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Principle and Application of PSO Algorithm

TANG Jun
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Abstract: PSO (Particle swarm optimization) algorithm in a large number of optimization problems have shown the beneficial properties,
have been extensively used in practical projects. Reviewed the development process of PSO algorithm, introduced the basic principle of
PSO algorithm, on the basis of the standard PSO algorithm introduced tsPSO, EOPSO and MPSO such as the expansion algorithm, sev-
eral improvements to the algorithm to improve the performance and results are summarized. PSO algorithm applications simulated in net-
work planning and construction of structural damage. The experimental results show that the improved PSO algorithm can be given a cer-
tain period of time satisfactory to optimize the program, in line with the actual requirements of engineering applications, with the promo-

tion of significance.
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Begin

P = current population;

EOP = the enhanced opposite population of P;

P, = the opposite probability;

Maxag = maximum number of evaluations (NE);
while (NE < = Maxng)

if(rand(0,1) < p,)

Update[ a;(¢), 6;(z)]according to equation (6);

for i = 1 to PopSize

Calculate the enhanced opposite particle EOP; of P; according to
equation (11);

Calculate the fitness value of particle EOP;;

for end

Select n fittest particles in P and EOP as a new population;
else

for i = 1 to PopSize

Calculate the velocity of P; according to equation (1)
Update the position of P; according to equation (2);
Calculate the fitness value of P;;

for end

if end

Update pbest, gbest in P if needed;

while end

End
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