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Research progress of artificial neural network for

membrane fouling prediction in MBR
ZHANG Haoliang, LIU Cong, HONG Qiankun, WANG Kanming, WANG Hongyu
(College of Environment , Zhejiang University of Technology , Hangzhou 310014, China )

Abstract: As a new type of wastewater treatment technology , membrane bioreactors(MBR ) have a broad application
prospect for wastewater treatment. However, membrane fouling has becoming the bottleneck problem for wide MBR
application. With the development of mathematical algorithms and computer technology in recent years, application
of artificial neural network (ANN) as a machine learning algorithm for membrane fouling prediction has become the
research hotspot. The factors influencing membrane fouling were summarized, the advantages and disadvantages of
membrane fouling prediction based on classical mathematical models were discussed. And the recent studies on
MBR membrane fouling prediction using simple ANN, optimization algorithm ANN and deep learning ANN were re-
viewed. It was proposed that optimization algorithm ANN and deep learning ANN had more advantages under the
complex environment. In addition, the drawbacks of the current ANN machine learning algorithm for membrane foul-
ing prediction were discussed.It was pointed out that this model had been limited used in pilot and industrial scale
MBR, and the future directions of ANN models for membrane fouling prediction were put forword.
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Fig. 1 Parameters affecting membrane fouling
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Table 1 Several classical mathematical models for predicting membrane fouling
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Table 2 Typical machine learning algorithms and their advantages and disadvantages
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Fig. 2 Numbers of ANN-membrane fouling papers
on Web of Science (2006—2020)
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Table 3 Application of ANNs in membrane fouling simulation of membrane hioreactor (2016—2020)
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