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PARTICLE SWARM OPTIMIZATION ALGORITHMS WITH MULTIPLE SOCIAL
LEARNING STRUCTURES
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Abstract
Particle swarm optimization (PSO) is a population-based stochastic search algorithm
based on social-psychological principles. It provides insights into social behaviors as well as
contributions to engineering applications, widely used as a powerful optimization technique.
In recent years, the researchers have attempted to enhance the performance of PSO by improving
its social learning structures. This paper summarizes several PSO versions based on different

social learning structures.

Keywords: Particle swarm optimization, PSO, Algorithm
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X, (t+1)=x,.d(t)+vid (t+1) (3)
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wazvmTssfiudrdaauiug Tugnuziiu
@hmmmmzamad@i’%mﬁdﬁu6] Tagiuaau
miLLﬂaa@i”anmvl,ﬂLﬂu@i’mauﬁuayjﬁ‘mmaz
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AN 1 w899 Pseudo Code MiAisuwvinnu

-V ifv, (t+1) <=V, 2 & & - (L
v,d(;+1): " ’d( ) e @) TUABUNINNTBIIT PSO UULINAIFIN NINED
Vo ifv, (t41)27 at g
Initialize PSO system; // Step 1
DO
FOR i=1to K DO
Decode X(i) and compute Fitness(X(i)); /I Step 2

END DO

FORi=1to KDO// Step 5
FORd=1toD DO

x(1,d) = x(1,d) + v(i,d);
END DO
END DO
UNTIL (Stopping criterion is met) // Step 6

IF Fitness(X(i)) < Fitness(P(i)) THEN P(i) = X(i) and Fitness(P(i)) = Fitness(X(1)); // Step 3
IF Fitness(X(i)) < Fitness(Pg) THEN Pg = X(i) and Fitness(Pg) = Fitness(X(1)); / Step 4

v(i,d) = w*v(i,d) + cp*u*(p(i,d) — x(i,d)) + cg*u*(pg(d) - x(i,d));

AT 1 Pseudo Code 28435 PSO WULNIATIH
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