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ABSTRACT The sine cosine algorithm (SCA) is a newly emerging optimization algorithm. It is easy for sine
cosine algorithm (SCA) to sink into premature of the algorithm and obtain a slower convergence rate when
solving the complicated optimization problems, especially highly ill-posed problems. A novel modified sine
cosine algorithm (MSCA) is put forward for solving the optimization problems. To our limited knowledge,
the linear searching path and empirical parameter have not been applied to the related improved sine cosine
algorithm. The proposed MSCA improves the search path of original SCA by introducing linear searching
path and empirical parameter, effectively avoiding sinking into the local optimal. In addition, the proposed
algorithm changes the definition of convergence factor. Two kinds of tests, including 23 benchmark functions
test and actual engineering problem tests are adopted to prove the performance of the MSCA. In addition,
the performance of the proposed MSCA is compared with SCA by using benchmark functions on different
dimensional (D = 30, 50,100 and 500). As expected, the result of comparisons show that the proposed
MSCA can better avoid the local optima than both the SCA and other population-based algorithms. And
MSCA can obtain the faster convergence than SCA on different dimensions.

INDEX TERMS Sine cosine algorithm, linear searching path, nature-inspired algorithm, optimization.

I. INTRODUCTION
The theory of optimization has been widely used in the
actual engineering fields. By building suitable mathematical
model according to concrete problems, in order to minimize
(sometimes maximize) the fitness function of the concrete
problem, many actual engineering problems belong to opti-
mization problems. Examples include structural mechanics,
power systems and so on [1], [2].

According to the academic results of the researchers,
stochastic optimization methods regard the optimization
problem as a black box, as illustrated in Figure 1. This
means that there is no need for rigorous mathematical model
derivation. Only it is necessary to continuously adjust the
algorithm parameters according to the optimization results
to obtain the purpose needed. Another advantage of treating
the problem as a black box is flexibility, which means that
stochastic algorithms can be conveniently applied to solve
various engineering difficulties in different fields [3], [4].

In the past few decades, the research on stochastic opti-
mization algorithms has become a hot research, and continu-
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FIGURE 1. Stochastic optimization algorithm considers the system as
black box.

ously improving the performance of optimization algorithms
has become the research goal of researchers [5]. Commonly
used algorithms include genetic algorithm (GA), particle
swarm optimization (PSO) and differential evolution (DE).
Meanwhile, nature-inspired algorithms are gradually rising,
such as whale optimization algorithm (WOA), grey wolf
optimizer (GWO) and sine cosine algorithm (SCA) [6]–[11].
Several common algorithms are introduced in the following
paragraphs.

Particle swarm optimization (PSO) is a global optimiza-
tion algorithm, which was proposed by J. Kennedy and
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R.C. Eberhaxt in 1995 [12]. It was designed to simulate the
unpredictable foraging movement of a flock of birds. Imagine
such a condition: all birds initially fly in search of food
aimlessly, until one of them finds a little of food, then other
birds have a trend to approach it and search its surrounding
environment to form a specific flock of birds [13]. At the
same time, because each bird tries to stop in the flock without
colliding with each other, they determine their own flight
direction and speed according to their own previous knowl-
edge. When a bird finds the most satisfactory food at present,
it will attract the other flock fly to the neighborhood, and
the birds are continuously searching for places where more
satisfactory food may exist as they approach them. Finally,
the birds find the most plentiful foraging locations.

Inspired by this model, people use information society
sharing to learn from the surrounding successful people,
while maintaining a certain degree of autonomy based on
individual experience and cognition, and ultimately the group
finds the best [14], [15]. The above process is abstracted to
obtain particles in a multidimensional space without volume
and mass at a certain speed. The basic PSO algorithm tra-
verses the search space based on its own and other particle
history information [16]. Researchers have been working on
the improvement of the PSO algorithm, such as GPSO, CPSO
and CLPSO [17], [18].

Genetic algorithm (GA) belongs to a type of random search
and optimization method which simulates biological evolu-
tion theory and its underlying genetic mechanism to solve
optimization problems [19]. It was originally inspired by
Michigan University professor Holland who proposed it in
the 1970s and was enriched and applied by Goldberg and
others [20].

Together with evolutionary strategies and evolutionary
rules, it constitutes the foremost framework of genetic algo-
rithms. GA has its solid biological foundation, namely, group
random search strategy and the exchange mechanism of
group individual information, which is in line with the cog-
nitive view of the biological intelligence generation process;
it does not rely on additional gradient information, and is
available for any functions, and can be easily used in parallel
computing [21], [22]. These advantages make GA become
one of the best methods for solving complex optimization
problems, widely used in path planning, engineering design,
nonlinear problem, multi-objective problem, pattern recogni-
tion and other fields [23].

Differential evolution (DE) was proposed by Storn and
Price in 1995. Differential evolution (DE) is a familiar opti-
mization algorithm [24]. The algorithm principle of DE is
very similar to GA. They all mainly include three pro-
cesses: mutation, hybridization and selection, as shown in
the Figure 2. But the specific process definitions of the algo-
rithm are different. The method of DE algorithm to generate
the initial population is to encode by using floating point
vectors. [25]–[28].

Whale optimization algorithm (WOA) is a novel optimiza-
tion algorithm, which was proposed byMirjalili in 2016 [29].

FIGURE 2. Three main processes of DE algorithm.

FIGURE 3. Bubble-net feeding behavior of humpback whale.

FIGURE 4. Foraging behavior of wolves.

The algorithm simulates the hunting behavior of humpback
whales. It is divided into three stages: encircling, hunting
and attacking prey. A corresponding theoretical model is
established to achieve the best solution to an actual problem.
According to the characteristics of humpback whale prey-
predation behavior, the WOA mainly includes three stages:
surrounding prey, bubble net hunting and prey search [30].
The bubble-net feeding behavior is as shown in Figure 3.
(Figure 3 is from [29, Fig. 2])

Compared to other traditional optimizationmethods,WOA
has the superiorities of simple structure, simple principle,
fewer parameters, and strong optimization ability [31], [32].
The algorithm has been widely applied in water resources
optimization configuration and truss design, fault diagnosis,
photovoltaic cell parameter estimation and many other engi-
neering issues [33].

The gray wolf optimization is a nature inspired opti-
mization algorithm, which was proposed by Mirjalili et al.
in 2014 [34]. The algorithm is inspired by the predation action
and method of gray wolves, as the Figure 4 shows: (The
Figure 4 is from [34, Fig.2]).

The gray wolf optimization algorithm is roughly divided
into five steps: social caste system, surrounding prey, hunt-
ing, attacking and searching [35]. Gray wolves strictly obey
the social dominance hierarchy. When the gray wolves are
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searching for the prey they need, they will slowly approach
the prey and then surround the prey [9]. Gray wolves gener-
ally identify the prey first and then surround it. During each
iteration, the three best graywolves are kept, and the positions
of the remaining search agents are updated based on their
location information. When the prey is no longer moving,
the gray wolf will attack to capture the prey [36], [37].

The sine cosine algorithm (SCA) is a novel optimization
algorithm, which was proposed by Mirjalili in 2016 [38].
It summarizes and absorbs the iterative strategy of part of
the swarm intelligent optimization algorithm. It takes a set
containing a specific number of random solutions as the
initial solution set of the algorithm, repeatedly evaluates the
fitness of the solution through the objective function and
randomly follows a specific update strategy to iterate the
solution set, and finally obtains the optimal solution or a
satisfactory solution that meets the fitness requirements [39].
Like most swarm intelligence optimization algorithms, SCA
relies on an iterative strategy to achieve a random search
in the solution space, and cannot guarantee that the opti-
mal solution is found in one operation. But when the initial
value setting and the number of iterations setting are large
enough, the ability of obtaining the optimal solution is greatly
improved.

SCA summarizes and deconstructs the iteration strategies
of the previous intelligent optimization algorithms into two
threads. First, in the global search thread, it applies large
random fluctuations to the solution in the current solution set
to search for unknown regions in the solution space. Second,
in the local development thread, it applies a weak random
disturbance to the solution set to fully search the neighbor-
hood of the current solution. The periodic volatility of the
trigonometric functions is used to construct an iterative equa-
tion that realizes the two thread functions of global search
and local development. The succinct update iterative equa-
tion is used to impose disturbance and update the solution
set [40]–[42].

In addition, other evolutionary computation algorithms,
such as monarch butterfly optimization (MBO) [43], earth-
worm optimization algorithm (EWA) [44], elephant herding
optimization (EHO) [45], moth search algorithm (MSA) [46]
and rhino herd (RH), were all proposed for global optimiza-
tion, inspired from the biological evolution and behaviors.
And they have been also widely used in the engineering prob-
lems [47], [48]. The good performances have been shown in
the actual engineering applications.

To summarize, every random optimization algorithm has
advantages and disadvantages. According to the theory of
‘‘No Free Lunch’’, there is no optimization algorithm that
is available for the whole optimization problems effectively.
The capacity of the random optimization algorithm algo-
rithms is decided by their ability of global search and local
search to search solutions.

Since the original SCA was proposed, many researchers
have begun to work on the improvement of SCA, in order to
further improve the performance of the algorithm. Nenavath

and Jatoth proposed a hybrid algorithm, called SCA-DE [49],
which introduced the differential evolution (DE) into SCA.
A combination algorithm, called GWO-SCA, was proposed
by N Singh and SB Singh [50]. It hybridized the Grey
Wolf Optimizer (GWO) and Sine Cosine Algorithm (SCA).
Numerical results proved that the proposed algorithm can
solve benchmark functions and engineering applications
effectively. The Improved SCA (ISCA) [51] was proposed,
which changed the position searching equation by intro-
ducing an inertia weight, in order to avoid falling into
local optima. Researchers proposed a novel improved sym-
metric SCA (SSCA-APS) to improve the algorithm perfor-
mance [42]. In the proposed algorithm, adaptive probability
selection was proposed.

However, due to the existence of the absolute value item
in the traditional SCA position updating path, the traditional
SCA in engineering applications, especially the highly non-
linear and highly ill-posed problems, is easy to fall into the
premature of algorithm and cannot find the global optimum
well. The searching path cannot constrain the search direction
of the algorithm well. At the same time, as the dimensionality
increases, the convergence speed of traditional SCA will
decrease.

As it is all known, in the existing SCA improvement strate-
gies, linear search paths and empirical factor haven’t been
used to improve performance. In this article, the linear search
path and empirical parameter are used to improve the per-
formance of traditional SCA, which has better global search
capability and can obtain the more stable solution, effec-
tively avoiding falling into the local optimal. In the testing
of 23 benchmark functions and engineering design testing,
it is proved that the proposed MSCA obtains the better per-
formance. At the same time, compared with traditional SCA,
MSCA has a better convergence rate. In addition, the highly
ill-posed inverse scattering problem in physics is used as an
optimization verification for the first time. It is proved that the
proposed algorithm can solve highly ill-conditioned problems
compared to traditional algorithms well.

The chapters of the article are arranged as follows. Part II
describes the traditional sine cosine algorithm. Part III
explains the modified algorithm, including the search path
and convergence factor in detail. Part IV discusses the numer-
ical results of the comparison with other algorithm, including
benchmark function tests and actual engineering problem.
Part V concludes with contributions and the outlook of
research.

II. TRADITIONAL SINE COSINE ALGORITHM
For the traditional sine cosine algorithm, it was the first time
that adaptive sine and cosine mathematics parameters were
introduced into the position updating formula. The formula
of position updating is shown as follows (more details of the
SCA are shown in the reference [38]):

X t+1i =

{
X ti + r1 × sin(r2)×

∣∣r3Pti − X ti ∣∣ , r4 < 0.5
X ti + r1 × cos(r2)×

∣∣r3Pti − X ti ∣∣ , r4 ≥ 0.5
(1)
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Here, r2 ∈ [0, 2π ], is a random variable. r3 is a ran-
dom variable. r4 is used to choose different search paths,
sine or cosine, according to different randomvalues in Eq. (1).
Pi is the objective solution.
r1 is a number which is decreased from m to 0 during the

process of iterations to make the algorithmic search process
balanced. It is shown as follows:

r1(i) = m× (1−
i

imax
) (2)

where i is the present iteration, imax is the total number of
iteration, and m > 0.

The pseudo code of SCA is shown as follows:

Algorithm Since Cosine Algorithm
1. Initialize a set of search agents (solutions) (X)
2. repeat
3. Evaluate each of the search agents by the objective
function
4. Update the best solution obtained so far (P = X∗)
5. Update the parameters r1, r2, r3, and r4
6. Update the poison of search agents using Eq. (1)
7. until (t < maximum number of iterations)
8. Return the best solution obtained so far as the global
optimum

In the reference [38], the excellent performance of SCA
has been proved and applied on the airfoil design problem
successfully.

III. PROPOSED ALGORITHM
A. IMPROVED POSITION-UPDATING EQUATION
Although it has been proved that traditional SCA possesses
obvious superiority in solving optimization problems, which
means it has better convergence rate and higher accuracy.
Because of the existence of the absolute value term and the
trigonometric function term in the position updating equa-
tions, the original SCA search path is nonlinear, it is difficult
to limit the algorithm search direction when solving com-
plex optimization problem. The search path does not search
towards the global best. Sometimes the result obtained is only
a local optimum when solving multi-parameter optimization
and highly ill-conditioned problems. which can be found in
the part IV. In addition, in the reference [38], the benchmark
function test on SCA only uses 30 search agents, and does
not analyze the problems of multi-dimensional situations.
In fact, in the benchmark function test, the convergence rate
of traditional SCAwill decrease as the number of dimensions
increases.

As it is all known, the search path of the PSO algorithm is
a classical linear search path. Considering this problem, this
article improves the equation (1) by introducing the linear
path into SCA, inspired from particle swarm optimization
(PSO).

Compared with the search path of traditional SCA, the new
search path retains the random selection of sine and cosine

FIGURE 5. Traditional and improved range change.

FIGURE 6. Comparison of different search paths.

parameters and the dual path characteristics, cancels the
absolute value and changes the definition of the convergence
factor.

The path search expression is as follows:

X k+1i

=

{
r1X ki +c1 × sin(r2)× (Pkbest−i − X

k
i ), r3<0.5

r1X ki +c1 × cos(r2)× (Pkbest−i − X
k
i ), r3>0.5

(3)

where Xi is the location of the present optimal solution, k is
the number of present iteration, Pi is the optimal solution.
The parameter r1 is called convergence factor. It is a num-

ber which makes the prospection and development balanced.
Through the association of the linear path and the original

path, the search will be more rigorous and suitable for the
complex optimization problem. The search range will find
the global optimum in a more precise range. as illustrated
in Figure 5. (The curve A is from [38])

As shown in the Figure 6, the point A is the global optimum
which needs to be found. The search path of original SCA
requires constant oscillations to find the global optimum. Due
to the introduction of the linear path, the degree of oscillation
of the proposed improved path is significantly lower than
that of the traditional path, and the search speed is improved.
Therefore, the global optimum can be found efficiently by the
proposed SCA.

In the searching path of original SCA, there is only an
optimal value Pi, this is not enoughwhen solving complicated
problems. By using the empirical parameter, the knowledge
and information about what had previously searched and
obtained can be used as the guide for accurate iteration [52].

Therefore, empirical parameter is introduced into the
search path to improve the accuracy of search. The empirical
parameter had been applied in the field of antenna pattern
optimization, and achieved good results [37], [53]. It was a
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parameter that could optimize the search path and reduce the
search error, which was from the previous iteration. The final
path search expression is as follows:

X k+1i =


r1X ki + c1 × sin(r2)× (Pkbest−i − X

k
i )

+ c2 × sin(r2)× (Ekbest − X
k
i ), r3<0.5

r1X ki + c1 × cos(r2)× (Pkbest−i − X
k
i )

+ c2 × cos(r2)× (Ekbest − X
k
i ), r3>0.5

(4)

In the equation (4), r1 is the convergence factor, r2 ∈
[0, π /2], r3 is a random number, which is used to control the
choice of sine or cosine paths. c1 and c2 are constants which
can be adjusted according to actual problems. E is empirical
parameters which is obtained from previous iteration. Pi is
the optimal solution.

Through the introduction of the linear search path,
the search of the optimization algorithm will be more effi-
cient. Through the introduction of empirical parameter, under
the joint constraints of E and P, the accuracy of the search
will be improved and the global optimum can be found faster.
Through such improvements, the algorithm will be better
suited to complex optimization problems.

B. IMPROVED CONVERGENCE FACTOR
In addition, in this work, the definition of related parame-
ters is adjusted. Meanwhile, it is very important to define
a convergence factor which has a better performance in the
optimization algorithm.

In the equation (4), r1 is defined as follows:

r1 = rmax- (rmax- rmin)
t
T

(5)

where rmax and rmin, are constants, which can be set according
to specific problem.

In equation (4), only one parameter m can be adjusted.
Through this modification, the value of the convergence fac-
tor will be more flexible. By defining rmax and rmin, it can be
adapted to more optimization situations.

At the beginning of the iteration, a larger convergence
factor is helpful for improving the global search capability.
As the number of iterations increases, the convergence factor
can quickly decrease to a smaller value. The choice of the
smaller value and the slow decreasing speed are useful to
improving the final optimization result of the algorithm.

The pseudo code of the proposed MSCA is shown as
follows:

The flowchart of the proposed algorithm is shown as
follows:

IV. NUMERICAL SIMULATION AND COMPARISON
In this part, two different types of test cases are applied to
prove the capacity of the proposed MSCA, namely bench-
mark function test and actual engineering problem test. How-
ever, due to the randomness of the calculation results of the
stochastic optimization algorithm, when using the benchmark

FIGURE 7. The pseudo code of the proposed MSCA.

FIGURE 8. The flowchart of the MSCA.

function test, appropriate, sufficient and different types of
benchmark functions should be used. According to the sum-
mary of different articles, such as [29], [34] and [38], this
article uses 23 commonly used benchmark function tests with
different characteristics.

In the performance verification of the stochastic optimiza-
tion algorithm, except for a certain number and type of
benchmark functions verification, several actual engineering
verifications are also needed to ensure that the proposed
algorithm can also obtain better performance in engineering
applications. At the same time, the actual engineering prob-
lems are optimization problems with many constraints, which
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TABLE 1. The Source of Inspiration for the Algorithm Used.

are especially suitable for performance comparison among
different algorithms.

In the verification of engineering problem, inverse scatter-
ing (IS) problem, pressure vessel design problem, tension/
compression spring design and welded beam design prob-
lem are used respectively. These four engineering problems
belong to the fields of electromagnetic field, structural design
and mechanics respectively. They are representative of a
certain degree, and the inverse scattering problem is highly
ill-conditioned, and is particularly suitable for verification of
optimization algorithms. In addition, this is the first time that
the inverse scattering problem of the electromagnetic field is
used as a verification for the optimization algorithms.

A. BENCHMARK FUNCTIONS TEST
1) COMPARISON WITH OTHER RANDOM
OPTIMIZATION ALGORITHMS
The 23 well-known benchmark test functions, collected from
references [29], [34] and [38], are applied. F1 to F7 belong to
the unimodal benchmark functions. F8 to F13 belong to the
multimodal benchmark functions and F14 to F23 belong to
the fixed-dimensions multimodal benchmark function. The
selected test functions and the parameters are both summa-
rized in Table 3,4 and 5. Several three-dimensional images of
typical functions are shown in the Figure 9.

The optimal value comparison results of the selected algo-
rithms and the proposed MSCA are presented in Table 6.
Table 7 concludes the performance comparison between the
different algorithms.

‘‘Better’’ means that the optimal value of the function
obtained is smaller than the algorithm used for performance
comparison, ‘‘Equal’’ means that the optimal value obtained
by the two algorithms is equal, and ‘‘Worst’’ means that the
optimal value of the function obtained is greater than the
algorithm used for performance comparison.

For the purpose of solving the benchmark functions test,
the population size is set to 50 and the total number of
iterations is set to 1000. The proposed algorithm is compared
with PSO, GA, DE, WOA, GWO and SCA.

The source of inspiration for the algorithm used are shown
in the Table 1. The parameter settings of the algorithm used
for performance comparison are shown in the Table 2.

First of all, from the optimal solution and statistical results,
compared with PSO and GA, the performance of the pro-
posed MSCA is significantly better. Although PSO and GA
are commonly used optimization algorithms, they have not
shown good performance in benchmark function tests. This
is due in part to the linear search path, more flexible param-
eter selection method of MSCA and the introduction of
empirical parameters; secondly, compared to DE and GWO,
although the algorithm still has advantages, but in terms of
fixed-dimensions multimodal benchmark, performance has
declined. It can also be seen that compared to WOA, the pro-
posed MSCA obtains the better performance on 14 functions,
which is because that the MSCA has a simpler path search
method. Although WOA also has high efficiency, its search
process is relatively cumbersome.

According to the research results of the researchers,
the excellent results of DE are mainly due to its flexible
coding method and excellent performance to solve 0-1 prob-
lems. The two new natural heuristic optimization algorithms,
WOA and GWO, are inspired by the predation laws of the
biological world, and they are also of great application value.
Finally, through the performance comparison with traditional
SCA, only three benchmark functions have test performance
worse than traditional SCA. The performance comparison
with traditional SCA in detail is shown in the next part. To
summarize, the performance of the proposed MSCA algo-
rithm in benchmark function testing is relatively superior.

2) COMPARISON WITH TRADITIONAL SCA
IN DIFFERENT DIMENSION
In addition to compare with other optimization algorithms,
it is essential to compare the proposed MSCA with original
SCA from the two aspects of optimal function value and
convergence rate. Table 8 reports the comparison results of
the optimal function values between SCA and MSCA.

In order to fairly compare the performance of the proposed
MSCA and original SCA, the same algorithm parameters
are set for SCA and MSCA. For each benchmark function,
the overall size is set to 50. And verification is from four
different dimensions, namely dimensions 30, 50, 100 and
500, and the maximum number of iterations in all simulations
is 1000.
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TABLE 2. The Parameter Settings of the Algorithm Used.

FIGURE 9. Several three-dimensional images of typical functions.

From the results in Table 8 of benchmark test functions,
for D = 30, (F1-F13, F15-F18). For the F8 and F18 tests,
the performance of the traditional SCA is better than the
proposed MSCA. The test results of the two algorithms are
the same on F16. In the remaining benchmark function tests,
the performance obtained by MSCA is better than original

SCA. The optimal function values obtained by MSCA are
closer to the theoretical solution.

For D = 50, for the F16 and F18 tests, the performance
of the traditional SCA is better than the proposed MSCA.
In the remaining benchmark function tests, the performance
obtained by MSCA is better than original SCA.
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TABLE 3. Unimodal Benchmark Functions Used for Validation.

TABLE 4. Multimodal Benchmark Functions Used for Validation.

For D = 100, for the F16 and F18 tests, the performance
of the traditional SCA is better than the proposed MSCA.
In the remaining benchmark function tests, the performance
obtained by SCA is worse than MSCA.

For D = 500, for the F17 and F18 tests, the performance
of the traditional SCA is better than the proposed MSCA.
The test results of the two algorithms are the same on F16.
In the remaining benchmark function tests, the performance
obtained by SCA is worse than MSCA.

To summarize, F16, F17 and F18 are fixed-dimensions
multimodal benchmark functions. In the tests of different
dimensions, the performance of traditional SCA is better
than the proposed MSCA. But in other benchmark functions,
MSCA has achieved better performance.

For further illustration, the convergence speed of the SCA
and MSCA on eight test functions (F3, F5, F7, F9, F10, F12,
F13 and F15) are shown in Figure 10.

From Figure 10, It can be concluded that, compared with
the original SCA, the proposed MSCA can obtain a better
convergence speed. This also proves that the original SCA
does have the drawback of decreasing convergence rate as
the dimensionality increases (as introduced in the part III. A).

By introducing the linear search path and empirical param-
eter, the convergence efficiency of original SCA has been
improved.

From Tab. 8 and Fig 9, it can be concluded that the pro-
posed MSCA can obtain a better function optimal value and
converge rate. This can also illustrate the advantages of the
modified linear position searching equation and empirical
parameter which were introduced.

B. SEVERAL ENGINEERING PROBLEMS
1) INVERSE SCATTERING PROBLEM
The theory of inverse scattering has been widely used in
many engineering fields, such as medical imaging, ground-
penetrating radar and others. Inverse scattering belongs to the
inverse problem. However, due to the nonlinearity and highly
ill-conditioned nature of inverse scattering problem, it is easy
to obtain the local optimum by using traditional methods.

the Lippman-Schwinger equation is as follows:

E(r) = Einc(r)+ iωµ0

∫
D
G(r, r ′)J (r ′)dr (6)

where J (r ′) = −iωε0[εr (r ′)− 1]E(r ′).
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TABLE 5. Fixed-Dimensions Multimodal Benchmark Function Used for Validation.

TABLE 6. The Optimal Solution of the Benchmark Function.
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TABLE 7. The Statistics of Comparison for the Performance With Different Algorithms.

TABLE 8. Comparison With Traditional SCA in Different Dimensions.

In the equation (6), εr is unknown that needs to be solved.
Other physical quantities are known.

The model of inverse scattering problem is shown in
Figure 11. The data of scattering field is obtained by several
receiving antennas, and then the permittivity distribution of
the scatterer can be calculated by the data of scattering field.

Consider a problem of two-dimensional inverse scattering.
The scatterer is a square object, which has uniform permit-
tivity distribution. The conductor center point of coordinate
is located in (0, 0). In order to measure the performance
of the proposed algorithm in different dimensions, the scat-
terer is divided into small pieces of 3∗3, 4∗4 and 6∗6
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FIGURE 10. The convergence value of SCA and proposed algorithm for typical functions.
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TABLE 9. The Results of Optimal Solution and Optimal Function Values.

TABLE 10. The Experimental Results of MSCA and Other Algorithms for Pressure Vessel Design Problem.
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FIGURE 11. The model of scattered field.

(Dimension=9,16 and 36). The relative permittivity of the
conductor is the parameter waiting to be reconstructed.

An incentive source with the frequency of 3GHz is
adopted. Measuring points are evenly arranged on a circle,
which the radius is 0.5m, as shown in the Figure 11. The
relative permittivity of the scatterer is 3 and the relative
permittivity of the surrounding free space is 1.

The object function is defined as follows:

f =

∑L
l=1

∑M
m=1

∣∣E ls( Erm)− E lm( Erm)∣∣∑L
l=1

∑M
m=1

∣∣E lm( Erm)∣∣ (7)

where E l
m is the known solution of the scattered field and E ls

is the value of the scattered field calculated from during the
algorithm iteration process.

Mean squared error (MSE) can be used as an indicator to
measure the robustness and error of the calculation results.
It is defined as follows:

MSE =
1
n

n∑
i=1

[εi − εr]2 (8)

where εi is optimal solution of permittivity, εr is a known
constant which equals 3.

The performance of the proposed MSCA is compared with
DE, GA, PSO and SCA. The results of optimal solution
maximums, minimums, optimal function values and mean
squared error (MSE) are listed in Table 9. The selection of the
maximum and minimum values is to measure the stability of
the results. The convergence curve of Dim=9,16 and 36 are
shown in Figure 12,13 and 14. The number of iterations is
set to 1000, and the number of populations is set to 50. (The
results in the table retain four significant numbers)

From the results of optimal function values, it can be
observed that although the optimal function value of DE is
better than the proposed algorithm, the solution obtained by
the proposed algorithm MSCA is closer to the theoretical
value compared with the other four algorithms, considering
from the stability and error of the solution in the case of three
different dimensions.

From the results of convergence speed and mean squared
error (MSE), it is obvious that PSO and SCA have a faster
convergence rate. However, the PSO and SCA are stuck in

FIGURE 12. Convergence curve of D=9.

FIGURE 13. Convergence curve of D=16.

FIGURE 14. Convergence curve of D=36.

FIGURE 15. The model of pressure vessel design problem.

algorithm premature, the MSE of the proposed MSCA is
better than other four algorithms. To summarize, the proposed
MSCA can solve the inverse scattering problem well.

2) PRESSURE VESSEL DESIGN PROBLEM
Figure 15 shows the model of this design problem. This
problem is a common test in the optimization algorithm. It is
involved in many literatures about optimization algorithm.
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TABLE 11. The Experimental Results of MSCA and Other Algorithms for Tension/Compression Spring Design Problem.

It is a four-variable optimization problem: Ts, Th, R and L,
as shown in Figure 15. The description of related issues and
the optimization results of other algorithms in Table 10 are
from references [51,5.7.1] and [37].
Ts is the shell thickness. Th is the head thickness. R is the

inner radius and L is cylindrical part length.
The mathematical formulation is defined as follows:

Consider X = [ x1 x2 x3 x4 ] = [ Ts Th R L ],

Minimize f (X ) = 0.6224x1x3x4 + 1.7781x2x23
+ 3.1661x21x4 + 19.84x21x3
Subject to g1(X ) = −x1 + 0.00193x3 ≤ 0

g2(X ) = −x3 + 0.00954x3 ≤ 0

g3(X ) = −πx23x4 −
4
3
πx23 + 129600 ≤ 0

g4(X ) = x4 − 240 ≤ 0

where 0 ≤ x1, x2 ≤ 99, 10 ≤ x3, x4 ≤ 200.

The results of proposed MSCA and other 22 optimization
algorithms, which were proposed previously, are listed in the
Table 10. As shown in Table 10, the MSCA can obtain better
results compared to the other optimization algorithms listed.
The proposed MSCA can obtain the smallest optimal cost
under the premise of satisfying the constraints of the problem.

3) TENSION/COMPRESSION SPRING DESIGN PROBLEM
Figure 16 shows the model of this design problem. This
question belongs to the scope of mechanics. This problem
has three variables: D, P, d . The definition of variables,
the description of related issues and the optimization results
of other algorithms in Table 11 are from references [51,5.7.2]
and [37].

The mathematical definition of it is shown as follows:

Consider X = [ x1 x2 x3 ] = [ d D P ]

Minimize f (X ) = (x3 + 2)x2x21
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TABLE 12. The Experimental Results of MSCA and Other Algorithms for Welded Beam Design Problem.

FIGURE 16. The model of tension/compression spring design problem/.

Subject to g1(X ) = 1−
x32x3

71785x41
≤ 0

g2(X ) =
4x22 − x1x2

12566(x2x31 − x
4
1 )
+

1

5108x21
≤ 0

g3(X ) = 1−
140.45x1
x22x3

≤ 0

g4(X ) =
x1 + x2
1.5

− 1 ≤ 0

where 0.05 ≤ x1 ≤ 2, 0.25 ≤ x2 ≤ 1.30, 2.00 ≤ x3 ≤ 15.
The results of proposed MSCA and other 21 optimization

algorithms, which were proposed previously, are listed in the
Table 11. As shown in Table 11, the MSCA can obtain better
results compared to the other optimization algorithms listed.
The proposed MSCA can obtain the smallest optimal cost
under the premise of satisfying the constraints of the problem.

4) WELDED BEAM DESIGN PROBLEM
Figure 17 shows the model of this design problem. This
problem has four variables: h, l, t and b. More details on
this design problem are in [45] and the optimization results

FIGURE 17. The model of welded beam design problem.

of other algorithms in Table 12 are from references [51,5.7.3]
and [37].

The results of proposed MSCA and other 15 optimization
algorithms, which were proposed previously, are listed in the
Table 12. As shown in Table 12, the MSCA can obtain better
results compared to the other optimization algorithms listed.
The proposed MSCA can obtain the smallest optimal cost
under the premise of satisfying the constraints of the problem.

V. CONCLUSION
In this article, a modified SCA is proposed. The linear search
path and empirical parameter have been introduced for the
first time to improve the accuracy of search direction for
optimization problems with different dimensions and highly
ill-posed actual problems.

The numerical results of benchmark function tests for
the proposed MSCA are compared with original SCA and
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other widespread algorithms. From these numerical results,
it can be proved that the MSCA has the better performance
than the original SCA and other population-based algorithms.
Additionally, the results of the MSCA in solving actual prob-
lems are compared with several algorithms and obtains better
results.

In addition, except the algorithms used in the article, some
other intelligence algorithms can also be used to solve the
actual engineering problems, such as monarch butterfly opti-
mization (MBO), earthworm optimization algorithm (EWA),
elephant herding optimization (EHO), moth search algorithm
(MSA) and rhino herd (RH). And the good performance can
be obtained.

In future work, continuous learning and inspiration from
the algorithms mentioned above is the driving force for
improvement. And more applications such as signal process-
ing, image processing, big data analysis, neural network and
engineering structure design need to be applied to prove the
performance of MSCA and continuously improve existing
algorithms.
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