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Abstract: According to biological rules of predator-prey behavior, a double-population particle swarm optimization
(DPPSO) algorithm is proposed. The particles are divided into two populations, the predator population and the prey popu-
lation. The particles in the predator population exclude those in prey population in a certain interval of iterations. During the
course of exclusion, particles in predator population adopt the strategy of ““catching the ringleader first in order to capture all
his bandit followers”, which means that all predator particles chase after the best position in prey population and particles in
prey population try their best to escape from the nearest predator particles. In order to enhance the capacities of escaping from
local optimum of the particles in prey population with stagnation state, a speed mutation method is used. The experiment
results on benchmark functions show that DPPSO algorithm has the properties of fast convergence rate and strong global
searching capability.
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Tab.l Benchmark functions and the settings of their parameters
R B TR R RIE A WERUE  HEE  BE
D i 2
Schwefel’s problem 1.2 | fi(x) =Y ( xj) (=100,100)°  (50,100)° 10
=l j=I
D
Rosenbrock A=Y (100 (i — )+ (i — 1)2) (=30,30)®  (10,30)> 100
i=1
1 D
f3(x) =—20exp | —0.2 " Zx,z -
Ackley R = (-32,32)P (10,20> 0.1
1
- 2ny; 20
exp (n;cos( ﬂ:x)) +20+e
D
Rastrigin fi(x) =Y (xf — 10cos (2nx;) + 10) (—-10,10)? (5,10)? 100
|=l
D
: D D
Griewank = 100 0 sz ,I:[cos ( ) (—600,600)°  (300,600) 0.1
D
Z (a cos (2mb* (x;+0.5))) —
Weierstrass i=Lk=0 (-0.5,0.5)”  (0.2,0.5)° 10
DY (a*cos (2mb* x0.5)), a=05, b=3
k=0
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Tab.2 Parameter settings of different algorithms
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Tab.3 Testing results of functions fi, f3, f; and f5 with different values of &

2 T ARk EH T RBE OB ERMRAEE CRNESHEUEASE, 755 EE R
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/ 474e—03  3.18¢—03 244e—03 193¢—03 8.17e—04 4.08—03  5.24e—02
(2626 —03) (1.92¢—03) (3.23¢—03) (1.64e—03) (6.26e—04) (3.1le—03) (4.63¢—02)
4 274e+01 238 +01  1.92¢+01  1.32e+01  1.28¢+01  7.82e+00  1.39e+01
(3.03¢+01) (1.75¢+01) (1.07e+01) (5.72¢+00) (7.49e+00) (7.21e+00) (8.29% +00)
P 743¢+00  630e+00 48le+00 1.38e+01  1.43e+01  1.58e+01  1.69¢+01
(3.95¢+00) (5.14¢—01) (4.07e—01) (3.29¢+00) (4.73e+00) (3.55¢+00) (5.41e+00)
5 392¢-03 337¢—03 1.57¢—03 8.18e—03 1.19e—02 873¢—02 1.68e—02
(9.22¢-03) (8.04e—03) (4.23¢—03) (1.31e—02) (1.75¢—02) (2.19e—02) (1.94e—02)
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Tab.4 Optimization results of benchmark functions on different algorithm

T, - }i PSO i
REORN RARKE R HL# M) PSO Sk

SPSO  PSOPC HPSO-TVAC DPPSO

1 .74e-01 .80e- .90e- .08e-
p 30 6000 FHME | 5.74e-01  6.80e-01 4.90e-06 7.08¢-09
FRUEE | 4.65¢-01 6.24e-01 5.44¢-06  2.21e-08
A 30 €000 SEEE | 4.08e+01  2.05e+01 1.17e+00  4.78e-01
FREZ | 3.32e+01 4.97e+00  1.03e+00  9.14e-01

15 40e-1 23e- .00e- Sle-
P 30 6000 SEHME | 7.40e-15  3.23e-14 3.00e-14  5.51e-15
WRHEZE | 2.90e-15 3.43e-14 7.50e-15  4.50e-15

ME I . 1 . . .95¢e-
i 30 6000 SE¥IME | 2.17e+01  2.97e+01 1.99e+00  9.95¢-02
Wi | 3.80e+00 8.09e+00  8.12¢-01  3.15e-01

SZ 34 1.96e-02 85e- .02e- 30e-
P 10 6000 TIME 96e 1.85¢-02 3.02¢-03  2.30e-12
FRUEZE | 2.52e-02  1.83e-02 4.83e-03  4.61e-12

S 4] 22502 1. 96e-13 26e-
A 30 6000 SEIME e 1.76e+00  6.96¢ 4.26e-15
FEE | 1.64e-02 1.49e+00  4.26e-13 1.12e-14

— SPSO RS JBFEEWERREEILDBEN TR R
6 — PSOPC Tab.5 Average numbers of iterations to reach the threshold of
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Fig.2 Convergence curves of f, solved by the algorithms
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