5540 BH 4 #H fiE )| il T i Vol. 40, No. 4
2025 -4 A JOURNAL OF ENGINEERING FOR THERMAL ENERGY AND POWER Apr. ,2025

O e s S S

H 2 H
t #oR T A& ¢ LS 1001 -2060(2025)04 ~0115 - 10

ET TCAN EEEREBEPNBEHAXREBEEMNTHAR

o Ik
(B A T R A IRFTEAE L LT 332504)

it
it

OE. KU KR TR A EAT A RRARE (SST) A8 2 MR T £ 32K A A AT SST x4
HRRRAAEXRTE, PR T SR T k09 SST FUMAEAL & ot 8] K ARAY 2 W 24 (TCN) 44 3k 7k
LB NEFE S HUH (Attention TCN, TCAN) , #2712 SST % 0 B HBEF AL RIAL ), SR B FEY RMEHF X
29 R FIN TCAN A 69 HBIR S BEA Bk B P | AR BABAZ AR S, B SST KA T2 ey dh sk 214 A
FREXYGREHININ LR L B AL RSB T RAE ERH G WILAFIE, ABEPTRF R LMME L F b))
KB KGEE R AT R BATHBRT T EMNRK, ZREAN . ERRMNKE T, A bty AR fo AR IR SHAL AL |
K TFH MK JBRASBEA 093 7 ARIR £ RMSE F34 51K 22. 4% F» 43. 8% , T ¥ 2637 £ MAE -+ ¥ 51K 24. 6%
F258.9% , kX FH R TFHRIT.3% F2 12. 1% 5 RAFER 69 FUM 2R RALE A 8 R M M 55 Br2kvf B2 649 3) 5 4%
MARBFHE -5,

X 8 W) ERE S ISR LS EIEVRIRE TR R T

FE 4 £ S . TP183 CHERFRIRAD . A DOI:10. 16146/j. enki. rdlge. 2025. 04. 013

[SIAASERIBE 4R BT TCAN A A 1Y J i ik P ZE PRI BE U A 5T [ ], #ARE 3 J) T2 ,2025,40 (4) : 115 - 124. YAO
Zhen. Prediction of superheated steam temperature in thermal power plant based on TCAN hybrid model[ J]. Journal of Engineering for Ther-

mal Energy and Power,2025,40(4) ;115 - 124.

Prediction of Superheated Steam Temperature in Thermal
Power Plant based on TCAN Hybrid Model
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Abstract; The large-scale variable load operation of thermal power units poses a severe challenge to the
stability of superheated steam temperature (SST). Accurate and effective prediction of SST plays an im-
portant role in the control of superheated system. In this paper, a SST prediction model based on multiva-
riate time series integration method was proposed. Attention TCN ( TCAN) was introduced on the basis of
time convolution neural network (TCN) to improve the feature extraction ability of SST multivariate time
series data. Then, energy conservation constraints were introduced into the data-driven model loss func-
tion of TCAN architecture as equality constraints to enhance the generalization ability of the model. The
physical relationship between SST and water jet flow was introduced into the above loss function as an ine-
quality constraints, so that the hybrid model can characterize the correct physical characteristics. In order
to verify the superiority of the proposed method, the simulation verification was carried out based on the
operation data of large-scale load changes collected by thermal power plants. The comparison results show
that in different test datasets, compared with the physical model and the data-driven model, the root

mean square errors ( RMSE) of the hybrid model based on the physical loss function are reduced by
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22.4% and 43.8% on average, mean absolute errors (MAE) are reduced by 24.6% and 58.9% on av-

erage and determination coefficients R* are increased by 7.3% and 12. 1% on average. The prediction

effect of the hybrid model is not only universal, but also scientifically consistent with the dynamic charac-

teristics of step response.

Key words: thermal power plant, attention mechanism, time convolution neural network, main steam

temperature, hybrid modeling, prediction
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Fig. 1 Process diagram of boiler unit
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