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Abstract: A novel algorithm on internal model control (IMC) based on self-constructing neural network (NN) is proposed for the non-

linear process in this paper. The structure learning and parameters learning of the neural network were realized by self-constructing algo-

rithm. In the identification process of the internal model and the controller, the neural network can automatically increase the nodes to

meet the identification accuracy requirements. Moreover, in order to prevent the over-fitting of neural network learning, the hidden layer

nodes can be pruned based on the sensitivity method. In addition, parameters learning adopt the gradient descending method. Compared

with conventional NN-IMC method, this scheme can effectively avoid the problem of network structure is difficult to determine. The sim-

ulation result shows that the control system has a good target tracking performance, disturbance rejection properties and robustness sim-

ultaneously.
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Table 1 Comparison of tracking errors of the two methods
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