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Gravitational search algorithm (GSA), as one of the novel meta-heuristic optimization algorithms inspired
by the law of gravity and mass interactions, is however prone to local optima stagnation due to heavier
gravity. Hence, an enhanced version, chaotic gravitational constants for the gravitational search algorithm
(CGSA), was proposed to improve the exploration ability through various chaotic maps. In this paper,

with insightful utilization of sine cosine algorithm, we put forward sine chaotic gravitational search al-
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gorithm (SCGSA) as a further step of CGSA to escape from its local optima stagnation. The experiments
show remarkable results in both the speed of convergence and the ability of finding global optima in 30
benchmark functions (CEC 2014), thus proving a better balance between exploration and exploitation in
SCGSA compared with CGSA.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Optimization problems can be found in a number of fields
such as software design (Palanikkumar, Anbuselvan, & Rithu, 2012),
medicine (Jobin, Lakshmi, & Rahul, 2017), engineering (Jiang, Feng,
Zhao, & Li, 2017; Mallick, Ghoshal, Acharjee, & Thakur, 2013; Ro-
driguez, Gutierrez, Rivera, & Ramirez, 2015), business (Jiang, Wu,
Chen, & Li, 2019; Jiang, Wu, Chen, Wang, & Li, 2019; Kumar, Kumar,
& Edukondalu, 2013), data mining (Jiang, Chen, Hao, & Li, 2019;
Jiang, Hao, Chen, Parmar, & Li, 2018; Jiang, Tao, & Li, 2018), and so
forth. Over the last few decades, a growing interest can be seen
in algorithms inspired by the observation of natural phenomena,
and more recently, close attention has been paid to meta-heuristic
optimization algorithms, which considerably improve the flexibil-
ity of heuristic algorithms as well as provide a feasible solution
to the problem at an acceptable cost (both in time and space).
Moreover, meta-heuristic algorithms adopt the method of generat-
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ing random numbers, considering optimization problems as black
boxes (Mirjalili, 2016), and such paradigms only alter the inputs
and monitor the outputs of the system in maximizing or minimiz-
ing its outputs, which means that the deviation degree of the fea-
sible solution from the optimal solution does not necessarily need
to be predicted in advance. Therefore, this kind of algorithms is
readily applicable to problems in various fields (Mirjalili, 2016).

Meta-heuristic algorithms can be divided into two cate-
gories: individual-based and population-based (Mirjalili, 2016).
Individual-based algorithms include simulated annealing (SA)
(Kirkpatrick, Gelatt, & Vecchi, 1983; Metropolis, Rosenbluth, Rosen-
bluth, Teller, & Teller, 1953), tabu search (TS) (Glover, 1990)
and so forth. Population-based algorithms include genetic algo-
rithm (GA) (Simpson, Dandy, & Murphy, 1994), bat algorithm
(BA) (Yang & Gandomi, 2012), ant colony optimization (ACO)
(Blum, 2005), particle swarm optimization (PSO) (Kennedy, 2011),
firefly algorithm (FA) (Yang, 2009), grey wolf optimizer (GWO)
(Mirjalili, Mirjalili, & Lewis, 2014), gravitational search algorithm
(GSA) (Chen, Li, & Zheng, 2011), teaching-learning-based optimiza-
tion (TLBO) (Rao, Savsani, & Vakharia, 2011) and so forth. The su-
periority of individual-based algorithms is the low demand for the
number of function evaluations since a single solution only re-
quires one set of fitnesses. However, such single candidate solu-
tions are easily trapped in the local optima close to the global
optimum, which seldom happens in population-based algorithms
(Mirjalili, 2015).
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GSA is a population-based meta-heuristic algorithm
(Rashedi, Nezamabadipour, & Saryazdi, 2009). Inspired by the
law of gravity and Newton’s second law, it has been cited for
thousands of times. In addition, chaotic gravitational constants
for the gravitational search algorithm (CGSA) is one of the novel
algorithms based on gravitational search algorithm (GSA), which
performs well with its chaotic maps. Hence, it is chosen as the
basis of our enhancement. However, CGSA underperforms in
part of CEC 2014 benchmark functions especially in composite
functions, which is often the case in the real world. For this
reason, our main motivation is to implement a further innovation.
Sine chaotic gravitational search algorithm (SCGSA) redefines the
movement pattern for each agent to the next position, and it
keeps a better balance between exploration and exploitation than
former algorithms.

This paper gives some insights into the role of velocity. There
are two main hypotheses for SCGSA.

o Hypothesis 1: k is able to adjust the degree of influence by
other agents so as to improve exploration ability.

o Hypothesis 2: The larger possibilities for v to multiple higher
random values within [0,1] from sine function give v a bigger
weight in 1,1, enabling search agents to converge faster.

This paper is organized as follows: the related theories and
principles of the basic SCGSA is depicted and explained in the
Section 2; the mechanism of SCGSA is illustrated in Section 3; the
effects of parameter k and sine function are shown in Section 4;
the features, advantage and limitations are discussed in Section 5;
some real examples are shown in Section 6; finally, the conclu-
sion and the expectation of future improvement are elaborated in
Section 7.

2. Related works
2.1. Gravitational search algorithm

The term “gravitational force” was put forward by Newton in
his mathematical treatise Principia in 1687, which illustrates that
every two objects in nature are attracted to each other, and the
intensity of force is positively correlated to the product of the mass
of these two objects, while is negatively correlated to the distance
between them (Holliday, Resnick, & Walker, 1972).

Inspired by this law, a famous population-based meta-heuristic
called GSA was put forward. In GSA, each agent possesses four
specifications: position, inertial mass, active gravitational mass and
passive gravitational mass (Holliday et al., 1972), where every indi-
vidual in the masses needs to present its solution and then update
the value of gravity and velocity, as shown in the processes below:

First, suppose there are a set of masses shown in Eq. (1):

Xi=(xl, ... x4, ... xM,i=1,2,3,...N (1)

where N denotes the number of masses, n the number of variables,
and ¢ is x; in the dy, dimension.

Next, calculate the fitness of every mass in each dimension. Af-
ter that, record both the best and the worst solutions in the iter-
ation. In GSA, the gravity of each mass can be calculated by the
following Egs. (2) and (3) (Rashedi et al., 2009).

fit;(t) — worst(t)

mi(t) = best (t) — worst (t) 2)
m;(t)

M;(t) = ——-F— 3

© Z];yﬂ m;(t) (3)

where t means the current iteration, i and j the solution of iy, and
Jn fit; the fitness of a certain mass in X;, worst and best represent
the worst and the best fitness in X; respectively.

Similar to Newton’s gravitation theory, the forces between the
masses in Eq. (4) are calculated as follows:

Mpi(t) X Maj(t)

Ej () = G(1) x Ri(0) +¢
ij

x (x() = x4 (1)) (4)
where Mp; is the passive gravitational mass of x;, M, the active
gravitational mass of x; G(t) a function which calculates gravita-
tional constant, R;i(t) the Euclidean distance between x; and x;. As
for ¢, it is a small constant that avoids the denominator from being
equal to 0.

Hence, the resultant force that acts on x; in a dimension d is a
randomly weighted sum of each component of the forces exerted
by d;, kbest agents, and it is calculated by Eq. (5).

Fl(ty=Y_ rand; x E(t) (5)
jekbest, j#i

where kbest indicate the first k best fitness and rand; falls in the
interval of [0,1].

The G and R can be calculated respectively in the following
Egs. (6) and (7).

G(t) = Gy x 1) (6)

Rij(0) = [1X:(£). X;(0) ]2 (7)

where G is the initial value for the gravitational constant, « is a
coefficient, e is a constant and T means the total number of itera-
tions.

According to the Newton’s second law of motion-force and accel-
eration, F = ma. Thus, acceleration can be calculated in Eq. (8).

E(t)

d i

as (t) = 8
i () M (D) (8)
where Mj; is the inertial mass of agent i.

vt +1) = rand; x v (t) + ad (¢) 9)
X+ =x@) + v+ 1) (10)

the position is updated by Eq. (10), where t+1 means the next it-
eration.

In the GSA, it is obvious that masses will become heavier and
heavier over iterations and finally stop (Chen et al., 2011). The best
individual posses the biggest mass with the least tendency to dis-
place and will attract each population to reach maximal accelera-
tion, thus generating better results.

However, a brilliant algorithm should balance exploration and
exploitation well (Fister, Yang, Brest, & Fister, 2013). Although the
GSA makes some modifications to initial gravitational equations for
better optima, owing to the heavier gravity over times of iteration,
it is hard to explore new regions of the search space and to exploit
the best solution in the last phase.

2.2. Chaotic gravitational constants for the gravitational search
algorithm

CGSA is an enhanced version of GSA, and its main contribu-
tion is the introduction of chaotic maps. In former GSA, G (gravi-
tational constant) represents the intensity of the total gravitational
forces, and the value of G will shrink remarkably by the lapse of
time, leading to a significant influence on the balance between ex-
ploration and exploitation (Mirjalili & Gandomi, 2017). Therefore,
Mirjalili introduced a hybrid of chaotic maps into GSA from chaos
theories to deal with the weak exploratory of GSA (Mirjalili & Gan-
domi, 2017) by changing the value of G drastically.

Fig. 1 depicts one of the procedures of embedding chaotic maps
into G.
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Fig. 1. The procedure of embedding chaotic maps into G (single map) (Mirjalili & Gandomi, 2017).
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Fig. 3. The range of sine and cosine (a = 2) (Mirjalili, 2016).

To refine G, the range of normalization is decreased proportion-
ally to the iterations in Eq. (11):

V(t) =MAX—%(MAX—MIN) (1)

where T is the maximum number of iterations, [MAX,MIN] repre-
sents the adaptive interval.

Normalize C;(t) from [a,b] to [O,V(t)] as Eq. (12).
(G(t) —a) xV(t)

crom(t) = 12

o () — (12)

where i represents the index of chaotic map in Appendix A.1.
After that, combine (™ with initial G(t) as Eq. (13).

G(t) =CM™(t) + G x e~ (13)

Fig. 2 illustrates these steps.

By altering the value of G, CGSA assists the search agents in en-
hancing the exploratory ability. On top of this, its flexibility allows
users to choose chaotic maps largely contingent on the situations.

However, it doesn’t consider the inherent factors which may in-
fluence the overall performance of the algorithm. Hence, it's an

innovative attempt to alter internal parameters to yield better re-
sults.

2.3. Sine cosine algorithm

Sine cosine algorithm is a novel population-based optimization
algorithm (Mirjalili, 2016) from which SCGSA gains many insights
ideas. Due to its convenience and simplicity, it is adopted widely
in various fields such as feature selection. The movement function
in this algorithm is shown in Eq. (14):

Tq < 0.5

Xit+1
g = 0.5

X!+ 1y xsin(ry) x |r3Pf — X | (14)
X! + 11 x cos(ry) x |rsPf — X{|
where r; dictates the regions of the next position, r, defines how
far the movement should be towards or outwards the destination,
r3 gives stochastic weights for destination, r4 is a random number
in [0,1], P means destination, and X represents solution.
Eq. (15) is the specific function of ry.

r o—t o
= —[ X =
! T

(15)
where T represents the maximum number of iterations and « is a
constant. Obviously, as time goes by, r; will diminish (Fig. 3), as
shown in the pattern below (a=2).
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3. Sine chaotic gravitational constants for the gravitational
search algorithm

We put forward SCGSA Algorithm 1 in an attempt to deal with

Algorithm 1 SCGSA.

Generate initialize population
Calculate the fitness for all search agents
while the end criterion is not satisfied do
Update G by Eq. (6)
Update M, forces, accelerations
Update k by Eq. (16)
Update V and X by Eqgs. (17) and (10)
end while
return the best solution

the aforementioned problems of CGSA, v4(t + 1) = rand; x v4(t) +
a? (t). Our first hypothesis is that a more centralized distribution of
possibilities can improve convergence speed remarkably compared
with the equal distribution of probable parameters of present v in
[0,1] in CGSA for each iteration. Inspired by SCA (Mirjalili, 2016)
and Gaussian distribution, this paper changes direct random num-
bers to sin(random; x ) in order to alter the distributional prob-
abilities and allocate more time to seek for solutions in better po-
sitions. The Fig. 6 is an example when the peak reaches the value
of 1. Apparently, (6), numbers closer to 7 /2 are more likely to be
adopted according to the pattern of distribution.

Secondly, inspired by the normalizer in SCA algorithm
(Mirjalili, 2016), we introduce a parameter k in an attempt to im-
prove exploratory ability in the early stage, and enhance the ex-
ploitative ability in the later stage. The specific function of k is
shown in Eq. (16), where k is negatively correlated with t. In the
very beginning, k is greater than 1, hence, multiplying k by v and
by a can enhance exploratory capability greatly in the initial phase,
making it free from local optima, as solutions become closer to the
global optima over time. In other words, they stand in better posi-
tions. By this time, however, it’s vital to increase exploitative abil-
ity so as to seek for more exact solutions. Thus, in later stage, k is
smaller than 1, which will increase convergence speed and gener-
ate better results (Figs. 4 and 9).

t
k_2x(1—T) (16)
where t means the present iteration, T is the maximum number of
iterations. In this equation, the initial k equals 2 and finally equals
0. The Fig. 5 depicts this trend.

Some modifications are also implemented in SCGSA. In CGSA, v
means the step length of a particle that moves to the next better
position and a is a parameter which affects v. In another aspect,
according to the equation a = % a can also indicate the effect of
forces exerted by other particles. Here we increase the proportion
of acceleration on the basis of CGSA in order to increase the es-
capable capability from local optimum. This is done by adding two
constants 0.5 and 2 before k. Hence, the final equation for v in
SCGSA is Eq. (17).

VA(t 4+ 1) = 0.5k x sin(random; x 7) x VA(t) + 2k x al(t)  (17)

where V4 (t + 1) means the next velocity of xd.

The pseudo code of SCGSA and total flow chart are shown as
follows:

It's worth noting that this novel algorithm doesn’t downplay the
chaotic maps in CGSA. Rather, it redefines the way v and a change.

On the whole, the impact of present velocity and acceleration
are smaller with the elapse of time, and acceleration takes a lager
proportion. The range of 0.5 x k x sin(random; x ) and 2 x k are

’ Initialize population

v

*% Calculate fitness of all agents ‘
v

’ Update G by Eq. 6 ‘
v
Update M by Egq. 2-3,
F by Eq. 4-5,
abyEq. 8

NO ’ Update k by Eq. 16 ‘

-

’Updatc Vby Eq.17 and X by Eq. ]0‘

Maximum number
of iteration

YES

(Retum the best solution)

Fig. 4. The flowchart of SCGSA.

0.8 1

0.6 1

0.4 r b

021 b

0 I
0 T2 T
t

Fig. 5. k=2x(1-1%).

in [0,1] and [0,4] respectively so that SCGSA keeps a good balance
between exploration and exploitation.

4. Experiments and results

In the field of optimization, test cases need to be employed
to prove the performance of an algorithm. Thus, 30 benchmark
functions are introduced in our study to test its efficiency. The
sets of functions belong to four families: unimodal, simple mul-
timodal, hybrid and composite test functions. Unimodal func-
tions can test the exploitative capability while simple multi-
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Fig. 6. Probability of sine function.

modal, hybrid and composite functions can test exploratory ca-
pability (Mirjalili, 2016). All of these functions are shown in
Appendices A.4 and A.5.

In addition, as SCGSA is an enhanced algorithm based on CGSA
and the original version of GSA, it's also crucial to compare them
with one another in terms of convergence speed and final value.
100 search agents offered by this paper are allowed to determine
the global optima (in this set of experiments the best solutions are
minimum values) over 500 iterations. In order to pursue more re-
liable data, all agents in each case run 30 times and are then cal-
culated to get their mean and standard deviation.

4.1. Experimental settings

For experiments, these variants are coded in Matlab R2018a en-
vironment under Windows 10 operating system, all simulations are
running on a computer with Intel(R) Core(TM) i5-6200U CPU @
2.30GHz 2.40GHz and its memory is 8G.

4.2. Tests for influence of parameter k

The performance of ¢ x k (c is a constant) is tested by CEC 2014
benchmark functions which include unimodal, multimodal, hybrid
and composite test functions in order to confirm whether the per-
formances are influenced by chance. This set of experiments com-
pare Eq. (9) with Eq. (18) to explore the effects of ¢ x k.

v (t+1) = 0.5 x k x rand; x VI (t) +2 x k x al(t) (18)

Table 1 depicts 30 benchmark functions in various algorithms,
and this paper chooses the 7, chaotic map as an example. It is ob-
vious that the introduction of parameter k has a significant impact
on seeking optima, especially in unimodal and multimodal func-
tions. This paper adopts the method of scientific notation, and in
some columns, the values are equal due to rounding, hence the
optima are made bold in Table 1.

4.3. Test for influence of sine function

Table 2 illustrates the effects of sine function tested in CEC 2014
benchmark functions. The results of GSA have been presented in
Table 1 above, so it will not listed in Table 2.

The tested equation (sine for CGSA) is shown as Eq. (19):

VA(t + 1) = sin(random; x 1) x VA(t) + al(t) (19)

There are 100 agents included in these experiments. Obvi-
ously, Eq. (19) helps agents perform better than the initial move-
ment pattern. Despite some under-performance in several compos-
ite functions, SCGSA remains highly competitive in a majority of
other functions.

4.4. Comprehensive influence

It's natural to examine the comprehensive influence since the
introduction of sine function and parameter k both have a positive
effect on the overall performance. Likewise, Table 3 only presents
results of SCGSA, for the results of GSA and CGSA are already listed
in Table 1. It is clear that SCGSA performs better than kCGSA and
sinCGSA in most functions compared with the data in Tables 1 and
2. This set of tests adopt the seventh chaotic map as an illustration.
In Table 3, most of minimum values are calculated by SCGSA. It is
shown that the results for the mixed movement pattern are very
promising in a majority of functions compared with CGSA, KCGSA,
sinCGSA. In spite of some under-performance in certain compos-
ite functions, little difference is found in final values among them.
This can be explained by the suggestion that SCGSA explores more
in initial phases to seek other promising areas.

4.5. Algorithms for comparison

The results of SCGSA and other four recently proposed algo-
rithms are compared one another in CEC 2014 in Table 4, with
the adoption of the ninth chaotic map. Obviously, the total ranking
of SCGSA is first, which further confirms the superiority of SCGSA.
The comparative convergence curves are provided in Appendix A.2.

All data generated in Table 4 are introduced into Wilcoxon'’s
rank sum test to confirm their validity. The results are listed in
Table 5. Undoubtedly, R* values were lager than the R~ values
in all cases and all tests reject null hypothesis Except HPSOTVAC,
which proves the superiority of SCGSA over others.

5. Discussion

All experiments in Section 4 (Experiments and results) prove
the superiority of SCGSA. The features of SCGSA can be generalized
into four aspects:

o SCGSA adopts sine function in order to reserve enough time for
searching in higher probability optimum areas and thus agents
can find global optima faster within the same time scale.

k is negatively correlated with t. Hence, agents assisted by k are
affected by others greatly in the initial stage, which strengthens
its exploratory ability. In the later stage, k decreases the growth
of velocity to zero so as to enhance the ability of exploitation. It
is unquestionably an excellent algorithm that keeps a good bal-
ance between exploration and exploitation in a way to rapidly
find solutions in remote positions at the beginning while ex-
ploiting in final iterations with the knowledge the probable po-
sition.

This algorithm still uses chaotic maps to avoid local optima
because agents become heavier as the number of iteration in-
creases.

Its flexibility allows users to choose chaotic maps largely con-
tingent on the situations without any alteration of other factors.

In spite of the substantial improvements, there still exist some
minor weaknesses in regards to the value of constant.

The first one is the equation of k. In Eq. (16), k =2 x (1 —t/T).
Since 2 is greater than 1, it can strengthen the exploration abil-
ity at the very beginning. Therefore, it’s interesting to explore
whether larger numbers can yield better performance. In this part,
the equation is altered to k = m — mt/T and the ninth chaotic map
is selected.

Table 6 shows that larger numbers may break the balance of
exploration and exploitation. At present, m = 2 is the most ap-
propriate choice. Occasionally however, for some specific functions
when m=2, solutions are still trapped in local optima. Hence, in
the future, people may refine this algorithm by finding better m.
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Table 1
Results for the influence of k.
D =50, map = 7 F1 F2 F3 F4
GSA best 1.8194E+09 8.5930E+10 1.4664E+05 1.9896E+04
worst 2.4676E+09 1.0029E+11 1.6436E+05 2.4611E+04
mean 2.2087E+09 9.4816E+10 1.5519E+05 2.2839E+04
std 3.1362E+08 6.0620E+09 6.9282E+03 1.7772E+03
CGSA best 1.3851E+08 1.8897E+10 9.9779E+04 2.5886E+03
worst 2.3212E+08 3.0507E+10 1.1812E+05 4.2200E+03
mean 1.8996E-+08 2.4895E+10 1.0984E+05 3.3128E+03
std 2.8124E+07 3.4737E+09 5.6525E+03 4.4208E+02
kCGSA best 1.2478E+07 1.6915E+03 1.1784E+05 5.7773E+02
worst 3.8058E+07 1.3825E+04 1.6445E+05 7.3611E+02
mean 2.5452E+07 6.1408E+03 1.3285E+05 6.4660E+02
std 6.0299E+06 3.5171E+03 9.9093E+03 3.5631E+01
F5 F6 F7 F8
GSA best 5.2000E+-02 6.6294E+02 1.4820E+03 1.0689E+03
worst 5.2000E+-02 6.6759E+02 1.6443E+03 1.0945E+03
mean 5.2000E+-02 6.6471E+02 1.5874E+03 1.0862E+03
std 4.0277E-05 1.9526E+00 6.5997E+01 1.0206E+01
CGSA best 5.2000E+-02 6.5561E+02 8.7323E+02 1.0443E+03
worst 5.2000E+02 6.6475E+02 9.8776E+02 1.0945E+03
mean 5.2000E+-02 6.5860E+-02 9.4047E+02 1.0719E+03
std 1.0250E-04 2.2556E+00 2.7270E+01 1.2827E+01
kCGSA best 5.2000E+02 6.2292E+02 7.0000E+02 9.6914E+02
worst 5.2000E+-02 6.3606E+-02 7.0001E+-02 1.0368E+03
mean 5.2000E+02 6.2844E+02 7.0000E+02 1.0044E+03
std 1.0377E-04 2.9823E+00 4.4243E-03 1.6632E+01
F9 F10 F11 F12
GSA best 1.2426E+03 8.0352E+03 9.8726E+03 1.2000E+03
worst 1.3437E+03 9.1210E+03 1.1261E+04 1.2001E+03
mean 1.2749E+03 8.5798E+03 1.0368E+04 1.2001E+03
std 3.9854E+01 4.2673E+02 5.7023E+02 2.4820E-02
CGSA best 1.2273E+03 7.5234E+03 8.7877E+03 1.2000E+03
worst 1.3020E+03 9.8496E+03 1.1193E+04 1.2000E+03
mean 1.2641E+03 8.8029E+03 9.8660E+03 1.2000E+03
std 1.6994E+01 6.2604E+02 6.9619E+02 9.0683E-03
kCGSA best 1.0512E+03 6.6143E+03 6.5150E+03 1.2000E+03
worst 1.1448E+03 9.0168E+03 9.2349E+03 1.2000E+03
mean 1.0883E+03 7.7149E+03 7.9360E+03 1.2000E+03
std 1.9523E+01 5.8197E+02 7.1192E+02 1.9280E-03
F13 F14 F15 F16
GSA best 1.3060E+03 1.6018E+03 5.3466E+05 1.6222E+03
worst 1.3065E+03 1.6402E+03 8.3227E+05 1.6229E+03
mean 1.3063E+03 1.6140E+03 6.2765E+05 1.6226E+03
std 1.9967E-01 1.5353E+01 1.2079E+05 2.4875E-01
CGSA best 1.3027E+03 1.4324E+03 3.7367E+03 1.6219E+03
worst 1.3038E+03 1.4637E+03 1.3430E+04 1.6232E+03
mean 1.3032E+03 1.4474E+03 7.2034E+03 1.6225E+03
std 2.4806E-01 7.6316E+00 2.3141E+03 3.1555E-01
kCGSA best 1.3003E+03 1.4002E+03 1.5679E+03 1.6219E+03
worst 1.3005E+03 1.4004E+03 1.6851E+03 1.6236E+03
mean 1.3004E+03 1.4003E+03 1.6064E+03 1.6227E+03
std 4.5266E-02 2.4453E-02 3.1822E+01 4.3153E-01
F17 F18 F19 F20
GSA best 3.2328E+08 6.5264E+09 2.6412E+03 1.3752E+05
worst 3.8117E+08 9.6694E+09 2.8864E+03 2.6373E+05
mean 3.5712E+08 8.0952E+09 2.7500E+03 1.8234E+05
std 2.4300E+07 1.2486E+09 1.0496E+02 4.9788E+04
CGSA best 2.7468E+06 4.8432E+03 1.9677E+03 2.4354E+04
worst 1.6806E+07 5.7171E+03 2.0619E+03 4.2171E+04
mean 6.8570E+06 5.5931E+03 2.0166E+03 3.2009E+04
std 2.9054E+06 1.8732E+02 2.2906E+01 3.9301E+03
kCGSA best 8.6868E+05 2.2167E+03 1.9242E+03 3.6022E+04
worst 6.7932E+06 5.3651E+03 1.9922E+03 7.6157E+04
mean 2.7069E+06 3.9157E+03 1.9446E+03 5.6416E+04
std 1.2557E+06 8.9054E+02 2.5938E+01 8.7350E+03
F21 F22 F23 F24
GSA best 2.0052E+07 4.8415E+04 2.5087E+03 2.6301E+03
worst 6.2448E+07 8.6539E+04 2.5883E+03 2.6490E+03
mean 3.0535E+07 6.6402E+04 2.5440E+03 2.6408E+03
std 1.7986E+07 1.6204E+04 3.8947E+01 7.8494E+00

(continued on next page)
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Table 1 (continued)

D = 50, map = 7 F1 F2 F3 F4
CGSA best 1.1285E+06 3.3770E+03 2.5001E+03 2.6009E+03
worst 3.1695E+06 4.5246E+03 2.5003E+03 2.6411E+03
mean 1.9032E+06 4.0990E+03 2.5002E+03 2.6083E+03
std 4.5781E+05 2.6576E+02 3.6078E-02 1.0945E+01
kCGSA best 1.7078E+06 3.0783E+03 2.6700E+03 2.6495E+03
worst 4.8386E+06 4.6923E+03 2.7107E+03 2.6604E+03
mean 2.5898E+06 4.0600E+03 2.6895E+03 2.6565E+03
std 7.1300E+05 3.5877E+02 1.0024E+01 2.6828E+00
F25 F26 F27 F28
GSA best 2.7042E+03 2.8002E+03 3.6758E+03 6.2910E+03
worst 2.7091E+03 2.8003E+03 5.6887E+03 8.1086E+03
mean 2.7065E+03 2.8003E+03 4.8009E+03 6.6644E+03
std 2.0645E+00 4,0504E-02 7.6192E+02 8.0743E+02
CGSA best 2.7000E+03 2.7195E+03 3.0309E+03 4.8502E+03
worst 2.7000E+03 2.8001E+03 6.3511E+03 7.6073E+03
mean 2.7000E+-03 2.7974E+03 4.7020E+03 6.0039E+03
std 5.7986E-04 1.4716E+01 8.6102E+02 6.2838E+02
kCGSA best 2.7000E+03 2.8001E+03 3.8052E+03 6.5735E+03
worst 2.7000E+03 2.8001E+03 6.7656E+03 1.0853E+04
mean 2.7000E+03 2.8001E+03 4.7693E+03 8.6092E+03
std 2.1453E-04 1.7336E-02 8.9657E+02 1.0502E+03
F29 F30
GSA best 3.1002E+03 3.2000E+03
worst 2.2047E+08 1.7122E+07
mean 6.3517E+07 4.8557E+06
std 9.4153E+07 6.9557E+06
CGSA best 2.4270E+05 1.3483E+04
worst 4.7114E+05 2.2525E+04
mean 3.4838E+05 1.7414E+04
std 4.3281E+04 2.2063E+03
kCGSA best 9.5967E+03 1.2265E+05
worst 6.7835E+04 2.4485E+05
mean 1.3452E+04 1.6824E+05
std 1.0335E+04 3.2623E+04
l design problem is to minimize the manufacturing cost (Onwubolu
m Ts & Babu, 2004). The 4 variables are x; (thickness Ts of the shell),
™ X, (thickness T, of the head), x3 (inner radius R) and x4 (length
L of the cylindrical section of the vessel, not including the head).
Besides, x; and x, are to be in integral multiples of 0.0625 inch
which are the available thickness of rolled steel plates. The radius
x3 and the length x4 are continuous variables.
) N The minimization function is shown as Eq. (20).
L

Fig. 7. The pressure vessel design problem.

Moreover, in SCA, velocity has different directions to keep the
balance, so whether direction has significant effects on perfor-
mance still needs to be explored. Maybe in initial phases, agents
in GSA, CGSA and SCGSA have missed possible areas but still keep
exploring forward. Introducing (—1)" provides a chance to correct
errors. This set of tests add (—1)", (n=1,2) in front of sine function
(named markedSCGSA) in order to change the direction of present
v. And n equals 1 or 2 so the probability of positive and negative
are equal. The set of experiments below adopt the ninth chaotic
map and are tested by 30 benchmark functions.

As shown in Table 7, markedSCGSA doesn’t work well except in
specific composite benchmark functions, but it still offers an inter-
esting idea for future works.

6. Real cases of SCGSA
6.1. Example 1: Pressure vessel design (PVD)

Fig. 7 shows a pressure vessel with the volume of 750 ft3 and
a working pressure of 3000 PSI. The aim of the pressure vessel

f(x) = 0.6224x1X3x4 + 1.7781x%% + 3.1611x2x4 + 19.84x3x3
(20)
The subject conditions are shown as Eq. (21).

g1(x1,X3) = —x1 +0.0193x3 < 0
22(X2,X3) = =X, + 0.0095%3 < 0

4
23(X3,X4) = —TTX3X4 — §nxg +1,296,000<0

84(X4) =X4—240<0
g&(x1)=11-x <0
86(x2) =06 -x, <0 (21)

Table 8 shows results of the pressure vessel design problem by two
algorithms. Compared with CGSA, it proves that SCGSA is better to
solve this real problem.

6.2. Example 2: Tension/compression spring design problem (T/CSD)

The Tension/Compression Spring Design problem (T/CSD)
is a continuous constrained problem. It was described by
Belegundu (1985). The variables are the mean coil diameter D, the
diameter d and the number of active coils N. Fig. 8 shows the
model.
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Table 2
Results for the influence of sine function.
D =50, map =7 F1 F2 F3 F4
CGSA best 1.3104E+08 1.8022E+10 9.7122E+04 2.8788E+03
worst 2.9415E+08 3.1028E+10 1.3448E+05 5.0999E+03
mean 1.8539E+08 2.4170E+10 1.1034E+05 3.5776E+03
std 3.2326E+07 2.7841E+09 8.1340E+03 4.6358E+02
sinCGSA best 4.2597E+07 6.1872E+09 9.2374E+04 1.2542E+03
worst 1.5286E+08 1.5331E+10 1.2124E+05 2.3770E+03
mean 8.7327E+07 1.0534E+10 1.0526E+05 1.6727E+03
std 2.6114E+07 2.4386E+09 7.0149E+03 2.6204E+02
F5 F6 F7 F8
CGSA best 5.2000E+02 6.5288E+02 8.9715E+02 1.0517E+03
worst 5.2000E+02 6.6538E+02 1.0079E+03 1.1064E+03
mean 5.2000E+02 6.5878E+02 9.4427E+02 1.0802E+03
std 1.1788E-04 2.2370E+00 2.9511E+01 1.4230E+01
sinCGSA best 5.2000E+02 6.4702E+02 7.6677E+02 1.0308E+03
worst 5.2000E+02 6.5996E+02 8.3586E+02 1.0985E+03
mean 5.2000E+02 6.5404E+02 7.9499E+02 1.0621E+03
std 1.1821E-04 3.1581E+00 1.6562E+01 1.4345E+01
F9 F10 F11 F12
CGSA best 1.2124E+03 7.4877E+03 8.5120E+03 1.2000E+03
worst 1.3179E+03 1.0234E+04 1.2243E+04 1.2000E+03
mean 1.2655E+03 8.7901E+03 9.9671E+03 1.2000E+03
std 2.9172E+01 6.7362E+02 8.8717E+02 7.8763E-03
sinCGSA best 1.1786E+03 6.9303E+03 8.3309E+03 1.2000E+03
worst 1.2691E+03 9.9949E+03 1.0959E+04 1.2000E+03
mean 1.2239E+03 8.5145E+03 9.3689E+03 1.2000E+03
std 2.1151E+01 6.8138E+02 6.5451E+02 5.6541E-03
F13 F14 F15 F16
CGSA best 1.3026E+03 1.4315E+03 3.5255E+03 1.6222E+03
worst 1.3035E+03 1.4670E+03 1.4668E+04 1.6233E+03
mean 1.3032E+03 1.4503E+03 7.3491E+03 1.6227E+03
std 2.0432E-01 7.7567E+00 2.5266E+03 2.3046E-01
sinCGSA best 1.3005E+03 1.4003E+03 1.8346E+03 1.6224E+03
worst 1.3023E+03 1.4269E+03 3.8063E+03 1.6232E+03
mean 1.3009E+03 1.4102E+03 2.5537E+03 1.6227E+03
std 6.2699E-01 8.4357E+00 4.5514E+-02 1.8655E-01
F17 F18 F19 F20
CGSA best 1.4952E+06 3.9018E+03 1.9702E+03 2.4527E+04
worst 2.0222E+07 5.7404E+03 2.0529E+-03 3.9284E+04
mean 6.9059E+06 5.5915E+03 2.0137E+03 3.2661E+04
std 3.7706E+06 3.2419E+-02 2.4442E+01 3.4059E+03
sinCGSA best 9.1767E+05 3.5134E+03 1.9301E+03 2.6228E+04
worst 1.2671E+07 5.7129E+03 1.9999E+03 3.5285E+04
mean 2.6835E+06 5.2947E+03 1.9627E+03 3.0922E+04
std 2.4984E+06 6.2116E+02 2.1114E+01 2.6601E+03
F21 F22 F23 F24
CGSA best 1.0233E+06 3.5529E+03 2.5001E+03 2.6007E+03
worst 2.7273E+06 5.0207E+03 2.5003E+03 2.6493E+03
mean 1.9353E+06 4.2914E+03 2.5002E+03 2.6106E+03
std 3.7005E+05 3.7709E+02 3.1398E-02 1.2321E+01
sinCGSA best 1.0905E+06 3.5323E+03 2.5002E+03 2.6010E+03
worst 2.4901E+06 4.9315E+03 2.5004E+03 2.6508E+03
mean 1.6947E+06 4.1219E+03 2.5003E+03 2.6172E+03
std 3.5433E+05 3.6096E+02 5.3532E-02 1.5156E+01
F25 F26 F27 F28
CGSA best 2.7000E+03 2.8000E+03 3.0247E+03 5.1056E+03
worst 2.7000E+03 2.8001E+03 6.6976E+03 8.0097E+03
mean 2.7000E+03 2.8001E+03 4.4883E+03 6.2061E+03
std 6.3377E-04 1.1912E-02 8.2792E+02 7.7446E+02
sinCGSA best 2.7000E+03 2.7805E+03 3.0543E+03 5.0575E+03
worst 2.7000E+03 2.8001E+03 6.2012E+03 8.2805E+03
mean 2.7000E+03 2.7994E+03 4.8054E+03 6.6332E+03
std 1.4859E-03 3.5664E+00 7.7992E+02 8.8761E+02
F29 F30
CGSA best 2.5129E+05 1.3310E+04
worst 4.6191E+05 2.6578E+04
mean 3.4949E+05 1.8343E+04
std 5.8180E+04 2.7296E+03
sinCGSA best 3.9413E+05 2.0442E+04
worst 1.0040E+06 6.6381E+05
mean 5.9818E+05 7.4522E+04
std 1.2966E+05 1.4689E+-05
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Table 3
Results for the comprehensive influence.
D =50, map = 7 F1 F2 F3 F4
CGSA best 1.2977E+08 1.8367E+10 1.0054E+05 2.3340E+03
worst 2.8006E+08 3.1031E+10 1.2614E+05 4.6040E+03
mean 1.9663E+08 2.4042E+10 1.0946E+05 3.3520E+03
std 3.7521E+07 3.1743E+09 6.5545E+03 4.7812E+02
SCGSA best 1.2785E+07 7.0240E+02 1.0567E+05 5.3825E+02
worst 3.3507E+07 1.5591E+04 1.5602E+05 6.7165E+02
mean 2.0969E+07 6.6886E+03 1.3156E+05 6.0800E+02
std 5.4594E+06 4.4247E+03 1.3837E+04 3.1896E+01
F5 F6 F7 F8
CGSA best 5.2000E+02 6.5363E+02 8.7955E+02 1.0517E+03
worst 5.2000E-+02 6.6373E+02 9.8760E-+02 1.1074E+03
mean 5.2000E+02 6.5894E+02 9.3477E+02 1.0787E+03
std 8.7548E-05 2.6437E+00 2.6505E+01 1.3152E+01
SCGSA best 5.2000E-+02 6.1606E+02 7.0000E+02 9.4029E+02
worst 5.2000E+02 6.2675E+02 7.0002E+02 9.9700E+02
mean 5.2000E+02 6.2182E+02 7.0000E+02 9.6675E+02
std 1.0036E-04 2.4727E+00 4.1962E-03 1.4198E+01
F9 F10 F11 F12
CGSA best 1.2064E+03 7.8454E+03 8.3296E+03 1.2000E+03
worst 1.2930E+03 9.4821E+03 1.1687E+04 1.2000E+03
mean 1.2626E+03 8.7656E+03 9.8674E+03 1.2000E+03
std 2.1212E+401 4.1911E+02 7.3151E+02 5.2492E-03
SCGSA best 1.0154E+03 5.9835E+03 5.7882E+03 1.2000E+03
worst 1.0851E+03 8.7900E+03 8.7988E+03 1.2000E+03
mean 1.0516E+03 7.4684E+03 7.6071E+03 1.2000E+03
std 1.9154E+01 6.6441E+02 6.9582E+02 3.6754E-03
F13 F14 F15 F16
CGSA best 1.3024E+03 1.4352E+03 3.2370E+03 1.6221E+03
worst 1.3036E+03 1.4604E+03 1.6315E+04 1.6232E+03
mean 1.3032E+03 1.4468E+03 8.4019E+03 1.6226E+03
std 2.6183E-01 5.3758E+00 2.9961E+03 2.4437E-01
SCGSA best 1.3003E+03 1.4003E+03 1.5266E+03 1.6219E+03
worst 1.3005E+03 1.4004E+03 1.6119E+03 1.6234E+03
mean 1.3004E+03 1.4003E+03 1.5634E+03 1.6227E+03
std 5.3482E-02 2.8369E-02 2.0910E+01 3.6786E-01
F17 F18 F19 F20
CGSA best 2.6453E+06 2.2294E+03 1.9807E+03 2.5691E+04
worst 1.4424E+07 5.7167E+03 2.0845E+03 4.8720E+04
mean 6.7511E+06 5.3475E+03 2.0245E+-03 3.2975E+04
std 2.9620E+06 7.5506E+02 2.9533E+01 4.1742E+03
SCGSA best 9.8073E+05 2.2012E+03 1.9235E+03 3.5255E+04
worst 3.7865E+06 5.1455E+03 1.9917E+03 7.3234E+04
mean 2.0741E+06 3.4097E+03 1.9405E+03 5.3117E+04
std 6.7967E+05 8.7113E+02 2.6012E+01 1.0061E+04
F21 F22 F23 F24
CGSA best 1.1527E4+06 3.6107E+03 2.5001E+03 2.6007E+03
worst 3.1854E+06 4.9316E+03 2.5002E+03 2.6462E+03
mean 2.0040E+06 4.2177E+03 2.5002E+03 2.6094E+03
std 4.9289E+05 3.1465E+02 3.3445E-02 1.3007E+01
SCGSA best 1.4881E+06 3.1637E+03 2.6614E+03 2.6556E+03
worst 3.3142E+06 4.4634E+03 2.6939E+03 2.6617E+03
mean 2.5013E+06 3.8618E+03 2.6728E+03 2.6584E+03
std 5.2559E+05 3.0729E+02 8.2652E+00 1.5923E+00
F25 F26 F27 F28
CGSA best 2.7000E+03 2.8000E+03 3.0143E+03 5.1694E+03
worst 2.7000E+03 2.8001E+03 5.9423E+03 8.5442E+03
mean 2.7000E+03 2.8001E+03 4.5015E+03 6.5633E+03
std 9.6785E-04 1.3733E-02 7.9788E+02 9.9138E+02
SCGSA best 2.7000E+03 2.8001E+03 3.6217E+03 5.9005E+03
worst 2.7000E+03 2.8002E+03 4.2380E+03 1.0604E+04
mean 2.7000E+03 2.8001E+03 3.9156E+03 8.6096E+03
std 2.3409E-04 2.3559E-02 1.6177E+02 1.1022E+03
F29 F30
CGSA best 2.6003E+05 1.3631E+04
worst 4.6185E+05 2.7454E+04
mean 3.3439E+05 1.8632E+04
std 5.1519E+04 3.0823E+03
SCGSA best 9.3996E+03 9.8017E+04
worst 1.9447E+04 1.5269E+05
mean 1.3256E+04 1.2298E+05
std 2.3089E+03 1.7921E+04




10

J. Jiang, R. Jiang and X. Meng et al./Expert Systems With Applications 144 (2020) 113118

Table 4
Result for total contrast experiments.
TSA CLPSO LIPS HPSOTVAC SCGSA
F1 mean 2.7409E+08 6.4796E+08 8.7091E+07 1.0210E+07 4.7412E+06
std 3.9103E+07 1.3770E+08 2.7973E+07 4.5085E+06 1.3746E+06
F2 mean 8.9155E+06 2.1543E+10 4.8969E+08 9.4887E+05 2.5665E+03
std 5.0245E+06 2.1656E+09 2.7752E+08 7.1022E+05 2.3750E+03
F3 mean 8.2883E+04 1.2068E+05 1.3221E+05 1.5057E+04 1.2557E+05
std 6.6496E+03 1.0177E+04 1.6837E+04 4.1789E+03 1.2563E+04
F4 mean 7.3404E+02 5.0505E+03 1.0256E+03 6.4594E+02 5.3590E+02
std 2.2591E+01 6.5077E+02 1.8938E+02 4.7756E+01 1.4451E+01
F5 mean 5.2111E+02 5.2087E+02 5.2121E+02 5.2073E+02 5.2000E+02
std 3.0756E-02 5.7151E-02 2.7401E-02 1.4776E-01 2.5143E-04
F6 mean 6.5432E+02 6.5696E+02 6.3321E+02 6.4888E+02 6.2028E+02
std 2.3362E+00 2.0524E+00 2.9529E+00 4.3530E+00 2.7505E+00
F7 mean 7.0080E+02 8.8777E+02 7.0616E+02 7.0070E+-02 7.0000E+02
std 4.6644E-02 3.1950E+01 2.2276E+00 2.2567E-01 1.4736E-05
F8 mean 1.1783E+03 1.0503E+03 9.3526E+02 9.7374E+02 9.5074E+02
std 1.6898E+01 1.6379E+01 1.0286E+01 1.7533E+01 2.7075E+01
F9 mean 1.3396E+03 1.4181E+03 1.0718E+03 1.1472E+03 1.0399E+03
std 1.2672E+01 1.5144E+01 2.0853E+01 3.0262E+01 1.7751E+01
F10 mean 1.2208E+04 6.7827E+03 5.5648E+03 4.5685E+03 6.5946E+03
std 5.4729E+02 2.4085E+02 7.6180E+02 7.2773E+02 5.7942E+02
F11 mean 1.3947E+04 1.1274E+04 7.1479E+03 7.1501E+03 7.2576E+03
std 4.3407E+02 4.3648E+02 7.2954E+02 6.0499E+02 6.4633E+02
F12 mean 1.2032E+03 1201.42669 1201.27643 1.2007E+03 1.2000E+03
std 1.0455E-01 0.15623993 1.07227904 2.2575E-01 0.000842781
F13 mean 1.3006E+03 1.3031E+03 1.3005E+03 1.3006E+03 1.3004E+03
std 9.0267E-02 4.4539E-01 4.0931E-02 6.9805E-02 2.9101E-02
F14 mean 1.4003E+03 1.4556E+03 1.4004E+03 1.4004E+03 1.4003E+03
std 3.6176E-02 6.7917E+00 4.0072E-02 2.0975E-01 1.4132E-02
F15 mean 1.5548E+03 1.6734E+05 1.6368E+03 1.6603E+03 1.5204E+03
std 6.9462E+00 7.8265E+04 6.2718E+01 1.8859E+01 2.5727E+00
F16 mean 1.6222E+03 1.6216E+03 1.6209E+03 1.6210E+03 1.6228E+03
std 1.5907E-01 2.6159E-01 4.9890E-01 3.3978E-01 3.8388E-01
F17 mean 1.2293E+07 6.8571E+07 3.4048E+06 2.2544E+06 1.2762E+06
std 2.5325E+06 2.8948E+07 1.2558E+06 1.7750E+06 1.8865E+05
F18 mean 2.5434E+03 4.6008E+08 2.6978E+03 3.3494E+03 2.9604E+03
std 4.4310E+02 2.1334E+08 1.5832E+02 1.0668E+03 1.1210E+03
F19 mean 1.9393E+03 2.1464E+03 1.9631E+03 1.9640E+03 1.9229E+03
std 8.0194E+00 6.1519E+01 1.9027E+01 3.8369E+01 1.6784E+00
F20 mean 1.7326E+04 6.7633E+04 5.6365E+04 1.6901E+04 4.2120E+04
std 5.8690E+03 2.6219E+04 1.7109E+04 8.8804E+03 3.9259E+03
F21 mean 4.8133E+06 1.6553E+07 1.9215E+06 1.7313E+06 1.3200E+06
std 1.2106E+06 3.8894E+06 8.6777E+05 1.2293E+06 2.5057E+05
F22 mean 3.4687E+03 4,5836E+03 2.7627E+03 3.7002E+03 3.5549E+03
std 2.5122E+02 2.4693E+02 1.7916E+02 4.9034E+02 5.8546E+02
F23 mean 2.6441E+03 2.8615E+03 2.6679E+03 2.6378E+03 2.6499E+03
std 3.8011E-02 2.9845E+01 7.7572E+00 6.3549E-01 6.7898E-01
F24 mean 2.6839E+03 2.7631E+03 2.6982E+03 2.6834E+03 2.6563E+03
std 9.6178E-01 1.3141E+01 4.0331E+00 9.3285E+00 7.1261E-01
F25 mean 2.7627E+03 2.8036E+03 2.7402E+03 2.7332E+03 2.7000E+03
std 4.3598E+00 6.4132E+00 3.8386E+00 6.5567E+00 8.4787E-05
F26 mean 2.7008E+03 2.7240E+03 2.7513E+03 2.8008E+03 2.8001E+03
std 3.4666E-02 1.6710E+01 5.8505E+01 2.6987E-01 2.1993E-02
F27 mean 4.2097E+03 4.5318E+03 3.9922E+03 4.4094E+03 3.7294E+03
std 5.8435E+01 1.2667E+02 4.7480E+01 1.3952E+02 1.2055E-03
F28 mean 5.3725E+03 9.3457E+03 6.6541E+03 5.6493E+03 8.3660E+03
std 2.2605E+01 6.9536E+02 2.3324E+02 1.9590E+03 3.4785E+02
F29 mean 1.3233E+06 1.4143E+08 1.9247E+05 3.1540E+03 1.1794E+04
std 3.9999E+05 2.2537E+07 3.3635E+05 3.2097E+01 8.1456E+02
F30 mean 8.8386E+04 1.4497E+06 2.3716E+05 5.0404E+03 5.7626E+04
std 1.2678E+04 3.4977E+05 1.3893E+05 6.7627E+02 2.7228E+03
Average ranking 3.17 4.57 2.90 243 1.93
Total ranking 4 5 3 2 1
Table 5
Results of Wilcoxon’s rank sum test.
Better Equal Worst R* R~ p-value a=0.1 «=0.05
SCGSA versus TSA 22 0 8 342 123 0.026666 Yes Yes
SCGSA versus CLPSO 27 0 3 435 30 0.000031 Yes Yes
SCGSA versus LIPS 22 0 8 343 122 0.023031 Yes Yes
SCGSA versus HPSOTVAC 21 0 9 294 171 0.205840 No No
SCGSA versus CGSA 22 0 8 337 128 0.041139 Yes Yes
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Table 6
Results for changing m.
F(x) m=2 m=4 m=6 m=38 m=10 m=12
F1 5.9378E+06 3.1738E+09 3.1284E+09 6.1820E+09 6.4282E+09 8.4679E+09
F2 4.6652E+03 1.5071E+11 9.7344E+10 1.6539E+11 2.1554E+11 2.8182E+11
F3 1.2557E+05 2.4389E+05 2.6156E+05 2.7503E+05 5.4000E+05 6.4051E+05
F4 5.5043E+02 3.5704E+04 2.7101E+04 4.7047E+04 8.6265E+04 1.0621E+05
F5 5.2000E+02 5.2032E+02 5.2126E+02 5.2129E+02 5.2133E+02 5.2132E+02
F6 6.2028E+02 6.4965E+02 6.7610E+02 6.7554E+02 6.8278E+02 6.8174E+02
F7 7.0000E+02 2.1577E+03 1.5549E+03 2.0923E+03 2.8629E+03 3.0887E+03
F8 9.6118E+02 1.4643E+03 1.3450E+03 1.5444E+03 1.6803E+03 1.7203E+03
F9 1.0399E+03 1.6727E+03 1.5860E+03 1.7733E+03 1.8995E+03 1.9662E+03
F10 7.3822E+03 1.1562E+04 1.5709E+04 1.6749E+04 1.7115E+04 1.7125E+04
F11 7.7444E+03 9.7504E+03 1.5679E+04 1.6560E+04 1.6658E+04 1.6956E+04
F12 1.2000E+03 1.2001E+03 1.2044E+03 1.2056E+03 1.2050E+03 1.2059E+03
F13 1.3004E+03 1.3083E+03 1.3063E+03 1.3090E+03 1.3108E+03 1.3121E+03
F14 1.4003E+03 1.7693E+03 1.6475E+03 1.7542E+03 2.0165E+03 2.0669E+03
F15 1.5204E+03 6.2274E+06 6.8858E+06 1.0157E+07 1.2934E+08 1.0580E+08
F16 1.6228E+03 1.6234E+03 1.6234E+03 1.6234E+03 1.6239E+03 1.6241E+03
F17 1.2762E+06 2.7499E+08 4.8999E+08 8.6464E+08 9.9623E+08 9.3528E+08
F18 3.9974E+03 1.4696E+10 1.1049E+10 1.2130E+10 2.6326E+10 3.6101E+10
F19 1.9229E+03 3.6963E+03 3.0840E+03 5.1874E+03 4.9252E+03 7.0680E+03
F20 4.2120E+04 1.7668E+06 3.7469E+05 2.6704E+06 1.1033E+07 1.6290E+07
F21 1.3200E+06 9.9815E+07 1.6621E+08 1.3193E+08 2.3060E+08 3.3419E+08
F22 3.9607E+03 9.4078E+03 1.0118E+04 7.2976E+04 4.6339E+04 1.5127E4+05
F23 2.6499E+03 3.9400E+03 3.7094E+03 4.2457E+03 5.9903E+03 6.1964E+03
F24 2.6573E+03 2.8269E+03 2.7756E+03 2.9744E+03 3.2015E+03 3.2993E+03
F25 2.7000E+03 2.7697E+03 2.7525E+03 2.9228E+03 3.2070E+03 3.1686E+03
F26 2.8001E+03 2.7486E+03 2.7214E+03 2.7372E+03 2.7241E+03 2.9117E+03
F27 3.7294E+03 4.5518E+03 4.9703E+03 5.2516E+03 5.3224E+03 5.3029E+03
F28 9.5373E+03 7.3753E+03 1.2587E+04 1.2844E+04 1.5537E+04 1.6519E+04
F29 1.3943E+04 5.6135E+07 1.8415E+08 1.9085E+08 2.7054E+08 1.9162E+08
F30 5.7626E+04 2.1670E+06 1.0802E+07 9.5783E+06 1.6770E+07 1.5552E+07
Table 7
Results for marked equations.
GSA CGSA SCGSA markedSCGSA
F1 2.4712E+09 3.7154E+07 5.9378E+06 5.4943E+07
F2 9.7990E+10 7.6530E+09 4.6652E+03 3.6149E+08
F3 1.5351E+05 8.9303E+04 1.2557E+05 1.3364E+05
F4 2.1076E+04 1.3721E+03 5.5043E+02 1.0111E+03
F5 5.2000E+02 5.2000E+02 5.2000E+02 5.2000E+02
F6 6.6436E+02 6.5701E+02 6.2028E+02 6.3324E+02
F7 1.5275E+03 7.7132E+02 7.0000E+02 7.0940E+02
F8 1.0788E+03 1.0642E+03 9.6118E+02 1.0149E+03
F9 1.2896E+03 1.2686E+03 1.0399E+03 1.1129E+03
F10 8.7514E+03 8.1048E+03 7.3822E+03 8.3421E+03
F11 1.0003E+04 9.4699E+03 7.7444E+03 8.3813E+03
F12 1.2001E+03 1.2000E+03 1.2000E+03 1.2000E+03
F13 1.3065E+03 1.3005E+03 1.3004E+03 1.3004E+03
F14 1.6131E+03 1.4032E+03 1.4003E+03 1.4003E+03
F15 8.1498E+05 2.0338E+03 1.5204E+03 2.1962E+03
F16 1.6228E+03 1.6226E+03 1.6228E+03 1.6224E+03
F17 4.3769E+08 9.7153E+05 1.2762E+06 3.9762E+06
F18 8.2964E+09 5.6085E+03 3.9974E+03 4.2438E+03
F19 2.8270E+03 1.9459E+03 1.9229E+03 1.9544E+03
F20 1.6308E+05 2.6179E+04 4.2120E+04 4.7484E+04
F21 3.0556E+07 7.5256E+05 1.3200E+06 2.4829E+06
F22 2.6491E+04 4.1996E+03 3.9607E+03 4.3005E+03
F23 2.5131E+03 2.5001E+03 2.6499E+03 2.6214E+03
F24 2.6550E+03 2.6007E+03 2.6573E+03 2.6590E+03
F25 2.7063E+03 2.7000E+03 2.7000E+03 2.7000E+03
F26 2.8004E+03 2.8000E+03 2.8001E+03 2.8000E+03
F27 4.9341E+03 4.3848E+03 3.7294E+03 5.1541E+03
F28 6.9627E+03 6.4974E+03 9.5373E+03 7.1135E+03
F29 1.0936E+08 2.3139E+05 1.3943E+04 2.0892E+04
F30 1.4555E+07 1.3927E+04 5.7626E+04 2.0505E+05
The problem can be stated as: 4D2 —dD 1
Consider: x = [xq, X2, x3]=[d,D,N] 8(X) = 12566(Dd3 — d4) + 5108d2 1<0
Subject to: gx)=1- “DIN <0
D3N D+d
§1(0) =1~ 73785p4 =0 a0 = — = —1=0
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Fig. 8. The Tension/Compression Spring Design problem (T/CSD).

Table 8
Computational results for pressure vessel design problem.

Table 10
Computational results for WBD.

Pop size = 100 Ts Ty R L Best cost Pop size=100 h I d b Best cost mean  std
SCGSA 1.1000 0.6000 56.9594 51.2787 7024.5700 SCGSA 0.1584 4.5030 9.0779 0.2390 2.0560  2.8469 0.3409
CGSA 1.1000 0.6000 47.4837 119.6530 7892.8700 CGSA 0.2672 23728 7.2995 0.3343 2.1093 2.8956 0.4399
Table 9
Computational results for TCSD. . . .
P = 6000Ib, L = 14in, E = 30 x 106psi, G = 12 x 108psi
Pop size = 100  x; X2 X3 Best cost mean std . X X
Tmax = 13600psi, omax = 3000psi, dmax = 0.25in
SCGSA 0.0500 0.3137 14.5458 0.0127 0.0131  0.0002 R .
CGSA 0.0500 03136 14.5851 0.0130 0.0148 0.0027 In this case we adopt the fifth map and Table 10 illustrates

The problem consists of the design variables as the follow-
ing: 0.050000 < d < 2.000000, 0.25000 < D < 1300000 and
2.000000 < N < 15.000000.

Table 9 presents the solutions. In this case we adopt the fifth
map and the result reveal the superiority of SCGSA.

6.3. Example 3: Welded beam design (WBD)

A welded beam is designed for minimum cost subject to con-
straints on shear stress (), bending stress in the beam (o), buck-
ling load on the bar (p¢), end deflection of the beam (§), and side
constraints (Coello, 2000). There are four variables: h(x1), I(x;),t(x3)
andb(x,).

The problem can be stated as follows:

Minimize:

F(x) = 1.10471x2x; + 0.04811x3x4(14.0 + x)
Subject to:

g1(®*) =7(X) — Tmax <0

2 (x)=0(x) —omax <0

g(X)=x-1-x,<0

24(x) = 0.10471x2 + 0.04811x3x4(14.0 + x;) — 5.0 < 0
g5(x) =0.125-%; <0

8(X) =8(X) —Omax <0

g7(x) = P — P:(x) <0 where

T(x) = \/(T/)2 + 217/1“;—2 + (77)2

P MR Xy
/ — , .L.// i M (L + >
\/EX]XZ .] b 2

R— é+(X1+X3>2

4 2
2
X1 +X3 )
]—2\/5)(1)(2[124‘( 2 )]
PL 4p[3
X)=—>, =
o (x) 5 0(X) EX3x,

4.013E XX
X; [ E
PC(X)—L236<1—3 )

the results of SCGSA. Obviously the results of SCGSA is better than
CGSA.

7. Conclusion and future work

To improve the exploration and exploitation capability of CGSA,
this paper proposes a hybridization method with Chaotic maps and
sine functions to enhance the random searching capability of ex-
ploration and exploitation. After evaluating on CEC 2014 test func-
tions and some real engineering optimization examples, the pro-
posed SCGSA has its strengths in its the exploration and exploita-
tion. The major contributions can be outlined as follows:

¢ Sine-cosine algorithm is adopted to enhance the movement
pattern of agents in SCGSA,;

o Parameter k is applied to enhance the convergence capability
for the proposed SCGSA;

e The proposed SCGSA has good computational results in CEC
2014;

e SCGSA has good computational results in some real constrained
continuous optimization problems when compared with CGSA;

Although the proposed SCGSA has many merits as a new hybrid
optimization algorithm, it still has some limitations as follows:

e As evaluated by CEC 2014, SCGSA has advantage in most test
functions, such as unimodal, multimodal, hybrid and composi-
tion functions, but it still has weakness in the test functions of
F29 and F30;

o The sensibility of parameter k is tested in this paper, the k value
should not be fixed in advance, and it needs to be determined
automatically.

In the future, many movement patterns with sine or cosine
functions can be proposed to improve the hybridization mecha-
nism in the SCGSA algorithm. More and more hybridization meth-
ods can be proposed and implemented to achieve more efficient
and effective hybrid SCGSA variants. In addition, an automatic k
mechanism should be proposed as new SCGSA variant.

Declaration of Competing Interest

None.
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Appendix A. Appendixes
Al. Chaotic maps
Table 11
Chaotic maps for SCGSA.

Order Name Equation Range

1 Chebyshev (Wang, Liu, & Liu, 2001) Xi11 = cos(icos™! (x;)) (-1,1)

2 Circle (Jiang & Lun, 2002) Xip1 =mod(X; + b — (5 )sin(27x;),1),a=0.5,b=0.2 (0,1)

1.x,=0
3 Gauss/ mouse (Jothiprakash & Arunkumar, 2013) Xiy1 = . ' X (0,1)
AT otherwise
4 Iterative (Guo, Cheng, Ye, & Cao, 2006) Xiy1 = sin(%), a=0.7 (-1,1)
5 Logistic (Guo et al., 2006) Xip =axi(1—x;),a=4 (0,1)
F.0<x<P
. . e R §55 P <x <05P=4
6 Piecewise (Saremi, Mirjalili, & Mirjalili, 2014) Xi1=1 ,p (0,1)
o 05<x<1-P
E1-P<x<1

7 Sine (Wang, Guo, Gandomi, Hao, & Wang, 2014) Xip1 = §sin(wx;),a=4 (0,1

8 Singer (Ibrahim, Oliva, Ewees, & Lu, 2017) Xip1 = 1(7.86x; — 23.31x% + 28.75x3 — 13.302875x), u = 2.3 (0,1

9 Sinusoidal (Li, Deng, & Xiao, 2011) Xiy1 = axizsin(nxi), a=23 (0,1

. 35X <07
10 Tent (Teh, Samsudin, & Akhavan, 2015) Xin1 = : (0,1)

Va1 -x).x=07
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A2. Total convergence curves
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A4. Basic functions

Table 12
Basic functions.

Function name

Function formulation

Rotated High Conditioned
Elliptic Function

Bent Cigar Function
Discus Function

Rosenbrock’s Function
Ackley’s Function

Weierstrass Function

Griewank’s Function
Rastrigin’s Function
Modified Schwefel’s Function
zsin(|z]'?), |zi| < 500
2(z) = (500 — mod(z;, 500))sin(,/]500 — mod (z;, 500)]) — 3% 7, - 500
(mod(|zi|, 500) — 500)sin(,/|mod(|zi], 500) — 500])) — &3002 ;. _ _s00

Katsuura Function
HappyCat Function

HGBat Function

Expanded Griewank’s plus

Rosenbrock’s Function
Expanded Scaffer’s F6 Function

i) =32,10%) 5 %

HE) =28 +10°0, %

) =10 + Y2, %

fa00) = 225" (10032 - xi.1)? + (% — 1))

fs(x) = —20exp(~0.2,/ L S0 x?) —exp(§ Y01 cos(27;)) +20 +e

fo(0) = X2, (kM [akcos (2 bk (x; +0.5))]) — D Yk [akcos (2 bk - 0.5)]
a=0.5b=3, kmax = 20

F®) = X2 qab5 — 12 cos(%) +1

fox) = Y2, (x2 — 10cos (27 x;) + 10)

fo(x) = 418.9829 x D - Y°P | g(z)

i=1 .32 |27xj—round(27x;) 10
fro@) = 9 TT5" (141532, Erored@ol g 1o

fi®) =¥, % —D|* + (0552, % + Y2, x)/D+05
Fo®) = (22,8 = $2, 02| + (0552, % + X2, x)/D+ 0.5

fi3(x) = f7(fa(x1,%2)) + f1(fa(x2,%3)) + ... + f7(fa(Xp_1.%p)) + f7 (fa(xp, X1))

, P sin? (4/x2+y?)-0.5
Scaffer’s F6 Function: g(x,y) = 0.5 + 00Ty

fia(x) = g(x1,%2) +8(X2,X3) + ... + &(Xp_1,Xp) + &(xp, X1)
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Ab. Test functions

Table 13

Test functions.
Function name Function formulation
Unimodal functions Note:M-rotation matrix
High Conditioned Elliptic Function F(x) = fi(M(x —01)) + 100
Rotated Bent Cigar Function B () = f2(M(x —02)) +200
Rotated Discus Function B(x) = f3(M(x —03)) 4300
Multimodal functions
Shifted and Rotated Rosenbrock’s Function Fy(x) = fa(M(Z288&-00 ) 4 1) + 400
Shifted and Rotated Ackley’s Function F5(x) = fs(M(x — 0s)) + 500
Shifted and Rotated Weierstrass Function Fs(x) = fo(M(22455%2)) + 600
Shifted and Rotated Griewank’s Function F(x) = f(M(8%501))) 1 700
Shifted Rastrigin’s Function Fy(x) = fg(31237%)) 1 800
Shifted and Rotated Rastrigin’s Function Rx) =fs (M(5 12c01)) ) + 900
Shifted Schwefel’s Function Fo(x) = fo (122955000 ) 4 1000
Shifted and Rotated Schwefel’s Function Fi(x)=fo (M(%)) + 1100
Shifted and Rotated Katsuura Function Fio(®) = fro(M(2%552)) + 1200
Shifted and Rotated HappyCat Function F3(x) = frn (M(2%g322)) + 1300
Shifted and Rotated HGBat Function Fa(®) = fra(M(2%54))) + 1400
Shifted and Rotated Expanded Griewank’s plus Rosenbrock’s Function Fs5(x) = f13 (M(S("mg‘“ +1)) + 1500
Shifted and Rotated Expanded Scaffer’s F6 Function Fig(x) = fia(M(x — 016) + 1) + 1600
Hybrid Functions
F17 = fo(Miz1) + fs(M223) + f1(M3z3) + 1700 p=1[0.3,0.3,0.4]
F18 = fo(M1z1) + f12(M223) + fs(M3z3) + 1800 p=1[0.3,0.3,04]
F19 = f7(M121) + f6(M223) + f4(M323) + fia(Mazs) + 1900 p=1[02,0.2,03,03]
F20 = fi2(M121) + f3(M22;) + f13(M323) + fs(Mazs) +2000 p=1[0.2,0.2,0.3,03]
F21 = fi4(M121) + f12(M223) + f4(M323) + fo(Myz4) + f1(Mszs) + 2100 p=1[0.1,0.2,0.2,0.2,0.3]
F22 = fio(M1z1) + fi1 (M223) + fi3(M323) + fo(Myzg) + f5(Mszs) + 2200 p=1[0.1,0.2,0.2,0.2,0.3]
Notes:
21 = Y5, Yoo s Y5 s
z3 = Vs, s YSnigar o e s J’sn,m]v
zZy = [}'s):{,:,11 et VS < Yspl

y=x-0;,S= randperm(] : D), p; : percentageofg;(x)
= [p1D].ny = [p2D].ecltv_1 = [Pn-1D]. iy =D — 07" s
Composition Functions
Fy3 = w1 % F{(x) + w3 % [1e7°F (x) + 100] + w3 * [ 1e~2°F} (x) + 200]
+wg * [1e‘5F3’ x) + 300] + ws * [1e-6F{ x) + 400] +2300
o =10, 20, 30, 40, 50]
B = w1 % Fjy(X) + @ * [F (%) + 100] + w3 = [F{;(x) + 200] + 2400

o =[20,20,20]
s = w1 % 0.25F (X) + w; % [F (x) + 100] + w3 [ 1e~7F/ (x) + 200] + 2500
o =10, 30, 50]

Fys = w1 % 0.25F), (x) + w3 * [F;(x) + 100] + w3 x [1e~7F/ (x) + 200]
+wg * [2.5F(x) + 300] + s % [ 10F; (x) + 400] + 2600

o =110, 10, 10, 10, 10]

Fy7 = w1  10F}, (x) + w; * [ 10F] (x) + 100] + w3 = [2.5F; (x) +200]
“+wy % [25F] (x) + 300] + @s * [ 1e75F/ (x) + 400] + 2700

o =110, 10, 10, 20, 20]

B = w1 % 2.5F}5 (%) + w3 * [10F;(x) + 100] + w3 * [2.5F (x) + 200]
+wy x [5e~*Fj5 (X) + 300] + ws [ 1e~5F/ (x) + 400] + 2800

o = [10, 20, 30, 40, 50]

By = w1 % F;(X) + @; * [Fig (%) + 100] + w3 * [Fly (x) + 200] + 2900

o =10, 30, 50]

Fo = w1 Fyo (x) + @3 * [F; (X) + 100] + w3 # [Fy, (x) + 200] + 3000

o =110, 30, 50]

Notes:

i (x—0iy)?
W= —— 1 exp(— =
VEL o)) i
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