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A predictive model for combined anaerobic digestion gas
production based on an artificial neural network

GUO RongXin ZOU DeXun LIU YanPing®

(College of Chemical Engineering, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; Anaerobic digestion of organic solid waste is a heterogeneous system, and early warning and control are
very important factors in ensuring stable operation of the system. In order to accurately predict the daily gas produc-
tion of a combined anaerobic digestion system with a large increase in load, the gray correlation analysis method was
used to quantify the correlation between common factors in the anaerobic digestion system, and to evaluate the com-
plexity of the anaerobic digestion system. A back propagation ( BP) neural network was constructed to predict daily
gas production. The results show that the gray correlation degree between each index is greater than 0. 7, indicating
a high degree of correlation and the complexity of the relationship between the parameters in the anaerobic digestion
system. By using the 148 sets of data obtained in the experiments as the training set and testing set for the BP neu-
ral network, the resulting BP neural network has high accuracy, with the average prediction accuracy for the 148
sets of sample data being 99. 17% , confirming its excellent ability to predict daily gas production.

Key words: anaerobic digestion; artificial neural networks; gas production; predictive model
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