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Abstract ; A probabilistic process neural network has been proposed in order to provide integration of a priori knowl-

edge with dynamic information classification. In this model, Bayesian classification was combined with the dynamic

information processing of process neural networks. Dynamic information classification based on Bayesian rules was

realized by adding a pattern neuron layer and a summing neuron layer to a feed forward process neural network and

applying the normalized exponential activation function to the hidden layer. Classification equivalence between

probabilistic process neural networks and Bayesian rules was analyzed and a concrete learning algorithm presented.

Experimental results showed the effectiveness of the proposed model and algorithm.
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Fig.2 Image of activation function g(x)
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Fig.4  Cluster samples of linear cross dataset
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Table 1 Parameter setting of PPNN
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Table 2 Training results of PPNN
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