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Adaptive Supervised D istr ibuted Neural Networks
and Its Industr ial Application
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Abstract: Considering the complexity and the time-variability of industrial process, an adgptive Super-
vised Distributed N eural N etwvorks(SDNN) isproposed for modeling of industrial process The struc-
ture and the adaptive learning methods of the NN are introduced The NN combinedw ith conven-
tional modeling methods is applied to prediction of agglomerate's composition in Pb-Zn sintering pro-
cess Resultsof industrial goplications show that the SONN has higher precision, w hich combinedw ith
other modeling methods is effective in modeling of industrial process

Key words supervised distributed neural networks adsptive learning; Pb-Zn sintering process com-
position prediction
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