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A Feedback Process Neuron Network Model and
Its Learning Algorithm

HE Xin-Gui XU Shao-Hua
(School of Electronics Engineering and Computer Science, Peking Unwversity, Beijing  100871)

(E-mail: hexingui@pku.edu.cn)

Abstract A feedback process neural network model based on weight function base ex-
pansion is put forward. Structurally, this model has three layers, namely the input layer,
process neuron hidden layer and process neuron output layer. The input layer completes
input of the time-varying process signal and feedback of output from the hidden layer to the
system, the process neuron hidden layer is used to complete the space weight aggregation
and incitation operation, at the same time the output signal is transferred to the output
layer and fed back to the input layer after being weighted. The output layer completes space
weight aggregation and time aggregation of output signal from the hidden layer and the
system output. The learning algorithm is given in this paper. The effectiveness of the model

and algorithm is proved by automatic diagnoses of a rotating machine.
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Fig. 1 Feedback process neural network model
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Fig. 2 Four kinds typical curves of rotating machine mechanical motion
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