%38 B 6 M # fie 3l i T i Vol. 38,No. 6
2023 46 A JOURNAL OF ENGINEERING FOR THERMAL ENERGY AND POWER Jun. ,2023

S 1001 —2060(2023)06 —0116 — 06

ETHRERRHFEZNBEARREENSIIN

FhooOBL, E LR Rk
(1. EHAT 25 Bo 588 TESE Sk S4k 132002, 2. R4 /1 A2 B3 TRSE . £ 4 4 132012)

it
B

B E LAY AR LA R R KRG A M A MRS S P ML — BERL SRR R LAY )AL 3R
h—H KT 8 & B4R I+ I % (Adaptive Boosting, Adaboost) e 4% FR 4% B #2 7+ (eXtreme Gradient Boosting, XGBoost ) 9
ALy ZAET ik, AR E S WA BB AT R AT, 183T XGBoost  ZFAMALR FHAAEABF I E, 4
it Adaboost £k 89 R B % AX, | Bt A% £ 3 245 5E (Error Dynamic Correction, EDC) #) 3 th —FF B 34 KA 8 B 31 A4
FEIRFHAEA | 25 R RN LA SR 09K IR 45 4R 39 7 AR 32 £ (Root Mean Square Error, RMSE) #= - 35 %, 2t 3% 2
(Mean Absolute Error, MAE) %% % 1.733 42 1.387 , 5 % #L#9 L F & =13 M ALA M Z XCBoost A 4818 £ I F.

X8R HRIRIRE  RRE LR AR S O s Adaboost ; IR ZEE TE
HE 525 TP181 SCERFRIRAG A DOI:10. 16146/j. enki. rmdlge. 2023. 06. 013
[SIRAZAERX A B, 2230, W Rk S FEARIK S AE ) PR R B g TN [ 1] #A683)J) T ,2023,38(6) :116 - 121.

SUN Yue,JIANG Wen-juan,CAO Yu-bo. Dynamic prediction for reheat steam temperature based on data-driven algorithms[ J]. Journal of

Engineering for Thermal Energy and Power,2023,38(6) :116 - 121.

Dynamic Prediction for Reheat Steam Temperature based
on Data-driven Algorithms

SUN Yue',JIANG Wen-juan®, CAO Yu-bo'

(1. College of Information and Control Engineering, Jilin Institute of Chemical Technology,Jilin, China,Post Code ;132022 ;
2. School of Automation Engineering,Northeast Electric Power University, Jilin, China, Post Code ;132012)

Abstract: The boiler reheat steam temperature has high nonlinearity and great hysteresis characteristics.
In order to improve the prediction precision of conventional single model in soft measurement, a data-
driven modeling method based on adaptive boosting ( Adaboost) and eXtreme Gradient Boosting ( XG-
Boost) was proposed. The variational mode decomposition ( VMD) was utilized to analyze the relevant
data deeply, and then, XGBoost was used to build a prediction model as weak learner, based on which a
dynamic data-driven model of reheat steam temperature was constructed with error dynamic correction
(EDC) after continuous iteration of Adaboost algorithm. The results show that the final root mean square
error (RMSE) and mean absolute error (MAE) values as the precision indicators of the model are 1.733
and 1.387 respectively, compared with conventional support vector regression (SVR), random forests
(RF) and XGBoost models, indicating an improved performance. Thus, the proposed model can realize
a rapid and precise prediction of reheat steam temperature, and provide an effective reference for the sub-
sequent control and optimization of reheat steam temperature.
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Fig. 1 Production process chart of power plant
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feature selection algorithm
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Fig. 5 Prediction results of reheat steam temperature

in test dataset
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and after error correction

BRIEELD

RMSE

VMD-XGB-Adaboost DDHM

1.981 1.733

MAE 1.582 1.387

R? 0.803 0.829

544
542
540 .
538 F\/"
536
534
532
530

28075 10 15 20 25 30 35 40

HAFS

FRIRIR/C

E7 BHRREMXEHRNER
Fig. 7 Prediction results of reheat steam temperature

in test dataset
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