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Comprehensive Learning Particle Swarm Optimization Based on Optimal
Crossover
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(School of Information Engineering , Jingdezhen Ceramic University , Jingdezhen 333403, China)

Abstract: Particle swarm optimization (PSO) algorithm has been widely used in large—scale complex problems such as resource allocation in
recent years because of its simple implementation and easy operation. However, the slow convergence speed and low solution accuracy of the
algorithm also restrict its further application. In order to solve the above problems, this paper introduces the chromosome crossing characteris-
tics of genetic algorithm, and combines with comprehensive learning particle swarm optimization, proposes a comprehensive learning particle
swarm optimization based on optimal crossing. It can improve the convergence speed of the algorithm and the accuracy of solving the problem
by performing the optimal crossover operation between the global optimal particle position and the historical optimal position of the individual
to obtain a better individual. The experimental results of benchmark function show that the proposed algorithm has faster convergence speed
and optimization accuracy than the original algorithm, and the results of Friedman test and Wilcoxon signed—rank test show that the proposed
algorithm has better advantages than other comparison algorithms.
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Fig.1 Crossover operation
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Algorithm : CLS

1 if m > FixedTimes then

2 V= wV+e,r, (pbest=X )+c,r, (gbest—X ) ;

3 else

4 fori=1:N do

5 for d=1:dim do

6 if r'>Pc; then

7 pbest®, ,,=pbest" ;

8 else

9 x=randperm(N, 1) ;

10 pbest;,,=pbest’ ;

11 end

12 v!'=ov'+er' (pbest! ,,—x") ;

13 end

14 end

15 end
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Algorithm : CLS

1ifr>0.5 then

2 [pbest,, , gbest,,  ]=SinglePointCross(pbest, gbest) ;

3 else

4 [pbest,,,, , gbest,, ]=DoublePointCross(pbest, gbest) ;

Send

6 pbest=argmin [ F (pbest ), F (pbest,, )} ;

7 ghest=argmin {F(gbest) , F(gbest_ )|}
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Table 1 Parameter setting of algorithms

®1 HESHEE

FRRERLSE de Rk AR

GER7S ROIVE 234
IN %
0PSO ©=[0.9,0.4],c1=2,c2=2 30 5000
CPSO x=0.729 844, ¢1=2.05,¢2=2.05 30 5000
0=[0.9,0.4],c=1.494 45,¢1=2,¢2
CLPSO 30 5000
=2, m=7
DCPSO ©=[0.95,0.3],c¢1=2,c2=2 30 5000
©=[0.99,0.2],c1=[2.5,0.5],c2=
HCLPSO 30 5000
[0.5,2.5],¢=[3,1.5]
CCPSO-ISM ©=0.6,¢=2,p=0.05 30 5000
©=[0.9,0.4],a=0.000 035m, b=
AWPSO 30 5000
0.5,¢=0,d=1.5
©=[0.9,0.4],c=1.494 45,c1=2,c2
CLPSO-0C 30 5000
=2,m=7

Table 2 Information of benchmark test function

®2 BENKRHER
A Bt

ST )
D fE/*
f,(x) Quadric 30 0 [-10,10]
fz(x) Sphere 30 0 [-5.12,5.12]
fi(x) Schwefel ’s P22 30 0 [-10,10]
Unimodal X
/s (x) Rosenbrock 30 0 [5,10]
f5(x) Sum Squares 30 0 [-10,10]
Sy (x) Step 30 0 [-100,100]
f(x) Ackley 30 0 [-32,32]
fe (x) Michalewicz 10 -9.66 [0,7]
fo(x) Schwefel 30 0 [-500,500]
Multimodal
fm(x) Dixon—Price 30 0 [-10,10]
S, (x) Griewank 30 0 [-600,600]
f,z(x) Rastrigin 30 0 [-5.12,5.12]
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Table 3 Comparison of benchmark function test performance

®3 BEEFRHNAERLIER

Functions Criterion 0PSO CPSO CLPSO DCPSO HCLPSO CCPSO-ISM AWPSO CLPSO-0C
min 1.17E-03 1.32E-10 9.61E-04 1.62E-04 3.65E-14 3.79E+00 6.32E-06 2.27E-06

/i mean 2.51E+00 2.56E+00 5.05E-03 2.53E-03 2.63E-07 8.39E+00 3.45E-01 4.37E-05
std 7.35E+00 1.13E+01 3.90E-03 2.37E-03 4.65E-06 2.05E+00 5.96E+00 4.07E-05

min 2.63E-36 6.03E-92 9.25E-57 1.31E-61 1.89E-100 4.40E-25 1.47E-33 1.32E-71

5 mean 4.36E-32 9.44E-77 4.66E-55 2.50E-55 3.78E-80 2.33E-21 7.41E-21 1.99E-67
std 1.67E-31 8.54E-76 5.52E-55 2.08E-54 3.74E-79 1.48E-20 7.06E-20 4.66E-67

min 1.85E-22 1.85E-27 1.49E-32 1.30E-36 9.03E-18 9.20E-10 3.41E-13 1.51E-40

£ mean 2.17E-19 1.29E-12 1.57E-31 7.31E-31 3.88E-09 2.66E-06 5.08E-07 2.65E-39
std 1.02E-18 8.08E-12 1.07E-31 2.48E-30 2.08E-08 5.95E-06 2.18E-06 4.36E-39

min 4.83E+00 1.24E-06 3.12E-01 2.17E+01 1.19E-05 7.39E-01 2.86E-02 2.18E-01

fu mean 1.37E+02 8.37E+01 4.76E+01 2.66E+01 3.60E+01 3.15E+01 3.66E+02 2.58E+01
std 2.47E+02 3.67E+02 3.54E+01 2.67E-01 2.98E+01 7.07E-01 2.51E+03 3.40E+01

min 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

/s mean 0.00E+00 2.47E+00 0.00E+00 0.00E+00 6.00E-02 0.00E+00 4.00E-02 0.00E+00
std 0.00E+00 4.554+00 0.00E+00 0.00E+00 2.39E-01 0.00E+00 1.97E-01 0.00E+00

min 1.86E-34 4.68E-89 1.28E-54 1.32E-101 7.77E-102 5.59E-24 2.53E-33 9.63E-69

s mean 6.60E-31 6.37E-75 1.82E-53 2.56E-54 7.85E-87 9.76E-20 5.00E-20 1.40E-65
std 1.92E-30 4.29E-74 1.94E-53 1.45E-53 7.12E-86 6.99E-19 4.49E-19 6.30E-65

min 8.88E-16 4.44E-15 4.44E-15 4.44E-15 2.22E-14 1.71E-10 8.88E-16 7.99E-16

1 mean 4.44E-15 1.16E-02 4.44E-15 4.34E-15 1.22E-01 2.92E-07 4.48E-15 1.11E-14
std 5.05E-16 1.16E-01 0.00E+00 7.00E-16 3.78E-01 1.71E-06 7.98E-16 3.41E-15

min =-5.35E+00 -4.88E+00 -4.47E+00 =7.53E+00 -4.72E+00 -8.07E+00 -5.63E+00 =7.65E+00

I mean —-3.46E+00 -3.51E+00 -3.18E+00 -6.15E+00 -3.36E+00 -7.14E+00 -3.46E+00 -5.98E+00
std 5.47E-01 4.01E-01 4.42E-01 4.74E-01 4.54E-01 3.36E-01 5.31E-01 6.87E-01

min 3.30E+03 4.34E+03 3.00E+03 1.76E+03 3.59E+03 2.80E+03 3.44E+03 1.52E+03

7 mean 5.28E+03 5.98E+03 4.45E+03 2.86E+03 4.82E+03 4.12E+03 5.25E+03 2.63E+03
std 6.51E+02 8.15E+02 4.51E+02 4.31E-02 6.61E+02 3.98E+02 7.08E+02 4.23E+02

min 6.67E-01 6.67E-01 6.67E-01 6.67E-01 2.59E+03 6.67E-01 6.67E-01 6.67E-01

fo mean 6.67E-01 6.67E-01 6.67E-01 6.67E-01 6.60E-01 6.67E-01 8.87E+00 6.67E-01
std 1.67E-14 1.20E-15 1.77E-16 1.92E-16 6.67E-02 5.93E-03 4.66E+01 2.56E-16

min 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

fu mean 1.80E-02 3.46E-02 2.61E-03 1.17E-02 1.78E-02 1.45E-03 1.71E-02 3.65E-04
std 1.94E-02 6.53E-02 5.23E-03 1.52E-02 2.33E-02 6.32E-03 1.80E-02 6.36E-04

min 2.49E+01 2.09E+01 9.95E-01 4.98E+00 1.39E+01 1.62E+01 2.19E+01 0.00E+00

i mean 4.40E+01 4.54E+01 5.99E+00 2.28E+01 3.35E+01 3.27E+01 4.54E+01 3.24E+00
std 1.33E+01 1.12E+01 3.50E+00 6.65E+00 9.44E+00 1.12E+01 1.60E+01 1.02E+00
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Fig. 3 Convergence state diagram of each improved algorithm under a fixed number of iterations
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Table 4 Friedman statistical test results of various algorithms in benchmark function test

F4 BEHEEEEIHENXDE Friedman FiHEEBER

LivZiog OPSO CPSO CLPSO DCPSO HCLPSO CCPSO-ISM AWPSO CLPSO-0C p—Value
Friedman ranks 5.958 3 6.458 3 4.708 3 32917 49167 54167 7.250 0 3.1250 0.000 8
Final rank 6 7 3 2 4 5 8 1
Table 5 Statistical test results of Wilcoxon symbols for various algo-
rithms in benchmark function test 4 é:él:i/l,:

®5 BHEEEEEZBR A Wilcoxon FSHE TR AR

CLPSO- CCPSO-

OPSO  CPSO CLPSO DCPSO HCLPSO AWPSO
OC vs.
H-value 1 1 1 0 0 0 1
P-value 0.0136 0.0048 0.0488 0.4921 0.2036 0.3652 0.002 4

Bt X CLPSO S35 W S0 248 (e AR JEE R 26 [ 2L, A
SCHRHH — R T e LA SR T 2 DR AR S i, 5
SR RE WA aYy & S5 B 8 1 T L KV A R
Wl o AR SO GA H 0 e (0 1R 5 SUBJAT SRR, B HH — ks
TRED AR B PO B S SUERAE T L T R Bl
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