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Applications of artificial neural networks in process industry

CHEN Bingzhen
(Department of Chemical Engineering, Tsinghua University, Beijing 100084, China)

Abstract: Recently, the computer integrated process systems which integrate the reaktime detection, fault diagnosis,
modeling, optimization, control, planning and other information techniques at different levels have become a topic of com-
mon interests in both industry and academy. Compared with the manufacturing industry for discrete products, the contin-
uous process industry possesses the characteristics of strong nomrlinearity, which makes the computer integrated process
systems very difficult to be realized. T herefore, there is an urgent need to introduce new ideas and new methodologies.
Artificial neural network is a kind of parallel information handling system for emulating human's thought. It could be used
for mapping any continuous functions and carrying out pattern recognition, meanwhile, it could realize the acquaintance of
knowledge automatically. Since 1990s ANN has attracted wide attention in the field of process systems engineering. The
emphasis will be put on illustration of the applications of ANN in the process modeling, process fault diagnosis, onrline op-
timization and other aspects so that to fully demonstrate the good potential of applying ANN in developing the computer

integrated process systems.
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