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Abstract

Wastewater treatment by membrane bio-reactor (MBR) is a complex dynamic process, which is
difficult to be modeled directly by mathematical model. To solve this problem, this paper uses the
recurrent neural network (RNN) based on differential evolution algorithm (DE) to predict mem-
brane flux in wastewater treatment. First, authors used principal component analysis to deter-
mine the process variables affecting membrane fouling; and then used differential evolution algo-
rithm to optimize initial value of RNN model; finally, the trained DE-RNN model was used to pre-
dict and compare with the sample data. The results show that the model has high accuracy, good
adaptability and achieves the expected goal.
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Figure 1. Schematic diagram of RNN
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Figure 2. Procedure flow chart of DE-RNN
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Figure 3. Relationship between actual value of membrane flux and
test value
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