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2.2 k-means-RBF
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k-means-RBF integrated neural network and its application in industrial
exhaust emission detection

LIU Ping, GONG Xue-fei, JIAN J ia—wen*, ZHANG Fan, CHEN Zhi-yun
( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: Neural network is very important in detection of industrial exhaust emission. In order to improve
stability and prediction accuracy of neural network and reduce the training time of neural network, k-means-RBF
integrated neural network model is established based on k-means algorithm. Firstly, a set of RBF neural
networks are obtained by choosing different RBF network function parameters. Secondly, the neural network
with higher precision is selected from each type. Finally, high performance integration RBF neural network is
obtained through integrating RBF neural network using the simple average method. In order to verify the validity
of the model, the developed neural network model is used on the industrial exhaust emission detection system.
The results show that, compared with the Back Propagation (BP) neural network method optimized by particle
swarm optimization (PSO), the average precision predicted by the proposed neural network increases by 78.27%,
and the processing time is saved by 99.65%.

Key words:. industrial exhaust emission detection; RBF neural network; k-means algorithm



