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Abstract
As one of the latest meta-heuristic algorithms, the grasshopper optimization algo-
rithm (GOA) has extensive applications because of its efficiency and simplic-
ity. However, the basic GOA still has enough room for improvement. Therefore, a 
new variant GOA algorithm which combines two strategies, namely PCA–GOA, is 
proposed. Firstly, principal component analysis strategy is employed to obtain the 
grasshoppers with minimally correlated variables, which can improve the exploi-
tation capability of the GOA. Then, a novel inertia weight is proposed to balance 
exploration and exploitation in an intelligent way, which makes the GOA to have 
better search capability. Furthermore, the performance of PCA–GOA is evaluated 
by solving a series of benchmark functions. The experimental results manifest that 
the PCA–GOA provides better outcomes than the basic GOA and other state-of-the-
art algorithms on the majority of functions, which demonstrates the superiority of 
the PCA–GOA.

Keywords  Grasshopper optimization algorithm · Principal component analysis · 
Novel inertia weight · Global optimization

1  Introduction

Optimization is used to select the best options among all the solutions, and it exists 
in many fields such as scheduling problem, parameter estimation, materials predic-
tion and structure design [1–5]. However, it is difficult to solve the high dimension 
optimization problems with the traditional optimization algorithms, and this issue 
has drawn much attention of researchers [6]. It is reported that the heuristic and 
meta-heuristic algorithms show superiority on complex optimization tasks. The 
majority of these algorithms are proposed based on natural phenomena. Some of the 
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typical algorithms are genetic algorithm (GA) which is inspired from genetic mech-
anism [7], and particle swarm optimization (PSO) is proposed based on the behav-
ior of birds [8]. Some recent optimization algorithms employ the ant colony opti-
mization (ACO) [9], artificial bee colony algorithm (ABC) [10], firefly algorithm 
(FA) [11], cuckoo search (CS) [12], gravitational search algorithm (GSA) [13], bat 
algorithm (BA) [14], gray wolf optimization (GWO) [15] and moth-flame optimi-
zation algorithm (MFO) [16]. In addition, modifying the existing algorithms is an 
important work, and it helps using the hardware better. This point is also meaningful 
to supercomputing [17]. Graphics processor units (GPUs) have been widely used 
for large number computation due to its high performance [18]. If the optimization 
algorithm runs on GPU, the execution time will be shorter [19].

The grasshopper optimization algorithm (GOA) is newly proposed to solve 
optimization problems. The advantages of the GOA have been proven by com-
paring with some well-known and latest algorithms [20]. Therefore, practition-
ers and researchers are interested with employing the GOA to solve the various 
optimization problems. Aljarah et  al. [21] used the GOA to solve the feature 
selection and support vector machine problem. Zhang et al. [22] applied GOA to 
analyze vibration signals. Wu and Wang [23] had applied adaptive GOA to trajec-
tory optimization problem. Hekimoğlu and Ekinci [24] applied GOA to automatic 
voltage regulator system. Łukasik et al. [25] used GOA to solve data clustering 
problem. Lal et al. [26] applied GOA to optimize fuzzy PID controller. Fathy [27] 
used GOA to solve reconfiguration of PV array problem.

The basic GOA is a promising algorithm and has been successfully applied to 
many fields. However, the basic GOA has some shortcomings, such as limited 
exploitation capability and premature [28]. Therefore, many researchers are inter-
ested in improving the GOA. Ewees et  al. [29] proposed a novel improved GOA 
which combined opposition-based learning (OBL) strategy. The outstanding perfor-
mance of the proposed GOA was proved by benchmark functions and engineering 
problems. Saxena et al. [30] used chaotic strategy with 10 maps to enhance bridg-
ing mechanism of GOA. The results proved the efficiency of the improved GOA. In 
multilevel thresholding image segmentation, Liang et al. [31] presented a modified 
GOA, which combined the Levy flight algorithm. To overcome the drawbacks of 
the basic GOA algorithm, Luo et al. [32] proposed an improved GOA and applied to 
financial stress predicting problem. Three strategies named Gaussian mutation, Levy 
flight and opposition-based learning were integrated into GOA. The experiment 
results indicated that the modifications can significantly improve the basic GOA.

As we can see above, many versions of GOA have been proposed. However, 
the enhanced GOA algorithms are far from perfect. To further improve the GOA, 
an enhanced grasshopper optimization algorithm, namely PCA–GOA, is pro-
posed. The main contributions of the paper are as follows:

(a)	 In the PCA–GOA, the principal component analysis is incorporated to generate 
the new population with high quality. Then, the generated population is used to 
replace the population with bad fitness values. This operation is able to improve 
the exploitation capability of the GOA.
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(b)	 The novel inertia weight is introduced to control the search process in an intel-
ligent way. Under this strategy, the grasshoppers with better fitness values move 
quickly to the target grasshopper and the grasshoppers with worse fitness values 
maintain strong exploration capabilities. Therefore, novel inertia weight plays a 
role in both enhancing the exploration and exploitation capability.

The structure of the rest of this paper is as follows. Section 2 presents the basic 
GOA algorithm. Section 3 shows the proposed PCA–GOA algorithm. Section 4 
provides discussions and analyses of the experiment results. Section 5 concludes 
the paper.

2 � Basic grasshopper optimization algorithm

The basic grasshopper optimization algorithm (GOA) was originated by Saremi 
and Mirjalili [20], which mimics the behavior of grasshopper. The mathematical 
model of the GOA can be expressed as follows:

where Xi is the position of the i-th grasshopper, Si represents the social interaction, 
Gi denotes the gravity force of the i-th grasshopper, Ai refers the wind advection.

where xi and xj are the positions of i-th and j-th , respectively. dij denotes the dis-
tance of i-th and j-th grasshoppers. The s function represents social force is given as 
follows:

where f  is the intensity of attraction, l denotes the attractive length scale.

where g denotes the gravitational constant, êg is unity vector.

where u denotes a constant drift, êw represents a unity vector.
The mathematical model can be written as:

(1)Xi = Si + Gi + Ai

(2)
Si =

N∑

j=1

j≠i

s
(
dij
)xj − xi

dij

(3)dij =
|||xj − xi

|||

(4)s(r) = fe
−

r

l − e−r

(5)Gi = −gêg

(6)Ai = uêw
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where N defines the number of grasshoppers.
In order to solve the optimization problem in a better way, a modified GOA is 

expressed as follows:

where ubd and lbd are the upper bound and lower bound, T̂d is a target grasshopper. c 
is the parameter, which used to balance exploration and exploitation. c can be given 
by:

where cmax and cmin are the maximum value and the minimum value, l is the number 
of current iterations, L denotes the maximum number of iterations.

3 � The proposed PCA–GOA algorithm

3.1 � Principal component analysis

In basic GOA, the grasshoppers fly around the target grasshopper, which leads redun-
dancy that reduces the diversity of population. More importantly, the grasshoppers 
with bad fitness have the low possibility to reach the optimal solution. In this work, 
principal component analysis is introduced to solve this problem. Principal component 
analysis is an important statistical analysis method, which has two main functions that 
are data reduction and interpretation [33, 34]. The minimally correlated variables can 
be transformed from correlated variables by principal component analysis [35]. In the 
PCA–GOA algorithm, the new generated solutions are minimally correlated and show 
the information of original solutions. Furthermore, the new solutions may have bet-
ter quality than the original solutions, which enhance the exploitation capability of the 
GOA. Let that U =

(
U1,U2 … ,Up

)�

 is an exemplar of the original data set, and it can 
be expressed as follows:

(7)
Xi =

N∑

j=1

j≠i

s
(|||xj − xi

|||
)xj − xi

dij
− gêg + uêw

(8)Xd
i
= c

⎧
⎪⎪⎨⎪⎪⎩

N�

j=1

j≠i

c
ubd − lbd

2
s
����x

d
j
− xd

i

���
�xj − xi

dij

⎫
⎪⎪⎬⎪⎪⎭

+ T̂d

(9)c = cmax − l
cmax − cmin

L
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where p represents the number of exemplars. The linear transformations can be cal-
culated as follows:

where ai represents the coefficient vector. The linear transformation model can be 
represented in a simple way as follows:

It is important to choose the number m of principal components. The m is 
defined as follows:

where � is contribution rate. In this work, we use � = 0.85.�1, �2, �m denote eigenval-
ues of covariance matrix.

Suppose the covariance matrix of grasshoppers X =
{
xt
1
, xt

2
,… xt

n

}
 is V  , prin-

cipal population can be generated as follows:

where (a�

1
, a

�

2
,… , a

�

m
) denote feature vectors of V  . According to the principal com-

ponent analysis theory, the new generated population is uncorrelated. The individu-
als of bad fitness are substituted by principal population. Figure 1 shows the flow of 
principal component analysis operation.

(10)U =

⎛
⎜⎜⎜⎜⎜⎜⎝

u11 u12 . . . u1n
u21 u22 . . . u2n
. . . .

. . . .

. . . .

up1 up2 . . . upn

⎞
⎟⎟⎟⎟⎟⎟⎠

=

⎛
⎜⎜⎜⎜⎜⎜⎝

U1

U2

.

.

.

Up

⎞
⎟⎟⎟⎟⎟⎟⎠

(11)

⎧
⎪⎨⎪⎩

Z1 = a
�

1
U = a11U1 + a12U2 +… a1pUp,

Z2 = a
�

2
U = a21U1 + a22U2 +… a2pUp,

…

Zp = a
�

p
U = ap1U1 + ap2U2 +… appUp.

(12)Var
(
Zi
)
= a

�

i

∑
ai, i = 1, 2… p

(13)Cov
(
Zi, Zj

)
= a

�

i

∑
aj, i, j = 1, 2… p

(14)
�1 + �2 +⋯ �m∑s

i=1
�i

≥ �

(15)

⎧⎪⎪⎨⎪⎪⎩

Ft
1
= a

�

1
X = a11x

t
1
+ a12x

t
2
+⋯ a1nx

t
n,
,

Ft
2
= a

�

2
X = a21x

t
1
+ a22x

t
2
+⋯ a2nx

t
n,
,

…

Ft
m
= a

�

m
X = am1x

t
1
+ am2x

t
2
+⋯ amnx

t
n,
.
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3.2 � Novel inertia weight

In basic GOA algorithm, the parameter c plays an important role in balancing explo-
ration and exploitation, which decreased with the number of iterations in a linear 
way. However, all the grasshoppers take the same parameter c without considering 
the fitness of each grasshopper. In this paper, we propose a novel inertia weight, 
which takes different strategies based on the fitness values of grasshoppers. To guar-
antee the steady of searching process, one of c is replaced. The novel inertia weight 
is calculated as follows:

The modified mathematical model can be expressed by:

The flowchart of the proposed PCA–GOA is shown in Fig. 2.

(16)

⎧⎪⎨⎪⎩

ck
i
= cmax −

�
cmax − cmin

�
∗

�
l

L

�
if fitness(i) ≥ average

ck
i
= cmax −

�
cmax − cmin

�
∗

�
2l

L
−

�
l

L

�2
�

if fitness(i) < average

(17)Xd
i
= c

⎧
⎪⎪⎨⎪⎪⎩

N�

j=1

j≠i

ck
i

ubd − lbd

2
s
����x

d
j
− xd

i

���
�xj − xi

dij

⎫
⎪⎪⎬⎪⎪⎭

+ T̂d

Fig. 1   Flowchart of principal component analysis operation
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4 � Experimental results and discussion

In this section, unimodal benchmark functions, multimodal benchmark func-
tions and fixed-dimension multimodal benchmark functions are used to test the 
performance of the PCA–GOA [36–39]. The benchmark functions are provided 
in Tables 1, 2 and 3. The exploitation of an algorithm can be tested by unimodal 
benchmark functions 

(
f1 − f7

)
 as only one global is contained. Multimodal bench-

mark functions 
(
f8 − f13

)
 and fixed-dimension multimodal benchmark functions (

f14 − f23
)
 are efficient tool for evaluating exploration capability and local optima 

Start

Initialize maximum number of 
iterations,           andmaxc minc

Initialize the population iX

Select the best grasshopper

Return best grasshopper and its 
fitness

Update inertia weight using 
Eq.(16)

Principal component analysis 
operation

For each grasshopper
Normalize the distances 

between grasshoppers 
Update the positions based on 

Eq. 17
Cope with the grasshoppers 

outsides the boundaries
End for

Sort the grasshoppers based on 
fitness

1l l= +l L<
N

Y

Fig. 2   Flowchart of the proposed PCA–GOA algorithm
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avoidance. However, fixed-dimension multimodal benchmark functions are different 
from multimodal benchmark functions in dimensionality.

4.1 � Parameters analyze

Parameters setting can influence the performance of the PCA–GOA when solving 
the various optimization problems. In this study, the five parameters of PCA–GOA 
include maximum parameter cmax , minimum parameter cmin , number of search 
agents N , maximum number of iterations L , contribution rate � are analyzed on 
benchmark function f1 . An orthogonal test is worked as a tool to show the relations 
between the performance and each parameter setting. Ranges of PCA–GOA param-
eters are described in Table 4. According to the number of factors and levels, we 
select the L27

(
313

)
 type to complete the task. To make the results more convincing, 

the average values after 30 runs are used to make comparisons.
As shown in Table 5, the maximum number of iterations L is the most important 

factor that affects the search capability of the PCA–GOA. Furthermore, the impor-
tance of the other factors is as follows: cmax > cmin > N > 𝛿 . Figure 3 shows the rela-
tion between average fitness values and the five parameters. From Table 5, we can 
obtain the best combination is cmax = 1 , cmin = 0.00001 , N = 50 , L = 300 , � = 0.85.

4.2 � Performance evaluation

Six typical and recent algorithms including particle swarm optimization (PSO) 
[8], bat algorithm (BA) [14], ant lion optimizer (ALO) [40], dragonfly algorithm 
(DA) [41], grasshopper optimization algorithm (GOA) [20] and chaotic grasshop-
per optimization algorithm (CGOA) [28] are employed to compare the perfor-
mance of the PCA–GOA. The key parameters of the seven algorithms are shown 

Table 1   Unimodal benchmark 
functions

Function Dim Range fmin

f1(x) =
n∑
i=1

x2
i

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 − x2

i

�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

ix4
i
+ random[0, 1)

30 [− 1.28, 1.28] 0
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in Table 6. To test the generality of the PCA–GOA, different number of iterations 
and population sizes are used to make comparisons. The experiments are first 
tested on N = 20 and L = 300 . Then, N = 30 and L = 1000 are used to further 
assess the performance of the proposed PCA–GOA. Each process independently 
runs 30 times. Best fitness values, worst fitness values, average fitness values and 
standard deviation values are recorded. It is obvious that the lower value means 
better search capability of the algorithm. For the drawbacks of the four indices 
cannot measure whether the results are significant, we use Wilcoxon statistical 
test to perfect comparisons [42, 43]. If p < 0.05 , it demonstrates the improving 

Table 3   Fixed-dimension multimodal benchmark functions

Function Dim Range fmin

f14(x) =

�
1

500
+

25∑
j=1

1

j+
∑2

i=1 (xi−aij)
6

�−1 2 [− 65, 65] 1

f15(x) =
11∑
i=1

�
ai −

x1(b
2

i
+bix2)

b2
i
+bix3+x4

�2 4 [− 5, 5] 0.00030

f16(x) = 4x2
1
− 2.1x4

1
+

1

3
x6
1
+ x1x2 − 4x2

2
+ 4x4

2
2 [− 5, 5] − 1.0316

f17(x) =
(
x2 −

5.1

4�2
x2
1
+

5

�
x1 − 6

)2

+ 10

(
1 −

1

8�

)
cos x1 + 10

2 [− 5, 5] 0.398

f
18
(x) =

[
1 +

(
x
1
+ x

2
+ 1

)2(
19 − 14x

1
+ 3x2

1
− 14x

2
+ 6x

1
x
2
+ 3x2

2

)]

×

[
30 +

(
2x

1
− 3x

2

)2
×
(
18 − 32x

1
+ 12x2

1
+ 48x

2
− 36x

1
x
2
+ 27x2

2

)]
2 [− 2, 2] 3

f19(x) = −
4∑
i=1

ciexp

�
−

3∑
j=1

aij
�
xj − pij

�2
�

3 [1, 3] − 3.86

f20(x) = −
4∑
i=1

ciexp

�
−

6∑
j=1

aij
�
xj − pij

�2
�

6 [0, 1] − 3.32

f21(x) = −
5∑
i=1

��
X − ai

��
X − ai

�T
+ ci

�−1 4 [0, 10] − 10.1532

f22(x) = −
7∑
i=1

��
X − ai

��
X − ai

�T
+ ci

�−1 4 [0, 10] − 10.4028

f23(x) = −
10∑
i=1

��
X − ai

��
X − ai

�T
+ ci

�−1 4 [0, 10] − 10.5363

Table 4   Ranges of the PCA–
GOA parameters

Level parameter

cmax cmin N L �

1 1 0.0000001 10 200 0.65
2 1.5 0.000001 30 250 0.75
3 2 0.00001 50 300 0.85
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affect is significant. Furthermore, CPU time and allocated memory are used to 
evaluated the computation amount of the PCA–GOA.

The details of experiments environment are as follows: Core (TM) i5-4590 
CPU @ 3.30 GHz with 8 GB RAM and 64 bit under Windows 7 system using 
Matlab R2015a.

Tables 7, 8 and 9 illustrate the results of unimodal benchmark functions, mul-
timodal benchmark functions and fixed-dimension multimodal benchmark func-
tions, respectively. In addition, the best results are highlighted in bold.

Table 5   L
27

(
3
13
)
 orthogonal testing for f

1

No. cmax cmin N L � Average fitness value

1 1 1 1 1 1 67.5811
2 1 1 1 1 2 58.7860
3 1 1 1 1 3 22.7077
4 1 2 2 2 1 1.79E−08
5 1 2 2 2 2 1.20E−08
6 1 2 2 2 3 1.06E−08
7 1 3 3 3 1 1.60E−08
8 1 3 3 3 2 1.16E−08
9 1 3 3 3 3 6.57E−09
10 2 1 2 3 1 3.12E−08
11 2 1 2 3 2 2.24E−08
12 2 1 2 3 3 1.74E−08
13 2 2 3 1 1 3.43E−06
14 2 2 3 1 2 3.05E−07
15 2 2 3 1 3 6.08E−07
16 2 3 1 2 1 1.34E−08
17 2 3 1 2 2 5.16E−08
18 2 3 1 2 3 8.30E−09
19 3 1 3 2 1 3.36E−05
20 3 1 3 2 2 1.63E−05
21 3 1 3 2 3 1.12E−05
22 3 2 1 3 1 1.36E−06
23 3 2 1 3 2 1.00E−08
24 3 2 1 3 3 9.12E−09
25 3 3 2 1 1 3.28E−05
26 3 3 2 1 2 5.87E−05
27 3 3 2 1 3 5.35E−05
K1 16.5639 16.5639 16.5639 16.5639 7.5090
K2 4.99E−07 6.40E−07 1.61E−05 6.80E−06 6.5318
K3 2.31E−05 1.61E−05 7.28E−05 1.65E−07 2.5231
Rank 2 3 4 1 5
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Fig. 3   Factor-index diagram

Table 6   Parameters setting for 
chosen optimization algorithms

Algorithm Parameter Value

PSO Learning coefficient c1 2
Learning coefficient c2 2

BA Pulse rate R0 0.5
Loudness A0 [1, 2]
Minimum frequency value fmin
Maximum frequency value fmax

0
2

Constant � 0.9
Constant � 0.9

ALO Constant w1 2, 3, 4, 5, 6
DA Inertial weight w2 09–0.4

Separation weight s 2
Alignment weight a 2
Cohesion weight c 2
Food factor f 2
Enemy factor e 1

GOA Minimum inertial weight cmin 0.00001
Maximum inertial weight cmax 1

CGOA Minimum inertial weight cmin 0.00001
Maximum inertial weight cmax 1
Adjustable parameter P 1

PCA–GOA Minimum inertial weight cmin 0.00001
Maximum inertial weight cmax 1
Contribution rate � 0.85
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Table 7 summarizes the best fitness values, worst fitness values, average fitness 
values and standard deviation values achieved by PSO, BA, ALO, DA, GOA, CGOA 
and PCA–GOA. As the results reported in Table 7, the PCA–GOA provides the best 
results on the four indexes for f1, f2, f3, f4, f5, f6, and f7 , which shows the PCA–GOA 
has remarkable advantages in terms of unimodal test functions. The superiority of 
the PCA–GOA can be further proved by Table 10, because all p values are much 
less than 0.05. Therefore, we can conclude that the PCA–GOA has a high exploita-
tion capability.

Observed from Table 8, it is apparent that PCA–GOA obtains better results for 
the majority functions except f8 and f9 . For f8 , the PCA–GOA provides the best 
standard deviation values. It can be seen from Table 11, the PCA–GOA is markedly 

Table 7   Results of the unimodal benchmark functions

Functions Result Algorithm

PSO BA ALO DA GOA CGOA PCA–GOA

f1 Best 44.7456 455.994 16.0323 2144.79 664.803 1023.80 6.85E−11
Worst 10784.6 14858.1 1553.39 11,180.4 4806.42 3503.01 6.55E−08
Mean 2095.24 5353.58 335.569 4480.67 1952.52 2049.01 3.44E−09
Std 3000.54 3907.08 337.773 2134.99 927.865 613.662 1.16E−08

f2 Best 10.5146 54.2206 6.53531 11.1674 11.8259 60.0089 5.15E−06
Worst 106.546 94,409.5 994.336 54.7302 773,505 81,672.2 143.459
Mean 54.0944 10,477.9 247.819 28.0580 27,308.8 5591.34 22.2980
Std 20.8137 23,519.1 264.388 9.62,218 138,686 15,871.7 45.3571

f3 Best 11,829.6 2511.01 4187.69 10,118.9 624.001 966.341 7.70E−10
Worst 50,884.4 38,262.5 23,761.0 54,449.6 13,596.9 12,724.9 7.17E−08
Mean 32,828.3 13,235.7 12,708.2 24,173.7 3281.71 4569.06 1.73E−08
Std 9953.85 9023.05 3905.39 10,238.8 2965.31 3423.73 1.65E−08

f4 Best 6.01133 18.8992 13.1275 21.8091 9.72136 9.98620 4.50E−06
Worst 21.4396 55.4018 44.6687 54.7413 23.9253 23.3176 5.24E−05
Mean 13.4216 37.1428 25.9201 37.6442 14.8801 14.5883 1.75E−05
Std 3.84251 7.89345 6.27847 7.83138 3.28203 3.41408 1.03E−05

f5 Best 6037.06 228.081 755.068 116025 17,855.2 20,930.9 1.72E−08
Worst 2.00E+06 3320.95 327,120 8.65E+06 1.15E+06 2.32E+06 28.7056
Mean 198,765 1058.57 30,933.4 2.24E+06 220,170 257,903 26.7876
Std 364,163 846.992 63,529.6 2.25E+06 230,635 398,938 7.15928

f6 Best 24.2599 372.793 4.41444 290.378 487.592 530.482 1.64E−10
Worst 11,482.2 17,131.8 833.446 9192.13 3589.19 4309.04 2.04E−08
Mean 2302.58 6024.18 286.438 4344.91 2056.71 1937.23 2.93E−09
Std 3067.55 3413.35 258.718 2501.43 797.414 807.635 4.82E−09

f7 Best 0.06860 88.6127 0.56282 0.40922 6.11739 3.80125 0.05884
Worst 21.8953 170.189 1.61972 4.82324 65.6534 70.2914 0.43351
Mean 2.63533 131.852 1.02894 2.10081 35.0712 32.6918 0.18395
Std 4.68135 20.9115 0.31498 1.13123 14.4034 16.1802 0.11214
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better than the other algorithm for f10, f11, f12 and f13 . It suggests that the princi-
pal component analysis plays an important role in improving the search precision, 
and novel inertia weight is an efficient tool for keeping the exploration capability. In 
a word, the PCA–GOA has a perfect exploration ability and superior capability in 
jumping out of local optima. The PCA–GOA fails to achieve the best performance 
on some functions, and the reasons are as follows: the principal component analysis 
helps the algorithm finds the better solutions with a fast rate; however, this leads the 
grasshoppers gather around the best solution and the novel inertia weight mecha-
nism is insufficient to jump out of the local best solution with a certain probability.

Table  9 shows the results from the seven algorithms for the fixed-dimension 
multimodal benchmark functions. As we can see the results from Table  9, the 
PCA–GOA obtains very competitive results by comparing with the other algo-
rithms. The PCA–GOA achieves the best results on f16, f17, f20, f21, f22 and f23 in 
terms of average fitness values. The ALO provides the best average fitness values 
for f15 . However, the p values in Table 12 are bigger than 0.05, which demonstrates 

Table 8   Results of the multimodal benchmark functions

Func-
tions

Result Algorithm

PSO BA ALO DA GOA CGOA PCA–GOA

f8 Best − 7769.29 − 7050.67 − 9830.28 − 6470.43 − 7490.62 − 7831.41 − 7150.53
Worst − 4146.60 − 4716.06 − 5417.67 − 3586.03 − 4428.24 − 5195.25 − 4695.32
Mean − 5943.05 − 5821.45 − 5662.05 − 5274.33 − 6475.71 − 6595.77 − 5529.99
Std 861.019 589.544 849.241 662.771 743.912 746.452 506.517

f9 Best 125.992 256.280 42.2945 144.852 166.680 201.957 229.583
Worst 318.843 373.845 180.133 287.057 313.132 326.242 353.799
Mean 224.536 313.748 93.3989 196.020 243.580 251.374 298.371
Std 47.3705 30.4101 29.2119 30.3164 33.1221 32.9490 32.0139

f10 Best 6.32459 2.73882 8.68946 5.73971 7.19639 7.47218 1.41E−06
Worst 19.9668 19.2956 15.0760 15.1013 20.1273 20.1652 19.9668
Mean 11.2330 8.19860 12.9238 12.7004 17.3568 17.2874 1.99241
Std 4.13117 6.55045 1.60036 1.79528 4.02749 4.26611 5.97723

f11 Best 1.59920 112.612 1.01402 13.6865 6.12841 7.65095 2.42E−10
Worst 97.5310 408.965 21.4825 78.4671 34.1774 59.9066 7.39E−09
Mean 13.4052 269.125 4.07285 41.4504 17.5167 20.5439 1.95E−09
Std 17.3527 77.2821 4.37847 16.6670 6.61021 10.7147 1.53E−09

f12 Best 1.74612 12.4056 10.4007 14.0529 2.24718 5.34439 5.25E−13
Worst 8210.38 53.5028 69.8349 3.85E+06 24.5174 31.5947 14.2755
Mean 296.113 31.5681 29.2943 4.09E+05 11.2449 12.7267 1.41507
Std 1470.35 10.3548 13.4668 880485 4.73019 6.28719 3.94785

f13 Best 4.77693 1.28086 39.8757 644.449 18.1480 26.0738 3.56E−12
Worst 1.07E+06 111.554 13569.7 1.37E+07 188,671 93,167.7 2.30E−10
Mean 98,418.1 55.0237 1364.72 2.48E+06 13,504.7 9233.15 7.24E−11
Std 238,404 25.1139 3342.62 3.38E+06 37,086.6 21,709.0 6.48E−11
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Table 9   Results of the fixed-dimension multimodal benchmark functions

Func-
tions

Result Algorithm

PSO BA ALO DA GOA CGOA PCA–
GOA

f14 Best 0.99800 0.99800 0.99800 0.99800 0.99800 0.99800 0.99800
Worst 3.019081 21.9884 16.4409 4.95049 20.1535 22.9006 23.8094
Mean 1.242847 10.7078 5.20271 1.85687 10.6552 11.8060 9.79672
Std 0.529945 6.53078 4.51716 1.19142 6.10022 5.92049 5.90027

f15 Best 0.00150 0.00082 0.00031 0.00036 0.00058 0.00067 0.00042
Worst 0.03100 0.02072 0.02541 0.02255 0.07687 0.11853 0.06252
Mean 0.01126 0.00699 0.00607 0.00940 0.01379 0.02298 0.00896
Std 0.00971 0.00829 0.00867 0.00878 0.01741 0.02935 0.01327

f16 Best − 1.03117 − 1.03159 − 1.03163 − 1.03163 − 1.03163 − 1.03163 − 1.03163
Worst − 0.99039 − 1.01257 − 1.03163 − 1.03162 − 1.03163 − 0.21546 − 1.03163
Mean − 1.02121 − 1.02743 − 1.03163 − 1.03163 − 1.03163 − 0.86840 − 1.03163
Std 0.01071 0.00408 4.31E−13 1.58E−06 1.13E−12 0.32647 2.50E−15

f17 Best 0.39790 0.39791 0.39789 0.39789 0.39789 0.39789 0.39789
Worst 0.40443 0.40666 0.39789 0.39789 0.39789 0.39789 0.39789
Mean 0.39935 0.40010 0.39789 0.39789 0.39789 0.39789 0.39789
Std 0.00144 0.00258 1.26E−13 5.58E−07 2.73E−12 3.49E−08 9.52E−16

f18 Best 3.00813 3.01324 3.00000 3.00000 3.00000 3.00000 3.00000
Worst 3.82120 3.68405 3.00000 3.00004 84.0000 84.0000 84.0000
Mean 3.13235 3.21874 3.00000 3.00000 14.7000 14.7000 7.50000
Std 0.16144 0.16923 2.65E−12 6.68E−06 27.6082 24.8276 15.7178

f19 Best − 3.86278 − 3.85705 − 3.86278 − 3.86278 − 3.83819 − 3.85825 − 3.85209
Worst − 3.51466 − 3.57156 − 3.86278 − 3.84810 − 1.11806 − 1.81892 − 2.51195
Mean − 3.82797 − 3.77399 − 3.86278 − 3.86169 − 3.22176 − 3.20552 − 3.40506
Std 0.10444 0.06778 6.14E−10 0.00293 0.60521 0.55498 0.36121

f20 Best − 3.32200 − 2.91423 − 3.32200 − 3.32199 − 3.32200 − 3.32200 − 3.32200
Worst − 1.22316 − 2.26797 − 3.17060 − 3.02542 − 3.17392 − 3.20059 − 3.13770
Mean − 3.03652 − 2.64994 − 3.26850 − 3.22538 − 3.26209 − 3.25419 − 3.27061
Std 0.53898 0.15028 0.06586 0.10031 0.06430 0.05930 0.06776

f21 Best − 10.1532 − 8.53340 − 10.1532 − 10.1532 − 10.1532 − 10.1532 − 10.1532
Worst − 2.63047 − 2.12528 − 2.63047 − 2.62871 − 2.63047 − 2.63047 − 2.63047
Mean − 5.11310 − 4.07360 − 5.28661 − 5.08699 − 4.89798 − 4.73412 − 5.73063
Std 2.49861 1.83602 2.88456 2.49568 3.04342 2.88410 3.45632

f22 Best − 10.4029 − 9.16168 − 10.4029 − 10.4029 − 10.4029 − 10.4029 − 10.4029
Worst − 1.83759 − 1.59016 − 1.83759 − 1.83759 − 1.83759 − 1.83759 − 1.83759
Mean -5.53057 − 4.20034 − 4.72202 − 5.50857 − 4.74938 − 4.96962 − 5.61956
Std 3.29602 2.33436 2.44516 2.59755 3.16905 3.13466 3.25517

f23 Best − 10.5364 − 9.00198 − 10.5364 − 10.5364 − 10.5364 − 10.5364 − 10.5364
Worst − 2.42173 − 1.54064 − 2.42173 − 1.67649 − 1.67655 − 1.85948 − 1.85948
Mean − 4.82206 − 4.03275 − 5.64316 − 5.71188 − 4.31280 − 4.41213 − 5.90321
Std 3.00525 2.21962 3.51030 3.51850 3.20004 3.40047 3.60952
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Table 10   P values obtained from the Wilcoxon rank-sum test on unimodal benchmark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f1 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f2 0.007 3.52E−06 1.97E−05 0.159 1.24E−05 2.35E−06
f3 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f4 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f5 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f6 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f7 1.13E−05 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06

Table 11   P values obtained from the Wilcoxon rank-sum test on multimodal benchmark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f8 0.039 0.069 0.531 0.092 1.30E−04 1.13E−05
f9 1.02E−05 0.106 1.73E−06 1.73E−06 1.73E−06 2.06E−05
f10 2.05E−04 1.25E−04 3.18E−06 3.88E−06 3.18E−06 6.53E−06
f11 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f12 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.36E−05 2.35E−06
f13 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06

Table 12   P values obtained from the Wilcoxon rank-sum test on the fixed-dimension multimodal bench-
mark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f14 3.18E−06 0.393 0.004 8.76E−06 0.516 0.315
f15 0.043 0.926 0.813 0.530 0.453 0.027
f16 1.73E−06 1.73E−06 1.72E−06 0.063 1.73E−06 1.73E−06
f17 1.73E−06 1.73E−06 1.73E−06 0.370 1.73E−06 1.73E−06
f18 0.003 0.003 0.003 0.078 1.89E−04 0.001
f19 1.73E−06 4.45E−05 1.73E−06 1.73E−06 0.185 0.441
f20 0.141 1.73E−06 0.600 0.033 0.644 0.704
f21 0.926 0.106 0.417 0.153 0.405 0.185
f22 0.894 0.066 0.399 0.991 0.156 0.258
f23 0.213 0.001 0.558 0.565 0.086 0.015
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the advantage is not obvious. Therefore, it can be claimed that the PCA–GOA shows 
better performance than other algorithms on fixed-dimension multimodal bench-
mark functions.

Tables 13, 14 and 15 display the CPU time of the PSO, BA, ALO, DA, GOA, 
CGOA and PCA–GOA. From Tables  13 and 14, the DA requires the more com-
putation time than the other algorithms on unimodal benchmark functions and 
multimodal benchmark functions. Table  15 shows that the PCA–GOA demands 

Table 13   Comparisons of 
the runtime on the unimodal 
benchmark functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f1 0.11 0.25 7.42 8.98 3.97 3.94 4.86
f2 0.10 0.25 7.29 8.42 4.28 4.10 5.24
f3 0.66 0.73 7.75 8.73 4.53 4.56 5.45
f4 0.11 0.26 7.67 9.16 4.20 4.33 4.97
f5 0.13 0.28 7.58 8.84 4.33 4.32 5.11
f6 0.09 0.25 7.47 8.78 4.30 4.24 5.14
f7 0.13 0.28 7.44 8.74 4.27 4.30 5.21

Table 14   Comparisons of the 
runtime on the multimodal 
benchmark functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f8 0.10 0.27 7.41 8.29 4.30 4.31 5.21
f9 0.11 0.30 7.49 8.54 4.26 4.27 5.24
f10 0.14 0.32 7.54 8.90 4.36 4.32 5.14
f11 0.12 0.30 7.61 8.72 4.47 4.70 5.62
f12 0.24 0.41 8.03 9.27 4.63 4.66 5.63
f13 0.24 0.42 8.08 9.17 4.44 4.42 5.32

Table 15   Comparisons of the 
runtime on the fixed-dimension 
multimodal benchmark 
functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f14 0.73 0.89 1.69 3.96 4.64 4.67 5.29
f15 0.11 0.30 1.57 3.42 4.17 4.18 4.84
f16 0.09 0.28 1.08 3.42 4.09 4.02 4.68
f17 0.09 0.27 1.07 3.29 3.99 4.00 4.62
f18 0.09 0.28 1.07 3.39 4.07 4.14 4.81
f19 0.16 0.33 1.29 3.29 4.04 4.06 4.70
f20 0.17 0.34 1.96 3.89 4.05 4.06 4.64
f21 0.28 0.39 1.59 3.62 4.06 4.09 4.68
f22 0.32 0.42 1.62 3.66 4.13 4.14 4.76
f23 0.39 0.47 1.68 3.74 4.13 4.22 4.82
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the highest computation time among the seven algorithms on the fixed-dimension 
multimodal benchmark functions. However, the CPU time of PCA–GOA is slightly 
longer than the GOA and CGOA. It indicates that time complexity of the principal 
component analysis mechanism is acceptable.

Tables  16, 17 and 18 present the allocated memory of the seven algorithms. 
These tables show that PCA–GOA demands more allocated memory than the other 
algorithms. However, the allocated memory of PCA–GOA is almost in the same in 
the level with the GOA and CGOA.

To continue evaluating the search capability and robustness of the proposed 
PCA–GOA, different number of iterations and population size are used to make fur-
ther comparisons. The results are shown in Tables 19, 20 and 21. From the tables, 
with the increasing of number of iterations and population size, all the algorithms 
provide better results.

Table  19 lists the results of the seven algorithms for unimodal test functions. 
Compared with other algorithms, the PCA–GOA always achieve better results 
on all unimodal test functions; meanwhile the superiority of the PCA–GOA is 

Table 16   Comparisons of the allocated memory on the unimodal benchmark functions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f1 5880 7496 22,308 32,976 87,720 72,568 110,752
f2 4588 7356 44,140 43,928 70,112 68,776 98,768
f3 15,056 18,044 47,836 51,424 67,632 69,660 88,816
f4 6280 6840 51,296 53,632 93,284 83,968 119,292
f5 3512 5084 37,940 35,032 70,068 66,408 96,400
f6 3788 5680 24,012 44,340 66,616 67,272 82,712
f7 5300 6408 23,668 34,964 66,336 68,752 102,104

Table 17   Comparisons of the allocated memory on the multimodal benchmark functions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f8 6812 6892 30,804 29,441 94,362 102,864 128,320
f9 5600 7053 35,488 38,780 87,500 123,126 144,208
f10 6405 8908 42,952 54,964 98,804 116,568 152,620
f11 4876 7549 33,748 40,268 97,936 107,316 132,065
f12 5698 8562 30,436 31,548 114,535 113,083 119,862
f13 5835 8632 28,956 20,480 76,588 77,859 91,629
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demonstrated by Table 22. The results show that the PCA–GOA is efficient enough 
to deal with the unimodal test functions

It can be seen from Tables 20 and 23 the PCA–GOA performs significantly better 
than the other algorithms on f10,f11,f12 and f13. Table 21 exhibits statistical results for 
the fixed-dimension multimodal benchmark functions. From the perspective of aver-
age fitness values, the PCA–GOA is the first rank on f14, f16, f17, f18 and f20 . In addi-
tion, Table 24 shows that p values of f14, f16 f17 and f18 are much below 0.05, which 
verify the performance of the PCA–GOA is much better than the other algorithms. 
Mainly, the PCA–GOA performs better than the PSO, BA, ALO, DA, GOA and 
CGOA on two types multimodal benchmark functions.

Tables 25, 26, 27, 28, 29 and 30, the CPU time and the allocated memory are 
increased due to the changing of iterate numbers and population size. The conclu-
sions are consistent with the above.

5 � Conclusion

In this paper, the GOA is modified by incorporating it with principal component 
analysis and novel inertia weight. The proposed PCA–GOA is assessed on 23 
benchmark functions with different number of iterations and population sizes. The 
experiments results show that the proposed PCA–GOA is much better than PSO, 
BA, ALO, DA, basic GOA and CGOA in most test cases. In the PCA–GOA, comb-
ing with the two strategies leads the CPU time and allocated memory rise. However, 
the increasing computation amount is limited.

For some cases, the PCA–GOA falls into local best solutions, and this is the 
biggest issue requires to be resolved in the future. Furthermore, the PCA–GOA is 
planned to solve some engineering problems.

Table 18   Comparisons of the allocated memory on the fixed-dimension multimodal benchmark func-
tions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f14 19,148 22,884 41,432 41,076 51,121 56,566 59,195
f15 6408 8968 43,672 30,536 29,352 34,890 47,789
f16 3916 8152 30,008 28,164 28,392 24,515 44,243
f17 5400 8232 29,768 32,000 28,260 27,288 50,784
f18 3336 8660 24,920 24,896 30,388 54,248 68,811
f19 5984 7632 21,388 23,928 32,516 48,434 52,879
f20 4300 9480 23,304 24,644 30,872 44,670 45,288
f21 8396 11,788 24,396 26,884 43,360 47,404 65,909
f22 10,872 11,912 27,560 25,892 25,952 30,900 43,257
f23 10,196 13,192 29,720 30,996 35,536 36,516 38,920
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Table 19   Results of the unimodal benchmark functions

Functions Result Algorithm

PSO BA ALO DA GOA CGOA PCA–GOA

f1 Best 0.21309 0.02583 5.76E−07 405.388 0.06608 1.22671 3.99E−13
Worst 203.657 0.53878 3.02E−05 2415.59 483.001 527.755 8.68E−11
Mean 54.2991 0.14988 8.94E−06 1092.68 106.618 93.5359 1.11E−11
Std 58.0715 0.11796 7.13E−06 444.735 115.877 112.435 1.73E−11

f2 Best 1.97737 13.6744 0.05527 1.45367 0.50270 1.10884 7.84E−07
Worst 62.0617 535.638 125.933 24.1610 712.760 137.472 1.24E−05
Mean 27.4249 117.827 36.2333 13.6662 85.5351 58.1106 2.29E−06
Std 15.7761 83.6296 47.2792 5.95520 127.017 47.4482 2.27E−06

f3 Best 384.546 1.72656 400.425 2560.12 197.353 315.905 3.77E−11
Worst 45548.0 8522.64 2080.09 31,917.2 1810.51 10,641.6 3.19E−09
Mean 16,828.9 1998.53 1161.83 11,004.1 533.559 1455.05 4.52E−10
Std 11,391.3 2295.62 458.115 6929.55 378.420 2027.90 7.08E−10

f4 Best 0.11238 5.40982 2.79544 10.7867 1.80080 1.31416 5.80E−07
Worst 4.89848 26.5353 17.7754 40.0000 10.0082 10.8589 3.51E−06
Mean 1.75054 13.8021 11.0507 24.3342 4.33432 5.00720 1.66E−06
Std 1.17736 4.87076 3.64998 7.22017 1.69257 2.17990 6.63E−07

f5 Best 40.5924 415.523 21.5934 17425.4 30.2311 26.1317 7.09E−11
Worst 94279.2 2461.73 1676.74 738,990 46,348.6 7620.50 28.7031
Mean 12,066.5 888.751 259.503 134,082 3784.22 1588.88 20.0873
Std 26,850.4 490.323 454.051 141,900 8850.00 2213.22 13.1502

f6 Best 6.70496 0.03009 1.28E−06 289.813 0.21175 0.63739 1.51E−12
Worst 166.673 271.561 3.07E−05 3127.03 836.020 1026.11 2.74E−10
Mean 53.1534 9.23151 8.70E−06 1245.81 123.395 152.789 3.15E−11
Std 46.2904 48.7138 5.88E−06 608.794 182.278 235.586 6.19E−11

f7 Best 0.03447 61.2860 0.04027 0.12114 0.06016 0.12844 0.00007
Worst 8.15545 130.805 0.14088 0.96778 0.27978 2.62027 0.03364
Mean 0.73988 99.4434 0.09834 0.34497 0.16635 0.49900 0.00655
Std 1.92179 17.0332 0.02405 0.17594 0.05426 0.48635 0.00868
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Table 20   Results of the multimodal benchmark functions

Func-
tions

Result Algorithm

PSO BA ALO DA GOA CGOA PCA–GOA

f8 Best − 8610.29 − 8283.98 − 9805.83 − 7063.12 − 8362.62 − 8496.78 − 8113.62
Worst − 5485.07 − 4875.35 − 5417.67 − 4092.59 − 5731.11 − 5828.87 − 4868.62
Mean − 6948.11 − 7028.53 − 5799.46 − 5499.38 − 7112.65 − 7263.26 − 6215.06
Std 815.674 661.431 1058.97 635.520 629.307 706.873 789.169

f9 Best 57.3497 208.553 49.7479 68.1314 110.545 107.471 114.269
Worst 248.540 355.320 143.273 249.593 287.755 268.726 333.720
Mean 150.536 271.298 80.5915 156.251 178.974 192.217 220.072
Std 46.3310 34.4496 20.3012 37.9877 40.7262 41.3614 49.5172

f10 Best 0.13149 2.77894 1.34042 3.00933 0.93868 2.62095 2.15E−07
Worst 14.7262 19.8364 3.78562 11.8128 19.6302 19.8435 3.19E−06
Mean 3.49438 8.18858 2.27194 8.63044 8.28998 9.17465 9.49E−07
Std 3.21745 6.87101 0.62751 1.83046 6.84657 6.91831 6.60E−07

f11 Best 0.44963 100.001 0.00010 2.82206 0.05124 0.46660 7.11E−13
Worst 3.00872 320.790 0.05754 27.0634 4.60759 8.97092 3.02E−11
Mean 1.45743 201.190 0.01328 11.4754 1.95515 1.98355 8.45E−12
Std 0.63252 48.1193 0.01252 6.58211 1.06081 2.02854 7.53E−12

f12 Best 0.68150 13.9170 3.62897 5.71001 1.22570 0.29290 2.55E−15
Worst 3.76674 40.2508 17.8881 29872.2 5.58527 9.15811 2.49E−13
Mean 1.72744 24.7966 9.34067 1026.15 2.98264 3.45463 5.06E−14
Std 0.77104 6.01853 3.15490 5356.60 1.16218 1.76212 5.06E−14

f13 Best 4.13490 0.25575 0.00001 52.1945 0.07992 0.12519 1.05E−13
Worst 16.8400 0.61280 13.0282 553861 32.9731 31.9114 2.40E−12
Mean 6.14172 0.39239 0.57375 74209.1 4.52317 5.43694 8.78E−13
Std 2.73566 0.09009 2.35404 120,116 6.20642 7.47445 6.63E−13
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Table 21   Results of the fixed-dimension multimodal benchmark functions

Func-
tions

Result Algorithm

PSO BA ALO DA GOA CGOA PCA–GOA

f14 Best 0.99800 0.99800 0.99800 0.99800 0.99800 0.99800 0.99800
Worst 0.99815 22.9006 2.98211 0.99800 0.99800 0.99800 0.99800
Mean 0.99801 9.10887 1.36222 0.99800 0.99800 0.99800 0.99800
Std 0.00003 6.45325 0.60029 5.91E−10 4.64E−16 1.24E−12 3.33E−16

f15 Best 0.00133 0.00060 0.00050 0.00039 0.00052 0.00066 0.00031
Worst 0.02255 0.02037 0.02036 0.02036 0.07747 0.10778 0.02166
Mean 0.00739 0.00561 0.00212 0.00480 0.01238 0.00710 0.00627
Std 0.00795 0.00816 0.00488 0.00716 0.01556 0.01978 0.00878

f16 Best − 1.03158 − 1.03161 − 1.03163 − 1.03163 − 1.03163 − 1.03163 − 1.03163
Worst − 1.02640 − 1.03020 − 1.03163 − 1.03162 − 1.03163 − 1.03163 − 1.03163
Mean − 1.03027 − 1.03118 − 1.03163 − 1.03163 − 1.03163 − 1.03163 − 1.03163
Std 0.00114 0.00040 4.25E−14 1.89E−06 1.70E−14 1.66E−08 0

f17 Best 0.39789 0.39791 0.39789 0.39789 0.39789 0.39789 0.39789
Worst 0.40016 0.39930 0.39789 0.39789 0.39789 0.39789 0.39789
Mean 0.39833 0.39827 0.39789 0.39789 0.39789 0.39789 0.39789
Std 0.00048 0.00038 7.65E−15 4.67E−07 2.47E−14 4.89E−09 1.11E−16

f18 Best 3.00033 3.00132 3.00000 3.00000 3.00000 3.00000 3.00000
Worst 3.11706 3.20848 3.00000 3.00018 84.0000 84.0000 3.00000
Mean 3.02447 3.04631 3.00000 3.00001 8.40000 5.70000 3.00000
Std 0.02650 0.04725 2.65E−12 0.00003 20.2050 14.5400 1.14E−14

f19 Best − 3.86278 − 3.85824 − 3.86278 − 3.86278 − 3.86278 − 3.86263 − 3.86278
Worst − 3.86278 − 3.76405 − 3.86278 − 3.86186 − 2.43776 − 2.74575 − 3.28329
Mean − 3.86278 − 3.83391 − 3.86278 − 3.86270 − 3.41151 − 3.61797 − 3.75482
Std 2.66E−15 0.02232 2.45E−14 0.00020 0.40574 0.30596 0.11268

f20 Best − 3.32200 − 3.05784 − 3.32200 − 3.32200 − 3.32200 − 3.32200 − 3.32200
Worst − 1.70606 − 2.63925 − 3.20307 − 3.07987 − 3.19243 − 3.19122 − 3.20203
Mean − 3.13002 − 2.81651 − 3.26651 − 3.27100 − 3.26880 − 3.28115 − 3.28224
Std 0.40197 0.10239 0.05932 0.07351 0.06087 0.05780 0.05622

f21 Best − 10.1532 − 9.65726 − 10.1532 − 10.1532 − 10.1532 − 10.1532 − 10.1532
Worst − 2.63047 − 2.38874 − 2.63047 − 2.63047 − 2.63047 − 2.63047 − 2.63047
Mean − 5.71467 − 4.83449 − 7.12753 − 7.86558 − 5.63605 − 5.65504 − 6.05127
Std 3.07974 2.11232 3.13865 2.63198 3.12298 3.49476 3.26626

f22 Best − 10.4029 − 9.85836 − 10.4029 − 10.4029 − 10.4029 − 10.4029 − 10.4029
Worst − 2.75193 − 1.72241 − 2.76590 − 1.83660 − 1.83759 − 1.83759 − 1.83759
Mean − 6.14797 − 5.35734 − 7.72039 − 8.62315 − 6.03851 − 6.72014 − 6.15327
Std 3.32395 2.81672 3.12212 2.98015 3.62025 3.55225 3.55723

f23 Best − 10.5364 − 9.64671 − 10.5364 − 10.5364 − 10.5364 − 10.5364 − 10.5364
Worst − 1.85948 − 1.63682 − 1.85948 − 2.42160 − 1.67655 − 1.67655 − 1.67655
Mean − 5.46098 − 4.64417 − 5.67463 − 8.28955 − 5.63423 − 5.11482 − 6.15239
Std 3.45541 2.75573 3.32986 3.00765 3.80109 3.41296 3.89297
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Table 22   P values obtained from the Wilcoxon rank-sum test on unimodal benchmark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f1 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f2 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f3 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f4 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f5 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f6 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f7 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06

Table 23   P values obtained from the Wilcoxon rank-sum test on multimodal benchmark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f8 0.006 4.90E−04 0.005 0.003 1.15E−04 1.25E−04
f9 6.32E−05 3.88E−04 1.73E−06 1.64E−05 0.007 0.045
f10 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f11 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f12 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06
f13 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06 1.73E−06

Table 24   P values obtained from the Wilcoxon rank-sum test on the fixed-dimension multimodal bench-
mark functions

Function PSO versus 
PCA–GOA

BA versus PCA–
GOA

ALO versus 
PCA–GOA

DA versus PCA–
GOA

GOA versus 
PCA–GOA

CGOA 
versus PCA–
GOA

f14 1.73E−06 1.73E−06 0.005 1.23E−05 0.025 1.73E−06
f15 0.098 0.614 0.026 0.750 0.178 0.428
f16 1.73E−06 1.73E−06 4.70E−06 4.01E−05 4.74E−06 1.73E−06
f17 1.73E−06 1.73E−06 7.92E−06 4.01E−05 3.66E−06 1.73E−06
f18 1.73E−06 1.73E−06 1.73E−06 8.67E−05 6.15E−06 1.73E−06
f19 1.73E−06 0.001 1.73E−06 1.92E−06 3.32E−04 0.027
f20 0.036 1.73E−06 0.600 0.041 0.003 0.136
f21 0.808 0.141 0.614 0.147 0.465 0.478
f22 0.497 0.299 0.086 0.079 0.829 0.894
f23 0.637 0.360 0.478 0.020 0.910 0.797



5632	 X. Yue, H. Zhang 

1 3

Table 25   Comparisons of 
the runtime on the unimodal 
benchmark functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f1 0.57 1.38 57.77 55.27 31.64 32.06 35.65
f2 0.61 1.40 60.49 55.56 31.35 32.03 36.08
f3 3.09 3.83 62.44 57.65 33.24 35.04 37.90
f4 0.67 1.43 60.60 55.21 31.50 32.53 35.89
f5 0.74 1.50 60.69 57.11 31.51 32.40 35.41
f6 0.57 1.35 60.58 56.78 31.34 32.02 36.02
f7 0.75 1.52 60.01 57.18 31.38 31.00 36.83

Table 26   Comparisons of the 
runtime on the multimodal 
benchmark functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f8 0.63 1.39 61.62 55.41 31.20 32.72 35.57
f9 0.70 1.51 58.73 56.17 31.26 32.96 34.91
f10 0.80 1.59 59.64 57.44 31.56 32.49 34.95
f11 0.74 1.49 58.17 56.77 31.56 32.78 35.10
f12 1.27 2.03 59.78 58.46 32.20 33.20 36.30
f13 1.28 2.02 59.56 57.73 32.21 33.26 36.38

Table 27   Comparisons of the 
runtime on the fixed-dimension 
multimodal benchmark 
functions

Function Runtime (s)

PSO BA ALO DA GOA CGOA PCA–GOA

f14 3.39 4.08 10.08 23.17 30.46 33.98 36.20
f15 0.66 1.43 11.18 20.98 30.90 30.69 31.17
f16 0.56 1.33 9.60 21.29 27.98 29.37 29.93
f17 0.54 1.31 9.47 20.95 28.08 29.38 30.03
f18 0.56 1.32 9.48 21.09 28.15 29.41 31.19
f19 0.93 1.67 10.78 21.99 31.38 30.97 33.51
f20 1.01 1.72 15.15 24.65 31.48 30.79 35.03
f21 1.22 1.97 11.46 22.93 31.28 31.11 33.40
f22 1.39 2.12 11.83 23.41 31.77 31.46 33.90
f23 1.66 2.39 12.65 23.77 31.73 31.41 34.52
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Table 28   Comparisons of the allocated memory on the unimodal benchmark functions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f1 13,380 14,748 31,080 43,044 242,692 241,512 254,692
f2 17,104 28,396 57,036 64,900 240,724 243,280 245,168
f3 26,140 33,932 54,152 79,524 240,612 233,640 245,076
f4 9480 12,804 66,784 70,048 242,988 235,980 264,092
f5 6012 12,532 55,804 55,416 236,688 230,896 239,996
f6 6560 10,844 27,908 57,136 248,404 239,700 264,172
f7 6716 12,036 49,664 44,200 232,292 219,176 240,216

Table 29   Comparisons of the allocated memory on the multimodal benchmark functions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f8 11,780 14,764 52,416 35,148 272,692 243,556 279,596
f9 18,768 14,220 40,952 43,344 234,656 232,984 255,340
f10 6680 73,052 45,288 68,737 232,964 211,020 256,888
f11 4908 62,080 56,864 44,512 235,824 221,036 245,436
f12 30,740 51,756 32,816 34,912 236,956 230,976 242,620
f13 10,632 35,876 36,592 24,520 231,308 212,776 251,096

Table 30   Comparisons of the allocated memory on the fixed-dimension multimodal benchmark func-
tions

Function Memory usage (Kb)

PSO BA ALO DA GOA CGOA PCA–GOA

f14 48,628 49,540 49,172 56,404 70,014 71,071 76,228
f15 17,780 50,564 48,560 31,128 44,668 45,468 59,324
f16 15,264 37,504 42,848 33,076 55,240 52,144 64,076
f17 19,348 27,700 34,776 39,228 75,480 74,036 80,360
f18 13,124 35,976 23,080 30,904 69,084 66,208 79,404
f19 20,460 34,452 23,904 30,148 92,824 90,548 101,320
f20 12,064 13,952 27,640 28,740 60,416 63,236 65,624
f21 23,212 18,392 31,280 32,300 68,964 62,396 89,816
f22 37,436 53,500 31,780 28,112 55,840 57,772 62,360
f23 43,036 19,820 34,904 36,844 42,560 41,012 47,360
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