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ABSTRACT

A concept for the optimization of nonlinear functions using particle swarm methodology is introduced.
The evolution of several paradigms is outlined, and an implementation of one of the paradigms is
discussed. Benchmark testing of the paradigm is described, and applications, including nonlinear
function optimization and neural network training, are proposed. The relationships between particle
swarm optimization and both artificial life and genetic algorithms are described.
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nvar
Ib=ones(\,nvar):
ub= ones(\,nvar):
Ib.v=

ub.v=

W=y¢

W _ RF=-.44;
Cr=vy:

Cy=v:

Npar=).-:
Maxiter=y+++¢
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Number of Variables

Lower Bound

Upper Bound

Lower Bound of Velocity
Upper Bound of Velocity
Inertia Weight

Inertia Weight Reduction factor

Personal Best Learning Coefficient
Global Best Learning Coefficient

Number of Population
Max Iteration

s Cl+C2 = 4 Vguss
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X mfluence




Vi) =w=V; (t—1)
I Cq * randl * (Pi.best - Xi (t o 1))

+Cy *rand, * (Py pest — X; (t — 1))
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‘;: b pry {if cost(X; (1)) < cost (P, pest) — {COSt (P pest) = cost (x'i(t))i =1,23,..,d

else Not change P, pest = Xi(t)
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F {if cost(Xi (t)) < cost (g,best) _ {cost ( d best) = cost (X; (t)) i3 §
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