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Cooperative Fuzzy Particle Swarm Optimization

M. H. Noroozi Beyrami M. R. Meybodi
Electrical and Computer Engineering and Information Computer Engineering and Information Technology
Technology Department Department
Islamic Azad University Amirkabir University of Technology
Qazvin, Iran Tehran Iran
mh.noroozi@gmail.com mmeybodi@aut.ac.ir

Abstract: Particle swarm optimization is a population based optimization technique that is based on probability
rules. In this technique each particle moves toward their best individual and group experience had occurred.
Fundamental problems of standard PSO algorithm are the falling into the trap of local optimum and its low speed
of convergence. One approach for solving the above problems is to combine fuzzy logics with PSO. In this
paper we first use fuzzy logic to improve standard PSO and then use it in cooperative particle swarm
optimization. For evaluation purpose, the proposed algorithms are tested on number of standard optimization
functions and the results obtained are compared with the results for the existing algorithms. The results of
comparisons have shown the superiority of the proposed algorithm over existing algorithms.

Keywords: Particle Swarm Optimization, Cooperative PSO, Local Optimum, Fuzzy Logic
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L. Cooperative Particle Swarm Optimization

2 _ Master Swarm

8. Slave Swarm

4 - master-slave model

® - Competitive Multi-Swarm Cooperative PSO — COM-MCPSO
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2 _ Context Vector



(C<N) an € slo oy @ dtcon lizl 5 0w SO sle Yoy 4 atcen 18 gliml S o 18 09 5 SO o ) Aty sl
g sy Jloel BB by, cal wdl parseis BB (2l) 4 Lo sla 095 a5 ()90 50 09d (o e

SOl s 5! .7

19 olzdl ESis Yyl o5 e @) FPSO sla i ;680 6l st ol 42 b 5 PSO i 550 6l 60 pomets oslss oo Jl>
) adgl (Bolai (25 Jlade (rizred 5 didin Sgnn |) (2]K0n i (092 ml LU g wad (oo 1S il 4] (e (S ol
Sl oS At (1) S8 058 (oo U ol g3l (s5lge Sl a5 CPSO sla (g, (ol Sum @y ;00 )b 515 0 (o0 (e

il oo CFPSO oy 65l

CFPSO Algorithm

define

gbest: array [1..n] k-dimension vector // for all swarms
Split search space to n independent area

initialize n k-dimensions PSOs: P, j €[Ll.n] // n is numbers of swarms and each swarm to one area

for all swarms
fori=1:t // tis 1/10 of all iteration in simulation
apply FPSO // each swarm are limited in own area
update gbest array for each swarm
end
end
initialize k-dimension PSO with gbest values // swarm have n particle
select the best area with minimum fitness for next search
for i=t+1:end of simulation
apply FPSO for search area or selected area
end
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