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Bi-directional Gated Recurrent Unit
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[ Abstract] Aiming to address the issue of accurately measuring the slurry pH value during the operation of limestone-gypsum wet
flue gas desulfurization (WFGD) system, which hinders the efficient operation of WFGD, a prediction model for FGD system pH based
on bi-directional gated recirculation unit( BIGRU) has been developed. Firstly, the raw data were cleaned and normalized. Secondly,
based on the maximum information coefficient analysis, 13 characteristic values were obtained as input variables and pH as output vari-
ables, and a slurry pH model was established. Finally, the model was run and the results were evaluated. Compared to LSTM and
GRU, the results indicate that the mean absolute error of this mathematical model decreases by 11. 95% and 24. 92% , while the root
mean square error decreases by 10. 64% and 19.49% . Additionally, the coefficient of determination improves by 1. 79% and 3. 08%
respectively. This demonstrates that the BIGRU-based pH predictive model exhibits high accuracy and stability, making it valuable for
engineering applications and providing an important reference for predicting pH models in existing desulfurization tower systems.

[ Keywords] limestone-gypsum wet flue gas desulfurization system; BiGRU; prediction model; slurry pH
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Fig. 1 Process flow diagram of WFGD
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Fig. 2 GRU structure diagram
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Fig. 5 Sampling chart of raw slurry pH data
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Fig. 6 Eigenvalue thermogram of desulfurization system based on MIC

F1 5 pHWHEXREBKT 60 %I EEHEF &
Table 1 Ranking of eigenvalues with correlation

coefficients greater than 60 % with pH

A5 A Hee
THIEIRIE 5 B 0.873 337 302 1
BRIV ES 0. 865 925 829 2
W I 4 0 % 0.849 549 702 3
RERmp s s 0. 829 967 304 4
AR B 0.809 839 438 5
A KA RERE 0.788 799 965 6
HLL 17 7 0.779 313 141 7
W IS 265 I A R 0.778 568 806 8
B R R 0.744 143 442 9
A 0.731 875 023 10
FGD & & 0.726 883 095 11
AL AL R 0.725 112 664 12
PR S0, e 0.677 967 568 13
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Fig. 7 Structure of BiGRU based pH prediction model

3.2 EEGNESRALRRE

BiGRU 5 %I {fi F] MATLAB R2023b % 2 5281,
I fil FF B4 EEL I 75 2% AMD RyzenS 3500U b FH %, 32
Wik 1.6 GHz, it %5 12.0 GB W f%, i K # 5
Radeon Vega,16 GB, Hy AJZ 17 580N 13, )2
FIANECH 1, B Z 20 Bk 128, U2 )2
Bk E R 2,522 K 1, /MMt EAEA S E Mini-
BatchSize 2y 256 , §1 4127~ F 0 0. 01, AL FLEE 3
h 200, HRH ASE N 2T FR A Adam IRACHE 9
RN 2 ~ 3R 4 R, DI 46X 1R 22 ( mean
absolute error, MAE) 3477 R 122 (root mean squared
error, RMSE) NP 8 F5

#& 2 A [E MiniBatchSize X} M iERIRE

Table 2 Model errors correspond to different

MiniBatchSize
MiniBatchSize L LiEts
MAE RMSE MAE RMSE
64 0.032 377 0.042 151 0.042 826  0.047 467
128 0.029 997 0.039 027 0.017 399 0.022 880
256 0.023 443 0.027 724 0.013 904 0.018 311
512 0.030 755 0.040 974 0.019 725 0.023 707

%3 7A[E MaxEpochs 31 R B HYIR ZE
Table 3 Error of the corresponding models for the
different MaxEpochs

PERS LIRS
MaxEpochs
MAE RMSE MAE RMSE
100 0.035586 0.046 405  0.032 147 0.039 754
150 0.032 079 0.044 118  0.039 000 0.042 254
200 0.025443 0.033724  0.015904 0.019 311
250 0.029 465 0.038 428  0.016 930 0.019 613
300 0.031 442 0.040481  0.015629 0.019 781

#4 7 [E InitialLearnRate ¥t M iEEIF)iRZE
Table 4 Error of the corresponding models for the
different InitialLearnRate
AR M4
MAE RMSE MAE RMSE
0.1 0.066 508 0.074 725 0.021 249 0.068 303
0.05 0.036 522 0.046 520 0.020 790  0.060 191
0.01 0.029 830 0.039 101 0.016 772 0.020 949
0.005 0.031 196 0.040 682  0.018 476  0.023 638
0.001 0.038 914 0.051 834 0.050 660 0.056 773

InitialLearnRate

F2 , >4 MiniBatchSize & 256 I} ,Ul[é}%%iﬂ@
S Xhy ot Xof 15 2 RN A J7 MR 5% 25 g/, MR R 22
W/NTF HA 3 A S BUE X R 3R 22, Fr DL
MiniBatchSize “& 256,

223 W X AR Rl B RN ZR AR S MaxEpochs Bt
XL 2%, 24 MaxEpochs 24 200 B, Y11 254 T
SERURARB T, % H MaxEpochs Z50{E A 200,

W 4 P XA LA Y, S0 8R % 2] 3 Ini-
tialLearnRate A 0. 01 B Il 25 52 A3 4E 11 152 22 41
Fe T =oAL 2 B0t & /N, W R B 0. 01 & InitialLearn-
Rate Z4{H .

4 LWEERHSH

4.1 EIIFMIEHR

BiGRU MIZ5 A5 AU pH 00 i AN 46 R
FHE- 248505 2% (MAE) 377 5% 2% (RMSE) Filgk
SRR, A (21) ~30(23) FiR'™®', MAE 24
RTINS A Y T S 2 (] 0 S 34 46 X 1R 22
RMSE Bz fhiR 25 K7, I g R R XT3 45 5%
AT T IH—1LAL B R4 T MAE F1 RMSE 7E3EA AN
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SR UE MIC B33 6] A8 S 5 35 10 A5 R, S A 57
Xof FUAR R S . 43 3] LA 4R A 5 16 71 28 A4 AiF A% it
MZead MIC G 36 (1) 13 A 35 SRR AR 5 ok 455 75 4
AR UL S H0O1 R — AR 43 51 is 17 72
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22K 9 R PEM R PRE RS TIN5 FR

5.8

—— RS B AT
— FHEZRTE S
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Fig. 8 Prediction results before and after screening of

input feature variables
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Fig. 9  Prediction error before and after screening of

input feature variables

F5 (HIEBIETNE RN ERENIEITRE
Table 5 Evaluation indicator values and running time of
prediction results before and after screening

FRAE MAE RMSE R? BT/ s
i L I 0.017 39 0.021 72 0.971 17 151
i e 5 0.014959  0.018721  0.987 71 133

M 8 Bl 9 FnZk 5 ], RAE AR 28 0 i
Ja RIS B 3RS T T, ST R, 5
15 15 TR TR FOUI0 245 SR AH L, 8 5 L 1) MAE T &
T 13.98% ,RMSE T 7T 13.81%, R i/ T
1.70% iz A7l FFET 11.92% . HE A8 & 285
L f , POUDNAE I 2 s A8 /0N | e PR 3 ik . O 2 e
IRZEFEETEX Al ( =0. 05, 0.05) , 1M i 12 Rif 15 22 4
B £0. 05, N HIEHLAE ZEME £0.1; KA pH
AFALHS , BIGRU T {H 5 52 b {H filg 5 210 55 %% R
R B B[R] HG | 0 228 iy ot 4 B 45 ) I 25 L S
Mk, BRI S PR e, SC IR R B, D 4f £5 40 AR
R Z, B, HEEH, FHEITIR R, X
S RSN TUNRE FBE | BT LAAT R4 A 0 16 435 i A 1 —
FEFERE T LA b s /D1 R0 O 4% B 8 v A 28 T 0 A
& | BEARAR A B T ]

4.2.2 REVARA ;TN 45 R 6 vh

Ry B AR IR A A A5 e w e e A TR —
s 4E 0y 2Ll L, 2 0% BiGRU | LSTM il GRU
P2 AR WFGD R G802 pH 547 T
SRR L SCE A 10 BT, 45 AU A T R 22 a0
B LR . R ARBEIT S R A LA AR 3Rk, BB 300
JEANBE B —A™ B s g5, et 7 A, VR A AR Y
B I, HAN P FEARMEL AN 6 TR,

ME 10 & 11 ATLIE L 7E WEGD RS2
pH T AL 7Y rp | 24 pH AR 5 A A B, GRU Al
LSTM AU F i (ELAs 2 | R 21k 2y, LBl 5 B[] i 4r
KA FR#EH, B GRU H LSTM FU A 3% 3 i F
K, 1 BiGRU SUMME I s A K e s iR 2

58

5.6

54
o
(=%
52
5.0
0 200 800 1200 600 2000
WIRGEAEA )51

B 10 £ AERIT0 L -5 Sl

Fig. 10 Predicted and true values for each model

Mtk . www. stae. com. cn



B A5 TR

5542 Science Technology and Engineering 2025,25(13)
*F6 HEREIFTN LR L
Table 6 Comparison of prediction results of the models
BiGRU LSTM GRU
REA 25 H FL5¢ - v - v - evR——
RAds MO e mns CHFNE B ot T BBz
100 5.147 461 5.166 43 0.018 969 5.184 723 9 0.037 262 9 5.189 9352 0.042 474 2
400 5.118 621 5.097 01 -0.021 611 5.093 468 2 -0.025 1528 5.072 410 6 -0.046 210 4
700 5.349 335 5.329 58 -0.019 755 5.3199759 -0.029 359 1 5.314 964 5 -0.034 370 5
1 000 5.291 656 5.294 37 0.002 714 5.281 096 -0.010 56 5.265 517 2 -0.026 138 8
1 300 5.291 656 5.287 6444 -0.004 011 6 5.260 425 6 -0.031 2304 5.260 26 -0.031 396
1 600 5.538 391 5.538 793 1 0.000 402 1 5.527 33 -0.011 061 5.531 103 6 -0.007 287 4
1 900 5.624 908 5.621 95 -0.002 958 5.636 314 4 0.011 406 4 5.612 349 5 -0.012 558 5
MAE 0.013 904 0.015 790 0.018 520
RMSE 0.018 311 0.020 491 0.022 743
R? 0.988 71 0.971 29 0.959 15
0:2 XA BIGRU #5784 2 Je 0 [ {75 26 S B $5 408 1) 5%
e, LA LSTM A1 GRU #E AL — 204 iy 1 AU I 25
01 (ARG FE RIS e 1, B AT TR A AL
2 5 #ig
& (1) A KA - BRI R R G LR 2, 52
3 pH R AR Z , HARE 2, A 7E R B 420
—-0.1 N N v T / 2
JEMEIC R, R MIC ik B 13 ANRRAE(E, HUS
TEIFRER
025 200 800 1200 1600 2000 (2) 2T BIGRU LR A A1 I A7 -1 1 32 it B
WA 31 ARG pH WAL GRS K I Z LA 132 17 554 7]
B 11 & HRT 5 2% F ] B AH DG EK , IR 3 43 Afr A I S5, o s T30
Fig. 11 Prediction error for each model W pH, KT —H pH P25 1 B9 LAl

TEX[E] ( = 0.05,0.05) ; 4K pH LI 0#F T K
B, BiGRU N AR 5 5 PR 5 % BR B, HL3 i 5 @
AR RREE M GRU A1 LSTM #5585 E A I 5
SEBRE, BB SRR, LR GRU 8 1R =4
ZEfl £0.05, 552 £0. 1, % b = Rk 20 1 0 45
BiGRU 1) 00 (B EL A T8 oy 1) Ao Mk R B 2 e 34
PRBE S 1R 25/, B0 E T HL e B8040 42 4l A0 X 1]
6] P B AL FE AR 3

H 2% 6 AT LIS X FAT o] — RS A 7 N FEAR
SLTRME S5 B S 1Y 22 (E AR /NS [H], BiGRU (1)
RN, RA 400 NMEEAR SR ZE BT +0. 02,
4 —0.021 611; LSTM T i 7 4 kEA B 3
+0.02F 4 4,1t £0.03 F 2 4, I KiRzEN
0.037 262 9; k&F GRU Wil &5 5 it £0.02 F 5
A +£0.03 A 4 A4 id £0.04 A 2 4 KR
F4 -0.046 210 4 ,iX K] BiGRU T 25 R 4230
HAH, BiGRU BLAY -2 40 6525 4 0. 013 904
PIrARiRZE 4 0.018 311, 5 LSTM A kb, 4351 F K&
T 11.95% . 10.64% ; 5 GRU #H Ik, 209 F & T
24.92% .19.49% , BiGRU 7 fY R*k 0.988 71,
5 LSTM F1 GRU M b, 73 5l $& 55 1. 79% 3. 08%

(3)5 LSTM F1 GRU BEAIAH H , BIGRU #5714
S H1 4 Xof 1R 2 R MR R 25 35 BT RRARR , T R A
P S R hT iz AR T R XU AT
W T 45 S SR B A e T i AN AR e 1

& % x #t

Jlaapiy

Se TR, PN, AE. MM E T B RS AL TR Y
NHFERELT]. SRR, 2021, 27(2) ; 27-32.

Chai Jin, Qiao Jiafei, Sun Hao, et al. Progress in the application of

(1]

neural network algorithm in the optimization of desulfurization sys-
tem [ J]. Clean Coal Technology, 2021, 27(2) : 27-32.

Tang L, Qu J B, Mi Z F, et al. Substantial emission reductions
from Chinese power plants after the introduction of ultra-low emis-
sions standards [ J]. Nature Energy, 2019, 4(11) ; 929-938.
UL, Rk, FO. Hldse S BIALE U R S Reis 17 M A
PEHRRIREHT [J]. TR, 2023, 29(S2) : 406-414.

Kong Ruoqi, Cui Lin, Dong Yong. Application of machine learning
algorithm in intelligent operation and optimization of desulfurization
system[ J]. Clean Coal Technology, 2023, 29(S2) ; 406414.
FESEqt, FVENE, WR. FET kS o R AL TR B R A B
MAGKAFEN[T]. 3 TREH, 2019, 39(10) ; 834-839.
Kang Yingwei, Sun Zhibin, Chang Jun. Model identification of wet
flue gas desulfurization system based on improved differential evolu-

tionary algorithm [ J]. Journal of Power Engineering, 2019, 39

Mtk . www. stae. com. cn



2025,25(13)

B, A ST IR PR OT A AR R AT pH AR

5543

[5]

[8]

[10]

(1]

[12]

[13]

[14]

[15]

(10) : 834-839.

WRifs, BEMPut, YOEF, S5 IR B AR A HE R
PR SE R B ST (], 8 TR 24, 2017, 37 (11): 925-
930, 937.

Chen Hao, Luo Zhongyang, Jiang Jianping, et al. Experimental
study on the emission characteristics of particulate matter from wet
flue gas desulfurization in a power plant[ J]. Journal of Power Engi-
neering, 2017, 37(11) . 925930, 937.

Liu G F, Zhang Y, Shen D K, et al. Anticipatory NH; injection
control for SCR system based on the prediction of the inlet NO, con-
centration [ J ]. Journal of the Energy Institute, 2021, 94.
167-175.

i, ML, ARIpR. JE Tk BV A o) SR ) W IO pH
PESABE[)]. BmORS TR, 2021, 37(8) : 60-66.
Li Jiangiang, Yang Hong, Niu Chenglin. Research on soft measure-
ment technology of pH value in absorption tower based on improved
instant learning algorithm [ J]. Electric Power Science and Engi-
neering, 2021, 37(8) : 60-66.

LHXUE, ARARIT, AL, T BE 22 00 2% 1) 3L At A% 8 T 00 A
AR RIHL)]. LT kR, 2021, 40(3) : 1689-1698.

Ma Shuangchen, Lin Chenyu, Zhou Quan. Prediction model and
application of desulfurization system based on deep neural network
[J]. 2021, 40 (3):
1689-1698.

GFHER, G FET LSTM AR SR AR SR pH AL T].
R BHA LML %4, 2020, 39(8) : 62-66.

Jin Xiuzhang, Jing Hao. LSTM-based pH modeling of wet flue gas

Advances in Chemical Engineering,

desulfurization slurry[ J]. Information Technology and Network Se-
curity, 2020, 39(8) : 62-66.
Gupta U, Bhattacharjee V, Bishnu S. Stock Net-GRU based stock
index prediction [ J]. Expert Systems with Applications, 2022,
207 117986.
WM, B, TEEE, S BT GRS IO 2 R 2% (1 I
pH MBI AR EL [ J]. Bg AR5 TR, 2023, 23 (18):
7824-7830.
Hao Qing, Chi Tao, Yu Zhengjun, et al. Predictive modeling of
slurry pH based on gated recurrent unit neural network[ J]. Sci-
ence Technology and Engineering, 2023, 23(18) . 7824-7830.
Li W D, Gao H H, Cai W F. Scaling analysis and preventive
measures of limestone-gypsum wet flue gas desulfurization [ J].
Power Generation Technology, 2019, 40(1) ; 51-55.
WS, XEF, MROCHE, 55, MR BB R SR Y R R
AT BT MM [T]. TR, 2020, 39
(S1) . 242-249.
Cao Jianzong, Liu Qi, Chen Wentong, et al. Problems of typical
wet desulfurization systems and the application of artificial intelli-
gence in optimized operation[ J]. Progress in Chemical Engineer-
ing, 2020, 39(S1) : 242-249.
HRAG. RN pH AR BN R [ D], Jbat. dea
Tk R, 2022.
Dong Jiawei. Model predictive control of pH in wet flue gas desul-
furization[ D]. Beijing: Beijing Institute of Technology, 2022.
Cho K, Van Merriénboer B, Gulcehre C, et al. Learning phrase

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

representations using RNN encoder-decoder forstatistical machine
translation [ J]. ArXiv Preprint ArXiv, 2014 1406. 1078.
Wang D, Mao K. Multimodal object classification using bidirec-
tional gated recurrent unit networks[ C]//2018 IEEE Third Inter-
national Conference on Data Science in Cyberspace ( DSC).
Guangzhou: IEEE, 2018 685-690.

IS, ERF, 248, 4. TR IIPLH M CNN-GRU &
Jorea Jg g ger BN 5k L] M KR, 2019, 43 (12):
43704376.

Zhao Bing, Wang Zengping, Ji Weijia, et al. CNN-GRU short-
term power load forecasting method based on attention mechanism
[J]. Grid Technology, 2019, 43(12) . 43704376.

FRW, W, FREE, S XU TEIEIZ M4 1 S0,
HERCHE S B BE R [ ). R AR T, 2021, S0 (12):
3519-3523.

Jiang Xingming, Cao Shun’an, Wang Minjun, et al. SO, emission
concentration prediction modeling by two-way gated recurrent neu-
ral network[ J]. Applied Chemical Engineering, 2021, 50(12) ;
3519-3523.

Chung J, Gulcehre C, Cho K H, et al. Empirical evaluation of ga-
ted recurrent neural networks on sequence modeling[ J]. ArXiv
Preprint ArXiv, 2014 1412. 3555.

VPSEFF. JE TR S 6] 5 A AR ) [ 428 706 B 5 70 4 22 ) 4% 1) 1
JKISFRBUMBTTE[ D] 28585 . LIRS, 2023,

Xu Chongxuan. Research on seawater index prediction based on
phase space reconstruction and two-way gated recurrent unit neural
network[ D]. Qinhuangdao: Yanshan University, 2023.

WIFEW, BBk, & A orkggRk (1], T
SR, 2023, 59(3) ; 13-22.

Yang Hanyu, Zhao Xiaoyong, Wang Lei. A review of data
normalization methods [ J].
tions, 2023, 59(3) . 13-22.
I, FHIRLT. FET R <A CNN-BiGRU 9 SO, HEB Him
[J]. BFIHESA, 2023, 46(13) : 66-72.

Sun Kun, Yin Xiaohong. SO, emission prediction based on data
denoising and CNN-BiGRU [ J ].
Technology, 2023, 46(13) ; 66-72.
JBR A, VEIIEH, ThOr IR, A RET MIC B S 1) (] U R
AT B b iy B [J]. A T2 iz, 2021, 72 (3):
1480-1486.

Gu Junfa, Xu Mingyang, Ma Fangyuan, et al. MIC-based support

Computer Engineering and Applica-

Electronic  Measurement

vector regression and its application to chemical processes [ ]J].
Journal of Chemical Engineering, 2021, 72(3) . 1480-1486.
David N, Reshef Y A, Finucane H K, et al. Detecting novel asso-
cintionsin large data sets[ J]. Science, 2011, 334(6062) ; 1518-
1524.

S, BRI, THCKIIN LA -2 10 1 1 PR I AR AL 1 9 5 e
AR [J]. BB ARE TR, 2021, 21(29):
12616-12622.

Wu Lei, Kang Yingwei. Performance prediction of wet desulfuriza-
tion system based on long-short-term memory-back propagation cas-
cade model[ J]. Science Technology and Engineering, 2021, 21
(29) : 12616-12622.

Mtk . www. stae. com. cn





