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An intelligent integrated-prediction model for components of
Pb-Zn agglomerate based on the process neural network(PNN) and
the improved grey system(IGS)

WANG Chun-sheng!, WU Min!, SHE Jin-hua?

(1. School of Information Science and Engineering, Central South University, Changsha Hunan 410083, China;
2. School of Computer Science, Tokyo University of Technology, Hachioji, Tokyo, 192-0982, Japan)

Abstract: To deal with the problem of the component prediction for Pb-Zn agglomerate, an intelligent integrated-
prediction model based on the process neural network(PNN) and the improved grey system(IGS) is presented. First, the
component of agglomerate is predicted by PNN and IGS models, and then, a recursive entropy algorithm for the weighting
coefficients is devised from the viewpoint of the information theory. The component of Pb-Zn agglomerate is predicted
by integrating the two prediction models. Application results show that the integrated model has high prediction accuracy;
it predicts the components of agglomerate efficiently and meets the data-completeness requirements for proportioning
computation.

Key words: lead-zinc sintering process; prediction of component; process neural network; improved grey system;
information entropy; intelligent integrated-prediction model
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Fig. 5 Prediction results of Zn component in the agglomerate
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