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Dynamic multi-swarm particle swarm optimization using population
entropy to start reverse learning
LIANG Xiaolei', ZHANG Mengdi', ZHOU Wenfeng”>, WU Jianguo'

(1 School of Automobile and Traffic Engineering, Wuhan University of Science and Technology, Wuhan 430065, China;
2 School of Transportation and Logistics Engineering, Wuhan University of Technology, Wuhan 430065, China)

Abstract; Due to particle swarm optimization( PSO) easily being trapped in local optimum, a dynamic multi—type particle swarm
optimization based on population entropy to start each dimension mutation adaptively is proposed. Inspired from the lion group
searching behaviors, a dynamic multi-type particle division strategy is provided to divide the particles into three different classes,
and implements different information updating models on them, which can maintain the diversity of particles in the search process. In
the iterative stage, the algorithm introduces a population entropy value as the judgment condition to start the reverse learning strategy
for the global optimal particles, thereby helping the particles to jump out of local optimal. Numerical experiments show that the
proposed algorithm has stronger search ability then other selected algorithms with excellent performance in terms of accuracy and
search speed.

Key words: particle swarm optimization; lions algorithm; population entropy; reverse learning; dynamic multi-type division.
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Table 3  Comparison of test function results for different count
values (D =30 dimension)

Func Court Max Min Mean

f 60 2.87E+01 3.94E-07 1.90E+01
50 2.87E+01 6.44E-07 9.43E+00
40 2.87E+01 1.12E-06 1.79E+01
30 2.87E+01 1.72E-07 1.65E+01
20 2.87E-04 1.22E-06 4.12E-05

S 60 7.71E-04 3.82E-04 4.38E-04
50 6.18E-04 3.82E-04 4.23E-04
40 9.40E-04 3.82E-04 4.67E-04
30 8.52E-04 3.82E-04 4.38E-04
20 1.22E-03 3.82E-04 4.72E-04
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Table 4 Effectiveness data of algorithm construction strategy (D =

30 dimension)
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Fig. 3 Comparison of running time (D =30 dimension)
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Table 5 Experimental results of function test (D =30 dimension)
GA SPSO SAPSO CLPSO DMPSORH  HPSO-TS DMPSO-PERL

fi Max 8.63E+01 1.71E-02 1.61E+04 1.84E-09  8.90E-108 0 0
Min 1.12E+00 1.50E-03 4.22E+03 2.35E-10  5.00E-126 0 0
Mean 1.20E+01 6.02E-03 9.41E+03 8.53E-10  3.10E-109 0 0
SD 1.70E+01 4.04E-03 3.10E+03 4.01E-10  1.60E-108 0 0

)2 Max 4.41E+04 5.78E+00 5.03E+04 4.55E+03 1.50E-06 0 0
Min 1.79E+04 5.87E-01 5.67E+03 1.56E+03 1.04E-08 0 0
Mean 2.85E+04 2.53E+00 1.69E+04 3.02E+03 3.54E-07 0 0
SD 6.02E+03 1.37E+00 9.66E+03 7.15E+02 3.89E-07 0 0

f Max 2.93E+02 2.94E+01 1.19E+03 3.86E+01 2.27E-02 2.90E+01 2.75E-04
Min 1.46E+01 2.22E+01 1.71E+02 1.73E+01 3.57E-04 2.89E+01 1.22E-06
Mean 1.52E+02 2.54E+01 4.31E+02 2.36E+01 7.46E-03 2.89E+01 4.12E-05
SD 7.05E+01 1.45E+00 1.87E+02 3.86E+00 5.96E-03 3.05E-02 6.13E-05

fa Max 2.89E+00 1.19E-01 1.25E+02 2.76E-06 7.06E-02 0 0
Min 1.43E+00 1.40E-02 3.84E+01 3.98E-08 0 0 0
Mean 1.84E+00 3.99E-02 7.14E+01 7.08E-07 7.52E-03 0 0
SD 3.33E-01 2.14E-02 1.93E+01 7.14E-07 1.43E-02 0 0

fs Max 2.07E+01 4.17E+00 2.00E+01 2.72E-05 4.26E-14 3.55E-15 0
Min 1.93E+01 2.01E+00 1.22E+01 9.75E-06 3.55E-15 0 0
Mean 2.01E+01 3.01E+00 1.67E+01 1.62E-05 1.84E-14 9.47E~-16 0
SD 3.26E-01 5.35E-01 2.56E+00 3.51E-06 8.66E-14 1.57E-15 0

Js Max 2.86E+02 7.26E+01 1.96E+02 1.04E-02 0 0 0
Min 1.58E+02 2.59E+01 1.18E+02 2.49E-04 0 0 0
Mean 2.33E+02 4.19E+01 1.51E+02 2.33E-03 0 0 0
SD 3.13E+01 1.18E+01 1.88E+01 2.12E-03 0 0 0

S Max 7.60E+03 8.15E+03 9.06E+03 1.18E+02 3.55E+03 9.34E+03 1.22E-03
Min 4.72E+03 4.56E+03 6.41E+03 3.82E-04 3.82E-04 4.05E+03 3.82E-04
Mean 6.15E+03 6.22E+03 8.14E+03 3.95E+00 2.37E+02 8.08E+03 4.72E-04
SD 7.54E+02 1.04E+03 5.58E+02 2.13E+01 9.01E+02 1.15E+03 1.56E-04

fs Max 4.10E+01 1.68E£+01 4.18E+01 2.66E-04 2.84E-14 0 0
Min 3.16E+01 7.46E+00 3.57E+01 1.12E-04 0 0 0
Mean 3.67E+01 1.07E+01 3.92E+01 2.00E-04 1.89E-15 0 0
SD 2.54E+00 2.03E+00 1.63E+00 4.44E-05 6.17E-15 0 0
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