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Prediction of Membrane Fouling in Pilot
Nanofiltration System based on Deep Learning Model

CHEN Yan,NIU Yalin,PENG Xing,ZHENG Wenjing, XU Xiaohu, XU Pengcheng

(School of Environmental and Municipal Engineering,Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract; The prediction or simulation of membrane fouling is of great significance for elucidating the mechanism of
membrane fouling and devising effective pollution control measures. In this study,a gated recurrent unit (GRU)
model was established to predict the filtration performance of a pilot-scale nanofiltration system and explore the foul-
ing mechanism of membranes. Trans membrane pressure (TMP) was adopted as the output variable,and the predic-
tive effectiveness of a single-input time series model using TMP itsell as the input variable was examined. Further-
more, the independent and coupled effects of nine water quality parameters: pH.water temperature. conductivity, to-
tal dissolved solids (TDS), total hardness (TH), turbidity, permanganate index, dissolved organic carbon (DOC),
and UV, on membrane fouling and prediction results were investigated. The optimal model was selected and compared
with commonly used machine learning algorithms in membrane fouling prediction, namely random forest (RF) and long

short-term memory (LSTM) networks widely used in time series prediction. The results indicated that the R* values of the
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LSTM and GRU single-input time series prediction models using TMP itself as input reached 0. 961 3 and 0. 986 1,respec-
tively. The order of correlation between water quality parameters and TMP was as follows: temperature>conductivi-
ty>TDS>TH>CODy, >DOC>> turbidity > UV,;, >pH. The multivariate GRU model with temperature and con-
ductivity as inputs exhibited the best prediction performance (R* =0. 834 4) , with higher accuracy than the single-in-
put GRU model with the same time step (R* =0. 455 5) and the multivariate LSTM (R* =0. 642 8) and RF models
(R*=—14.189 4) with the same input parameters. Therefore,increasing or decreasing water quality parameters as model
inputs will result in a decrease in the prediction accuracy of the model. Time series models have demonstrated high reliability
in predicting membrane fouling, with the GRU model showing higher prediction accuracy and greater potential for application
in membrane fouling prediction. Feature selection of input variables is crucial for efficiently predicting membrane fouling, and
selecting features from input water quality data can significantly enhance model predictive performance. Additionally, the pre-
diction results confirmed that the coupling of water temperature and inorganic ions is the main cause of winter nanofiltration

membrane fouling. Therefore, attention should be paid to the influence of low temperature and inorganic ion pollution on

543 &

membrane operation stability during winter membrane operation processes.
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Fig. 1 Scheme of the pilot-scale NF system in this study
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Tab.1 Descriptive statistics of water quality parameters
. KR L R TDS S P T BE CODy, DOC UV,
p
/C /(uS/cm) /(mg/L) /(mg/L)  /(NTU) /(mg/L) /(mg/L) /(cm™")
S ONEN 7.53 20. 20 413. 00 206. 00 99. 68 0.17 1. 89 2.82 0.035
B /M 7.18 11. 30 355. 00 177. 60 76.67 0.09 1. 20 2.02 0.020
HH 7.40 14. 41 400. 43 199. 15 93.72 0.11 1.51 2.53 0.027
iR 0.07 2.26 10. 91 6.35 4.61 0.02 0.19 0.17 0.003
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Fig. 3 Schematic diagram of the internal structure of the
GRU
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Tab.2 Network structure

TG R i i L K E g
1 GRU (None, 60,80) 19 920
2 Dropout (None, 60,80) 0
3 GRU_1 (None,100) 54 600
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5 Dense (None, 1) 101
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