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Particle swarm optimization-based neural network model for short-term load forecasting
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Abstract: In order to improve the precision of short-term load forecasting, this paper proposes a new load forecasting model based
on Particle Swarm Optimization (PSO). PSO is a novel random optimization method which has extensive capability of global
optimization. PSO is used to optimize the weighting factor of Radial Basis Function (RBF) neural network and the optimal model is

applied to forecast load. LabView and MATLAB are employed to implement the model for short-term load forecasting. The

simulation results show that the load forecasting model optimized by PSO is more accurate than the traditional RBF model.
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Fig.1 Topology of RBF neural network
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Fig.2 Velocity update of the particles with LabVIEW
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