$53% 41 #HE R Vol.53  No.l
2024 4F 1 1 THERMAL POWER GENERATION Jan. 2024

DOI:10.19666/j.r1fd.202305076

AT okt I H ok K AL G K4 At e 1L
A0 & 4 4 K A8 4 IR TR

E OB EBELL g #2, # F1
(LkiVRIKFRREsH) ISR, Ad KV 410114;
2.k a B A RN S]], #dm K 410006)

i B R —AE TR (MGWO) H ks Kksartitle (BILSTM) A4 R 2 69 K 4
RERERFAMAEA, RRHAERRAIEXERFHAEES, AEREE RH R R SR TS
PR R BT R AR R 0 & B FR AL A, AR B ROR LSRR BILSTM A2 A 64 2 8,
BT, FARENKARARSER G TN E, KB EE ) 93BT
B, ZREAY: AR ENHEMMNAEE RS, AMNAF. KRR, ¥ AR E R0 T
A B KAV -F 393 Ty AR £ Ak T K4a etz (LSTM) AP M2, BILSTM A2 A4 51
MAK T 9.86%F= 3.69%, LT YAFRATHIM] 2| KA BE BE IR 69 AZRF L, TG KA BAZRA
FT25 Lo

[X % A KA, BEHN,; ReKEHILICAYZ MG, K aREk, AER{EE P

(BIAAXHRR] A%, B&%, B, F. A TSGR FHRAIE REITTICiP 2 R 50y KA B BRFAM[I]. KA K
%, 2024, 53(1): 188-196.  ZHAN Yi, FENG Leihua, YANG Feng, et al. Prediction of water wall temperature based on improved
grey wolf optimizer and bidirectional long and short term memory network[J]. Thermal Power Generation, 2024, 53(1): 188-196.

Prediction of water wall temperature based on improved grey wolf optimizer
and bidirectional long and short term memory network

ZHAN Yi!, FENG Leihual, YANG Feng?, ZHONG Xin!

(1.School of Energy and Power Engineering, Changsha University of Science and Technology, Changsha 410114, China;
2.HNAC Technology Co., Ltd., Changsha 410006, China)

Abstract: An improved grey wolf optimizer (MGWO) is used to optimize BIiLSTM to predict water wall
temperature. The improved algorithm adopts nonlinear factor adjustment strategy, adaptive position update strategy
and dynamic weight modification strategy to improve the global optimization ability of the GWO. The improved
grey wolf optimizer is used to optimize the number of hidden layers, learning rate and regularization parameters of
the BiLSTM model to improve the prediction accuracy of the model. The data of a power plant in Xinjiang are used
for prediction simulation. The results show that, the improved optimizer has higher prediction accuracy, and can
predict the change trend of wall temperature when the unit is lifting and lowering load. Compared with the LSTM
and BiLSTM models, the average root mean square error of the model reduces by 9.86% and 3.69%, respectively,
and the overtemperature of water wall temperature can be predicted in advance, which is of great significance for
the prevention of overtemperature of water wall.

Key words: water wall; prediction of wall temperature; bidirectional long and short term memory neural network;
improved grey wolf optimizer; adaptive location updates
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Fig.2 Function optimization convergence curves
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Tab.4 The effect of the number of input parameters on the
predictive model

MNSEA KL ORMSE
6 8.681 4
8 8.524 9
9 8.2995
10 77714
11 8.450 6
12 8.764 0
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Tab.5 Optimization parameters of the improved grey
wolf algorithm
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Tab.6 Comparison of prediction performance of different predictive models
Hm Srvse/ C omae/C Ovare/%
Lt N R - .
RS Mk 5 s Mk 5 IR kg
LST™M 8.851 1 9.836 1 5598 9 7.7446 1.43 2.05
BiLSTM 8.8615 9.205 3 5.505 6 6.635 4 1.4 1.76
MGWO-BIiLSTM 6.4222 8.865 9 40176 6.197 2 1.02 1.62
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Tab.7 The model prediction performance when load is down

LA Srmsel C Sael C Sare/%
LSTM 9.892 8 7.8854 213
BiLSTM 9.602 8 7.5354 2.03
MGWO-BILSTM 6.206 2 43797 118

F 8 12 7E Sy T AR B TN 4 B
Tab.8 The model prediction performance when
the load is stable

reit) Srmse/ C omae/ C Sape/%
LSTM 34156 2.8410 0.69
BiLSTM 2.2635 19109 0.46
MGWO-BIiLSTM 1.7130 1.404 8 0.34

F 9 F AR S TN 1 e
Tab.9 The model prediction performance when load raises

reit) Srmsel C omae/C Sare/%
LSTM 44392 34984 0.87
BiLSTM 43520 3.3432 0.83
MGWO-BILSTM 3.456 0 24043 0.60
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