has a faster convergence rate from the
beginning of the iteration. For functions F11 and F12, the original SMA fails to find the
global minimum. However, the improved ISMA algorithm is still capable of avoiding the
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Figure 7. Convergence curves of improved strategies on nine benchmark functions
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local optimum and achieving the global optimal value rapidly, which owes to pinhole
imaging learning strategy. For fix-dimension multimodal function F14, ISMA converges
faster and the solution precision is higher than the original SMA.
Combined with the solution precision and stability performance, it is proved that the

proposed ISMA is superior to the original SMA in optimization precision, convergence
speed and the capability to evade the local optimum.
Furthermore, the mean absolute error (MAE) for five algorithms based on 15 benchmark

functions is calculated, which is a valid statistical approach to display the difference
between the theoretical value and obtained result, and its mathematical formula is as
follows:

MAE =

Nf
∑

i=1

|mi − oi|/Nf (18)

where mi represents the mean of solution results, oi denotes the theoretical optimum of
each function, and Nf denotes the number of benchmark functions used.
It can be seen from Figure 8 that the MAE of ISMA is the minimum among all variant

versions, which is reduced by 79.91% in comparison with the original algorithm. This
once provides strong evidence to demonstrate the excellent performance of the proposed
multi-strategy combination algorithm statistically.

Figure 8. Comparison of MAE with improved strategies

4.3. Comparison of ISMA with other meta-heuristic algorithms. In order to
comprehensively demonstrate the superiority of the proposed ISMA, it is compared against
other six up-to-date meta-heuristic algorithms in this subsection, namely, particle swarm
optimization (PSO) [6], sine and cosine algorithm (SCA) [41], grey wolf optimizer (GWO)
[8], whale optimization algorithm (WOA) [9], multi-verse optimizer (MVO) [42], and
modified PSO with an adaptive acceleration coefficient (TACPSO) [43]. Likewise, the
maximum iterations and population size were set to 1000 and 50, respectively, and all the
other parameters of algorithms were set the same as those recommended in the original
literature, as shown in Table 3. Each algorithm was executed independently 30 times
on benchmark functions. The average fitness and standard deviation obtained from the
simulation experiments are outlined in Table 4, and the number in bold stands for the
best value.
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Table 3. Parameter settings

Algorithm Parameter settings
PSO c1 = 2; c2 = 2; ωmin = 0.4; ωmax = 0.9
SCA A = 2
GWO a = [0, 2]
WOA a1 = [0, 2]; a2 = [−2,−1]; b = 1
MVO Existence proability ∈ [0.2 1]; Travelling distance rate ∈ [0.6 1]

TACPSO c1 = 2; c2 = 2; ωmin = 0.4; ωmax = 0.9

ISMA
z = 0.03; n = 12000; ωmin = 0.4; ωmax = 0.9; λ = 0.01; σ = 0.01; b1 = 1;
b2 = 2

Table 4. Comparison results of ISMA with other algorithms

F PSO SCA GWO WOA MVO TACPSO ISMA

F1

Avg 2.02E-01 7.31E-03 1.93E-70 7.10E-172 1.71E-01 9.73E-07 0.00E+00

Std 1.70E-01 1.98E-02 2.82E-70 8.54E-172 3.92E-02 3.79E-06 0.00E+00

F2

Avg 6.98E-01 1.00E-05 4.68E-41 7.86E-110 2.92E-01 3.40E-01 2.44E-285

Std 2.66E-01 1.75E-05 4.26E-41 2.78E-109 8.41E-02 1.83E+00 0.00E+00

F3

Avg 5.99E+01 1.63E+03 2.26E-20 1.07E+04 1.94E+01 1.98E+02 0.00E+00

Std 1.43E+01 2.46E+03 5.69E-20 6.11E+03 8.63E+00 9.10E+02 0.00E+00

F4

Avg 1.39E+00 1.28E+01 1.41E-17 3.35E+01 7.02E-01 2.44E+00 3.08E-312

Std 2.00E-01 1.05E+01 3.04E-17 3.03E+01 2.93E-01 1.38E+00 0.00E+00

F5

Avg 2.18E+02 9.85E+01 2.67E+01 2.66E+01 5.76E+02 5.29E+01 1.90E-02

Std 1.04E+02 1.48E+02 6.84E-01 3.04E-01 8.14E+02 3.79E+01 1.52E-02

F6

Avg 1.63E-01 4.23E+00 4.05E-01 1.31E-02 1.83E-01 1.19E-07 3.72E-05
Std 8.74E-02 3.03E-01 3.45E-01 4.63E-02 5.50E-02 3.28E-07 1.32E-05

F7

Avg 1.62E+00 1.66E-02 3.73E-04 9.09E-04 1.29E-02 2.67E-02 4.55E-05

Std 1.14E+00 1.24E-02 2.19E-04 9.61E-04 4.52E-03 1.06E-02 3.37E-05

F8

Avg 9.55E+01 1.88E+01 4.66E-01 0.00E+00 1.09E+02 5.74E+01 0.00E+00

Std 2.91E+01 2.80E+01 1.69E+00 0.00E+00 2.92E+01 1.27E+01 0.00E+00

F9

Avg 6.42E-01 1.26E+01 1.45E-14 4.20E-15 1.10E+00 1.00E+00 8.88E-16

Std 4.55E-01 9.50E+00 1.89E-15 2.27E-15 7.27E-01 8.74E-01 0.00E+00

F10

Avg 1.95E-02 8.79E-02 1.93E-03 1.19E-03 4.28E-01 2.01E-02 0.00E+00

Std 1.40E-02 1.59E-01 5.33E-03 6.51E-03 8.15E-02 2.04E-02 0.00E+00

F11

Avg 1.59E-03 1.49E+03 2.32E-02 8.71E-04 9.57E-01 1.62E-01 3.85E-05

Std 3.06E-03 8.18E+03 1.51E-02 1.76E-03 1.00E+00 1.91E-01 3.46E-05

F12

Avg 5.60E-02 5.33E+02 2.74E-01 5.26E-02 3.30E-02 1.68E-02 2.39E-05

Std 4.14E-02 2.90E+03 1.57E-01 9.29E-02 1.39E-02 3.81E-02 1.35E-05

F13

Avg 2.09E+00 1.40E+00 3.29E+00 1.72E+00 9.98E-01 9.98E-01 9.98E-01

Std 1.70E+00 8.07E-01 3.52E+00 1.89E+00 5.29E-12 9.22E-17 2.67E-17

F14

Avg 7.99E-04 9.09E-04 3.68E-03 6.63E-04 5.17E-03 3.69E-04 3.64E-04

Std 2.10E-04 4.16E-04 7.59E-03 3.97E-04 1.18E-02 2.32E-04 6.10E-05

F15

Avg −3.26E+00 −3.00E+00 −3.27E+00 −3.27E+00 −3.25E+00 −3.27E+00 −3.28E+00

Std 6.03E-02 1.96E-01 6.73E-02 7.79E-02 5.85E-02 5.99E-02 4.96E-02

As seen from Table 4, on unimodal benchmark functions (F1 ∼ F7), ISMA achieves all
the best results in terms of the average fitness value and standard deviation except for
function F6. It is notable that ISMA presents theoretical optimum (0) on functions F1

and F3. As for function F6, the performance of ISMA is worse than TACPSO but still
ranks second. These results show that ISMA has outstanding search precision and local
exploitation capability.

Similarly, on multimodal benchmark functions (F8 ∼ F12), the average fitness and
standard deviation of ISMA are obviously better than the rest of the algorithms except
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for function F8. Although ISMA and WOA obtain the same performance on function F8,
it is better than others. Since the multimodal benchmark functions contain many local
minima, this means that ISMA can effectively bypass the local optimum and find the
global best solution.
The fix-dimension multimodal functions (F13 ∼ F15) involve few local optima, which are

designed to evaluate the stability of the algorithm in switching between global exploration
and local exploitation processes. As far as average fitness is concerned, ISMA performs
the same as MVO and TACPSO but better than others on function F13. For functions
F14 and F15, only ISMA can generate results similar to the theoretically optimal value. In
terms of standard deviation, ISMA is still the champion algorithm on all test functions.
Based on the experimental results from Table 4, a summary can be drawn that ISMA

has a great ability to address function optimization problems.
The convergence curves of seven different algorithms for nine selected benchmark func-

tions are illustrated in Figure 9. It is apparent that ISMA has a faster convergence speed
and higher optimization precision compared with other competitors except for functions
F9 and F14. For function F9, the convergence precision of ISMA is similar to GWO as well
as WOA, but ISMA converges faster at the beginning and achieves the global optimum
with only a few number of iterations. For function F14, even though ISMA has the same
performance as TACPSO, it still outperforms all other algorithms. These show that the
proposed algorithm could obtain the global optimum with a rapid convergence rate and
high degree of robustness.
Although the above experimental results have proved that ISMA has a strong global

search capability in low-dimensional functions, most current algorithms are highly prone
to be ineffective in solving optimization problems as the number of spatial dimensions
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Figure 9. Convergence curves of seven algorithms on nine benchmark functions
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increases. To investigate the scalability of ISMA, the proposed algorithm is used to opti-
mize twelve benchmark functions F1 ∼ F12 selected from Table 1 with higher dimensions
(i.e., 50 and 100 dimensions). The average fitness and standard deviation values obtained
by ISMA and other six algorithms are reported in Tables 5 and 6, respectively. Besides,
the best result of each function has been highlighted in bold.

Table 5. Comparison results of ISMA with other algorithms on F1 ∼ F12 (50D)

F -50D PSO SCA GWO WOA MVO TACPSO ISMA

F1

Avg 5.39E+00 2.73E+01 1.47E-51 2.85E-167 1.39E+00 7.43E-01 0.00E+00

Std 1.81E+00 6.17E+01 2.41E-51 0.00E+00 2.89E-01 1.34E+00 0.00E+00

F2

Avg 7.65E+00 3.18E-03 1.31E-30 1.10E-106 5.72E+01 6.60E+00 0.00E+00

Std 1.73E+00 4.17E-03 1.11E-30 5.88E-106 7.82E+01 8.17E+00 0.00E+00

F3

Avg 8.54E+02 2.75E+04 8.88E-09 8.70E+04 8.87E+02 5.38E+03 0.00E+00

Std 2.35E+02 1.01E+04 3.68E-08 2.46E+04 2.33E+02 4.76E+03 0.00E+00

F4

Avg 2.98E+00 5.28E+01 1.66E-11 5.72E+01 4.87E+00 1.77E+01 0.00E+00

Std 2.84E-01 1.05E+01 1.56E-11 3.00E+01 2.78E+00 2.90E+00 0.00E+00

F5

Avg 2.38E+03 2.60E+05 4.70E+01 4.70E+01 4.77E+02 3.32E+03 2.04E-02

Std 9.47E+02 4.46E+05 7.16E-01 3.65E-01 7.36E+02 1.64E+04 2.41E-02

F6

Avg 5.38E+00 3.14E+01 1.60E+00 6.17E-02 1.36E+00 3.05E-01 1.44E-04

Std 2.09E+00 3.14E+01 5.03E-01 5.71E-02 2.81E-01 6.38E-01 9.18E-05

F7

Avg 1.73E+02 6.74E-01 9.05E-04 1.40E-03 4.96E-02 1.22E-01 2.21E-05

Std 6.88E+01 1.50E+00 4.25E-04 1.43E-03 1.60E-02 3.68E-02 1.86E-05

F8

Avg 2.75E+02 6.44E+01 1.89E-15 3.79E-15 2.60E+02 1.37E+02 0.00E+00

Std 3.63E+01 5.17E+01 1.04E-14 2.08E-14 3.94E+01 3.22E+01 0.00E+00

F9

Avg 2.89E+00 1.48E+01 2.75E-14 3.97E-15 2.01E+00 3.23E+00 8.88E-16

Std 4.15E-01 8.54E+00 3.20E-15 2.59E-15 5.50E-01 1.21E+00 0.00E+00

F10

Avg 1.28E-01 1.27E+00 4.48E-04 4.22E-03 8.02E-01 1.69E-01 0.00E+00

Std 4.56E-02 8.96E-01 2.45E-03 1.61E-02 5.95E-02 2.34E-01 0.00E+00

F11

Avg 8.42E-02 6.22E+05 6.01E-02 2.70E-03 2.75E+00 2.44E+00 4.86E-06

Std 6.76E-02 1.95E+06 1.84E-02 3.22E-03 1.15E+00 1.24E+00 1.07E-05

F12

Avg 1.41E+00 1.15E+06 1.41E+00 2.00E-01 2.63E-01 1.26E+01 2.95E-05

Std 5.33E-01 2.01E+06 2.75E-01 1.76E-01 1.07E-01 8.36E+00 2.67E-05

It can be seen from Table 5, when the problem dimension is set to 50, ISMA significant-
ly outperforms other six algorithms in terms of the average fitness and standard deviation
for all benchmark functions. It should be noted that ISMA discovers the theoretical op-
timal solution on functions F1, F2, F3, F4, F8, and F10. Moreover, in Table 6, when the
problem dimension is set to 100, ISMA remains the champion among all competitors.
However, the rest six algorithms are trapped into the local optimum to some extent, and
the solution accuracy has a significant decline. Combining the solution results of the 50-
dimensional and 100-dimensional problems, ISMA displays pretty strong scalability in the
spatial dimension, that is to say, with the increase of the problem dimension, the over-
all performance of ISMA does not deteriorate significantly, and it is still able to provide
high-quality solutions effectively and get rid of the local optimum.

5. ISMA for Engineering Design Problems. Lately, the resolution of structural de-
sign problems with stochastic optimizers has been widely used in the field of engineering
design. Hence, to further validate the effectiveness of ISMA, the proposed algorithm is
applied in this section to dealing with two mechanical design problems: the design of
three-bar truss and the design of pressure vessel. For convenience, the death penalty
method in [44] is implemented to address infeasible solutions based on the constraints.
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Table 6. Comparison results of ISMA with other algorithms on F1 ∼ F12 (100D)

F-100D PSO SCA GWO WOA MVO TACPSO ISMA

F1

Avg 8.56E+01 4.00E+03 1.26E-34 7.22E-167 2.33E+01 8.97E+02 0.00E+00

Std 2.15E+01 2.98E+03 1.28E-34 0.00E+00 3.34E+00 4.26E+02 0.00E+00

F2

Avg 1.05E+02 8.88E-01 6.73E-21 3.31E-108 1.34E+20 6.33E+01 0.00E+00

Std 2.54E+01 2.31E+00 3.27E-21 9.16E-108 7.34E+20 2.35E+01 0.00E+00

F3

Avg 1.12E+04 1.71E+05 5.84E-01 7.22E+05 3.18E+04 5.18E+04 0.00E+00

Std 2.61E+03 3.88E+04 1.63E+00 1.12E+05 4.96E+03 1.84E+04 0.00E+00

F4

Avg 8.33E+00 8.44E+01 1.10E-03 7.19E+01 4.40E+01 4.23E+01 0.00E+00

Std 9.98E-01 3.86E+00 5.62E-03 2.78E+01 8.06E+00 4.79E+00 0.00E+00

F5

Avg 8.05E+04 4.91E+07 9.73E+01 9.72E+01 1.11E+03 1.45E+05 4.28E-02

Std 2.13E+04 2.53E+07 9.37E-01 4.16E-01 7.09E+02 1.31E+05 8.39E-02

F6

Avg 8.54E+01 5.50E+03 7.98E+00 5.71E-01 2.22E+01 8.93E+02 1.05E-03

Std 2.23E+01 3.31E+03 9.15E-01 2.10E-01 3.00E+00 4.85E+02 1.02E-03

F7

Avg 1.26E+03 5.08E+01 1.66E-03 1.23E-03 2.41E-01 1.83E+00 2.21E-05

Std 2.63E+02 2.53E+01 7.77E-04 1.41E-03 6.12E-02 1.72E+00 1.88E-05

F8

Avg 9.80E+02 2.08E+02 3.94E-01 2.81E-13 5.68E+02 3.52E+02 0.00E+00

Std 1.19E+02 1.28E+02 1.45E+00 1.23E-12 6.92E+01 4.63E+01 0.00E+00

F9

Avg 5.26E+00 1.84E+01 6.98E-14 3.26E-15 4.53E+00 8.75E+00 8.88E-16

Std 3.41E-01 5.04E+00 4.99E-15 2.35E-15 4.19E+00 1.01E+00 0.00E+00

F10

Avg 7.36E-01 5.63E+01 1.25E-03 2.15E-03 1.21E+00 1.13E+01 0.00E+00

Std 8.95E-02 4.27E+01 3.89E-03 4.03E-03 2.99E-02 8.67E+00 0.00E+00

F11

Avg 3.71E+00 1.43E+08 1.82E-01 6.10E-03 1.03E+01 2.35E+01 4.48E-06

Std 2.24E+00 7.45E+07 2.61E-02 2.56E-03 2.96E+00 1.88E+01 6.53E-06

F12

Avg 8.77E+01 2.19E+08 5.42E+00 6.48E-01 8.93E+01 1.89E+04 9.38E-05

Std 2.61E+01 1.24E+08 3.39E-01 2.91E-01 3.21E+01 8.39E+04 1.10E-04

All the mentioned algorithms were independently executed 30 times for each issue, with
the maximum iterations and population size set to 500 and 30, respectively.

5.1. Three-bar truss design problem. The three-bar truss design problem is a typical
optimization problem composed of three constraints. Figure 10 illustrates the three-bar
truss and its three variables (A1, A2, and A3). The ultimate target of this problem is to
find out two optimal cross-sectional areas (A1 and A2) to achieve the minimum weight
of the truss when the pressure condition is satisfied, and its mathematical model is as
follows:
Consider

−→
X = [x1 x2] = [A1 A2]

Objective

f
(−→
X
)

min

=
(

2
√
2x1 + x2

)

× L

Subject to

g1

(−→
X
)

=

√
2x1 + x2√

2x2
1 + 2x1x2

P − σ ≤ 0

g2

(−→
X
)

=
x2√

2x2
1 + 2x1x2

P − σ ≤ 0

g3

(−→
X
)

=
1√

2x2 + x1

P − σ ≤ 0
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Variable ranges
0 ≤ x1, x2 ≤ 1

where L = 100 cm, P = 2 KN/cm2, σ = 2 KN/cm2.

Figure 10. The design of three-bar truss problem

Table 7 lists the optimal results attained by ISMA and other five algorithms such as
SMA [11], WOA [9], HHO [10], MTDE [45], and GDAFA [46]. From the table, we can
detect that ISMA is the most efficient method in handling this problem among all competi-

tors, and the minimum weight f
(−→
X
)

min

= 263.8958 is obtained at
−→
X = [0.7887 0.4083].

Table 7. Comparison results of three-bar truss problem

Algorithms
Optimal solution

Minimum weight
A1(x1) A2(x2)

ISMA 0.7887 0.4083 263.8958

SMA 0.7882 0.4095 263.8959
WOA 0.8413 0.2767 265.6145
HHO 0.7861 0.4157 263.9009
MTDE 0.7877 0.4110 263.8977
GDAFA 0.7854 0.4177 263.9300

5.2. Pressure vessel design problem. The primary objective of this optimization
problem is to discover four optimal parameters of cylindrical pressure vessel with mini-
mum fabrication cost, namely the thickness of the shell (Ts), thickness of the head (Th),
inner radius (R), and length of the cylinder (L) as shown in Figure 11. The mathematical
definition of the pressure vessel design problem is as follows:
Consider −→z = [z1 z2 z3 z4] = [Ts Th R L]

Objective

f
(−→z
)

min
= 0.6224z1z3z4 + 1.778z2z

2

3 + 3.1661z21z4 + 19.84z21z3

Subject to

g1
(−→z
)

= −z1 + 0.0193z3 ≤ 0

g2
(−→z
)

= −z3 + 0.00954z3 ≤ 0

g3
(−→z
)

= −πz23z4 −
4

3
πz33 + 1296000 ≤ 0

g4
(−→z
)

= z4 − 240 ≤ 0
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Variable ranges

0 ≤ z1 ≤ 99, 0 ≤ z2 ≤ 99, 10 ≤ z3 ≤ 200, 10 ≤ z4 ≤ 200

Figure 11. The design of pressure vessel problem

This case is resolved with ISMA and the results are compared with those revealed by
SMA [11], MFO [47], GWO [8], MDDE [48], and CPSO [49]. The optimal solutions and
corresponding minimum costs are tabulated in Table 8. Inspecting the data of this table,
it is apparent that the proposed ISMA could outperform other well-known optimizers,
and the lowest cost f

(−→z
)

min
= 5974.6184 is acquired when −→z = [0.8272 0.4089 42.8623

167.3954].

Table 8. Comparison results of pressure vessel design problem

Algorithms
Optimal solution

Minimum cost
Ts(z1) Th(z2) R(z3) L(z4)

ISMA 0.8272 0.4089 42.8623 167.3954 5974.6184

SMA 0.7931 0.3932 40.6711 196.2178 5994.1857
MFO 0.8125 0.4375 42.0984 176.6366 6059.7143
GWO 0.8125 0.4345 42.0892 176.7587 6051.5639
MDDE 0.8125 0.4375 42.0984 176.6360 6059.7017
CPSO 0.8125 0.4375 42.0912 176.7465 6061.0777

In short, these results provide strong evidence that ISMA is equally effective and feasible
in practical engineering applications with significant progress.

6. Conclusions. In this paper, an improved slime mould algorithm (ISMA) was designed
to overcome the shortcomings of slow convergence, poor optimization accuracy and the
tendency to trap into local optimum in the original algorithm. First, Tent chaotic map-
ping was introduced to enrich the population diversity for slime mould. Then, the pinhole
imaging learning technique was implemented to simultaneously evaluate the current fea-
sible solution and corresponding inverse solution to increase the likelihood of obtaining
the globally optimal result. Finally, a novel nonlinear inertia weight was formulated to
ease the imbalance between exploration and exploitation stages of the algorithm and
speed up the convergence. The performance of the proposed ISMA was tested on fifteen
benchmark functions. Numerical experimental results demonstrate that ISMA with these
improvements outperforms the original SMA and other six state-of-the-art meta-heuristic
algorithms in solution precision, convergence speed, and the capability to evade the local
optimum. In addition, to fully validate the utility of ISMA in real-world applications,
we apply it to tackling two typical engineering design problems. The results reveal that
ISMA provides the best solution among all competitors.
In future work, we intend to use the proposed ISMA to optimize parameters of the

least-squares vector machine, and build a generalized model for shrinkage prediction of
selective laser sintering (SLS) parts.
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