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AQPSO-based self-organization learning of RBF neural network

YANG Gang, WANG Le, DAI Li-zhen!, YANG Hui, LU Rong-xiu

(School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China; Key
Laboratory of Advanced Control & Optimization of Jiangxi Province, Nanchang 330013, China)

Abstract: Aiming at the structural design and parameter optimization problems of radial basis function(RBF) neural
network, an adaptive quantum-behaved particle swarm optimization(AQPSO) algorithm is proposed. In order to realize
the self-organization learning of RBF nerual network and improve the performance, the network size and parameters of
RBF neural network are mapped to the spatial position of the particles firstly, and then the weight mean of best particle
positions is defined to evaluate L, ;(¢) in quantum-behaved particle swarm optimization, the contraction-expansion
coefficient 5 can be adjusted according to the evolution of particles, and the self-organization rule of neural network
size K; is introduced. Finally, as a case study, the proposed approach is applied to the nonlinear system identification
and short-term traffic flow forecasting problems. Compared with other methods, it is shown that the proposed approach
exhibits better results with higher accuracy and smaller size of architecture.
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