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K-means clustering Beetle Swarm Optimization algorithm
based on weight distribution strategy

GUO Xiaoyu,GAO Ying, LI Ning, ZHOU Canji, YAN lijie

( School of Computer Science and Cyber Engineering , Guangzhou University , Guangzhou 510006, China)

[ Abstract] To improve the social information utilization rate of the Beetle Swarm Optimization (BSO) algorithm in the population
regeneration stage and enhance the global optimization ability of the BSO algorithm in multimodal functions, a K—means clustering
Beetle Swarm Optimization (KMBSO) algorithm based on weight distribution strategy is proposed. Firstly, this algorithm uses the k
—means clustering algorithm and the silhouette coefficient method to divide the population into k—optimal clustering subgroups. Then
the optimal individual in each subgroup is selected and their influence weight is allocated according to the corresponding fitness
value. Finally, the social learning part of the original algorithm is optimized by a joint decision—making method of multi—optimal
individuals to reduce the impact of the global optimal individual when the population location is updated. The proposed algorithm is
simulated in 15 different benchmark functions and the experimental results show that it has better optimization accuracy and stability
than the BSO algorithm and three classical intelligent optimization algorithms.
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PR BRI FR HRIEHE B ARE
N Sphere [ -100,1007" 0
b Schwefel 2.22 [-10,10]" 0
3 chwefel 1. - 100,100
f: Schwefel 1.2 [ ,100]2 0
J4 Step [ - 100,100]” 0
S5 Quartic with Noice [-1.28,1.28]" 0
fo Rastrigrin [-512,5.12]7 0
f Ackley [-32,32]" 0
s Griewank [ - 600,6007" 0
fo Pentalty #1 [-50,50]” 0
10 entalty # - 50,50
£ Pentalty #2 [ ,501° 0
1 hekel’ s Foxhole - 65,65 .
/ Shekel” s Foxhol [ ,6572 0.998 0
Jfi2 Kowalik [-5,5]* 0.000 3
i3 Six—hump Camel [-5,5]° -1.031 6
Sia Goldstein—Price [-2,2]? 3
fis Shekel 5D [0,10]* -10.153 2
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Tab. 2 Performance comparison of the five algorithms on unimodal test functions

BSO APSO SCA SSA KMBSO

Mean Std \4 Mean Std \4 Mean Std \% Mean Std w Mean Std

fi 5 5.51e-181 0.00e+00 = 5.07e-120 9.93e-120 + 1.3e—100 5.9¢-100 4.38e-11 2.56e-11 + 1.00e-180 0.00e+00
10 3.95e-56 1.65e-55 1.59e-60 5.67e-60 2.15e-46 8.39e-46 + 4.14e-10 9.45e¢-11 + 2.64e—-62 9.84e—62
30 1.47e-02 3.08e-02 1.23e+04 8.83e+03 + 1.31e-07 2.83e-07 - 4.92¢-09 9.72¢-10 - 5.09¢e-04 8.77¢-04
S 5 1.62e-30 8.73e-30 1.96e-60 2.54¢—60 7.07e-55 1.22e-54 - 1.11e-06 3.14e-07 + 4.83e-52 2.25e-51

+

+ o+ o+ o+

10 1.10e-03  3.18e-03 2.00e+00 4.00e+00 = 3.61e—29 7.09¢-29 - 4.96e-06 8.73e-07 + 3.62¢-07 1.24e-06

30 1.17e+00 1.77e+00 = 2.50e+01 1.36e+01 + 2.59e—08 3.99¢-08 - 8.39¢-02 1.82¢-01 - 7.78e-01 6.28e—-01

S5 5 9.7e-181 0.00e+00 = 3.6e-119 1.le-118 + 1.62e-77 8.52e-77 + 4.06e—11 1.92e-11 + 3.10e—180 0.00e+00
10 4.83¢-45 2.6e-44 - 1.50e+03 5.8¢-78 = 1.95¢-24 1.03e-23 + 5.19¢e-10 1.56e-10 + 3.63e-41 1.71e-40

30 4.31e-01 1.01e+00 - 5.36e+04 1.0le+04 + 2.85e+02 5.90e+02 + 9.92¢—06 2.87¢-05 - 1.11e+01 1.11e+01

Si 5 0.00e+00 0.00e+00 = 0.00e+00 0.00e+00 = 4.34e-03 1.95e-03 + 4.45e-11 2.12e=11 + 0.00e+00 0.00e+00
10 0.00e+00 0.00e+00 = 0.00e+00 0.00e+00 = 1.21e-01 7.36e-02 + 3.67e-10 8.46e-11 + 0.00e+00 0.00e+00

30 5.67¢-03 7.29¢-03 + 1.25e+04 6.73e+03 + 3.40e+00 2.46e-01 + 4.68¢—09 8.64e—10 = 5.52¢-04 1.08e-03

fs 5 7.72e-05 7.53e-05 + 7.06e-05 7.29e-05 + 7.06e-05 7.29e-05 + 1.30e-04 8.60e-05 + 1.46e—05 1.17e-05
10 2.64e-04 2.95e-04 + 4.34e-04 3.99¢-04 + 1.63e-04 1.83e-04 + 6.94e-04 4.60e-04 + 3.78e—05 2.36e—05

30 2.60e-03 1.84e-03 + 4.68e-01 1.97e+00 + 5.73e-03 4.58¢—03 + 8.11e-03 3.91e-03 + 1.90e—-04 8.90e-05
Total 8/5/2 9/6/0 11/0/4 11/1/3 +/=/-
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Tab. 3 Performance comparison of the five algorithms on multimodal test functions

BSO APSO SCA SSA KMBSO

s Mean Std W Mean Std W Mean Std W Mean Std W Mean Std

Jo 5 6.63e-01 1.10e+00 + 2.65e-01 4.40e-01 + 0.00e+00 0.00e+00 = 1.59¢+00 9.47e-01 + 0.00e+00 0.00e+00
10 4.98e+00 3.89¢+00 + 1.07e+01 9.95e-01 + 0.00e+00 0.00e+00 - 8.89¢+00 4.34e+00 + 4.33e-01 1.09e+00
30 2.12e+01  1.30e+01 + 1.37e+02 4.98e+01 + 1.41e+00 5.17e+00 - 3.17e+01 1.16e+01 + 1.39e+01 1.13e+01

fi 5 3.85e—-15 1.6le-15 + 2.19¢-15 1.71e-15 + 8.88e-16 9.86e-32 = 3.73e-06 1.13e-06 + 8.88¢e—16 9.86e-32
10 7.16e-15 1.50e—15 - 7.67e+00 8.88e-16 + 4.09e—-15 1.07e—-15 - 5.49e-02 2.96e-01 + 5.40e-11 1.77e-10
30 9.31e—04 1.09¢e-03 - 1.96e+01 1.44e+01 + 6.98¢+00 9.20e+00 = 6.27e-01 7.08e-01 + 5.10e—-01 4.24e-01

fs 5 1.17e-01 6.92e-02 + 3.01e-02 4.67e-02 + 0.00e+00 0.00e+00 — 9.07e—02 4.55e-02 + 2.05e-03 4.67¢-03
10 2.25¢-01 1.91e-01 + 1.58e-01 4.43e-02 + 1.30e—09 6.93¢—09 - 2.40e-01 1.02e-01 + 9.97¢-03 8.98¢-03
30 4.21e-02 2.44e-02 - 1.42e+02 3.46e-02 + 1.89¢-02 5.71e-02 - 9.68¢—03 9.76e—03 - 5.73e-01 1.67e¢-01

fo 5 9.42e-32 6.57e-47 = 9.42e-32 6.57e-47 = 1.66e-03 7.84e-04 + 1.25e-12 6.0le-13 + 9.42¢-32 6.57e—-47
10 5.18e-02 1.16e-01 = 2.07e-02 4.71e-32 = 3.22¢-02 1.49¢e-02 + 5.18¢-02 1.81e-01 + 4.51e-23 2.43e-22
30 3.14e-01 3.23e-01 + 8.53e+06 3.57¢+00 + 3.18e-01 6.33e-02 + 8.78e-01 9.08e-01 + 3.71e-03 1.91e-02

Sfio 5 3.66e-04 1.97e-03 = 1.35e-32 5.47e-48 = 4.93e-03 2.07e-03 + 2.77e-12 1.50e-12 + 1.35¢e-32 5.47c-48
10 4.03e-03 8.74e-03 = 7.32e-04 1.35e-32 = 1.13e-01 5.63e-02 + 1.55e—-11 4.95¢-12 - 3.66e-04 1.97¢-03
30 8.15¢-01 7.69¢-01 + 4.10e+07 1.07e-01 + 1.95¢+00 1.84e-01 + 2.93¢—03 4.86e—03 = 1.75¢-02 2.19¢-02

Total 8/4/3 117470 6/3/6 12/1/2 +/=/-
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Tab. 4 Performance comparison of the five algorithms on fixed—dimensional multimodal test functions

. BSO APSO SCA SSA KMBSO
s Mean Std W Mean Std W Mean Std W Mean Std W Mean Std
Sii 2 9.98e-01 3.33e—-16 = 9.98e—01 3.33e-16 = 9.98e-01 4.60e-07 + 9.98¢-01 3.33e-16 = 9.98¢—01 3.33¢-16
fo 4 7.69e-04 4.54e-04 = 1.20e-03 1.73e—04 + 5.78¢-04 4.18¢-04 = 5.15¢-04 3.4le-04 = 6.14e-04 4.52¢-04
fiz 2 —-1.03e+00 0.00e+00 = -1.03e+00 0.00e+00 = -1.03e+00 2.66e-06 + —1.03e+00 4.72e-15 = -1.03e+00 1.13e-07
Sfia 2 3.00e+00 4.44e-16 = 3.00e+00 4.44e—16 = 3.00e+00 3.07e-07 + 3.00e+00 2.0le-14 + 3.00e+00 4.44c-16
fis 4 -1.02e+00 8.91e-01 + -2.41e+00 1.12e+00 + =5.19¢+00 1.65¢+00 + -8.97e+00 2.15¢+00 = =9.86e+00 5.73e—-01
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Tab. 5 Wilcoxon signed—rank test statistics of five algorithms in different dimensions

Algorithm D + = - Algorithm D + = -
KMBSO-BSO <5 6 9 0 KMBSO-APSO <5 7 0
10 5 3 2 10 4 6 0
30 6 1 3 30 10 0 0

Total 17/13/5 Total 22/13/0
KMBSO-SCA <5 10 3 2 KMBSO-SSA <5 11 4 0
10 6 0 4 10 9 0 1
30 5 1 4 30 4 2 4

Total 21/4/10 Total 24/6/5
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Fig. 1 Comparison of convergence curves of the five algorithms
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