$54% 511 #AHAE Vol54  No.l
2025 4F 11 f THERMAL POWER GENERATION Nov. 2025

DOI:10.19666/j.r1fd.202502032

AT 4% 3B &K LSTM 4 4& M % 6
Katua SCR Mz A o B £ 4

x &Y OB o4l Hk—egl % F23 FH O FL KOK!
(LERW LiEsFAage s, L& 201700;
2. bisd Kk ash TSR, s 200090;
I LETess AHNERKELERE, EE  20009)

i B A ATE G AL T R TN AT R K (SCR) BLAK R R % o NO« i 2 KA A
BB R, 3k T — AP 030 AR R (EGWO) B k42rtitie (LSTM) 4
ZRGBH RSB, Hh, AT EZmoo4 (PCA) R4 IEHITRIZE Rix, %
MMNTE B, KRG, #H EGWO £k LSTM AP 2 M 948 5k, R, HHAT
214 EGWO-LSTM A& A ag#ir N, 7N tE 0 NOx i &K .. VAR M 3EAZA 1% 1000 MW
KA R, 45 B R R, AR IR Z 156 @ R IR, ) HARIEEBE% LSTM
A T4 50.36%), %% BP LA T & 76.14%, A P34t a bk £104 1.01%. EGWO
a3t F GWO Hisk £ R AR A9 KRS RV, LBAK P 360008 .

[% % 7] SCRABLA AR Z; FMAEAR; NOx; LSTM: T yo#7: 358 kIR H ik

[BIAARNER] &4, M, s—B, F. LA FHEEAIBAKL LSTM #42 R 269 K L AL SCR BLAKR L B EE[)]. #H K
%, 2025, 54(11): 136-141. WU Lei, GU Hua, YAO Yiming, et al. Modeling of SCR denitrification reactor for thermal power units
based on improved grey wolf optimization LSTM network[J]. Thermal Power Generation, 2025, 54(11): 136-141.

Modeling of SCR denitrification reactor for thermal power units based on
improved grey wolf optimization LSTM network

WU Lei!, GU Hual, YAO Yiming!, ZHANG Jun?3, SU Jun!, CHEN Yi!

(1.State Grid Shanghai Qingpu Electric Power Supply Company, Shanghai 201700, China;
2.School of Automation Engineering, Shanghai University of Electric Power, Shanghai 200090, China;
3.Shanghai Key Laboratory of Power Station Automation Technology, Shanghai 200090, China)

Abstract: A hybrid prediction model combining enhanced grey wolf optimization algorithm (EGWO) and long
short-term memory (LSTM) neural network is proposed to address the problem of low accuracy in predicting the
mass concentration of NOy at the outlet of selective catalytic reduction (SCR) denitrification reactors using
conventional mechanism modeling methods. Firstly, based on principal component analysis (PCA), the raw data is
processed and filtered to achieve dimensionality reduction of input variables. Then, the EGWO is used to optimize
the hyperparameters of LSTM. Finally, the input variables are used as inputs for the EGWO-LSTM model to predict
the mass concentration of NOy at the outlet. Taking a 1 000 MW ultra supercritical thermal power unit in China as
an example, simulation results show that the proposed model performs the best in error control, with root mean
square error reduces by 50.36% compared to the conventional LSTM model, and by 76.14% compared to the BP
model, and the mean absolute percentage error of the model is only 1.01%. The EGWO has fewer iterations and
higher convergence accuracy compared to the GWO when converging to the optimal solution.
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Fig.1 Structure diagram of the LSTM neural network
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Tab.2 Performance comparison of different models

feit) Srmse/(mg m3) Swape/% U”%ﬁ%sﬂ
PCA-LSTM2 1.37 2.03 429.85
PCA-GWO-LSTM2 112 1.65 267.73
PCA-EGWO-LSTM2 0.68 1.01 189.06
PCA-LSSVM 2.38 3.52 596.70
PCA-BP 2.85 421 837.65
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Fig.4 Changes in the fitness of each model




5 11 3 R F S FET IR AR LSTM M2 2% () K HALAL SCR LA S 2 i 6L 141

54 g

1) SCR JBAH R N #He T 4, HLER B L
FEUETIH 1 NOx i, 4 PCA-EGWO-
LSTM TSR, ) FH S bt 07 B 90 E A 2 (1 A
Rk

2) I PCA BIEFER THA N &, it
BT T RG B, e T ARE ). MR T
GWO, EGWO & LSTM Rt EMIISHAE. &
SCHT BRI 3 U7 R R 22 FRE(K &2 0.68 mg/m®, P
40 7 iR 248 1.01%.

3) FIHZENAS AR LMk AT Bl S R 7 AL S
Fug A EGWO Hi%, 115 EGWO Hikik S m Ak
fil iy BRI ECE D>, HARFIRE I R, 1k
THPE T, YSCSORS B

(& % 3 #]

(1] S, frmde, oKk, & BB RIAMER
K AL 2 B R FL[I]. B D, 2021, 54(11):
199-205.

CHAI Youguo, HE Xiaoyan, SU Yongjian, et al.
Economic study on peak shaving of thermal power units
considering safety, environmental protection, and
compensation[J]. Electric Power, 2021, 54(11): 199-205.

(2] ¥PIL, FEdefh. B TREHUARMA KL SCR LA &

M), 37 TAEE3K, 2020, 40(6): 486-491.
XU Zhuang, KANG Yingwei. Modeling of SCR
denitrification reactor for thermal power units based on
random forest[J]. Journal of Power Engineering, 2020,
40(6): 486-491.

(3] GKILER, MM, EB, 55 Hlase2I7E KT NOKR
He R 2RI [J]. #4T7k H, 2023, 52(1): 7-17.
ZHANG Longhui, LIN Dehai, WANG Ying, et al.
Overview of the application of machine learning in NOx
reduction in thermal power plants[J]. Thermal Power
Generation, 2023, 52(1): 7-17.

(4] SKBEE, MISCH, PRISRE, 5. FT /N XA PCA-

ANFIS ] SCR Jitfif R Gt @[], #4717k ", 2021,
50(6): 114-120.
ZHANG Xiaowen, XIANG Wenguo, CHEN Shiyi, et al.
Modeling of SCR denitrification system based on wavelet
denoising and PCA-AFIS[J]. Thermal Power Generation,
2021, 50(6): 114-120.

(5] #RIAE, 324N, Bl 5. SCR RMEANOSHY

SR i JEE T g 2 B R ST ELAE 3], FRER AR 2R,
2023, 17(11): 3721-3729.
XU Yuanyuan, GONG Dehong, DENG Chuanji, et al. The
interaction between SCR reactor inlet parameters and
reaction temperature on denitrification performance[J].
Journal of Environmental Engineering, 2023, 17(11):
3721-3729.

[6] AN B, TANG M, QIU J, et al. Dynamic NOx prediction
model for SCR denitrification outlet of coal-fired power
plants based on hybrid data-driven and model
ensemble[J]. Industrial & Engineering Chemistry
Research, 2023, 62(36): 14286-14299.

[7] JUNJIE K, YUGUANG N, BO H, et al. Dynamic

http://rlfd.cbpt.cnki.net

modeling of SCR denitration systems in coal-fired power
plants based on a bi-directional long short-term memory
method[J]. Process Safety and Environmental Protection,
2021, 148(1): 867-878.

(8] Z5¢, sgthh, R, 55, WIMRERIAZ Fig N IRIEENL
ZH SCR 2 J¥ s A\ 1 NOx 5t I FE TR A Y [I]. #40k
H, 2024, 53(7): 119-128.

LI Ying, ZHUO Jiankun, WU Yifan, et al. Explainable
predictive model for NOx mass concentration at the inlet
of SCR reactor in coal-fired power units under variable
load[J]. Thermal Power Generation, 2024, 53(7): 119-128.

(9] Bhifh, 2480, 5T GWO-LSTM [12ipl NOx HE
M), 22 R 3L, 2024(3): 80-87.

LU Biwei, LI Jiehui. Prediction of NOx emissions from
diesel engines based on GWO-LSTM[J]. Automotive
Engines, 2024(3): 80-87.

[10] F¥h, ZFHE, KNS, 55 ST IR 7 Hr AHR R

S SIHLHI R o ) A PRI []. R DI 5 AR 2 24,
2018, 32(1): 188-193.
DONG Hao, LI Mingxing, ZHANG Shugqing, et al. Short
term power load forecasting based on kernel principal
component analysis and extreme learning machine[J].
Journal of Electronic Measurement and Instrumentation,
2018, 32(1): 188-193.

(101 WARH, #9%, B, 55 KA HLA Bt R pR s HE = 42 4T

FRAESE I B L e A HE(E i 2 [3]. [ L R 2R,
2021, 41(34 T 1): 210-220.
HU Yang, YANG Ze, FANG Fang, et al. High dimensional
operation feature extraction and optimal benchmark value
determination for carbon emission reduction in power
supply of thermal power units[J]. Proceedings of CSEE,
2021, 41(Suppl.1): 210-220.

[12] HOCHREITER S J, UUM L, SCHMIDHUBER R. Long
short-term memory[J]. Neural Computation, 1997, 9(8):
1735.

[13] Ré, M. HT obh TR KA L 12 4

WA 2% 1) LBt 3R 42 SOz TN [I]. A1k |, 2021,
50(12): 66-73.
WU Lei, KANG Yingwei. SOz prediction model for
desulfurization system based on improved particle swarm
optimization long short-term memory neural network[J].
Thermal Power Generation, 2021, 50(12): 66-73.

[14] MIRJALILI S, MIRJALILI S M, LEWIS A. Grey wolf
optimizer[J]. Advance in Engineering Software, 2014, 69:
46-61.

[15] 81, ik, Hi&, & BETRRMEIAFEBZHLH

TR GRS GE 4 S B AR it [3]. M R, 2017,
41(9): 2987-2995.
ZUO Jian, ZHANG Chengwen, XIAO Yi, et al. Optimal
design of stabilizer parameters for multi machine power
systems based on grey wolf optimization algorithm[J].
Grid Technology, 2017, 41(9): 2987-2995.

[16] o P, T, B, T RREEEM MGWO-

LSTM KIZE pH E ML), %% T2, 2024, 31(12):
2140-2148.
TONG Weiguo, GUO Chaoyu, ZHAO Ruyi. Prediction of
pH value of slurry based on variable selection and
MGWO-LSTM[J]. Control Engineering, 2024, 31(12):
2140-2148.

(TUfEgmiE AL )




