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The Development of Semi—active Suspension Controller

based on Error Self Recurrent Neural Networks
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Abstract

: In this paper, a new neural networks and neural network based shding mode controller are proposed.

The new neural networks are an error self-recurrent neural networks which use a recursive least squares method
for the fast on-line learmung. The error self-recurrent neural networks converge considerably (ast than the

back-propagation algorithm and have advantage of bemng less affected by the poor mitial weights and learning
rale. The controller for suspension system i3 desgned accordmg to shding mode technique based on new
proposed neural networks. In order to adapt shding mode control method, each frame distance betwesn ground
and vehicle body 13 estimated and controller is designed accerding to estimated neural model. The neural
networks bascd sliding mode controller approves good performance through computer simmilations. ;

Keywords : ESR(Error Self Recurrent) newral networks, degree of freedom, semi-aclive suspension
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g, 1. Convenrocnal neuron model.
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Fig. 2. ESR neuron model.
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