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A Study on the Application of Grey Neural Network in MBR Aeration Intensity
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Abstract: Aeration is an important parameter in the operating conditions of MBR membrane pollution,and the aeration

intensity is too large to cause the rupture of membrane,which is too small to slow down the membrane fouling.To solve

this problem,this study first uses the gray model to predict the best aeration intensity value of hollow fiber membrane in

different stages.Three factors which affect the membrane filtration performance as the input of the BP neural network,the

best aeration intensity of different membrane cleaning times as the output,the BP network model prediction.Finally,the grey

model's predictive value and the three factors which affect the filtration performance of the membrane are used as the input

of the grey neural network,the best aeration intensity is the output,and the grey neural network prediction.After comparing

the prediction results of two neural network models.it is concluded that the grey neural network model is better than the BP

neural network model.
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Fig.1 The relationship between aeration rate and
transmembrane pressure
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neural network theory)
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Fig.2 Structure of BP neural network
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Fig.3 Improved series grey neural network model
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Fig.4 Grey system prediction model for optimum
aeration intensity
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Fig.5 Optimal aeration BP neural network prediction model
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Fig.6 Grey neural network forecasting model for
optimal aeration
5 R 4T (Result analysis)
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Fig.7 Grey system prediction results
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Fig.8 Recognition accuracy of BP neural network model
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Fig.9 Grey neural network model to identify the

correct rate
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