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Abstract
evolution speed and solution’s quality, a simplex method based improved particle swarm optimization (SM-IPSO) is
proposed in this paper. In SM-IPSO, the conception of multipopulations is adopted, where PSO and SM run on odd
populations and even populations, respectively. And a periodical migrating operation between adjacent populations is
also introduced in SM-IPSO in order to achieve cooperative search of both PSO and SM for solution space: SM can get
away from local converged points by virtue of PSO, and PSO can improve its local exploiting capability under the help of
SM. Furthermore, an improved escape method of particle velocities and improved Nelder-Mead SM are proposed in order

Considering that the existing particle swarm optimizations (PSO) do not give simultaneously attention to

to enhance the functions of PSO and SM in this paper. Finally, the proposed algorithm is implemented on a Linux cluster

system, and experimental results on optimizing five benchmark functions demonstrate its usefulness.
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Table 1 Benchmark functions

Function DimD [Zmins Tmax] Optimal
Quadric 30 [—50, 100]3° 0,(0,---,0)
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Rastrigrin 30 [-5.12,10.24]3° 0,(0,---,0)
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Ackley 100 [—30, 30]100 0,(0,---,0)

wHEH %S 8, FIPSO &£ m
URing + wFIPS 417, Hfh % ¥ S0k [26); 1
AEPSO2 &%, HZ5[FSCik [23]); NM-PSO R
ik (8] B % SMAIPSO B M AT w —
0.79, ¢, = ¢ = 147, a = 1.0, 8 = § = 0.5,
v = 2.0, p. = 0.1, Z = 0.01, Number of swarms =
Number of simplexes = 3, swarm size = 10, J+p
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Table 2 Sensitivity analysis of migrating interval

N kR (%)
Quadric Rosenbrock Rastrigrin Griewank Ackley
1 100 90 55 95 50
5 100 100 70 100 85
10 100 85 90 100 100
25 100 25 40 100 80
50 85 0 25 100 55
100 40 0 10 90 30
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Table 3 Averages of optimal results with different algorithms after maximal iterations

FIPSO AEPSO NM-PSO MPPSO SM-IPSO
Quadric 8.3E-5 (E-5) 2.5E-14 (E-4) 5.1E-6 (E-5) 0.011 (E-3) 2.1E-6 (E-6)
Rosenbrock 11.27 (7.13) 2.189 (7.45) 13.7 (10.2) 7.62 (10.54) 0.79 (0.34)
Rastrigrin 10.85 (6.55) 0.658 (1.004) 7.62 (8.24) 45.8 (13.7) 0.84 (0.52)
Griewank 0.077 (0.122) 0.124 (0.481) 0.055 (0.098) 9.2E-5 (1.1E-4) 1.5E-8 (E-8)
Ackley 0.684 (0.746) 0.348 (0.554) 0.321 (0.258) 0.572 (1.245) 2.6E-3 (E-3)
10 . 10°
10 —— SM-IPSO 0
---- MPPSO N
10° R
) 10°
10°
= 10 fi ERta)
[*] . ]
~ ‘_‘ ~
102 F\* —— SM-IPSO
100~ MPPSO
ot = || NM-PSO
— AEPSO
L0 R I==SS .
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Iterative times Iterative times
(a) Rosenbrock (b) Rastrigrin
102 -

E
& o
107 H—— SM-IPSO IR
- --- MPPSO *
P NM-PSO |
—— AEPSO
10 =22 FIPSO
0 1000 2000 3000 4000 5000

Iterative times

(¢) Griewank

—— SM-IPSO
10 (|- - - - MPPSO

0 1000 2000 3000 4000 5000

Tterative times

(d) Ackley

5 hMEEITRER SR ARBZ R R

Fig.5 Relationship between results of five algorithms and iterative times
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Table 4 Averages of iterations and satisfactory ratios with different algorithms
FIPSO AEPSO NM-PSO MPPSO SM-IPSO
Quadric 100 % (240350) 100 % (109520) 100 % (147200) 25 % (235440) 100 % (90850)
Rosenbrock 0% (—) 70 % (264720) 0% (—) 0% (—) 85 % (259580)
Rastrigrin 10% (273410) 95 % (85200) 0% (—) 0% (—) 90 % (285430)
Griewank 45% (282420) 25% (163340) 65% (179290) 100 % (168200) 100 % (42460)
Ackley 15 % (285660) 65% (256190) 35% (2709540) 65% (272150) 100 % (202470)
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