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Membrane Contamination Prediction Based on BiLSTM and
Weight Combination Strategy

CHEN Kunjie' ZHANG Shihang'”> LAO Yuting'® SUN Xiao° BEN Zongyou’ BAI Yu’
(1. College of Engineering, Nanjing Agricultural University, Nanjing 210031, China
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Abstract; Aiming at the membrane contamination problem that is very likely to occur when recovering
proteins from gluten processing wastewater by membrane separation method, a weight combination model
based on bi-directional long short-term memory ( BiLSTM) was proposed for the prediction of membrane
contamination status. Taking the 14 relevant variables collected from the pilot production line of gluten
processing wastewater extraction and recycling as inputs, and the changes in membrane flux as outputs,
four baseline models were established: support vector machine model (SVM) , back propagation neural
network model ( BP), random forest model ( RF), generalized regression neural network ( GRNN) ,
together with one given model ;: BiLSTM model. The weights of the baseline model and the given model
were calculated by the inverse error method to construct the weight combination prediction model.
Finally, the prediction performance of the single model and the weight combination model was analyzed
by using the coefficient of determination R* and the mean square error (MSE) as the evaluation indexes.
The results showed that the weight combination model was able to synthesize the advantages of the single-
item model and significantly outperformed the single-item model in terms of performance. Among them,
the BP + BiLSTM + RF model had a high R* of 0.990 6 with high fitting accuracy and MSE of
1.004 L>/(h*+m*) , which was the lowest among all models. Compared with BP, BiLSTM and RF
single-item models, the reduction was 46.05% , 67.24% and 50.81% , respectively. The developed
weight combination model can be used for accurate prediction of membrane contamination during protein
recovery treatment of gluten processing wastewater.

Key words: gluten; membrane contamination prediction model; weight combination strategy; bi-

directional long short-term memory network

ek H . 2025 -01 —21 &0 A 2025 -02 - 11
EETE BN /A= A o 5 M I R 35 H (2022GJ011) FEHI T« X =2 8 72 b A1 35 A A3 H
TEE I FRIPAS(1963—) , 35, 2083 , B2k 0, B AT = i T Jo45iAe) B 1A BB AL 34 45 IF5Y , E-mail ;. kunjiechen@ njau. edu. cn



BRI 45, LT BILSTM KA EE 2 A SRR 1 575 YL 1510 685

IR | — /N R B KRB R
P, ZE s RN T T s, E,
P OH TR IUK B A 7 FEAK AR, SR A
SARBMET 2 AT 1 AR, TR 2 ~ 3 LK
FEFEE 2 ~ 3 0B R T R A ek RE K
FIAF] 10 ~ 12 ¢ MY RS, 2T r
VIR 28 ek A P (K | ik B /N
TR BRTE R/ B | A vk B 3 %)
3.79 mg/mL, S ZEAF ks A 7 Ak 2ok DT
R A WAy s RE S R i Ya el G R O A D i i
7 I IS 2R | 2 b BRI BE K TS
—SE TR (IR BE AK BHE R, Ak A TR 2% , T
LRI s A 5

REE3 B9  IR H  28 BR A YT RE S A H , 7K b
A Er O T A AT A Bz R A A
AR e A 2 B K b B 3 T LR P2 3 B Y
PERRA R, ST A T 4 [, (ELR | A B
FR BRI A | 2 B 25 A 72 (9 AT, B AR T i Al
Wy BRI L) B AT LR TR I 2 7 15 3 T 25 347
S A Y S I IR AR Y R
WA, DRI X T e A S ) s
I MR S R A 5 B 5, o 4 s i
WIEHEITEXRTEE, B TS EZERNEY
U], S P 95 1 0 BEASE R 7 7 s e IR 0 TR i L)
YRR 4 5 Yo AR T i A e AR e B2
I, R AF SR ) N T 28 6 46 ( ANN) 12157 S iy
YT BN T T2 %0k, SCHk[16 —20 ] iF g
IR 57 2SR L 8 2 00 D 46 55 ) 5 5 0 05 2 A
AT AT, TS Y2 — A B A 1] AR 30 25
SR P[] R GRS 5 S i 42 35 Yo A o s ]k
T RS 257 LA | B R T 0 05 e R 3 fig o
B O WO Sk [ 21 ] 08 A K dE 012 R %
(LSTM ) X J55 95 i 38 J2k R 5 e 22 P A7 o,
AR R >0.97, B2 M T15 52 i o 28 [ 26 08 3iF
P 1 7 A28 B0 535 5 B 3o o 5 B ) 255 DDA 6
() Sh 725 T

AT AR O A 0 I FH 420 S5 vl B
B AT IO SR 2T S M A AL B B R 2
AEL 21 B 6D P 0280 X 7K Ak 8 v B 5 2 20 38
A7 PO RS 0/ T ) P B i) 90 5 780 %3 45 it
WK 1 DS e 00 A 0 56 44k F25 11

G, FE T R LTI + B 0505 + B4y
B R A P B K R 1 208 AR IR R T 23
fill b, A SOk —Fh 5L T BiLSTM W 45 (0 AL H 41 &

TS RY | LSBT 28 oo i 1 /K 2 R0 Aot 2

15 G L RS B s S T

1 #MR5hE*

1.1 AMHMMIEKPFEBSRESRRNIE
ZREE B O IE =92 A A I i TR K &

HEER P T mARWE 1 FiR,

" - O W
BI1 A ews n % K 2 A 3 R T 22 AR ]

Fig.1  Gluten processing wastewater protein extraction

and recycling process flowchart
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Tab.1 Statistics on relevant variables

AH AR 1 HoME BORfE HfE b2
X,/NTU 2811 3020 3007 12.94
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X 8. 630 10. 00 9.412  0.2718
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Xy 8.010 8. 900 8.578  0.2020
Xo/(mg-mL™") 1. 426 2.232 1.838 0.133
X,o/NTU 1.999 7.990 3. 499 1.051
Xy 7.350 8. 600 8.072  0.3131
Xp,/(mg-mL=") 0.059 0.338 0. 141 0.043
X,3/C 26.0 45.0 36.4 5.1
X,4/MPa 0 0. 80 0.37 0.22
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Tab.2 Single-model performance metrics

A MSE/(1?-h=2-m~*) R?
SVM 13.42 0.8739
BP 1. 861 0.9825
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Tab.3 Performance of weight combination models

FRER MSE/(L2-h=2-m~*) R?
SVM + BiLSTM 5.355 0.949 7
BP + BiLSTM 1.032 0.990 3
RF + BiLSTM 2. 060 0.980 6
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BP + BiLSTM + RF 1. 004 0.990 6
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Fig.4  Error map of prediction results
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