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Predicting chaotic time series using hybrid particle swarm
optimization algorithm
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Abgract : A hybrid particle swarm optimization( HPSO) is proposed, in which the gradient descent is combined with
modified particle swarm optimization (MPS0O). The MPSO is determined by linearly decreasing inertia weight and
constriction factor weight to speed up global search. Crossover and mutation operation is embedded to avoid the
common defect of premature covergence. By using the proposed HPSO algorithm based on RBFNN , smulation for the
chaotic time series prediction of discrete Henon and continuous Mackey- Gass chaotic time series is made to test the
validity. Smulation results show that the HPSO can accurately predict chaotic time series and an effective approachis
provided to study the properties of complex nonlinear dynamic system.
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