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Predicting flux of forward osmosis membrane module using deep learning
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ABSTRACT

Forward osmosis (FO) process is a chemical potential driven process, where highly concentrated draw solution (DS) is
used to take water through semi-permeable membrane from feed solution (FS) with lower concentration. Recently, commercial
FO membrane modules have been developed so that full-scale FO process can be applied to seawater desalination or
water reuse. In order to design a real-scale FO plant, the performance prediction of FO membrane modules installed
in the plant is essential. Especially, the flux prediction is the most important task because the amount of diluted draw
solution and concentrate solution flowing out of FO modules can be expected from the flux. Through a previous study,
a theoretical based FO module model to predict flux was developed. However it needs an intensive numerical calculation
work and a fitting process to reflect a complex module geometry. The idea of this work is to introduce deep learning
to predict flux of FO membrane modules using 116 experimental data set, which include six input variables (flow rate,
pressure, and ion concentration of DS and FS) and one output variable (flux). The procedure of optimizing a deep learning
model to minimize prediction error and overfitting problem was developed and tested. The optimized deep learning
model (error of 3.87%) was found to predict flux better than the theoretical based FO module model (error of 10.13%)
in the data set which were not used in machine learning.
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Fig. 1. Pressure, flow, and ion concentrations of four different
streams in FO membrane modules.
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Fig. 2. Experimental flux according to the salt concentration
difference between draw and feed solutions.
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Table 1. Ranges of deep learning input data (flow rate, salt concentration, and pressure of feed and draw solutions) and

output data (experimental flux)

Input Output
Qs Qq Ce Ca Py Pq Jw
m’/d m®/d mol/m® mol/m® bar bar L/m*h
Min 14.11 6.62 0.15 99.52 0.20 0.29 0.39
Max 45.94 26.0 134.96 1003.30 1.75 1.00 31.37
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Table 2. Comparison of theoretical based model, regression model, and two deep learning models in terms of the train

and test errors

NRMSE of theoretical NRMSE of regression NRMSE of deep NRMSE of deep
No. of 1) 2) . .
) based model model learning model 1 learning model 2
train data : : : :
Train Test Train Test Train Test Train Test
10 9.28 12.30 6.38 12.99 0.02 15.79 0.3 18.11
30 9.86 10.32 7.71 9.44 0.36 7.14 1.28 7.04
50 10.05 10.12 7.47 8.79 1.82 6.34 1.14 6.18
70 9.98 10.13 7.72 8.43 2.69 6.07 2.36 5.08
90 - - - - 2.27 5.00 1.72 3.87
1) Jeon et al., 2018b; 2) Jeon et al., 2019
0.005, 3H5314= 8003], 243 4= 570, w9 4= 1287} < BES B o= Hed BEE9 g 5o
2 AR5, 3.2 A= train data®} test datas 2} 71& 3 RdEn EobA Shgexbrt ¢ Yobx|7|
ZF 70709} 467 = FARjA o GRSty HE ot HEo2 Foldth HE A J=rh w71 AT
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T 21 58 0001, sH531: 2008], 2495 4 @S2 train data 7} 307) o)<l TOHE s 2
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FO Ut EQ] ZEAE o3l 37 mdS Ay FEEe US w2 AR 7|Hd
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Atol A 28 4= gl Hlole 7F 167§ At th Deep learning model 13} 25 MW, Sh502}
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ZFQ1 A © 2 train data®}l test data’} FLEE QAT
DAY ArL 4% oxe} ors oxe oz 4, A B
BoHE 4 otk ARelA AFEHUEC] o] £7) _— e
o REE FO wnE YR fmo) mxge 3 000 FEEoA=TOWnEs SuAS dSsy) wid
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