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Self-Organizing Feedforward Neural Network

and Modeling of Nonlinear Dynamical System
SHEN Tao. HAN Shoumu. HUANG Shuhong and LIU Dechang
\ Department of Power Engincering, Huazhong Universty of Scence and Technology - Wuhan, 430074, P.R. China}

Absiract; In this paper a new learning procedure of MLP is presented which named as self-organizing feedforward neural
Network { SOFN) . The optimization of weights is implementzd layer by layer. At the stage of training hidden weights, an unsu-
perivsed self-orgamzing clustering is introduced, then the weights of output layer are estimated by supervised least-square algo-
rithms. With self-organizing stage, the number of hidden noles can be determined automatically. furthermore, the hidden-layer
weights created by clustering work as a feature transformatian matria. for inpul vectors. Two examples are given (o show the fea-

sibility and advantages of the approach. which is particularly svitable tor modeling of nonlinear dynamical systeni.
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forward neural network)
2.1 RIE R g5 4 ( Stepwise training of feed-
forward neural network)
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Fig. 1 Results of modeling for a nonlinear sysiem
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3.2 W 2(Example 2)
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Fig. 2 Resuhs of modeling for a real-life drver
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